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Abstract
Learning object-centric representations of complex scenes is a promising step toward

enabling efficient abstract reasoning from low-level perceptual features. However, most
existing approaches treat object decomposition as a discrete computational procedure, lim-
iting both our understanding of how such structure emerges and our ability to control it at
inference time. We introduce SlotODE, a continuous-time formulation of Slot Attention in
which iterative refinement is recast as a dynamical system. In our approach, slots evolve
under a learned vector field parameterized by a neural ordinary differential equation, en-
abling analysis of the decomposition process through the lens of dynamical systems. Em-
pirically, SlotODE matches Slot Attention on unsupervised object decomposition at similar
parameter counts, outperforming it on unsupervised object segmentation. It also provides
an interpretable framework to study the emergence of object-centric structure from a com-
petitive attention mechanism. Lastly, this perspective naturally allows the use of adaptive
ODE solvers to dynamically allocate compute based on scene complexity.
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1 Introduction
The visual world presents the brain with a continuous stream of low-level features - edges, contours, colors,
motion, etc - distributed across the retina. Yet, our conscious experience is not of fragmented features but
of coherent objects - a red cup resting on a wooden table, a dog moving across grass, etc. How neural pop-
ulations group local features into discrete object-level representations is known as the binding problem, one
of the oldest open questions in neuroscience [1, 2]. Decades of behavioral and physiological work suggest
that object perception arises from competitive interactions between recurrently connected neural populations
where features belonging to one object are selectively enhanced and others suppressed [3]. Certain intermedi-
ate visual areas encode object-level information such as border ownership and figure-ground organization [4,
5]. Critically, this information is refined by the dynamics of cortical circuits in which populations of neurons
evolve continuously in time under coupled differential equations that govern membrane potentials, synaptic
currents, and firing rates [6].

In machine learning, the analogous problem of unsupervised scene decomposition can be solved by learning
object-centric representations. This line of work is motivated by the hypothesis that structured, composi-
tional representations are prerequisites for generalization and reasoning [7, 8, 9]. They can be used to im-
prove machine learning algorithms across various domains like visual reasoning [10], modeling structured
environments [11], multi-agent modeling [12, 13, 14], and simulations of physical systems [15, 16, 17]. The
dominant architecture in this space is Slot Attention [18], which introduces a set of learnable representation
vectors, called slots, that compete for ownership of image features through iterative soft attention - allowing
them to bind to distinct objects.

The concept of iterative refinement - producing an output z as the limit of a learned update z ← 𝑓𝜃 (z, 𝑥) -
recurs across modern machine learning. Energy-based models [19, 20], deep equilibrium models [21], meta-
learning algorithms [22, 23, 24], object-centric models [25, 26, 27, 28], and diffusion models [29, 30, 31, 32]
all admit some form of iterative refinement. However, in each case, the underlying motivation is dynamical
even though the implementation typically uses a discrete map.

In line with this idea, Slot Attention uses a discrete formulation of iterative refinement that is convenient but
restrictive - obscuring the structure of the refinement process itself. We cannot easily ask whether slots con-
verge to stable configurations, how quickly they do, or how the shared attention mechanism evolves along the
trajectory. These are natural questions in the language of dynamical systems, but they become answerable
only when the refinement process is expressed as a continuous-time flow rather than a discrete map.

In this work, we introduce SlotODE, a continuous-time reformulation of Slot Attention in which iterative re-
finement is recast as integration of a learned vector field. Slots evolve under an autonomous neural ordinary
differential equation [33] and the competitive attention mechanism becomes a term in this vector field rather
than a step in a discrete loop. The reformulation does not change what the architecture computes - rather,
it changes the structure of computation. We show that SlotODE matches Slot Attention on unsupervised
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object decomposition - reaching near-identical ARI-FG1 on CLEVR2 at a comparable parameter count and
outperforms Slot Attention on unsupervised object segmentation with higher mIoU3. The continuous-time
integration naturally allows the use of adaptive ODE solvers that allocate compute based on local error es-
timates. Instead of committing to a fixed number of iterations, we observe that per-scene compute budget
tracks scene complexity without any explicit design for this behavior. Beyond adaptive computation, the au-
tonomous formulation makes tools from dynamical systems available to study the trained model as Jacobian
spectra and contraction measures become well-defined empirical quantities of the learned vector field.

A summary of our main contributions.

• We reformulate Slot Attention as an autonomous neural ODE, replacing the discrete GRU-based update
with continuous-time integration of a learned vector field.

• We show that SlotODE matches Slot Attention on unsupervised object decomposition (using metric
ARI-FG) at a comparable parameter count on CLEVR.

• We show that SlotODE outperforms Slot Attention on unsupervised object segmentation (using metric
mIoU) at a comparable parameter count on CLEVR.

• We demonstrate that adaptive ODE solvers applied to the learned vector field produce per-scene com-
pute budgets that track scene complexity without any explicit design for it.

• We develop and apply an analytical framework for studying the learned slot dynamics directly - through
trajectory geometry, Jacobian spectra, and contraction measures - none of which have clean analogues
under the discrete formulation.

1Adjusted Rand Index - Foreground (ARI-FG) is a clustering-based pixel assignment metric commonly used to evaluate object-
centric representation learning models like Slot Attention.

2See Appendix A.
3Mean Intersection-over-Union (mIoU) is a standard metric used to evaluate segmentation performance by measuring overlap

between predicted and ground-truth masks.
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2 Background

2.1 Slot Attention
Slot Attention introduces a set of learnable representation vectors called slots that compete for explanatory
ownership of image features through iterative soft attention. Given a visual scene encoded by a CNN back-
bone as a set of spatial feature vectors 𝐹 = { 𝑓1, . . . , 𝑓𝑀 } ⊂ R𝐷enc , the mechanism maintains 𝑁 slot vectors
𝑠1, . . . , 𝑠𝑁 ∈ R𝐷slot and refines them over 𝑇 discrete iterations. At each iteration 𝑡, slots attend to encoded
features via scaled dot-product attention [34] as follows:

𝑞 (𝑡 )𝑖 = LayerNorm
(
𝑠 (𝑡 )𝑖

)
𝑊𝑄, 𝑘 𝑗 = 𝑓 𝑗𝑊𝐾 , 𝑣 𝑗 = 𝑓 𝑗𝑊𝑉 (1)

𝑎 (𝑡 )𝑖 𝑗 =
exp

( 〈𝑞 (𝑡 )𝑖 , 𝑘 𝑗 〉√
𝐷slot

)
∑𝑁
𝑖′=1 exp

( 〈𝑞 (𝑡 )
𝑖′ , 𝑘 𝑗 〉√
𝐷slot

) (2)

Note that the softmax in Equation 2 normalizes over slots (index 𝑖) instead of spatial positions (index 𝑗). This
normalization axis forces slots to compete with one another. Each feature position distributes its information
across slots in proportion to their queries, so a slot must “win” a region of the image to receive its features.
After renormalization over spatial positions, the weighted readout 𝑎̂ (𝑡 )𝑖 =

∑
𝑗 𝑎̄
(𝑡 )
𝑖 𝑗 𝑣 𝑗 is fed through a Gated

Recurrent Unit (GRU) [35] to update the slot’s state:

𝑠 (𝑡+1)
𝑖 = GRU(𝑎̂ (𝑡 )𝑖 , 𝑠 (𝑡 )𝑖 ) (3)

After 𝑇 iterations, the final slots 𝑠 (𝑇 )𝑖 are decoded independently through a spatial broadcast decoder [36].
Each slot produces a reconstruction and a mask. The masks compete via per-pixel softmax to form the final
composite image. The entire architecture is trained end-to-end with pixel-level mean squared error (MSE),
and importantly, no ground-truth segmentation labels are used. Slot Attention has been widely successful,
achieving strong unsupervised object decomposition on synthetic benchmarks and inspiring a family of ex-
tensions to video [25], language [37], and real-world scenes [38].

For reference, the architecture is concisely described as follows.
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Algorithm 1 Slot Attention [18]
Require: Image 𝑥 ∈ R3×𝐻×𝑊 , number of slots 𝑁 , number of iterations 𝑇
Ensure: Reconstruction 𝑥, slot masks 𝑀
1: 𝐹 ← Encoder(𝑥) ⊲ 𝐹 ∈ R𝑃×𝐷enc , 𝑃 = 𝐻 ×𝑊
2: 𝐾 ← 𝐹𝑊𝐾 , 𝑉 ← 𝐹𝑊𝑉 ⊲ Key and value projections
3: 𝑠 (0)𝑖 ∼ N(𝜇, 𝜎2) for 𝑖 = 1, . . . , 𝑁 ⊲ Sample initial slots
4: for 𝑡 = 0, . . . , 𝑇 − 1 do
5: 𝑄 (𝑡 ) ← LayerNorm(𝑆 (𝑡 ) )𝑊𝑄 ⊲ Query projection
6: 𝐴(𝑡 )𝑖 𝑗 ← Softmax𝑖

(
𝑞 (𝑡 )𝑖 · 𝑘 𝑗 /

√
𝐷
)

⊲ Softmax over slots (competition)
7: 𝐴̄(𝑡 )𝑖 𝑗 ← 𝐴(𝑡 )𝑖 𝑗

/ ∑𝑃
𝑗′=1 𝐴

(𝑡 )
𝑖 𝑗′ ⊲ Normalize over spatial positions

8: 𝑎̂ (𝑡 )𝑖 ←
∑𝑃
𝑗=1 𝐴̄

(𝑡 )
𝑖 𝑗 𝑣 𝑗 ⊲Weighted value aggregation

9: 𝑠 (𝑡+1)
𝑖 ← GRU

(
𝑎̂ (𝑡 )𝑖 , 𝑠 (𝑡 )𝑖

)
⊲ Recurrent slot update

10: 𝑠 (𝑡+1)
𝑖 ← 𝑠 (𝑡+1)

𝑖 +MLP
(
LayerNorm(𝑠 (𝑡+1)

𝑖 )
)

⊲ Residual MLP
11: end for
12: 𝑥𝑖 , 𝑚𝑖 ← Decoder(𝑠 (𝑇 )𝑖 ) for 𝑖 = 1, . . . , 𝑁 ⊲ Per-slot reconstruction + mask logit
13: 𝑀𝑖 ← Softmax(𝑚1, . . . , 𝑚𝑁 )𝑖 ⊲ Pixel-wise mask competition
14: 𝑥 ← ∑𝑁

𝑖=1 𝑀𝑖 � 𝑥𝑖 ⊲ Composite reconstruction

2.2 Neural Ordinary Differential Equations
A parallel line of work has shown that many discrete iterative architectures naturally admit a continuous-time
formulation. Observe that the residual update z(𝑡+1) = z(𝑡 ) + 𝑓𝜃 (z(𝑡 ) ) of a residual network [39] is an Euler
discretization of an ordinary differential equation (ODE) [33]:

𝑑z
𝑑𝑡

= 𝑓𝜃
(
z(𝑡), 𝑡

)
, z(𝑡1) = z(𝑡0) +

∫ 𝑡1

𝑡0

𝑓𝜃
(
z(𝜏), 𝜏

)
𝑑𝜏 (4)

The forward pass of a deep network can be viewed as integrating a dynamical system [40, 41]. When the
vector field 𝑓𝜃 does not depend explicitly on 𝑡, the system is considered autonomous:

𝑑z
𝑑𝑡

= 𝑓𝜃 (z) (5)

Autonomous systems provide a natural setting for analyzing dynamical systems. A fixed point z∗ satisfying
𝑓𝜃 (z∗) = 0 corresponds to an equilibrium where the state no longer evolves. The local behavior near z∗ is
characterized by the Jacobian 𝐽 = 𝜕 𝑓𝜃

𝜕z
��
z∗ . If every eigenvalue 𝜆 of 𝐽 satisfies Re(𝜆) < 0, the fixed point

is a stable attractor, and nearby trajectories converge to it exponentially at a rate governed by the spectral
gap. If some eigenvalues have a positive real part, the fixed point is unstable and perturbations grow. The
trace tr(𝐽) = ∑

𝑖 Re(𝜆𝑖) determines whether the flow is locally volume-contracting (tr(𝐽) < 0, the system is
dissipative) or locally volume-expanding (tr(𝐽) > 0).
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Beyond richer analysis, the ODE perspective offers practical benefits. Adaptive solvers like the Dormand-
Princemethod adjust their step size based on local error estimates. They take larger steps when the vector field
is smooth and smaller steps when it changes rapidly. This provides a principled mechanism for dynamically
allocating computation. Intuitively, regions of state space where dynamics are “easy” (e.g. slot states are
barely changing), the field can be integrated through quickly, while regions where dynamics are “hard” (e.g.
slots are actively competing), can be integrated through more carefully. This allows computation that can
adapt to scene complexity without any explicit design for it.

2.3 Neural Networks as Dynamical Systems
The idea that depth in a neural network can be understood as time in a dynamical system represents a shift
in how we think about what deep networks do. A standard feedforward network applies a sequence of trans-
formations z(ℓ+1) = 𝑔ℓ (z(ℓ ) ), and our analysis of its behavior is largely empirical. We can probe activations,
visualize features, or measure gradients. When we instead view the same computation as integration of a
continuous vector field, tools used to analyze dynamical systems become useful.

This perspective has been thoroughly developed for transformers. [42] first recognized that the residual con-
nections in transformer blocks can be interpreted as a Lie-Trotter splitting scheme, a classical numerical
method for operator splitting in differential equations. In this view, self-attention and the feed-forward net-
work (FFN) are not two arbitrary sequential operations but two parts of a vector field, each contributing a
term to the overall dynamics of the hidden state.

In time, [43, 44] developed a rigorous mathematical framework treating transformer layers as a particle sys-
tem. Each token is a particle and self-attention can be thought of as an interaction kernel between particles.
Under simplifying assumptions (shared weights across layers and identity KQVmatrices), they show that the
dynamics converge to clusters where tokens collapse toward shared representations at infinite depth. Their
analysis uses tools from optimal transport and mean-field theory, connecting the softmax attention kernel to
interaction energies studied in statistical mechanics.

Recently, [45] took this further by directly parameterizing transformer weights as functions of a continuous
layer index - a non-autonomous neural ODE where the vector field varies smoothly with depth. Their spec-
tral analysis of the attention mechanism reveals that trained models exhibit increasing eigenvalue magnitudes
over depth, contradicting the weight-sharing assumption in the theoretical analyses of [43]. They also lever-
age Lyapunov exponents to study token-level sensitivity - how much a perturbation to one input token affects
the output at another position. This connection between dynamical stability and model interpretability is
powerful - the Lyapunov exponent is a single number that quantifies whether a particular input-output rela-
tionship is stable or chaotic, something that attention maps alone cannot capture.

More practically, [46] apply a related dynamical systems view to Slot Attention itself, reformulating its it-
erative refinement as a fixed-point iteration rather than an unrolled computation graph. They observe that
the slot update in Equations 1–3 has the structure s(𝑡+1) = 𝐹𝜃 (s(𝑡 ) , x) for features x, and that well-trained
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Slot Attention models produce iterates with small forward residuals ‖𝐹𝜃 (s(𝑡 ) , x) − s(𝑡 ) ‖, consistent with
convergence to an approximate fixed point. They exploit this by training with implicit differentiation [21],
computing gradients through the fixed point directly via the implicit function theorem rather than backprop-
agating through unrolled iterations. Importantly, their analysis remains within the discrete-map framework
where slots evolve through a sequence of applications of 𝐹𝜃 . Our work formalizes this by treating slot refine-
ment as integration of a learned vector field rather than repeated application of an update rule.

What emerges from this body of work is a general research direction: reformulating a neural architecture
as a dynamical system does not require changing what the architecture computes, but changes what we can
say about how it computes. The discrete-to-continuous shift trades a sequence of opaque layer-wise transfor-
mations for a vector field whose properties - fixed points, stability, sensitivity, attractor structure, etc - are
grounded by well-developed mathematical theory.

This is the lens through which we approach Slot Attention. The iterative refinement in Equations 1–3 already
looks like a dynamical system - slots evolve, attention sharpens, and masks converge - but the discrete GRU-
based formulation hides the underlying dynamics. Several specific questions highlight this:

• Convergence. Do slots converge to a stable terminal configuration? If they do, how fast? The answer
determines whether additional iterations improve or degrade object decomposition.

• Stability. Is the linearization of the learned vector field at the reached state consistent with a stable
attractor, and does this hold consistently across scenes?

• Adaptive computation. Can we let learned dynamics determine how many refinement steps are
needed rather than fixing 𝑇? Some scenes are simple and some complex. The ODE framework pro-
vides this via adaptive solvers at no architectural cost.

None of these questions can be addressed as rigorously within the standard Slot Attention framework. The
GRU update is a discrete map with internal gates, not a continuous vector field. There is no well-defined
velocity or notion of integration time that can be continuously varied. Reformulating the dynamics as a neural
ODE is what makes these questions answerable.
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3 Methods
SlotODE follows the encoder-bottleneck-decoder structure of Slot Attention [18], replacing the discrete GRU-
based refinement loop with a continuous-time dynamical system. We denote images by 𝑥 ∈ R3×𝐻×𝑊 and
the encoded features by 𝐹 ∈ R𝑃×𝐷enc , where 𝑃 = 𝐻 ×𝑊 is the number of spatial positions and 𝐷enc is the
encoder feature dimension. The model maintains 𝑁 slot vectors of dimension 𝐷slot, collectively written as
𝑆 ∈ R𝑁×𝐷slot , with individual slots 𝑠𝑛 for 𝑛 = 1, . . . , 𝑁 . Keys and values derived from scene features are
𝐾,𝑉 ∈ R𝑃×𝐷slot , queries from slots are𝑄 ∈ R𝑁×𝐷slot , and attention weights are 𝐴 ∈ R𝑁×𝑃. The MLP hidden
dimension is 𝐷mlp. We use 𝜃 to denote all learnable parameters and 𝑡 for integration time.

3.1 Encoder
The encoder maps an input image 𝑥 to a set of feature vectors. A four-layer convolutional network with 5× 5
kernels and ReLU activations produces a feature map 𝐹̂ ∈ R𝐷enc×𝐻×𝑊 . We add a soft positional embedding
- at each spatial position (𝑖, 𝑗), we construct a vector of normalized distances to the image borders,

𝑝𝑖 𝑗 =
(
𝑗
𝑊 ,

𝑖
𝐻 , 1 − 𝑗

𝑊 , 1 − 𝑖
𝐻

)
, (6)

project it through a learned linear layer 𝑝𝑖 𝑗 ↦→ 𝑊pos 𝑝𝑖 𝑗 ∈ R𝐷enc , and add the result to the corresponding
feature column. The spatially-embedded features are then flattened to 𝐹 ∈ R𝑃×𝐷enc and passed through a
residual MLP with layer normalization followed by two linear layers and a ReLU nonlinearity:

𝐹 ← 𝐹 +𝑊1 ReLU(𝑊0 LayerNorm(𝐹)). (7)

This encoder is architecturally identical to the one used in standard Slot Attention, ensuring any differences
in decomposition behavior arise solely from slot dynamics.

3.2 Slot Initialization
We initialize 𝑁 slot vectors 𝑆0 = {𝑠10, . . . , 𝑠𝑁0 } by sampling from a learned Gaussian distribution,

𝑠𝑛0 ∼ N(𝜇𝜃 , diag(𝜎
2
𝜃 )), 𝑛 = 1, . . . , 𝑁, (8)

where 𝜇𝜃 ∈ R𝐷slot and log𝜎𝜃 ∈ R𝐷slot are learned parameters shared across all slots. This random initializa-
tion breaks permutation symmetry among slots and is helpful in preventing slot collapse.

3.3 Slot Dynamics as an Autonomous ODE
In standard Slot Attention, slots are updated through 𝑇 iterations of a recurrence:

𝑠𝑛𝑡+1 = GRU(𝑠𝑛𝑡 , 𝑢𝑛𝑡 ), (9)

where 𝑢𝑛𝑡 is a slot-specific aggregation of scene features 𝐹 via competitive attention. We replace this discrete
iteration with continuous dynamics governed by a neural ODE.
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3.3.1 Scene Representation

The encoded features 𝐹 are first projected into slot-dimensional space via a learned linear layer, then mapped
to keys and values:

𝐹̃ = 𝑊in LayerNorm(𝐹), 𝐾 = 𝑊𝐾 𝐹̃, 𝑉 = 𝑊𝑉 𝐹̃, (10)

where 𝑊in ∈ R𝐷slot×𝐷enc and 𝑊𝐾 ,𝑊𝑉 ∈ R𝐷slot×𝐷slot . Crucially, 𝐾 and 𝑉 are computed once and held fixed
throughout integration. The scene representation does not change - only the slots evolve. This is what makes
the system autonomous. The vector field depends on the current slot state and fixed constants, not external
time-varying input.

3.3.2 Vector Field

Given a slot state 𝑆 ∈ R𝑁×𝐷slot , we define the velocity ¤𝑆 = 𝑓𝜃 (𝑆) as follows.

Competitive attention. Queries are computed from the current slot state, and attention weights are nor-
malized to enforce competition among slots for each spatial feature:

𝑄 = LayerNorm(𝑆)𝑊𝑄, (11)

𝐴𝑛𝑝 =
exp( 𝑞𝑛 ·𝑘𝑝√

𝐷slot
)∑𝑁

𝑛′=1 exp( 𝑞𝑛′ ·𝑘𝑝√
𝐷slot
)
, (12)

where the softmax is taken over the slot axis (index 𝑛), not the feature axis. This slot-normalized softmax
forces slots to compete as each spatial feature is softly assigned to the slot whose query most closely matches
the feature’s key. The resulting attention weights are then normalized over features to form a proper weighted
average:

𝐴̂𝑛𝑝 =
𝐴𝑛𝑝∑𝑃

𝑝′=1 𝐴𝑛𝑝′
, 𝑢𝑛 =

𝑃∑
𝑝=1

𝐴̂𝑛𝑝 𝑣𝑝 . (13)

The vector 𝑢𝑛 ∈ R𝐷slot is the attention readout for slot 𝑛 - a weighted mixture of scene values according to
the slot’s current region of responsibility.

Attention gate. An element-wise gate modulates how the attention readout influences each slot dimension:

𝑔𝑛 = 𝜎
(
𝑊𝑔 [𝑠𝑛 ; 𝑢𝑛]

)
, (14)

where [· ; ·] denotes concatenation,𝑊𝑔 ∈ R𝐷slot×2𝐷slot , and 𝜎 is the sigmoid function. At initialization, with
random weights, the gate outputs are centered near 0.5, providing a balanced starting point. The gate allows
the system to selectively suppress or amplify the influence of attention on each slot, giving the dynamics
control over how information is incorporated.
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Feedforward term. An FFN provides a nonlinear transformation mediated by attention:

ℎ𝑛 = 𝑊1 ReLU
(
𝑊0 [LayerNorm(𝑠𝑛) ; 𝑢𝑛]

)
, (15)

with weight matrices𝑊0 ∈ R𝐷mlp×2𝐷slot and𝑊1 ∈ R𝐷slot×𝐷mlp .

Velocity. The vector field combines gated attention and the feedforward term:

𝑓𝜃 (𝑆)𝑛 = 𝑔𝑛 � 𝑢𝑛 + ℎ𝑛. (16)

3.3.3 Integration

The slot state evolves under the initial value problem
𝑑𝑆

𝑑𝑡
= 𝑓𝜃 (𝑆), 𝑆(0) = 𝑆0, (17)

integrated from 𝑡 = 0 to 𝑡 = 𝑇 . During training, we use the Euler method with a fixed step size Δ𝑡, where 𝑇
Δ𝑡

corresponds to the number of refinement iterations in standard Slot Attention (typically 𝑇 = 3 and implicitly
Δ𝑡 = 1). The final slot state 𝑆(𝑇) is passed to the decoder.

Note that the system is autonomous. 𝑓𝜃 has no explicit dependence on 𝑡, as the scene features are precom-
puted and the vector field’s parameters are shared across all integration steps. This autonomy is not just an
implementation detail - it enables the dynamical systems analysis presented in Section 5. An autonomous
ODE admits fixed points 𝑆∗ satisfying 𝑓𝜃 (𝑆∗) = 0, and the local stability of any such point is characterized
by the eigenvalues of the Jacobian 𝜕 𝑓𝜃

𝜕𝑆

��
𝑆∗ .

3.4 Decoder
The decoder reconstructs the image from the final slot representations using spatial broadcasting [36]. Each
slot 𝑠𝑛 is independently decoded into a per-slot image and mask logit. The slot vector is broadcast onto a
low-resolution spatial grid of size 8 × 8, augmented with soft positional embeddings, and upsampled to the
target resolution through three transposed convolutional layers (stride 2, 5 × 5 kernels, and a ReLU nonlin-
earity), followed by a stride 1 convolutional layer and linear output convolution. The output for each slot is
a four-channel tensor - three RGB channels 𝑥𝑛 ∈ R3×𝐻×𝑊 and one mask logit 𝑚𝑛 ∈ R𝐻×𝑊 .

Slot masks are obtained by applying softmax over slots at each pixel,

𝛼𝑛𝑖 𝑗 =
exp(𝑚𝑛𝑖 𝑗)∑𝑁
𝑛′=1 exp(𝑚𝑛′𝑖 𝑗 )

, (18)

enforcing that slots compete for pixel ownership. The final reconstruction is a mixture:

𝑥 =
𝑁∑
𝑛=1

𝛼𝑛 � 𝑥𝑛. (19)

Like the encoder, the decoder is architecturally identical to the one used in standard Slot Attention.
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3.5 Training Objective
The model is trained end-to-end to minimize pixel-wise MSE between the input image and reconstruction:

L =
1

3𝐻𝑊
‖𝑥 − 𝑥‖22. (20)

No auxiliary losses, slot-level supervision, or explicit regularization toward stable dynamics are applied.

For reference, the architecture is concisely described as follows.

Algorithm 2 SlotODE
Require: Image 𝑥 ∈ R3×𝐻×𝑊 , number of slots 𝑁 , integration time 𝑇 , step size Δ𝑡
Ensure: Reconstruction 𝑥, slot masks 𝑀
1: 𝐹 ← Encoder(𝑥) ⊲ 𝐹 ∈ R𝑀×𝐷enc , 𝑀 = 𝐻 ×𝑊
2: 𝐾 ← 𝐹𝑊𝐾 , 𝑉 ← 𝐹𝑊𝑉 ⊲ Precomputed once, fixed during integration
3: 𝑆(0) ∼ N (𝜇, 𝜎2) ⊲ 𝑆(0) ∈ R𝑁×𝐷

4: function 𝑓𝜃 (𝑆) ⊲ Autonomous vector field
5: 𝑄 ← LayerNorm(𝑆)𝑊𝑄 ⊲ Query projection
6: 𝐴𝑖 𝑗 ← Softmax𝑖

(
𝑞𝑖 · 𝑘 𝑗 /

√
𝐷
)

⊲ Softmax over slots (competition)
7: 𝐴̄𝑖 𝑗 ← 𝐴𝑖 𝑗

/ ∑
𝑗′ 𝐴𝑖 𝑗′ ⊲ Normalize over spatial positions

8: 𝑎̂𝑖 ←
∑
𝑗 𝐴̄𝑖 𝑗 𝑣 𝑗 ⊲Weighted value aggregation

9: 𝑔𝑖 ← 𝜎
(
[𝑠𝑖 , 𝑎̂𝑖]𝑊𝑔

)
⊲ Learned gate ∈ (0, 1)𝐷

10: ℎ𝑖 ← MLP
(
[LayerNorm(𝑠𝑖), 𝑎̂𝑖]

)
⊲ Residual MLP

11: return 𝑔 � 𝑎̂ + ℎ ⊲ Slot velocity 𝑑𝑆
𝑑𝑡

12: end function

13: 𝑆(𝑇) ← ODESolve
(
𝑓𝜃 , 𝑆(0), 𝑡0=0, 𝑡1=𝑇, Δ𝑡

)
⊲ Euler (train) or Euler/DoPri5 (test)

14: 𝑥𝑖 , 𝑚𝑖 ← Decoder(𝑠𝑖 (𝑇)) for 𝑖 = 1, . . . , 𝑁 ⊲ Per-slot reconstruction + mask logit
15: 𝑀𝑖 ← Softmax(𝑚1, . . . , 𝑚𝑁 )𝑖 ⊲ Pixel-wise mask competition
16: 𝑥 ← ∑𝑁

𝑖=1 𝑀𝑖 � 𝑥𝑖 ⊲ Composite reconstruction
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4 Empirical Results

4.1 Object Decomposition
We evaluate our model on CLEVR (with masks) [47] at 64×64 resolution. All models were trained for 500K
steps with batch size 64, the Adam optimizer [48] with a peak learning rate of 4 × 10−4, a linear warmup
over the first 10K steps, followed by exponential decay. All models use 𝑁 = 11 slots, a slot dimension of
𝐷slot = 64, and an encoder feature dimension of 𝐷enc = 64. Evaluation uses a held-out validation split of
5K images. We report two metrics - the foreground adjusted rand index (ARI-FG) for decomposition quality
and pixel-wise mean squared error (MSE) for reconstruction quality. For both metrics, SlotODE is directly
compared against Slot Attention trained with an otherwise identical encoder, decoder, optimizer, and seed.
The primary architectural difference is the refinement mechanism - GRU-based discrete iteration vs. ODE-
based continuous integration. We sweep a number of refinement iterations 𝑇 ∈ {3, 4, 5, 6} for both models.
For SlotODE, we also sweep Euler integration step size Δ𝑡 ∈ {1, 0.5}, where Δ𝑡 = 1 matches the implicit
step size of Slot Attention and Δ𝑡 = 0.5 corresponds to twice as many Euler steps over the same integration
time. The step size axis has no analogue in the discrete baseline.

Model Config ARI-FG MSE

Slot Attention 𝑇=3 0.9840 0.000528
Slot Attention 𝑇=4 0.9859 0.000551
Slot Attention 𝑇=5 0.9841 0.000588
Slot Attention 𝑇=6 0.9804 0.000712

SlotODE 𝑇=3, Δ𝑡=1 0.9832 0.000580
SlotODE 𝑇=4, Δ𝑡=1 0.9860 0.000575
SlotODE 𝑇=5, Δ𝑡=1 0.9864 0.000584
SlotODE 𝑇=6, Δ𝑡=1 0.9850 0.000613

SlotODE 𝑇=3, Δ𝑡=0.5 0.9859 0.000558
SlotODE 𝑇=4, Δ𝑡=0.5 0.9852 0.000662
SlotODE 𝑇=5, Δ𝑡=0.5 0.9828 0.000755
SlotODE 𝑇=6, Δ𝑡=0.5 0.9820 0.000703

Table 1. Object decomposition results on CLEVR across integration times and step sizes. ARI-FGmeasures
decomposition quality (higher is better) and MSE measures reconstruction quality (lower is better). Slot
Attention has 791,876 parameters and SlotODE has 783,236 parameters.

SlotODE matches Slot Attention across all shared configurations. At all 𝑇 , the two models achieve near-
identical ARI-FG and comparable MSE. Varying the step size from Δ𝑡 = 1 to Δ𝑡 = 0.5 at fixed 𝑇 yields
a small and consistent increase in MSE with essentially unchanged ARI-FG. These results show that the
continuous-time formulation preserves object decomposition performance relative to the discrete baseline at
comparable parameter counts, while exposing a new integration parameter (step size Δ𝑡).
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As a sanity check against the published baseline, [18] report 98.8± 0.3% ARI4 on CLEVR6 (scenes with up
to 6 objects) with 𝑇 = 3 and 𝑁 = 75 slots, averaged over 5 seeds. They do not publish a quantitative ARI
number for the full CLEVR dataset (CLEVR10, up to 10 objects per scene), which is the harder setting we
train on with 𝑁 = 11 slots. Our Slot Attention baseline reaches 0.9840 ARI-FG at 𝑇 = 3, very close to the
reported CLEVR6 range despite being evaluated on scenes with more objects.

Qualitative results on a held-out CLEVR scene with 7 objects are shown below. We visualize the input im-
age, its reconstruction, and per-slot mask assignments obtained by taking the argmax over slots at each pixel.
SlotODE produces clean object decompositions where each slot captures a single object and unused slots
remain empty. Of the 𝑁 = 11 slots available, Figure 1 shows exactly 7 bind to the 7 objects in the scene
while Figure 2 shows the remaining 4 collapse to a shared inactive mode.

4Their reported ARI already excludes background pixels and is therefore directly comparable to ARI-FG as used here.
5Their paper uses 𝐾 to denote the number of slots but we use 𝑁 here for consistency with our writing.
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Figure 1. Qualitative object decomposition on a held-out CLEVR scene with 7 objects. We use the best
SlotODE configuration based on ARI-FG (𝑇 = 5, Δ𝑡 = 1). The top 7 slots with the highest activations are
picked and visualized. Note that there is exactly one unique slot per object in the image.
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Figure 2. The 4 unused slots omitted from Figure 1.

Because SlotODE refines slots by integrating a continuous vector field rather than applying a fixed number
of discrete updates, we can also view the decomposition forming over integration time. Figure 3 shows the
decoder mask of each used slot from the same scene, decoded at seven approximately evenly-spaced points
𝑡 ∈ {0.0, 0.8, 1.6, 2.5, 3.3, 4.1, 5.0} along the trajectory with Δ𝑡 = 0.1. At 𝑡 = 0, all slots produce diffuse,
image-wide masks - the slot states are random samples from the learned prior and have not yet bound to any
region. By 𝑡 ≈ 1 each used slot has localized to a coarse spatial region, and by 𝑡 = 3 the masks largely
correspond to individual objects. Further integration progressively sharpens boundaries with the masks at
𝑡 = 5 matching those in Figure 1. The bottom row shows one of the four inactive slots which collapses to a
uniform low-mass mask. The colored borders match Figure 1.
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Figure 3. Decoder mask evolution along the SlotODE trajectory (evenly-spaced integration times from 𝑡 = 0
to 𝑡 = 5 withΔ𝑡 = 0.1) for the 7-object scene from Figure 1. Masks evolve from diffuse, image-wide attention
at 𝑡 = 0 to per-object localized masks by 𝑡 ≈ 3, then continue to sharpen until 𝑡 = 5.
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Together, these results establish that SlotODE reproduces Slot Attention’s object decomposition at matched
parameter counts across the swept integration times, and that the continuous-time reformulation preserves
performance. Notably, SlotODE achieves this with a simpler, memoryless sigmoid gate in place of the GRU
update (Section 3.3). This suggests that the hidden gating dynamics of the GRU are not load-bearing for
object decomposition once refinement is cast as integration of a learned vector field, though the gate and
continuous-time reformulation are swapped jointly here and a controlled isolation of the two is left to future
work. Training convergence under an otherwise identical optimization setup is indistinguishable between the
two models (see Appendix B, Figure 11).

4.2 Object Segmentation
The slot masks 𝐴 ∈ R𝑁×𝑃 produced by Slot Attention and SlotODE assign each pixel a probability distri-
bution over slots, and taking the argmax across them yields a hard segmentation. This naive segmentation
is poor as pixels where no slot is clearly responsible - backgrounds, object boundaries, or empty regions -
are still assigned to whichever slot has the marginally highest probability, producing fragmented and noisy
masks even when the underlying object decomposition is correct.

A simple thresholding procedure recovers clean segmentations. Each pixel 𝑝 is assigned to its argmax slot
only if the maximum slot probability exceeds a confidence threshold 𝜏 ∈ [0, 1]:

𝑠(𝑝) =
{

arg max𝑛 𝐴𝑛𝑝 if max𝑛 𝐴𝑛𝑝 ≥ 𝜏,
unassigned otherwise.

(21)

The threshold introduces a “none of the above” class that absorbs background and low-confidence pixels,
leaving only confidently-explained object regions in the segmentation.

The same procedure applies to any model that produces per-pixel slot probabilities, so we can directly com-
pare Slot Attention and SlotODE under matched conditions. For each model we sweep 𝜏 ∈ [0, 0.95] at
increments of 0.025 on 5,000 held-out CLEVR validation images, computing mean intersection-over-union
(mIoU) against ground-truth masks - selecting the 𝜏★ that maximizes mIoU. We report results for Slot Atten-
tion (𝑇 = 5) and the two SlotODE variants at the same 𝑇 (Δ𝑡 = 1 and Δ𝑡 = 0.5).

Table 2 reports mIoU at 𝜏 = 0 (argmax) and per-model 𝜏★. Argmax assignment is poor for all three models,
with mIoU between 0.16 and 0.20 - confirming that slot competition without thresholding does not produce
a clean segmentation on its own. After thresholding, all three models cross 0.80 mIoU, but SlotODE outper-
forms the discrete baseline by a clear margin at 0.861 (Δ𝑡 = 1) versus 0.801 at the same 𝑇 , an improvement
of +6.0 mIoU. SlotODE also reaches its optimum at a lower threshold (𝜏★ = 0.550 vs. 0.625), indicating
that a smaller fraction of the image needs to be excluded to recover a clean segmentation.
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Model Config mIoU (𝜏 = 0) mIoU (best) 𝜏★

Slot Attention 𝑇 = 5 0.198 0.801 0.625
SlotODE 𝑇 = 5, Δ𝑡 = 1 0.187 0.861 0.550
SlotODE 𝑇 = 5, Δ𝑡 = 0.5 0.164 0.855 0.575

Table 2. Unsupervised segmentation on CLEVR via thresholded slot masks. Each model is swept indepen-
dently over 𝜏. We report mIoU at 𝜏 = 0 (argmax) and per-model optimum 𝜏★. SlotODE outperforms Slot
Attention at matched 𝑇 = 5 by +6.0 mIoU and reaches its optimum at a lower threshold.

Figure 4. Unsupervised segmentation on CLEVR scenes with 3, 5, and 8 objects. Columns (from left
to right) are the input image, ground-truth masks, and thresholded segmentations at each model’s 𝜏★ (Slot
Attention 𝑇 = 5, SlotODE 𝑇 = 5, Δ𝑡 = 1, and SlotODE 𝑇 = 5, Δ𝑡 = 0.5).

The thresholding procedure uses a single scalar hyperparameter with no supervision or retraining. We believe
continuous-time refinement produces sharper attention masks where each pixel is more confidently bound to
a single slot leading to the performance gap between Slot Attention and SlotODE.
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4.3 Adaptive Computation
In Slot Attention, the number of refinement steps 𝑇 is a fixed architectural choice baked into training. Each
scene receives the same compute regardless of how many objects it contains or how difficult the decompo-
sition is - a five and ten-object scene both pay 𝑇 GRU updates. The continuous-time reformulation removes
this constraint. At inference, we no longer have to use the same fixed-step Euler solver used for training.
Adaptive solvers that vary their step size based on local error estimates are now an option.

A precondition for adaptive integration is that the vector field must carry useful information along the entire
trajectory, not just at 𝑡 values seen during training. We probe this directly - starting from the trained SlotODE
(𝑇 = 5, Δ𝑡 = 1) and integrating the learned vector field with a finer step size Δ𝑡 𝑓 = 0.1 - evaluating the
decomposition quality (ARI-FG) at intermediate times. Figure 5 shows the result on 200 held-out CLEVR
scenes. ARI-FG rises monotonically from 𝑡 = 0 to 𝑡 = 5, with no collapse or plateaus in between. Each
probed sub-step of the learned vector field continues to improve decomposition, even though training only
ever saw points at 𝑇

Δ𝑡 intervals. The dynamics are smooth enough to allow intermediate, partially-resolved
decompositions - which is exactly what an adaptive solver needs.

Figure 5. Decomposition quality along the SlotODE trajectory. We integrate the trained 𝑇 = 5, Δ𝑡 = 1
model with a finer step size Δ𝑡 𝑓 = 0.1 and decode the slot state at every sub-step, evaluating ARI-FG against
ground-truth masks. The red line is the mean across 200 held-out CLEVR scenes at all 51 fine timepoints
and the shaded violins show per-scene distribution at each integer training step 𝑡 ∈ {0, 1, . . . , 5}. The mean
rises monotonically from 𝑡 = 0 to 𝑡 = 5, the per-scene distributions shift upward and tighten, and there is
smooth interpolation between integer 𝑡 values where training was not explicit.

We swap the fixed-step Euler solver used during training with the Dormand-Prince fifth-order method (Do-
pri5) at inference. We use the PID step size controller (see Diffrax [49] documentation) at relative tolerance
10−3 and absolute tolerance 10−4. The solver runs from 𝑡 = 0 to 𝑡 = 𝑇train with no fine-tuning or other
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changes. We record the number of integration steps per scene on 500 held-out CLEVR validation images
grouped by object count.

Figure 6 shows the result for the four Δ𝑡 = 1 models. In every configuration, the mean number of solver steps
increases monotonically with scene object count - from approximately 8 steps on three-object scenes (𝑇 = 3)
up to around 21 steps on ten-object scenes (𝑇 = 6). The same trend holds across all four 𝑇 values. No part
of the model was trained to produce this behavior. The total number of function evaluations is six times the
step count, since Dopri5 has six effective stages.

Figure 6. Adaptive compute and decomposition quality across SlotODE models (Δ𝑡 = 1). Mean Dopri5
integration steps vs. # objects per scene on left. Compute cost grows with scene complexity for every
𝑇 . Per-model ARI-FG from fixed-step Euler training vs. Dopri5 adaptive integration at inference on right.
Decomposition quality is mostly preserved.

Table 3 displays the full sweep, including Δ𝑡 = 0.5 models. The same trend across object counts appears
in every row. Note that longer training horizons 𝑇 generally cost more steps at inference, which is expected
for a longer integration interval over the same vector field. Models trained at Δ𝑡 = 0.5 require substantially
more adaptive steps than their Δ𝑡 = 1 counterparts at matched 𝑇 , with ratios ranging from roughly 1.7x to
3.3x. Euler at step Δ𝑡 is stable only when the Jacobian eigenvalues of the vector field satisfy |𝜆 | < 2

Δ𝑡 , so
training at a smaller Δ𝑡 permits the model to fit a stiffer field. Adaptive solvers at fixed tolerance pay for that
stiffness in additional steps.
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# objects in scene

Config 3 4 5 6 7 8 9 10

𝑇 = 3, Δ𝑡 = 1 7.90 8.80 9.55 9.85 11.14 11.48 12.31 12.35
𝑇 = 3, Δ𝑡 = 0.5 13.61 14.75 15.51 16.71 18.20 19.76 20.00 20.73
𝑇 = 4, Δ𝑡 = 1 9.37 9.69 10.64 10.97 11.66 12.37 12.57 13.35
𝑇 = 4, Δ𝑡 = 0.5 18.95 20.66 22.13 21.94 23.06 23.62 23.48 24.80
𝑇 = 5, Δ𝑡 = 1 10.66 11.44 11.80 12.42 12.70 13.95 14.40 15.04
𝑇 = 5, Δ𝑡 = 0.5 36.71 39.92 41.42 42.39 43.27 44.86 45.43 44.73
𝑇 = 6, Δ𝑡 = 1 14.19 15.20 15.74 17.27 18.99 20.02 20.31 21.16
𝑇 = 6, Δ𝑡 = 0.5 35.26 36.97 39.42 37.97 40.38 40.43 40.08 39.00

Table 3. Mean Dopri5 integration steps per scene, grouped by object count, across all eight SlotODE con-
figurations. Tolerances rtol = 10−3 and atol = 10−4, integrated from 𝑡 = 0 to 𝑡 = 𝑇train. The number of
function evaluations (NFEs) per scene equals six times the step count. Across every row, mean steps grow
with object count.

The discrete Slot Attention baseline cannot produce any analogue of Table 3. Its computation is a fixed se-
quence of 𝑇 GRU updates with no notion of step size and no mechanism for allocating compute based on
input. Adaptive computation is a property SlotODE provides directly that emerges without any changes to
the training objective. The model learns a vector field that happens to be smoother on simple scenes and
stiffer on complex ones, and an adaptive solver picks up the difference at inference. Do note that the number
of objects in a scene is not the only measure of scene complexity. Accounting for scene properties like object
sizes and occlusion is left to future work.

Lastly, note that we do not extensively sweep tolerances to minimize NFEs or develop a method to do so.
Our goal is to show that SlotODE learns a vector field that encodes a representation expressive enough to
automatically account for scene complexity. Further, Dopri5 is just one of many adaptive solvers. Optimizing
for efficient adaptive computation is a separate engineering problem on its own.
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5 Theoretical Analysis
The continuous-time formulation introduced in Section 3.3 affords a small but useful set of tools borrowed
from the analysis of nonlinear dynamical systems. We treat these tools as descriptive vocabulary for an
empirical analysis rather than as theorems with exact proofs. Before applying them to trained SlotODE
models, we briefly setup relevant ideas.

5.1 Framework
Throughout this section we treat the learned slot dynamics

𝑑𝑆

𝑑𝑡
= 𝑓𝜃 (𝑆), 𝑆 ∈ R𝑁×𝐷slot , (22)

as an autonomous ordinary differential equation. The vector field 𝑓𝜃 depends only on the slot state 𝑆 as
the scene features (𝐾,𝑉) are precomputed from the input image and held constant throughout integration.
Unlike a non-autonomous system, an autonomous ODE admits a notion of fixed points - configurations of
the state where dynamics stop moving. Formally, 𝑆★ ∈ R𝑁×𝐷slot is a fixed point if

𝑓𝜃 (𝑆★) = 0. (23)

At a fixed point the slot trajectory 𝑆(𝑡) is stationary - if the system arrives at 𝑆★ it stays there. The empirical
question in the rest of this section is whether the integrator terminates in a region whose linearization is
locally attractor-like, and what the geometry of that region looks like.

State-space Jacobian. Local behavior near a fixed point is characterized by the linearization of 𝑓𝜃 at 𝑆★.
The state-space Jacobian is an (𝑁 × 𝐷slot) × (𝑁 × 𝐷slot) matrix

𝐽 (𝑆★) = 𝜕 𝑓𝜃
𝜕𝑆

����
𝑆=𝑆★

. (24)

Asymptotic stability. The eigenvalue spectrum of 𝐽 (𝑆★) determines whether nearby trajectories are at-
tracted to or repelled from 𝑆★. By the Hartman-Grobman theorem and Lyapunov’s indirect method [50], if
every eigenvalue 𝜆𝑖 of 𝐽 (𝑆★) satisfies Re(𝜆𝑖) < 0, then 𝑆★ is locally asymptotically stable - there exists a
neighborhood of 𝑆★ in which trajectories converge to 𝑆★ exponentially in 𝑡. If any eigenvalue has a positive
real part, 𝑆★ is unstable. Eigenvalues on the imaginary axis correspond to neutral or marginal directions and
require higher-order analysis. We do not prove stability. We measure 𝐽 (𝑠𝑡 ) along sampled trajectories and
report the eigenvalue distribution. Under the standard linearization implication, Re(𝜆) < 0 at the terminal
state is consistent with local contraction toward the reached state. Whether this holds globally, or uniformly
across the data distribution, is an empirical observation, not a theorem.
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Log-norm and contraction. Asymptotic stability is a long-time statement - trajectories eventually con-
verge, but they may transiently expand before contracting. A stronger, instantaneous notion is contraction.
The logarithmic norm of 𝐽 is

𝜇(𝐽) = 𝜆max

(
1
2 (𝐽 + 𝐽

>)
)
, (25)

the largest eigenvalue of the symmetric part of 𝐽. If 𝜇(𝐽 (𝑆)) ≤ −𝛼 < 0 in a region, then any two trajectories
in that region satisfy ‖𝑆1(𝑡) − 𝑆2(𝑡)‖ ≤ 𝑒−𝛼𝑡 ‖𝑆1(0) − 𝑆2(0)‖ - distances between trajectories shrink mono-
tonically [51]. Note that Re(𝜆𝑖) < 0 for all 𝑖 does not imply 𝜇(𝐽) < 0. The gap between the two reflects
how non-normal 𝐽 is, i.e., how far 𝐽 is from commuting with 𝐽>. A non-normal Jacobian permits transient
growth even when the eigenvalue spectrum is fully stable, and we see this distinction in the trained model.

Why does this matter for SlotODE? Each scene defines its own autonomous dynamics through its pre-
computed𝐾 and𝑉 . Fixed points, Jacobians, and log-norms are therefore properties of the model as evaluated
on a particular input. The discrete Slot Attention update rule does not allow any of these analyses in their
continuous-time form. It has no explicit vector field and Jacobian, no log-norm in the contraction sense, and
no notion of basin of attraction under integration. The reframing of refinement as integration of a learned
vector field is what makes the rest of this section possible.

Studying the state of a trained network through fixed points and their Jacobians has a long history in compu-
tational neuroscience and recurrent network analysis [52], with recent extensions to deep equilibriummodels
[21], object-centric iterative refinement [46], and very recently, general autoencoders [53]. SlotODE is clos-
est in spirit to [46], but defines refinement as the continuous integration of an autonomous learned vector
field rather than a discrete iteration.

5.2 Trajectory geometry
The framework of Section 5.1 treats slot refinement as integration of an autonomous vector field. Before
looking at the linearization 𝐽 (𝑠𝑡 ), we visualize the trajectory 𝑆(𝑡) itself in slot space. Each scene defines
its own trajectory in R𝑁×𝐷slot with 𝑁 = 11 slots whose individual states 𝑠𝑛 (𝑡) ∈ R64 evolve from a shared
sampled initial distribution to a scene-specific final configuration. To project this 704-dimensional trajectory
into a comprehensible space, we run principal component analysis on the stacked slot states {𝑠𝑛 (𝑡)}𝑛,𝑡 for a
single representative scene and plot the per-slot trajectories using the top-3 principal components. This is a
per-scene, per-trajectory PCA - the axes have no meaning across scenes.

Figure 7 shows the result. We separate slots by usage at 𝑡 = 𝑇 where a slot is used on this scene if its decoded
mask attains a peak above the per-image mean and unused otherwise. All 𝑁 slots begin in a tight cluster - the
i.i.d. initialization places them near a single point in the PCA frame. The 𝐾 used slots (here 𝐾 = 7, matching
the scene’s object count) diverge along distinct trajectories to spatially separated terminal points where each
used slot is bound to exactly one object and arrives at an object-specific location in slot space. Lastly, the
𝑁 − 𝐾 = 4 unused slots diverge to inactive endpoints.
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Figure 7. Per-slot trajectories of a representative validation scene (𝐾 = 7 objects) projected into the top-3
PCA components of per-scene slot states. Colored curves are the 𝐾 used slots, gray curves are the 𝑁 − 𝐾
unused slots. Circles mark 𝑡 = 0 and stars mark 𝑡 = 𝑇 . All slots begin in a shared cluster. Used slots fan out
to object-specific endpoints while unused slots diverge to inactive endpoints.

5.3 Spectrum and contraction
We now move from looking at the trajectory itself to its local linearization. At each saved state 𝑠𝑡 along the
integrated trajectory, we compute the state-space Jacobian 𝐽 (𝑠𝑡 ) = 𝜕 𝑓𝜃

𝜕𝑆 ∈ R(𝑁×𝐷slot )×(𝑁×𝐷slot ) holding the
precomputed 𝐾 and 𝑉 fixed. With 𝑁 = 11 and 𝐷slot = 64, 𝐽 (𝑠𝑡 ) is a real 704 × 704 matrix and admits up
to 704 complex eigenvalues. We integrate at a finer step size Δ𝑡 = 0.5 on the SlotODE checkpoint trained
at 𝑇 = 5, Δ𝑡 = 1, and save every step. We summarize 𝐽 (𝑠𝑡 ) along the trajectory through three views - the
spectrum on a representative scene, the trace tr (𝐽) = ∑

𝑖 Re(𝜆𝑖), and the logarithmic norm 𝜇(𝐽).
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Figure 8 shows the distribution of Re(𝜆) across the saved time steps for the representative scene as a stack
of kernel densities, 𝑡 = 0 at the top and 𝑡 = 𝑇 at the bottom. The spectrum both narrows and shifts. At 𝑡 = 0,
the real-part distribution is broad and by 𝑡 = 𝑇 it tightens into a sharper peak just left of zero, with 98.3% of
eigenvalues in the open left half-plane and the largest real part reduced to ≈ 0.45. The trajectory terminates
in a region whose linearization is consistent with local contraction toward the reached state. We cannot say
for sure that 𝑠𝑇 is a fixed point of 𝑓𝜃 since we have not solved 𝑓𝜃 (𝑆★) = 0. But - we can say that wherever
the integrator stopped - the local geometry is overwhelmingly stable in the eigenvalue sense.

Figure 8. Distribution of Re(𝜆) for the eigenvalues of 𝐽 (𝑠𝑡 ) along the integration trajectory on the represen-
tative validation scene. Each ridge is a kernel density over the 704 eigenvalues at one saved time 𝑡, 𝑡 = 0 at
the top, and 𝑡 = 𝑇 at the bottom. The spectrum both narrows and shifts into the left half-plane as 𝑡 increases.

Figure 9 aggregates the spectral picture into two scalar functions of 𝐽 (𝑠𝑡 ) - plotted as median and interquartile
range over 50 randomly drawn validation scenes. The trace tr (𝐽 (𝑠𝑡 )) =

∑
𝑖 Re(𝜆𝑖) is the rate at which an in-

finitesimal volume around 𝑠𝑡 shrinks (a negative trace indicates a dissipative flow). The log-norm 𝜇(𝐽 (𝑠𝑡 )) =
𝜆max

(
1
2 (𝐽 + 𝐽>)

)
is the worst-case instantaneous expansion rate in ℓ2. By construction 𝜇(𝐽) ≥ max𝑖 Re(𝜆𝑖)

for every 𝐽 and equality holds when 𝐽 is normal (the gap measures non-normality).
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Figure 9. Scalar Jacobian summaries along the trajectory (median and interquartile range) over 50 validation
scenes. On the left is trace tr (𝐽 (𝑠𝑡 )), persistently negative and minimized in the early phase. On the right is
log-norm 𝜇(𝐽 (𝑠𝑡 )), decaying from ≈ 19 at 𝑡 = 0 to ≈ 0.7 at 𝑡 = 𝑇 .

The curves reveal a two-phase trajectory:

• Early phase (𝑡 ≲ 1). The trace deepens from tr (𝐽) ≈ −476 at 𝑡 = 0 to a minimum of ≈ −639 near
𝑡 = 1 indicating most slot-space modes contract aggressively. At the same time - log-norm starts
large (𝜇(𝐽) ≈ 19) which means the symmetric part of 𝐽 has a strongly expansive direction. The
combination of heavy contraction with a few sharply expansive non-normal directions is exactly the
geometry needed to break i.i.d. slot initialization. Small differences between slot states are amplified
along unstable directions.

• Late phase (𝑡 ≳ 3). Both summaries relax toward zero. The trace lifts back to ≈ −349 at 𝑡 = 𝑇 which
is still negative, but no longer minimized. The log-norm 𝜇(𝐽) collapses to ≈ 0.7. The non-normal
expansion that drove early symmetry breaking dissipates and the linearization at the reached state is
mainly mild contraction.

The terminal state spectrum is tightly distributed across scenes. Over 50 randomly drawn validation scenes
the fraction of eigenvalues with Re(𝜆) < 0 at 𝑡 = 𝑇 has mean 0.9903 and lies in [0.983, 0.996] on every
scene. Therefore, the picture of a near-fully-stable terminal spectrum is not a property of any one scene, but
of a trained SlotODE model. The log-norm tells a complementary story - 𝜇(𝐽 (𝑠𝑇 )) > 0 on every one of the
50 scenes - not a single scene reaches strict ℓ2 contraction 𝜇(𝐽) < 0. The terminal-state geometry across a
trained SlotODE model is consistently eigenvalue-stable but not log-norm-contractive. Essentially, a trained
SlotODE model is eventually stable but not instantaneously stable. Every scene converges in the long run,
but the path there leaves room for small perturbations to transiently grow. Again, the model was not trained
with any explicit regularization for stability or contraction - the two-phase trajectory and near-uniformly sta-
ble terminal spectrum emerge from the reconstruction objective alone.
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6 Future Work
The reformulation of slot refinement as an autonomous neural ODE opens several natural directions. We
discuss five here, ordered roughly by how directly they extend our current work.

Stochastic slot dynamics for real-world scenes. A core limitation of the current work is that SlotODE, like
Slot Attention, has been evaluated exclusively on synthetic scenes where objects are well-separated, textures
are uniform, and the encoder features cleanly reflect object boundaries. Real-world scenes violate all three
assumptions. A natural first step toward real-world scenes is to swap the CNN encoder for a pretrained vision
foundation model such as DINO, following [38], who demonstrated that strong encoder features alone - with-
out any changes to slot dynamics - are sufficient to close much of the gap between synthetic and real-world
object decomposition. If DINO features suffice, the dynamics are not the bottleneck. The more interesting
question is whether SlotODE’s continuous-time refinement provides additional benefit on top of strong en-
coder features, or whether the performance gap observed on CLEVR-derived benchmarks collapses once the
encoder is no longer the limiting factor.

We think the answer depends on scene complexity. On moderately complex real scenes, a strong encoder
may dominate and the dynamics matter little. On scenes with heavy occlusion, ambiguous boundaries, or
many objects, we expect the deterministic vector field 𝑓𝜃 to develop spurious stable attractors - fixed points
𝑆∗ satisfying 𝑓𝜃 (𝑆∗) = 0 whose basins of attraction correspond to degenerate decompositions (slot collapse,
background dominance, or ambiguous boundary assignment) rather than valid object segmentations. The dy-
namical systems tools developed earlier can provide a direct path to characterizing this failure mode where
Jacobian spectra near spurious attractors should differ from spectra near valid decompositions, and a per-
turbation analysis (a natural extension of the tools developed here, left to future work) would reveal high
sensitivity to initialization in scenes where decomposition fails. Establishing a mechanistic picture where
failure on hard scenes is a dynamical property of the learned vector field and not just a representational lim-
itation of the encoder would motivate principled fixes. We propose extending SlotODE to use a stochastic
differential equation by adding a state-dependent diffusion term to slot dynamics:

𝑑𝑆 = 𝑓𝜃 (𝑆) 𝑑𝑡 + 𝜎(𝑆, 𝑡) 𝑑𝑊𝑡 (26)

where 𝑊𝑡 is a standard Wiener process and 𝜎(𝑆, 𝑡) ∈ R𝑁×𝐷slot is a learned or annealed noise schedule.
This is a natural extension of the autonomous ODE formulation where the drift term is unchanged, and the
existing vector field training carries over. The diffusion term plays a specific role as high noise early in
integration encourages exploration of the slot assignment landscape and prevents premature convergence
to spurious attractors, while noise annealed toward zero as 𝑡 → 𝑇 allows the system to settle into a sharp,
stable decomposition. The proposed direction is to first establish whether continuous-time dynamics provide
measurable benefit over Slot Attention when both are paired with DINO features - then, in scenes where
deterministic SlotODE still fails, characterize the failure dynamically using the analytical tools developed
here - and finally, introduce stochastic dynamics as a principled fix.
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Energy-constrained dynamics. A natural architectural followup is to parameterize the vector field as a
gradient flow 𝑓𝜃 = −∇𝐸𝜃 on a learned scalar energy 𝐸𝜃 : R𝑁×𝐷slot → R. This imposes contraction by con-
struction, gives a Lyapunov function for free, and recovers the modern Hopfield analysis of softmax attention
as a special case [54]. The obvious empirical question would ask if the additional structural constraint costs
decomposition quality on standard benchmarks. More interestingly, we could explore whether basins of 𝐸𝜃
correspond to valid scene decompositions where relabeling slots gives the same decomposition at the same
energy. Any other minima would be failure modes worth studying.

Video and temporal scenes. Slot Attention has a natural video extension in SAVi [25], which carries slots
forward across frames by re-running the discrete refinement at each step. SlotODE replaces this re-refinement
with continuous-time integration of a single shared vector field, so a video extension would integrate 𝑓𝜃
across frames rather than restart at each frame. This makes precise the question of what slots do between
frames, which has no analogue in the discrete formulation. Adaptive solvers should also pay off more here
as per-frame integration cost can scale with how much the scene is changing.

A scene-conditional vector field via hypernetworks. In our model, the projections 𝑊𝐾 , 𝑊𝑄, and 𝑊𝑉
are global learned matrices. This means, different scenes share the same query, key, and value transfor-
mations - only differing through encoded features 𝐾 and 𝑉 . A natural extension is to generate these pro-
jections per-scene via a hypernetwork [55] conditioned on a scene-level summary of the encoded features,
{𝑊𝐾 ,𝑊𝑄,𝑊𝑉 } = ℎ𝜙 (𝐹). This makes the vector field 𝑓𝜃 genuinely scene-specific in its functional form
rather than only in its inputs - the geometry of the competition itself can adapt to scene complexity. The
cost is additional parameters and a generalization risk if ℎ𝜙 overfits per-scene. The open question is whether
scene-conditional projections produce qualitatively different basin structure or are just a more expressive
reparameterization of the same dynamics.

Adjoint-method training. Our training pipeline backpropagates through unrolled Euler steps, which costs
O( 𝑇Δ𝑡 ) memory in slot state and activations. The adjoint method from [33] computes the same gradients by
integrating a separate ODE backwards in time that is O(1) in memory at the cost of one additional forward
pass. The savings are modest at the 𝑇 = 5, Δ𝑡 = 1 scale studied here but become significant for the video
extension above (where integration time is multiplied by the number of frames) and for higher-resolution
scenes (where slot state and decoder activations dominate memory). Implementing adjoint training cleanly
with the existing pipeline is an interesting engineering exercise rather than a research question, but still an
important prerequisite for scaling the continuous-time formulation to cases where the unrolled computation
graph does not fit in memory.

27



A Dataset
All experiments use a 64 × 64 variant of the CLEVR-with-masks dataset from Google DeepMind’s Multi-
Object Datasets release of CLEVR [56]. The original dataset provides 240×320 rendered scenes containing
3 to 10 objects of varying shape (cube, sphere, and cylinder), color (8 different ones), and materials (metal
and rubber), along with per-object segmentation masks and visibility flags.

Preprocessing. We download the raw TFRecords and resize to 64×64. Images are bilinearly downsampled,
masks are downsampled by nearest-neighbor interpolation to preserve binary boundaries. We retain all 11
mask channels per scene (one per object slot in the original rendering padded with empty masks for scenes
that have fewer objects), along with the corresponding visibility vector. Images (PNGs) are normalized to
[−1, 1] at load time via 𝑥 ← 𝑥

127.5−1 . Masks and visibility vectors are stored as NumPy arrays.

Train and validation splits. The downsampled dataset contains 95,000 training and 5,000 validation im-
ages, matching the original CLEVR-with-masks split. We do not use a held-out test set as the original release
does not provide one. We train using the training split and report all numbers on the validation split.

Scene and object feature distributions. Each scene contains between 3 and 10 visible objects, with a
roughly uniform distribution over object counts. The distribution of object color and shape is also roughly
uniform across all scenes. The visibility vector is a length-11 binary indicator that marks which of the 11
mask channels actually contains an object - the first slot is always background and the remaining ten are 1
for slots holding a rendered object and 0 for unused padding slots.

Figure 10. Distributions of scene and object features over the entire CLEVR-with-masks dataset. The num-
ber of visible objects per scene (left), per-object color with bars colored to match (center), and per-object
shape (right). All three are approximately uniform across their respective categories - so, per-object count,
per-color, and per-shape metrics are not biased by class imbalance.
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B Training Setup
Architecture. All SlotODE runs use 𝑁 = 11 slots (matching the maximum object count plus one back-
ground slot), slot dimension 𝐷slot = 64, and encoder hidden dimension 𝐷enc = 64. Encoder, decoder, and
slot initialization parameters follow the standard Slot Attention configuration of [18], with the GRU-based
slot update replaced by the autonomous neural ODE described in Section 3.3. The discrete Slot Attention
baseline uses 𝑇 = 3 refinement iterations, matching [18]. SlotODE variants are trained at 𝑇 ∈ {3, 4, 5, 6}
with Euler step sizes Δ𝑡 ∈ {0.5, 1}, giving an effective number of training-time refinement steps 𝑇

Δ𝑡 ranging
from 3 to 12 across configurations.

Loss. The training objective is pixel-wiseMSE between the input image and per-slotmixture reconstruction.
No auxiliary losses, slot-level supervision, or stability regularization are applied. The objective is identical
across SlotODE variants and the Slot Attention baseline.

Optimization. We train with Adam [48] at 𝛽1 = 0.9, 𝛽2 = 0.95, and global-norm gradient clipping at 1.0.
The lower 𝛽2 (vs. the typical 0.999) follows [18] and shortens the second-moment averaging window to track
the rapidly-shifting gradient scale produced by competing slots early in training. Clipping is applied to raw
gradients before the Adam update. The learning rate follows a linear warmup from 0 to a peak of 4 × 10−4

over 10,000 steps, then exponential decay with rate 0.5 over 100,000-step intervals. We use a batch size of
64 and train for 500,000 total steps, checkpointing every 10,000 and validating every 5,000. The random
seed is fixed at 42 across all reported runs.

Convergence. Figure 11 reports validation ARI-FG and reconstruction MSE over training for both Slo-
tODE variants (𝑇 = 3, Δ𝑡 = 1 and Δ𝑡 = 0.5) along with the discrete Slot Attention baseline (𝑇 = 3). All
three models converge to near-identical final performance. The convergence trajectories are closely matched.
The baseline reaches an ARI-FG of 0.80 slightly earlier (10K vs. 20K steps for both SlotODE variants),
while SlotODE at Δ𝑡 = 1 crosses 0.97 before the baseline (100K vs. 130K steps). Coarser discretization
Δ𝑡 = 1 converges marginally faster than Δ𝑡 = 0.5 in step count. Training and validation curves remain tightly
coupled throughout, with no evidence of overfitting. Reparameterizing the discrete update as a neural ODE
does not degrade convergence.
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Figure 11. Validation ARI-FG over training steps for SlotODE (Δ𝑡 = 1, Δ𝑡 = 0.5) and the Slot Attention
baseline, all trained at 𝑇 = 3. The solid blue line tracks training and the red dashed line tracks validation.
All three models converge to indistinguishable final quality (ARI-FG ≈ 0.98+).

Hardware and runtime. All SlotODE training runswere performed on a TPUv4 podwith default bfloat16
mixed precision. The discrete Slot Attention baseline was trained on a single NVIDIA A100 GPU on Modal.
End-to-end wall-clock training time for a 500,000-step run is approximately 4 to 7 hours on a TPU v4 pod
and approximately 24 to 36 hours on a single NVIDIA A100 GPU.
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C Implementation
The SlotODE codebase is written in JAX.We use Equinox [57] to define neural network modules as PyTrees,
Optax [58] for gradient-based optimization, and Diffrax [49] for ODE integration. Parameterizing slot dy-
namics as a vector field needs a differential equation library that composes cleanly with autodiff and jitwith
Diffrax being a natural fit on top of JAX. The same framework also supports adaptive solvers and stochastic
differential equations with minimal code changes.

Equinox represents every module as a frozen dataclass whose fields are JAX arrays (parameters) or static
metadata. This makes the entire model a single PyTree - gradients, optimizer state, and serialized check-
points all share the model’s tree structure. Filtered transformations (eqx.filter_jit, eqx.filter_grad, and
eqx.filter_vmap) automatically partition arrays from non-array fields, so the same module can be passed
unchanged through jit, grad, and vmap.

The slot dynamics live in a single eqx.Module whose __call__ matches the signature Diffrax expects for an
ODETerm, which is 𝑓 (𝑡, 𝑦, args). Time is unused (the system is autonomous) and the precomputed keys and
values are passed through args, so they remain fixed across integration.

1 class SlotODEFunc(eqx.Module):
2 W_q: jax.Array
3 W_gate: jax.Array
4 W_ff0: jax.Array
5 W_ff1: jax.Array
6 norm_attn: eqx.nn.LayerNorm
7 norm_ff: eqx.nn.LayerNorm
8 scale: float
9 slot_dim: int = eqx.field(static=True)

10 mlp_hidden: int = eqx.field(static=True)
11

12 def __init__(self, slot_dim: int, mlp_hidden: int = 128, *, key: jax.Array):
13 k1, k2, k3, k4 = jax.random.split(key, 4)
14

15 self.scale = slot_dim ** -0.5
16 self.slot_dim = slot_dim
17 self.mlp_hidden = mlp_hidden
18

19 self.W_q = jax.random.normal(k1, (slot_dim, slot_dim)) * (slot_dim ** -0.5)
20 self.W_gate = jax.random.normal(k2, (slot_dim, 2 * slot_dim)) * ((2 * slot_dim) ** -0.5)
21 self.W_ff0 = jax.random.normal(k3, (mlp_hidden, 2 * slot_dim)) * ((2 * slot_dim) ** -0.5)
22 self.W_ff1 = jax.random.normal(k4, (slot_dim, mlp_hidden)) * (mlp_hidden ** -0.5)
23

24 self.norm_attn = eqx.nn.LayerNorm(slot_dim)
25 self.norm_ff = eqx.nn.LayerNorm(slot_dim)
26
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27 def __call__(self, t, slots, args):
28 # slots: [B, N, D], args = (k, v) with k, v: [B, M, D]
29 k, v = args
30

31 slots_norm = jax.vmap(jax.vmap(self.norm_attn))(slots)
32 q = jnp.einsum('bnd,od->bno', slots_norm, self.W_q)
33

34 att_logits = jnp.einsum('bnd,bmd->bnm', q, k) * self.scale
35 att = jax.nn.softmax(att_logits, axis=1) # softmax over slots
36 att = att / (att.sum(axis=-1, keepdims=True) + 1e-8) # normalize over features
37 f_attn = jnp.einsum('bnm,bmd->bnd', att, v)
38

39 gate_in = jnp.concatenate([slots_norm, f_attn], axis=-1)
40 gate = jax.nn.sigmoid(jnp.einsum('bnd,od->bno', gate_in, self.W_gate))
41

42 slots_ff = jax.vmap(jax.vmap(self.norm_ff))(slots)
43 h = jnp.einsum('bnd,od->bno', jnp.concatenate([slots_ff, f_attn], axis=-1), self.W_ff0)
44 h = jax.nn.relu(h)
45 h = jnp.einsum('bnd,od->bno', h, self.W_ff1)
46

47 return gate * f_attn + h

The softmax over slots (line 20, axis=1) is the source of slot competition for input features, and is the only
place where slots interact with each other inside one evaluation of 𝑓𝜃 . Both LayerNorms are applied per-slot
via a double vmap (the inner one over slots and outer one over batch).

The integration is set up once per forward pass - term, solver, step-size controller, and save points are con-
structed locally so they can be configured per-call (e.g. return_traj switches between saving only the terminal
state and saving at every Euler step). We can explicitly request SaveAt(ts=...) aligned with integration steps
to avoid any interpolation of intermediate states.

1 def __call__(self, enc_feat, key, return_traj=False):
2 feat = jax.vmap(jax.vmap(self.norm_input))(enc_feat)
3 feat = jax.vmap(jax.vmap(self.fc_input))(feat)
4 k = jax.vmap(jax.vmap(self.to_k))(feat)
5 v = jax.vmap(jax.vmap(self.to_v))(feat)
6

7 slots_0 = self.initialize_slots(enc_feat.shape[0], key)
8

9 term = diffrax.ODETerm(self.slot_ode_func)
10 solver = diffrax.Euler()
11 stepctrl = diffrax.ConstantStepSize()
12

13 if return_traj:
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14 ts = jnp.clip(jnp.arange(0.0, self.T + self.dt0, self.dt0), 0.0, self.T)
15 saveat = diffrax.SaveAt(ts=ts)
16 else:
17 saveat = diffrax.SaveAt(t1=True)
18

19 n_steps = int(self.T / self.dt0)
20 sol = diffrax.diffeqsolve(
21 term, solver,
22 t0=0.0, t1=self.T, dt0=self.dt0,
23 y0=slots_0, args=(k, v),
24 saveat=saveat, stepsize_controller=stepctrl, max_steps=n_steps + 16,
25 )
26 return sol.ys[-1] if return_traj else sol.ys[0]

Because Diffrax unrolls the solver under jit, the entire forward pass - encoder, integration, decoder - is a
single fused computation graph. The backward pass backpropagates through the unrolled Euler steps, which
is what we use throughout this work. Switching to the adjoint method requires replacing the default adjoint
argument with diffrax.BacksolveAdjoint(), with no changes to the model itself.

Training is one filtered jit that wraps a value-and-grad pass and anOptax update. eqx.filter_value_and_grad
traces the loss with respect to the array leaves of the model and treats everything else as static. eqx.filter
extracts the array partition needed by the optimizer.

1 @eqx.filter_jit
2 def train_step(model, opt_state, optimizer, images, key):
3 def loss_fn(model):
4 recon, masks, slots = model(images, key=key)
5 return jnp.mean((recon - images) ** 2)
6

7 loss, grads = eqx.filter_value_and_grad(loss_fn)(model)
8

9 updates, opt_state = optimizer.update(
10 grads, opt_state, eqx.filter(model, eqx.is_array)
11 )
12

13 model = eqx.apply_updates(model, updates)
14

15 return model, opt_state, loss

The optimizer is built with Optax. Optax expresses optimizers as compositions of stateless gradient trans-
formations, each mapping (gradients, state, and params) to (updates and new state). optax.chain threads
these transformations in sequence. Here, we apply global-norm gradient clipping before the Adam update
so clipping operates on raw gradients rather than on Adam’s normalized step. See Appendix B for specifics
on the learning rate schedule and gradient clipping.
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1 schedule = optax.join_schedules(
2 [
3 optax.linear_schedule(0.0, args.lr, args.warmup_steps),
4 optax.exponential_decay(init_value=args.lr,
5 transition_steps=args.decay_steps,
6 decay_rate=args.decay_rate)
7 ],
8 boundaries=[args.warmup_steps],
9 )

10

11 optimizer = optax.chain(
12 optax.clip_by_global_norm(args.grad_clip),
13 optax.adam(schedule, b2=0.95),
14 )
15

16 opt_state = optimizer.init(eqx.filter(model, eqx.is_array))

TPU runs use the JAX default of bfloat16 for matrix multiplication and float32 for accumulation (no manual
casting is required). On GPU, the same defaults use float32 throughout. The GPU runs match TPU runs
within numerical noise on the held-out validation set, where final ARI-FG can drift by roughly 10−3 between
the two precisions - small but non-zero. However, this does not meaningfully affect the results and drawn
conclusions for any experiments.

JAX’s PRNG is functional - every stochastic operation requires an explicit key that is split rather than reseeded.
Dataset shuffling, slot initialization, and validation sampling each use their own subkey derived from a fixed
seed (42 for all reported runs). This makes training runs a deterministic function of seed, configuration,
and JAX version - the only sources of untracked randomness that remain are the order of nonassociative
reductions in CUDA/XLA and hardware-level bfloat16 rounding behavior on TPUs. None of these have a
meaningful affect on any result at the precision we report.
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