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Abstract

Climate change is one of the most pressing issues of our time, requiring the
rapid mobilization of many tools and approaches from across society. Machine
learning has been proposed as one such tool, with the potential to supplement
and strengthen existing climate change efforts. In this thesis, we provide several
directions for the principled design and use of machine-learning-based methods
(with a particular focus on deep learning) to address climate-relevant problems
in the electric power sector.

In the first part of this thesis, we present statistical and optimization-based
approaches to estimate critical quantities on power grids. Specifically, we employ
regression-based tools to assess the climate- and health-related emissions factors
that are used to evaluate power system interventions. We also propose a matrix
completion-based method for estimating voltages on power distribution systems,
to enable the integration of distributed solar power.

Motivated by insights from this work, in the second part of this thesis, we
focus on the design of deep learning methods that explicitly capture the physics,
hard constraints, and domain knowledge relevant to the settings in which they
are employed. In particular, we leverage the toolkit of implicit layers in deep
learning to design forecasting methods that are cognizant of the downstream
(stochastic) decision-making processes for which a model’s outputs will be used.
We additionally design fast, feasibility-preserving neural approximators for
optimization problems with hard constraints, as well as deep learning-based
controllers that provably enforce the stability criteria or operational constraints
associated with the systems in which they are deployed. These methods are
directly applicable to problems in electric power systems, as well as being more
broadly relevant for other physical and safety-critical domains.

While part two demonstrates how power systems can yield fruitful directions
for deep learning research, in the last part of this thesis, we demonstrate vice
versa how insights from deep learning can yield fruitful directions for research
in power systems. Specifically, we show how methods inspired by the implicit
layers literature can be used to assess policy-relevant inverse problems on the
power grid. We further show how combining insights from implicit layers and
adversarially robust deep learning can allow us to provide scalable heuristic
solutions to two central problems in power systems — N-k security-constrained
optimal power flow and stochastic optimal power flow — that have seldom been
addressed at realistic scale due to their computational intractability.

Overall, this thesis demonstrates how bridging insights from deep learning
and electric power systems can help significantly advance methods in both fields,
in addition to addressing high-impact problems of relevance to climate action.
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Chapter

Introduction

Addressing climate change will require deep cuts in greenhouse gas emissions over the next
several decades, as well as concerted e orts to adapt to those impacts of climate change
that society will face [IPC18; IPC22a]. Electric power systems will play a key role on
both of these fronts. In particular, the electric power sector currently contributes about a
quarter of global greenhouse gas emissions, necessitating a transition to renewable and low-
carbon power; low-carbon power systems are further critical for decarbonization strategies
in other sectors that aim to \electrify" fossil-fueled loads (such as passenger vehicles)
[[PC22b]. As climate change induces greater weather extremes, it will also be necessary
to increase the robustness, resilience, and reliability of power grids in the face of these
extremes [Natl7; RF+21]. In practice, all of these developments require power grids to be
operated at increasing speed and scale { for instance, to manage the time-varying nature
of renewable energy sources such as solar and wind, or to explicitly account for di erent
power system failure scenarios. As classical techniques have begun struggling to cope with
these requirements, many in the electric power sector have started to look towards areas
such as machine learning (ML) to provide more modern tools for forecasting, estimation,
optimization, and control [Rol+22; PAW14; Ram+12].

While there are many power sector applications for which ML can readily be used today,
there are also several key challenges that preclude its use in many work ows. For instance,
most ML methods struggle to enforce the physics or hard constraints associated with the
systems in which they operate; however, in the context of electric power systems, failure to
do so can lead to increased costs or even large-scale blackouts. As a result, the development
of hybridized techniques that bridge machine learning with relevant physics and domain
knowledge [Wil+20] will be critical to furthering work in this area. Even in cases where ML
methods themselves may not be best-suited for a particular problem, methodological insights
from machine learning also may serve to strengthen traditional power systems analysis. For
instance, a recent body of work in deep learning has focused on the scalable computation of
implicit gradients [KDJ20], with insights that may prove particularly bene cial for power
systems work ows relying on iterative optimization techniques.

In this thesis, we demonstrate how challenges in the electric power sector can provide
interesting methodological directions for ML, with a speci ¢ focus on deep learning. We
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also show, vice versa, how methodological insights from deep learning can strengthen power
systems research. In both cases, we show how such work can further e orts to decarbonize
and strengthen electric power systems, in support of societal climate change goals.

1.1 Contributions

1.1.1 Part I: Estimation tasks in power systems

In Part | of this thesis, we present two estimation-related analyses in power systems. While
these analyses do not directly employ ML techniques, this work motivates our design of
ML methods in later parts of the thesis { notably, by providing insights on relevant physics,
hard constraints, and domain knowledge that are important to incorporate within ML-
based work ows. Our contributions in this part of the thesis are as follows:

" Chapter 3 assesses the salience of di erent key assumptions that are made when
estimating a power grid's emissions factors and using them to evaluate potential power
system interventions in the PJM Interconnection. We nd that assumptions regarding
marginal vs. average emissions factors and the time-frame of analysis are particularly
signi cant. Based on this analysis, we recommend that energy modelers and decision-
makers carefully consider the assumptions employed within their estimates, and
that decision-makers work to improve the availability of relevant data behind these
estimates. This analysis also exempli es the importance of evaluating the quality of
estimates through the lens of thalecisionsfor which they will be employed, rather
than only via standard accuracy-related metrics (as further explored in Chapter 5).

Chapter 4 presents a novel method to estimate unknown voltages on electric power
distribution systems under low-observability conditions, in order to facilitate the
integration of distributed energy resources (such as rooftop solar) on these systems.
Our method, based on constrained matrix completion, achieves near-perfect voltage
estimation performance across many low-observability regimes where standard least-
squares-based methods cannot operate. This method demonstrates the e cacy of
incorporating physical and structural information within standard statistical methods
(as also explored in Chapters 6{8), and has potential implications for decisions
regarding where and how many sensors should be installed on distribution systems.

1.1.2 Part Il: Optimization-in-the-loop deep learning

In Part |l of this thesis, we present novel deep learning-based methods that are able to
satisfy the physics, hard constraints, and domain requirements associated with the settings
in which they operate. In particular, we formulate these physics, hard constraints, and
domain requirements as optimization problems, and leverage the toolkit of optimization
layers to embed them within the design of deep learning methods. We call this paradigm
\optimization-in-the-loop deep learning,” and employ it in the contexts of forecasting,
optimization, and control. We note that this paradigm is fundamentally interdisciplinary,
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requiring collaboration between (e.g.) deep learning researchers and domain experts. Our
contributions in this part of the thesis are as follows:

" Chapter 5 provides an approach for designing probabilistic forecasting models that
are well-tuned for the decision-making processes that employ them. Speci cally, we
propose methods to encode knowledge of the decision-making process within the loss
function of a neural network, using di erentiable optimization. This can improve end-
to-end performance in the real-world systems in which the resultant forecasts are used.
We present three experimental evaluations of the proposed approach { a classical
inventory stock problem, a real-world electrical grid scheduling task, and a real-world
energy storage arbitrage task { and show that the proposed approach outperforms
both traditional modeling and purely black-box policy optimization approaches.

Chapter 6 presents an approach to construct fast, feasibility-preserving approximators
for continuous optimization problems, combining insights from deep learning and
optimization. This includes optimal power ow problems in power grids, which

are generally slow to solve, but must be run at increasingly short timescales to
accommodate time-varying renewable energy. We show the e cacy of this approach for
both synthetic optimization tasks and the setting of AC optimal power ow, showing

that our method can achieve near-optimal objective values while preserving feasibility.

Chapters 7 and 8 provide frameworks for constructing nonlinear control policies,
parameterized by neural networks, that nonetheless enforce enforce hard constraints
associated with the systems in which they operate. In Chapter 7, we show how to
construct deep reinforcement learning-based controllers witirovablecontrol-theoretic
stability guarantees, and demonstrate on a range of synthetic tasks that such controllers
improve performance over traditional robust control techniques while retaining similar
guarantees. In Chapter 8, we employ similar frameworks within the context of two
realistic energy optimization tasks, namely grid inverter control and energy-e cient
building heating and cooling, and show that our methods are able to maintain
important operational constraints while improving performance over existing methods.

1.1.3 Part Ill: Implicit di erentiation in power systems

While the previous part demonstrates how power systems can yield fruitful directions for
deep learning, in Part Ill, we show how insights from deep learning work ows can similarly
yield insights for traditional power systems research. In particular, we show how combining
insights from the literature on implicit layers, adversarially robust deep learning, and
electrical engineering can provide novel and scalable approaches to address important power
system optimization problems. Our contributions in this part of the thesis are as follows:

" Chapter 9 presents an implicit di erentiation-based method to conduct data vulnerabil-
ity assessments on the electric power grid. In particular, we formulate an inverse prob-
lem called \inverse optimal power ow" that relates publicly-available data to privately-
held data; we then use fast implicit di erentiation techniques to optimize this problem,
and assess the extent to which privately-held data may be exposed. We nd via ex-
periments on synthetic systems that private electricity generation costs and (to some
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extent) grid structural parameters may be exposed, with the aim of providing this in-
put to decision-makers to inform robust market design and cybersecurity assessments.

Chapter 10 presents a scalable approach to addressing stochastic optimal power ow
and N-k security-constrained optimal power ow, two optimization problems that are
particularly important for the integration of time-varying renewables and for the robust
operation of power grids in the face of correlated failures due to climate extremes. We
demonstrate the e cacy of this approach on realistic-scale (5,000- and 10,000-bus)
systems, which have previously seldom been addressed due to high computational costs.

1.2 Summary of publications

The content of Part | appears in:

Priya L. Donti, J. Zico Kolter, and Inés Lima Azevedo. \How Much Are
We Saving After All? Characterizing the E ects of Commonly Varying
Assumptions on Emissions and Damage Estimates in PIMEnvironmental
Science & Technologys3.16 (2019), 9905{9914.

Priya L. Donti, Yajing Liu, Andreas J. Schmitt, Andrey Bernstein, Rui Yang,
and Yingchen Zhang. \Matrix Completion for Low-Observability VVoltage
Estimation.” IEEE Transactions on Smart Grid 11.3 (2019), 2520{2530.

The content of Part || appears in:

Priya L. Donti, Brandon Amos, and J. Zico Kolter. \Task-based End-to-End
Model Learning in Stochastic Optimization."” Advances in Neural Information
Processing Systems2017, 5490{5500.

Priya L. Donti , David Rolnick , and J. Zico Kolter. \DC3: A Learning
Method for Optimization with Hard Constraints." International Conference
on Learning Representations2021.

Priya L. Donti, Melrose Roderick, Mahyar Fazlyab, and J. Zico Kolter.
\Enforcing Robust Control Guarantees within Neural Network Policies."
International Conference on Learning Representations2021.

Bingqging Chen, Priya L. Donti , Kyri Baker, J. Zico Kolter, and Mario

Berges. \Enforcing Policy Feasibility Constraints through Di erentiable

Projection for Energy Optimization." Proceedings of the Twelfth ACM
International Conference on Future Energy System<021, 199{210.

The content of Part Il appears in:



Priya L. Donti, Inés Lima Azevedo, and J. Zico Kolter. \Inverse Optimal
Power Flow: Assessing the Vulnerability of Power Grid Data.”" NeurlPS
Workshop on Al for Social Good(2018).

Priya L. Donti , Aayushya Agarwal, Neeraj Vijay Bedmutha, Larry Pileggi,
and J. Zico Kolter. \Adversarially Robust Learning for Security-Constrained
Optimal Power Flow." Advances in Neural Information Processing Systems
34 (2021), 28677{28689.

Aayushya Agarwal, Priya L. Donti, J. Zico Kolter, and Larry Pileggi. \Em-
ploying Adversarial Robustness Techniques for Large-Scale Stochastic Opti-
mal Power Flow." Power Systems Computation Conferenad@022).

The following publications from my Ph.D. provide overviews on topics at the intersection

of climate change and ML, and do not explicitly appear in the remainder of this thesis:

David Rolnick, Priya L. Donti, Lynn H. Kaack, Kelly Kochanski, Alexan-
dre Lacoste, Kris Sankaran, Andrew Slavin Ross, Nikola Milojevic-Dupont,
Natasha Jaques, Anna Waldman-Brown, Alexandra Sasha Luccioni, Tegan
Maharaj, Evan D. Sherwin, S. Karthik Mukkavilli, Konrad P. Kording, Carla

P. Gomes, Andrew Y. Ng, Demis Hassabis, John C. Platt, Felix Creutzig,
Jennifer Chayes, and Yoshua Bengio. \Tackling Climate Change with Ma-
chine Learning." ACM Computing Surveys55.2 (Feb. 2022, preprint 2019).

Priya L. Donti and J. Zico Kolter. \Machine Learning for Sustainable Energy
Systems.” Annual Review of Environment and Resource46 (2021), 719{747.

Peter Clutton-Brock , David Rolnick , Priya L. Donti , Lynn H. Kaack ,
Tegan Maharaj, Alexandra Sasha Luccioni, Hari Prasanna Das, Cyrus Hodes,
Virginia Dignum, Marta Kwiatkowska, Raja Chatila, and Nicolas Miailhe.
Climate Change and Al: Recommendations for Government ActionTech.
rep. Global Partnership on Al, 2021.

Lynn H. Kaack, Priya L. Donti, Emma Strubell, George Kamiya, Felix
Creutzig, and David Rolnick. \Aligning Arti cial Intelligence with Climate
Change Mitigation." Nature Climate Change(2022), 1{10.

| also co-authored the following publication, which introduces an implicit layer for maximum

satis ability solving:

Po-Wei Wang, Priya L. Donti, Bryan Wilder, and J. Zico Kolter. \SATNet:
Bridging Deep Learning and Logical Reasoning using a Di erentiable Satis -
ability Solver." International Conference on Machine Learning 2019.






Chapter

Background and Preliminaries

This thesis employs ideas from deep learning and implicit layers to address climate-relevant
problems in electric power systems, and is aimed at multiple audiences hailing from the
various elds represented therein. In this chapter, we give high-level background on some of
the relevant topics, with the aim of providing readers with a common foundation on which
to approach the content of this thesis.

2.1 Machine learning

Machine learning can be viewed as a form of data-driven programming that automatically
learns programs based on examplésWhile there are many di erent types of machine
learning techniques, at their core, most ML algorithms are based upon just three components:
1. A model or hypothesis classhat speci es the set of functions the ML algorithm can
represent. Informally, this can be thought of as the \skeleton" of the program that the
algorithm produces. These models often ha¥eee parametersthat can be adjusted to
specialize to the task at hand.

2. An objective or loss functior’ that speci es desirable behavior of the model.

3. An optimization or training procedure that speci es how to choose or adjust the
parameters of the model in order to improve performance on the objective.

As an illustrative example, consider the example of predicting electricity consumption for a
given region throughout the day tomorrow. One might approach this by collecting data
detailing electricity consumption during past days, along with features that correlate with
this consumption (such as temperature or day of the week); they could then write an ML
algorithm that attempts to nd correlations between the past consumption data and their
corresponding features, and then uses these correlations to predict future consumption
given (estimates of) the relevant features at future times. In this example, theodel might

be a low-degree polynomial of temperature and day of the week, where the free parameters

INote: This section is largely adapted from Donti and Kolter [DK21].
2For loss functions, by convention, lower values are considered better.
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are the coe cients of the polynomial. The objective might be to minimize the absolute
error of the predictions of future electricity consumption? The training procedure might
involve making small incremental adjustments to the parameters to iteratively improve the
objective (e.g., viagradient descenta common procedure in many ML algorithms).

Before diving further into the details, we rst clarify machine learning's relationship to
other relevant elds. Machine learning is a sub- eld of arti cial intelligence (Al), which
describes a set of techniques concerned with making computers perform complex tasks
traditionally associated with human intelligence (such as perception, speech, movement, and
logical reasoning) [Rus10]. ML also shares a deep relationship to statistics, with a signi cant
overlap in both history and techniques; the di erence between these two elds is largely one
of perspective [Bre+01], as machine learning is generally more concerned wadrformance
on the task at hand (i.e., optimizing the objective), whereas statistics is generally more
concerned with discoveringtruths" in the underlying data (i.e., understanding the quality
of the learned model parameters). Machine learning also has close ties to optimization
(given its reliance on optimization procedures) and control theory (particularly in the case
of reinforcement learning, as discussed below).

2.1.1 Notable paradigms

Within machine learning, there are di erent paradigms describing di erent ways in which
ML can be employed. Particularly notable paradigms include:

Supervised learning. In supervised learning, the goal is for the ML algorithm to learn
a function mapping from inputs features) to their desired outputs (labelg given some
\supervision" on what these input-output pairs should look like. (The previously-described
load forecasting setting, in which we provided input/output pairs to a machine learning
algorithm, is an example of supervised learning approach.) This is referred to r@gression
when the outputs are continuous, andlassi cation when the outputs are discrete.
Supervised learning has to date seen many successes in areas such as image classi cation,
automated speech recognition, and machine translation. Unfortunately, this paradigm is
not applicable in all settings: in many cases, it is prohibitively expensive to get enough
labeled data to use supervised learning, or the system of interest involves a decision-making
process that cannot be su ciently described by single input/output pairs.

Unsupervised learning.  Unlike supervised learning, which requires labeled examples,
unsupervised learning requires only that we provide inputs to the machine learning algorithm,
without any corresponding outputs. As there is no output to produce, the algorithm merely
attempts to nd some form of structure over the inputs. For instanceclustering techniques
aim to group data into similar categories (\clusters"). Dimensionality reduction techniques
aim to nd a low-dimensional subspace that captures most of the variation in the data

3|t is worth noting that performance on the training data used to construct the model is related to, but
di erent from, performance on data the model has not yet seen. In particular, it is important to avoid
over tting , which refers to the phenomenon where a data-driven model makes good predictions on training
data, but does not generalizewell to unseen data.



(similarly to techniques such as principal component analysisizenerative modelingaims

to learn a probabilistic model representing the distribution of the underlying data, with the
idea of sampling from this model to generate new data (e.g., generate a new picture of a
horse given a dataset of horse pictures).

While useful for analyzing, partitioning, and/or generating data, a notable caveat with
unsupervised methods is that key attributes (such as the number of clusters or dimensions,
or parameters of the underlying dataset) are typically picked by the algorithm designer.
As a result, the learned outputs may be an artifact of the algorithm itself rather than
representing \true" attributes of the underlying data.

Reinforcement learning.  Reinforcement learning (RL) is a paradigm where an agent
must learn how to act in a sequential environment to maximize some reward [SB18]. The
strategy the agent learns is called itpolicy. Unlike the previous paradigms of supervised
or unsupervised learning, RL algorithms do not (usually) operate over a xed dataset, but
instead within a setting where the algorithm can take an action that a ects future states
of some system. This is a similar setting as considered in adaptive control, and indeed
these elds have a great degree of shared history, though they often di er in the types of
structural assumptions they make about the underlying system (see [Bus+18]). RL is also
closely related to the area of agent-based modeling (ABM), though ABMs often involve
manually specifying behavioral rules, whereas RL aims to learn such rules automatically.
While RL has seen a number of notable successes, such as beating humans in complex
games such as Go [Sil+16], there have been comparatively few deployments of RL on real-
world physical systems. This stems from the fact RL agents must often act sub-optimally
(potentially for a long time) during the learning process; most successful applications thus
require, at the very least, a (realistic) simulation environment on which to train the agent.

Other paradigms. The paradigms described above, while important, are not exhaustive.
For instance,semi-supervised learningepresents a mix between supervised and unsupervised
learning paradigms. While supervised and unsupervised learning typically occur in the
oine or batch setting (where the ML algorithm is provided a complete dataset up front),
many algorithms must also operate ironline or streaming settings (where datapoints arrive
one at a time, and the algorithm must make a prediction before receiving the next datapoint).
While our discussion above has implicitly assumed that ML models are trained in settings
similar to those in which they ultimately operate, the paradigms ofransfer learning, multi-
task learning and meta-learning focus on the ability of ML models to generalize to new
settings and new kinds of tasks. For a more in-depth discussion of di erent ML paradigms,
please see Bishop and Nasrabadi [BNO6] and Murphy [Mur22].

2.1.2 Strengths, limitations, and alternatives

As perhaps hinted at by the discussion above, ML is a powerful paradigm for data-driven
programming, and can facilitate the analysis of large and heterogeneous data streams in
cases where they would be impossible to analyze manually. While conceptually simple,
this paradigm can manifest itself in many forms. For instance, ML can be used to \scale
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human intuition" by identifying patterns in comparatively small amounts of labeled data,
and then applying these learned patterns at a much larger scale. It can also be used
to glean actionable insights from unstructured data streams such as satellite imagery or
text documents, and to optimize complex systems based on observations of the system's
behavior, among many other applications.

At the same time, ML has a number of major limitations. For instance, ML algorithms
are extremely dependent on the quality of the data they receive (\garbage in, garbage out").
More broadly, ML is fundamentally an ampli er of the systems in which it is deployed,
meaning that while it is capable of amplifying the bene ts of these systems, it is also equally
capable of exacerbating biases [Meh+21], inequities [GD20], market failures [Vic19], and
other systemic e ects [Kaa+22] through its data, design, and applications. ML methods
also generally assume that the data on which they are trained and tested are similar in
distribution to each other, and have di culty dealing with scenarios where this is not the
case (known adlistribution shift). ML tends to have di culty enforcing any physics or
hard constraints associated with the domains in which it operates (as further addressed
in this thesis), and many methods also su er from a lack of interpretability. In addition,
recent trends show that the largest ML models are becoming increasingly computationally
intensive (and thus nancially costly) to run, which has implications for the accessibility of
modern methods as well as implications for greenhouse gas emissions [Kaa+22; SGM19;
Sch+20; Ben+21]. (Notably, many of these topics represent active areas of ML research.)

We note also that while ML is broadly powerful, complex or cutting-edge ML techniques
may not always be best-suited or needed for every problem. For instance, linear regression
may be a better alternative to more complex supervised ML techniques in cases where only
small amounts of data are available, or where the structure of the relationships between the
inputs is well-known. Techniques from classical control theory may be more appropriate
than reinforcement learning when the dynamics of the underlying environment are simple
or well-structured; techniques from agent-based modeling may be more appropriate when
the rules governing agent behavior are well-known, and do not need to be learned.

In general, ML should be viewed not as a black box or a silver bullet, but as a tool
to employ in a principled manner that is guided by an understanding of its strengths,
limitations, and underlying assumptions, as well as of relevant technical and contextual
considerations surrounding the problem at hand.

2.2 Deep learning and implicit layers

Deep learning [Goo+16; RS20] is currently one of the more prominent approaches to KiL.
Using the framework presented in Section 2.1, deep learning approaches are characterized
by the following components:
1. Model: Deep learning approaches employ a class of models cabet cial neural
networks (also often referred to aseural networkg, which can be thought of as the
composition of a sequence of functionsafers) with adjustable parameters.

“Note: Several sentences in this section are drawn verbatim from Donti and Kolter [DK21]. Parts of the
subsection on implicit layers are adapted from Chen, Donti , Baker, Kolter, and Berges [Che+21].
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3. Training procedure:The model's parameters are optimized using an iterative proce-
dure called \backpropagation and gradient descent.” Given an initial set of neural
network parameters, this procedure involves rst e ciently computing gradients of
the chosen neural network loss function with respect to all parameters (vilckpropa-
gation), then updating the parameters using these gradients (vigradient descentor
its variants), and repeating until some stopping condition is reached.

The loss function used to evaluate performance can be adapted to the problem at hand,
though there are \standard" losses for typical problems like classi cation.

This paradigm of composable layers trained via backpropagation and gradient descent
has proven extremely powerful, capable of expressing very complex functions while also
generalizing well in practice when presented with new data. In particular, deep learning
methods have been widely applied within many di erent ML paradigms, including supervised,
unsupervised, and reinforcement learning. In this section, we provide more details on neural
network models and training procedures, as well as on a new class of neural network layers
(called implicit layers) that we leverage in this thesis.

2.2.1 Neural network models

Let h : R*! R" be a neural network de ned as the composition df functions, such that
for inputs x 2 R,

h (x) = hL; L h, L hl: 1(X): (2.1)

large (e.g.,L  4), h is considered aleepneural network (hence the term \deep learning”).

The layersh;. , are generally chosen to be nonlinear, such that the resultant deep neural
network is an expressive, nonlinear model. There are various standard kinds of layers
that are often used in today's neural networks, based on functions such as recti ed linear
units (ReLUs), convolutions, sigmoid functions, and hyperbolic tangent functions. Several
specialized forms of neural network models, @architectures have also emerged over the
years, such as generic feedforward networks (for unstructured data), convolutional networks
(for image data), recurrent networks and transformer networks (for time-series or other
sequential data), graph networks (for graph-structured data), and di usion models (for
generative modeling tasks).

2.2.2 Neural network training

We now describe the general procedure of training neural networks via backpropagation and
gradient descent. For ease, we describe these concepts in the context of supervised learning.

Further, let *:R" R"! R be aloss function. As before, lelh be our neural network.
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Our neural network training procedure then aims to solve the following problem:

xXn
minimize  “(h (x1);y®): (2.2)
j=1
Solving this problem is known asempirical risk minimization. For deep learning, this
problem is generally non-convex (aB is generally a complex nonlinear function), and is
therefore optimized with the aim of nding local (rather than global) minima.
In deep learning, empirical risk minimization is typically done using variants of an
iterative algorithm called gradient descent In particular, in gradient descent, given the
current instantiation of parameters at a given iteration, the parameters are updated via

r(h (x0);y9); (2.3)

i=1

where > 0 is a (potentially adaptive) design parameter called théearning rate. In
practice, most modern deep learning algorithms use a variant callestibchastic gradient
descent(SGD), which only uses a subset of the training data for each update (in contrast to
the full gradient descent update, which uses the full set of training data each time); more
advanced versions of SGD, such as Adam [KB15], are also widely used today.

In all cases, implementing these updates requires computing the gradient™(h (X;y))
for each training sample (dropping the indices om andy for brevity). These gradients are
computed e ciently via backpropagationwhich can be thought of as a computationally
e cient application of the chain rule. In particular, let z and ; denote the outputs and

Assuming for simplicity that the parameters of each layer are disjoint, the gradient with
respect to a given ; is then given by

d'(h ():y)) _ @(h (x);y)) . @(h (x);y)) dz dzis, dz;
d; @i @z dz, dz d;’

Thus far, Equation (2.4) as written is just a direct application of the chain rule. However,
since layer dimensions and subsequently the number of neural network parameters are often
quite large, many of the terms in Equation(2.4) are generally large in size; thus, naively
applying the chain rule can prove to be extremely time- and space-intensive. As such, e cient
backpropagation entails employing two key tricks to make this computationally tractable:
" Jacobian-vector trick The backpropagation algorithm entails cleverly ordering the
computations in Equation (2.4) from left to right, as well as avoiding the explicit
computation of expensive Jacobians of the form¥i+1 =4z and dzi=4 ;, in order to reduce
the associated costs. To illustrate this, we note that for a neural network whose layer
outputs z can be viewed as vectors (as is common), singéd (x);y)) is a scalar, the
gradient d'(h )i¥)=dz_ is a vector; the product of this term with the Jacobian matrix
dzi=y7 , is then a vector-Jacobian product, whose output is a vector; the product
of this term with the Jacobian matrix 9z 1=z , is then also a vector-Jacobian
product, whose output is a vector; and so forth. By always computing the terms in

r L (h () =

(2.4)
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Equation (2.4) from left to right, one can avoid computing expensive matrix-matrix
products (e.g., of the form ¢z=iz ,)(9z =4z ,)). Furthermore, many backpropagation
approaches avoicever solving for any of the Jacobianszi+ =iz and dzi= ; explicitly,
but instead simply directly compute the vector-Jacobian product (e.g., by nding an
analytical expression for it); this further saves on computation time. (See also [G\W08].)

Caching intermediate quantities Due to the modular nature of neural networks, most
of the products in Equation(2.4) that are computed to obtain gradients with respect

to some ; are also needed to obtain gradients with respect tq ;, ; 2, and so forth.
As such, most backpropagation approaches involve caching the results of relevant
computations so that they can be reused. This trick improves the time complexity of
backpropagation, with the tradeo being increased space complexity (due to the fact
that computational results must then be stored).

We will come back to the Jacobian-vector trick in the next section on implicit layers.

2.2.3 Implicit layers

Having discussed the basics of neural network models and training, we now discuss recent
work presenting a new class of neural network layers, call@dplicit layers [KDJ20]. In
particular, many of the layers commonly used within neural networks (e.g., ReLUs and
convolutions) are based omxplicit functions with a direct, closed-form mapping between
inputs and outputs; these functions are cheap to compute, and admit analytical gradients
for use within backpropagation. However, there has been increasing interest in enriching the
toolkit of layers to capture implicit functions, whose outputs cannot be solved for in closed
form and must therefore be obtained via an iterative solution procedure (e.g., Newton's
method). This has includedoptimization layers [AK17; DK17; TSK18; DAK18; Wan+19;
Agr+19; GHC21], di erential equation-based layers [Che+18], and layers representing rigid-
body physics [ABP+18], among other implicit layers [BKK19; LFK18; Jin+20].

Like all neural network layers, implicit layers must support aforward procedureto
map from inputs to outputs, as well as éackward procedurdo compute gradients of the
outputs with respect to the inputs and layer parameters. As hinted at above, the forward
procedure is implemented by using an iterative solution technique. While the backward
procedure could in principle simply entail di erentiating through the unrolled iterations
of this solution procedure, in practice, this can be time-intensive, space-intensive, and
numerically unstable. As such, the design of implicit layers generally involves writing down
a set of equilibrium or xed-point conditions for the implicit function under consideration,
and then e ciently di erentiating through these conditions using implicit di erentiation
techniques [KP12; DR09; GWO08].

2.2.3.1 Example: Di erentiable projection layer

As an example, consider thé ,-norm projection Pc : RP ! C that maps from some point
in 0 2 RP to its closest point in some convex constraint se€  RP as follows:

Pc(0) = argmin %ku 0k3: (2.5a)

u2C
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For simplicity, we consider the case wher€ characterizes linear constraints, i.e.,
C=fu:Au=b;Gu hg (2.5b)

for someA 2 R" P, p2 R", G 2 R"ra P and h 2 R"ea, The implicit layer based
on Equation (2.5) would have 0; A; b; G; h as its inputs and/or parameters, andu (plus
possibly the dual variables of the optimization problem) as its output. (While we assume
for simplicity of exposition that all parameters are adjustable, it would also be possible to
set certain parameters to xed values as dictated by the needs of the speci c setting.)

We note that the resultant problem is a convex quadratic optimization problem. The
forward procedure can then be implemented by simply solving the optimization problem,
e.g., using standard convex optimization solvers. Perhaps less evidently, it is also possible to
construct a backward procedure for this problem by using the implicit function theorem, as
described in previous work (e.g., [AK17; Agr+19]). In particular, it is possible to e ciently
compute gradients through Equation(2.5) by implicitly di erentiating through its KKT
conditions (i.e., conditions that are necessary and su cient to describe its optimal solutions).

As Equation (2.5) is a special case of the general di erentiable quadratic programming
layer described in Amos and Kolter [AK17], we closely follow the gradient derivation therein
in our gradient derivation here. Speci cally, the KKT conditions for stationarity, primal
feasibility, and complementary slackness for this problem are given by

u? 0+ AT ? + GT ? = 0
Au’ b=0 (2.6)
diag( )(Gu> h)=0;
whereu’, 7, and ? are the optimal primal and dual solutions. By the implicit function

theorem, we can then take derivatives through these conditions at the optimum to obtain
relevant gradients. Speci cally, the total di erentials of these KKT conditions are given by

du da+dAT *+ ATd +dG" "+ G'd =0
dAu’+ Adu db=0 (2.7)
diag(Gu’ h)d +diag( *)(dGu’+ Gdz dh)=0;

or in matrix form as

2 32 3 2 . .
| GT AT du do+dG" ?+dAT °

4diag( )G diag(Gz? h) 054d 5= 4diag( 7)dGz’ diag( ?)dhS: (2.8)
A 0 0 d dAz? db

The terms in these equations look somewhat complex, but fundamentally, the left side gives
the Jacobian of the optimality conditions of the convex problem, and the right side gives
the derivatives at the achieved solution with respect to the problem parametets A; b; G; h.

As described in Amos and Kolter [AK17], these equations can be used to solve for
the Jacobians of any solution variableu?; ?; ? with respect to any problem parameter
" 210;A;b;G; hg, by setting the di erential d' associated with the problem parameter
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to its identity value (and all other di erentials to zero). As noted both there and in
Section 2.2.2, however, we seldom actually want to compute these Jacobians explicitly,
due to the potentially large time and space complexity of doing so. Instead, it is often
desirable to directly computed=s by employing the Jacobian-vector trick { that is, by
directly computing the left vector-matrix product of these Jacobians with some backward
pass vector in order to reduce time and space complexity.

In particular, for some loss function’, if we are given the backward pass vectors
d'=u?;d'= ?;d'= > and we want to compute the gradient'=s for some parameter , we
note by the chain rule that

ad_@,
@

@‘du'-’Jr @d '-’+ @'d ?
@ad @’ d @?d -’
Per the Jacobian-vector trick, we would then aim to compute the three products in this
equation directly, rather than explicitly computing and storing the intermediate Jacobians
du'=zy ;d "=y ;d "=y at any point during the process. In more detail, using Equatior(2.8),
we note that

@dv? @d? @d?
d

(2.9)

+ +
@oad 2 d' @7 d'
" \ TII , #
@=gy du’=y
= @\:@7 d ?:dl
@=g° d "=
@‘:@J#T | GT A d0+dGT 7+dAT 2 T
= @=g "~ diag( )G diag(Gz® h) O diag( *)dGz® diag( ?)dh
@=p’ A 0 0 dAz? db L o=

6
(2.10)
Noting that the rst two terms are consistent across all problem parameters, as shown in
Amos and Kolter [AK17], we can pre-compute their product before computing all relevant
gradients. Letting
2 3 2 3:2
dy ' @=@d ' | GT AT
4d5 = 4e=-5 4diag( )G diag(Gz> h) 05 ; (2.11)
d @=@~ A 0 0

3 1

the relevant gradients (2.9) with respect to all problem parameters are then given by

°_e
do @ ™

q @ o & @

- == - — == 2.12
m @A+ du’+ “d] b @b d (2.12)
d\_@\ : ? 2T 24T d\_@\ i \d -

G- @G+ diag( H)d u" + “d, dh - @nh diag( )d :
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We note that most of the operations involved in the gradient computation§2. 11X (2.12)
are relatively cheap. The notable exception involves the inversion of the KKT Jacobian
matrix in Equation (2.11); however, in practice, this matrix inversion was likely already
computed when solving the projectior(2.5) in the rst place (e.g., if the projection was
solved using a KKT-based iterative method). As such, it is often possible to get this matrix
inversion \for free" in the backward pass, signi cantly reducing the additional computational
complexity associated with the gradient computation. In general, this example shows one
way in which implicit gradients can be computed in an inexpensive and scalable manner.

While the above example is for a linearly-constrained projection operation, these kinds of
gradients can be computed (or in some cases, approximately computed) for convex projection
problems in general. For instance, Donti, Roderick, Fazlyab, and Kolter [Don+21b] compute
gradients through a projection onto a second order cone by di erentiating through the
xed point equations of a solver, and Agrawal, Amos, Barratt, Boyd, Diamond, and Kolter
[Agr+19] provide a method and library for di erentiable disciplined convex programs.

2.3 Electric power systems

Electric power systems are the backbone of modern society, and a major focus of many
strategies to promote environmental, economic, and social sustainabilityFor instance,
moving to renewable and low-carbon electricity sources will be critical to achieving both
climate change and air quality targets [IPC22b] and electricity access is a key pillar of
economic development [Car+11]. In this section, we provide a brief overview of electric
power systems; we refer readers to Von Meier [VMO6], Kirschen and Strbac [KS04], and
Wood, Wollenberg, and Shebk [WWS14] for additional details.

2.3.1 Power system basics

Electric power systemgqor, power systemgrefer to the networks of electrical infrastructure
that facilitate the production and transportation of electric power. In particular, electric
power systems consist of three main parts:
" Generation: The production of electricity from primary energy sourcessuch as fuels
(e.g., fossil fuels or nuclear fuels) or renewable resources (e.g., sun, wind, or water).

" Transmission: The transportation of electricity over long distances from where it is
produced to it is consumed, using high-voltage transmission lines. (The role of elec-
tricity transmission can be analogized to the role of highways in vehicle transporta-
tion, where the goal is to travel long distances e ciently.)

" Distribution: The transportation of electricity from transmission infrastructure to end-
use consumers, using low-voltage distribution lines. (The role of electricity distribution

5The introductory paragraph of this section is adapted from Donti and Kolter [DK21]. Parts of the
description of AC optimal power ow are adapted from Donti, Rolnick, and Kolter [DRK21]. Parts of the
discussion on climate change mitigation and adaptation are adapted from Rolnick, Donti, Kaack, Kochanski
et al. [Rol+22].
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can be analogized to the role of local roads in vehicle transportation, where the goal
is to safely travel short distances to a nal destination.)

Together, transmission and distribution systems form thelectric grid (or power grid).

Given the high xed costs associated with operating transmission and distribution
systems, these systems are generally consideredural monopolies and are managed by
either public or highly-regulated entities. In particular, the term utility is used to refer
to the owner of transmission or distribution infrastructure, and the termsystem operator
is used to refer to the entity that oversees the system to ensure it operates smoothly.
Depending on the power market structure, the relationships between utilities, system
operators, andpower generatorsmay vary. For instance, many regions in the United States
have regulated electricity markets where vertically-integrated utilities own and operate
all of the generation, transmission, and distribution in a given region; other regions have
deregulated electricity marketswhere system operators are independent from transmission
and distribution utilities, and where power generators can be privately owned [Fed15].

While power systems were historically operated in a primarily top-down manner { with
power produced by large, centralized generators and then transported one-way to consumers
via transmission and distribution infrastructure { the landscape has more recently started
shifting towards the paradigm ofsmart grids that accommodate dynamic, two-way energy
ows [Fan+11; TAL16]. In particular, with the introduction of distributed energy resources
such as rooftop solar panels (with potentially controllablgpower inverters, of distributed
energy storagesuch as distribution-connected batteries and electric vehicles, and agmand
exibility / demand responsetrategies that aim to intelligently shift electricity consumption
based on the needs of the power grid, electrical loads on distribution systems have also
started to play a more active role in power system operations. This has thereby increased
the scale at which power systems must be managed.

2.3.2 Power system operations

At a high level, the operation of power systems can be conceptualized through the lens
of a problem called AC optimal power ow (ACOPF). ACOPF is a fundamental problem
for the operation of the electrical grid, and is (in principle) used by transmission system
operators to determine how much power must be produced by each controllable generator
in order to meet demand. (This is also known as determining @ispatch)

Formally, a power network may be considered as a graph dnnodes, representing
di erent locations (buse$ within the electric grid, and with edges weighted by complex
admittancesw;; 2 C that represent how easily current can ow on the corresponding
power lines. LetW 2 CP P denote the graph's Laplacian matrix, which in power systems
terminology is called thenodal admittance matrix® and letf.: R°! R be a cost function
parameterized by the costs of power generation Then, the problem of ACOPF can
be de ned as follows: Given inputgy 2 R°, oy 2 R (representing thereal and reactive

8In power systems, the notationY is more canonically used for the admittance matrix; however, we
adopt W here to avoid clashing with canonical machine learning notation, in whichY often stands for a
collection of \ground truth" labels.
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components of power demand at the various buses), we aim to outpp 2 R g, 2 RP
(representing the real and reactive power generation at each bus) an@ CP (representing
complex voltage values at each bu$)according to the following optimization problem:
minimize  f.(pg) (2.13a)
Pg2RP; gg2 RP; v2CP

subjectto p™ pg P oM g o V™ j v V™ (2.13b)

(pg Pa)+ (0 )i =diag(V)Wv; (2.13c)

wherei = P 1, where the notationX is used to denote the complex conjugate of some
X, and wherejvj denotes the element-wis&; norm. The constraints (2.13c) are called
the AC power ow equations and ensure that the amount of power owing into every bus
equals the amount of power owing out. The dual variables 2 R corresponding to the
AC power ow equations are (in principle) the wholesale power prices at each bus. While
we use simpli ed notation here, more detailed notation is provided in Appendix B.1.

The ACOPF problem (2.13) is non-convex and NP-hard to solve, due to the nonlinear
and non-smooth nature of the power ow equations. As a result, it is common to use less
computationally expensive approximations of this problem in various contexts [WWS14;
VMOG6]. In particular, one common approximation isDC optimal power ow (DCOPF),
which makes various simplifying assumptions about power system quantities that cause the
constraints of Equation(2.13) to become linear; while more computationally tractable to
obtain, it is worth noting that solutions of DCOPF are not feasible with respect to the original
system [Bak21]. Another common approximation omits the power ow constraints altogether,
only requiring that the amount of power generation and power consumption be equal on an
aggregate level; this variant, calledeconomic dispatchbasically reduces to ranking power
generation on amerit order curve from cheapest to most expensive, and then dispatching
power in order, starting from the cheapest generators, until all power demand is met.

While ACOPF (and its cheaper approximations) re ect some basic considerations for the
operation of power grids, more complex variants of these problems aim to re ect additional
important considerations. In particular, N-k security-constrained optimal power ow(N-

k SCOPF) aims to schedule power generation in a way that is robust to potentially
simultaneous outages of lines or generators (with N-1 SCOPF being the most common
variant). The problem of stochastic optimal power ow(stochastic OPF) aims to schedule
power generation in a way that is cognizant of demand being stochastic; in particular, while
hidden in the notation above, \demand" in the context of optimal power ow refers to
actual electricity demandminus non-controllable power generation (e.g., from solar and
wind), making stochastic OPF a particularly important problem for the integration of time-
varying renewable energy. While these problems provide a dispatch for one point in time,
the mixed-integerunit commitment problem decides which generators should be turned
on/o over multiple time steps, as well as how much power they should produce.

While optimal power ow problems provide a rough conceptual model for how power grids
operate, in reality, there are many ways in which actual power systems are more complex

"Modern electric power systems are generally alternating current (AC) systems, in which all electrical
quantities { e.g., powers and voltages { are considered to be complex-valued. In particular, the termseal
power and reactive power refer to the real and imaginary components, respectively, otomplex power
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[KS04]. For example, controllable power generation is typically only dispatched at xed
time intervals, despite the fact that power demand and time-varying renewable generation
change continuously; to account for this (as well as any issues with the original dispatch),
power generators and other controllable loads also participate in real-tinacillary service
schemes such aequency contro] voltage contro] and reactive power controlto stabilize
the grid. As another example, power prices (as in principle captured mathematically within
the ACOPF dual variables) are in reality the result of a combination of complex multi-
timescale market trading and of longer-term purchasing contracts callggbwer purchase
agreements In addition, while we have presented a fundamentally top-down view of power
system operations, as previously discussed, distribution systems have also started to play
a more active role; this has in some cases led to the risedidtributed energy marketsn
which distributed energy resources and distributed loads can actively trade.

2.3.3 Climate change mitigation and adaptation in power systems

In the context of climate action, electric power systems play a key role in bottlimate
change mitigation(reducing or preventing greenhouse gas emissions) asionate change
adaptation (responding to the e ects of a changing climate).

With respect to climate change mitigation, electric power systems are currently respon-
sible for about a quarter of annual greenhouse gas (GHG) emissions [IPC22b]. Demand for
low-carbon electricity is also further projected to grow as sectors such as buildings, trans-
portation, and heavy industry seek to \electrify" greenhouse-gas-emitting loads (such as
passenger vehicles) [IPC22b]. Therefore, reducing greenhouse gas emissions in the electric
power sector is a keystone of societal climate action. In particular, this will entail [IPC22b]:

" Rapidly transitioning to low-carbon® electricity sources (such as solar, wind, hydro,

nuclear, and geothermal) and away from carbon-emitting sources (i.e., fossil fuels).

" Reducing greenhouse gas emissions associated with existing fossil fuels and electricity
infrastructure (e.g., by reducing waste, by preventing methane leaks, or via carbon
capture and sequestration).

" Implementing these changes across all countries and contexts, including via potentially
tighter integration of regional electricity and energy systems.

With respect to climate change adaptation, power grids both will be a ected by climate
change impacts and are a key part of strategies to build adaptive capacity in many regions.
In particular, climate change adaptation in the power sector will entail the following:
" Making operations more robust and resilient in the face of climate extremes [Nat17].
This may include, e.g., developing robustness to correlated failures of grid components
that may occur due to extreme heat or cold [Murl9], or enabling the quick repair of

8As a note, while the terms \renewable" and \low-carbon" are often used interchangeably, they are in
reality distinct terms with di erent implied (though related) objectives. In particular, \renewable energy"
is often used in service of general sustainability and circular economy goals, whereas \low-carbon energy"
is largely used in service of climate change goals. While many forms of energy (such as solar and wind
power) fall under both categories, others fall under only one; for instance, biomass-based energy may be
renewable but not necessarily low-carbon [Crel6], whereas nuclear energy is low-carbon but not renewable.
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grid infrastructure after outage-inducing storms.

" Adapting how power systems are planned to accommodate changing patterns in
supply and demand [RF+21], as changes in weather impact both the production of
renewable energy and energy consumption for (e.g.) heating and cooling.

" Expanding access to reliable electricity across additional countries and contexts; in
particular, energy access and reliability are strong drivers of economic development
[Mos+20], which itself is a ects broader capacity to adapt to climate change [BCF12].

Achieving these objectives will require e orts to shape both power system operations and
planning. On the operations side, power grids will need to be managed at increasing speed
and scale { for instance, to accommodate the time-varying nature of renewable energy
sources, to integrate additional distributed energy resources, and to explicitly account for
di erent power system failure scenarios. This will require improvements in techniques
such as forecasting, estimation, centralized optimization, and distributed control to cope
with this speed and scale. On the planning side, power grids will need to be designed,
built, and upgraded in ways that foster the tradition to clean energy sources and improve
power system reliability, robustness, and resilience. This will require holistic, inter-regional
planning of power grids, as well as coordination with the climate science community to
build additional understanding of ways in which climate changes will a ect power supply,
demand, and infrastructure.

In the remainder of this thesis, we focus largely on power system operations, and how
machine learning can help improve operations in service of climate change mitigation and
adaptation goals. For more detail on the role of machine learning in sustainable energy
systems more broadly, we refer readers to Rolnick, Donti, Kaack, Kochanski, et al. [Rol+22]
and Donti and Kolter [DK21].

20



Part |

Estimation Tasks in Power Systems

21






Chapter

Assessing Emissions and Damage Factors in
PJM

In recent years, several methods have emerged to estimate the emissions and associated
damages (e.g., to health, the environment, and the climate) that are avoided by interventions
such as energy e ciency, demand response, and the integration of renewables. However,
di ering assumptions employed in these analyses could yield contradicting recommendations
regarding whether and how an intervention should be implemented. We test the magnitude
of the e ect of using di erent key assumptions { average vs. marginal emissions, year of
calculation, temporal and regional scope, and inclusion of non-emitting generation { to
estimate emissions and damage factors in the PJM Interconnection. We further highlight
the importance of these di ering assumptions by evaluating three illustrative 2017 power
system examples in PJM. We nd that for a simple building lighting intervention, using
average emissions factors incorporating non-emitting generatiomderestimatesavoided
damages by 45% compared to marginal factors. For PJM demand response, outdated
marginal emissions factors from 2016verestimateavoided damages by 25% compared to
2017 factors. Our assessment of PJM summer load further suggests that fossil-only average
emissions factoroverestimatedamages by 63% compared to average factors incorporating
non-emitting generation. We recommend that energy modelers carefully select appropriate
emissions metrics when performing their analyses. Furthermore, since the U.S. electric grid
is rapidly changing, we urge decision-makers to frequently update (and consider forecasting)
grid emissions factors.

The work in this chapter has previously been published in:

Priya L. Donti, J. Zico Kolter, and Inés Lima Azevedo. \How Much Are
We Saving After All? Characterizing the E ects of Commonly Varying
Assumptions on Emissions and Damage Estimates in PIMEnvironmental
Science & Technologys3.16 (2019), 9905{9914.

LCode for all analyses is available onlinehttps://github.com/priyald17/emissions-assumptions
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3.1 Introduction

Power system interventions such as installing e cient building lighting, implementing
demand response, and increasing renewables integration can potentially reduce emissions of
CO,, SO,, NOy, and PM,5, as well as their associated damages to the climate, environment,
and human health. As decision-makers design such interventions, it is important to
understand the actual bene ts achieved by their implementation. Extensive prior work
has evaluated interventions such as electric vehicle charging [GZKM14; Tam+15; Wei+15;
RJK16; Yuk+16], battery storage management [CN13; HA15; FA17; HA17], data center
load shifting [Hor16], building energy e ciency [GAJ14], and changes in fuel mix [KML13;
SE+13; KA16; Lue+16; HA17; HL17] using emissions and damage factors. However, such
analyses have di ered in terms of the key assumptions they have made when calculating
emissions and damage factors.

One key distinction involves average vs. marginal emissions factors (AEFs vs. MEFs).
AEFs measure the average emissions intensity of all electricity generation at a given time
and are widely used due to their simplicity of calculation. Alternatively, MEFs measure
the emissions intensity of marginal generators, which are the last to be dispatched to meet
demand and thus the rst to respond to power system interventions.

Another important assumption involves the potential inclusion of non-emitting (i.e.,
renewable and nuclear) electricity sources. While most studies have examined marginal
emissions factors using only fossil fuel data, recent analyses suggest that renewables may
in uence marginal emissions factors in regions such as the U.S. Midcontinent Independent
System Operator (MISO) region [Li+17].

Other assumptions in calculating emissions factors involve regional and temporal scope.
In the U.S., studies have employed emissions factors nationally [Sch+17a] and for grid
interconnections [GZKM14], North American Electric Reliability Corporation (NERC) re-
gions [SEAM12], independent system operator (ISO) and regional transmission organization
(RTO) regions [Li+17; PIM17a; Thi+17], and even custom-de ned regions [Unil7c]. Tempo-
rally, emissions factors have been calculated at the annual [Uni17b], monthly [PIJM17a], and
time of day [GZKM14] levels, and using data from di erent years. Additional assumptions
may include using non-temporal partitions such as load bins to calculate emissions factors
[SEAM12] and using generation vs. demand data in emissions factor calculations [GZKM14].

We seek to answer the question of how in uential a number of these assumptions are on
emissions and damage assessments in the PJM RTO. PJM operates the largest competitive
wholesale market in the U.S., encompassing utilities from all or part of 13 states and
servicing about 770 TWh of annual demand [PJM18]. In 2017, PJM accounted for roughly
20% of emissions of criteria pollutants and carbon dioxide from U.S. electricity generators
(based on data from the U.S. Environmental Protection Agency's Continuous Emissions
Monitoring System), making it an important candidate for power system interventions. As
a deregulated entity, PJM can shape market participation of power system interventions
via incentives or reduction of barriers to entry, warranting careful analysis as to these
interventions' potential costs and emissions e ects.

Our study serves as an initial input to such analysis by seeking to understand the
implications of choosing di erent types of emissions and damage factors when evaluating
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Table 3.1: Emissions and generation data employed in our analysis.

Data \ Source \ Description \ Processing done by authors
Generator labels
Generator ISO/RTO eGRID Generator's ISO/RTO of Selected the generators
membership (EPA) membership (if any) (2011) | associated with PIJM
Emissions
Hourly CO,, SO, CEMS Hourly emissions for Aggregated to PIM
NOy, emissions (EPA) fossil-fueled generators larger

than 25 MW (2006-17)
Annual primary NEI (EPA) Annual PM,.5 emissions for | Converted to generator-speci c
PM,.5 emissions subset of CEMS generators | and average by-fuel-type

(2008, 2011, 2014) emissions rates, and then

multiplied by hourly generation
Generation
Hourly fossil generation| CEMS Gross hourly generation for | Aggregated to PIJM
(EPA) fossil-fueled generators larger

than 25 MW (2006-17)
Hourly non-emitting PJM (Data System-wide hourly Aggregated generation from
generation Miner 2) generation by fuel type for | nuclear, wind, hydro, solar,

PJM (mid-2015 onward) and \other renewables”
Hourly marginal PJM (via Hourly fraction of marginal | Converted to dummy variables
generator proportions | Monitoring generators by fuel type for hourly presence of nuclear,
by fuel type Analytics) (2006-17) wind, hydro, solar, or \other

renewables"

interventions. Speci cally, we compare emissions and damage factors calculated using
di erent key assumptions { average vs. marginal, with or without non-emitting generation,
and at di erent regional and temporal scopes { and evaluate the e ects of using these
factors for evaluations of a building lighting e ciency intervention, economic demand
response, and summer load in PJM. While previous work has addressed the e ects of some
of these assumptions (for C¢) [RIJK16; Rya+18], to our knowledge, our work is the rst to
systematically quantify the e ects of varying these key assumptions in historical emissions
and damage factor estimates (across multiple pollutants).

3.2 Data and methods

We estimate generation-based average and marginal emissions and damage factors fgr, CO
S0O,, NOy, and PM,.s in PJM and the Reliability First Corporation (RFC), the NERC
region most similar in spatial scope to PJM. We estimate these factors from hourly data
for multiple temporal breakdowns: by year (annual), by month (monthly), by hour of day
for a given month (monthly time of day, i.e., monthly TOD), and for each hour of the year
(hourly; for average factors only). We additionally consider various generation fuel mixes:
for 2006-17, we calculate emissions factors using fossil generation only, and for PIM in
2016-17, we additionally calculate factors incorporating non-emitting generation.
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Figure 3.1: Hourly fossil generation in PIJM in 2017, as reported by CEMS and by PIJM. CEMS includes
generation for generators larger than 25 MW, whereas PJM reports the entirety of fossil generation within its
footprint. The CEMS- and PJM-reported values are similar, with PIJM-reported values on average less than
6% higher than CEMS values (and in the median about 4% higher). In other words, CEMS-excluded fossil
generators do not contribute signi cantly to fossil generation in PJM, and we hypothesize that the exclusion

of such generators (by virtue of our use of the CEMS data) is not a signi cant limitation to our analysis; that

said, it may be worth including CEMS-excluded fossil generators in future analyses, pending data availability.

3.2.1 Data

We employ hourly emissions and electricity generation data from the U.S. Environmental
Protection Agency (EPA) and PJM (see Table 3.1).

We obtain hourly-level emissions and fossil generation data for 2006-17 from the Contin-
uous Emissions Monitoring System (CEMS) [Uni09] and the National Emissions Inventory
(NEI) [Uni17d] through the EPA. CEMS reports hourly CO,, SO,, and NO, emissions as
well as total hourly generation for all U.S. fossil-fueled generators larger than 25 MW. (We
estimate that smaller fossil generators contribute less than 6% of PJM's total fossil genera-
tion, and thus that the exclusion of such generators is not a signi cant limitation to our
analysis; see Figure 3.1 for more details.)

NEI reports primary annual PM,.5 emissions for a subset of these fossil generators, but
only for the years 2008, 2011, and 2014. To estimate primary hourly BMemissions for
di erent years, we rst nd generator-speci ¢ emissions rates by dividing total annual
emissions from NEI by total annual generation from CEMS at the generator level in each
NEI year. We further use these generator-speci c rates to calculate average Rdemissions
rates by generator fuel type. To then estimate PMs emissions for each individual generator
in all hours of di erent years, we multiply CEMS-reported hourly generation either by (a)
the generator-speci ¢ emissions rate (for generators in NEI) or (b) the applicable average
by-fuel-type emissions rate (for generators not in NEI), using the rates calculated from the
2008, 2011, and 2014 NEls for the years 2006-2010, 2011-2013, and 2014-2017, respectively.
(More discussion about our use of NEI data is provided in Appendix A.1.) We aggregate
PJM hourly emissions (CQ, SO,, NOy, or PM,.5) and fossil generation by summing across
all generators eGRID 2011 reports as being associated with PIJM.

We further analyze the e ects of including recent nuclear and renewable generation
data from PJM in our estimates. PJM reports system-wide hourly generation by fuel type
starting mid-2015, from which we extract nuclear, wind, hydro, solar, and \other renewable"
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sources as being non-emitting. PJM also reports the fraction of marginal generators in each
hour that belong to each fuel type (where this hourly data is aggregated from the 5-minute
level). As this data does not report theextent of marginal generation from each fuel type{
only the number of marginal generators{we convert it to dummy variables(t) indicating

the hourly presence of each non-emitting fuel type in the marginal generator data at time

t: that is, we let I4(t) = 1 if fuel s is ever marginal during hourt and set it to O otherwise.
For 2016-17 in PIM, we nd that wind, nuclear, and solar are marginal in 27%, 15%, and
0.9% of hours, respectively, and other non-emitting sources are never marginal.

3.2.2 Calculating AEFs

For a given grouping of hours, we calculate the AEF as the ratio of total emissions to total
generation for that grouping. Explicitly, for a pollutant p, generation mixC, regionR, and
set of hoursT corresponding to a given temporal breakdown, the AEF is given by
piC X P X c
AEFgy = Ert = Grus 3.1)

t2T t2T

where E,g;t is the total emissions of pollutantp (kg) and GFC{;t is the total generation for
fuel mix C (MWh), both in region R in hour t.

3.2.3 Calculating MEFs

We estimate MEFs via regression of marginal emissions against marginal generation,
following a similar approach as in previous work [Horl6; HA17; SE+13; SEAM12]. This
approach entails estimating the emissions e ects of potentigstantaneouschanges in power
generation (i.e., counterfactuals we do not observe) using the emissions e ects of changes in
generationbetweenadjacent hours (which we do empirically observe). The fundamental
assumption, here, is that the merit order curve associated with economic dispatch stays
roughly the same between adjacent hours; this means that the generators tivabuld have
been dispatched to serve an instantaneous change in load in a given hour are roughly the
same as those that weractually dispatched to serve changes in load between adjacent
hours. We note that this is indeed an assumption, and does not account for power system
congestion or other factors that may cause the merit order to change (see, e.g., the discussion
in Section 2.3.2). However, we posit that this approach still provides a reasonable rst-
order approximation for marginal emissions factor values, and we employ this approach in
keeping with prior work.

Speci cally, for each pollutant p and hourt, we estimate the hourly marginal emissions

Eg;t (kg) as the hourly change in total regional emissions:

Elg;t = Elg;t Elg;t 1 (3'2)

Marginal generation G‘Fﬁ;t (MWh) is estimated as the hourly change in total regional fossil
generation plus (potentially) in marginal non-emitting generation. That is, we estimate
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marginal generation for fossil-only factors @ = fossil) and factors incorporating non-
emitting generation (C = f+ne), respectively, as

fossil — fossil fossil .

GR;t - GR;t GR;t 1 X (3-3)
f+ne fossil s s .

GR;t GR;t + IS(t)(GR;t R;t l)- (34)
nuclear, wind, hydro,

solar, \other renewables"

s2

We note that this calculation implicitly makes two assumptions regarding the role of
fossil fuels in marginal generation: (a) that fossil fuels are marginal in every hour, and (b)
that all changes in fossil generation are marginal changes. We believe these assumptions to
be reasonable for the present PIJM system. On the rst point, in 2016 and 2017 (the latest
years in which we calculate fossil-plus-non-emitting factors), PJM reports fossil fuels as being
marginal in all but ve hours; in those ve remaining hours, the marginal fuels are ambiguous
but likely include fossil fuels, as the marginal generation is reported as being partially wind
and partially \min gen/dispatch reset"” (i.e., events in which power plants{likely fossil-fuel
power plants{need to account for over-generation in the system). On the second point,
we expect that non-marginal changes in fossil fuel generation are relatively insigni cant
compared to marginal changes; in particular, maintenance events are relatively infrequent
and changes attributed to ancillary services are relatively small. In a future system where
fossil fuels arenot always marginal (i.e. where non-emitting sources may often be marginal),
these assumptions may not hold; in this future case, we would suggest that those estimating
marginal emissions factors modify Equationé3.2){ (3.4) to exclude those changes in fossil-
fuel generation and emissions that are not explicitly associated with marginal generators.

We further note that Equation (3.4) computes the marginal generation for each non-
emitting sources by di erencing its hourly generation before selecting whether to use this
di erence in hourt (i.e., computesl s(t)(Gg, &t 1)) instead of di erencing after selection
(i.e., computing Is(t)Gg, Is(t 1)Gg, ; asin Li, Smith, Yang, and Wilson [Li+17]). We
employ this method because PJM has many contiguous hours in which wind (the dominant
non-emitting marginal fuel) switches between marginal and not marginal, which means
di erencing after selection would lead us to incorrectly includall wind generation from
the marginal hour in our marginal generation estimate. The latter method would thus
overestimate the magnitude of marginal generation from wind. However, we suspect that
Equation (3.4) likely still slightly overestimates the magnitude of non-emitting marginal
generation, as some hour-to-hour changes in non-emitting generation that we count as
marginal are likely due to natural resource variation rather than active response to changing
demand.

Using the estimates(3.2){(3.4), given a set of hoursT, we then calculate MEFs via
regression for hours 2 T, i.e.,

— ,C ,C C.
Elg;tZT = MEF FI;;T G(Fi’;tZT + E;T + ‘F)Q;T' (3'5)

where the sIopel\/IEF%ﬁ of the regression corresponds to the MEF estimate (kg/MWh)
for pollutant p and generation mixC in region R for the set of hoursT, and where pRﬁ
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and pRﬁ are the regression intercept and noise, respectively. We note that this calculation
likely overestimates the magnitude of di erence between fossil-only and fossil+non-emitting
factors, given the prior discussion that the estimate of Gfg;ge calculated via Equation(3.4)
likely overaccounts for non-emitting generation.

3.2.4 Calculating average and marginal damage factors

We additionally calculate average and marginal damage factors (ADFs and MDFs), i.e., the
monetized health, environmental, and climate change damages associated with average and
marginal emissions (2010 dollars). For C we simply multiply the average and marginal
emissions factorAEF ;72 and MEF 3% by a social cost of carbon 0$40/ton CO, to

get their respective damage factorADFggz;C and MDFE;?Z:C (¥MWh); at the time our
analysis was conducted, this social cost of carbon was approximately the value recommended
for U.S. regulatory impact analyses under a 3% average discount rate [Unil6a].

For SO,, NO,, and PM,;5, damages vary by region and population density. Thus,
following Siler-Evans, Azevedo, Morgan, and Apt [SE+13], we convert from emissions to
damagesat the individual generator leveby multiplying hourly emissions by a location-
speci c damage intensity. We aggregate damages to the regional level only after this
generator-level conversion. Generator-level damage intensities are obtained from two distinct
models: an integrated assessment model of U.S. air pollution called AP2 [Mul14] and a
reduced-form air quality model called EASIUR [HAG16]. More information about our use
of these models is included in Appendix A.2.

To calculate pollutant-speci c ADFs and MDFs from our regional aggregations of
damages and generation, we employ similar methods as for AEFs and MEFs. That is, we
simply substitute damagesD§, for emissionsEg, in all previous equations to yield the

average and marginal damage factors AE@J—QT and MDFE{% (¥MWh).
To get a total marginal damage factor (in$/MWh}3across all pollutants, we sum the per-
. - C .
pollutant marginal damage factors asMDF g = 02f COy, SOy, NO, PM2sg MDF Ry © The

aggregated average damage factor A[§ﬁ is calculated similarly.

3.2.5 Selecting factors for emissions/damage assessments

We employ the calculated emissions and damage factors to estimate the e ects of inter-
ventions and loads in PJM. To analyze how commonly-varying assumptions a ect these
estimates, we rst identify a baseline factor that a decision-maker may reasonably use in
their assessments. In all cases, the choice of baseline factor depends on how the interven-
tion or load in question a ects the grid. We describe the rules-of-thumb used in this work
when ascribing this e ect, while recognizing that application-speci ¢ considerations (in-
cluding data availability) may warrant di erent choices of baseline factor in practice. For
additional discussion on these topics, please see Ryan, Johnson, and Keoleian [RJK16] and
Ryan, Johnson, Keoleian, and Lewis [Rya+18].

Average vs. marginal factors. Marginal factors measure the emissions intensity of
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marginal generators, so it is appropriate to use them for interventions or loads that cause
changes in marginal generation (e.g., small changes in demand or the introduction of
renewables [RIK16]). Average factors measure the emissions intensity of all generation and
are thus appropriate for attributing interventions or loads whose e ects are approximately
distributed throughout the generation mix (e.g., large existing loads). We note that in
the presence of cap-and-trade, marginal factors may be zero if emissions caps are binding
[TCC11]; however, since most of PIJM is not part of C®cap-and-trade schemes such as
the Regional Greenhouse Gas Initiative (RGGI) and since NCcaps under the Clean Air
Interstate Rule/Cross-State Air Pollution Rule (CAIR/CSAPR) are non-binding, marginal
factors are nonzero for our case study.

Inclusion of non-emitting sources. In most cases, choosing to include all grid electricity
generation sources (emitting and non-emitting) in factor estimates most accurately captures
the grid e ects of a particular intervention or load. If there is a strong case for why a
particular intervention or load will not a ect non-emitting sources, then it may be reasonable
to use fossil-only factors.

Temporal granularity. In general, factors should be chosen granularly to capture the
actual time frame on which the given intervention or load occurs, while also acknowledging
that factors calculated at more granular level will exhibit more variance (i.e., more uncer-
tainty) than those calculated at aggregate levels.

Regional scope. Regional boundaries should be chosen to match the locations on the grid
that a given intervention or load a ects. These boundaries should be su ciently coarse
to capture regional import/export e ects [RIK16; Unil7c] (as, e.g., loads in one region
may cause generators in another region to ramp), but su ciently granular so as to not
capture grid locations largely una ected by a particular intervention or load. Such exact
attributional analysis may be di cult, however, leading to analyses within administrative
boundaries (e.g., ISOs/RTOSs) in practice.

3.3 Results and discussion

We analyze average and marginal emissions and damage factors for various temporal
scopes and generation fuel mixes in PJM and RFC. We then examine these di erent
factors' implications for estimating the emissions and damage e ects of PJM power system
interventions and loads { speci cally, building lighting e ciency, economic demand response,
and summer load. As all results were similar under the AP2 and EASIUR damage models,
results reported in the text are under AP2, unless otherwise stated; results under EASIUR
are reported in Appendix A.3.
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3.3.1 Annual and monthly emissions factors over time

We analyze average and marginal emissions and damage factors in PJM and RFC from
2006 to 2017, using annual factorsT( contains all hours in a given year) and monthly
factors (T contains all hours in a given month of a given year). Annual and monthly total
damage factors under AP2 (including C® SO,, NOy, and PM,.5) are shown in Figure 3.2.
Numerical comparisons of annual and monthly emissions and damage factors under both
AP2 and EASIUR are shown in Table 3.2.

Figure 3.2: Annual (top) and monthly (bottom) average and marginal factors over time for total damages
under the AP2 damage model (i.e., health damages from S£) NOy, and PM,.5, and climate change
damages from CQ in 2010 dollars) in PIJIM and RFC. Error bars for marginal factors (narrow) represent
regression standard errors and do not re ect the uncertainty in the underlying data. PJM (fossil-only) =
emissions factor estimates using only fossil fuel generation in PIJM; RFC (fossil-only) = emissions factor
estimates using only fossil fuel generation in RFC; PJM (fossil+non-emitting) = emissions factor estimates
using fossil fuel and non-emitting generation in PJM; (MEF) = marginal emissions factor estimate; (AEF)
= average emissions factor estimate. 2016 was the rst full year in which non-emitting generation data was
available, so we only show 2016 and 2017 results for \PJM (fossil+non-emitting)" scenarios.

Our analysis of annual factors shows that fossil-only total damage factors in PIJM
decreased signi cantly over time. For example, by 2017, total damage factors had decreased
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Table 3.2: Comparison of annual and monthly emissions and damage factors (in %). Total damage factors
include CO; climate change damages and S£ NOy, and PM,.5 health and environmental damages. Per-

pollutant ranges capture comparisons for the pollutant's emissions and damage factors. The labels \(M)"
and \(A)" indicate marginal and average factor comparisons, respectively.

Total damage factors

Per-pollutant emissions and damage factors

) Peri
Comparison eriod AP2 EASIUR Co, SO, NO PM 25
_ 2006- 76 (M) 73 (M) 12 (M) 86 to 87 (M) 57 to 73 (M) 65 to 72 (M)
% d tl
(;nnizrle;:o‘r’;’e; J”,\T/I'e 2017 79 (A) 76 (A) 17 (A) 901t 91 (A) | 65t075(A) | 65to 71 (A)
fossil-only ) ' 2016- 19 (M) 15 (M) 5 (M) 24 to 30 (M) 22 to 31 (M) 7 to 17 (M)
y 2017 12 (A) 8 (A) 1(A) 16 to 23 (A) 21 to 26 (A) 210 12 (A)
% d ti
(;nni‘;e;i‘;‘::e:: J':A‘e 2016- 18 (M) 15 (M) 5 (M) 241030 (M) | 22t03L(M) | 7to16 (M)
. 2017 16 (A) 12 (A) 6 (A) 19 to 26 (A) 24 to 29 (A) 7 to 16 (A)
fossil+non-emitting )
. 2006-
Average vs. marginal 2 6 12 -1to 4 -5to 6 -6to9
. 2017
mean % di erence
(annual factors, PIJM
fossil-onl
ossil-only ) 2017 8 3 7 2410 -21 21102 510 10
Average vs. marginal 2016 -48 -45 -37 -58 to -56 -51 to -41 -45 to -36
mean % di erence
(annual factors, PIJM
fossil+non-emitting ) 2017 -46 -43 -37 -56 to -54 -54 to -40 -45 to -36
2006- 2 (M) 5 (M) 2 (M) 210 7 (M) 1to 9 (M) 1to 8 (M)
RFC vs. PIM %
o ere‘r']sce (annu; 2017 3 (A 7 (A) 4 (A 310 11 (A) 410 15 (A) 2107 (A)
factors, fossil-only) 2017 5 (M) 8 (M) 2 (M) 2to0 7 (M) 4 to 20 (M) 19 to 31 (M)
’ v 10 (A) 15 (A) 7 (A) 9to 17 (A) 11 to 30 (A) 19 to 34 (A)
onoy v ey | 200 | SO0 [SOEWN [TRSON [TOEG [ SREE | Ze R
absolute % di erence 0 ) 0 ) D% ) 0 *) 0 *) 08 (A)
(PJM fossil-only factors; 2017 5 (M) 4 (M) 2 (M) 9 to 10 (M) 4 to 11 (M) 5to 8 (M)
ranges are across years) 4 (A) 3 (A) 2 (A) 9to 11 (A) 10 to 15 (A) 2t05 (A)
Monthly vs. annual mean 2016 8 (M) 6 (M) 2 (M) 12 to 15 (M) 8 to 16 (M) 3to 6 (M)
absolute % di erence 11 (A) 9 (A) 6 (A) 13 to 19 (A) 11 to 15 (A) 6 to 10 (A)
(PJM fossil+non-emitting
factors; ranges are across 2017 5 (M) 4 (M) 2 (M) 9 to 10 (M) 4 to 11 (M) 6 to 8 (M)
years) 5 (A) 4 (A) 3 (A) 9to 11 (A) 8 t0 13 (A) 3106 (A)
. - 0 (M) 0 (M) 0 (M) -1to 0 (M) -1 to 0 (M) -1to 0 (M)
Fossil+non-emitting 2016
vs. fossil-only -39 (A) -39 (A) -39 (A) -39 to -38 (A) -39 to -38 (A) -39 to -38 (A)
% di
giizal"fa(':tii”‘fJM) 2017 0 (M) 0 (M) 0 (M) 1100 (M) 1100 (M) 41100 (M)
' -42 (A) -42 (A) -42 (A) -42 10 -41 (A) | -42 to -41 (A) | -42 to -41 (A)
_ 12 (AP2) 75 (AP2) 3 (AP2) 10 (AP2)
Pollutant share in 2006 - -
total damage factor 15 (EAS) 68 (EAS) 5 (EAS) 12 (EAS)
| factors, PIM
E?g:llljinla)c ors so17 ) ) 48 (AP2) 33 (AP2) 4 (AP2) 14 (AP2)
. 53 (EAS) 26 (EAS) 6 (EAS) 15 (EAS)
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by 76-79% (across marginal and average factors) when compared to 2006 levels. Criteria
pollutants contributed signi cantly to this decrease, whereas C@contributed only modestly.

(As a result, criteria pollutants comprised 52% of PJM fossil-only total damage factors
in 2017, compared to 88% of total damage factors in 2006.) This discrepancy between
CO, and criteria pollutants is likely due to the replacement of coal with natural gas plants,
which are about half as CG-intensive as coal plants but much less SG- and NO-intensive
[DG+14]. Speci cally, coal's share in PJM dropped from 60 to 50 GW of capacity between
2007 and 2016 (from 50 to 35% of generation between 2006 and 2014), with natural gas'
share increasing from 50 to 65 GW of capacity (from 20 to 30% of generation) during the
same time periods [PJM17¢]. Additionally, S@and NO, emissions trading programs such
as CAIR and CSAPR prompted installation of emissions controls for criteria pollutants
[Unil2b; DG+14; Cenl7].

These steep changes over time highlight the importance of updating emissions factor
estimates on a regular basis. Using outdated emissions factors may imply signi cantly
in ated conclusions as to the e ectiveness of modern power system interventions, especially
for criteria pollutants. Similarly, this nding underscores the need for accurate estimation
of future emissions factors (via data- or optimization-driven approaches) when designing
future interventions.

Comparing marginal and average factors, we nd that while total fossil-only annual
average damage factors overall slightly exceeded their marginal counterparts during 2006-
17, average factors decreased at a faster rate than marginal factors. In fact, average total
damage factors droppedbelowtheir marginal counterparts during 2015-2017. We suspect
this is becausamarginal natural gas units were less clean thaaveragenatural gas units,
even though natural gas replaced coal at similar rates in both baseldadnd marginal
generation [PIJM17a; PIJM17¢].

Adding non-emitting generation to our factors in 2016 and 2017 (the two full years for
which we have the relevant data) exacerbates di erences between marginal and average
factors, with averageannual fossil+non-emitting total damage factors close to half their
marginal counterparts. While this result is not surprising (as fossil+non-emitting average
factors require dividing emissions byotal generation rather than just fossil generation, and
fossil+non-emitting marginal factors capture the fact that nuclear and renewable sources are
often non-marginal), it has tremendous implications for policy implementation. For instance,
evaluating a marginal intervention using a fossil+non-emitting average emissions factor (the
type of AEF reported by PIJM [PJM17c]) could underestimate the e ects of that intervention
by 36-58% (across all pollutants and damage models in both years), potentially ipping
a policy decision about whether that intervention should be pursued. This underscores
the importance of rigor and transparency when publishing emissions/damage factors and
applying them to system analyses, whether using average or marginal factors.

Using PJM vs. RFC boundaries also leads to di erences in total damage factors. While
RFC factors followed qualitatively similar temporal trends to PJM factors during this time

20ur statement about the reduced GHG emissions of natural gas power vs. coal power does not account
for the potential e ect of methane leaks in natural gas infrastructure (which are not re ected in our
emissions data).

3Baseload refers to power generation that consistently stays \on" to meet minimum power demand.
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period, RFC's total damage factors were generally higher than PIM's (by 2-7% across
all years and by 5-15% in 2017, across AP2 and EASIUR marginal and average factors).
Across all yearsdamagefactors for NO, diverged the most of any individual damage factor
despite relatively similaremissionsfactors. In 2017, PM.s factors were also much higher in
RFC than PJM. This is possibly due to the presence of coal plants near population centers
in Michigan that are captured in RFC but not in PJM, as suggested by EIA and census
data [BurlO; Unil7a].

Finally, we nd that annual factors mask some of the intra-annual variability in emissions
factors: monthly total damage factors exhibit mean absolute di erences of 3-16% from their
corresponding annual total damage factors (for PJM fossil-only factors across marginal and
average factors in 2006-17), with most of the variability due to SOand NOy. In other
words, using an annual factor to evaluate or design interventions could potentially miss
important di erences between emissions and damage factors in di erent months and hours,
especially for criteria pollutants.

Overall, we nd that the distinction between marginal and average factors drives the
largest changes in emissions and damage factors, speci cally when incorporating non-
emitting generation (as is common for average factors). Using outdated factors can also
signi cantly change estimated intervention results, and thus power system interventions
should be evaluated using emissions factors for the year in which they took or will take
place (which is sometimes not the case in existing literature and policy evaluations). Both
the use of PIJM vs. RFC regional boundaries and intra-annual variability are also somewhat
in uential in driving emissions and damage factor values, especially for criteria pollutants.

On the other hand, we nd that adding non-emitting generation has virtually no (less
than 1%) e ect on marginal factor estimates. This is because while non-emitting sources
(particularly wind and nuclear) are marginal in a nontrivial number of hours, the amount
of marginal generation (i.e. the magnitude of hour-to-hour generation changes in marginal
hours) attributed to these sources is small. These results imply that fossil-only marginal
factors are adequate to evaluate marginal interventions in PJM at this time, though we
emphasize that this latter nding is specic to the PJM region during the time period
evaluated (2016-17) and thus may not be appropriate in modeling system emissions in other
regions or time periods.

3.3.2 Intra-annual variability in emissions and damage factors

We now examine the intra-annual temporal variability in emissions factors in 2017, the latest
year for which we have a full year of both fossil and non-emitting generation data. Speci cally,
we examine average and marginal emissions and damage factors partitioned by month and
time of day (i.e., monthly TOD). Figure 3.3 illustrates AP2 total damage factors in all months
of 2017 for three pairings of emissions and generation: PJM with fossil generation only, PJIM
with non-emitting generation (fossil+non-emitting), and RFC with fossil generation only.

We nd ample intraday variability in monthly TOD marginal emissions factors. Monthly
TOD marginal emissions factors for C@, SO,, NOy, and PM,.5 vary on average by 3-8%, 25-
186%, 21-36%, and 6-27%, respectively, from their monthly means, with maximum variations
of 26%, 761%, 114%, and 67%, respectively (where these ranges are across all months in
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Figure 3.3: Monthly time of day total damage factors under the AP2 damage model (incorporating health and
climate change damages for C@, SO,, NO, and PM,.s, in 2010 dollars), in all months of 2017. Error bars
for marginal factors represent regression standard errors and do not re ect the uncertainty in the underlying
data. PIM (fossil+non-emitting), PIM (fossil-only), and RFC (fossil-only) are as de ned in Figure 3.2.
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2017 for PJM fossil-only factors). The corresponding total damage factors from AP2 vary
by 13-100% from their monthly means, with a maximum variation of 458%. The shapes of
the intraday marginal emissions curves also di er between months (see Figure 3.Akerage
monthly TOD factors vary much less by hour of day, likely because average factors are
primarily determined by baseload (which does not change signi cantly throughout the day).

We nd that di erences between PJM and RFC marginal factors are exacerbated at
this level of granularity, with RFC fossil-only marginal total damage factors on average
20% higher than their PIJM counterparts in 2017 under AP2. (This number is 94%
under EASIUR.) This result indicates that PJM and RFC factors are not necessarily
interchangeable at this level of temporal granularity.

At monthly TOD granularity, we also do nd a modest di erence between fossil-only
and fossil+non-emitting marginal monthly TOD factors in PJM, with fossil+non-emitting
damage factors on average 6% lower than their fossil-only counterparts under AP2, and
13% lower under EASIUR.

Overall, we see a great deal of intra-annual and intraday variability in PJM marginal
emissions factors that is not captured by annual or monthly level factors. As such, we
recommend using granular factors when appropriate in order to design and evaluate the
e ects of marginal interventions. However, as a caveat, monthly TOD factors exhibit much
greater uncertainty (i.e. have higher standard errors) than monthly or annual factors, due
to higher susceptibility to outliers. As such, modelers who use monthly TOD or other
granular factors should explicitly propagate the associated standard errors in their estimates
in order to be transparent about the underlying uncertainty in these estimates.

3.3.3 E ects of a building-level lighting intervention

To illustrate the importance of di erent emissions and damage factor assumptions, we
assess the e ects of a simple building-level lighting intervention in 2017 under the di erent
factor types discussed above. Speci cally, we estimate the e ects of reducing residential
consumption by 100W from 8pm to midnight, e.g. by switching two 60W incandescent
bulbs to 10W LEDs for indoor residential nighttime use. This scenario is simply meant
to be illustrative of the magnitude of emissions and damage reductions possible, as more
detailed assumptions about lamp types and usage patterns would be needed for an actual
lighting policy evaluation.

Figure 3.4a shows the health, environmental, and climate change damages of this
intervention under di erent emissions factors, using the AP2 damage model and$40/ton
CO; cost of carbon. As we are measuring the hourly e ects of marginal changes in this
example, we use marginal monthly TOD fossil+non-emitting damage factors (for PIM in
2017) as a baseline. All percentage comparisons in this section are relative to this baseline.

Several important points are highlighted with this simple example. First, we see a wide
range of estimates for the damages avoided, ranging fré#-12 depending on the factor
used, with a baseline estimate ¢§9. This di erence is important: assuming this intervention
were implemented in the approximately 25 million households in PJM (estimated given
a population of 65 million in PIM [PJM18] and an average of 2.58 people per household
[Uni12a]), the estimated annual social damages avoided would range frét®0 to 300 million.
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(a) Total annual damages avoided for a 2017 nighttime building level lighting intervention in PIM
that induces a daily 100W reduction from 8pm to midnight.

(b) Total damages avoided for 2017 PJM historical demand response, assuming complete load

shedding. For context, PJM demand response revenue wah2.4 million (2010 dollars) in 2017
[McA18].

(c) Total damages from 2017 PJM summer metered load (June-August). For context, PIM's annual
billings in 2016 were approximately $40 billion (2010 dollars) [PIJM18]. As we do not estimate
hourly-level marginal factors, and since hourly level 2016 factors should not be applied to 2017, we
omit hourly-level estimates in these cases.

Figure 3.4: E ects of interventions and loads evaluated as assessed with damage factors under the AP2
damage model (incorporating health and climate change damages for GO SO,, NOy, and PM,.5, in 2010
dollars). Baseline factor e ects are indicated with an asterisk. Error bars (narrow) represent propagated
regression standard errors. PJM (fossil-only) = assessment with 2017 emissions factor estimates using only
fossil fuel generation in PIM; PIM (fossil+non-emitting) = assessment with 2017 emissions factor estimates
using fossil fuel and non-emitting generation in PIJM; PJM (fossil+non-emitting 2016) = assessment with
2016 emissions factor estimates using fossil fuel and non-emitting generation in PJM; RFC (fossil-only) =
assessment with 2017 emissions factor estimates using only fossil fuel generation in RFC.
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Figure 3.5: PJM's reported economic demand response by month in 2017. In 2017, monthly DR reductions
ranged from 2 GWh (in February) to 9 GWh (in July), with a total of 62 GWh throughout the year
[McA18]. (This amount corresponds to less than 0.01% of PJM's annual load.)

Our results also highlight that the distinction between marginal and average factors
is the most in uential in driving results for this intervention. Speci cally, using average
emissions factors grossly underestimates the damages avoided by this marginal intervention,
especially with the inclusion of non-emitting generation. Indeed, thaverage fossil+non-
emitting counterparts to the baseline underestimate damage reductions by 45%, and even
the average fossil-onlycounterparts to the baseline underestimate damage reductions by 6%.

While average factorainderestimatemarginal intervention e ectiveness in 2017, outdated
factors signi cantly overestimatee ectiveness. For instance, if a decision-maker employing
the baseline monthly TOD fossil+non-emitting factors were to use (relatively recent) data
from 2016 instead of 2017, they would overestimate the total damages avoided in this
example by 35%. We choose 2016 for comparison since, at the time of this analysis (which we
conducted over 2017-18), it was the data year for the EPA's most recent eGRID factors, which
may have viably been used by policymakers for intervention design and emissions targets.

As suggested by our factor comparisons, the distinctions between PJM and RFC factor
assessments are more modest (within 8%), as are the distinctions between assessments using
PJM fossil-only vs. fossil+non-emitting marginal factors (within 3%). In this case, the
distinction between annual, monthly, and monthly TOD factors is also less in uential (less
than 2%) since the intervention is implemented uniformly across the year and for multiple
hours each day, causing intra-annual and intraday variations in factors to average out.

3.3.4 E ects of historical demand response

Demand response (DR) entails the participation of demand resources in energy and capacity
markets, and can bene t the U.S. power system by curbing electricity emissions and costs
[Wal+08] given real-time power grid information. Numerous studies have explored DR
implementation in di erent settings [AES08; PD11; FIN18; Zha+15]. There has been a
great deal of recent regulatory activity in this area; for instance, a 2016 Supreme Court
order potentially encouraged DR in energy markets by allowing it to be compensated
as electricity generation [Uni16b], but PJIM meanwhile curbed DR's participation in the
capacity market by imposing capacity performance requirements [PJM17b].

We analyze the historical emissions and damage e ects of PIM's existing DR program
as input to decision-making. PJM reports aggregated historical demand response at the
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monthly level. In 2017, monthly DR reductions ranged from 2 GWh (in February) to 9 GWh

(in July) with a total of 62 GWh throughout the year [McA18], which corresponds to less
than 0.01% of PJM's annual load (see Figure 3.5). Since demand response in reality occurs
at a granular time scale, monthly-level analyses may miss important e ects stemming from
intraday variation in marginal factors. We note further that we evaluate DR reductions as
reported by PJM assuming complete load shedding, and do not account for potential load
shifting or social damages from behind-the-meter generation used for DR (due to the lack
of access to granular data). However, these e ects can potentially have large impacts on
demand response assessments (see Appendix A.4), warranting the release of more granular
data to enable accurate assessments.

In the absence of more granular data, the assessed e ects of monthly-level demand
response for total damages under AP2 (assuming complete load shedding) are shown
in Figure 3.4b. As we are measuring the monthly e ects of marginal changes, we use
marginal monthly fossil+non-emitting damage factors (for PIM in 2017) as our baseline.
All percentage comparisons in this section are relative to this baseline.

We nd that the annual health, environmental, and climate change damages avoided
by demand response range froi2.0 to 4.7 million depending on the factor used, with a
baseline estimate of3.7 million. For context, PJM economic DR revenue { which gives a
lower bound on avoided electricity sales { wa$2.4 million (2010 dollars) in 2017 [McA18].

Similarly to the previous intervention, the average vs. marginal factor distinction
and year of calculation are the most important assumptions driving results. Thaverage
fossil+non-emitting counterparts to the baseline underestimate total damages avoided by
46%, and even theaverage fossil-onlycounterparts to the baseline underestimate damages
by 7%. On the other hand, the 2016 counterparts to the baselimwerestimatetotal damages
avoided by 25%.

In this case, we again see that the distinctions between PJM and RFC factors and fossil-
only vs. fossil+non-emitting factors do not signi cantly drive estimates of damages avoided,
leading to di erences of less than 5% and less than 1%, respectively. The distinctions
between annual and monthly factors are also not in uential (less than 1% di erence) in
this case, as monthly-level demand response reductions are relatively evenly distributed
throughout the year.

3.3.5 E ects of historical summer load

As a nal example, we assess the emissions e ects from historical load in PJM in the
summer (June-August 2017), when demand is highest. Speci cally, peak load during these
summer months is 146 GW, but only 132 GW in the rest of the year (see Figure 3.6).

The assessed e ects of this load for total damages under AP2 are shown in Figure 3.4c.
Since we are measuring the hourly e ects dbtal load as opposed to a marginal change, we
useaveragefossil+non-emitting damage factors (for PJM in 2017xomputed for each hour
of the year as a baseline for this example. All percentage comparisons in this section are
relative to this baseline.

We nd that the health, environmental, and climate change damages of summer load
range from$7.0 to 16 billion depending on the factor used, with a baseline estimate $f.1
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Figure 3.6: PIM hourly metered load in 2017. (Data from PJM Data Miner 2 [PIM17d].)

billion. For context, PJM's total billings in 2017 were approximately$40 billion [PJM18].

The choice to include or exclude non-emitting generation extremely in uential for
assessments of total loads such as summer demand, as the fossil-only counterparts to the
baseline overestimate damages avoided by 63%. The distinction between marginal and
average factors also becomes more important with the inclusion of non-emitting generation,
as the marginal monthly TOD counterparts to the baseline overestimate total damages by
83%. It is thus extremely important that policymakers consider whether including non-
emitting generation makes sense for their particular application (instead of simply using
published fossil+non-emitting average factors by default) and be particularly mindful of the
distinction between average and marginal factors in the presence of nuclear and renewables.

As in the previous cases, using the 2016 monthly TOD counterparts to the baseline
overestimates damages by 25%. The annual counterparts to the baseline only negligibly
underestimate damages (since intra-annual variations in average fossil+non-emitting factors
are averaged out over the summer months), and as per our analysis of monthly TOD factors,
granularity beyond the monthly level does not a ect damage assessments.

3.4 Policy implications

Our analysis of emissions and damage factors for PJM highlights the great importance of
using appropriate assumptions about average vs. marginal factors, year of calculation, and
inclusion of non-emitting generation (and the potential importance of assumptions such as
temporal and regional scope) when evaluating interventions and loads. Such assumptions
can signi cantly drive power system intervention assessments, potentially ipping policy
decisions about intervention implementation, design, and incentives. In particular, we
suggest that decision-makers employ marginal factors for marginal interventions and average
factors for total load assessments, especially since public marginal emissions factor estimates
are now readily available for the United States [Aze+21]. If there is ambiguity as to which
factor is appropriate, we recommend conducting a sensitivity analysis across both types of
factors. We also suggest that regulators and PJM decision-makers update emissions and
damage factors frequently (e.g., at least once per year) and always use emissions factors
from the year in which the intervention under evaluation was implemented. Similarly,
for the design of future interventions, we recommend that decision-makers develop and
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use accurate forecasting methods for grid emissions factors. These recommendations are
particularly important given that average factors change at di erent rates than marginal
factors, leading the relative e ectiveness of average vs. marginal interventions to di er over
time. The interactions between cap-and-trade and marginal factor calculations should also
be examined over time, as caps should be set to re ect marginal (not average) impacts.

While we nd that intra-annual and intraday variability is not in uential in our assess-
ments of interventions and loads, we nd that both marginal and average factors do vary
throughout the year, and marginal factors vary quite a bit throughout the day. We suggest
that policymakers examine the intraday and intra-annual variability in emissions factors
to design incentives that target interventions at high-intensity (and thereby high-impact)
times of the day and year.

Nuclear and renewable generation currently only minimally a ect PJIM MEFs, but
this conclusion may change with the increasing prevalence of renewables. Our method of
regression with dummy variables is also only one potential way to include non-emitting
sources in marginal emissions estimates, and relies on data about when di erent fuel sources
are marginal (which may not be available in all desired regions of analysis). Important
future work would involve exploring di erent methods of including non-emitting sources in
marginal factor estimates, particularly ones that can detect whether non-emitting generation
is at the margin given hourly generation and emissions from system generators.

While our work assesses sensitivities for generation-based emissions and damage factors,
we do not consider the di erences driven by distinctions betweegeneration-based factors
and demandbased factors [GZKM14]. In 2017, PIM total (real-time and day-ahead) gross
imports and exports were 44 TWh and 87 TWh, respectively [Anal7], which corresponds to
about 6% and 11% of PJM's annual load served. The distinction between generation-side
and demand-side factors could thus potentially impact intervention estimates and would be
worth examining in future work.

We nally note that the kinds of emissions-reducing interventions and loads studied
here are equally important from both the climate change and public health perspectives.
In particular, climate change-related damages and health-related damages each comprise
about half of the total damage factors in 2017. As such, we suggest that policymakers in
both the climate change and health domains consider the insights provided by our work
when selecting baseline factors for the assessment of power system interventions.
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A
Chapter

Matrix Completion for Distribution System
Voltage Estimation

With the rising penetration of distributed energy resources, distribution system control and
enabling techniques such as state estimation have become essential to distribution system
operation. However, traditional state estimation techniques have di culty coping with the
low-observabilityconditions often present on the distribution system due to the paucity of
sensors and heterogeneity of measurements in most systems. To address these limitations,
we propose a distribution system state estimation algorithm that employs matrix completion
(a tool for estimating missing values in low-rank matrices) augmented with noise-resilient
power ow constraints. This method operates under low-observability conditions where
standard least-squares-based methods cannot operate, and exibly incorporates any network
quantities measured in the eld. We empirically evaluate our method on the IEEE 33- and
123-bus test systems, and nd that it provides near-perfect state estimation performance
(within 1% mean absolute percent error) across many low-observability data availability
regimes. This work is now being used within collaborations between the National Renewable
Energy Laboratory (NREL) and the Hawaiian Electric Company (HECO), as HECO
contends with increased penetrations of distributed solar power on its system.

The work in this chapter has previously been published in:

Priya L. Donti, Yajing Liu, Andreas J. Schmitt, Andrey Bernstein, Rui Yang,
and Yingchen Zhang. \Matrix Completion for Low-Observability Voltage
Estimation." IEEE Transactions on Smart Grid 11.3 (2019), 2520{2530.
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4.1 Introduction

State estimation is one of the most critical inference tasks in power systems. Classically,
it entails estimating voltage phasors at all buses in a network given some noisy and/or
bad data from the network [Lia82]. Estimates are obtained via the (generally non-linear)
measurement model:

z=hx)+ ; (4.2)

wherez 2 C™ is a vector of measurementsg 2 C" is a vector of quantities to estimate
(typically, voltage phasors),h() is a vector of functions representing the system physics (i.e.,
power- ow equations), and is a vector of measurement noise. The state-estimation task is
then to estimate x given z and some knowledge dif( ) (e.g., its Jacobian matrix). State
estimation has been thoroughly addressed in transmission networks, wherein sysi{gm)

is typically overdeterminedand fully observable that is, (i) the number of measurementsn

is at least the number of unknowns, and (ii) the JacobianJ 2 C™ " of h() is (pseudo)
invertible in the sense that 0 "J) ! exists. As transmission systems conventionally have
redundant measurements that satisfy the observability requirement, classical least-squares
estimators are applicable and can operate e ciently [AEO4].

In contrast, the use of state estimation has historically been limited in distribution net-
works [Deh+18]. Due to limited availability of real-time measurements from Supervisory
Control and Data Acquisition (SCADA) systems, Equation(4.1) is typically underdeter-
mined (m < n), rendering standard least-squares methods inapplicable. Accurate distribu-
tion system state estimation was also previously unnecessary since distribution networks
only delivered power in one direction towards the customer, requiring minimal distribution
system control. This led industry to in practice use only simple heuristics (e.g. based on
simple load-allocation rules [DHZ02; PSM04]) to roughly calculate power ow.

However, due to the increasing adoption of distributed energy resources (DERS) at the
edge of the network [DKO08], distribution system state estimation has become increasingly
important [PL17]. There is thus a large focus in the literature on low-observability state
estimation techniques. Many existing methods attempt to improve system observability,
e.g., by optimizing the placement of additional system sensors [SPV09; BKV18; JZ16] or by
deriving pseudo-measurements from existing sensor data [Man+12; WHJ13]. Unfortunately,
installation of additional sensors may be expensive or slow, and pseudo-measurements
can introduce estimation errors [Clel1] or be extremely data-intensive to obtain [Man+12;
JZ16]. Other methods seek to perform state estimation using neural networks, without
constructing an underlying system model [Per+16]. While such machine learning methods
can obtain accurate estimation results, training these methods requires a signi cant amount
of historical data, which may not be available. As such, there is a need for state estimation
methods that can exploit problem structure to perform state estimation at current levels of
data availability and observability.

In this chapter, we propose a low-observability state estimation algorithm based amatrix
completion [CR09], a tool for estimating missing values in low-rank matrices. We apply this
tool to state estimation for a given time step by forming a structured data matrix whose
rows correspond to measurement locations, and whose columns correspond to measurement
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types (e.g., voltage or power). While some methods require collecting data over large time
windows [BKV18], our approach enables \single shot" state estimation that employs only
data from a single time instance. Our approach is closely related to recent works [Gao+16;
Gen+18; Lia+19] that use matrix completion to estimate lost phasor measurement unit
(PMU) data over a time series, but while these works estimate missing quantities exclusively
at measurement points, we consider the problem of estimating quantities even at non-
measurement points where the quantities to be estimated may never have been measured.
The main contributions of this chapter are:

" A novel distribution system state estimation method based on constrained matrix
completion. By augmenting matrix completion with noise-resilient power ow con-
straints, the proposed method can accurately estimate voltage phasors under low-
observability conditions where standard (least-squares) methods cannot.

A exible framework for employing various types of distribution system measurements
into state estimation. Whereas many works (e.g. [KZ15; WHJ13; BKV18]) require
speci ¢ measurements for estimation, our approach can accommodate any quantities
measured in the eld.

An empirical demonstration of the robustness of our method to data availability and
measurement loss.

4.2 Matrix completion methods

We start by introducing constrained matrix completion a method that is central to our
proposed approach.

4.2.1 Matrix completion

Given an incomplete matrix that is assumed to be low-rank, the matrix completion problem
aims to determine the unknown elements in this matrix. Formally, leM 2 R"t "2 be a
real-valued data matrix; f 1,:::;ng f 1;:::;n,g describe the known elements iV ;
andM 2 R™ "2 denote the observation matrix, whereM )« = M for (j;k) 2 and

0 otherwise. Matrix completion can then be formulated as a rank minimization [CR0O9]:

minimize rank(X)
X 2R n2 4.2)
subjectto X =M ;

where the decision variableX estimatesM . As the optimization problem (4.2) is NP-hard
due to the non-convexity of the rank function, it is common to use a heuristic approach
that instead minimizes thenuclear norm of the matrix [CRO9]:

minimize kX k
X2RM n2 (4.3)
subjectto X =M ;
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wherekX k sums the singular values oK. Given a su cient number of randomly-sampled
entries inM  (depending on the matrix size and rank), problen{4.3) often has a unique
minimizer X that equalsM [CRO09]. In practice, this problem can be solved e ciently using
truncated nuclear norm regularization or other methods [Hu+13; KMO10; Grol1].

Due to the nature of the equality constraint, formulation(4.3) is highly susceptible to
noise. To alleviate this problem, Candes and Plan [CP10] proposed an algorithm to handle
noisy measurements. The algorithm modi es the equality constraint in (4.3) to

KX M ke (4.4)

wherek kg is the Frobenius norm and 0 is a parameter that can be tuned based on
the extent of measurement noise.

4.2.2 Constrained matrix completion

Now suppose that the values in the matriXM come from some physical system (e.g., a
power system). It is then natural to extend formulation(4.3)/ (4.4) to incorporate system
physics via the followingconstrained optimization problem:

minimize kX k

X2R"1 N2
subjectto kX M ke (4.5)
kg(X)kz
for ; 0, whereg( ) is a vector of functions representing system physics (e.g., power- ow
equations). We note that:
" The additional constraint kg(x)ka incentivizes low-rank solutions that respect

the system physics.

" The choice of and is problem-dependent. These parameters can be chosen based
on the extent of measurement noise, or the objective function can be augmented with
terms that try to minimize their values.

" If g() is nonlinear, (4.5) is typically non-convex and computationally challenging.

4.3 Low-observability state estimation

We now present our low-observability state estimation algorithm, which employs the
constrained matrix completion model(4.5). We describe our power system model, possible
formulations of M, and possible physical constraintg( ) before showing our full formulation.

4.3.1 Power system model

Let B denote the set of buses, where bus 1 is the slack bus and the remainByg 1 buses
are PQ buses: Further,let m B B denote the set of distribution lines. We describe

The slack (or reference) busis a power generation bus that, by mathematical convention, provides
a reference voltage angle for the rest of the system; in the context of distribution systems, the slack

46



the nodal admittance matrix W 2 CBBl in block form as

W = Wi 2C Wy 2 ct (B D
T W, 2C@® Doy, 2cl® DD

Let v 2 CB and s 2 C®B be the vectors of (partially unknown) voltage phasors and net

complex power injections, respectively, at each bus. We denote the slack bus voltage phasor

and power injection asv; and s;, respectively, and similarly denote the vectors of non-slack

bus voltages and power injections ag ; and s ;. Finally, let 2 CH be the vector of

(partially unknown) complex currents in eachbranch (i.e., line on the power system), where

¢t is the currentin line (f;t) 2 L.

4.3.2 Data matrix formulation

The formulation of the data matrix M (and thus the optimization variable X ) can vary
based on the particular attributes of the problem setting, e.g., the kinds of measurements
available and problem scale. We present two possible formulations here, one indexed by
branches and one indexed by buses. However, we emphasize thatproposed method is

not limited to using these matrix structures The matrix M can be exibly structured to
accommodate available measurements, as long as these measurements are correlated so that
M is (approximately) low rank.

4.3.2.1 Branch formulation

M can be structured such that each row represents a power system branch and each column
represents a quantity relevant to that branch. This structure allows us to take advantage
of both bus- and branch-related measurements. Speci cally, for every linet) 2 L, the
corresponding row in the matrixM 2 R"t "2 contains:

[Re(v); Im(vt); jvij; Re(se); Im(st); Re(w);
Im(ve); jvid; Re(sy); Im(sy); Re(ri); Im( 1) I;
wheren; = jLj and we employn, = 12 quantities per row, and whereRe and Im refer to

the real and imaginary parts, respectively, of complex phasors.

4.3.2.2 Bus formulation

M can also be structured such that each row represents a bus and each column represents
a quantity relevant to that bus. That is, for every busb2 B, the corresponding row in the
matrix M 2 R"* "2 contains:

[ Re(vy); Im(Vy); jvij; Re(sp); Im(sy)];

bus usually refers to the distribution substation, i.e., the bus connecting the distribution system to the
transmission system. The terminologyPQ bus refers to a demand bus without any controllable power
generation capacity (but which may have, e.g., variable rooftop solar power).
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(a) IEEE 33-bus feeder (branch formulation; (b) IEEE 123-bus feeder (multi-phase bus formula-
dim. 32 12). The largest singular value (out of tion; dim. 263 5). The rst 3 (of 5) largest singu-
12) comprises>98% of the singular value sum. lar values comprise 95% of the singular value sum.

Figure 4.1: Singular values of data matrices for the IEEE 33-bus and 123-bus systems. The bars show the
individual singular values (normalized by the singular value sum), and the circles show the cumulative
sums of the (normalized) singular values.

wheren; = jBj and we employn, = 5 quantities per row. While this structure only employs
bus-related measurements, its advantage is that it yields small matrices that can be used
for e cient estimation on large-scale problems.

4.3.2.3 On the low-rank assumption

To employ the matrix completion framework described in Section 4.2, it is necessary that
M be (approximately) low rank. Roughly speaking, this means tha! must be structured
such that its rows and/or columns are correlated.

The branch and bus formulations we propose here structutd such that each row
represents a location (branch or bus) and each column represents a type of measurement
(voltage, power, etc.) There are two types of correlations that are possible in this case. The
rst is among the rows, representing the spatial correlation between di erent locations in
a power grid; this property is system dependent (e.g., correlation between loads at neigh-
boring buses). The second type of possible correlation is among columns, representing the
correlation between di erent types of measurements; this type of correlation is more gen-
eral, as implied by the fact that the power system equations employing these measurements
can be expressed in (approximate) linear form [BW89; BD17] (see Section 4.3.3). Therefore,
these data matrix formulations should be approximately low-rank.

We observe empirically that this low-rank property holds in practice. Figure 4.1 shows
the cumulative percentage distribution of singular values for the IEEE 33-bus feeder
[MAT20] (using a branch formulation) and the IEEE 123-bus feeder [IEE10b] (using a bus
formulation). In both cases, we see that a few singular values comprise much of the singular
value sum, implying these matrices are (approximately) low-rank.
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4.3.3 Physical power ow constraints

As described in Section 4.2.2, we augment matrix completion with power system constraints
to encourage physically meaningful solutions. These constraints are linear to ensure that
problem (4.5) is convex. We describe the constraints we use below, but note that constraints
can be added, removed, or modi ed depending on the types of measurementd/in

4.3.3.1 Duplication constraint

Depending on the formulation, some quantities may appear in more than one locationh.
For example, in our branch formulation, quantities related to a given bus appear in multiple
rows if the bus is in multiple branches. We thus constrain equivalent quantities in the
matrix to be equal. Formally, let be a set containing the indices of all pairs of duplicated
quantities in M, suchthat (( 1; 2);( 3 M2 0 M, Mg 9. We require that

X 3,5 X081 2i(% )2 ¢ (4.6)

4.3.3.2 Ohm's law constraint

When M contains both bus- and branch-related quantities (as in the branch formulation),
we can apply Ohm's Law, de ned as

(i Vwr = 55 8(fit)2L; (4.7)

wherews; is the line admittance. However, using an exact equality constraint may cause
the matrix completion problem to become infeasible, e.g., due to measurement noise. We
thus employ a noise-resilient version of Ohm's Law, i.e.,

r:ft Re ((vi Vi)W ft ) r;ft

X 4.8
c;ft Im (( Vi Vt)Wft ft ) c;ft ( )

where .t ; cit 2 Ry are respective error tolerances for the real and complex parts of
Ohm's Law on line §;t) 2 L.

4.3.3.3 Linearized power ow constraints

As the exact AC power ow equations are non-linear (see Section 2.3.2), we employ Cartesian
linearizations of these equations. For non-slack voltages and power injections, we employ
approximations of the form

vi A ::\::((2 3 + U (4.9a)
Vi C IF::((z 3 + juj: (4.9b)
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For example, using the method proposed in Bernstein and Dall’Anese [BD17], we can
let u = _v_1WLL1WL 1 2 CB 1 pe the vector of non-slack zero-load voltages ast C 2
clBi 1) 208l 1) he de ned for some non-slack voltage estimatas {*as

A= W, 'diag® ;) * jw ‘diag® ;) ! ; (4.10a)
C =diag(j¢ 1j) 'Re diag(? 1j)A : (4.10b)

For our case, we lef 1 = u: We note, however, that other methods to obtain the linear
approximations (4.9) (e.g., data-driven regression methods [Liu+18]) can also be leveraged.
To relate voltages with the power injection at the slack bus, we employ the exact power
ow equation
S1 = Vi(W1Vi + Wy V ). (4.11)

This equation is linear in voltages since; is known.
As in Section 4.3.3.2, we relax these constraints into noise-resilient versions as

2 3
toH Rev, A R 4y to#
r Im(s ;) r
; (4.12a)
c Im v A ReE) L c
! Im(s 1)
. . Re(s 1) . . .
v C +ju ; 4.12b
J Vo Im(s ;) T4 (4.12b)
Re s vi(W Vi + Wy v
r 1 1(_11 1 _1L 1) r : (4.120)
c Im s;  vi(WpVi+ Wy v ) c
where ,; ¢ 2 RLBj o ¢ 2 R, are error tolerances, and inequalities are evaluated

elementwise.

4.3.4 FRull problem formulation

Given these power ow constraints, we collect our error tolerances into the sé& =

fr o oy 1) cgandform our constrained matrix completion problem (4.5) as
X
minimize kXk + w k k; (4.13a)
X2R"1 N2: E oF
subjectto kX M ke (4.13b)
(4.6); (4.8); (4.12a) (4.12b), (4.12c) (4.13c)
0, 8 2E; (4.13d)

where in this case we add each constraint tolerance E to the objective with an associated
weight w . Each weight is chosen to re ect the relative importance of its constraint. For a
branch-formulated M , the above formulation can be used as-is. For a bus-formulatéd,
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equations(4.6) and (4.8) are removed from the constraints (and their associated parameters
r; ¢ are removed fromE) sinceM does not contain duplicated quantities or branch current
measurements.

Formulation (4.13) allows the matrix completion optimization to explicitly trade o
between the low-rank assumption and delity to the power ow constraints, without
requiring tuning of each entry of each constraint tolerance vector. We further observe
that, since the objective is convex and all constraints are linear in the entries ¥f, this
formulation is a convex optimization problem and can be solved e ciently.

We note that our approach is closely related teegularized least-squaremethods. Indeed,
for underdetermined systems, regularization is typically used to bring structure into the
problem and identify a unique meaningful solution. For example, ridge regression employs
“»-norm regularization, whereas the popular LASSO regression technique employsiorm
regularization to promote sparse solutions. Our approach can be viewed as a variant of a
least-squares problem witmuclear norm regularizationin order to promote solutions that
are low rank.

In practice, we formulate(4.13) as a semide nite program (SDP) to solve it using an
SDP solver. In particular, as described in [CR09], the constrained matrix completion
problem (4.13) can be rewritten as

X
minimize trace(D;) +trace(D;) + w Kk ko (4.14a)
X2R"1 "2;E;
Dj2R"M N1; 2E
D22R"2 "2
subjectto kX M ke (4.14b)
(4.6); (4.8); (4.12a) (4.12b); (4.12c) (4.14¢)
0, 8 2E; (4.14d)
D, X _
XT D, 0; (4.14e)

where the optimization variables are nowK and E (as before) and additionally the matrices
D, and D,. As this formulation is an SDP, it can be solved using a standard SDP solver.

4.3.5 Extension to the multi-phase setting

While for brevity we formally present only a single-phase, balanced formulation, our
approach can easily be extended to the genemalulti-phase setting. Speci cally, M can be
structured to include phase-wise quantities, and the constraints presented in Section 4.3.3
can be replaced with multi-phase versions (see, e.g., [BD17; Ber+18]). We empirically
illustrate the application of our method to a multi-phase 123-bus test case in Section 4.4.2.

4.4 Simulation and results

We demonstrate the voltage estimation performance of our matrix completion method on
the IEEE 33-bus [MAT20] and 123-bus [I[EE10Db] test cases. For the 33-bus feeder, we employ
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a branch formulation matrix and show that our method performs well in low-observability
settings (where traditional state estimation techniques cannot operate) as well as in full-
observability settings. For the multi-phase 123-bus feeder, we use a bus formulation matrix
and demonstrate that our method scales robustly to larger systems.

Implementation details. In all cases, we implement the SDP formulatior4.14) of our
matrix completion algorithm using the CVXPY Python library [DB16], and solve it using
CVXPY's SCS solver. For the 33-bus test case, we set the weights, 2 f ; .g of the
Ohm's Law parameters to be 100, and the weights ; 2f ; ;; r; g ofthe linearized
power ow parameters to be 10, with the rationale that the Ohm's Law equations are exact
whereas the linearized power ow equations are approximate. For the 123-bus case, we set
the weights of the linearized power ow parameters to be 20 (and do not employ Ohm's Law
constraints since we use a bus-formulated data matrix). For both the 33- and 123-bus test
cases, we let be the value of the noise standard deviation (e.g. for 1% noise, we let 0:01).

4.4.1 33-bus system

We test our branch-formulated algorithm on a modi ed version of the IEEE 33-bus test case
with solar panels added at buses 16, 23, and 31. On this system, voltage magnitudes range
from approximately 0:99-102 p.u., and all angles (relative to the substation voltage angle)
are close to 0. We assume that voltage phasors are known exactly at the slack bus, and
must be estimated everywhere else. Non-voltage phasor quantities (i.e., voltage magnitude,
power injections, and current ows) are assumed to be known exactly at the slack bus, and
are \potentially measured" at other buses.

We compare our matrix completion method on this system against a state-of-the-art
weighted least squares (WLS) state estimation algorithm. This algorithm sets up a (nonlin-
ear) system of equations that captures relationships between voltage magnitudes/angles and
measured quantities using Ohm's Law and the (original, nonlinear) power ow equations.
Starting from an initial guess of 1 p.u. for unknown voltage magnitudes and O degrees for
unknown voltage angles, WLS iteratively solves linearizations of this system of equations
(using the Jacobian about the previous guess for voltage magnitudes and angles) until con-
vergence. We use a base weight of 100 for each observation (since both Ohm's Law and the
power ow equations are exact in this case), and adjust these weights to re ect the extent
of measurement noise (i.e. down-weight each observation in direct proportion to its variance,
as is standard in WLS). We implement the WLS baseline using the (nonlinear) least squares
function from the Python library SciPy. For each experimental run during which matrix com-
pletion and WLS are compared, these algorithms are run in parallel using the same inputs.

4.4.1.1 Randomly-sampled data

In one set of experiments, we model data unavailability among \potentially measured"
guantities via random sampling. That is, we randomly choose sets of buses (ranging between
0-100% of buses) at which all \potentially measured" quantities are measured, and set these
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guantities to be unknown at all other buses. Results under 1% Gaussian measurement noise
are shown in Figure 4.2c.

Under 1% measurement noise, we see that the mean absolute percent error (MAPE) of
our matrix completion algorithm's voltage magnitude estimates drops to below 3% and
the mean absolute error (MAE) of our voltage angle estimates drops to below20 degrees
when 20% or more of measurements are known. (We report MAEs rather than MAPEs
for voltage angles since all angles are close to 0.) When 30% or more of measurements are
known, voltage magnitude MAPEs are much less than 1%, and voltage angle MAEs are
less than 023 degrees. This result calibrates well with guarantees for matrix completion
performance under random data removal [CP10]. In contrast, we nd that WLS is not able
to operate on this system until approximately 70% of \potentially measured" quantities are
measured, as the WLS Jacobian was never (pseudo) invertible at lower data availabilities
during our experiments (see condition (ii) for observability described in Section 4.1). At the
full observability conditions under which WLS is able to operate, our method's estimates
are statistically similar to those of WLS, with voltage magnitude MAPEs and angle MAEs
within 0:2% and 003 degrees, respectively, for our matrix completion algorithm and within
0:5% and 0008 degrees, respectively, for WLS.

Given that grid sensors may exhibit varying degrees of measurement noise, we further
examine the performance of our matrix completion algorithm and the WLS baseline
under di erent noise levels (though assuming, as previously stated, that non-voltage
phasor quantities are known exactly at the slack bus). Figures 4.2a, 4.2b, and 4.2d show
the performance of these algorithms on the 33-bus test case (given randomly sampled
measurements) under 0%, 0.2%, and 10% noise. While estimation performance does degrade
as measurement noise increases, it does not degrade linearly in the amount of measurement
noise; in other words, both our matrix completion algorithm and WLS are able to bu er
against measurement noise to some extent.

4.4.1.2 Data-driven assumptions

In practice, data unavailability is not uniformly random, but instead correlated and system-
speci c. For instance, a utility may only have certain types of sensors at certain types
of buses. We thus run a second set of experiments where we classify the buses into four
categories: slack bus (1 bus), solar generators (3 buses), large loads (6 buses), and small
loads (23 buses). As before, all quantities are known exactly at the slack bus. At solar PV
generators, only real power injections, reactive power injections, and voltage magnitudes may
be measured. At loads (large or small), only real power injections may be measured. Since
actual sensor availability may vary between utilities, we model di erent scenarios in which
these groups of non-slack buses have real, pseudo-, or no measurements. In the best case
(when all three groups of buses have some measurements), 23% of \potentially measured"
quantities are measured. Thusall our data-driven scenarios are at low observabilitand
traditional full-observability state estimation methods cannot be used.

The performance of our method on these scenarios is shown in Figure 4.3, assuming
measurements have 1% Gaussian sensor noise and pseudomeasurements have 10% Gaussian
error. Our algorithm achieves less than 1% MAPE in its magnitude estimates and less than
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(a) 0% noise (b) 0.2% noise

(c) 1% noise (d) 10% noise

Figure 4.2: Performance on 33-bus test case with di erent levels of noise and random sampling of data.
(Each point represents 50 runs.)

0:5 degrees MAE in its angle estimates when accurate measurements are available for solar
generators and either measurements or pseudomeasurements are available for loads. Results
for a representative run in this scenario are shown in Figure 4.4. More generally, our estimates
(averaged across all runs) have at most I 0:2% voltage magnitude MAPE and (60 0:26
degrees voltage angle MAE imny scenario where solar generators are measured, and at
most 160 3:4% magnitude MAPE and 33 1:9 degrees angle MAE in any scenario where
solar generators have pseudomeasurements (where angle errors are high in this latter case
due to solar generator measurement noise). If solar generator measurements are unknown,
magnitude MAPEs range from 57-73%, and angle MAEs range from7230 degrees.

A potential alternative to using low-observability state estimation techniques is to en-
able full-observability techniques by deploying additional sensors. To model this alternative,
we randomly add AMI sensors (which collect coarse-granularity load data, modeled as pseu-
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Figure 4.3: Performance on the 33-bus test case with 1% noise over di erent data availabilities for solar, large
load, and small load buses (0 = not measured, P = some pseudomeasurements, M = some measurements;
each point represents 50 runs). Our method achieves good estimation error in many scenarios, even though
all scenarios shown exhibit low observability.

domeasurements) and \magnitude sensors" (which collect voltage and current magnitudes)
to our system until full observability is achieved. We then compare our method to WLS
on this augmented system. Voltage phasor estimates for a representative run are shown
in Figure 4.5. In this case, both our matrix completion algorithm and WLS quite accu-
rately estimate voltages, with voltage magnitude MAPEs and angle MAEs within:6%
and 053 degrees, respectively, for our matrix completion algorithm and within:8% and
0:67 degrees, respectively, for WLS. However, achieving full observability requires adding
28-63 sensors to the system (depending on the baseline data availability scenario), which
represents a potentially high cost to the distribution utility.

Overall, our results demonstrate that our matrix completion algorithm can provide
accurate state estimation performance in the low-observability case (where traditional state
estimation techniques cannot operate), as well as in the full-observability case.

4.4.2 123-bus feeder

We next demonstrate that our matrix completion method e ectively scales to larger systems
via experiments on the IEEE 123-bus feeder. The 123-bus feeder is a multi-phase unbalanced
radial distribution system, in which buses are single-, double-, or three-phase (with 263
phases in total). For our simulations, we add PV systems at each load node of the feeder.
We employ a bus-formulation matrix for this test case, where each matrix row represents a
phase at one bus. To validate our approach, we use two hours of system voltage and power
injection data. This data was simulated at one-minute resolution using power ow analysis
with diversi ed load and solar pro les created for each bus using realistic solar irradiance
and load consumption data. The corresponding voltage magnitudes range frod@®1 p.u.,
and voltage angles are around O or 120 degrees.

As in the previous section, we assume that voltage phasors are known exactly at the
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Figure 4.4: Representative voltage phasor estimates Figure 4.5: Representative estimates for the 33-bus
for the 33-bus test case with 1% noise in the low- test case with 1% noise and data-driven sampling
observability scenario with solar, large loads, and  at full observability.

small loads partially measured.

Table 4.1: Average running time over 50 runs for our matrix completion method (v =20; 8 2 E) on the
IEEE 123-bus Feeder, using the CXVPY SCS Solver on a laptop with 1.9 GHz CPU and 32 GB RAM.

% \potentially measured" quants. avail. 10 30 50 70 90

Running time for 0.2% noise (s) 20 22 23 41 50
Running time for 1% noise (S) 78 85 88 89 93

slack bus (which here has three phases) and must be estimated everywhere else. All other
measurements (i.e., voltage magnitudes and power injections) are known exactly at the
slack bus and are \potentially measured" for non-slack system phases. The running time of
our implementation for di erent percentages of known measurements and noise levels on the
IEEE 123-bus feeder is shown in Table 4.1; as a note, we found that tuning the parameters
w did not a ect the performance of our method, but did a ect the running time.

We rst employ our algorithm at one point in the time series during which solar injections
are nonzero. In our experiments, we vary the percentage of \potentially measured" quantities
that are measured, and note that there are fewer measurements than unknown voltage
phasor quantities if less than two-thirds of these quantities are measured (see condition
(i) for observability in Section 4.1). Results for the cases of 2% and 1% measurement
noise are shown in Figure 4.6. We also show representative results for one run under 1%
measurement noise and 50% measurement availability (which is in the low-observability
realm) in Figure 4.7.

These results show that our algorithm estimates voltage phasors with relatively high
accuracy across all levels of data availability. The MAPE of our voltage magnitude estimates
is less than 26% even when no \potentially measured" quantities are measured, and falls to
less than 1% once 10% or more of these quantities are available. Unsurprisingly, our voltage
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Figure 4.7: Performance on the 123-bus test case
Figure 4.6: Performance on the 123-bus test case for a representative run with 50% data availability
for one time step. (Each point represents 50 runs.) and 1% noise.

magnitude estimates are better when measurement noise is lower. We do note, however,
that the MAPE is not equal to zero even when 100% of measurements are available, since
we use approximate linear power ow equations as constraints in our formulation (4.13).

For voltage angle estimates, we again report MAEs rather than MAPES since the angles
at some phases are close to zero. For 1% measurement noise, we see that the MAE is at
most 15 degrees across all data availability levels, which is small given that most voltage
angles are around 120 degrees. However, the accuracy of our angle estimates does not
decrease monotonically as more measurements are added. This is because our algorithm
directly estimates the real and imaginary parts of voltage phasors; while we estimate these
guantities accurately, their errors are not correlated (especially under large measurement
noise), leading to inaccuracies in their implied angle estimates. AtZ% measurement noise,
the MAE for voltage angle decreases as more measurements are available, dropping below 1
degree even when no measurements are available.

To demonstrate the scalability of our method, we next implement our matrix completion
algorithm on the entire two-hour time series. We model data availability by placing sensors at
xed sets of buses comprising 30%, 50%, or 70% of all buses (with larger sets of buses inclusive
of smaller sets). The MAPEs of our voltage magnitude estimates under 1% measurement
noise are shown in Figure 4.8. We nd that under 30% data availability, the MAPEs of these
estimates are within 1% for 80% of time steps, and within:3% for 99% of time steps, with a
maximum MAPE of 2:7%. Under 50% and 70% data availability, the MAPESs of our voltage
magnitude estimates are within 1% across all points in the time series. The MAEs of our
voltage angle estimates at each time step (not pictured) are similar to those in Figure 4.6.

Finally, we demonstrate the robustness of our algorithm to dynamic measurement loss,
which commonly occurs on the distribution system due to failures such as packet drops
and equipment malfunctions. We model the baseline data availability as being 50% (low-
observability), and randomly remove 20% of the available measurements at each point
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Figure 4.9: Time-series performance for the 123-
bus test case with 1% noise when measurements
are randomly lost. Our magnitude estimates are
relatively robust to data loss.

Figure 4.8: Time-series performance for the 123-bus
test case with 1% noise. Voltage magnitude MAPES

are at most 27% with 30% of data, and at most 1%

with 50% or 70% of data.

in the two-hour time series. The MAPEs of our voltage magnitude estimates under 1%
measurement noise are shown in Figure 4.9. We nd that in most cases, our estimates
under data loss are similar to the estimates without data loss, with larger deviations in
some cases when critical measurements are lost. In all cases, the MAPESs of our voltage
magnitude estimates are less than:2%, demonstrating the robustness of our algorithm to
real-world operating conditions.

4.5 Conclusion

We present an algorithm for low-observability distribution system voltage estimation based
on constrained low-rank matrix completion. This method can accurately estimate voltage
phasors under low-observability conditions where standard state estimation methods cannot
operate, and can exibly accommodate any distribution network measurements available in
the eld. Our empirical evaluations of this method demonstrate that it produces accurate
and robust voltage phasor estimates on the IEEE 33- and 123-bus test systems under a
variety of data availability conditions. As such, we believe that our algorithm is a useful
mechanism for voltage estimation on modern distribution systems.
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Chapter

Decision-Cognizant Learning for Stochastic
Optimization

With the increasing popularity of machine learning techniques, it has become common to see
prediction algorithms operating within some larger decision-making process. However, the
criteria by which we train these algorithms (e.g., mean squared error of a prediction) often
di er from the ultimate criteria on which we evaluate them (e.g., the quality of the decision
made on the basis of the prediction). In this chapter, we propose an end-to-end approach
for training probabilistic machine learning models in a manner that directly captures the
objective of the ultimate decision-making process in which they will be used. Speci cally,
we propose to train a probabilistic model not (solely) for predictive accuracy, but so that {
when it is later used within the loop of a stochastic programming procedure { it produces
solutions that minimize the ultimate decision-relevant (task-based) loss. We present three
experimental evaluations of the proposed approach: a classical inventory stock problem, a
real-world electrical grid scheduling task, and a real-world energy storage arbitrage task.
We show that the proposed approach can outperform both traditional modeling and purely
black-box policy optimization approaches in these applications.

The work in this chapter has previously been published in:

Priya L. Donti, Brandon Amos, and J. Zico Kolter. \Task-based End-to-End
Model Learning in Stochastic Optimization."” Advances in Neural Information
Processing Systems2017, 5490{5500.

LCode for all experiments is available at:https:/github.com/locuslab/e2e-model-learning
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5.1 Introduction

Predictive algorithms commonly operate within some larger decision-making process. How-
ever, the criteria by which we generally train these algorithms (often related to predictive ac-
curacy) tend to di er from the ultimate decision-related criteria on which weactually evalu-
ate them (the performance of the full \closed-loop" system on the ultimate task at hand). For
instance, instead of merely classifying images in a standalone setting, one may want to use
these classi cations within planning and control tasks such as autonomous driving. While a
typical image classi cation algorithm might optimize accuracy or log likelihood, in a driving
task, we may ultimately care more about the di erence between classifying a pedestrian as a
tree vs. classifying a garbage can as a tree. Similarly, when we use a probabilistic prediction
algorithm to generate forecasts of upcoming electricity demand, we then want to use these
forecasts to minimize the costs of a scheduling procedure that allocates power generation on
the grid. As these examples suggest, instead of using a \generic" loss, we instead may want
to learn a model that approximates the ultimate decision-relevant (or \task-based") loss.

This chapter considers an end-to-end approach for training probabilistic machine learning
models that directly capture the objective of their ultimate task. Formally, we consider
probabilistic models in the context of stochastic programming, where the goal is to minimize
some expected cost over a model's probabilistic predictions, subject to some (potentially
also probabilistic) constraints. In general, it is common to approach these problems in
a two-step fashion: rstto t a predictive model to observed data by minimizing some
criterion such as negative log-likelihood, and then to solve (or approximate) the stochastic
programming problem using this model's predictions. While this procedure can work well
in many instances, it neglects the fact that therue cost of the end-to-end system (the
stochastic optimization objective evaluated on actual instantiations of uncertainty in the
real world) may bene t from a model that actually attains worse overall likelihood, but
makes more accurate predictions over certain manifolds of the underlying space.

In this work, we therefore propose to train a probabilistic model not (solely) for
predictive accuracy, but so that { when it is later used within the loop of a stochastic
programming procedure { it produces solutions that minimize the ultimate task-based loss.
This formulation may seem somewhat counterintuitive, given that a \perfect" predictive
model would of course also be an optimal model to use within a stochastic programming
framework. However, the reality that all modelsdo make errors illustrates that we should
indeed look to a nal task-based objective to determine the proper error tradeo s within a
machine learning setting. This chapter proposes one way to evaluate task-based tradeo s in
a fully automated fashion, by computing derivatives through the solution to the stochastic
programming problem in a manner that can improve the underlying model.

In the rest of this chapter, we describe our task-based end-to-end learning approach
within the context of stochastic programming, and give a generic method for propagating
task loss through these stochastic programming problems in a manner that can update the
underlying predictive models. We provide three experimental evaluations of the proposed
approach: a classical inventory stock problem, a real-world electrical grid scheduling task,
and a real-world energy storage arbitrage task. We show that the proposed approach
outperforms traditional modeling and purely black-box policy optimization approaches.
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5.2 Related work

Stochastic programming.  Stochastic programming is a method for making decisions
under uncertainty by modeling or optimizing objectives governed by a random process. It
has applications in many domains such as energy [WFO03], nance [ZV06], and manufacturing
[BS93], where the underlying probability distributions are either known or can be estimated.
Common considerations include how to best model or approximate the underlying random
variables, how to solve the resulting optimization problem, and how to then assess the
guality of the resulting (approximate) solution [SPO7].

In cases where the underlying probability distribution is known but the objective cannot
be solved analytically, it is common to use Monte Carlo sample average approximation
methods, which draw multiple iid samples from the underlying probability distribution and
then use deterministic optimization methods to solve the resultant problems [LSWOE6]. In
cases where the underlying distribution is not known, it is common to learn or estimate
some model from observed samples [RW91].

End-to-end training  Recent years have seen a dramatic increase in the number of systems
building on so-called \end-to-end" learning. Generally speaking, this term refers to systems
where the end goal of the machine learning process is directly predicted from raw inputs [e.g.
LeC+05; Tho+06]. In the context of deep learning systems, the term now traditionally refers
to architectures where, for example, there is no explicit encoding of hand-tuned features on
the data, but the system directly predicts what the image, text, etc. is from the raw inputs
[WBB11; He+16; Wan+12; GJ14; Amo+15]. The context in which we use the term end-to-
end is similar, but slightly more in line with its older usage: instead of (just) attempting to
learn a predictive output to optimize some standalone notion of accuracy (using known and
typically straightforward loss functions), we are speci cally attempting to learn a predictive
model based upon an end-to-enthsk that the user is ultimately trying to accomplish. We
feel that this concept { of describing the entire \closed-loop" performance of the system as
evaluated on the real task at hand { is bene cial to add to the notion of end-to-end learning.
Also highly related to our work are recent e orts in end-to-end policy learning [Lev+16],
in embedding value iteration procedures within neural networks [Tam+16], and in multi-
objective optimization [HSK06; VMN14; Mos+16; WWD14]. These lines of work t
more with the \pure" model-free end-to-end approach we discuss in Section 5.3.1 (where
predictive models are eschewed for pure function approximation methods), but conceptually
the approaches have similar motivations in modifying typically-optimized policies to address
some task(s) directly.

Optimizing alternative loss functions There has been a great deal of work in recent
years on using machine learning procedures to optimize di erent loss criteria than those
\naturally" optimized by the algorithm. For example, Stoyanov, Ropson, and Eisner [SRE11]
and Hazan, Keshet, and McAllester [HKM10] propose methods for optimizing loss criteria
in structured prediction that are di erent from the inference procedure of the prediction
algorithm; this work has also recently been extended to deep networks [Son+16]. Recent work
has also explored using auxiliary prediction losses to satisfy multiple objectives [Jad+17],
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learning dynamics models that maximize control performance in Bayesian optimization
[Ban+17], and learning adaptive predictive models via di erentiation through a meta-
learning optimization objective [FAL17].

The prior work we have found that most closely resembles our approach is Bengio [Ben97],
which uses a neural network model for predicting nancial prices, and then optimizes the
model based on returns obtained via a hedging strategy that employs it. We view this
approach { of both using a model and then tuning that model to adapt to a (di erentiable)
procedure { as a philosophical predecessor to our own work. In particular, our approach
likewise tunes a model to adapt to a (di erentiable) decision-making procedure, though we
consider the more general case where the decision-making process can be captured by a
general stochastic optimization problem, as opposed to needing to hand-craft a di erentiable
decision-making procedure. (Despite the work of Bengio [Ben97] being over 20 years old,
virtually all direct follow-on work has focused on the nancial application, and not on what
we feel is the core idea of learning a predictive model within a task-driven optimization
procedure.) In concurrent work, Elmachtoub and Grigas [EG22] also propose an approach for
tuning model parameters within linear regression given the results of downstream decisions,
by aiming to minimize aregret-related loss function; however, their work only applies to the
context of linear programming (as opposed to more general optimization problems). Since
the work in this chapter was rst published, it has also inspired a number of extensions,
including work in the area of combinatorial optimization [WDT18], as well as deployed
applications in inventory optimization and power scheduling by a number of industry players.

5.3 End-to-end model learning in stochastic programming

We rst formally de ne the stochastic modeling and optimization problems with which we
are concerned. LetX2 X;y2Y) D denote standard input-output pairs drawn from
some (real, unknown) distributionD. We also consider actiong 2 Z that incur some
expected losd. p(z) = Exyp [f (X;Yy;2)]. Forinstance, a power systems operator may try to
allocate power generatiorz given past electricity demandx and future electricity demandy;
this allocation's loss corresponds to the over- or under-generation penalties incurred given
future demand instantiations.

If we knew D, then we could select optimal actiong? = argmin, Lp(z): However, in
practice, the true distribution D is unknown. In this work, we are thus interested in modeling
the conditional distribution yjx using some parameterized mode(yjx; ), with the goal of
minimizing the real-world cost of the policy implied by our parameterization. Speci cally,
we nd some parameters to parameterizep(yjx; ) (as in the standard statistical setting)
and then determine the optimal actionsz”(x; ) under our observed inputx and the specic
choice of parameters in our probabilistic model (via stochastic optimization). Upon
observing the costs of these actions’(x; ) relative to true instantiations of x and y under
D, we update our parameterized modgd(yjx; ) accordingly, calculate the resultant new
Z°(x; ), and repeat. The goal is to nd parameters such that the corresponding policy
Z°(x; ) optimizes the loss under therue joint distribution of x andy.

Explicitly, we wish to choose to minimize the task lossL( ) in the context of x;y D ,
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le.,
minimize L( ) = Exyp [f (x;y;2°(x; ))]: (5.2)

Since in reality we do not know the distributionD and the true associated optimal decision
zZ, this loss employs the optimal decisioz’(x; ) under p(yjx; ) (for a xed instantiation
of parameters estimated by our model), computed via the proxy stochastic optimization
problem

Z’(x; ) = argznin Ey oyix)[f (X y; 2)]: (5.2)

The above setting speci esz’(x; ) using a simple (unconstrained) stochastic program, but

in reality our decision may be subject to both probabilistic and deterministic constraints. We
therefore consider more general decisions produced through a generic stochastic programming
problem?

Z’(x; ) = arggnin Ey puix ) [f (X5 2)]

subject to Ey pyjx)[G(Xy;2)] O i =111 Nineg (5.3)
hi(z)=0; 1=1;:::;Neq:

In this setting, the full task loss is more complex, since it captures both the expected cost
and any deviations from the constraints. We can write this, for instance, as

Mea Rea
L()= Exyo [f(ay:i2%06 D+ HExyo [@06yi2°( )] 0gr  Ex[Ifhi(2’(x: )=0g]

i=1 i=1 (5.4)
(where I () is the indicator function that is zero when its constraints are satis ed and
in nite otherwise). However, the basic intuition behind our approach remains the same
for both the constrained and unconstrained cases: in both settings, we attempt to learn
parameters of a probabilistic model not to produce strictly \accurate" predictions, but such
that when we use the resultant model within a stochastic programming setting, the resulting
decisions perform well under the true distribution

Actually solving this problem requires that we di erentiate through the \argmin" oper-

ator z’(x; ) of the stochastic programming problem. This di erentiation is not possible
for all classes of optimization problems (the argmin operator may be discontinuous), but
as we will show shortly, in many practical cases { including cases where the function and
constraints are strongly convex { we can indeed e ciently compute these gradients even in
the context of constrained optimization.

5.3.1 Discussion and alternative approaches

We highlight our approach in contrast to two alternative existing methods: traditional model
learning and model-free black-box policy optimization. In traditional machine learning

2t is standard to presume in stochastic programming that equality constraints depend only on decision
variables (not random variables), as non-trivial random equality constraints are typically not possible to
satisfy.
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Algorithm 1 Task Loss Optimization
1: input: D // samples from true distribution
2: initialize /I some initial parameterization

4: sample (x;y) D

5:  compute z°(x; ) via Equation (5.3)

6: /I step in violated constraint or objective
7. if 9i s.t. gi(x;y;Z°(x; )) > Othen

8: update with r g(x;y;z°(x; ))

9 else

10: update  with r f(x;y;z°(x; ))

11 end if

12: end for

approaches, it is common to use to minimize the (conditional) log-likelihood of observed
data under the modelp(yjx; ). This method corresponds to approximately solving the
optimization problem

minimize Ey,yp [ logp(yjx; )]: (5.5)

If we then need to use the conditional distributionyjx to determine actionsz within
some later optimization setting, we commonly use the predictive model obtained from
(5.5) directly. This approach has obvious advantages, in that the model-learning phase is
well-justi ed independent of any future use in a task. However, it is also prone to poor
performance in the common setting where the true distributioryjx cannot be represented
within the class of distributions parameterized by , i.e., where the procedure su ers from
model bias. Conceptually, the log-likelihood objectivemplicitly trades o between model
error in di erent regions of the input/output space, but does so in a manner largely opaque
to the modeler, and may ultimatelynot employ the correct tradeo s for a given task.

In contrast, there is an alternative approach to solvind5.1) that we describe as the
model-free \black-box" policy optimization approach. Here, we would forgo learning any
model at all of the random variabley. Instead, we would attempt to learn a policy mapping
directly from inputs x to actions z°(x; 7) that minimize the loss L (") presented in(5.4)
(where here™ de nes the form of the policy itself, not a parameterized predictive model).
While such model-free methods can perform well in many settings, they are often very
data-ine cient, as the policy class must have enough representational power to describe
su ciently complex policies without recourse to any underlying modef’

Our approach o ers an intermediate setting, where welo still use an intermediate
model to determine an optimal decisiorz’(x; ), yet we adapt this model based on the task
loss instead of model prediction accuracy. (In practice, we often want to minimize some

3This distinction is roughly analogous to the policy search vs. model-based settings in reinforcement
learning. However, for the purposes of this work, we consider much simpler stochastic programs without the
multiple rounds that occur in RL; extension of these techniques to a full RL setting remains as future work.
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weighted combination of log-likelihoodand task loss, which can easily be accomplished.)

5.3.2 Optimizing task loss

To solve the generic optimization problen{5.1)/ (5.4), we can in principle adopt a straight-
forward (constrained) stochastic gradient approach, as detailed in Algorithm 1. At each
iteration, we solve the proxy stochastic programming problertb.3) to obtain z?(x; ), us-
ing the distribution de ned by our current values of . Then, we compute the true losd. ( )
using the observed value of. If any of the inequality constraintsg in L( ) are violated,
we take a gradient step in the violated constraint; otherwise, we take a gradient step in
the optimization objective f . We note that if any inequality constraints are probabilistic,
Algorithm 1 must be adapted to employ mini-batches in order to determine whether these
probabilistic constraints are satis ed. Alternatively, it is common in practice to simply
move a weighted version of these constraints to the objective, i.e., we modify the objective
by adding some appropriate penalty times the positive part of the functiong(x;y;z)+,
for some > 0. In practice, this has the e ect of taking gradient steps jointly in all the
violated constraints and the objective in the case that one or more inequality constraints
are violated, often resulting in faster convergence. Note that we need only move stochastic
constraints into the objective; deterministic constraints on the policy itself will always be
satis ed by the optimizer, as they are independent of the model.

5.3.3 Di erentiating the stochastic optimization solution

While the above presentation highlights the simplicity of the proposed approach, it avoids
the issue of chief technical challenge, which is computing the gradient of an objective that
depends upon the argmin operatioz?(x; ). Speci cally, we need to compute the term

dL _ @L+ @Ldz’

d @ @2d
which involves the Jacobiardz’= . This is the Jacobian of the optimal solution with respect
to the distribution parameters . Previous approaches have looked into similar argmin
di erentiations [Gou+16; AXK17] (see also Section 2.2.3), though the methodology we
present here is more general and handles the stochasticity of the objective.

To obtain this Jacobian, we begin by writing the KKT optimality conditions of the
general stochastic programming probler(b.3), where all expectations are taken with respect
to the modeled distributiony  p(yjx; ) (for compactness, denoted here &s, ). Further,
assuming the problem is convex, we can replace the general equality constral{z) = 0 with
the linear constraint Az = b. A point (z; ; ) is a primal-dual optimal point if it satis es

(5.6)

Eyo(z) O
Az=Db

0 (5.7)
Ey09(z)=0

r,E,f(2)+ Tr,Eyg(z)+ AT =0;
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(a) Inventory stock problem (b) Load forecasting problem (c) Price forecasting problem

Figure 5.1: Featuresx, model predictionsy, and policy z for the three experiments.

whereg denotes the vector of all inequality constraints, and where we wrap the dependence
on x andy into the functions f and g, themselves.

Di erentiating these equations and applying the implicit function theorem gives a set of
linear equations that we can solve to obtain the necessary Jacobians:

2 3 2 3 2 b 3
2 o 2 T dz dar 2By 1(2) , d i ir zEy gi(2)
rEy f(2)+ ir 5Ey g(2) (r .Ey9(z)) AT § d é § i g é
iy d [ = iag( )IEy 9@ :
diag( ) (r ley 9(2)) diag(E, 9(z)) O a diag( ) =7 :
A 0 0 e 0
(5.8)

As described in Section 2.2.3, we rarely solve for the Jacobians explicitly, but instead use the
Jacobian-vector trick to directly solve for the gradientdt=s . The above equations will take
slightly di erent forms depending on how the stochastic programming problem is solved,
but are usually fairly straightforward to compute if the solution is solved in some \exact"
manner (i.e., where second order information is used). In practice for the experiments in this
chapter, we calculate the right-hand terms by employing sequential quadratic programming
[BT95] to nd the optimal policy z°(x; ) for the given parameters , using an existing
approach for fast solution of argmin di erentiation in QPs [AK17] to solve the necessary
linear equations; we then take the derivatives at the optimum produced by this strategy.

5.4 Experiments

We consider three applications of our approach: a synthetic inventory stock problem, a
real-world energy scheduling task, and a real-world battery arbitrage task. We demonstrate
that our task-based end-to-end approach can substantially improve upon alternatives.

Implementation notes For all linear models, we use a one-layer linear neural network
with the appropriate input and output layer dimensions. For all nonlinear models, we use a
two-hidden-layer neural network, where each \layer" is actually a combination of linear,
batch norm [IS15], ReLU, and dropout f = 0:2) layers with dimension 200. In both cases, we
add an additional softmax layer in cases where probability distributions are being predicted.
All models are implemented using PyTorch [Pas+19] and employ the Adam optimizer
[KB15]. All QPs are solved using a recently-developed di erentiable batch QP solver [AK17],
and Jacobians are also computed automatically using backpropagation via the same.
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5.4.1 Inventory stock problem

Problem de nition  To highlight the performance of the algorithm in a setting where the
true underlying model is known to us, we consider a \conditional” variation of the classical
inventory stock problem [SPO7]. In this problem, a company must order some quantityof
a product to minimize costs over some stochastic demardwhose distribution in turn is
a ected by some observed features (Figure 5.1a). There are linear and quadratic costs on
the amount of product ordered, plus di erent linear/quadratic costs on over-orderz[ V.
and under-ordersy z].. The objective is given by

foo(yi2) = Q2+ @72+ 0ly 7+ 58y 27+ alz Y+ oalz Yh)E 69)

where V] maxfv;0g, and (Co; %); (Co; &); and (c,; ¢) are linear and quadratic costs on
the amount of product ordered, over-orders, and under-orders, respectively. For a specic
choice of probability modelp(yjx; ), our proxy stochastic programming problem can then
be written as

minizmize L() = Ey p(yix; )[fstock(y;z)]: (5.10)

To simplify the setting, we further assume that the demands are discrete, taking on values
d;;:::; de with probabilities (conditional on x) (p )i  p(y = dijx; ). Thus our stochastic
programmlng problem (5.10) can be written succinctly as a joint quadratic program

1 1
minimize cyz + CbZ + (P)i Go(Zo)i + Z(Zo)2 + Cn(Zn)i + Z0h(zn)?
22R:zp;zn 2 RX - 2 2
subjecttod z1 zy; z1 d zy; Z;z,z, O

To demonstrate the explicit formula for argmin operation Jacobians for this particular
case (e.g., to compute the terms i(5.8)), note that we can write the above QP in inequality
form as minimize,.g, ng32' Qz + c'z with

(5.11)

2 2
2 3 2 3 2 !
z ©® 0 O 1 0 | d
z=42,5:Q=40 gqp O 5,c-4cbp5G E 1 0 Oé;hzgoé
Il O
0

Zh 0O O wp

o o

I

(5.12)
Thus, for an optimal primal-dual solution (z?; ?), we can compute the Jacobianz’=ip
(the Jacobian of the optimal solution with respect to the probability vectorp mentioned
above), via the formula

2 dz? 3 12 0 °
4 % 5_ Q G’ W2z + Gl é (5.13)
d? diag( )G diag(Gz® h) hzl + cnl '

4This is referred to as a two-stage stochastic programming problem (though a very trivial example of one),
where rst stage variables consist of the amount of product to buy before observing demand, and second-stage
variables consist of how much to sell back or additionally purchase once the true demand has been revealed.
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Figure 5.2: Inventory problem results for 10 runs over a representative instantiation of true parameters
(co=10;00=2;¢=30;0 = 14;¢c, = 10; ¢, = 2). Cost is evaluated over 1000 testing samples (lower is
better). The linear MLE performs best for a true linear model. In all other cases, the task-based models
outperform their MLE and policy counterparts.

wherediag( ) denotes a diagonal matrix for an input vector. After solving the problem and
computing these Jacobians, we can compute the overall gradient with respect to the task
lossL( ) via the chain rule
d. _ @L+ @Ldz?dp
d @ @’dp d
wheredr =4 denotes the Jacobian of the model probabilities with respect to its parameters,
which are computed in the typical manner.

(5.14)

Experimental setup We examine our algorithm under two main conditions: where the
true model is linear, and where it is nonlinear. In all cases, we generate problem instances
by randomly sampling somex 2 R" and then generatingp(yjx; ) according to either
p(yjx; )/ exp( Tx) (linear true model) or p(yjx; )/ exp(( "x)?) (nonlinear true model)
for some 2 R" kK. We compare the following approaches on these tasks: 1) the QP
allocation based upon the true model (which performs optimally); 2) MLE approaches (with
linear or nonlinear probability models) that t a model to the data, and then compute the
allocation by solving the QP; 3) pure end-to-end policy-optimizing models (using linear or
nonlinear hypotheses for the policy); and 4) our task-based learning models (with linear or
nonlinear probability models)?> In all cases, we evaluate test performance by running on 1000
random examples, and evaluate performance over 10 folds of di erent trué parameters.
Figures 5.2(a) and (b) show the performance of these methods given a linear true model,
with linear and nonlinear model hypotheses, respectively. As expected, the linear MLE
approach performs best, as the true underlying model is in the class of distributions that it
can represent and thus solving the stochastic programming problem is a very strong proxy

SHere, our method's the loss function for the inventory stock problem involves a weighted combination
of the task lossand a negative log-likelihood regularization term.
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for solving the true optimization problem under the real distribution. While the true model
is also contained within the nonlinear MLE's generic nonlinear distribution class, we see that
this method requires more data to converge, and when given less data makes error tradeo s
that are ultimately not the correct tradeo s for the task at hand; our task-based approach
thus outperforms this approach. The task-based approach also substantially outperforms
the policy-optimizing neural network, highlighting the fact that it is more data-e cient to
run the learning process \through" a reasonable model. Note that here it does not make a
di erence whether we use the linear or nonlinear model in the task-based approach.
Figures 5.2(c) and (d) show performance in the case of a nonlinear true model, with
linear and nonlinear model hypotheses, respectively. Case (c) represents the \non-realizable"
case, where the true underlying distribution cannot be represented by the model hypothesis
class. Here, the linear MLE, as expected, performs very poorly: it cannot capture the true
underlying distribution, and thus the resultant stochastic programming solution would not
be expected to perform well. The linear policy model similarly performs poorly. Importantly,
the task-based approach with thdinear model performs much better than these approaches:
despite the fact that it still has a misspeci ed model, the task-based nature of the learning
process lets us learn di erent linear model than the MLE version, which is particularly
tuned to the distribution and loss of the task. Finally, also as to be expected, the nonlinear
models perform better than the linear models in this scenario, but again with the task-
based nonlinear model outperforming the nonlinear MLE and end-to-end policy approaches.

5.4.2 Load forecasting and generator scheduling

We next consider a more realistic grid-scheduling task, based upon over 8 years of real
electrical grid data. In this setting, a power system operator must decide how much
electricity generationz 2 R?* to schedule for each hour in the next 24 hours based on
some (unknown) distribution over electricity demand (Figure 5.1b). Given a particular
realization y of demand, we impose penalties for both generation excess) @nd generation
shortage (), with ¢ e. We also add a quadratic regularization term, indicating a
preference for generation schedules that closely match demand realizations. Finally, we
impose a ramping constraintc; restricting the change in generation between consecutive
timepoints, re ecting physical limitations associated with quick changes in electricity output
levels. These are reasonable proxies for the actual economic costs incurred by electrical
grid operators when scheduling generation (under a multi-time-step economic dispatch
framework; see Section 2.3.2), and can be written as the stochastic programming problem

4

L 1 5
mlzglgg‘llze B Ey p(yjx; ) izl + e[z Vil+ * E(Zi Yi)

subjectto jzz z 4 ¢ 8i

(5.15)

where ],  maxfv;0g. Assuming (as we will in our model), thaty; is a Gaussian random
variable with mean ; and variance ?, then this expectation has a closed form that can be
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computed via analytically integrating the Gaussian PDF: Speci cally, this closed form is
1 2
Ey by szl + elz vl 5z vi)

TR (. ORI R G IR M R (RNt

(zi)

(5.16)

wherep(z; ; 2) and F(z; ; 2) denote the Gaussian PDF and CDF, respectively with the
given mean and variance. This is a convex function af(not apparent in this form, but
readily established because it is an expectation of a convex function), and we can thus
optimize it e ciently and compute the necessary Jacobians.

We use sequential quadratic programming (SQP) to iteratively approximate the resultant
convex objective as a quadratic objective, and iterate until convergence. Speci cally, we

repeatedly solve

!
T

. 1 . d2 (Z(k)) d (Z(k))
(k+1) — Td i +1 +
Z = arg|zll|n —=Z diag —|22 VA —dZ Z ( 1 )

subjectto jzz z 1] ¢ 8i

until jjiz&*  z®jj, < for a small , where

St @) s
d2 (5.18)
gz - (st Pz )

We then compute the necessary Jacobians using the quadratic approximatiinl7) at
the solution, which gives the correct Hessian and gradient terms. We can furthermore
di erentiate the gradient and Hessian with respect to the underlying model parameters
and 2, again using a recently-developed batch QP solver [AK17].

To develop a predictive model, we make use of a highly-tuned load forecasting method-
ology. Speci cally, we input the past day's electrical load and temperature, the next day's
temperature forecast, and additional features such as nonlinear functions of the tempera-
tures, binary indicators of weekends or holidays, and yearly sinusoidal features. We then
predict the electrical load over all 24 hours of the next day. We employ a 2-hidden-layer
neural network for this purpose, with an additional residual connection from the inputs to
the outputs initialized to the linear regression solution. An illustration of the architecture
is shown in Figure 5.3.

pPart of the philosophy behind using this approach is that weknow the Gaussian assumption is incorrect:
the true underlying load is neither Gaussian distributed nor homoskedastic. However, these assumptions
are exceedingly common in practice, as they enable easy model learning and exact analytical solutions.
Thus, training the (still Gaussian) system with a task-based loss retains computational tractability while
still allowing us to modify the distribution parameters to improve actual performance on the task at hand.
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Figure 5.4: Results for 10 runs of the generation-scheduling problem for representative decision parameters

e =0:5 s =50;andc, =0:4. (Lower loss is better.) As expected, the RMSE net achieves the lowest
RMSE for its predictions. However, the task net outperforms the RMSE net on task loss by 38.6%, and
the cost-weighted RMSE on task loss by 8.6%.

In our approach, we rst pre-train the model
to minimize the root mean squared error (RMSE)
between its predictions and the actual load (giv-
ing the mean prediction ;), and compute 2 as
the (constant) empirical variance between the
predicted and actual values. We then ne-tune
this model using the task loss; that is, using
the (mean and variance) predictions of this base
model, we obtainz’(x; ) by solving the gener-
ator scheduling problem(5.15), and then adjust-
ing network parameters to minimize the resul-
tant task loss. We use 7 years of data to tra_inIzigulre 5.3: 2-hidden-layer neural network to
the model, and 1.75 subsequent years for testingyedict hourly electric load for the next day.

We compare against a traditional stochastic
programming model that minimizes just the RMSE, as well as a cost-weighted RMSE that
periodically reweights training samples given their task loss.A pure policy-optimizing
network is not shown, as it could not su ciently learn the ramp constraints and thus
generated infeasible schedules; we could not obtain good performance for the policy optimizer
even ignoring this infeasibility.

Figure 5.4 shows the performance of the three models on the testing dataset. As
expected, the RMSE model performs best with respect to the RMSE of its predictions (its
objective). However, the task-based model substantially outperforms the RMSE model
when evaluated on task loss, the actual objective that the system operator cares about:

’It is worth noting that a cost-weighted RMSE approach is only possible when direct costs can be
assigned independently to each decision point, i.e. when costs do not depend on multiple decision points (as
in this experiment). Our task-based method, however, accommodates the (typical) more general setting.
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speci cally, we improve upon the performance of the traditional stochastic programming
method by 38.6%. The cost-weighted RMSE's performance is extremely variable, and
overall, the task net improves upon this method by 8.6%.

5.4.3 Price forecasting and battery storage

Finally, we consider a battery arbitrage task, based upon 6 years of real electrical grid data.
Here, a grid-scale battery must operate over a 24 hour period based on some (unknown)
distribution over future electricity prices (Figure 5.1c). For each hour, the operator must
decide how much to chargeZ, 2 R?*) or discharge ¢.. 2 R?*) the battery, thus inducing

a particular state of charge in the battery ¢sae 2 R?%). Given a particular realizationy of
prices, the operator optimizes over: 1) prots, 2) exibility to participate in other markets,

by keeping the battery near half its capacityB (with weight ), and 3) battery health, by
discouraging rapid charging/discharging (with weight, < ). The battery also has a
charging e ciency ( ¢ ), limits on speed of charged,) and discharge ¢.), and begins at
half charge. This can be written as the stochastic programming problem

x4 B 2 #
- - - 2 2
minimize  Ey pyix; ) YiZin  Zow)i+  Zswe - t+ Kznk®+ Kzouk
Zin ;Zout ;Zstate 2 R?* i1 2
SUbjeCt t0 Zstateii+1 = Zstate:ii Zouti t e Zin:i 8i; Zstate:1 = B=2
O Zn Gn; O Zow Couts O Zstae B:
(5.19)

Assuming (as we will in our model) thaty; is a random variable with mean ;, then this
expectation has a closed form that depends only on the mean, as follows:

) x4 B 2 #
Ey p(yix; ) yi(zin Zout)i + Zstate E + Kz, k% + KZout k?
s ) (5.20)

B 2 2
= i(Zin Zout)i + Zstate E + kzink®+ kzouk*:
i=1

We can then write this expression in QP form aminimizes;.c; n. az=ng %ZTQZ + ¢’z with

2 3 2 3 2 3
Zin I 0 0
z=4 7254 2;0=40 | 0 5:c=4 S
Zstate 0 0 | B1
2 | 0 0 2
I 0 0 0
_E 0 [ 0 Ecout 0 0 g::::0:1 b= B=2
B 0 I 0 0 eDI DI DI D; - 0
0 0o 1 B
0 0 I 0
(5.21)

74



Table 5.1: Task loss results for 10 runs each of the battery storage problem, given a lithium-ion battery
with attributes B =1, . =0:9, ¢, =0:5, and ¢yt =0:2. (Lower loss is better.) Our task-based net on
average somewhat improves upon the RMSE net, and demonstrates more reliable performance.

Hyperparameters RMSE net Task-based net (our method) % Improvement
0.1 0.05 -1.45 4.67 -292 0.3 102
1 0.5 496 4.85 2.28 2.99 54
10 5 131 145 959 298 27
35 15 173 7:38 170 2:16 2
T T
whereD;= | 0 2R*» ZandD,= 0 | 2 R* 2%,

For this experiment, we assume thay; is a lognormal random variable (with mean ;);
thus, to obtain our predictions, we predict the mean ofog(y) (i.e., we predictlog( )). To
develop a predictive model for the mean, we use an architecture similar to that described in
Section 5.4.2. In this case, we input the past day's prices and temperature, the next day's
load forecasts and temperature forecasts, and additional features such as nonlinear functions
of the temperatures and temporal features similar to those in Section 5.4.2. We again pre-
train the model to minimize the mean squared error between the model's predictions and the
actual prices (giving the mean prediction ;), using about 5 years of data to train the model
and 1 subsequent year for testing. We then again ne-tune the neural network parameters
by minimizing the task loss; that is, using the mean predictions of this base model, we
solve the storage scheduling problem by solving the optimization problem (5.19), compute
the necessary Jacobians at the solution, and update the underlying model parametevia
backpropagation, again using Amos and Kolter [AK17]. We compare against a traditional
stochastic programming model that minimizes just the RMSE.

Table 5.1 shows the performance of the two models on the testing dataset. As energy
prices are di cult to predict due to numerous outliers and price spikes, the models in this
case are not as well-tuned as in our load forecasting experiment; thus, their performance
is relatively variable. Even then, in all cases, our task-based model demonstrates better
average performance than the RMSE model when evaluated on task loss, the objective
most important to the battery operator (although the improvements are not statistically
signi cant). More interestingly, our task-based method shows less (and in some cases, far
less) variability in performance than the RMSE-minimizing method. Qualitatively, our task-
based method hedges against perverse events such as price spikes that could substantially
a ect the performance of a battery charging schedule. The task-based method thus yields
more reliable performance than a pure RMSE-minimizing method in the case the models
are inaccurate due to a high level of stochasticity in the prediction task.

5.5 Conclusion

This chapter proposes an end-to-end approach for training machine learning models that
will be used in the loop of a larger process. Speci cally, we consider training probabilistic
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models in the context of stochastic programming to directly capture a task-based objective.
Preliminary experiments indicate that our task-based learning model substantially outper-
forms MLE and policy-optimizing approaches in all but the (rare) case that the MLE model
\perfectly" characterizes the underlying distribution. Our method also achieves a 38.6%
performance improvement over a highly-optimized real-world stochastic programming algo-
rithm for scheduling electricity generation based on predicted load. In the case of energy
price prediction, where there is a high degree of inherent stochasticity in the problem, our
method demonstrates more reliable task performance than a traditional predictive method.
The task-based approach thus demonstrates promise in optimizing in-the-loop predictions.

While not explicitly evaluated above, a key limitation of our method is its computational
cost; in particular, our method requires solving and di erentiating through an optimization
problem during each training iteration where the task loss is used, which can be potentially
expensive. Future directions include exploring mechanisms to reduce this computational
cost, e.g., via faster solution methods or by employing cheaper proxies to the decision-
making process. Our method as currently presented also only accounts for certain kinds of
decision-making settings, notably focusing on single-round decision-making processes that
can be written in analytical form. Future work includes an extension of our approach to
stochastic learning models with multiple rounds, further to model predictive control and
full reinforcement learning settings, and to multi-objective optimization settings.

76



crapier O
Chapter

Approximating Optimization Problems with
Hard Constraints

Large optimization problems with hard constraints arise in many settings, yet classical solvers
are often prohibitively slow, motivating the use of deep networks as cheap \approximate
solvers." Unfortunately, naive deep learning approaches typically cannot enforce the
hard constraints of such problems, leading to infeasible solutions. In this chapter, we
present Deep Constraint Completion and Correction (DC3), an algorithm to address this
challenge. Speci cally, this method enforces feasibility via a di erentiable procedure, which
implicitly completes partial solutions to satisfy equality constraints and unrolls gradient-
based corrections to satisfy inequality constraints. We demonstrate the e ectiveness of
DC3 in both synthetic optimization tasks and the real-world setting of AC optimal power
ow, where hard constraints encode the physics of the electrical grid. In both cases, DC3
achieves near-optimal objective values while preserving feasibility.

The work in this chapter has previously been published ih:

Priya L. Donti , David Rolnick , and J. Zico Kolter. \DC3: A Learning
Method for Optimization with Hard Constraints." International Conference
on Learning Representations 2021.

LCode for all experiments is available at:https://github.com/locuslab/DC3
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6.1 Introduction

Traditional approaches to constrained optimization are often expensive to run for large
problems, necessitating the use of function approximators. Neural networks are highly
expressive and fast to run, making them ideal as function approximators. However, while
deep learning has proven its power for unconstrained problem settings, it has struggled
to perform well in domains where it is necessary to satisfy hard constraints at test time.
For example, in power systems, weather and climate models, materials science, and many
other areas, data follows well-known physical laws, and violation of these laws can lead to
answers that are unhelpful or even nonsensical. There is thus a need for fast neural network
approximators that can operate in settings where traditional optimizers are slow (such as
non-convex optimization), yet where strict feasibility criteria must be satis ed.

In this work, we introduce Deep Constraint Completion and Correction (DC3), a
framework for applying deep learning to optimization problems with hard constraints. Our
approach embeds di erentiable operations into the training of the neural network to ensure
feasibility. Speci cally, the network outputs a partial set of variables with codimension equal
to the number of equality constraints, and \completes" this partial set into a full solution.
This completion process guarantees feasibility with respect to the equality constraints and
is di erentiable (either explicitly, or via the implicit function theorem). We then x any
violations of the inequality constraints via a di erentiable correction procedure based on
gradient descent. Together, this process of completion and correction enables feasibility
with respect to all constraints. Further, this process is fully di erentiable and can be
incorporated into standard deep learning methods.

Our key contributions are:

" Framework for incorporating hard constraints. We describe a general framework,

DC3, for incorporating (potentially non-convex) equality and inequality constraints
into deep-learning-based optimization algorithms.

Practical demonstration of feasibility. We implement the DC3 algorithm in both
convex and non-convex optimization settings. We demonstrate the success of the
algorithm in producing approximate solutions with signi cantly better feasibility than
other deep learning approaches, while maintaining near-optimality of the solution.

AC optimal power ow. We show how the general DC3 framework can be used to
optimize power ows on the electrical grid. This di cult non-convex optimization
task must be solved at scale and is especially critical for renewable energy adoption.
Our results greatly improve upon the performance of general-purpose deep learning
methods on this task.

6.2 Related work

Fast optimization methods. Many classical optimization methods have been proposed
to improve the practical e ciency of solving optimization problems. These include general

techniques such as constraint and variable elimination (i.e., the removal of non-active
constraints or redundant variables, respectively), as well as problem-speci ¢ techniques
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(e.g., KKT factorization techniques in the case of convex quadratic programs) [NWO06].
Our present work builds upon aspects of this literature, applying concepts from variable
elimination to reduce the number of degrees of freedom associated with the optimization
problems we wish to solve.

In addition to the classical optimization literature, there has been a large body of
literature in deep learning that has sought to approximate or speed up optimization models.
As described in reviews on topics such as combinatorial optimization [BLP21] and optimal
power ow [HKMZ20], ML methods to speed up optimization models have thus far taken
two main approaches. The rst class of approaches has focused on employing machine
learning alongside or in the loop of optimization solvers { for instance, to learn warm-start
points (see, e.g., [Bak19] and [Don+20]) or to enable constraint elimination techniques by
predicting active constraints (see, e.g., [MRN22]). The second class of approaches, akin
to work on surrogate modeling [KL13], involves training machine learning models to map
directly from optimization inputs to full solutions; however, such approaches often struggle
to produce solutions that are feasible with respect to the optimization constraints. Several
recent works within this second class of approaches have therefore aimed to make post-hoc
feasibility adjustments to the solutions output by the ML models [ZB20; Pan+20], but as
these adjustments are not visible to the ML model during training, this can impact the
guality of the solutions that are obtained. Our work is situated within this latter line of
approaches, aiming to directly learn a machine learning-based surrogate to optimization
problems, but in a way thatinternalizes knowledge of any feasibility adjustments into the
training process in order to improve learning outcomes.

Constraints in neural networks. While deep learning is often thought of as wholly
unconstrained, in reality, it is quite common to incorporate (simple) constraints within
deep learning procedures. For instance, softmax layers encode simplex constraints, sigmoids
instantiate upper and lower bounds, ReLUs encode projections onto the positive orthant,
and convolutional layers enforce translational equivariance (an idea taken further in general
group-equivariant networks [C\W16]). Recent work has also focused on embedding specialized
kinds of constraints into neural networks, such as conservation of energy (see, e.g., [GDY19]
and [Beu+19]), and homogeneous linear inequality constraints [FNC20]. However, while
these represent common \special cases," there has to date been little work on building more
general hard constraints into deep learning models.

6.3 DC3: Deep constraint completion and correction
In this work, we consider solving families of optimization problems for which the objectives
and/or constraints vary across instances. Formally, lex 2 RY denote the problem data, and

y 2 R" denote the solution of the corresponding optimization problem (whenedepends
on x). For any givenx, our aim is then to nd y solving:

migziggize fx(y); siti g(y) 0 he(y)=0; (6.1)
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(wheref, g, and h are potentially nonlinear and non-convex). Solving such a family of
optimization problems can be framed as a learning problem, where an algorithm must
predict an optimal y from the problem datax. We consider deep learning approaches to this
task { that is, training a neural network N , parameterized by , to approximatey given x.

A naive deep learning approach to approximating such a problem involves viewing the
constraints as a form of regularization. That is, for training examples(", the algorithm
learns to minimize a composite loss containing both the objective and two \soft loss" terms
representing violations of the equality and inequality constraints (for somey; , > 0):

“son(9) = Fx(9)+ gkReLU(G(9))k3 + nkhx(9)k3: (6.2)

An alternative framework (see, e.g., Zamzam and Baker [ZB20] and Pan, Chen, Zhao,
and Low [Pan+20]) is to use supervised learning on examples({; y(")) for which an
optimum y® is known. In this case, the loss is simpljjy y®"jj2. However, both these
procedures for training a neural network can lead in practice to highly infeasible outputs
(as we demonstrate in our experiments), because they do not strictly enforce constraints.
Supervised methods also require constructing a training set (e.g., via an exact solver), a
sometimes di cult or expensive step.

To address these challenges, we introduce the method of Deep Constraint Completion
and Correction (DC3), which allows hard constraints to be integrated into the training
of neural networks. This method is able to train directly from the problem speci cation
(instead of a supervised dataset), via the following two innovations:

Equality completion.  We provide
a mechanism to enforce equality con-
straints during training and testing, in-
spired by the literature on variable elim-
ination. Speci cally, rather than out-
putting the full-dimensional optimiza-
tion solution directly, we rst output a
subset of the variables, and then infer
the remaining variables via the equal-
ity constraints { either explicitly, or
by solving an implicit set of equations
(through which we can then backpropa-
gate via the implicit function theorem).

Inequality correction. We cor-
rect for violation of the inequality con-
straints by mapping infeasible points to feasible points using an internal gradient descent
procedure during training. This allows us to x inequality violations while taking steps
along the manifold of points satisfying the equalities, which yields an output that is feasible
with respect to all constraints.

Overall, our algorithm involves training a neural networkN (x) to output a partial set
of variablesz. These variables are then completed to a full set of variablgssatisfying
the equality constraints. In turn, y is corrected toy to satisfy the inequality constraints

Figure 6.1: A schematic of the DC3 framework.
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Algorithm 2 Deep Constraint Completion and Correction (DC3)
1. assume equality completion procedure , : R™ ! R"™ ™ // to solve eq. constraints
g? procedure train (X)
4 init neural networkN : R4! R™
5 while not convergeddo for x 2 X
6: compute partial set of variablesz = N (x)
7
8
9

complete to full set of variablesy= z7 ' ()T ' 2 R

correct to feasible (or approx. feasible) solutiory & (= ) (y)
; compute constraint-regularized 10SS 5o (%)
10: update usingr (%)
11 end while
12: end procedure
13:
14: procedure test (x, N )

15: compute partial set of variablesz = N (x)

16:  complete to full set of variablesy= zT ' ,(2)T '
17:  correct to feasible solutiony’=  (test)(y)

18: return ¢

19: end procedure

while continuing to satisfy the equality constraints. The overall network is trained using
backpropagation on the soft loss described in Equatio6.2) (which is necessary for
correction, as noted below).

Importantly, both the completion and correction procedures are di erentiable either
implicitly or explicitly (allowing network training to take them into account), and the overall
framework is agnostic to the choice of neural network architecture. A schematic of the DC3
framework is given in Figure 6.1, and corresponding pseudocode is given in Algorithm 2.

We note that as this procedure is somewhat general, in cases where constraints have a
specialized structure, specialized techniques may be more appropriate to use. For instance,
while we examine linearly-constrained settings in our experiments for the purposes of
illustration, in practice, techniques such as Minkowski-Weyl decomposition or Cholesky
factorization (see [FNC20], [AK17]) may be more e cient in these settings. However, for
more general settings without this kind of structure { e.g., non-convex problems such as
AC optimal power ow, which we examine in our experiments { the DC3 framework can
provide a (di erentiable) mechanism for satisfying hard constraints. We now detail the
completion and correction procedures used in DC3.

6.3.1 Equality completion

Assuming that the problem(6.1) is not overdetermined, the number of equality constraints
h,(y) = 0 must not exceed the dimension of the decision variablg 2 R": that is, the
number of equality constraints equalsn  m for somem 0. Then, givenm of the
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entries of a feasible poiny, the other (n m) entries are, in general, determined by the
(n  m) equality constraints. We exploit this observation in our algorithm, noting that it
is considerably more e cient to output a point in R™ and complete it to a pointy 2 R"
such that hy(y) = 0, as compared with outputting full-dimensional pointsy 2 R" and
attempting to adjust all coordinates to satisfy the equality constraints.

In particular, we assume that givenm entries ofy, we either can solve for the remaining
entries explicitly (e.g. in a linear system) or that we have access to a process (e.g. Newton's
Method) allowing us to solve any implicit equations. Formally, we assume access to a
function ' , : R™ 1 R" ™ such thathy( 27 ' x(2)T ') =0; where zT ' (2)T " is the
concatenation ofz and ' (2).

In our algorithm, we then train our neural network N to output points z 2 R™, which
are completed to z" ' ,(2)7 T2R" A challenge then arises as to how to backpropagate
the loss during the training ofN if ' ,(z) is not a readily di erentiable explicit function {
for example, if the completion procedure uses Newton's Method. We solve this challenge by
leveraging the implicit function theorem, as e.g. in OptNet [AK17] and SATNet [Wan+19].
This approach allows us to express, for any training loss the derivativesd'=4z usingd=d ,(z).

Namely, letJ" 2 R(" ™ " denote the Jacobian oh,(y) with respect toy. By the chain
rule:

_d z _ @h @h d «(2) _ .» o d'x(2).
7 &™ @ T @z @@ dz  Jem T lmaTg
) da@=dz= I, T3 (6.3)

We can then backpropagate losses through the network by noting that

d_\ = @‘+ @\ d X(Z) = @‘ @‘ Jh th .
dz @z @%(2) dz @z @%(z) ~omn Teom

(6.4)

We note that in practice, the Jacobiand x(2=; should generally not be computed
explicitly due to space complexity considerations, and that it is often desirable to form the
result of the left matrix-vector product (@=a(2))(4 x(2=4z) directly. This general process is
discussed in Section 2.2.3, and also shown in detail for the problem of AC optimal power
ow in Appendix B.

6.3.2 Inequality correction

While the completion procedure described above guarantees feasibility with respect to the
equality constraints, it does not ensure that the inequality constraints will be satis ed.
To additionally ensure feasibility with respect to the inequality constraints, our algorithm
incorporates a correction procedure that maps the outputs from the previous step into the
feasible region. In particular, we employ a gradient-based correction procedure that takes
gradient steps inz towards the feasible regioralong the manifold of points satisfying the
equality constraints
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Let (y) be the operation that takes as input a pointy = zT ' ,(2)T T, and moves it
closer to satisfying the inequality constraints by taking a step along the gradient of the
inequality violation with respect to the partial variablesz. Formally, for a learning rate

> 0, we de ne:

z _ z z .
(@ (2 "x(2)
‘. d' (2)

Z 1 —
(2 2, x(2) = dz

for z=r, ReLU g

While gradient descent methods do not always converge to global (or local) optima
for general optimization problems, if initializedclose to an optimum gradient descent is
highly e ective in practice for non-pathological settings (see e.g. Busseti, Moursi, and Boyd
[BMB19] and Panageas, Piliouras, and Wang [PPW19]). At test time, the input to the
DC3 correction procedure should already be close to feasible with respect to the inequality
constraints, as it is the output of a di erentiable completion process that is trained using
the soft loss sot. Therefore, we may expect that in practice, the limitlimy; o (y) will
converge to a point satisfying both inequality and equality constraints (while for problems
with linear constraints as in Sections 6.4.1{6.4.2, the correction process is mathematically
guaranteed to converge).

As the exact limit limgq o (y) is di cult to calculate in practice, we make approxima-
tions at both training and test time. Namely, we apply {’(y) to the output of the comple-
tion procedure, witht = ty,i, relatively small at train time to allow backpropagation through
the correction. Depending on time constraints, this same value bimay be used at test time,
or a larger valuet = tg >t 4ain May be used to ensure convergence to a feasible point.

6.4 Experiments

We evaluate DC3 for convex quadratic programs (QPs), a simple family of non-convex
optimization problems, and the real-world task of AC optimal power ow (ACOPF). In
particular, we assess our method on the following criteria:

" Optimality : How good is the objective valud ,(y) achieved by the nal solution?

" Feasibility : How much, if at all, does the solution violate the constraints? Speci cally,
what are the maximum and mean feasibility violations of the inequality and equality
constraints: max(ReLU(gk(y))), meanReLU(gk(y))), max(hk(y)), and mean(hy(y))?

" Speed: How fast is the method?

We compare DC3 against the following methods (referred to by abbreviations in our

tables below):

" Optimizer : A traditional optimization solver. For convex QP settings, we usé©SQP
[Ste+20], as well as the batched, di erentiable solvegpth developed as part of OptNet
[AK17]. For the generic non-convex setting, we ud®OPT[WBO06]. For ACOPF, we
use the solver provided byPYPOWERPYython port of MATPOWERISGI7].
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NN : A simple deep learning approach trained to minimize a soft loss (Equatidf.2)).

NN, test: The NN approach, with a gradient-based correction procedurepplied
to the output at test time in an e ort to mitigate violations of equality and inequality
constraints. Unlike in DC3, correction is not used during training, and completion is
not used at all.

Eg. NN : A more sophisticated approach inspired bythat in Zamzam and Baker
[ZB20], where (i) the neural network outputs a partial set of variable2, which is
completed to the full set using the equality constraints, (ii) training is performed
by supervised learning on optimal pairsX(); z()) with loss function jj2  z(jj3, not
using the objective value at all.

Eq. NN, test: The approach in Eq. NN, augmented with gradient-based correction
at test time to mitigate violations of equality and inequality constraints.

We also attempted to use the output of theNN method as a \warm start" for traditional
optimizers, but found that the NN output was su ciently far from feasibility that it did
not help.

In addition, we consider weaker versions of DC3 in which components of the algorithm
are ablated:

" DC3, 6. The DC3 algorithm with completion ablated. All variables are output by
the network directly and correction is performed by taking gradient steps for both
equality and inequality constraints.

DC3, 6 train . The DC3 algorithm with correction ablated at train time. Correction
is still performed at test time.

DC3, 6 train/test . The DC3 algorithm with correction ablated at both train and
test time.

DC3, no soft loss . The DC3 algorithm with training performed to minimize
the objective value only, without auxiliary terms capturing equality and inequality
violation.

As our overall framework is agnostic to the choice of neural network architecture, to
facilitate comparison, we use a xed neural network architecture across all experiments: fully
connected with two hidden layers of size 200, including ReLU activation, batch normalization
[IS15], and dropout (with rate 0.2) [Sri+14] at each hidden layer. The following parameters
were kept xed for all neural network-based methods across all experiments (with values given

2Note that this correction procedure is not exactly the same as that described in Section 6.3.2, as the
outputs of the NN baseline do not necessarily meet the prerequisite of satisfying the equality constraints.
Instead, we adjust the full set of output variables directly with respect to gradients of the inequality and
equality violations.

3In zamzam and Baker [ZB20], the authors employ one step of an ACOPF-speci ¢ heuristic called
PV/PQ switching to correct inequality constraint violations at test time. We do not apply this heuristic here
in the spirit of presenting a more general framework. As PV/PQ switching is not necessarily guaranteed to
correct all inequality violations (although it can work well in practice), in principle, one could consider
employing a combination of PV/PQ switching and gradient-based corrections in the context of ACOPF.
We note that Pan, Chen, Zhao, and Low [Pan+20] propose a more general post-hoc inequality correction
scheme, but we do not explore this empirically here.
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in parentheses), based on a small amount of informal experimentation to ensure training was
stable and properly converged: number of epochs (1000), batch size (200), hidden layer size
(200, for both hidden layers), correction procedure stopping tolerance (#), and correction
procedure momentum (0.5). For all remaining parameters, we performed hyperparameter
tuning via a coordinate search over relevant parameters. Central values for this coordinate
search were determined via a small amount of informal experimentation to ensure training
was stable on that central set of parameters. Final parameters were chosen so as to prioritize
feasibility (as determined via the mean and max violations of equality and inequality
constraints), followed by objective value and speed; these parameter values are reported
alongside each experiment below. All neural networks are trained using PyTorch [Pas+19].

To generate timing results, all neural nets and thepth optimizer were run with full
parallelization on a GeForce GTX 2080 Ti GPU. TheDSQRPOPT and PYPOWIBRtimizers
were run sequentially on an Intel Xeon 2.10GHz CPU, and we report the total time divided
by the number of test instances to simulate full parallelization. As our implementations are
not tightly optimized, we emphasize that all timing comparisons are approximate.

6.4.1 Convex quadratic programs

As a rst test of the DC3 method, we consider solving convex quadratic programs with a
quadratic objective function and linear constraints. Note that we examine this simple task
rst for illustration, but the general DC3 method is assuredly overkill for solving convex
guadratic programs. It may not even be the most e cient deep learning-based method for
constraint enforcement on this task, since more specialized techniques are available in such
linearly constrained settings [FNC20].

We consider the following problem:

minimize %yTQy+ p'y; sit: Ay =x; Gy h; (6.5)
y n

for constantsQ2 R" " 0,p2 R", A2 R"™ " G 2 R"e N h 2 R"es and variable
x 2 R"a which varies between problem instances. We must learn to approximate the
optimal y given x.

In our experiments, we takeQ to be a diagonal matrix with all diagonal entries drawn
i.i.d. from the uniform distribution on [0; 1], ensuring thatQ is positive semi-de nite. We
take matricesA; G with entries drawn i.i.d. from the unit normal distribution. We assume
that in each problem instance, all entries g< are in the interval [ 1;1]. In order to ensure
that the problem is feasible, we takenh = J(GA™)jj j, where A" is the Moore-Penrose
pseudoinverse of\; namely, for this choice ofh, the point y = A" x is feasible (but not, in
general, optimal), because:

X
AATX = X; GA* x (GA™); sincejx;j L (6.6)
j
During training, we use examplex with entries drawn i.i.d. from the uniform distribution
on[ 1;1].
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Table 6.1: Results on QP task for 100 variables, 50 equality constraints, and 50 inequality constraints. We
compare the performance of DC3 and other algorithms according to the objective value and max/mean
values of equality/inequality constraint violations, each averaged across test instances. We also compare the
total time required to run on all 833 test instances, assuming full parallelization. (Std. deviations across 5
runs are shown in parentheses for all gures reported.) Lower values are better for all metrics. We nd that
methods other than DC3 and Optimizer violate feasibility (as shown in red). DC3 gives a feasible output
with reasonable objective value 78 faster than gpth and only 9 slower than OSQPwhich is optimized for
convex QPs.

Obj. value Max eq. Mean eq. Max ineq. Mean ineq. Time (s)

Optimizer (OSQP) -15.05 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)  0.00 (0.00) 0.002 (0.000)
Optimizer (qpth) ~ -15.05 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)  0.00 (0.00) 1.335 (0.012)

DC3 -13.46 (0.01) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.017 (0.001)
DC3, 6 -12.58 (0.04) 0.35 (0.00) 0.13 (0.00) 0.00 (0.00) 0.00 (0.00) 0.008 (0.000)
DC3, 6 train -1.39 (0.97)  0.00 (0.00) 0.00 (0.00) 0.02 (0.02)  0.00 (0.00) 0.017 (0.000)

DC3, 6 trainftest -1.23 (1.21)  0.00 (0.00) 0.00 (0.00) 0.09 (0.13)  0.01 (0.01) 0.001 (0.000)
DC3, no soft loss ~ -21.84 (0.00) 0.00 (0.00) 0.00 (0.00) 23.83 (0.11) 4.04 (0.01) 0.017 (0.000)

NN -12.57 (0.01) 0.35 (0.00) 0.13 (0.00) 0.00 (0.00)  0.00 (0.00) 0.001 (0.000)
NN, test -12.57 (0.01) 0.35 (0.00) 0.13 (0.00) 0.00 (0.00)  0.00 (0.00) 0.008 (0.000)
Eg. NN -9.16 (0.75)  0.00 (0.00) 0.00 (0.00) 8.83 (0.72) 0.91 (0.09) 0.001 (0.000)
Eq. NN,  test -14.68 (0.05) 0.00 (0.00) 0.00 (0.00) 0.89 (0.05) 0.07 (0.01) 0.018 (0.001)

Table 6.1 compares the performance of DC3 (and various ablations of DC3) with
traditional optimizers and other deep learning-based methods, for the caserof 100
variables andneq = nijpeq = 50. Tables 6.2 and 6.3 additionally show the performance
of these methods as the number of equality and/or inequality constraints vary. Each
experiment is run 5 times for 10,000 examples (with train/test/validation ratio 10:1:1).
Hyperparameter values are shown in Table 6.4.

We nd that DC3 preserves feasibility with respect to both equality and inequality con-
straints, while achieving reasonable objective values. (The average per-instance optimality
gap for DC3 over the classical optimizer is 10.59%.) For every baseline deep learning algo-
rithm, on the other hand, feasibility is violated signi cantly for either equality or inequality
constraints. As expected, \DC36" (completion ablated) results in violated equality con-
straints, while \DC3 6" (correction ablated) violates inequality constraints. Ablating the
soft loss also results in violated inequality constraints, leading to an objective value signi -
cantly lower than would be possible were constraints satis ed.

Even though we have not optimized the code of DC3 to be maximally fast, our imple-
mentation of DC3 still runs about 78 faster than the state-of-the-art di erentiable QP
solvergpth, and only about 9 slower than the classical optimize©OSQRwhich is specif-
ically optimized for convex QPs. Furthermore, this assumes OSQP is fully parallelized {
in this case, across 833 CPUs { whereas standard, non-parallel implementations of OSQP
would be orders of magnitude slower. By contrast, DC3 is easily parallelized within a single
GPU using standard deep learning frameworks.
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Table 6.2: Results on QP task for 100 variables and 50 inequality constraints, as the number of equality
constraints varies as 1030; 50; 70;90. We compare the performance of DC3 and other algorithms according

to objective value and maximum equality/inequality constraint violations averaged across test instances.

(Standard deviations across 5 runs are shown in parentheses.) We nd that neural network baselines give
signi cantly inferior performance (shown in red) across all problems.

10 30 50 70 90
Optimizers Obj.val.  -27.26 (0.00)  -23.13 (0.00)  -15.05 (0.00)  -14.80 (0.00)  -4.79 (0.00)
Max eq. 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)

(OSQP, gpth) Max ineg.  0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Obj. val. 2570 (0.02) 2020 (0.20) 1346 (0.0)  -13.73 (0.02) _ -4.76 (0.00)

DC3 Max eq. 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Max ineq. 0.0 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)

Obj. val. 2250 (0.18) 2040 (0.03) 1258 (0.04)  -13.36 (0.02) _ 5.27 (0.00)

DC3, 6 Max eq. 0.12 (0.01) 0.24 (0.00) 0.35 (0.00) 0.47 (0.00) 0.59 (0.00)
Max ineq. 0.0 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)

Obj. val.  25.75 (0.08) 2014 (0.15) -1.39 (0.97)  -13.71 (0.04)  -4.75 (0.00)

DC3, 6 train Max eq. 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Max ineq. 0.0 (0.00) 0.00 (0.00) 0.02 (0.02) 0.00 (0.00) 0.00 (0.00)

Obj. val. 2575 (0.04)  20.14 (0.15) 123 (121)  -13.71 (0.04)  -4.75 (0.00)

DC3, 6 train/test Max eq. 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Max ineq. 0.0 (0.00) 0.00 (0.00) 0.09 (0.13) 0.00 (0.00) 0.00 (0.00)

Obj. val.  66.70 (0.01) _ -40.63 (0.02) 2184 (0.00) -15.56 (0.02) _ -4.76 (0.01)
DC3, no soft loss Max eq. 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Max ineq.  122.52 (0.22)  50.25 (0.14)  23.83 (0.11)  5.85 (0.18) 0.00 (0.00)

Obj. val.  22.65 (0.12) 2043 (0.03) 1257 (001) -13.35 (0.03)  5.20 (0.02)
NN Max eq. 0.11 (0.01) 0.24 (0.00) 0.35 (0.00) 0.47 (0.00) 059 (0.00)
Max ineq.  0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)

Obj. val.  22.65 (0.12) 2043 (0.03) 1257 (00)  -13.35 (0.03) _ 5.20 (0.02)
NN,  test Max eq. 0.11 (0.01) 0.24 (0.00) 0.35 (0.00) 0.47 (0.00) 059 (0.00)
Max ineq. 0.0 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)

Obj. val.  27.20 (0.02)  22.74 (014)  0.16 (0.75) _ -14.64 (0.01) _ 4.74 (0.0D)
Eq. NN Max eq. 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Max ineq.  0.43 (0.02) 1.37 (0.09) 8.83 (0.72) 0.86 (0.05) 0.00 (0.00)

Obj. val.  27.20 (0.02)  -22.76 (0.13)  -14.68 (0.05) -14.66 (0.01)  -4.74 (0.0D)
Eq. NN,  test Max eq. 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Max ineq.  0.42 (0.02) 1.27 (0.09) 0.89 (0.05) 0.85 (0.05) 0.00 (0.00)

Table 6.3: Results on QP task for 100 variables and 50 equality constraints. The number dhequality
constraints varies as 1030; 50; 70; 90. Content and interpretation as in Table 6.2.

10 30 50 70 90
Optimizers Obj. val. -17.33 (0.00)  -16.33 (0.00)  -15.05 (0.00)  -14.61 (0.00)  -14.26 (0.00)
OSOP, gpth) Max eq. 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
(OSQP. qp Max ineq.  0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Obj. val. 1518 (0.31)  -13.90 (0.20)  -13.46 (0.01)  -1052 (0.93)  -11.77 (0.07)

DC3 Max eq. 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Max ineq.  0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)

Obj. val. 15.66 (0.05)  -14.10 (0.04)  -12.58 (0.04) _ -12.10 (0.03)  -11.72 (0.03)

DC3, 6 Max eq. 0.35 (0.00) 0.35 (0.00) 0.35 (0.00) 0.35 (0.00) 0.35 (0.00)
Max ineq.  0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)

Obj. val. 15.60 (0.30)  -13.83 (0.15) _ -1.39 (0.97) TI1.14 (0.05)  -11.76 (0.06)

DC3, 6 train Max eq. 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Max ineq.  0.00 (0.00) 0.00 (0.00) 0.02 (0.02) 0.00 (0.00) 0.00 (0.00)

Obj. val. 15.60 (0.30)  -13.83 (0.15)  -1.23 (1.21) 11.14 (0.05) _ -11.76 (0.06)

DC3, 6 train/test Max eq. 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Max ineq. 0.0 (0.00) 0.00 (0.00) 0.09 (0.13) 0.00 (0.00) 0.00 (0.00)

Obj. val. 21.78 (0.01)  -21.72 (0.03)  -21.84 (0.00) _ -21.82 (0.01) _ -21.83 (0.00)

DC3, no soft loss Max eq. 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Max ineq.  23.85 (0.52)  23.54 (0.23)  23.83 (0.11)  23.73 (0.09)  23.69 (0.06)

Obj. val. 15.66 (0.03)  -14.10 (0.05)  -12.57 (0.01)  -12.12 (0.03)  -11.70 (0.02)

NN Max eq. 0.35 (0.00) 0.35 (0.00) 0.35 (0.00) 0.35 (0.00) 0.35 (0.00)
Max ineq.  0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)

Obj. val. 15.66 (0.03)  -14.10 (0.05)  -12.57 (0.01)  -12.12 (0.03)  -11.70 (0.02)

NN,  test Max eq. 0.35 (0.00) 0.35 (0.00) 0.35 (0.00) 0.35 (0.00) 0.35 (0.00)
Max ineq.  0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)

Obj. val. 17.07 (020) -15.45 (0.09)  -9.16 (0.75) 71420 (0.06)  -14.10 (0.10)

Eq. NN Max eq. 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Max ineq.  1.65 (0.22) 1.79 (0.10) 8.83 (0.72) 2.26 (0.04) 1.28 (0.05)

Obj. val. 17.06 (020)  -15.65 (0.09)  -14.68 (0.05)  -14.31 (0.06) _ -14.10 (0.10)

Eq. NN,  test Max eq. 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00)
Max ineq.  1.53 (0.19) 1.58 (0.08) 0.89 (0.05) 1.92 (0.04) 1.25 (0.04)
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Table 6.4: Ranges over which di erent hyperparameters were tuned for each method for the QP and simple
nonconvex tasks, with central values for the coordinate search iitalics, and the nal parameter values in
bold . In order to minimize the amount of tuning, we employ the hyperparameters obtained for DC3 to
\DC3, 6 train" and \DC3, no soft loss" as well (rather than tuning the latter two methods separately). For
this set of experiments, we set the learning rate of the gradient-based correction procedurg to 10 7 for
all methods, as most methods went unstable for higher correction learning rates.

DC3
DC3, 6 train DC3, 6 NN Eqg. NN
DC3, no soft loss
Lr 10 2,10 %,10 ¢ 10 2,10 °,10 ¢ 10 2,10 3,10 * 10 2,10 3,10 ¢
gt h 1,10,100 1,10,100 1,10,100 {
g+h - 0.5, 0.1, 0.01 0.5, 0.9, 0.99 0.5, 0.9, 0.99 {
trest 5, 10, 50, 100,1000 | 5, 10, 50, 100,1000 | 5, 10, 50, 100,1000 | 5, 10, 50, 100,1000
tirain 1, 2,5, 10, 100 1, 2,5, 10, 100 { {

Table 6.5: Results on our simple nonconvex task for 100 variables, 50 equality constraints, and 50 inequality
constraints, with details as in Table 6.1. Since this problem is nonconvex, we us#’OPTas the classical
optimizer. DC3 is di erentiable and about 9 faster than IPOPT giving a near-optimal objective value
and constraint satisfaction, in contrast to baseline deep learning-based methods which result in signi cant
constraint violations.

Obj. value Max eq. Mean eq. Max ineq. Mean ineq. Time (s)
Optimizer -11.59 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.121 (0.000)
DC3 -10.66 (0.03) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.013 (0.000)
DC3, 6 -10.04 (0.02) 0.35(0.00) 0.13 (0.00) 0.00 (0.00) 0.00 (0.00) 0.009 (0.000)
DC3, 6 train -0.29 (0.67)  0.00 (0.00) 0.00 (0.00) 0.01(0.01) 0.00(0.00) 0.010 (0.004)

DC3, 6 trainftest -0.27 (0.67)  0.00 (0.00) 0.00 (0.00) 0.03 (0.03)  0.00 (0.00) 0.001 (0.000)
DC3, no soft loss ~ -13.81 (0.00) 0.00 (0.00) 0.00 (0.00) 15.21 (0.04) 2.33 (0.01) 0.013 (0.000)

NN -10.02 (0.01) 0.35 (0.00) 0.13 (0.00) 0.00 (0.00)  0.00 (0.00) 0.001 (0.000)
NN, test -10.02 (0.01) 0.35 (0.00) 0.13 (0.00) 0.00 (0.00)  0.00 (0.00) 0.009 (0.000)
Eq. NN -3.88 (0.56)  0.00 (0.00) 0.00 (0.00) 6.87 (0.43) 0.72 (0.05) 0.001 (0.000)

Eq. NN, test  -10.99 (0.03) 0.00 (0.00) 0.00 (0.00) 0.87 (0.04) 0.06 (0.00) 0.013 (0.000)

6.4.2 Simple non-convex optimization

We now consider a simple non-convex adaptation of the quadratic program above:
o1 :
minimize éyTQy+ p'sin(y); sit: Ay = x; Gy h;
y n

wheresin(y) denotes the componentwise application of the sine function to the vectygr
and where all constants and variables are de ned as {{®%.5). We consider instances of this
problem where all parameters are drawn randomly as in our preceding experiments in the
convex setting.

In Table 6.5, we compare the performance of DC3 and other deep learning-based
methods against the classical non-convex optimiz#POPT* All hyperparameters in these
experiments were maintained at the settings chosen for the convex QP task in Section 6.4.1,

4We initialize the optimizer using the feasible pointy = A* x noted in Equation (6.6).
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since these tasks are similar by design. We nd that DC3 achieves good objective values
(8.02% per-instance optimality gap), while maintaining feasibility. By contrast, all other
deep learning-based methods that we consider violate constraints signi cantly. DC3 also
runs about 10 faster than IPOPT even assumindPOPTis fully parallelized. (Even on the
CPU, DC3 takes 0030 0:000 seconds, about 4 faster than IPOPT) Note that the DC3
algorithm is essentially the same between the convex QP and this non-convex task, since
only the objective function is altered.

6.4.3 AC optimal power ow

We now show how DC3 can be applied to the problem of AC optimal power ow (ACOPF),
as de ned in Section 2.3.2. In particular, as the amount of renewable energy on the power
grid grows, ACOPF must be solved more and more frequently to account for the variability
of these renewable sources, and at larger scale to account for an increasing number of
distributed devices [Rol+22]. However, given that ACOPF is a non-convex optimization
problem, classical optimizers scale poorly on it. While specialized approaches to this
problem have started to emerge, including using machine learning (see, e.g., [ZB20; Pan+20]
for a discussion), we here assess the ability of our more general framework to approximate
this problem.

Mathematically, we consider the ACOPF formulation previously de ned in Equa-
tion (6.7), with a quadratic generator cost functionf c(pg) = pg diag(cq)pg + Clpg, Where
Cq; Ca 2 RP are the quadratic and linear cost parameters, respectively, for power generation
at each node. The resultant ACOPF optimization problem is as follows:

ominimize, o} dagn +

subject to pgmin Py pgwax; Oénin o oénax; ymin ] Vj ymax- (6_7)

(pg Pa)+(q )i =diag(v)Wv:

More details about how we apply DC3 to the problem of ACOPF are given in Appendix B.

We assess our method on a 57-bus power system test case available viavA@POWER
package. We conduct 5 runs over 1,200 input datapoints (with a train/test/validation
ratio of 10:1:1). Optimality, feasibility, and timing results are reported in Table 6.6.
Hyperparameter values are shown in Table 6.7.

We nd that DC3 achieves comparable objective values to the optimizer, and preserves
feasibility with respect to both equality and inequality constraints. Once again, for every
baseline deep learning algorithm, feasibility is violated signi cantly for either equality or
inequality constraints. Ablations of DC3 also su er from constraint violations, though the
e ect is less pronounced than for the convex QP and simple non-convex settings, especially
for ablation of the correction (perhaps because the inequality constraints here are easier to
satisfy than the equality constraints). We also see that DC3 runs about 10faster than
the PYPOWIBRtimizer, even whenPYPOWERfully parallelized. (Even when running on
the CPU, DC3 takes 0906 0:003 seconds, slightly faster tha®YPOWER

Out of 100 test instances, there were 3 on which DC3 output lower-than-optimal
objective values of up to a few percent (-0.30%, -1.85%, -5.51%), re ecting slight constraint
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Table 6.6: Results on ACOPF over 100 test instances. We compare the performance of DC3 and other
algorithms according to the metrics described in Table 6.1. We nd again that baseline methods violate
feasibility (as shown in red), while DC3 gives a feasible and near-optimal output about 10 faster than the
PYPOWEiRtimizer, even assuming thatPYPOWESRfully parallelized.

Obj. value Max eq. Mean eq. Max ineq. Mean ineq. Time (S)
Optimizer 3.81 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.949 (0.002)
DC3 3.82 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.089 (0.000)
DC3, 6 3.67 (0.01) 0.14 (0.01) 0.02 (0.00) 0.00 (0.00) 0.00 (0.00) 0.040 (0.000)
DC3, 6 train 3.82 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.00 (0.00) 0.089 (0.000)

DC3, 6 train/test 3.82 (0.00) 0.00 (0.00) 0.00 (0.00) 0.01 (0.00) 0.00 (0.00) 0.039 (0.000)
DC3, no soft loss ~ 3.11 (0.05) 2.60 (0.35) 0.07 (0.00) 2.33 (0.33) 0.03 (0.01) 0.088 (0.000)

NN 3.69 (0.02) 0.19 (0.01) 0.03 (0.00) 0.00 (0.00) 0.00 (0.00) 0.001 (0.000)
NN, test 3.69 (0.02) 0.16 (0.00) 0.02 (0.00) 0.00 (0.00) 0.00 (0.00) 0.040 (0.000)
Eq. NN 3.81 (0.00) 0.00 (0.00) 0.00 (0.00) 0.15(0.01) 0.00 (0.00) 0.039 (0.000)

Eq. NN, test  3.81(0.00) 0.00 (0.00) 0.00 (0.00) 0.15(0.01) 0.00 (0.00) 0.078 (0.000)

Table 6.7: Ranges over which di erent hyperparameters were tuned for each method for the ACOPF task,
with central values for the coordinate search initalics, and the nal parameter values in bold . In order to
minimize the amount of tuning, we employ the hyperparameters obtained for DC3 to \DC3, 6 train" and
\DC3, no soft loss" as well (rather than tuning the latter two methods separately).

DC3

DC3, 6 train DC3, 6 NN Eqg. NN
DC3, no soft loss
Lr 10 2,10 3,104 |10 2,10 3,104 /102,10 3,104 | 10210 3,10 ¢

ot n 1,10,100 1,10,100 1,10,100 {
— 0.5, 0.1, 0.01 0.5, 0.9, 0.99 0.5, 0.9, 0.99 {
trest 5, 10, 50, 100 5, 10, 50, 100 5,10, 50, 100 | 5, 10, 50, 100, 200
tyrain 1,2,5,10,100 | 1,2,5, 10, 100 { {

Lr, « |10°% 10 4,10°| 104,10 5,106 |10 %, 10 6,107 |10 ®,10 ¢,10 7

violations. Over the other 97 instances, the per-instance optimality gap compared to the
classical optimizer was 0.22%.

6.5 Conclusion

We have described a method, DC3, for fast approximate solutions to optimization problems
with hard constraints. Our approach includes a neural network that outputs a partial set of
variables, a di erentiable completion procedure that lIs in remaining variables according to
equality constraints, and a di erentiable correction procedure that xes inequality violations.
We nd that DC3 yields solutions of signi cantly better feasibility and objective value than
other approximate deep learning-based solvers on convex and non-convex optimization tasks.
We note that, while DC3 provides a general framework for tackling constrained optimiza-
tion, depending on the setting, the expensiveness of both the completion and correction pro-
cedures may vary (e.g., implicit solutions may be more time-consuming, or gradient descent
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may converge more or less easily). We believe that, while our method as stated is broadly ap-
plicable, it will be possible in future work to design further improvements tailored to speci c
problem instances, for example by designing problem-dependent correction procedures.
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Chapter

Enforcing Robust Control Guarantees within
Neural Network Policies

When designing controllers for safety-critical systems, practitioners often face a challenging
tradeo between robustness and performance. While robust control methods provide rigor-
ous guarantees on system stability under certain worst-case disturbances, they often yield
simple controllers that perform poorly in the average (non-worst) case. In contrast, nonlinear
control methods trained using deep learning have achieved state-of-the-art performance on
many control tasks, but often lack robustness guarantees. In this chapter, we propose a tech-
nigue that combines the strengths of these two approaches: constructing a generic nonlinear
control policy class, parameterized by neural networks, that nonetheless enforces the same
provable robustness criteria as robust control. Speci cally, our approach entails integrat-
ing custom convex-optimization-based projection layers into a neural network-based policy.
We demonstrate the power of this approach on several synthetic domains (including a syn-
thetic microgrid task), improving in average-case performance over existing robust control
methods and in worst-case stability over (non-robust) deep reinforcement learning methods.

The work in this chapter has previously been published inh:

Priya L. Donti, Melrose Roderick, Mahyar Fazlyab, and J. Zico Kolter.
\Enforcing Robust Control Guarantees within Neural Network Policies."
International Conference on Learning Representations2021.

LCode for all experiments is available at:https://github.com/locuslab/robust-nn-control
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7.1 Introduction

The eld of robust control, dating back many decades, has been able to provide rigorous
guarantees on when controllers will succeed or fail in controlling a system of interest. In
particular, if the uncertainties in the underlying dynamics can be bounded in speci c ways,
these techniques can produce controllers that are provably robust even under worst-case
conditions. However, as the resulting policies tend to be simple (i.e., often linear), this can
limit their performance in typical (rather than worst-case) scenarios. In contrast, recent high-
pro le advances in deep reinforcement learning have yielded state-of-the-art performance
on many control tasks, due to their ability to capture complex, nonlinear policies. However,
due to a lack of robustness guarantees, these techniques have still found limited application
in safety-critical domains where an incorrect action (either during training or at runtime)
can substantially impact the controlled system.

In this chapter, we propose a method that combines the guarantees of robust control with
the exibility of deep reinforcement learning (RL). Speci cally, we consider the setting of
nonlinear, time-varying systems with unknown dynamics, but where (as common in robust
control) the uncertainty on these dynamics can be bounded in ways amenable to obtaining
provable performance guarantees. Building upon speci cations provided by traditional
robust control methods in these settings, we construct a new class of nonlinear policies that
are parameterized by neural networks, but that are nonethelepsovably robust In particular,
we project the outputs of a nominal (deep neural network-based) controller onto a space of
stabilizing actions characterized by the robust control speci cations. The resulting nonlinear
control policies are trainable using standard approaches in deep RL, yet aygaranteedto
be stable under the same worst-case conditions as the original robust controller.

We describe our proposed deep nonlinear control policy class and derive e cient,
di erentiable projections for this class under various models of system uncertainty common
in robust control. We demonstrate our approach on several di erent domains, including
synthetic linear di erential inclusion (LDI) settings, the cart-pole task, a quadrotor domain,
and a microgrid domain. Although these domains are simple by modern RL standards,
we show that purely RL-based methods often produce unstable policies in the presence of
system disturbances, both during and after training. In contrast, we show that our method
remains stable even when worst-case disturbances are present, while improving upon the
performance of traditional robust control methods.

7.2 Related work

Robust control.  Robust control is concerned with the design of feedback controllers
for dynamical systems with modeling uncertainties and/or external disturbances [ZD98;
BBO08], speci cally controllers with guaranteed performance under worst-case conditions.
Many classes of robust control problems in both the time and frequency domains can be
formulated using linear matrix inequalities (LMIs) [Boy+94; KBM96]; for reasonably-sized
problems, these LMIs can be solved using o -the-shelf numerical solvers based on interior-
point or rst-order (gradient-based) methods. However, providing stability guarantees often

94



requires the use of simple (linear) controllers, which greatly limits average-case performance.
Our work seeks to improve performance viaonlinear controllers that nonetheless retain
the same stability guarantees.

Reinforcement learning (RL). In contrast, RL (and speci cally, deep RL) is not restricted

to simple controllers or problems with uncertainty bounds on the dynamics. Instead, deep
RL seeks to learn an optimal control policy, represented by a neural network, by directly
interacting with an unknown environment. These methods have shown impressive results
in a variety of complex control tasks (e.g., [Mni+15; Akk+19]); see [Bus+18] for a survey.
However, due to its lack of safety guarantees, deep RL has been predominantly applied to
simulated environments or highly-controlled real-world problems, where system failures are
either not costly or not possible.

E orts to address the lack of safety and stability in RL fall into several main categories.
The rst tries to combine control-theoretic ideas, predominantly robust control, with the
nonlinear control policy bene ts of RL (e.g., [MDO5; AKLHO6; FARO9; LLW13; WL13;
LWH14; FB17; Pin+17; JL20; CRG19; Han+19; ZHB20; CHW22; Rut+22; JMP21]). For
example, RL has been used to address stochastic stability Hy control synthesis settings
by jointly learning Lyapunov functions and policies in these settings [Han+19]. As another
example, RL has been used to addresk; control for continuous-time systems via min-
max di erential games, in which the controller and disturbance are the \minimizer" and
\maximizer" [MDO05]. We view our approach as thematically aligned with this previous work,
though our method is able to capture not onlyH; settings, but also a much broader class
of robust control settings. A more recent direction has also involved mixing between the
outputs of a trusted robust control algorithm and an \untrusted" algorithm (e.g., a standard
RL algorithm) [CHW22; Rut+22], an approach we similarly view as being thematically
aligned with our work.

Another category of methods addressing this challenge is safe RL, which aims to learn
control policies while maintaining some notion of safety during or after learning. Typically,
these methods attempt to restrict the RL algorithm to a safe region of the state space by
making strong assumptions about the smoothness of the underlying dynamics, e.g., that the
dynamics can be modeled as a Gaussian process (GP) [TBK16; Aka+14] or are Lipschitz
continuous [Ber+17; Wac+18]. This framework is in theory more general than our approach,
which requires using stringent uncertainty bounds (e.g., state-control norm bounds) from
robust control. However, there are two key bene ts to our approach. First, norm bounds
or polytopic uncertainty can accommodate sharp discontinuities in the continuous-time
dynamics. Second, convex projections (as used in our method) scale polynomially with the
state-action size, whereas GPs in particular scale exponentially (and are therefore di cult
to extend to high-dimensional problems).

A third category of methods uses Constrained Markov Decision Processes (C-MDPs).
These methods seek to maximize a discounted reward while bounding some discounted cost
function [Alt99; Ach+17; TD18; Yan+20]. While these methods do not require knowledge
of the cost functions a-priori, they only guarantee the cost constraints hold during test time.
Additionally, using C-MDPs can yield other complications, such as optimal policies being
stochastic and the constraints only holding for a subset of states.
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7.3 Background on LQR and robust control speci cations

In this work, our aim is to control nonlinear (continuous-time) dynamical systems of the form
x(t) 2 A(t)x(t) + B(t)u(t) + G(t)w(t); (7.1)

where x(t) 2 RS denotes the state at timet; u(t) 2 R? is the control input; w(t) 2 R¢
captures both external (possibly stochastic) disturbances and any modeling discrepancies;
x(t) denotes the time derivative of the statex at time t; and A(t) 2 R® 3;B(t) 2 R® &;
G(t) 2 R® 9. This class of models is referred to as linear di erential inclusions (LDIs);
however, we note that despite the name, this class does indeed characteripalinear
systems, as, e.g.w(t) can depend arbitrarily on x(t) and u(t) (though we omit this
dependence in the notation for brevity). Within this class of models, it is often possible to
construct robust control speci cations certifying system stability. Given such speci cations,
our proposal is to learn nonlinear (deep neural network-based) policies thptovably
satisfy these speci cations while optimizing some objective of interest. We start by giving
background on the robust control speci cations and objectives considered in this work.

7.3.1 Robust control speci cations

In the continuous-time, in nite-horizon settings we consider here, the goal of robust control is
often to construct a time-invariant control policy u(t) = (x(t)), alongside some certi cation
that guarantees that the controlled system will be stable (i.e., that trajectories of the system
will converge to an equilibrium state, usuallyx = 0 by convention; see [HC11] for a more
formal de nition). For many classes of systems this certi cation is typically in the form

of a positive de nite Lyapunov functionV : R®! R, with V(0) =0 and V(x) > O for all

x 6 0, such that the function is decreasing along trajectories { for instance,

VA(x(1)) vV (x(1) (7.2)

for some design parameter> 0. (This particular condition implies exponential stability
with a rate of convergence .°) For certain classes of bounded dynamical systems, time-
invariant linear control policiesu(t) = Kx (t), and quadratic Lyapunov functionsV (x) =
xTPX, it is possible to construct such guarantees using semide nite programming. For
instance, consider the class of norm-bounded LDIs (NLDISs)

X = Ax(t) + Bu(t) + Gw(t); kw(t)k, k Cx(t) + Du(t)ky; (7.3)

whereA2 RS S B2 R*23 G2R® 49 C2RKSs andD 2 R* 2 are time-invariant and
known, and the disturbancew(t) is arbitrary (and unknown) but obeys the norm bounds

2In this work, we consider sub-classes of syster{V.1) that may indeed be stochastic (e.g., due to a
stochastic external disturbancew(t)), but that can be bounded so as to be amenable to deterministic
stability analysis. However, other settings may require stochastic stability analysis; please see [Ast71].

3See, e.g., [HC11] for a more rigorous de nition of (local and global) exponential stability. Condition(7.2)
comes fromLyapunov's Theorem which characterizes various notions of stability using Lyapunov functions.
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above! For these systems, it is possible to specify a set of stabilizing policies via a set of
linear matrix inequalities (LMlIs, [Boy+94]):

AS+SAT+ GGT+BY +Y™BT+ S SCT+YTDT

CS+ DY | 00S 0 >0 (7.4
whereS 2 R® SandY 2 R? s, For matricesS and Y satisfying (7.4), K = YS ! and

P = S ! are then a stabilizing linear controller gain and Lyapunov matrix, respectively.
While the LMI above is speci ¢ to NLDI systems, this general paradigm of constructing
stability speci cations using LMIs applies to many settings commonly considered in robust
control (e.g., settings with norm-bounded disturbances or polytopic uncertainty, ad,
control settings). More details about these types of formulations are given in, e.g., Boyd,
El Ghaoui, Feron, and Balakrishnan [Boy+94]; in addition, we provide the relevant LMI
constraints for the settings we consider in this work in Appendix C.1.

7.3.2 LQR control objectives

In addition to designing for stability, it is often desirable to optimize some objective
characterizing controller performance. While our method can optimize performance with
respect to any arbitrary cost or reward function, to make comparisons with existing methods
easier, for this work, we consider the well-known in nite-horizon \linear-quadratic regulator”
(LQR) cost, de ned as
Z 1
x(1)TQx(t) + u(t)"Ru(t) dt; (7.5)
0

forsomeQ 2 S ° 0andR 2 & 2 0. If the control policy is assumed to be time-
invariant and linear as described above (i.ey(t) = Kx(t)), minimizing the LQR cost
subject to stability constraints can be cast as an SDP (see, e.g., [YZZ01]) and solved using
o -the-shelf numerical solvers { a fact that we exploit in our work. For example, to obtain an
optimal linear time-invariant controller for the NLDI systems described above, we can solve

minimize tr(QS) + tr( R¥Y S 'YTR¥) s t: Equation (7.4) holds (7.6)

7.4 Enforcing robust control guarantees within neural

networks
We now present the main contribution of this work: A class ofonlinear control policies,

potentially parameterized by deep neural networks, that is guaranteed to obey the same
stability conditions enforced by the robustness speci cations described above. The key

4A slightly more complex formulation involves an additional term in the norm bound, i.e., Cx(t)+ Du(t)+
Hw (t), which creates a quadratic inequality in w. The mechanics of obtaining robustness speci cations in
this setting are largely the same as presented here, though with some additional terms in the equations. As
such, as is often done, we assume thatl = 0 for simplicity.
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insight of our approach is as follows: While it is di cult to derive speci cations that globally
characterize the stability of a generic nonlinear controller, if we are givedmown robustness
speci cations, we can create a su cient condition for stability by simply enforcing that our
policy satis es these speci cations at alt. For instance, given a known Lyapunov function,
we can enforce exponential stability by ensuring that our policy su ciently decreases this
function (e.g., satis es Equation (7.2)) at any givenx(t).

In the following sections, we present our nonlinear policy class, as well as our general
framework for learning provably robust policies using this policy class. We then derive the
instantiation of this framework for various settings of interest. In particular, this involves
constructing (custom) di erentiable projections that can be used to adjust the output of a
nominal neural network to satisfy desired robustness criteria. For simplicity of notation, we
will often suppress thet-dependence ok, u, and w, but we note that these are continuous-
time quantities as before.

7.4.1 A provably robust nonlinear policy class

Given a dynamical system of the forn{7.1) and a quadratic Lyapunov functionV (x) =
xTPXx, let

C(x) := fu2 R?j\L(x) V (x) 8x 2 A(t)x + B(t)u+ G(t)wg (7.7)

denote a set of actions that, for axed statex 2 R®, are guaranteed to satisfy the exponential
stability condition (7.2) (even under worst-case realizations of the disturbance). We
note that this \safe" set is non-empty if P satis es the relevant LMI constraints (e.g.,
system(7.4) for NLDIs) characterizing robust linear time-invariant controllers, as there is
then someK corresponding toP such that Kx 2 C(x) for all states x.

Using this set of actions, we then construct a robust nonlinear policy class thptojects
the output of some neural network onto this set. More formally, consider an arbitrary
nonlinear (neural network-based) policy clas§ : R®! R® parameterized by , and let P,
denote the projection operator for some set)( We then de ne our robust policy class as

:R®! R?& where

(X) = Popo (" (X)): (7.8)

We note that this policy class is di erentiable if the projections can be implemented in a
di erentiable manner (e.g., using convex optimization layers [Agr+19], though we construct
e cient custom solvers for our purposes). Importantly, as all policies in this class satisfy
the stability condition (7.2) for all statesx and at all timest, these policies areerti ably
robust under the same conditions as the original (linear) controller for which the Lyapunov
function V(x) was constructed.
Given this policy class and some performance objectivge.g., LQR cost), our goal is
to then nd parameters such that the corresponding policy optimizes this objective { i.e.,
to solve
Z,
minimize (x; (x))dt st x2 A)x+ B(t) (x)+ G(t)w: (7.9)
0
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Algorithm 3  Learning provably robust controllers with deep RL

1: input performance objective /Il e.g., LQR cost

2: input stability requirement Il e.g., LX) V (X)

3: input policy optimizer A /I e.g., a planning or RL algorithm
4: compute P, K satisfying LMI constraints // e.g., by optimizing (7.6)

5. construct speci cations C(x) using P /I as de ned in Equation (7.7)

6: construct robust policy class usingC // as de ned in Equation (7.8)

7: train via A to optimize Equation (7.9)

8: return

Since is dierentiable, we can solve this problem via a variety of approaches, e.qg., a
model-based planning algorithm if the true dynamics are known, or virtually any (deep)
RL algorithm if the dynamics are unknown?

This general procedure for constructing stabilizing controllers is summarized in Algo-
rithm 3. While seemingly simple, this formulation presents a powerful paradigm: by simply
transforming the output of a neural network, we can employ an expressive policy class
to optimize an objective of interest whileensuring the resultant policy will stabilize the
system during both training and testing.

We instantiate our framework by constructing \safe" setsC(x) and their associated
(di erentiable) projections Py for three settings of interest: NLDIs, polytopic linear
di erential inclusions (PLDIs), and H; control settings. As an example, we describe
this procedure below for NLDIs, and refer readers to Appendix C.2 for corresponding
formulations for the additional settings we consider.

7.4.2 Example: NLDIs

In order to apply our framework to the NLDI setting (7.3), we rst compute a quadratic
Lyapunov function V (x) = x"Px by solving the optimization problem(7.6) for the given
system via semide nite programming. We then use the resultant Lyapunov function to
compute the system-speci c \safe" seC(x), and then create a fast, custom di erentiable
solver to project onto this set.

7.4.2.1 Computing sets of stabilizing actions

Given P, we computeG, p, (X) as the set of actionsu 2 R? that, for each statex 2 RS,
satisfy the stability condition (7.2) at that state under even a worst-case realization of
the dynamics(i.e., in this case, even under a worst-case disturbaneg. The form of the
resultant set is given below.

Theorem 1. Consider the NLDI system(7.3), some stability parameter > 0, and a
Lyapunov functionV(x) = xTPx with P satisfying Equation (7.4). AssumingP exists,

SWhile this problem is in nite-horizon and continuous in time, in practice, one would optimize it in
discrete time over a large nite time horizon.
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de ne

x"PB y xT(2PA+ P )X
kGTP Xk2 2kGTP sz

Gup (X) ;= u2 R*jkCx + Duk;

for all statesx 2 R®. For all x, Gyp (X) is a non-empty set of actions that satisfy the
exponential stability condition(7.2). Further, Gy.p (X) Is a convex set inu.

Proof. We seek to nd a set of actions such that the conditior{7.2) is satis ed alongall
possible trajectories 0f7.3). A set of actions satisfying this condition at a giverx is given by

( )
Guoi (X) == u2R%j sup V(x) V (x)

w:kwky k Cx+ Du ko

Let S := fw:kwk, k Cx+ Duk,g. We can then rewrite the left side of the above
inequality as

sup\M(x) =sup X' Px+ x'Px = 2x"P(Ax + Bu) +sup 2x' P Gw

w2S w2S w2S

= 2x"P(Ax + Bu) + 2kG"Pxk,kCx + Duky;

by the de nition of the NLDI dynamics and the closed-form minimization of a linear term
over anL, ball. Rearranging yields an inequality of the desired form. We note that by
de nition of the speci cations (7.4), there is someK corresponding toP such that the policy
u = Kx satis es the exponential stability condition (7.2); thus, Kx 2 Cy.pi, and Gy.p IS
non-empty. Further, as the above inequality represents a second-order cone constraintjn
this set is convex inu. ]

We further consider the special case whei2 =0, i.e., the norm bound onw does not
depend on the control action. This form of NLDI arises in many common settings (e.g.,
wherew characterizes linearization error in a nonlinear system but the dynamics depend
only linearly on the action), and is one for which we can compute the relevant projection in
closed form (as described shortly).

Corollary 1.1. Consider the NLDI system(7.3) with D = 0, some stability parameter
> 0, and Lyapunov functionV (x) = xTPx with P satisfying Equation (7.4). Assuming
P exists, de ne

Guolo (X):= u2R*j2x"PBu xT(2PA+ P )x 2kG'PxkykCxk;

for all statesx 2 R®. For all x, Gupio (X) is @a non-empty set of actions that satisfy the
exponential stability condition(7.2). Further, Gy.pi.o (X) is a convex set inu.

Proof. The result follows by settingD = 0 in Theorem 1 and rearranging terms. As the
above inequality represents a linear constraint im, this set is convex inu. H
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7.4.2.2 Deriving e cient, di erentiable projections

For the general NLDI setting (7.3), we note that the relevant projectionPq,,, () (see
Theorem 1) represents a projection onto a second-order cone constraint. As this projection
does not necessarily have a closed form, we must implement it using a di erentiable
optimization solver (e.g., [Agr+19]). For computational e ciency purposes, we implement a
custom solver that employs an accelerated projected dual gradient method for the forward
pass, and employs implicit di erentiation through the xed point equations of this solution
method to compute relevant gradients for the backward pass. Derivations and additional
details are provided in Appendix C.3.

In the case whereD = 0 (see Corollary 1.1), we note that the projection operation
Pauoo (v does have a closed form, and can in fact be implemented via a single ReLU oper-

ation. Specically, dening T :=2x"PB and = x"(2PA+ P )x 2kGT'Pxk,kCxks,
we see that
(
o MX) it TA(x) B TA(x)
Puoo (x) (M(X)) = A(x) T"(Tx) otherwise = "(x) RelLU ——

(7.10)

7.5 Experiments

Having instantiated our general framework, we demonstrate the power of our approach
on a variety of simulated control domains. In particular, we evaluate performance on the
following metrics:
" Average-case performance: How well does the method optimize the performance
objective (i.e., LQR cost) under average (non-worst case) dynamics?

" Worst-case stability: Does the method remain stable even when subjected to
adversarial (worst-case) dynamics?
In all cases, we show that our method is able to ouperform traditional robust controllers
under average conditions, while still guaranteeing stability under worst-case conditions.

7.5.1 Description of dynamics settings

We evaluate our approach on ve NLDI settings: two synthetic NLDI domains, the cart-
pole task, a quadrotor domain, and a microgrid domain. (Additional experiments for PLDI
and H; control settings are described in Appendix C.9.) For each setting, we choose a
time discretization based on the speed at which the system evolves, and run each episode
for 200 steps over this discretization. In all cases except the microgrid setting, we use a
randomly generated LQR objective where the matrice®? and R are drawn i.i.d. from

a standard normal distribution.

Synthetic NLDI settings. We generate NLDIs of the form(7.3) with s=5, a=3, and
d = k = 2 by generating matricesA;B; G; C and D i.i.d. from normal distributions, and
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producing the disturbancew(t) using a randomly-initialized neural network (with its output
scaled to satisfy the norm-bound on the disturbance). We investigate settings both where
D 6 0 and whereD = 0. In both cases, episodes are run for 2 seconds at a discretization
of 0.01 seconds.

Cart-pole. We aim to balance an inverted pendulum resting on top of a cart by exerting
horizontal forces on the cart. For our experiments, we linearize this system as an NLDI with
D 6 0 (see Appendix C.4), and add a small additional randomized disturbance satisfying
the NLDI bounds. Episodes are run for 10 seconds at a discretization of 0.05 seconds.

Planar quadrotor. We aim to stabilize a quadcopter in the two-dimensional plane by
controlling the amount of force provided by the quadcopter's right and left thrusters. We
linearize this system as an NLDI withD = 0 (see Appendix C.5), and add a small disturbance
as in the cart-pole setting. Episodes are run for 4 seconds at a discretization of 0.02 seconds.

Microgrid. We aim to stabilize a grid-connected microgrid by controlling a storage device
and a solar inverter. We augment the system given in [LBR16] with LQR matrices and NLDI
bounds (see Appendix C.6). Episodes are run for 2 seconds at a discretization of 0.01 seconds.

7.5.2 Experimental setup

We demonstrate our approach by constructing a robust policy clag$.8) for each of these
settings, and optimizing this policy class via di erent approaches. Speci cally, we construct a
nominal nonlinear control policy class a8 (x) = Kx + ~ (x), whereK is obtained via robust
LQR optimization (7.6), and where~ (x) is a feedforward neural network. To construct the
projections P, we employ the value ofP obtained when solving forK . For demonstration
purposes, we optimize our robust policy class (x) = Pc(” (x)) using two di erent methods:

" Robust MBP  (ours): A model-based planner with access to the true dynamics.

" Robust PPO (ours): An RL approach based on PPO [Sch+17b] that does not assume
known dynamics (beyond the bounds used to construct the robust policy class).
Robust MBP is optimized using gradient descent for 1,000 updates, where each update
samples 20 roll-outs. Robust PPO is trained for 50,000 updates, where each update samples
8 roll-outs; we choose the model that performs best on a holdout set of initial conditions
during training. While we use PPO for our demonstration, our approach is agnostic to the
particular method of training, and can be deployed with many di erent (deep) RL paradigms.

We compare our robust neural network-based method against the following baselines:
" Robust LQR: Robust (linear) LQR controller obtained via Equation (7.6).

" Robust MPC: A robust model-predictive control algorithm [KBM96] based on state-
dependent LMIs. (As the relevant LMIs are not always guaranteed to solve, our
implementation temporarily reverts to the Robust LQR policy when that occurs.)

RARL: The robust adversarial reinforcement learning algorithm [Pin+17], which
trains an RL agent in the presence of an adversary. (We note that unlike the other
robust methods considered here, this method is nprovably robust.)
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Table 7.1: Performance of various approaches, both robust (right) and non-robust (left). We report average
quadratic loss over 50 episodes under the original dynamics (O) and under an adversarial disturbance (A). For
the original dynamics (O), the best performance for both non-robust methods and robust methods is in bold
(lower loss is better). Under the adversarial dynamics (A), we seek to observe whether or not methods remain
stable; we use unstablé' to indicate cases where the relevant method becomes unstable (andto denote any
instabilities due to numerical, rather than theoretical, issues). Our robust methods (denoted by ) improve
performance over Robust LQR and Robust MPC in the average case while remaining stable under adversarial
dynamics, whereas the non-robust methods and RARL either go unstable or receive much larger losses.

. Robust Robust Robust  Robust
Environment LOR MBP PPO LOR MPC RARL MBP PPO
Generic NLDI O 373 16 21 253 253 27 69 33
(D =0) Al unstable ||| 1009 873 unstable 1111 2321
Generic NLDI O 278 15 82 199 199 147 69 80
(D 60) Al unstable ||| 1900 1667  unstable 1855 1669
Cart-pole O 36.3 3.6 7.2 10.2 10.2 8.3 9.7 8.4
A | unstable| 172.1 42.2 47.8 41.2 50.0 16.3
Quadrotor o] 5.4 25 7.7 13.8 13.8 12.2 11.0 8.3
A | unstable 545.7 137.6| 64.8 unstable’ 63.1 25.7 26.5
Microgrid O 4.59 0.60 0.61 0.73 0.73 0.67 0.61 0.61
Al unstable ||| 0.99 0.92 2.17 7.68 8.91

" LQR: A standard non-robust (linear) LQR controller.

MBP and PPO: The non-robust neural network policy class 4x) optimized via a
model-based planner and the PPO algorithm, respectively.
In order to evaluate performance, wérain all methods on the dynamical settings described
in Section 7.5.1, andevaluatethem on two di erent variations of the dynamics:

" Original dynamics: The dynamical settings described above (\average case").

" Adversarial dynamics:  Modi ed dynamics with an adversarial test-time distur-
bancew(t) generated to maximize loss (\worst case"). We generate this disturbance
separately for each method described above (see Appendix C.7 for more details).

Initialization states are randomly generated for all experiments. For the synthetic NLDI

and microgrid settings, these are generated from a standard normal distribution. For both
cart-pole and quadrotor, because our NLDI bounds model linearization error, we must
generate initial points within a region where this linearization holds. In particular, the
linearization bounds only hold for a specied.; ball, By.p , around the equilibrium. We
use a simple heuristic to construct this ball and jointly nd a smallerL; ball, Bj,;, such
that there exists a level seL of the Robust LQR Lyapunov function withBj,; L  Bnwp
(details in Appendix C.8). Since Robust LQR (and by extension our methods) are guaranteed
to decrease the relevant Lyapunov function, this guarantees that these methods will never
leave Byp When initialized starting from any point inside B,y { i.e., that our NLDI
bounds will always hold throughout the trajectories produced by these methods.

7.5.3 Results

Table 7.1 shows the performance of the above methods. We report the integral of the
guadratic loss over the prescribed time horizon on a test set of states, or indicate cases
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Figure 7.1: Test performance over training epochs for all learning methods employed in our experiments.
For each training epoch (10 updates for the MBP model and 18 for PPO), we report average quadratic loss
over 50 episodes, and use \X" to indicate cases where the relevant method became unstable. (Lower loss is
better.) Our robust methods (denoted by ), unlike the non-robust methods and RARL, remain stable
under adversarial dynamics throughout training.

where the relevant method became unstable (i.e., the loss became orders of magnitude
larger than for other approaches). (Sample trajectories are also provided in Appendix C.8.)
These results illustrate the basic advantage of our approach. In particular, both our
Robust MBP and Robust PPO methods show improved \average-case" performance over
the other provably robust methods (hamely, Robust LQR and Robust MPC). As expected,
however, the non-robust LQR, MBP, and PPO methods often perform better within the
original nominal dynamics, as they are optimizing for expected performance but do not
need to consider robustness under worst-case scenarios. However, when we apply allowable
adversarial perturbations (that still respect our disturbance bounds), the non-robust LQR,
MBP, and PPO approaches diverge or perform very poorly. Similarly, the RARL agent
performs well under the original dynamics, but diverges under adversarial perturbations in
the generic NLDI settings. In contrast, both of our provably robust approaches (as well
as Robust LQR) remain stable under even \worst-case" adversarial dynamics. (We note
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that the baseline Robust MPC method goes unstable in one instance, though this is due to
numerical instability issues, rather than issues with theoretical guarantees.)

Figure 7.1 additionally shows the performance of all neural network-based methods
on the test set over training epochs. While the robust and non-robust MBP and PPO
approaches both converge quickly to their nal performance levels, both non-robust versions
become unstable under the adversarial dynamics very early in the process. The RARL
method also frequently destabilizes during training. Our Robust MBP and PPO policies,
on the other hand, remain stable throughout theentire optimization process, i.e., do not
destabilize during either trainingor testing. Overall, these results show that our method
is able to learn policies that are more expressive than traditional robust methods, while
guaranteeingthese policies will be stable under the same conditions as Robust LQR.

While not depicted in the numerical results above, we note that the chief tradeo,
here, is computational cost. In particular, our approaches require computing a last-layer
projection during every step of training and inference, which can be expensive to compute
depending on the size and type of the projection. This is in contrast to both of the LQR-
based methods we evaluate (which only require one optimization problem to be solved up
front) as well as all RL baselines we evaluate (which do not require explicit optimization
solves). (Robust MPC, on the other hand, is much more expensive to run, as it requires
solving an ho at every time step.) Thus, reducing the computational cost of our approach {
e.g., by speeding up the projection layer or using cheaper proxy projection procedures { is
an important direction for future work.

7.6 Conclusion

In this chapter, we have presented a class of nonlinear control policies that combines the
expressiveness of neural networks with the provable stability guarantees of traditional robust
control. This policy class entails projecting the output of a neural network onto a set of
stabilizing actions, parameterized via robustness speci cations from the robust control
literature, and can be optimized using a model-based planning algorithm if the dynamics
are known or virtually any RL algorithm if the dynamics are unknown. We instantiate our
general framework for dynamical systems characterized by several classes of linear di erential
inclusions that capture many common robust control settings. In particular, this entails
deriving e cient, di erentiable projections for each setting, via implicit di erentiation
techniques. We show over a variety of simulated domains that our method improves
upon robust LQR techniques while, unlike non-robust LQR and neural network methods,
remaining stable even under worst-case allowable perturbations of the underlying dynamics.

We believe that our approach highlights the possible connections between traditional
control methods and (deep) RL methods. Speci cally, by enforcing more structure in the
classes of deep networks we consider, it is possible to produce networks firavably satisfy
many of the constraints that have typically been thought of as outside the realm of RL. We
hope that this work paves the way for future approaches that can combine more structured
uncertainty or robustness guarantees with RL, in order to improve performance in settings
traditionally dominated by classical robust control.
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chapier O
Chapter

Enforcing Policy Feasibility Constraints
through Di erentiable Projection for Energy
Optimization

While reinforcement learning (RL) is gaining popularity in energy systems control, its
real-world applications are limited due to the fact that the actions from learned policies
may not satisfy functional requirements or be feasible for the underlying physical system.
In this chapter, we propose PROjected Feasibility (PROF), a method to enforce convex
operational constraints within neural policies. Speci cally, using a similar general paradigm
as in Chapter 7, we incorporate a di erentiable projection layer within a neural network-
based policy to enforce that all learned actions are feasible. We then update the policy
end-to-end by propagating gradients through this di erentiable projection layer, making
the policy cognizant of the operational constraints. We demonstrate our method on two
applications: energy-e cient building operation and inverter control. In the building
operation setting, we show that PROF maintains thermal comfort requirements while
improving energy e ciency by 4% over state-of-the-art methods. In the inverter control
setting, PROF perfectly satis es voltage constraints on the IEEE 37-bus feeder system, as
it learns to curtail as little renewable energy as possible within its safety set.

The work in this chapter has previously been published in:.

Bingging Chen, Priya L. Donti , Kyri Baker, J. Zico Kolter, and Mario

Berges. \Enforcing Policy Feasibility Constraints through Di erentiable

Projection for Energy Optimization." Proceedings of the Twelfth ACM
International Conference on Future Energy Systems2021, 199{210.

LCode for all experiments is available at:https:/github.com/INFERLab/PROF .
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Figure 8.1: The PROF framework. Our policy consists of a neural network followed by a di erentiable
projection onto a convexi ed set of operational constraints, G (which is constructed via an approximate
model, f, of the environment). The di erentiable projection layer enforces the constraints in the forward
pass, and induces policy gradients that make the neural network cognizant of the constraints in its learning.

8.1 Introduction

There has been increasing interest in using learning-based methods such as reinforcement
learning (RL) for applications in energy systems control. However, a fundamental challenge
with many of these methods is that they do not respect the physical constraints or functional
requirements associated with the systems in which they operate. Therefore, there have been
many calls for embedding safety guarantees into learning-based methods in the context of
energy systems applications [ZZQ19; Glal9; Dob+20].

One common proposal to address this challenge is to provide machine learning methods
with \soft penalties” to encourage them to learn feasible solutions. For instance, Zhang
and Lam [ZL18] and Chen, Cai, and Berges [CCB19] incentivize their RL-based building
HVAC controller to satisfy thermal comfort constraints by adding a constraint violation
penalty to the reward function. While such approaches often involve tuning some weight
on the penalty term, recent work has proposed more theoretically-grounded approaches
to choosing these weights; for instance, in the setting of approximating AC optimal power
ow, Fioretto, Mak, and Van Hentenryck [FMVH20] and Chatzos, Fioretto, Mak, and Van
Hentenryck [Cha+20] interpret the weight on their constraint violation penalty as a dual
variable, and learn it via primal-dual updates. Gupta, Kekatos, and Jin [GKJ20] adopt a
similar approach in an inverter control problem. However, a challenge with these types of
\soft penalty” methods in general is that while theyincentivize feasibility, they do not strictly
enforce it, which is potentially untenable in safety-critical energy systems applications.

Given this limitation, a second class of approaches has aimed to strictly enforce opera-
tional constraints. For instance, in some cases, the outputs of a machine learning algorithm
can be clipped post-hoc in order to make them feasible. However, a challenge is that such
post-hoc corrections are not taken into account during the learning process, potentially
negatively impacting overall performance. More recent approaches based in deep learning
have therefore aimed to enforce simple classes of constraints in a way tbah be taken
into account during learning; for instance, Zamzam and Baker [ZB20] train a neural net-
work to approximate AC optimal power ow (OPF), and enforce box constraints on certain
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variables via sigmoid activations in the last layer of the neural network. In general, how-
ever, existing approaches have only been able to accommodsitaple sets of constraints,
prompting a need for methods that can incorporate broader classes of constraints.

In this chapter, drawing inspiration from Chapter 7, we propose a method to enforce
general convex constraints into RL-based controllers in a way that can be taken into account
during the learning process. In particular, we construct a neural network-based policy that
culminates in a projection onto a set of constraints characterized by the underlying system.
While the \true" constraints associated with the system may be somewhat complex, we
observe that simple, approximate physical models are often available for many systems
of interest, allowing us to specify convex approximations to the relevant constraints. The
projections onto these (approximate) sets can thus be characterized as convex optimization
problems, allowing us to leverage recent developments in di erentiable convex optimization
[AK17; Agr+19] to train our neural network and projection end-to-end using standard RL
methods. The result is a powerful neural network-based policy that can exibly optimize
performance on the true underlying dynamics, while still satisfying the speci ed constraints.

We demonstrate our PROjected Feasibility approach, PROF, on two settings of interest.
Speci cally, we explore a building operation setting in which the goal is to reduce energy
consumption during the heating season, while ensuring the satisfaction of thermal comfort
constraints. We additionally explore an inverter control setting where the goal is to mitigate
curtailment, while satisfying inverter operational constraints and nodal voltage bounds.
In both settings, we nd that our controller achieves good performance with respect to
the control objective, while ensuring that relevant operational constraints are satis ed. To
summarize, our key contributions are as follows:

" A framework for incorporating convex constraints. We propose a projection-
based method to exibly enforce convex constraints within neural network policies
(as summarized in Figure 8.1). By examining the gradient elds of the di erentiable
projection layer, we recommend the incorporation of an auxiliary loss for more robust
results. We also show in an ablation study (Section 8.5.3) that propagating gradients
through the di erentiable projection layer is indeed conducive to policy learning.

Demonstration on building control. In the building control setting, we show
that PROF further improves energy e ciency by 10% and 4%, respectively, compared
to the best-performing RL agents in [ZL18] and [CCB19]. By using a locally-linear
assumption to approximate the building thermodynamics and thereby formulating the
constraints as a polytope [Zha+17; Che+20a], we largely maintain the temperature
within the deadband, except when the control is saturated.

Demonstration on inverter control. In the inverter control setting, PROF satis es
the voltage constraints 100% of the time over more than half a million time steps
(1 week at one second per time step), with a randomly initialized neural network,
compared to 22% over-voltage violations incurred by a Volt/Var control strategy. In
terms of minimizing renewable generation curtailment, PROF performs as well as
possible within its conservative safety set after learning safely for a day.
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8.2 Related work

Our approach relies on recent developments in implicit neural network layers to enforce
constraints via di erentiable projections; relevant background and related work is provided
in Section 2.2.3. Our work is also thematically related to the area of safe reinforcement
learning; relevant background and related work is provided in Section 7.2. At the intersection
of these topics, several prior works employ some form of di erentiable projection within
the loop of deep RL to enforce some notion of \safety" (though the particular notion of
safety considered varies considerably between settings). For instance, within the context of
constrained Markov decision processes (C-MDPs), Yang, Rosca, Narasimhan, and Ramadge
[Yan+20] project neural network-based policies onto a linearly-constrained set of policies
with bounded cumulative discounted cost. In the setting of robotic motion planning,
Pham, De Magistris, and Tachibana [PDMT18] project actions onto a linear set of robotic
operational constraints, and apply separate updates to the neural network based on both
pre-projection and post-projection actions. In our own prior work (discussed in Chapter 7),
we enforce asymptotic stability guarantees by projecting the actions output by our controller
onto a convex set of actions satisfying stability speci cations obtained via robust control.
Similarly to these prior works, our approach employs di erentiable projections within a
neural network policy to enforce operational constraints over some planning horizon.

We employ our approach in the context of energy systems optimization, namely for the
e cient operation of building heating and cooling systems and for grid inverter control. We
refer interested readers to [ZZQ19; Glal9; Dob+20; Drg+20; Rol+22] for comprehensive
reviews of relevant work in power and energy systems application domains.

8.3 Preliminaries: Reinforcement learning

The goal of RL is to learn an optimal control policy through direct interaction with the
environment. The problem is usually formulated as a Markov decision process (MDP). At
each time stepk, the agent selects an actiomy given the current statexy, using its policy

(Equation (8.1)). In many modern RL techniques, the policy is commonly represented
by a neural network parameterized by . When the agent takes the actioru, the state
transitions to x° based on the system dynamick (Equation (8.2)), and the agent receives
a rewardry (or equivalently, incurs a costc, =  ry).

u (UkjXk); (8.1)
X0 f (X Ug): (8.2)

RL algorithms optimize for a policy that maximizes the expected cumulative reward, or
equivalently, minimizes the expected cumulative cost, whereis a temporal discount factor:
n # n #
, X _ b3
= argmax E 'resr =argmin E "G (8.3)
1=0 =0
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To simplify notation, we will denote the expected cumulative cost a3( ), i.e.,
n #
x |
J()=E Cerl (8.4)

=0

There are three general approaches to RL, namely value-based methods, policy gradient
methods, and actor-critic methods. Value-based methods, e.g., Q-learning and its variants,
update the value function of state-action pairs using the Bellman equation and take the
action that maximizes the value of an action selection policy (the Q function) through
exploration. Policy gradient methods, e.g., Proximal Policy Optimization (PPO) [Sch+17Db],
directly search for an optimal policy ? using estimates of policy gradients. Denoting the
policy gradient asg := r J( ), the core idea of policy gradient algorithms is that they
update based on an estimateg,of the gradient, i.e.,

¢ (8.5)

for some learning rate . Di erent algorithms vary in how they obtain §. For instance, the
learning objective for PPO, which we use in our building control experiment (Section 8.5),
is given by the following equation, wheref; is the generalized advantage estimate that can
be estimated via any of the estimators in [Sch+15]:

h i
Jero () = Ex min(wi( YA clip(wi( );1 1+ )AY) ;

(UkjXk)
old (Uijk)’

and the estimate( is constructed based on this learning objective. Actor-critic methods,

e.g., Advantage Actor-Critic (A2C), are hybrids of the value-based and policy gradient

approaches, using a policy network to select actions (the actor) and a value network to
evaluate the action (the critic).

(8.6)
wWi( ) =

8.4 Enforcing feasibility via di erentiable projection

We now describe PROF, which incorporates di erentiable projections onto convex(i ed)
sets of operational constraints within a neural policy.

8.4.1 Problem formulation

Consider a discrete-time dynamical system
Xirr = T (Xic; Uies Wio); (8.7)

where x, 2 RS is the state at time k, u, 2 R? is the control input, wy 2 RY is an
uncontrollable disturbance (which we assume to be observable), ahd R® R* RY! RS
denotes the system dynamics. Letting{x and U, denote the allowable state and action
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space, respectively, we can de ne the set of all feasible actions over the planning horiZon
as G, where

( )
_ Xisn = F(Xisuiswi); . )
G = Ukk+T 1 X 2 X u 2 U 8i2fk;:k+T 1g . (88)

Our goal is then to learn a policy that optimizes the control objective], while enforcing
the operational constraints. To simplify notation, we denotas = uxx+1 1. In the case of a

deterministic policy, i.e.,u = , the learning problem is simply
min J( ) s.t 2 G (8.9)
In the case of a stochastic policy, e.qu N ( ;diag( ?);[ ; 1= (X«), we can write

the problem as
min J() st u; 2GC: (8.10)

In this case, it is necessary to sample actions aroundin order to estimate policy gradients.
At the same time the actions sampled from might fall outside of G,. Thus, we enforce
that both  and the sample actionu satisfy the constraints.

8.4.2 Approximate convex constraints

In practice, there are two key challenges inherent in solving Equations 8.9{8.10 as written.
The rst is that the disturbances w; are not known ahead of time, meaning that the
optimization problem must be solved under uncertainty. One approach to addressing this,
from the eld of robust control [ZD98], involves constructing an uncertainty set over the
disturbance, and then optimizing for worst-case or expected cost under this uncertainty
set. Here, we simply assume a predictive model of the disturbances is available. (By re-
planning frequently, we observe that the prediction errors have limited empirical impact on
performance in the two applications we study.) We will use the notatiody, to denote our
forecast of the disturbance ik is a future time step, and the true value of the disturbance
if K is the present or a prior time step.

The second challenge pertains to the form of the s€, which may be poorly structured
or otherwise di cult to optimize over. In particular, our framework relies on obtaining
convex approximations to the constraints in order to enable di erentiable projections (see
Section 2.2.3.1). Fortunately, for many energy systems applications, some approximate
modelf} is often available based on domain knowledge that allov@ to be approximated
as a convex set, despite the complex nature of the true dynamical system.

Thus, letting f; denote our approximations of the dynamics an#l; denote the (forecast
or known) disturbance at eachi = k;:::;k+ T 1, we de ne our approximate convex
constraint set as

( - )
&= UekeT 1 X{lz_xi;l(t);il ’ZU'L’J:M)’ 8i2fk;yk+T 19 (8.11)
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We note that f and w are approximatedsolely for the purposes of constructing approximate
constraint sets, and are not used otherwise during training and inference (i.e., our neural
policy interacts with the true dynamics and disturbances during training and inference).

8.4.3 Policy optimization

Let ~ be any (e.g., fully-connected or recurrent) neural network parameterized by Our
policy entails passing the output from the neural network to the di erentiable projection
layer P characterized by the approximate constraints, which enforces that the resultant
action is feasible with respect to these constraints. The overall (di erentiable) neural policy
is then given by

(x) = Pg ™ (Xw):* (8.12)

The key bene t of embedding a di erentiable projection into our policy is that it enforces
constraints in a way that is visible to the neural network during learning. In this work, we
implement the di erentiable projection using the cvxpylayers library [Agr+19].

We construct the following loss function, which is a weighted sum of the control
objective J and an auxiliary loss term to be explained shortly in this section.> 0 is a
hyperparameter.

LGix)=3()+ k (x) 7~ (xiks: (8.13)

We then train our policy (Equation (8.12)) to minimize this cost using standard approaches
in deep reinforcement learning. The full algorithm is presented in Algorithm 4.

8.4.3.1 Visualization of gradient elds.

To provide more intuition on the di erentiable projection layer and our cost function, we

visualize the gradient elds in a hypothetical example with a deterministic policy and a
planning horizon of T = 1. Speci cally, for the purposes of illustration, letu and u? denote

unique optimal actions minimizing some convex control cost in the unconstrained and

constrained settings, respectively:

u X =argmin J()

2

u’ »; ?=argmin J() st u2C:

In Figure 8.2, we then plot the gradient elds in two cases: (ay 62 ¢ and (b) u 2 C.
Note that u and u” are assumed to be known here for illustrative purposes only, and are
not known during training.

In particular, we plot the gradients (black arrows) ofku P ¢ k3 with respect to the
output of the neural network ~. These indicate the direction in which the neural network
would be incentivized to update in order to minimize the system cost. If no di erentiable
projection were embedded within the policy, all the gradients would point towards without
regard for the constraints. Instead, in the case ai 62 ¢ (Figure 8.2a), the gradients

2We use the notationf g(x) := f (g(x)) to denote function composition.
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Algorithm 4 PROF

1. procedure main(env, J) // input: environment, control objective

2:

10:
11:
12:
13:
14.
15:
16:
17:

18

20

21:
22.

23:

24

26

27:
28:
29:
30:
31:
32:

33:
34:
35:

init neural network *, replay memoryM

specify RL algorithm A, batch sizeM, update interval K
specify planning horizonT

/I online execution

for k=1;:::do

observe state X
predict future disturbanceswf.x+t 1
construct constraint set &, policy =Pa *
compute ux = inference ( , Xk, T)
execute action env.step (uy)
save memory.append (Xg, Ux, Wik+T 1)
/[ update policy every K time steps
if mod(k;K) =0 then
N =train (*,J,M,A)
end if

end for

: end procedure

19:

: procedure inference ( , X, T)

/l input: neural policy, current state, planning horizon
select action UgksT 1

/I only return the current action; replan at each time step
return ug

: end procedure

25:

. procedure train (* ,J, M, A)

/[ input: neural policy, objective, replay memory, RL algorithm
init L()=0

fori=1;:::;M do

sample x;u;w M
construct constraint set&, policy = Pe 7
compute training loss

LO)+=3()+ k (x) " (xk;

end for
train " via A to minimize L
return *

36: end procedure
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Figure 8.2: lllustrative example of gradients from the di erentiable projection layer. u and u” denote
unique optimal actions minimizing some convex control objectiveJ in the unconstrained and constrained
settings, respectively;r ~k  u k3 is thus a proxy forr ~J. (@) u 62 CThe gradientsr ~J point towards
u’ as desired, such that = Ps ” will reach this optimal point. (b) u = u’ on the interior of C. The
gradients r »J do not cause” (or its projection) to update towards the interior. Adding a weighted

auxiliary loss term, e.g., k 7k, can help direct updates towards the interior.

through the di erentiable projection layer point towards u? instead ofu . More speci cally, if
N (xk) 2 C, then the projection layer is simply the identity, and the gradients point directly
towards u”; otherwise, the gradients point along the boundary o in the direction of u®.

This case is of particular interest, as in many practical applications some operational
constraint will be binding. As a concrete example, the ultimate energy-saving strategy for
building operations is to keep all mechanical systems o (i.ey = 0), which obviously
violates occupants' comfort requirements and is outside the set of allowable actions (i.e.,
u 62 (. Thus, the problem is to nd a policy that uses the mechanical system as little as
possible without violating comfort requirements. Given the common case where the control
objective is convex, this then lies on the boundary of the constraint set (i.eu’ = Pg U ).

We also depict the case where the solution of the unconstrained problem already satis es
the constraints, i.e.,u = u? 2 Cy (Figure 8.2b). If this is generally the case for a particular
application, we note that a constraint enforcement approach (ours or otherwise) is likely not
needed, and indeed utilizing gradients through the projection layer may actually degrade
performance. Speci cally, if* (xx) 62  the gradients do not point towards the interior
of the constraint set, meaning that (xx) = Pg. " (X«k) will lie on the boundary of the
constraints despite the optimal solution being in the interior. This can be amended by
augmenting the loss function with a (weighted) auxiliary term such ak (xx) * (Xk)k3
whose gradients (blue arrows) point towards the interior.

It may not be known a priori whether or notu is in the constraint set in general or
at any given time, except when domain experts are fully clear on the structure of the
solutions for speci ¢ applications. In particular, G is time-varying, making it di cult to
know for sure whether or not the constraints will indeed be binding at any given time. For
robustness, we therefore recommend incorporating the auxiliary loks (xx) ” (xk)k3
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(a) Geometric view (b) System schematic

Figure 8.3: Building simulation testbed (reproduced from [CCB19]).

within the RL training cost, unless it is known from domain knowledge that the constraints
will certainly be active. As such, we formulate the training cost function as previously given
in Equation (8.13).

8.5 Experiment 1: Energy-e cient building operation

There is signi cant potential to save energy through more e cient building operation.
Buildings account for about 40% of the total energy consumption in the United States,
and it is estimated that up to 30% of that energy usage may be reduced through advanced
sensing and control strategies [Fer+17]. However, this potential is largely untapped, as
the heterogeneous nature of building environments limits the ability of control strategies
developed for one building to scale to others [CCB19]. RL can address this challenge by
adapting to individual buildings by directly interacting with the environment.

The most important constraint in building operation is to maintain a satisfactory level
of comfort for occupants, while minimizing energy consumption. It is common in the RL-
based building control literature to penalize thermal comfort violations [ZL18; CCB19],
which incentivizes but does not guarantee the satisfaction of these comfort requirements.
In comparison, our proposed neural policy can largely maintain temperature within the
speci ed comfortable range, except when the control is saturated.

We evaluate our policy in the same simulation testbed as [ZL18; CCB19], following the
same experimental setup as [CCB19]. Speci cally, we rst pre-train the neural policy by
imitating a proportional-controller (P-controller). We then evaluate and further train our
agent in the simulation environment, using a di erent sequence of weather data.

8.5.1 Problem description

Simulation testbed.  We utilize an EnergyPlus (E+) model of a 600 multi-functional

space (Figure 8.3a), based on the Intelligent Workplace (IW) on Carnegie Mellon University
(CMU) campus, located in Pittsburgh, PA, USA. The system of interest is the water-based
radiant heating system, of which a schematic is provided in Figure 8.3b. In this experiment,
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we control the supply water temperatureso as to maintain the state variable, i.e., the
zone temperature within a comfortable range during the heating season. In the existing
control, the supply water (SW) is maintained at a constant ow rate, and its temperature is
managed by a P-controller. For more information on the simulation testbed, refer to [ZL18].

Approximate system model.  We approximate the environment as a linear system:
Xk+1 f'\(xk; Uk, Wi) = AXg + Byug + Bgwy; (8.14)

wherexy represents thezone temperatureand uy represents thesupply water temperature
Wy includes distributions from weather and occupancy. While building thermodynamics are
fundamentally nonlinear, the locally-linear assumption works well for many control inputs
[Pri+13]. We identify the approximate model parameterdA, B, and B4 with prediction error
minimization [Pri+13] on the same data used to pre-train the RL agent (see Section 8.5.2).
The root mean squared error (RMSE) of this model on a unseen test set is Q4

Objective. Since our goal is to minimize energy consumption, we de ne the control cost at
each time step as the agent's control action, i.esupply water temperaturewhich is linearly
proportional to the heating demand, i.e.c = uy:

In contrast to the objectives in [ZL18; CCB19], which are de ned as weighted sum
of energy cost and some penalty on thermal comfort violations, we consider the thermal
comfort requirement as hard constraints, in the form of Equation (8.10).

Constraints. To maintain a satisfactory comfort level, we require the zone temperature
to be within a deadbandX = fx j 21:9°C x 255°Cg when the building is occupied,
based on the building code requirement of 10% Predicted Percentage of Dissatis ed (PPD)
[Fan86]. We allow for a wider temperature range during unoccupied hours. For the action,
the allowable range of supply water temperature il = fuj20°C  u 65°Cg.

While it may appear from this description that we have only simple box constraints
on both the state and action, we highlight the fact that actions are coupled over time
through the building thermodynamics [Zha+17]. More concretely, a future state depends
on all past actions. Thus, a box constraint oy +1 IS in fact a constraint onug.k+;. In
this case, assuming’ to be a linear system{ is then a set of linear inequalities, which
can be geometrically interpreted as a polytopé. We refer interested readers to Chen,
Francis, Pritoni, Kar, and Berg'es [Che+20a] and Zhao, Zhang, Hao, and Kalsi [Zha+17]
for more details on this formulation. In fact, it was experimentally demonstrated in Chen,
Francis, Pritoni, Kar, and Berg'es [Che+20a] that projecting actions onto the polytope
constructed with an approximate linear model was su cient to maintain temperature within
the deadband in a real-world residential household (though Chen, Francis, Pritoni, Kar,
and Berg'es [Che+20a] did not then di erentiate through this projection).

Control time step.  The EnergyPlus model has a 5-minute simulation time step. Following

3A polytope can be characterized as a se§ = fx 2 R"jAx  bg.
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Zhang and Lam [ZL18] and Chen, Cai, and Berges [CCB19], we use a 15-min control time
step (i.e., each action is repeated 3 times) and a planning horizonDf= 12 (i.e., 3 hours).

8.5.2 Implementation details

O ine pre-training. We pre-train a long short-term memory (LSTM) recurrent policy
(without a subsequent projection) by imitating a P-controller operating under the Typical
Meteorological Year 3 (TMY3) [WMO08] weather sequence, from Jan. 1 to Mar. 31. We
min-max normalize all of the state, action, and disturbance, and use a learning rate of £0
Speci cally, we use the pre-trained weights after training on the expert demonstrations for
20 epochs following the same procedures as Chen, Jin, Wang, Hong, and Berges [Che+20D].
We refer readers to Chen, Jin, Wang, Hong, and Berges [Che+20b] for more details on the
neural network architecture, training procedures, loss, and performance evaluation.

Online policy learning.  We optimize the policy with PPO [Sch+17b] over the weather
sequence in 2017 from Jan. 1 to Mar. 31. We use= 10 (see Equation(8.13)), a
learning rate of 5 10 #, and RMSprop [TH12] as the optimizer. We update the policy
every four days, by iterating over those samples for 8 epochs with a batch size of 32. For
hyperparameters, we use a temporal discount rate of= 0.9, = 0.2 (see Equation(8.6)),
and a Gaussian policy (see Equation (8.10)) with linearly decreased from 0.1 to 0.01.

8.5.3 Results

After pre-training on expert demonstrations from the baseline P-controller, our agent
directly operated the simulation testbed based on actual weather sequences in Pittsburgh
from Jan. 1 to Mar. 31 in 2017. Figure 8.4a shows the behavior of our agent at the onset of
deployment over a 3-day period. The baseline P-controller reactively turns on heating when
the environment switches from unoccupied to occupied, which results in thermal comfort
violations in the mornings. In comparison, PROF preheats the environment such that the
environment is already at a comfortable temperature when occupants arrive in the morning.
Notably, the di erentiable projection layer manages to enforce this preheating behavior
despite this behavior not being present in the expert demonstrations.

Figure 8.4b shows the behavior of our agent in comparison with Gnu-RL [CCB19], having
interacted with and trained on the environment for a month. Gnu-RL is updated via PPO,
similarly to the current work, and incorporates domain knowledge on system dynamics.
In comparison to Gnu-RL [CCB19], which ends up trying to maintain temperature at the
setpoint, PROF learns an energy-saving behavior by maintaining the temperature at the
lower end of the deadband. This explains the further energy savings compared with Gnu-
RL [CCB19]. However, we also notice that the temperature requirement may be violated
on cold mornings. This happens when the control action is saturated, i.e., full heating over
the 3-hour planning horizon is not su cient to bring temperature back to the comfortable
range. (In principle, even these constraint violations could be mitigated by increasing the
length of the planning horizon.)
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(a) The di erentiable projection layer enforces preheating behavior to ensure
deadband constraints are never violated, even though this behavior is not
present in the expert demonstrations.

(b) The agent has found a more energy-e cient control strategy by main-
taining temperature at the lower end of the deadband.

Figure 8.4: Behavior of our proposed agent (a) at the onset of deployment, with pre-trained weights based
on expert demonstrations and (b) after a month of interacting with and training on the environment.
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Table 8.1: Performance comparison. Our method saves energy while incurring minimal comfort violations.

Heating PPD
Demand Mean SD
(kW) (%) (%)

Existing P-Controller [ZL18] 43709 9.45 5.59
Agent #6 [ZL18] 37131 11.71 3.76
Baseline P-Controller [CCB19] 35792 9.71 6.87
Gnu-RL [CCB19] 34687 9.56 6.39
LSTM & Clip + No Update 37938 8.55 3.39
LSTM & Clip 36068 2187 9.18 0.67 3.49
PROF (ours) 33271 1862 9.68 0.48 3.66

Table 8.1 summarizes the performance of our agent with comparison to the RL agents
in [ZL18; CCB19]. Our proposed agent (averaged over 5 random seeds) saves 10% and 4%
energy compared to the best-performing agents in [ZL18] and [CCB19], respectively.

We also compare our method to two ablations: (1).STM & Clip + No Updatevhich
uses the same pre-trained weights and the projection layer to enforce feasible actions, but
does not update the policy, and (2L.STM & Clip which uses the same pre-trained weights
and the projection layer to enforce feasible actions during inference, but does not propagate
gradients through the di erentiable projection layer in the policy updates. We nd that
LSTM & Clipslightly improves uponLSTM & Clip + No Updatebut is less performant
compared to PROF. This a rms our hypothesis that the gradients through the di erentiable
projection layer are cognizant of the constraints and are thus conducive to policy learning.

8.6 Experiment 2: Inverter control

Distributed energy resources (DERS), e.g., solar photovoltaic (PV) panels and energy storage,
are becoming increasingly prevalent in an e ort to curb carbon dioxide emissions and combat
climate change. However, DERs interfacing with the power grid via power electronics,
such as inverters, also introduce unintended challenges for grid operators. For instance,
over-voltages have become a common occurrence in areas with high renewable penetration
[Str+20], and power electronics-interfaced generation has low-inertia and requires active
control at much faster timescales compared to traditional synchronous machines [Mil+18].
To alleviate these issues, IEEE standard 1547.8-2018 [Bas14] recommends a Volt/Var
control strategy in which the reactive power contribution of an inverter is based on local
voltage measurements. As will be clear in our empirical evaluation, this network-agnostic
heuristic based on local information alleviates, but does not avoid, over-voltage issues. Given
that the optimal solution needs to be obtained at the system-level and that the problem
needs to be solved at very short timescales, a common paradigm is to address the problem
in a quasi-static fashion (e.g., as in [Bak+17; Jal+19; GKJ20]), where one chooses a policy
over the next time period, e.g., 15 minutes-1 hour, and uses the policy without update for
fast inference. In this work, we adopt the same paradigm and consider real-time control on
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Figure 8.5: IEEE 37-bus feeder system, where the solar PV systems are indicated by green rectangles.

a 1l-second timescale of both active (P) and reactive (Q) power setpoints at each inverter.

We envision that a neural policy can learn from its prior experiences, in contrast to
the traditional t-and-forget approach [Dob+20], and is capable of making decisions faster
compared to solving optimization problems. Our primary contribution compared to existing
work is the ability to enforce physical constraints within the neural network. In fact, we
successfully enforce voltage constraints 100% of the time with a randomly initialized neural
network, over more than half a million time-steps (i.e., 1 week with a one-second time step).
The assumed control and communication scheme is consistent with the new de nitions for
smart inverter capabilities under IEEE standard 1547.1-2020 [IEE20].

8.6.1 Problem description

The problem we are considering here is to control active and reactive power setpoints at
each inverter in order to maximize utilization (i.e., minimize curtailment) of renewable
generation, while satisfying the maximum and minimum grid voltage requirements. Here,
we rst de ne the considered test case and input data, and describe the model of the
network. We refer readers to Baker, Bernstein, Dall'Anese, and Zhao [Bak+17] for more
details on the problem set-up.

IEEE 37-bus test case. We evaluate our method on the IEEE 37-bus distribution test
system [IEE10a], with 21 solar PV systems indicated by green rectangles in Figure 8.5. We
utilize a balanced, single-phase equivalent of the system, and simulate the nonlinear AC
power ows using PYPOWER [ZMSG97]. For the simulation, the solar generation and
loads are based on 1-second solar irradiance and load data collected from a neighborhood
in Rancho Cordova, CA [BH13] over a period of one week (604800 samples).

Approximate system model. Denote the number of buses, excluding the slack bus (e.qg.,
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the distribution substation), as N ; the net active and the reactive power ap 2 RN and
g 2 RN; and the voltage at all buses as 2 RN. We linearize the AC power ow equations
around the at voltage solution, i.e.v = 1, using the method in [BD15]. The reference
active and reactive power corresponding ¥o = 1 is denoted ap andq . The linearized grid
model,f, is given by Equation(8.15), whereR; B 2 RN N represent system-dependent
network parameters that can be either estimated from linearization (e.g., [BD15]) or data-
driven methods:
v f(p;a)=v +R( p)+B(@ q)
=v +[R:B] P P . (8.15)
6, 3,4,

u

A notable advantage of the method in [BD15] is that the resulting model has bounded error
with respect to the true dynamics. By incorporating the error bound when constructing
the safety set, the safety set is guaranteed to be a conservative under-approximation of the
true safety set, and thus allow us to satisfy voltage constraints 100% of the time.

Policy. Our policy takes as input the voltage from the previous time-step, load, and
generation at all the buses, and outputs active and reactive power setpoints at each
inverter. (This is a deterministic policy; see Equation8.9).) Note that while the grid
model (Equation (8.15)) contains allN buses, only those with inverters are controllable.

Our neural architecture is similar to the one used in [GKJ20], which consists of a utility-
level network, and inverter-level networks for individual inverters. The utility-level network
collects information from all nodes, and broadcasts an intermediate representation to all
inverter-level networks. Using this information alongside its local observations, each inverter
makes its local control decisions, which are then projected onto the constraints.

Objective. The objective is to minimize the curtailment of solar generation, or equivalently
to maximize the utilization of the available solar powerp,,. Speci cally, letting | denote
the set of buses with inverters, the objective is

X
J()= mi_g [Pavi Pi]+; wherep, q = (8.16)
P

Constraints. For an individual inverter, i, with rated power s; and an available power
(from available solar generation)p,,.i, the feasible action space is

UK = f(P;q):0 p  pai(k):pP+ ¢ sg
U(k) = Ul(k) U ilj (k)

At the same time, the voltage at each bus should remain betweerf8-105 p:u: The primary
challenge of satisfying voltage constraints is that the voltage at each bus depends on actions
of neighboring nodes, i.e.

X=fvj095 1 v v +Hu 105 1g;
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Figure 8.6: PROF satis es voltage constraints throughout the experiment, and learns to minimize curtailment
as well as possible within its conservative safety setCy, after learning safely for a day.

where the sparsity pattern ofH is characterized by the admittance matrix. We jointly
project actions from all inverters at each time stefk onto the constraintsU(k) \ X .

8.6.2 Implementation details

We evaluate PROF by executing it once over the 1-week dataset (at 1-second intervals).
Similarly to other quasi-static approaches, we update the policy every 15-minutes. Similarly
to [GKJ20], we optimize the neural policy with stochastic samples by directly di erentiating
through the objective (Equation (8.16)) and the linearized grid model (Equation(8.15)).
However our method di ers in that Gupta, Kekatos, and Jin [GKJ20] characterized the
constraints as a regularization term, and learned the policy via primal-dual updates. We
incorporate the constraints directly via the di erentiable projection layer and thus guarantee
constraint satisfaction.

We use =10 (see Equation(8.13)), a learning rate of 103, and RMSprop [TH12] as
the optimizer. At every 15 minutes, we sample 16 batches of data with size of 64 from the
replay memory. We keep a replay memory size of 86400, i.e., samples from the previous day.
For the both the utility-level network and the inverter-level network, we use fully-connected
layers with ReLU activations. The utility-level network has hidden layer sizes (256, 128,
64), and each inverter-level network has hidden layer sizes (16, 4) and outputs active and
reactive power. On top of the neural network, we implement the di erentiable projection
layer, following the constraints described in Section 8.6.1.

We compare our methods to three baselines, (1) a Volt/Var strategy following IEEE
1547.8 [Bas14], (2) the optimal solution with respect to the linearized grid model, and (3)
the optimal solution with respect to the true AC power ow equations.

8.6.3 Results

The performance of PROF in comparison to the three baselines is summarized in Figure 8.6.
For clarity, we only show the maximum voltage over all buses; under-voltage is not a concern
for this particular test case.
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We see that the Volt/Var strategy violates voltage constraints 22.3% of time, mostly
around noon when the solar generation is high and there is a surplus of energy. Since the
Volt/Var baseline does not adjust active power, there is no curtailment.

In comparison, PROF satis es the voltage constraints throughout the experiment, even
with a randomly initialized neural policy. While PROF performs poorly on the rst morning,
it quickly improves its policy. In fact, the behavior of PROF is barely distinguishable from
the optimal solution with respect to the linearized grid model, after learning safely for a day.
This implies that PROF learned to control inverters as well as possible given its approximate
model, which constructs a conservative under-approximation of the true safety set.

The optimal baseline with respect to the true AC power ow equations unsurprisingly
achieves the best performance with respect to minimizing curtailment, as it can push
the maximum voltage to the allowable limit in order to maximally reduce the amount of
curtailed energy. However, inverter control is a task that requires near real-time inputs,
and we nd that running this baseline can be prohibitively slow. Speci cally, we evaluate
the computation time of di erent operations by averaging over 1000 randomly sampled
problems from our dataset on a personal laptop. For PROF, on average, a forward pass
in the neural network (excluding the projection layer) took 4.5 ms and the di erentiable
projection operation took 8.6 ms. The computation cost of the di erentiable projection
could be further reduced by using customized projection solvers such as the ones in [AK17;
Don+21Db] that avoid the \canonicalization" costs introduced by general-purpose solvers
such as the one we use [Agr+19]. In comparison, solving the optimization baseline with
respect to the true AC power ow equations took 1.02s on the same machine, which is even
longer than the 1s control time-step.

8.7 Conclusion

In this chapter, we have presented a method, PROF, for integrating convex operational
constraints into neural network policies for energy systems applications. In particular, we
propose a policy that entails passing the output of a neural network to a di erentiable
projection layer, which enforces a convex approximation of the operational constraints.
These convex constraint sets are obtained using approximate models of the system dynamics,
which can be t using system data and/or constructed using domain knowledge. We can
then train the resultant neural policy via standard RL algorithms, using an augmented cost
function designed to e ect desirable policy gradients. The result is that our neural policy is
cognizant of relevant operational constraints during learning, enhancing overall performance.

We nd in both the building energy optimization and inverter control settings that
PROF successfully enforces relevant constraints while improving performance on the control
objective. In particular, in the building thermal control setting, we nd that our approach
achieves a 4% energy savings over the state of the art while largely maintaining the
temperature within the deadband. In the inverter control setting, our method perfectly
satis es the voltage constraints over more than half a million time steps, while learning to
minimize curtailment as much as possible within the safety set.

While these results demonstrate the promise of our method, a key limitation is in
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its computational cost. In particular, computing a projection during every forward pass
of training and inference is decidedly more expensive than running a \standard" neural
network. A fruitful area for future work { both in the context of our method, and in the
context of research in di erentiable optimization layers as a whole { may be to improve the
speed of such di erentiable projection layers. For instance, this might entail developing
special-purpose di erentiable solvers [AK17; Don+21b] for optimization problems commonly
encountered in energy systems applications, developing approximate solvers that do not
rely on obtaining optimal solutions in order to compute reasonable gradients, or employing
cheaper projection schemes such asprojection [Sha+20] where possible.

Additionally, the success of our method (and many other constraint enforcement methods)
depends fundamentally on the quality of the approximate model used to characterize the
constraint sets. In particular, this determines the extent to which the resultant approximate
constraint sets are a good representation of the true operational constraints. While we
were able to employ reasonably high-quality approximation schemes in the context of this
work, future work on safely updating the models or the constraint sets directly [Fis+19]
may greatly improve the quality of the solutions.

More generally, while our work highlights one approach to enforcing physical constraints
within learning-based methods, we believe this is only the start of a broader conversation on
closely integrating domain knowledge and control constraints into learning-based methods.
In particular, strictly enforcing physical constraints will be paramount to the real-world
success of these methods in energy systems contexts, and we hope that this chapter will
serve to spark further inquiry into this important line of work.
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Chapter

Inverse OPF: Assessing the Vulnerability of
Power Grid Data

Exposure of critical power grid information could threaten power market e ciency and
cybersecurity. It is thus in the best interests of power grid operators to assess what
information may be exposed. We formulate an algorithm called inverse optimal power ow
to assess the extent to which private power grid data is exposed by publicly-available data.
Our algorithm exploits the fact that private and public information are related via the
AC optimal power ow optimization problem, and employs implicit di erentiation through
this problem to explore the private parameter space. We nd that we are able to learn
private information such as electricity generation costs and (to some extent) grid structural
parameters on a 14-bus test case. We seek to share this information with grid operators to
aid in their vulnerability assessments.

The work in this chapter has previously been published as a workshop paper:

Priya L. Donti, Inés Lima Azevedo, and J. Zico Kolter. \Inverse Optimal
Power Flow: Assessing the Vulnerability of Power Grid Data." NeurlPS
Workshop on Al for Social Good(2018).

129



9.1 Introduction

In the electricity sector, there is a great need to protect critical market and structural
information that could compromise e cient electricity market operation or power grid
cybersecurity. For instance, an electricity generator that gains information about other
generators' costs could bid strategically to increase pro ts, potentially increasing electricity
prices for consumers [Wol03; MWO09]. As another example, an adversary who gains
information about grid structure could intentionally cause a power outage [Wat03]. It is
thus in grid operators' best interests to assess whether critical information is exposed, and
then act to prevent this exposure from a ecting e cient and safe power system operation.

At the same time, grid operators such as PJM and governmental entities such as the
Environmental Protection Agency regularly publish quantities such as ve-minute electricity
prices [PJM18] and hourly power outputs of electricity generators [Uni18] for the purposes
of market transparency and emissions monitoring. While this published information is not
sensitive in and of itself, it is possible that individuals could use it to \reverse-engineer"
critical market information. We investigate the question of whether and to what extent
critical power grid information is exposed by published information, given our knowledge
that these private and public quantities are related via AC optimal power ow (ACOPF,;
see Section 2.3.2). To do this, we formulate an algorithm calledverse optimal power ow
(inverse OPF) that uses a neural network to learn private quantities from public quantities.

We rst describe related work, including the formulation of ACOPF. We then describe
our inverse OPF approach, which involves computing gradients through the ACOPF
optimization problem. We show that our method can learn cost parameters on a 14-bus
test case and shows promise in learning some grid structural parameters. We seek to share
our results with grid operators so they may better protect against system vulnerabilities
e ected by the exposure of critical information.

9.2 Related work

Power system vulnerability analysis. Prior work has assessed the power system's
vulnerability to electricity market gaming and cybersecurity attacks. For instance, [Wol03;
Mon17] retroactively analyze the e ciency of power market operation in speci c United
States power markets, and work in the area of mechanism design [SWZ01] attempts to
proactively design markets that will operate e ciently. Other work has attempted to assess
cybersecurity threats to grid stability and reliability [Wat03; SHG+12; Yan+12], especially
with the increasing use of smart devices on the grid. Our work is complementary to this
body of research, as our analysis of critical data exposure can serve as an input to such
vulnerability analyses.

Inverse problems. Inverse problems seek to predict model inputs or decision parameters
from model outputs, with examples in machine learning including inverse reinforcement
learning [NR+00], inverse imaging problems [MJU17], and deep network applications
[Li+18]. Within power systems, prior work has used techniques from game theory, graph
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theory, and bi-level optimization to identify power grid structure [Yua+16] and energy
demands [AZL18]. We seek to bridge techniques from these two communities by proposing
a method to solve inverse power ow problems within a neural network.

9.3 AC optimal power ow formulation

We now present the relevant formulation of AC optimal power ow (ACOPF) used in
this work, which plays a crucial role in our formulation of inverse optimal power ow. As
described in Section 2.3.2, ACOPF is solved by power system operators to pick power
system quantities that minimize the overall cost of delivering power. Here, we use the same
formulation of ACOPF previously given in Equation(2.13), but modify the notation for

simplicity. In particular, we de ne the decision variablez  p; q; jvj' anglef)’ T over
the power injections and voltages at each node. As in Section 6.4.3, we de ne our generator
cost function asf ¢(py) = pg diag(cq)py + €l pg, Wherecy; ¢, 2 RP, are quadratic and linear

cost parameters, respectively, for power generation at each node; we ase Cg cl T
to refer collectively to these cost parameters. We collect all device limif&.13b) into the
linear inequality constraints Gz h, and all assignments of known quantities into the
linear equality constraintsAz = b (see also Section B.1). The ACOPF problem can then
be written as:

minimize pg diag(cy)pg + ¢} Py (9.1a)
z [pg of iviT angle(n)T]
subjectto Az=Db (9.1b)
Gz h (9.1¢c)
(Pg Pa)+ (0 )i =diag(v)Wv: (9.1d)

We recall also that the dual variable 2 R" on the power ow constraint (9.1d) corresponds
to the electricity prices at each bus.

For the purposes of taking gradients through the ACOPF problem (as we will later need
to do), we linearize the power ow constraint using its Jacobiad at some guesg, [WWS14],
and then solve the resulting problem iteratively via sequential quadratic programming
[BT95]. Speci cally, we write the linearized quadratic program corresponding t(2.1) as

minimize pg diag(Cq)py + €} Py
z [p] o} i ange()T]"
subjectto Az=10
Gz h;

(9.2)

whereA= AT J(zo)T "andb= b’ k(zo)T ' collect both the original linear constraints
and the linearized power ow constraintJ (zg)z = k(zp).
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Algorithm 5 Inverse OPF Optimization
(). (OYyii=q:c---

1: input: f(pg’; M) ji=1;:::;mg /I public data
2: initialize &;W /I some initial guess
3 fort=1;:::;T do

4 compute “pp = I (pg) )i (")
5: /I update guesses if loss has not converged
7: update €with r ¢ pup

8: update W with r g “pus

9: else

10: return &;W

11: end if

12: end for

9.4 Inverse optimal power ow

We now describe our inverse optimal power ow algorithm, which attempts to learn private
electricity grid information from public information via ACOPF. Speci cally, given public
information on real powerspy; py and electricity prices , we seek to estimate private
generator cost parameters and the nodal admittance matrix W, where all variables are
as described in Section 9.3. We do so by constructing estimatsand W? of c and W,
respectively, whose corresponding ACOPF outputs are close to the true values of the
publicly-available quantities p; and . Mathematically, this problem can be formulated
under some loss function on publicly-available quantities as

¢ W7 =argmin * (pg; ): (B ")
W (9.3)
subject to @; " = ACOPF("c; W ; py);

where the constraint denotes thatdy and " are the values of generator power injections
and power prices produced by solving the ACOPF problerf®.1) with cost parameterse¢,
admittance matrix W, and nodal power demandgy. We solve this problem iteratively
via Algorithm 5, using backpropagation within a neural network to compute the needed
gradients. We note that while Equation(9.3) maximizes the agreement between true and
estimated public quantities, the objective of actual interest is the agreement between the
true and estimated private quantities. However, there are potentially multiple distinct
sets of inputs to ACOPF that would produce identical public outputs. Thus, we must use
enough data when executing Algorithm 5 to ensure that there is a unique set of private
parameters that can produce the correct public outputs acrosd! input datapoints.

Optimizing the inverse OPF problem. The main technical challenge of this approach
is in computing the gradientsr * for each 2 f ¢;Wg, as this involves taking the gradient
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Figure 9.1: The modi ed version of the IEEE 14-bus test case with three generators located at nodes 1, 2,
and 8, respectively, on which we run our experiments. The power generation costs for each generator are
f1(pg,) =2pG, +5Pg,, f2(Pg,) = 403, +2pg,, and fg(pg,) = 5p3, + 1pg,- Admittance matrix parameters
can be found via Kolter [Kol13].

through the solutions to ACOPF. Speci cally, we must compute

d_ @ dn(), @ d().

d @) d @() d

(9.4)

where d’%( ) and d;< ) are the Jacobians of optimal primal and dual variables, respectively,
in problem (9.1), with respect to our parameter estimate (and where we denote the
dependence off; and ™ on each here explicitly). To compute these Jacobians, we use
the method presented in Amos and Kolter [AK17] to take gradients through the optimal
quadratic program(9.2) solved during the last iteration of sequential quadratic programming.
As also described in Section 2.2.3, at a high level, this involves di erentiating through the
KKT optimality conditions of (9.2) and using the implicit function theorem to get a set of

linear equations we can solve to get the necessary gradients.

9.5 Experiments

We test our algorithm on a modi ed version of the IEEE 14-bus test case [Kol13] with
three generators located at nodes 1, 2, and 8. More details about this system are shown in
Figure 9.1. We construct our neural network using PyTorch [Pas+19], and make custom
modi cations to the gpth quadratic programming library [AK17] to account for the fact
that the backward pass vectoro'zlL associated with the dual variable™( ) is nonzero. We
train this network on up to 201 public outputs generated from the Grid Optimization
(GO) Competition simulations [ARP18], using the Adam optimizer [KB15]. Our loss is
“((pg; )i (By; ™) =100kp, pPyk3+ kK2 for (9.3), where the weighting term adjusts
for di erences in orders of magnitude betweep, and
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Figure 9.2: Squared error of guesses for quadratiac4) and linear (c;) generator costs when all generators'
costs are unknown (lower is better). Each plotted point represents ve runs over a given amount of public
data. We nd that all cost parameters are identi able with as little as 5 datapoints.

Cost parameters. We test the scenario in
which all electricity generation costs are un-
known (but the admittance matrix is known).
Results for runs over di erent amounts of train-
ing data are in Figure 9.2, with initial guesses for
each cost parameter sampled from a Gaussian
distribution to encode market participants' prior
knowledge of cost distributions. We nd that we
are able to completely learn the cost parameters
for this system with as little as 5 public data-
points. Even though our test system is small,
given that real power grid data is published
with hourly granularity (i.e. 8760 datapoints
per year), there is cause to believe that publicly-
available data may expose generator cost param-
eters on the actual power system as well.

. . . Figure 9.3: Error of sample admittances (real
Admittance matrix parameters. Admit-  and imaginary parts plotted separately) as train-
tance matrix parameters @dmittances are po- ing loss on public data goes to zero. Our esti-
tentially harder to learn than costs, as the choice mate for Wi2.13 converges, but forWy, diverges.
of admittances can potentially render problen{9.1) infeasible before or during training. In
our experiments, we test whether we can learn one admittance parameter at a time, where
our initial guess involves perturbing this parameter with Gaussian noise re ecting the vari-
ability across all admittances. (We assume all other parameters are known.) As shown via
illustrative results in Figure 9.3, our preliminary tests suggest that some admittances are
readily identi able while others may be harder to identify.

9.6 Conclusion

We nd that public power grid data may expose private data. Future work includes a
more thorough investigation of admittances on the 14-bus system, as well as assessments
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on larger systems. These assessments can aid policymakers as they explore options for
data publication, market design, and cybersecurity. While we address the case of power
systems here, our method could be applied tany setting in which private and public
information are related via a known optimization problem; extension of our method to
other such settings also remains as important future work.
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creper 1O

Adversarial Robustness for
Security-Constrained and Stochastic OPF

In this chapter, we combine innovations from the areas of adversarially robust learning and
implicit layers to tackle the problems of N-k security-constrained optimal power ow (N-k
SCOPF) and stochastic optimal power ow (stochastic OPF), two core problems for the
operation of power grids. N-k SCOPF aims to schedule power generation in a manner that
is robust to potentially k simultaneous equipment outages, and is an important part of
strategies to address correlated failures in the face of climate extremes. Stochastic OPF
aims to schedule power generation with consideration of the stochastic nature of loads
and variable renewable energy resources, and is critical for the integration of variable
renewable energy into power grids. However, these problems have often been viewed as
prohibitively expensive to solve at realistic scale, limiting their practical use. To address this,
inspired by methods in adversarially robust training, we frame N-k SCOPF and stochastic
OPF as minimax optimization problems { viewing power generation settings as adjustable
parameters, and equipment outages or instantiations of stochastic variables as (adversarial)
attacks { and solve these problems via gradient-based techniques. The loss functions of
these minimax problems involve resolving implicit equations representing grid physics and
operational decisions, which we di erentiate through via the implicit function theorem. We
demonstrate the e cacy of our framework on realistic-scale (5,000- and 10,000-bus) systems
under the true (nonlinear) AC network constraints.

The work in this chapter has previously been published in:

Priya L. Donti , Aayushya Agarwal, Neeraj Vijay Bedmutha, Larry Pileggi,
and J. Zico Kolter. \Adversarially Robust Learning for Security-Constrained
Optimal Power Flow." Advances in Neural Information Processing Systems
34 (2021), 28677{28689.

Aayushya Agarwal, Priya L. Donti, J. Zico Kolter, and Larry Pileggi. \Em-
ploying Adversarial Robustness Techniques for Large-Scale Stochastic Opti-
mal Power Flow." Power Systems Computation Conferend®022).
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10.1 Introduction

Robust optimization problems are pervasive across many applications and domains { such
as electric power systems, supply chain management, and civil engineering { where the goal
is to construct some solution that is robust under any allowable instantiation of uncertainty
[BTEGNO9; BBC11; GYH15]. While the aim is generally that these solutions bprovably
robust, there unfortunately remain many settings where it is either not easy or not possible
to construct such solutions. This has often motivated the use of heuristic approaches. For
instance, many approaches in adversarially robust deep learning formulate neural network
training as a minimax game over neural network parameters and input perturbations,
optimizing this problem via gradient-based techniques that do not yield provable robustness
guarantees, but are nonetheless e ective in practice [KM18].

In this chapter, we draw inspiration from adversarially robust training to address
the problem of N-k security-constrained optimal power ow (N-k SCOPF). N-k SCOPF
is a fundamental problem to schedule power generation in a way that is robust to
potential equipment failures (e.g., generator or line outages). Unfortunately, N-k SCOPF is
prohibitively expensive to solve at scale under the true AC network equations, leading grid
operators to use rough approximations in practice. To address this challenge, we frame N-k
SCOPF as a minimax attacker-defender problem, where the \defender" aims to schedule
power generation, and the \attacker" aims to pick adversarial equipment failures. The
loss function of this problem requires solving implicit equations representing the physics of
the electric grid as well as additional operational decisions that are made after an attack
has occurred. As such, we optimize this problem using gradient-based techniques, and
employ insights from the literature on implicit di erentiation and implicit layers to cheaply
compute gradients through the loss function.

Building on this work, we further employ these ideas within the arena of stochastic
optimization [SP0O7], speci cally for the problem of stochastic optimal power ow (stochastic
OPF) under AC network constraints. Stochastic OPF aims to schedule power generation
to minimize expected costs under stochastic loads (e.g., power consumption and variable
renewable energy production), and is critical for the integration of renewable energy into
power grids. However, this problem (like N-k SCOPF) is often expensive to solve at scale,
which means that in practice, the grid analysis methods used today are largely deterministic.
To address this, we re-frame stochastic OPF as a minimax attacker-defender problem, and
solve it using the same techniques that we developed for N-k SCOPF.

Our key contributions are:

"~ Formulation for minimax optimization with implicit variables. To streamline
the presentation of concepts, we provide a generic formulation for gradient-based
optimization of minimax problems with implicitly-de ned variables. While our main
focus in this chapter is on N-k SCOPF and stochastic OPF, we believe this generic
formulation may also be of broader interest for minimax settings with physics in the
loop, as well as for tri-level optimization settings.
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Formulation for gradient-based optimization of N-k SCOPF. We rewrite N-
k SCOPF as a continuous minimax optimization problem, and demonstrate how to
e ciently compute gradients through relevant implicit components. We also utilize
the underlying structure of our optimization solvers to further streamline the outer
minimization procedure. Importantly, the per-iteration cost of this approach is
agnostic to the number of simultaneous outagds despite the combinatorial blowup
in the number of associated \contingency scenarios."

Realistic-scale demonstration on N-1, N-2, and N-3 SCOPF. We demonstrate
the e cacy of our method in addressing SCOPF settings that allow for one, two, or
three simultaneous outages on a realistic 4622-bus AC power system with over 38
billion potential N-3 outage scenarios. We nd that our method incurs 3-4 fewer N-

3 feasibility violations than a baseline AC optimal power ow approach, and requires
only 21 minutes to run on a standard laptop.

Formulation for gradient-based optimization of stochastic OPF. Building
on our work for N-k SCOPF, we write stochastic OPF as a minimax optimization
problem and solve it using e cient gradient-based techniques.

Realistic-scale demonstration on stochastic OPF. We demonstrate that our
method maintains AC feasibility over a wide range of probabilistic scenarios, and
demonstrate scalability by determining a dispatch for a synthetic 11,000 bus system.

10.2 Related work

Adversarial robustness in deep learning. There has been a growing body of work that
aims to parameterize neural networks in a manner that is robust to particular perturbations
of their inputs, usually by casting neural network training as an attacker-defender game
[KM18; Xu+20]. While there have been several promising approaches foerti ably robust
neural network training [Won+18; RSL18; WK18], in general, these approaches do not yet
scale to large-sized networks and only address a limited set of threat models. As a result,
there has been a lot of research in this area that aims to train robust neural networks
using approximate, gradient-based training methods [GSS15; Mad+18], an approach we
adopt here. In addition, a key part of this literature has been on constructing strong but
cheap-to-compute attacks that can strengthen the outcomes of adversarially robust training,
e.g., the fast gradient sign method (FGSM) [GSS15] and projected gradient descent (PGD)
attacks [Mad+18]. In our experiments, we similarly show how a gradient-based adversarial
robustness approach can be used to identify potential grid vulnerabilities or worst-case
instantiations of stochasticity, as an input to secure power system optimization.

Security-constrained optimal power ow. In the electric power systems community,
there has been a great deal of emphasis on optimizing power grid operations to be secure to
sets of outagesdontingencieg that may be particularly high risk. For instance, many grid
operators in the United States require grids to be operated in a way that is N-1 secure (i.e.,
secure against any single outage), which has led to a focus in the literature on addressing N-
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1 SCOPF [BBM20; CSM18; Yan+21; ARP19]. However, ensuring security againstultiple
simultaneous failures (i.e., solving N-k SCOPF fok > 1) is becoming increasingly critical,
both as evidenced by recent major blackout events [Mor21; Sto19] and as climate change
drives weather extremes [IPC21] that may lead to correlated outages [Murl9]. That said,
due to the computational complexity of addressing N-k SCOPF in the general case, there
have been few attempts at developing methods geared towards this setting. In particular,
the computational complexity of N-k SCOPF grows combinatorially withk and the size

of the system. Some previous attempts to solve N-k SCOPF have employed exhaustive
methods [MSA14], Bender's cuts to reduce the number of contingencies analyzed [WWG13],
and bi-level optimization frameworks [WWG13; HCZ17]. In particular, [HCZ17] used
bi-level optimization to develop a systematic attacker-defender approach to address N-3
contingency scenarios, but used a simpli ed, linear power grid model to attain convergence.
We similarly adopt a bi-level framework, but solve a realistic nonlinear AC model of the grid
by introducing fast gradient calculation methods inspired by the implicit layers literature,
which allows us to scale our approach to a 4622-bus system.

Stochastic optimal power ow. Driven by an accelerated roadmap to integrate renewable
energy, power systems must increasingly contend with large sources of stochasticity [Bak+19].
As such, several methods have recently been proposed to improve the computational
tractability of stochastic grid optimization problems, such as stochastic OPF. These methods
have primarily aimed to address or circumvent two main challenges: a) the challenge of
obtaining cheap and representative samples of stochastic variables, and b) the challenge of
accommodating nonlinear power grid constraints associated with ACOPF.

On the challenge of sampling, previous work has taken two separate approaches. The
rst has involved developing sampling methods that can e ciently generate representative
samples from the stochastic distribution [MMD20; Vra+13] or identifying \worst-case”
stochastic disruptions to reduce the sample set within a minimax formulation [JW16; Jab20;
Arr+19; ZC15; Dvo+14]. While these approaches signi cantly reduce the required number
of samples, optimizing over even a reduced sample set is computationally challenging to
scale to larger systems. The second approach attempts to avoid sampling altogether by
forming analytical approximations to stochastic OPF and using these to, e.g., encode
the probability of violating network constraints within the optimization objective [RA17;
Mdh+19] or minimize risk metrics such as the conditional value at risk (CVar) [MGL17].

On the challenge of nonlinear AC constraints, many methods have relaxed the AC
constraints to linear DC constraints [RA17; Guo+18; Vra+13], linearized AC constraints
[YN20], or SDP relaxations [MR18]. These relaxations avoid the challenge of resolving the
AC constraints and are thus fast to solve (and can be extended for use in, e.g., SCOPF).
However, the obtained dispatches may not be feasible under the true AC constraints [Bak21].

10.3 Generic problem formulation

Before diving into the details of our power system optimization formulations, we rst provide
a more generic formulation for gradient-based minimax optimization over an implicit loss

140



function, which we will later build upon. In particular, we consider the setting of continuous
minimax optimization problems over \defender" (minimizer) variablesx 2 X and \attacker"
(maximizer) variablesy 2 Y ; these are also referred to as rst-stage and second-stage decision
variables, respectively, in the bi-level optimization literature. In addition, we allow for \third-
stage" decisionz 2 Z that are fully de ned via a set of implicit constraints on x, y, and z.
Speci cally, we consider problems of the form
minimize max " (X;y; z)

x2X y2Y (10.1)

st: gx;y;2)=0; z2Z,;
where X, Y, and Z are compact sets; : X Y Z ! R is a standard, continuously
di erentiable loss function (e.g., softmax or mean squared error loss); agt X Y Z'!
R™ is de ned such that g(x;y;z) = 0 is an implicit function in z with some solution
z2Z forall (x;y) 2X Y . We further restrict ourselves to those functiong that are
continuously di erentiable with non-singular Jacobians at their roots, i.e., those functions
that are compatible with the implicit function theorem [KP12; KM18]. We note that this
formulation covers a wide range of settings, e.g., many minimax problems with nphysical
constraints, or many tri-level optimization problems where is a solution to a continuous
optimization problem parameterized byx and y (both of which notions we will use in
Section 10.4 for the setting of N-k SCOPF).

Inspired by the literature on adversarial robustness in deep learning, we propose to
solve problem(10.1) via gradient-based search on both the inner maximization and outer
minimization problems. In particular, this entails (a) obtaining some (approximately)
optimal y for the inner maximization problem via gradient-based techniques, given some
initial value of x, (b) updating x using the gradient at the optimum of the inner maximization
problem, and (c) repeating these steps until convergence. We now describe steps (a) and
(b) in additional detail.

10.3.1 Attack: Solving the inner maximization problem

Let x denote some xed value foix. The inner maximization problem is then given by
rynZ%x (x;y;z) sit: g(x;y;2z)=0; z2Z: (10.2)

We optimize this problem via projected gradient descent. Speci cally, lef = yy denote
our initial guess for the optimal attack, and letP denote the projection operator. Until
convergence (or for some xed number of iterations), we then

(i) Obtain z? such that g(x;y;z?) =0, z°2Z.

(i) Update y P v (y+ r , (xy;z?) for step size .

Notably, step (ii) entails obtaining the gradientr ,*(x;y;z°). By the chain rule, this
involves the gradient throughz®, which is the solution to a set of implicit equations.
Speci cally, using the notation d to denote total derivatives (e.g., gradients) and@o denote
partial derivatives, we have

d'(xy:z%) _ @xy:z°) | @xiy;z%) dz”
dy @y @z dy
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By the implicit function theorem, we can then obtain an expression folz’=y by noting that

do(xiyiz’) _ @Gyiz), @yiz)dz” _ ) 42" @fyiz)) 1@ y:z),
dy @y @z dy dy @2 @y
(10.4)

which we can plug into Equation (10.3) to yield our full update.

As discussed in Section 2.2.3, in practice, we seldom want to compute the Jacobian
dz’=zgy 2 RYIM(Z) dm(Y) explicitly due to the potentially large time and space complex-
ity of doing so; instead, it is often desirable to compute the left vector-matrix product
(@=@3)(9z’=ay) 2 RYMY) directly, using the \Jacobian-vector trick."

10.3.2 Defense: Taking a step in the minimization problem

Given some (approximately) optimaly® and associatedz’ from the inner optimization
under the current value ofx = x, the outer optimization problem then becomes
; Ny ?e5? Ct R N
min (x;y%;z°) sit: g(x;y%5z7)=0: (10.5)
One option is to then updatex via a projected gradient stepx P x (X r (X;y%;279)
for step size . To calculate the gradientr " (x;y’;z?), we note that by Danskin's theorem,
we can disregard the dependence pf on x [KM18] (though we cannot ignore the depen-
dence ofz?). As such, we can employ a similar process as in Equatio(i€).3) and (10.4),
where we treaty” as constant when computing gradients with respect tg.* We note that

while this is one potential process for updating, we actually employ a more e cient,
domain-speci ¢ process for our SCOPF procedure (see Section 10.4.4).

10.4 Addressing N-k SCOPF

Having presented this generic formulation, we now introduce our approach, CAM, for
addressing N-k SCOPF. In particular, we consider the problem of N-k SCOPF, where
power generation must be scheduled so as to be feasible and low-cost both in the absence
of equipment outages (\base case") as well as to be robust to akysimultaneous outages

of power generators or lines that may occur (\contingency cases"). We note that the
set of contingencies{ i.e., allowable combinations of outages { is combinatorial in the
number of potential outages, making the N-k SCOPF problem extremely computationally
expensive. For instance, a realistic 4622-bus system with 6133 potential single outages has
approximately 38.5 billion contingency scenarios to consider under the N-3 setting.

1Technically, Danskin's theorem only holds wheny? is a unique optimum of the inner maximization
problem. However, in the adversarially robust training literature, the conditions of Danskin's theorem do
not necessarily hold { in particular, the inner maximization problem often does not have a unique optimum,
and many implementations tend to generate approximate (rather than exact) optima [GSS15; Mad+18] {
but this method of computing gradients is used in practice regardless [KM18].

2CAN @ stands for \CMU Adversarial Networks with Di erentiable contingencY." This name is inspired
by that of SUGAR [Pan+18], whose power ow solver we di erentiate through in this work.
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Algorithm 6 CAN@

1. procedure main(sys) // input: power system description
init dispatch x /Il e.g., via base case optimal power ow
3 while not convergeddo
4 y? = attack (sys,x) // worst-case attack for current dispatch
5 update x via partial solve of Equation (10.13) using Gauss-Siedel
6: end while
7
8
9

. end procedure

. procedure attack (sys, X)
10: init attack y
11: while not convergedor for xed number of stepsdo

12: compute Zz?, s’ via Equation (10.8c) /I third-stage variables
13: compute r , (x;y;z%;s°) via Equation (10.12) // gradient of attack objective
14: update y P v(y+ r(xy;2%57)) // for attack set Y, step size

15: end while
16: return y
17: end procedure

In the rest of this section, we rst more formally de ne the N-k SCOPF problem.
We then show how we rewrite N-k SCOPF as a minimax problem of the for(i0.1), in
particular by forming a compact outer approximation to the contingency space. Finally, we
describe how we solve this problem using a combination of gradient-based techniques and
domain-speci c enhancements, as summarized in Algorithm 6.

10.4.1 De ning N-k SCOPF

Let x denote the dispatch { i.e., setpoints of real power and voltage magnitude { at all power
generators on the electricity system, and |leX represent generator-wise box constraints
on the dispatch. LetC denote the set of potential contingencies, i.e., all sets of exaclty
potential outages. Finally, letz() 2 Z (x; c() represent slightly adjusted settings of real
power and voltage magnitude that the power system operator can create after scheduling
x and then observing some contingencyf) 2 C, where theZ; represent box constraints.
Then, the N-k SCOPF problem can be expressed as

X L
minimize f pase(X) + f eont (2; <)
X (z(M; c(M)

subject to gow base(X; Whase) = 0; Whase 2 W pase (10.6)

argminz(i)zz (el f Cont(Z(i); C(i))

(i)
z\%" 2 . ) . .
St: Jow :cont (2 W) x) = 0; wh 2 Wi (x; D)

8c) 2 C;
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wherefpae : X | R represents base case power production cosisw :base : X W pase !

R"eus represents the nonlinear AC power ow equations in the base case, with,s being the
number of power system busesyyase represents electrical quantities that result from solving
the base case power ow equations (e.g., reactive powers and voltage angles), with box
constraints (device limits) represented byWpase; @Ndfeont 1 Zi C ! R, Qow :cont : Zi W

X1 R", and w®) 2 W;(x; c(") represent their respective contingency-case counterparts.

10.4.2 Rewriting N-k SCOPF as a minimax problem

We reformulate the SCOPF problen{10.6) as an attacker-defender game, where the defender
must choose a dispatch that is robust to potential \worst-case" contingencies chosen by
an attacker. In particular, since the contingency se€ is discrete, we create a continuous
outer approximation to this set in order to enable the use of gradient-based techniques.
Speci cally, let n, be the number of generators or power lines that can potentially experience
an outage. Then, for anyy 2 [0; 1]"°, we de ne the | th entry as follows:

8
21 I outage | is fully active;
Yi = 0 I outage j is not active; (10.7)
i 2(0;1) i outage j is partially active with fraction ;.

The rst two notions presented in Equation (10.7) are standard in power systems: the
generator or line pertinent to outagg is either fully operational or out of service. We newly
de ne the notion of a partial outage with fraction ; as one in which the power owing
through the outage device during normal operation has been reduced by a factor ¢f For
instance, we model a partial contingency on a transmission line or transformer device as
reducing its admittance (i.e., ability to conduct current) by a factor of ;. Similarly, we
restrict the power produced by a generator undergoing a partial contingency by multiplying
its power output by ;.

Given these notions, we de ne our \threat model" for the N-k SCOPF setting to contain
all vectorsy with an L;-norm of at mostk, i.e.,Y = fy:y 2 [0;1]"; kyk; kg. Notably,
the original contingency setC is fully represented withinY, and in fact, all scenarios with
up to k simultaneous potential outages are also represented. As su¥hrepresents a much
broader set of potential contingencies than speci ed in the original problem. (Relevantly
for projected gradient descent, this is also a convex set.) Using this set, we can then write
our reformulation of the SCOPF problem as

N 1
mlglzguze Tz%)( fhase(X) + feont(z;y) + ékSkg (10.8a)
SUbjeCt to Jow ;base(X; Wbase) =0; Whase 2W base (108b)

; . 1 2
argming,; (x;y); s2R"bus fCOnt(Z’ y) + EkSkZ

z:Ss 2
S:t: Jow ;cont(Z; Weont; X) + S =0, Weont 2 W eont (X3 Y);

(10.8c)

wheres 2 S := R?"ws are slack variables representing potential infeasibilities in the third-
stage optimization problem, as necessitated by the expanded contingency set. In particular,
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the goal of the attacker is to now to nd a set of partial outages that not only increase the
cost of power generation, but also create instabilities in the grid, as captured By As we
hinted at in Section 10.3, this is a minimax optimization problem with implicit constraints
over the third-stage variablesz, Wpase, Weont, @and s, incorporating both nonlinear equality
constraints (10.8b) as well as an optimization-based constraint (10.8c).

10.4.3 Attack stage

The inner maximization stage is responsible for nding a contingency vectgr2 Y that
maximizes the inner objective function in(10.8) for a given dispatch. We note that there
are three main steps involved in executing each iteration of this process, as also shown in
Algorithm 6:
1. Solving for the third-stage variables (ometwork responsg z?; s? due to the current
instantiation of y, which requires resolving nonlinear network constraints,

2. Computing the gradientd‘:dy = d(f base (X)+ fcont (Z;y)+ %ksk%):dy,

3. Taking the projected gradient step, which involves a projection ont¥.
In our case, the projected gradient step is cheap to compute, due to the convexityYof The
rst two steps, however, pose potential computational bottlenecks. We therefore employ
e cient methods to execute these steps, as we now describe.

10.4.3.1 Solving the network response

The AC network response due to the current instantiation of the contingency can be
determined using a steady-state power ow solver, SUGAR [PAP20], which is based on
Newton-Raphson. Unfortunately, solving a power ow at each attack iteration is costly,
and can easily become a bottleneck for scalability. To overcome the complexity of solving
AC power ow at each iteration within the attack stage, we utilize the solution from the
previous attack iteration and employ a homotopy method, known as Network-Stepping
[APP21], to e ciently solve for the network response. This method uses a previously-
solved network with similar topology and iteratively modi es the network using a homotopy
process. At each iteration of the homotopy process, we slightly deform the network and
solve the resulting problem using the previous homotopy solution as an initial condition.
The result is a solution trajectory that exploits the Newton-Raphson quadratic basin of
attraction to achieve fast convergence.

Speci cally, we assume a known solution to a previous netwoNk,, with attack variables
Yprev. FOr our purposes, this previous network emerges from the previous iteration of the
attack procedure. To solve for the current networlN with stochastic variablesy, we develop
an iterative homotopy method that incrementally change®N ., to N. This incremental
process is controlled using a scalar homotopy factdr; 1! 0, which incrementally changes
the contingency value via the following equation:

Yhom = Yprev + (1 t)y: (10.9)
At each value oft, we solve for the state variables corresponding to the new network with
contingencyynom. BY transforming t from 1 to O, we are e ectively transforming the network
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from N,y to N by iteratively changing the stochastic value fromyye, to y. By using the
previous homotopy iteration solution as an initial condition, we remain within the Newton-
Raphson quadratic basin of attraction, thereby enabling fast convergence.

10.4.3.2 Obtaining attack gradients

As described in Section 10.3.1, we aim to nd the worst-case attack via projected gradient
descent. In particular, we must compute the gradient of the minimax loss with respect to
y, which is given by
d _ @n(2%y) , @bon(2%y)d2”  ds”, (10.10)
dy @y @z dy dy
(As the base case power production cost and the base case power ow constréift8b) have
no dependence og, we do not need to consider these terms during the inner maximization.)
To calculate the termsdz’=sy and ds’=sy, we implicitly di erentiate through the third-
stage optimization problem(10.8c) In order to do so inexpensively, we reuse the results of
computations that were executed when originally obtaining” and s’. More speci cally,
in order to obtain z° and s’, we solve the nonlinear KKT conditions of optimization
problem (10.8c) using a Newton solver that entails linearizing these equations at each
iteration. More details of this Newton solver are presented in Appendix D.2 (using the
more precise N-k SCOPF notation introduced in Appendix D.1). At convergence, we then

implicitly di erentiate through the linear xed-point equation obtained at the last iteration:
! ! ! ! ! !

2? iz e 1§ dz’’ 22 db
J =b=z) — +J W === = dyy -3t = +—
s? ) dy s? ‘Liy dy ) (ﬂjiy dy s? dy

(10.112)
whereJ 2 RY 9is the Jacobian of the nonlinear KKT system and 2 R is the corresponding
right hand side vector, ford = dim(Z)+ dim(S). We note that since the system Jacobiad
is in practice extremely sparse, the inverse termh ! can be computed extremely e ciently
using sparse LU factorization; similarly, the higher-order derivativé’=dy is extremely sparse
and can be computed e ciently. We refer the reader to [Pil98] for more details.

Substituting this result into Equation (10.10), the overall gradient of the loss is then

[ | |
d - @gont(z?;Y) + @E%(ny) TJ 1 d_‘] Z? + @ .
y @y 1 dy s? dy °

(10.12)

As hinted earlier, we employ the \Jacobian-vector trick" in order to e ciently compute
these gradients. In particular, rather than computing the termsiz’=sy and ds’=y explicitly
via Equation (10.11) we directly compute their left vector-matrix product with the relevant
partial derivatives of the loss { i.e., the blue term in Equation(10.12), with multiplications
evaluated from left to right to ensure we are always taking matrix-vector (rather than matrix-
matrix) products. Inspired by [AK17], we also reuse the LU factor from the last Newton
solve we computed when obtaining? and s’ in order to avoid explicitly (re-)computing
the matrix inverse J . Finally, we note that for this speci ¢ problem, while the last term
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‘“ Z; + d—? nominally involves tensor products, the relevant terms are vastly sparse

due to the structure of the underlying physics { with no more than 20 nonzero entries per
potential outage { making these products relatively cheap to compute in practice.

10.4.4 Defense stage

After obtaining a worst-case attacky?, our next step is to adjust our dispatchx 2 X in

response. As described in Section 10.3.2 for the generic setting, one option to do this

involves taking a projected gradient step irx. However, we adopt a di erent approach for N-

k SCOPF, due to the practical requirements of this setting. In particular, a general system

requirement is that the base case power ow equatiorgo :base( ) = 0 must remain feasible

under the dispatchx 2 X, as the most likely scenario is that no contingency will occur.

However, projecting onto this (nonlinear, non-convex) set of constraints can be expensive.
As a result, we instead note that we can rewrite the N-k SCOPF minimax probleifi0.8)

as a single minimization problem:

1
N ¢ . BENE
XZX?Zg;I&I;l)”q;;ZSeZRnbus base(X) + Teont (Z7Y") 2 SK2
subject t0 gow :base(X; Whase) = 0; Whase 2 W pase (10.13)

Jow :cont (Z; Weont; X) + S =0} Weont 2 W cont (X Y7):

To determine our next iterate ofx, our strategy is then topartially solve this optimization
problem by running one step of a nonlinear Gauss-Seidel method, and then keep the value
of x obtained from that step. This allows us to incrementally update< in a direction that

is more robust to the worst-case attacly”, while still maintaining the feasibility of the base
case power ow equations.

Importantly, we are able to run this procedure e ciently, as we can reuse the results
of existing computations that were executed when obtaining the optimal attaci’. In
particular, as we describe in more detail in Appendix D.3, we can split the KKT conditions
of the problem (10.13) into two groups:

| |

@—z@x @Gw ;cont (Z:Weont ;X):@ T
_ Fbase(X; Whase; base) + ( ) com =0 (10.14a)
@_@ base 0
0 1 0
Q.= Z O
%) @=gs g I:cont(Z; Weont » cont) + ED 0 X =0; (10-14b)
@=@ ¢ont Jow ;cont(Z; Weont ; X)

where L denotes the Lagrangian of problen{10.13) and pase and ¢ are the dual
variables on the base case and contingency power ow constraints, respectively. We note
that the two terms Fpase and Fqone are independent in terms of their inputs, but are weakly
coupled via the additional terms (which represent a sparse set of ramping constraints
and voltage setpoints that tie together the base and contingency cases). This is an ideal
setup for decoupling through nonlinear Gauss-Seidel solution methods. In addition, the
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contingency-related KKT conditions(10.14b) are actually identical to the KKT conditions

of the problem (10.8c) that we solved during the last iteration of the inner maximization
problem; as a result, we can reuse the result of this previous computation when executing
our Gauss-Seidel step. Together, this allows us to inexpensively identify an update direction
for x that nonetheless remains feasible with respect to the base case power ow constraints.

10.5 Experiments for N-k SCOPF

We demonstrate the e cacy of our approach on the settings of N-1, N-2 and N-3 SCOPF.

In particular, noting that quality of adversarial attacks is likely to have a large e ect

on the success of our overall procedure, we rst visualize the attacks found by our inner
maximization process (Sections 10.3.1, 10.4.4) on a small power system test case. We
then demonstrate the performance of our overall approach on a realistic 4622-bus power
system with approximately 6 thousand potential N-1 contingencies, almost 19 million N-

2 contingencies, and over 3Billion N-3 contingencies. We show that CAMY is able to

e ciently nd solutions that are competitive with other leading approaches in the N-1 case,
while reducing violations in the N-2 and N-3 scenarios compared to a base case optimal
power ow.

All experiments are run on a single core of a Macbook Pro with a 2.6 GHz Core i7
CPU. We implement our approach in Python, using a custom optimal power ow solver
called SUGAR [PAP20] to compute optimization(10.8c), and CVXPY [DB16] to compute
convex projections for projected gradient descent. We evaluate all dispatch solutions using
PowerWorld, a commercial power ow tool.

10.5.1 lllustrative adversarial attack

Finding worst-case contingencies is often bene cial to power systems engineers, who try
to identify fragile areas of their grid for future development. Traditionally, engineers use
linear approximations of the grid physics [KT16; CLL19; Has+17] to identify single outages
that pose a signi cant risk to system stability. However, given that the underlying physics
are fundamentally nonlinear, such linear approximations quickly become inaccurate when
trying to identify the risks associated with multiple simultaneous outages. Our implicit
di erentiation approach, on the other hand, employs accurate gradient information from
the physics of the network to quickly identify contingencies that maximally increase our loss
function (or an alternative loss function of choice that also captures system infeasibilities).
For ease of visualization, we demonstrate this attack-identi cation approach on the
IEEE 14-bus test system. In particular, we identify an adversarial N-2 contingency on this
system in just 5 iterations (approximately one minute), increasing the value of the loss
function by 3% over the base case scenario, as shown in Figure 10.1b. This worst-case
contingency represents a combination of multiple partial outages on di erent lines, and
(perhaps surprisingly) does not include any generator outages, as shown in Figure 10.1a.
This is likely to present a stronger attack than those obtained via the \standard" linear
approximation approach, serving as a potential bene t to power system planners who are
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(a) Visualization of the worst-case contingency found,  (b) Training curve for nding a worst-case con-
with the degree of the associated partial outage on  tingency. The process converges within 5 itera-
each line indicated in blue. (Plot generated via Pow-  tions, and increases the loss by 3%.

erWorld.)

Figure 10.1: lllustrative example of nding a worst-case N-2 contingency on a 14-bus test system.

Table 10.1: Comparison of the performance of our method against top-performing submissions to the
ARPA-E GO Competition, which addresses N-1 SCOPF (lower scores are better). Results are shown for
the 4622-bus Challenge 1 test case (\5K network"). While the score comparisons shown are inexact due
to subtleties of the evaluation metric (see Appendix D.4), at a high level, we see that CANY performs
competitively with all top-scoring methods.

golinl  GO-SNIP GMI-GO BAT gravityx CAN @*

GO Challenge 1 Rank 1 2 3 4 5 -
Score for 5K network 546,302 553,152 553,328 545,783 550,020 552,032

trying to reinforce their grid, as well as to \adversarially robust training” procedures like ours.

10.5.2 Validating N-1 security

Today, most grid operators in the United States require that their dispatch be N-1 secure,
i.e., secure against any single outage, prompting the development of associated methods.
In particular, the recent Grid Optimization (GO) Competition [ARP19], hosted by ARPA-
E, focused on nding algorithms to solve N-1 SCOPF. Each participating team used a
variety of methods to produce a dispatch that was evaluated on the basis of power cost and
feasibility in both the base and contingency cases. In order to validate that our method
works well in the N-1 setting, we solve a particular case from the competition { namely, the
4622-bus test case with a sub-selection of 3071 N-1 potential contingencies, provided as
part of the Challenge 1 stage { by constructing our relaxed contingency s¥t with k = 1.

We nd that our score is comparable against the top approaches submitted to the
GO Competition, as shown in Table 10.1. We note that these score comparisons are not
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