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Abstract

The current era of data storage is defined by the widespread adoption of data
lakes, and the disaggregation of storage and compute hardware. Modern database
management systems (DBMSs) are often operating on large volumes of data stored
in object stores (like Amazon’s S3), open file formats (like Apache’s Parquet), or
otherwise have outdated or nonexistent statistics. In join-heavy analytical work-
loads, the traditional approach of optimizing query plans to minimize the cost of
joins breaks down if the available information to estimate cardinalities and costs is
inaccurate. In recent years, a class of techniques known as “join pre-filtering” has
gained focus as an attempt to reduce the reliance on a good optimizer for minimizing
join costs by reducing the inputs of joins to the minimum set of tuples needed to pro-
duce the output. This thesis explores the current state-of-the-art in pre-filtering, and
concludes that more work must be done to create a strategy that is applicable across a
wide range of workloads. First, we provide an overview of the fundamental concepts
of pre-filtering, and describe the key design decisions of and differences between
currently studied techniques. We then evaluate two pre-filtering methods, min-max
filters and Bloom filters, using a modified implementation of Dynamic Predicate
Transfer (RPT+), a leading contemporary technique for join pre-filtering. Our anal-
ysis focuses on the performance interactions between these filter types. Finally, we
discuss the implications of the results for modern DBMSs, and future directions of
study in this area.
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Chapter 1

Introduction

Database management systems (DBMSs) are a core component of modern computing. Essen-
tially all software will somehow interact with or manage a database, from media streaming, to
banking, to social media, and beyond. One common function of many databases is to support
performant and efficient data analysis queries. Such analytical workloads consist of queries that
may scan from multiple tables, join tables together according to some conditions, filter out in-
dividual tuples based on some set of constraints, aggregate information across tuples, or more —
often many of each of these operations happen within a single query!

Joining two tables into a single output, where the tuples it contains are some combination of
tuples from both inputs, is a fundamental operation for any analytical DBMS. However, it is also
slower and more complex to execute than most other operations — many workloads will spend
significant portions of their runtime simply processing joins. Some join execution strategies
(e.g., hash joins) also incur a large memory overhead for intermediate data structures. Due to
these factors, improving the performance of joins can often substantially improve the overall
performance of the query.

One main contributor to join performance is the order in which joins are evaluated. More
concretely, two different join orders can have vastly different intermediate join results compared

o(A) o (B)

Figure 1.1: A query plan containing a single join on two filtered tabled, A and B.



to the final result after all joins. A poor join order could incur large performance penalties to
process these extra tuples, only to result in the same output as a better join order.

For decades, the standard approach to solving this problem has been join order optimiza-
tion, which is a subset of query optimization that focuses on determining the best order and
strategies to execute joins in a query. It makes use of pre-computed table statistics, cardinality
estimates, and many heuristics in order to create a join execution plan. While optimzation is
known to be an NP-complete problem, and it is infeasible to fully explore all plans for queries
with a large number of joins, a good optimizer generally can do pretty well! As optimizer archi-
tecture and estimation quality has improved over the past decades, essentially every production
database now involves some amount of join order optimization.

Traditionally, analytical SQL databases have stored and managed data with strict schemas and
structures, often with data ingestion pipelines that transform raw data into a cleaner version that
the database can use. However, the past decade has seen many significant shifts in how databases
are organized and used. As storage and compute hardware continue to be further disaggregated,
many workloads now make heavy use of object storage for unstructured data where tables are
often stored in open file formats that are not managed by the DBMS itself. In many cases, this
leaves the query optimizer with little information to base decisions on, while the expectations of
performant and consistent query execution still remain high.

1.1 Performant Joins in a Statistics-Light World

With such changes in the landscape of analytical databases, there is a renewed focus on how to
performantly execute complex queries without relying on accurate statistics and estimates. If
we are unable to create an optimal query plan through optimization, the problem must be solved
either before or after. Here, we detail three types of approaches that address this issue in different
ways.

1.1.1 Query Reoptimization

One idea is that if we determine during runtime that a join order is incorrect, the query optimizer
may be able to produce a better plan given the new, more accurate information we have after
running a portion of the query. Work in this area has historically involved adding checkpoints to
the initial query plan, where key statistics are collected and used to inform whether the optimizer
should reoptimize the remainder of the query [5]].

Such methods generally operate on the physical plan constructed by the initial optimization or
the previous reoptimization. However, this can cause problems: the initial plan may be extremely
different from the optimal, and choosing where checkpoints should be set based on the physical
plan may not be the correct strategy. Zhao et. al. have recently developed a reoptimization
technique that uses the logical plan and join graph, rather than the physical plan and heuristics on
the join types [20]. They identify subqueries within the logical plan based on primary/foreign key
relationships within joins, and then check whether or not to reoptimize between each subquery.
This technique addresses both of the described issues by making smarter choices of subqueries
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to execute, and ensuring that reoptimization overhead is not incurred unnecessarily while still
allowing for sufficient ways to near optimality.

1.1.2 Plan Hints and External Optimization

Another idea is that the client may know more about how to optimally execute their queries than
the optimizer, and therefore the client should be able to directly influence the optimizer in certain
cases. Traditionally, this has manifested itself through “hints” provided by the client within the
query text that are treated as optimizer directives. Various production databases, such as Oracle,
have supported this and related features for many decades, and allow clients to provide direction
to all levels of the optimizer [[11].

In recent years, there has been a growth in techniques that use automated learning models
to write plan hints, rather than clients doing it manually. This, in effect, works as an external
optimizer that works at a higher level than traditional single-query optimizers (e.g., optimizing
using data collected over multiiple runs). Techniques of this type, such as HERO and COOOL,
have good results when comparing performance to their baselines [23] [[17].

Other recent work retains the human component, but aims to better assist with improving the
quality of plan hints. HintQPT, for example, provides an interface for clients to visualize the
impact of different plan hints, and select their preferred option, with a focus on being robust to
inaccuracies in cardinality or cost estimation [[16].

1.1.3 Join Pre-Filtering

A third idea is that if we can shrink the cardinalities of all join inputs so that they do less work,
then perhaps the chosen join order does not matter. This class of techniques is known as join pre-
filtering, and is the focus of the remainder of this thesis. Formally, we define join pre-filtering
as a set of methods that reduce the input relations of joins towards the minimum set of tuples
necessary to produce the correct output. In the next two sections, we will provide a classification
of filters used for pre-filtering, as well as a description of some of the foundational techniques in
this area.

1.2 Thesis Contributions

In this thesis, we first introduce a novel categorization of filter types, and provide a thorough
characterization of modern join-prefiltering techniques. Then, we introduce an extension to Dy-
namic Predicate Transfer, a leading contemporary join pre-filtering implementation, allowing for
both independent and combined use of the two filter types it supports. Finally, we evaluate all
four combinations of filter configurations on standard benchmarks, specifically highlighting the
surprising interactions and how this depends on workload and query specifics. After this analy-
sis, we detail potential future directions for join pre-filtering based on the observations made in
this thesis.






Chapter 2

Characterization of Filters

Join pre-filtering has been implemented in many different fashions over the history of query
execution. All pre-filtering strategies, however, follow the same three principles:

1. All pre-filtering strategies must not filter out tuples needed for the final result.
2. Good pre-filtering strategies shall reduce the overall runtime of the query.
3. Good pre-filtering strategies shall reduce the overall memory usage of the query.

The first of these is a strict requirement, while the second and third are behaviors that should
in practice occur most of the time. Following these basic principles, pre-filtering strategies make
use of different types of filters and fall into different categories of algorithms.

2.1 Types of Filters

At a fundamental level, the filters used in pre-filtering are very similar to those used to process
required filter clauses written in queries. The biggest differences are that pre-filters are created
at runtime based on the data being processed, rather than statically by the client, and that if a
pre-filter is not enforced the query result will still be correct. This second difference means that,
unlike with required/static filters, pre-filters can make use of both exact and approximate data
structures.

2.1.1 Exact Filters

Exact filters will ensure that the output is as minimal as possible, but in general they will be
expensive to create and/or apply. In certain cases, where the accepted set is fairly small (DuckDB,
a leading analytical DBMS, has a default threshold of 50 [13]), an IN predicate can be used.
Another case of interest is when the range of accepted values is small, where a concise bitarray
can represent the accepted set and allow for very efficient probing.

In general, an exact filter will be a traditional set-like data structure, needing to track all
unique values accepted by the filter. Such data structures are often expensive to create and
apply, and requiring memory that is linear in terms of the number of unique values present. This
means that the benefits of pre-filtering with an exact filter can be fairly limited, with much of the

5



improvement occuring through indirect cascading effects of pre-filtering on later portions of the
query, or through better cache/memory utilization of the smaller data structure.

2.1.2 Approximate Filters

Approximate filters are generally cheaper and smaller than exact filters, with the tradeoff being
generally lower effectiveness. However, the intention is that the savings outweigh the extra
runtime caused by letting extra tuples into the joins. While no pre-filter should reject tuples that
are needed for the final join result, it is particularly important for approximate filters that the
strategy used does not allow any false negatives. There are a variety of approximations that are
possible, but they roughly fall into two categories: uniform and non-uniform.

If an approximate filter is uniform, then any true negative probe will have a roughly equal
chance of being a false positive. The classic example of this is a Bloom filter, which is a hash-
based set-membership data structure [2]. Both the insert and probe methods involve applying
one or more hash functions to the data, and then setting or checking the relevant bits in the array
respectively. When probing, if all of the relevant bits had been set, the Bloom filter outputs a
“yes”. This results in false positives in the case of enough hash collisions, but with proper choices
of hash function these are roughly evenly distributed across the input space. The expected false
positive rated is also tunable based on the number of hash functions and amount of memory used,
and generally is a low single-digit percentage (e.g., Apache Arrow has a default rate of 2% [1]).

If it is non-uniform, then some sets of true negatives will have higher chances of being false
positives than others. There are many different ways to create such a filter, but the simplest kind
are range-based filters, most commonly in the form of min/max filters. These filters are created
by tracking the minimum and maximum values of the relevant data, and then when applying the
filter, all values within the range are accepted and all other values are rejected. This results in
a very cheap and selective filter if much of the data it is applied on is outside of the range, but
if the data is largely within the range, or if the range is extremely large, then it may not be very
effective.

Within these categories, different strategies will still be better or worse in terms of expected
false positive rate, memory footprint, cache access pattern, creation and probe costs, actual false
positive rate, and more. An important observation is that the false positive distribution for uni-
form approximate filters is very different from that of non-uniform filters, and even two non-
uniform filters may have very different distributions. Therefore, it may be useful for a single
pre-filtering strategy to use multiple approximate filters in order to get close to an exact filter
while still being cheaper and lighter.



Chapter 3

Overview of Pre-Filtering Techniques

Over the decades of research in query processing, many pre-filtering techniques have been de-
veloped, all presenting different ideas for how to improve execution time by reducing the input
size of joins. Here, we detail the two most common categories of pre-filtering in use today, and
describe a selection of fundamental work in these categories.

3.1 Probe-Side Pre-Filtering

One of the most common methods of processing equi-joins is as a hash join, where one input
is used to construct a hash table that later gets probed by the other table to determine which
tupes from each side should be combined to produce an output tuple. This process can be quite
efficient in many scenarios as it poses no constraints on the shape or order of the inputs, but the
process of building and probing the hash table may be quite expensive. Especially if many tuples
present in the inputs are ultimately not used for the output of the join, or if there happen to be
many hash collisions, we end up performing lots of unnecessary work on the probe side and take
up more of the limited memory capacity on the build side. This makes hash joins a good target
for pre-filtering, as the potential savinhs can be quite high in many scenarios.

With hash joins, an observation is that one of the inputs is already going to be involved in
building a data structure, and therefore it is relatively cheap to build another one at the same
time. This insight is the key behind probe-side pre-filtering, a class of pre-filtering techniques
that applies to hash joins where filters are constructed using the build input for the join, and are
probed prior to the hash table probes. This doesn’t necessarily mean that these pre-filters are
probed immediately before probing the hash table (e.g., within the hash join operator itself), but
rather that the probes happen somewhere in the query plan rooted at the probe side of the join.

Probe-side pre-filtering techniques are especially interesting because they are all examples
of single-pass techniques, meaning that only one pass over the table data is needed to pre-filter
the data. Specifically, this means that there is no extra scanning needed to pre-filter compared to
just executing the base query itself. This is especially important when tables are too large to fit
in memory, or when memory capacity is limited, as keeping disk I/O costs at a minimum is vital
for executing queries efficiently.

There have been many different probe-side pre-filtering strategies developed over time, and
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we describe the most important here.

3.1.1 Bloom Joins

The most basic probe-side pre-filtering algorithm is the Bloom join, first proposed in 1986 by
Mackert et. al. [9]. They describe using a Bloom filter as a “hashed semi-join”, building the filter
on the join column while building the hash table, and then probing the filter immediately before
probing the hash table. While this may seem as if we are just trading one hash calculation when
probing the table for a hash calculation when probing the filter, upon accounting for the cost of
managing collisions within a hash table it becomes clear how a Bloom join may substantially
increase performance if the pre-filter is highly selective.

In the paper, the authors simulate the performance of a Bloom join with a basic heuristic, and
show that the performance when using a Bloom filter with a 30% false positive rate is signifi-
cantly improved compared to the regular baseline, and a larger improvement is seen when a 0%
false positive rate is simulated. It is important to note that this analysis is not comprehensive,
and doesn’t account for considerations such as memory usage of the filter, or detail performance
in different data distributions or with different selectivities of the join condition.

This pre-filtering technique specifies that we use Bloom filters, although the algorithm to
create and pass the filter can be used with any type of filter, exact or approximate.

3.1.2 Probe-Side Pre-Filter Pushdown

A fairly general rule of thumb in query optimization is that filters should be pushed down below
joins whenever possible, as the cost of reducing the table before the join is very often less than
the cost of joining first. We can apply this same idea to Bloom joins, where instead of filtering
the probe input immediately before processing the join, we instead send the filter as far down as
possible, and pre-filter at the Scan operator itself. This class of techniques had been in use in
distributed query processing prior, but was first written about by Graefe in 1993 [4]. It limits the
applicable settings slightly, as it requires that the join column is present in some base table, but
this turns out to be fairly common. As with Bloom joins, this paper specifies that Bloom filters
are used rather than the more expensive semi-join, but in practice any filter can be applied using
this algorithm.

An interesting consequence of sending every pre-filter to its source is that in complex queries,
a single table may recieve multiple pre-filters. This, in effect, means that we are maximally pre-
filtering every table involved in a hash join probe prior to executing any of them. This can
significantly increase the impact of pre-filtering, as discarding a single tuple here potentially
prevents a large number of hash table probes down the line.

Bitvector-Aware Query Optimization

Since 2012, Microsoft has implemented this technique into SQLServer, with a few additions
[3]. The first is that only a single filter will be created at each hash join operator, even if there
are multiple conjuctive join predicates present. This presents an interesting scenario when a hash
join’s predicates reference more than one base table on the probe side, as it is not possible for this
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single filter to be pushed down to any individual Scan. Instead, SQLServer will send the filter
to the lowest possible point in the query where information from all referenced tables is present,
which is generally either the Scan or some intermediate hash join operator. While this doesn’t
pre-filter tuples as early as it could, having a single filter incorporate multiple join conditions
reduces the memory usage of the technique and still shows significant benefits.

The other major innovation stems from the realization that in many cases, naively adding pre-
filtering to a query plan does not actually give you the optimal execution plan for that query. Just
like with regular query selection filters, pre-filtering and especially pre-filter pushdown shrink
the cardinalities of their inputs, and therefore may significantly affect what the optimal join order
and execution strategies are. Without accounting for the effects of pre-filtering in the cost model,
any DBMS that uses it may choose highly sub-optimal execution plans for queries. Microsoft
implemented pre-filtering in SQLServer as a transformation rule in the optimizer, and detailed
how it can be added to any Volcano- or Cascades-style optimizer. They show that for any star or
snowflake schema query, the optimal plan when including pre-filtering can be computed in linear
time, and can be extended to other query shapes by breaking it down into multiple connected
snowflake plans.

Pre-Filter Pushdown in DuckDB

Newer versions of DuckDB include a version of pre-filter pushdown, but using min/max filters
rather than Bloom filters [13]. The main reason for this is that min/max filters are extremely
cheap to create and probe and require very little memory compared to other types of filters.
Further, DuckDB implements an optimization known as row group skipping for range-based
filters within Scan operators, which can avoid testing a condition entirely if a row group’s (by
default 2048 tuples) metadata says the group falls completely inside or completely outside of the
filter range [13]]. Both of these factors mean that we can often pre-filter significantly for very
little overhead.

3.1.3 Lookahead Information Passing (LIP)

While a goal of pre-filtering algorithms is to increase performance of join processing, another
goal is that the use of pre-filtering should minimize the effects of selecting a poor join order.
Lookahead Information Passing (LIP) was developed by Zhu et. al. to answer this question
and to present an optimal execution strategy for star schema queries [22]. In this setting, the
optimal execution plan will always be a left-deep plan, where there is one table that is joined
with multiple other tables in a row. In the star schema context, this will be the large fact table
joining with multiple small dimension tables. Here, the only choice the optimizer must make
is what order the dimension tables get probed in, which significantly affects the runtime of the
query.

A key insight is that this scenario is the ideal case for pre-filter pushdown. Since only one
table is probing all others, every pre-filter can be evaluated before any join occurs, meaning
the number of probes that occurs is at its minimum. However, with multiple filters needing to
be probed, if we do so in a poor order we can still have sub-optimal performance. The main
innovation of LIP is to adapt the order of pre-filters based on selectivities at runtime, with the
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assumption that all filter conditions are independent. The authors proved that under this indepen-
dence assumption, left-deep star schema queries can be evaluated both optimally and robustly
when using LIP. More formally, this means that the maximum normalized spread in execution
cost across all join orders is typically narrower when using LIP than the minimum normalized
spread without LIP.

In some cases, the performance with LIP is actually better than with any plan where LIP
is not applied. This is again due to its adaptive reordering, which means that the filter order
can optimally handle changes in the data distribution, rather than being stuck with a fixed, sub-
optimal join order.

3.2 Both-Sides Pre-Filtering

While probe-side pre-filtering techniques can often be implemented without significant overhead,
their primary focus is to reduce the amount of work done during the probe phases of hash joins.
However, this is only half of the full problem — having unnecessary tuples on the build sides of
joins also has a negative impact on both memory usage and overall performance. One example
of a case when pre-filtering the build side is important is if the optimizer incorrectly assigns the
build and probe sides of a hash join, but many more cases exist in more complex query plans.

The notion of a full reduction defines a complete solution to our problem, formally meaning
that all input tables are reduced to only the set of tuples required to produce the correct join
output. It is in general not possible to achieve this with simply probe-side pre-filtering, as not
every tuple built into a hash table is necessarily required for the final result after all joins. This
brings forward the class of techniques known as both-sides pre-filtering, which aim to get closer
to a full reduction with varying levels of approximation.

3.2.1 Yannakakis Algorithm

The foundational work in this space was done by Yannakakis in his 1981 paper detailing various
algorithms to improve join processing on acyclic queries [19]. The main algorithm given, now
known as the Yannakakis algorithm, splits join processing into two phases: the reduction phase,
and the join phase. In the reduction phase, the algorithm first creates a “join tree” from the query’s
join graph, and does two passes of semi-joins across each join edge in the tree: one “upwards”
from the leaves to the (arbitrarily chosen) root, followed by one “downwards” from the now
reduced root down to the leaves. At each step of each pass, the next semi-join is constructed
after applying the filter from the previous step. Then, the join phase executes on all reduced
tables by performing a join for every edge in this tree in a bottom-up fashion.

The reduction phase guarantees that all tables are fully reduced. After the upwards pass, a
table is pre-filtered based on its children in the join tree, which ends with the root table being
fully reduced. Then, the downwards pass supplies this reduction information back to all tables,
ensuring that each table is given information about all other tables it is connected to in the join
graph.

This algorithm is the first full-reduction algorithm developed, and allows for acyclic queries
to be evaluated in linear time with respect to the final result size and the total input sizes. The
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algorithm is also not specific to hash joins, and can be applied to any equi-join query. However,
its structure essentially requires that the data is read twice, which can add a significant overhead
in terms of disk I/O. Further, its reliance on the expensive semi-join operation made its adoption
infeasible for DBMSs, and as such this algorithm saw little use over the next decades.

3.2.2 Parachute

While a full reduction is the ideal outcome of pre-filtering from an algorithmic perspective, the
seeming requirement for a second pass over the data in order to achieve this goal is a major road-
block for such techniques to see use in production systems. A recent technique called Parachute,
developed by Stoian et. al., aims to take a step in solving this by enabling some bi-directional
pre-filtering with only a single pass of the data [14]]. The core contributions are twofold: they
first formalize the idea of information flow in a query, and then details the algorithms and storage
modifications needed to implement Parachute.

With probe-side filtering, information naturally flows “upwards” through the probe pipelines,
but information flow does not happen in the “downwards” direction. Parachute aims to enable
this reverse direction information flow for the the restricted case of primary/foreign key joins,
where the foreign key table is “below” the primary key table. The key insight is that a big source
of blocked information flow is when a primary key table in a later probe pipeline has a filter on
it, which could be used to filter the foreign key table in an earlier probe pipeline. In order to
do so while still requiring only a single pass over the data, it moves the burden onto the storage
and table insertion/update rather than filter construction. If probe-side filtering is not enabled,
Parachute is also able to detect that the “upwards” information flow is missing and can handle
that accordingly.

Parachute enables the storage of small approximations of relevant columns of the primary
key table as new parachute columns in the foreign key table, and at runtime allows for trans-
lated filters from the primary key table to be applied to foreign key tables. These approximations
are created to be much smaller than the original column, making use of approxmations such as
hashing, histograms, string fingerprints, and other techniques, in order for the additional over-
head when scanning to remain minimal. As it is infeasible to construct parachute columns as
needed while executing a query, these must be pre-computed based on the expected workload.
Maintaining the accuracy of these values through updates/insertions is slow, especially if the pri-
mary key table is being updated, but for workloads where the frequency of these operations is
low the overhead is not substantial.

Although Parachute does not achieve a true full reduction, the results still show significant
benefits when enabling it on DuckDB both with and without its probe-side filtering enabled.
A large portion of unnecessary tuples were removed on both the JOB and CEB benchmarks
resulting in reduced overall runtime. With probe-side filtering enabled, the results show a smaller
improvement, but still show that efficiently removing additional dangling tuples can be useful.

3.2.3 Robust Predicate Transfer (RPT)

Robust Predicate Transfer (RPT) is a recent technique created by Zhao et. al. that builds on the
ideas of the Yannakakis algorithm and a previous technique called Predicate Transfer in a modern
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and performant fashion [21] [19] [[18]. Predicate Transfer addressed a key issue with Yannakakis’
technique by using cheaper Bloom filters rather than semi-joins to perform the full reduction,
and RPT further improves upon this work with three key contributions and an implementation in
DuckDB v0.9.2.

The first contribution is the Large st Root algorithm to create the pre-filter transfer sched-
ule, which is the order in which filters are passed in each of the two Yannakakis-style passes (here
denoted “forwards” and “backwards” in place of upwards and downwards respectively). Specifi-
cally, while Predicate Transfer did not use a join tree for its transfer schedule, RPT returns to the
Yannakakis algorithm in order to guarantee a full reduction. This algorithm constructs a max-
imum spanning tree on the join graph with the largest table as the root. The reasoning behind
this specific choice of root is that it is generally preferable to pre-filter larger tables as much
as possible before constructing filters from it, so that these resulting filters can be as small and
selective as possible.

While in the Yannakakis algorithm, joins are executed only as present in the join tree, in order
to guarantee performance complexity linear in terms of the inputs and outputs, this prevents
the optimzer from choosing join orders which may achieve better performance. However, we
still want to ensure tight bounds on any intermediate results of joins in order to achieve this
complexity. The second contribution is the SafeSubjoin algorithm to identify query plans
with such a “safe” join order. It is shown that a subset of acyclic queries known as “vy-acyclic”
guarantee that any plan chosen by the query optimizer will be safe. For all other acyclic queries,
the optimizer must ensure that the chosen join order is safe.

The third contribution is empirical robustness of RPT regardless of the chosen join order. It
was demonstrated that when applying RPT on many randomly chosen join orders, the perfor-
mance for y-acyclic queries is generally within a very narrow bound. It is important to note that
this notion of robustness is not the same as is guaranteed by LIP, since there is no mathematical
guarantee on the performance spread with different query plans [22]]. Ultimately, this combined
with the overall performance improvements after applying RPT show that the join order problem
may be closer to solved for y-acyclic queries.

Dynamic Predicate Transfer (RPT+)

Recently, there has been an updated version of RPT under development known as Dynamic
Predicate Transfer (RPT+) in a newer version of DuckDB [6]. This technique aims to improve
the performance of RPT with three changes: removing passes determined not to be useful from
the transfer schedule, early termination of Bloom filter creation and probing pipelines in certain
cases, and additionally creating and passing min/max filters.

The first two changes aim to address the issue of pre-filter passes that do not filter many
tuples, by removing them at optimization time and execution time respectively. While this may
result in useful passes being skipped, overall the change aims to improve the performance of this
technique compared to RPT. The third change is less structural, but may provide significant ben-
efits for minimal overhead. By passing min/max filters alongside the existing Bloom filters, we
can increase the selectivity (in some cases significantly) and still maintain the existing guarantees
of the full reduction algorithm. Min/max filters are created within CreateBF operators, and to
take advantage of DuckDB’s row group skipping, are always passed down to the Scans below
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Figure 3.1: Filter passing schedule for a single-join query with RPT+.

the corresponding UseBF. This, to the best of our knowledge, is the first pre-filtering technique
that explicitly calls for applying multiple types of filters on all tables.

3.3 Missing Passes in RPT+

Currently, RPT+’s min/max filter passes are not working as intended. The pushdown of min/max
filters presents some issues upon the the backwards pass of RPT+, as seen in the example in Fig-
ure[3.1] Specifically, since the forwards pass must complete before the backwards pass, requiring
the Scan to use a filter created during the backwards pass causes a cyclic dependency in the al-
gorithm.

In the current implementation, this issue is manifested as the backwards pass min/max filters
getting created, but never getting used as their destination must already have been executed.
We propose and implement a simple change to correct this issue, where min/max filters on the
backwards pass are not pushed down and instead are evaluated with the UseBF, as in Figure 3.2

This “missing pass” means that until now, there have not been any pre-filtering techniques
that correctly use multiple filters to fully reduce the tables. There are also no prior studies done on
the performance of a full reduction using non-uniform approximate filters. We aim to investigate
both of these gaps in the following experiments.
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Chapter 4

Exploring Filter Interactions in RPT+

Explicitly using multiple types of approximate filters on a single table is a very new development
in pre-filtering. Aside from RPT+ [[6], most techniques have explicitly stated the single type of
filter to use in any given circumstance. In this new space, there are a few natural questions to
ask:

* What effects do different filter types have on each other?
* Is there a clear best filter combination to apply?

* What workloads and data are the best case for each filter type?

We aim to investigate these questions for the specific case of Bloom filters and min/max
filters, two of the most commonly used uniform and non-uniform approximate filters in pre-
filtering. Specifically, we evaluate their efficacy in DuckDB v1.3.0 [13] using the modified
LargestRoot transfer schedule used in RPT+ in order to fully reduce all input tables with
respect to the applied filter configuration [6]]. The specific implementation used is our modified
version of RPT+ which correctly passes and applies min/max filters ﬂ We further implemented
an additional extension that allows either filter type to be enabled or disabled independently.
Notably, this work is the first known evaluation of a pre-filtering algorithm making use of only
min/max filters to approximate a full reduction.

This base implementation was chosen for two main reasons: it uses optimized implemen-
tations of the pre-filtering data structures (Bloom filters from Apache Arrow and lightweight,
vectorized min/max filters), and the use of DuckDB ensures that our data reflects a highly per-
formant baseline and therefore has realistically interpretable results [[1].

4.1 Workloads and Experimental Setup

In this work, we evaluate the performance of four different pre-filter configurations: no pre-
filtering, Bloom filters only, min/max filters only, and both filters. We ran three sets of bench-
marks, commonly used to measure the performance of analytical DBMSs.

'Our modified implementation can be found at |https://github.com/mihirkhare/
transfer—-researchl
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Figure 4.1: Schema of the IMDB dataset in JOB [8]].

4.1.1 Workloads

The first is the Join Order Benchmark (JOB), developed by Leis et. al. to measure the quality of
join order optimization and cardinality estimation in a query optimizer [7]. It is built on a real-
world IMDB dataset (schema in Figure {.1), with 113 join-heavy queries designed to emulate
realistic workloads on this data. These queries are divided into 33 “groups” of 2-6 queries each,
where each group follows roughly the same query structure with minor differences (e.g., different
filter constants). In our case, the DuckDB query optimizer is already fairly high quality, so we
aim to see how much of an impact different pre-filtering configurations can have on top of the
high baseline.

Second is the TPC-H benchmark, a decision support benchmark that has seen widespread
use in literature over the past 25 years [13]. Its dataset consists of 8 tables related by primary
and foreign keys (schema in Figure 4.2)), and is generated from a uniform distribution. TPC-H
allows for a ““scale factor” to be specified when generating the data, which roughly corresponds
with the size of the dataset in gigabytes. Here, we used scale factors 1, 10, and 100, roughly
corresponding to 1GB, 10GB, and 100GB respectively. The workload consists of 22 queries
that vary in complexity, designed to test all parts of an analytical DBMS. The main distinctions
between this and JOB are the data distributions in the workload, as well as a smaller focus on
join processing specifically.

The third benchmark is TPC-DS, which is a newer decision support benchmark designed to
be much more complex than TPC-H [12]. Its dataset follows a snowflake schema consisting
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of 25 tables (compared to 8 in TPC-H), and a hybrid data generation approach that uses both
synthetic and real-world sources to better model modern data analytics workloads. The workload
consists of 99 queries aiming to cover the wide range of requests encountered by decision support
systems. Although this benchmark is somewhat similar to TPC-H, many modern DBMSs still
use this as a valuable measure of performance, and as such we will utilize it here as well.

4.1.2 Experimental Setup

All evaluations were performed on a 10-core Intel Xeon E5-2630 v4, with a SMiB L2 cache
and a S0MiB L3 cache, on top of 128GiB of DDR4 RAM. In order to investigate the behav-
ior of and interactions between Bloom and min/max filters, we integrated our implementation
into DuckDB’s built-in benchmarking harness, which we used in all evaluations to accurately
determine the total query runtime.

For each query within each benchmark, the results are reported for 5 runs, preceded by a
single unmeasured “warmup” run to populate memory and the cache with the necessary table
data. The key datapoint here is the average across the 5 runs for each query, which is what is
used to compare between the different filter configurations.

Every experiment was run in a single-threaded environment to simplify the space of analysis,
although we don’t expect there to be significant differences in interactions if multiple threads are
used.

4.1.3 Note on Robustness

In this work, we do not evaluate the effects of different filter configurations on the “robustness”
of the transfer schedule used, as has been previously studied with LIP and RPT [22] [21]. We
instead seek to understand the separate and combined effects of Bloom and min/max filters on
only the plan created by DuckDB, for the following reasons:

1. The goal of this work is not to analyze the underlying pre-filtering algorithm, but rather to
better understand the interactions between the two types of filters used.

2. Varying the join order does not affect when and how pre-filtering occurs or the efficacy of
each filter.

3. The plans generated by DuckDB reflect realistic execution strategies, which provides an
indicator of how different filter configurations may perform in real-world settings.

The current robustness arguments for LIP and RPT rely on significant assumptions about the
shape and distribution of the data, and the behavior of the hash functions. It seems reasonable to
expect that min/max filters can exhibit robustness under a different set of assumptions, although
there is currently no known work that has studied this.

42 JOB

With JOB, we see a few key observations from the overall data in Figures [4.3and
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Figure 4.3: Query runtime for all filter configurations on JOB, with 95% and 105% of the base-
line marked by a dashed green line. The y-axis is limited to fit the data.

Best Config | Min-max off Min-maxon

Bloom off 10 18

Bloom on 5 80

Figure 4.4: Number of JOB queries which are fastest for each filter configuration.
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* All pre-filtering configurations look to have an overall positive effect on the total runtime
of JOB.

* The min/max only configuration is significantly more effective than the Bloom only con-
figuration.

* The speedup of applying both types of filters is roughly the sum of the speedups of each
type individually.

One interesting statistic is the number of queries which have a significant spread in perfor-
mance between their best and worst performing filter configurations. Here, we chose 20% as
the threshold for “significance”. For JOB, 81% of queries tested have this significant spread in
performance across configurations. Most of these, as expected from the total runtime in Figure
involve the configuration with both filters, with 71 of those 80 queries showing a significant
spread in performance.

The data seems to indicate that pre-filtering with both filters is the clear best option. However,
16 out of the 18 queries where min/max only is best, all 5 of the queries where Bloom only is
best, and 6 of the 10 queries where no filtering is best show a significant spread. Further, for 8 of
the queries where applying both filters is not the best choice, their best option is over 20% faster
than applying both! It is clear that no single choice of pre-filter configuration is truly correct for
this workload without causing significant loss in performance for a portion of the queries.

For many query groups, we observed that each query within them shows roughly similar per-
formance trends between the different configurations. However, this is not universal — there are
quite a few query groups where the specific constants within the template significantly changed
the resulting data and therefore the effectiveness of pre-filtering. This indicates that while the
static query shape may be a good initial indication of the pre-filtering configuration to use, it is
still quite dependent on the specific query instance being evaluated.

With JOB, the primarily noticable trend in the total data for all queries is that the min/max
filter configuration seems to have around a 30% speedup from the baseline of no pre-filtering,
and applying both filters is also around a 30% speedup from applying only Bloom filters, which
itself is about a 10% speedup from the baseline. So why is pre-filtering effective on JOB, and
why are min/max filters especially useful?

4.2.1 Why Pre-Filtering, and Why Min/Max?

Much of these effects can be attributed to the schema and data distribution of the IMDB dataset.
Specifically, the tables are related by a web of primary and foreign keys (as seen in Figure [4.1)),
which the query set makes heavy use of. Many queries involve tables with filter predicates that
result in only small range of tuples or even just a single tuple, which are the ideal cases for
both Bloom and min/max filters. The real-world sourcing of the data, with its natural skew
and correlations between columns and tables, is also an important factor. Both of these traits
can cause join columns to fall in tigher clusters and have fewer unique keys involved in joins,
which improves the performance of both Bloom and min/max filters, and more generally of any
approximate filter.

One big reason why min/max filters are especially effective may be because of DuckDB’s
row group skipping, which can significantly reduce the work needed to evaluate filters when
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Figure 4.5: Query runtime for all filter combinations on TPC-H @ SF=10. The y-axis is limited
to fit the data.

they are narrower as they are here. Since many of the min/max filters in our implementation are
evaluated in Scans, this can result in significant speedup if the filtering range is narrow, as is
often the case with queries in JOB.

43 TPC-H

For TPC-H, we evaluated the performance of all pre-filter configurations on scale factors 1,
10, and 100, roughly corresponding to 1GB, 10GB, and 100GB datasets respectively. For the
following analyses, we will focus specifically on the 10GB dataset. We found that the general
trends were roughly similar between all three scales, and found that the 10GB size is less prone to

Best Config | Min-max off = Min-max on

Bloom off 8 1

Bloom on 9 4

Figure 4.6: Number of TPC-H queries @ SF=10 which are fastest for each filter configuration.
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noise than the 1GB size, while still ensuring that all tables can reside in memory on our evaluation
machine. The overall data for the 1GB dataset can be found in the appendix in Figures and
4.6l and for the 100GB dataset in the appendix in Figures[A.3]and[A.4]

Looking at the data in Figures 4.5 and 4.6] our initial observations here are quite different
from what we saw with JOB:

* There is no clear best pre-filtering configuration for this workload.

* Bloom pre-filtering appears somewhat useful, while adding min/max pre-filtering decreases
performance in both cases.

* The overall effectiveness of pre-filtering is fairly weak in total.

Our first observation is perhaps the most interesting — with JOB, an okay strategy would
have been to choose the configuration with both filters, but with TPC-H no single configuration
is best on even half of the queries. 4 of the 8 queries where no pre-filtering is best, 6 of the 9
where Bloom is best, and the query where min/max is best all have significant spreads across
their configurations (at least a 20% spread as before). Further, comparing only the no filter and
Bloom filter configurations, there are 3 queries where Bloom pre-filtering is at least 20% better
than no pre-filtering, and 1 query in the reverse comparison. As with JOB, making a single static
choice for the workload is not the optimal strategy, and for TPC-H it would cause regressions on
a much larger proportion of the query set.

The results from TPC-H show a very muted impact of any pre-filtering, with only half of the
queries showing significant spreads between the configurations. No configuration shows more
than about a 7% difference from the baseline in the total runtime. We aim to analyze what
characteristics of the workload cause this.

4.3.1 Why Bloom, Somewhat?

One of the main differences between JOB and TPC-H is the method of creating the dataset.
Compared to the real-world source of JOB’s data, TPC-H generation of data from a uniform
distribution results in very different relationships between different columns and across relations.
In effect, this means that if columns a and b of a table X have no correlation, then performing
a join on column a would tell you little information about what values would be matched on a
future join on column b within a query.

With min/max filters, the width of theaccepted range directly affects how useful the filter is.
With uncorrelated column values, the iterative filtering effects of multiple joins may do relatively
little to shrink the ranges of keys involved in each join. Taking the previous example, the first
join on column a may make table X half the original size, but the range of column b may be
unchanged. The schema (seen in Figure .2)) shows that there is a strong primary and foreign
key structure that queries utilize effectively but without relationships between columns there is
limited range shrinking that will occur through joins. A Bloom filter, however, can still remain
effective in such scenarios — if the number of unique values of column b has shrunk, then the
Bloom filter will have stronger filtering ability regardless of the range of values present.
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Figure 4.7: Query runtime for all filter combinations on TPC-DS @ SF=10. The y-axis is limited
to fit the data.

44 TPC-DS

When running TPC-DS, we again evaluated all filter configurations at scale factors 1, 10, and
100, again corresponding roughly with dataset sizes of 1GB, 10GB, and 100GB. Like with TPC-
H, we saw that the general trends between the different sizes, and therefore we chose the 10GB
dataset for the same reasons. A caveat with the results of the 10GB and 100GB dataset is that
query 18 was unable to run successfully due to an issue with the RPT+ implementation used for
this work, so the results presented here (in Figures4.7jand 4.8)) and for the 100GB dataset do not
include this query. All other queries worked as expected. The overall data for the 1GB dataset
can be found in the appendix in Figures[A.5and 48] and for the 100GB dataset in the appendix

Best Config | Min-max off | Min-max on

Bloom off 55 25

Bloom on 1 17

Figure 4.8: Number of TPC-DS queries @ SF=10 which are fastest for each filter configuration.
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in Figures and

Again, we have very different total results from either of the prior workloads. We can observe
the following:

* No pre-filtering configuration has a strong positive impact on the total runtime.
* Bloom pre-filtering has a large negative impact on total runtime.

Like with TPC-H, we observe a fairly limited usefulness of any pre-filtering on the total
runtime of the 98 queries evaluated (excluding query 18). The big exception to this is the Bloom
filter only configuration, where the total performance was over 20% worse than any of the other
configurations.

The minimal differences between the other three configurations is interesting, and is espe-
cially surprising considering that almost all queries show significant spreads across the four con-
figurations — 49 out of the 55 no pre-filtering, the sole Bloom filter, 18 of the 25 min/max filter,
and 13 of the 17 both filter queries meet our 20% threshold. Some of these queries show ex-
tremely significant impacts from even Bloom filters, with query 95 showing a reduction from
around 7 seconds to less than 1 after applying Bloom pre-filtering.

4.4.1 Why No Pre-Filtering?

A big contributor to the effect we see in the overall data for this benchmark is the quantity of
queries being run, and the large variety of differences between the tables and values involved.
For such a diverse workload, it is difficult to gain significant information from aggregate data
such as the total. Another reasons why pre-filtering is not very effective here may be that the cost
of reducing the tables is not made up for by the savings in the joins.

However, at an individual level, many queries do show that pre-filtering, especially when
min/max filters are used, is quite effective. Unlike with TPC-H, the data generation for TPC-DS
incorporates some non-uniform data from external sources, which means that there is likely some
amount of clustering and correlation present. As we observed with JOB, it seems that this data
distribution is contributing to the relative effectiveness of min/max filters compared to Bloom
filters.

4.5 Pre-Filtering with Skewed Data

A phenomenon we have consistently observed throughout the JOB, TPC-H, and TPC-DS work-
loads is that when the data distribution has non-uniform data, min/max filters seem to increase
in effectiveness. But as both the dataset and query set are different across each workload, it is
not clear to what degree the data distribution alone is contributing to this behavior. We want to
determine if this effect is generalizable beyond this single example.

To distinguish between the effects of the data and query sets, we once again turn to the TPC-H
benchmark, and more specifically its variant that incorporates skewed data generation for many
of its tables [[10]. This benchmark allows the same query set to be used as in the regular TPC-
H, and the same scale factor selection, but samples its data from a Zipfian distribution rather
than uniform. This both allows for a more realistic dataset with higher clustering and potentially
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Figure 4.9: Query runtime for all filter combinations on TPC-H @ SF=10, Z=2. The y-axis is
limited to fit the data.

higher correlations between columns, and gives us an ideal workload to observe the effects of
the data distribution on the performance of min/max filters.

For these experiments, we focus only on the 10GB dataset size, and evaluated with skew
factors (z value) 1, 2, 3, and 4, with 0 being the uniform distribution used previously. We analyze
the results for skew factor 2 (in Figures 4.9 and .10).The overall data for the skew 1 dataset
can be found in the appendix in Figures[A.9]and [A.10] for the skew 3 dataset in the appendix in
Figures[A.TT|and[A.12] and for the skew 4 dataset in the appendix in Figures[A.T3]and [A.14] We
have two main observations from these overall results:

* The overall data shows this workload is amenable to min/max pre-filtering.

Best Config | Min-max off = Min-maxon

Bloom off 6 5

Bloom on 1 10

Figure 4.10: Number of TPC-H queries @ SF=10, Z=2, which are fastest for each filter configu-
ration.
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* Bloom filters are poor alone, but are quite effective when combined with min/max filters.

The first result seems to align with our hypothesis that non-uniform data can improve the
performance of min/max pre-filtering, even when the query set remains fixed. 12 queries which
had either no pre-filtering or Bloom pre-filtering as their best configuration in the original dataset
now have min/max or both filters as their best, and only 2 queries show the opposite change.

4.5.1 What Changed?

We want to understand what about this skewed data generation is causing these results on the
TPC-H query set. An interesting observation is that many query outputs are smaller with this
skewed dataset than with the original uniformly distributed dataset, which may be a contributing
factor to the usefulness of min/max filters. This is an example of the compounding shrinking
effects of skew on data ranges across filters and joins, which means that the use of range-limiting
filters such as min/max will make future data ranges narrower.

For Bloom filters, a big reason we see a performance regression when used alone is because
this compounding effect does not occur to the same degree. Even if a Bloom filter represents
data within a narrow range, its false positives have a uniform probability of occuring anywhere
in the probe space, meaning that the data skew does not help much. The second major factor
is the lack of row group skipping on highly selective or highly unselective filters. Even Bloom
filters that only accept a single key will incur the cost of probing every single input, which is
significantly more overhead than the equivalent min/max filter. In the more general case, the
overhead of Bloom filters can significantly outweigh the effects of their filtering.

Conversely, when both filters are applied, we get the best overall performance. This may
be because the use of min/max filters provides the compounding range shrinking behavior with
row group skipping where applicable, and then Bloom filters are able to remove the unnecessary
tuples within these narrower ranges.
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Chapter 5

Conclusion and Future Work

In this work, we provided a new implementation for a full reduction min/max pre-filtering
scheme, a corrected implementation of RPT+, and an analysis of how these different configu-
rations of Bloom and min/max filters perform and interact on 4 commonly studied workloads.
From our analysis of JOB and TPC-H with skewed data, we have clearly seen that min/max
pre-filtering is highly effective on non-uniform datasets. We also saw that there were not many
clear indicators as to when Bloom filters would be more or less effective for a given query or
workload.

Overall, it is clear that fully understanding how and why Bloom and min/max filters interact
in the observed manners is challenging. With JOB, for example, there were many cases where
queries within a query group all had similar behavior across all four pre-filter configurations.
But there were also many cases where a portion of the queries in a group had drastically different
results, simply by changing a small portion of the filter conditions with the same overall query
shape. We observed general trends for when each filter may be more or less effective individually,
but we also observed that the combined effects are not simply compounding.

The results we have seen are fairly surprising: we showed that simply static information
about a query and the data is not enough to determine the optimal pre-filtering configuration, and
therefore that more work needs to be done to further explore this space.

5.1 Future Work: Adaptivity

An overarching observation across all workloads evaluated here is that no single choice of pre-
filter configuration is generally optimal. As with all optimization problems, it is highly likely
that an accurate algorithmic solution to this problem is infeasible to compute efficiently, and
therefore would rely on inaccurate heuristics and estimates. There is also no evidence that the
optimal configuration is one of the four studied here, and not something in the middle. Further,
the addition of a second type of filter to the transfer schedule means that we can have a large
number of filters to evaluate for each table in each pass. The order these filters are evaluated
in can greatly impact the overall performance, but is also infeasible to accurate determine. One
solution to these is 2 forms of runtime adaptivity: adaptive reordering of multiple filters at a
single table, and adaptive dropout of minimally useful filters.
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Adaptive reordering is quite similar to what is performed by LIP, and would allow the filters
for each table at each pass to converge to the optimal order that minimizes the cost of pre-filtering
(through selectivity measurements, execution time comparison, etc.) [22]]. Similarly, this strategy
would also be robust to shifts in the data distribution and can outperform a static order if the
overhead for adaptivity is minimized. While generally it is optimal to evaluate the lightweight
min/max filters before the more expensive Bloom filters, in queries with wide min/max ranges
but sparse data, an adaptive algorithm could detect that some Bloom filters should be evaluated
first.

Adaptive dropout would be the main new contribution to allow for dynamically converging
on the best filter configuration for a query based on runtime information. This would involve
some process of identifying filters that are not sufficiently useful (again through selectivity mea-
surements, execution time comparisons, etc.) and occasionally disabling them. In order to make
this strategy robust to shifts in the data distribution, there would similarly have to be a mechanism
for previously disabled filters to be reenabled, in case they are now useful.

Like with the results of LIP, it is likely an adaptive solution could outperform a purely static
implementation because it can adjust to be optimal at a more fine grained level than the aggregate
over the whole query [22]. The proposed algorithm is unable to prevent minimally useful filters
from being built in the first place, so further study into this area is necessary.

5.2 Future Work: Robustness

In this thesis, we did not study the effects of adding min/max filters, or only applying min/max
filters, to the empirical robustness of RPT and RPT+. Given that there are such performance dif-
ferences between the filter configurations on only the plan produced by DuckDB, it is reasonable
to think that the performance spreads across different query plans could also change. Under-
standing how the underlying query plan affects the performance of each configuration may also
help with our understanding of how Bloom and min/max filters interact and the types of data
they will filter alone and together.
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Appendix A

Additional Evaluation

Here, we provide the overall data for the other evaluated workloads that were not discussed in
prior sections. These include:

* TPC-H @ SF=1 (Figures[A.T|and[A.2)

* TPC-H @ SF=100 (Figures[A.3]and[A.4)
TPC-DS @ SF=1 (Figures[A.5|and [A.6)

* TPC-DS @ SF=100 (Figures[A.7|and [A.8)

* TPC-H @ SF=10, Z=1 (Figures[A.9and [A.10)
* TPC-H @ SF=10, Z=3 (Figures |A.11{and |A.12)
« TPC-H @ SF=10, Z=3 (Figures[A.13|and [A.14)

Of note is that TPC-DS at scale factor 100 also was unable to successfully complete running
query 18, so the data for it is for the remaining 98 queries only.
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Total Runtime for TPC-H (Scale 1)

_______________________________

4.0 4

No filters Min-max Bloom Both
Filter Combination

Figure A.1: Query runtime for all filter combinations on TPC-H @ SF=1. The y-axis is limited
to fit the data.

Best Config | Min-max off | Min-max on

Bloom off 10 5

Bloom on 4 3

Figure A.2: Number of TPC-H queries @ SF=1, which are fastest for each filter configuration.
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Figure A.3: Query runtime for all filter combinations on TPC-H @ SF=100. The y-axis is limited
to fit the data.

Best Config | Min-max off | Min-max on

Bloom off 7 1

Bloom on 8 6

Figure A.4: Number of TPC-H queries @ SF=100, which are fastest for each filter configuration.
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25 - | | |
24 1
23 A

22

Time (s)

214 N N
20 A

19 -

18 -

No filters Min-max Bloom Both
Filter Combination

Figure A.5: Query runtime for all filter combinations on TPC-DS @ SF=1. The y-axis is limited
to fit the data.

Best Config | Min-max off | Min-max on

Bloom off 62 14

Bloom on 4 19

Figure A.6: Number of TPC-DS queries @ SF=1, which are fastest for each filter configuration.
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Total Runtime for TPC-DS (Scale 100)

2400 A
2300 A
2200 A

2100 A

Time (s)

p L0101 E— S ———— —

1900 -

1800 - | S

No filters Min-max Bloom Both
Filter Combination

Figure A.7: Query runtime for all filter combinations on TPC-DS @ SF=100. The y-axis is
limited to fit the data.

Best Config | Min-max off | Min-max on

Bloom off 59 26

Bloom on 1 12

Figure A.8: Number of TPC-DS queries @ SF=100, which are fastest for each filter configura-
tion.
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Total Runtime for TPC-H (Scale 10, Skew 1)
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Figure A.9: Query runtime for all filter combinations on TPC-H @ SF=10, Z=1. The y-axis is
limited to fit the data.

Best Config | Min-max off | Min-max on

Bloom off 8 3

Bloom on 5 6

Figure A.10: Number of TPC-H queries @ SF=10, Z=1, which are fastest for each filter config-
uration.
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Total Runtime for TPC-H (Scale 10, Skew 3)
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Figure A.11: Query runtime for all filter combinations on TPC-H @ SF=10, Z=3. The y-axis is
limited to fit the data.

Best Config | Min-max off | Min-max on

Bloom off 7 2

Bloom on 1 12

Figure A.12: Number of TPC-H queries @ SF=10, Z=3, which are fastest for each filter config-
uration.
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Total Runtime for TPC-H (Scale 10, Skew 4)
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Figure A.13: Query runtime for all filter combinations on TPC-H @ SF=10, Z=4. The y-axis is
limited to fit the data.

Best Config | Min-max off | Min-max on

Bloom off 7 3

Bloom on 4 8

Figure A.14: Number of TPC-H queries @ SF=10, Z=4, which are fastest for each filter config-
uration.
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