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Abstract

Recent State Space Models (SSMs) such as S4, S5, and Mamba have shown re-
markable computational benefits in long-range temporal dependency modeling.
However, in many sequence modeling problems, the underlying process is inher-
ently modular and it is of interest to have inductive biases that mimic this modular
structure. In this paper, we introduce SlotSSMs, a novel framework for incorpo-
rating independent mechanisms into SSMs to preserve or encourage separation
of information. Unlike conventional SSMs that maintain a monolithic state vec-
tor, SlotSSMs maintains the state as a collection of multiple vectors called slots.
Crucially, the state transitions are performed independently per slot with sparse
interactions across slots implemented via the bottleneck of self-attention. In experi-
ments, we evaluate our model in object-centric learning, 3D visual reasoning, and
long-context video understanding tasks, which involve modeling multiple objects
and their long-range temporal dependencies. We find that our proposed design
offers substantial performance gains over existing sequence modeling methods.
Project page is available at https://slotssms.github.io/

1 Introduction

State space models (SSMs) have recently emerged as a promising class of sequence models, achieving
remarkable success in language modeling [27, 158} 124} 50, 9] due to their long-term memory capability
and computational efficiency. Compared to Transformers [4] whose attention mechanisms also
facilitate capturing long-range dependencies, SSMs are more efficient during both training and
inference. Notably, SSMs offer parallel training with sub-quadratic complexity, and recurrent
generation with constant cost per time step. These benefits have motivated the application of SSMs
to sequences of other modalities such as audio [[19] and video [10].

Typically, SSMs use a monolithic state vector to summarize all past information. This design can
struggle to model sequences with modular underlying structures, which are common in physical
processes and real-world dynamics. For example, physical objects largely follow independent
dynamics based on their own properties, with strong interactions happening only sparsely (e.g., when
objects come in close contact). A monolithic state vector would excessively entangle the dynamics of
different entities, thereby hurting generalization. It could be beneficial to incorporate inductive biases
for independent mechanisms [20] into the sequence modeling architecture.

Recent progress in object-centric learning [46, 54, 36] has led to several methods for discovering
modular object-centric structures and modeling their dynamics from videos with no or only weak
supervision [39, [13}157]. Similar to RIMs [20]], they build modularity into the RNN architecture
to separately keep track of the dynamics of each object. However, RNNs are prone to vanishing
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Figure 1: SlotSSMs vs existing models. (a) SlotSSMs incorporate modularity through independent state
transitions and sparse interactions via self-attention. (b) Traditional SSMs utilize a monolithic state vector for
all past information. (c) Multi-slot Transformer-based models offer modularity but with high computational
complexity. (d) Multi-slot RNN-based models have modular states but can’t parallelize training (red lock).
SlotSSMs combine parallelizable training, memory efficiency, and modularity for efficient temporal modeling.

gradients [51]] and are not amenable to parallel training, making it hard to scale these methods up to
modeling long-range effects that span hundreds of time steps.

In this paper, we propose Slot State Space Models (SlotSSMs), a novel and general SSM framework
that have built-in inductive biases for discovering and maintaining independent mechanisms. Instead
of using monolithic state vectors, SIotSSMs maintain a set of modular slot states whose transition
dynamics are designed to be largely independent, with only sparse interaction across slots introduced
through the bottleneck of self-attention. The number of slots can be flexible across the layers of
SlotSSMs, allowing slots to have a different level of abstraction at each layer. Furthermore, SlotSSMs
inherit the strengths of SSMs, namely parallelizable training, memory efficiency, and long-range
reasoning capabilities, giving it an advantage over methods based on RNNs and Transformers.

Our contributions are summarized as follows. First, we propose SlotSSMs, a novel and general
architecture that incorporates independent mechanisms into SSMs for modeling inherently modular
physical processes. Second, we show that SlotSSMs can be specialized to solve object-centric
learning tasks. It achieves comparable or better performance than existing RNN-based methods and
the Transformer baseline that we develop, while being more computationallly efficient. Third, we
further investigate the abilities of SlotSSMs as a general sequence modeling framework, demonstrating
its advantages in video understanding and prediction, long-range reasoning, and 3D visual reasoning.

2 Preliminaries

A state space model (SSM) defines a mapping between an input sequence e;.7 € R7*P and an
output sequence y,.7 € RT*D vyia the recurrence [28] 27, 58 [50]:

hi = Ath;_1 + Bie; ,
y, = Cihy .

Here, T is the sequence length; e;,y; € R are input and output vectors at time t; and h; € RY
is the hidden state summarizing the history e<;. The matrices A, € REXH B, ¢ REXP and
C; € RP*H are designed with learnable parameters in specific ways that encourage modeling
long-range dependencies while maintaining computational efficiency. For example, A; commonly

takes a diagonal or block-diagonal form, with its (complex) eigenvalues distributed close to the unit
circle at initialization [25 27,29, 26 58, |50].

ey

When A;, B;, C; are time-invariant (constant over t), the computation of y;.7 can be parallelized,
enabling efficient training. Recent works [24, 9] further show that conditioning these matrices
on the input e; does not hinder training efficiency. They employ learnable functions A: RP —
RIXH B: RP — RIXP C: RP — RP*H o generate input-dependent matrices:

Zt = Z(et) 3 Et = E(et) y Ct = C(et) . (2)

This allows the model to selectively emphasize or ignore information based on the input, leading to
more flexible sequence modeling.

https://doi.org/10.52202/079017-0370 11603



SSM SlotSSM

n Alsh) w B ;
1— s

h| = Afe) ||| + | B(e) H = + .

n? A | |n? B 2
— — =

' C(sh)
y =| Cle) |lh =

v o ||

Figure 2: SSM vs SlotSSM. SlotSSM encourages modularity by maintaining a set of separate slot state
representations, each updated independently using separate transition matrices and input matrices, allowing for
more efficient and scalable modeling of complex sequences with inherent modular structures.

Due to the (block-)diagonal structure of A, limiting cross-dimensional information flow, SSMs are
typically interleaved with mixing layers (e.g., linear projections or MLPs) to mix information across
dimensions. Alternatively, using dense B, and C; matrices can also enhance mixing.

3 Slot State Space Models (SlotSSMs)

Standard SSMs use monolithic vectors for inputs, outputs, and hidden states, and mix information
across all dimensions. This lack of modularity could cause difficulties in modeling real-world
dynamics such as object interactions, where the underlying process consists of multiple entities and is
inherently modular [[20]. In this section, we present slot state space models (SlotSSMs), a new class
of SSMs with built-in inductive biases for encouraging and preserving modularity.

Our key idea is to maintain a set of separate slot state representations (called slots in short), and

process the slots independently and symmetrically. To do this, we format the input vector e; € R” as

a concatenation of K slot representations {s¥ € RP=}X | where Dy = D/K. The output y; € R”

and hidden state h; € R are formatted similarly:

K
]

1 1 K 1 K
e; = concat [st,...,st Yy = concat [yt,...,yt ]7 h; = concat [ht,...,ht ]7 3)

where yf € RPs and h¥ € R¥- are the output and the hidden state corresponding to slot s¥, with
H, = H/K. In this section, we focus on preserving modularity when the input already complies with
the slot format. When coupled with a slot encoder, the S1otSSM can help encourage the emergence
of modularity from unstructured inputs such as video frames, as we will discuss in Section

To preserve modularity, we make sure that SlotSSM do not mix information across different slots.
More precisely, the hidden state h¥ and output yF only integrate information from the history of
the corresponding input slot s’%t. As illustrated in Figure 2| (Right), this can be achieved by making

A, B, C, block-diagonal, where the k-th block is only conditioned on the k-th slot:
A, = diag ({A(sf)}i21) . Be = diag ({B(sy)}io1) . G =diag ({C(s)}iny) - @)

Implementation details. The SlotSSM formulation in Equation |4|is general and can accommodate
various choices of the A, B, C functions. In our implementation, we adopt those from Mamba [24].
Specifically, A(sF), B(sF), C(sF) are themselves block-diagonal matrices with D, blocks, one for
each slot dimension. The i-th blocks Z(l)(sf) € RVXN and E(Z)(sf) € RV*! are obtained by
discretizing their continuous-time counterparts A() and B()(s¥) using the time step A?)(s¥) and
the zero-order hold (ZOH) rule:

Z(i)(Sf), E“)(sf) — 70H (A(“(sf;’), AW, B(“(s,’f)) . i=1,...,D,. 5)

Here, N = H,/D, is the hidden state size per slot dimension, A() € RV*¥ is an input-independent
learnable model parameter, and A RD R, B : RP — RV*1 gre learnable functions imple-
mented as neural networks. Similarly, the i-th block C' (i)(sf) is computed by the learnable function
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Figure 3: Sequence modeling with SlotSSM. Each layer includes a Slot Encoder, SlotSSM, and Slot Mixer.
The Slot Encoder uses a Transformer to extract slots from inputs. The SlotSSM independently updates the slots
via separate state transitions. The Slot Mixer introduces inter-slot interactions through self-attention.

C): RP — RN For simplicity and efficiency, B(Y) and C¥) are shared across all 1 < i < D,
and A is parameterized as a diagonal matrix.

4 Modular Sequence Modeling with SlotSSM

The SlotSSM proposed in Section [3|are designed to preserve modularity when the input is already
separated into slots. In this section, we complement SlotSSM with a slot encoder that extracts
slot representations from unstructured inputs (Section4.1), and a slot mixer that introduces sparse
interactions across slots (Section[d.2). We then present a sequence modeling architecture (Section[d.3)
that encourages discovery of underlying modular processes by stacking these components.

4.1 Slot Encoder
We assume the unstructured input x; at each time step ¢ is represented as a sequence of M tokens:
1 M D,
-’Bt:(mﬂ"'amt)ﬂ m;mER : (6)

For example, image inputs can be CNN feature maps (M is the number of cells in the feature map),
or as embeddings of non-overlapping image patches (M is the number of patches), as proposed in
ViT [12]. To extract K slot representations from x;, we use K learnable CLS tokens {CLSf €
RP=}K | as queries and perform cross-attention with the input tokens through a Transformer [63]:

{CLSF}E | « Transformer (q = {CLSF}E |, kv = {a f\nl:l) . @)
The Transformer also includes self-attention within the CLS tokens, allowing them to communicate
with each other and capture information from different parts of the input, thereby facilitating the
emergence of modularity. The slot representations are then obtained by applying a linear projection
to the corresponding output embeddings of the CLS tokens:

s¥ = Linear(CLSY), k=1,..., K. ®)

4.2 Slot Mixer

The slot encoder obtains slot decomposition purely based on single time steps, which can be subop-
timal. In addition, the SlotSSM processes each slot fully independently, making it hard to correct
mistakenly decomposed slots or model interarctions across slots. To resolve both issues, we interleave
SlotSSM with slot mixers.

?Following the tradition of ViT, we use “CLS” to distingish learnable tokens from observation tokens.
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The slot mixer consists of two residual blocks, and is applied to the outputs {y}} X, of the SlotSSM.
The first block introduces interaction across slots through self-attention [63]], whereas the second
block uses MLP to further process the gathered information within each slot:

(ytl, e ytK) — (ytl7 cee ytK) —i—SelfAttn(LN(ytl), cee, LN(ytK)) , 9)
(is - u5) = (¥ -5 ) + (MLP(LN(y;)), ..., MLP(LN(y))) . (10)

Here, LN(-) denotes layer normalization [2]. Because yF carries information from the entire history
of each slot, it provides the opportunity to refine the slot representations based on temporal dynamics.

4.3 Sequence Modeling Architecture

We now present a generic architecture for modeling sequences with modular underlying processes.
Given a sequence of unstructured inputs x1.7, our goal is to obtain a set of K; modular representations
at each time step ¢ and at each layer [ that summarizes all underlying processes up to time ¢.

In general, the number of slots K at each layer can be different, potentially allowing fewer but more
abstract slots at higher layers. To accommodate this, we insert a slot encoder wherever the number of
slots changes, and repurpose it to extract a different number of slots from existing slot representations.
This is achieved by treating the slots output from the previous layer as keys and values in Equation |7}
When the number of slots does not change, we can simply copy the slots from the previous layer.

As shown in Figure 3] our proposed architecture stacks the (optional) slot encoder, SlotSSM, and slot
mixer together at each layer. Variables at layer [ are denoted with the subscript ‘|I’. The slot mixer’s

output from layer [ — 1, { :cfll_l},i{:"ll, serves as input to layer [. The initial input is {chl 0}5:01’ where
Ky = M. The computations at each layer l = 1,..., L are:

{81}/, = SlotEncoder ({af,_, 13" . (an
{whhts, (R, = SlOtSSM({Sf\z}kK:lu {hfqu}kKil) ; (12)
{wfu}lel = SlotMixer({yfll}kKil) . (13)

The final output {asffl L}kK:L1 can be used for various tasks, such as predicting the next observation and
the properties of underlying processes (e.g., position, velocity).

S Object-Centric Learning with SlotSSM

In this section, we present a concrete example of adapting the generic sequence modeling architecture
proposed in Section to solve a specific task. We consider the task of object-centric representation
learning from unannotated videos of interacting objects, a typical example of sequences with modular
underlying structures. The goal is to obtain a representation for each individual object that captures
relevant attributes such as object position, size, shape, color, efc. without any object-level annotation.

5.1 Object-Centric SlotSSMs (OC-SlotSSMs)

Inspired by previous works [46,167]], we make slight modifications to our sequence modeling archi-
tecture to facilitate the discovery of modular structures. We call the resulting model OC-SlotSSMs.
First, we use the same number of slots across all layers. It is thus unnecessary to have a slot encoder
per layer. However, we find it helpful to still have it, but in another form that encourages iterative
refinement of the slots. Specifically, we use the slots output from the previous layer {wfuq}kK:l

as queries, and provide the input tokens {a:%}%zl as keys and values. Second, we introduce

competition among slots in the attention layers of the slot encoder. We achieve this by using inverted
attention [61} 167, which is essentially cross attention with the Softmax operation performed over the
queries instead of the keys. This has the effect of softly assigning each input token to a slot, thereby
promoting modularity. The computation at each layer [ = 1, ..., L can be summarized as follows:
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{stidic: = InvAttn(q = {1 ey, kv = {xﬁo}%ﬂ) ) (14)
{yf\l}kK:h {hzl:€|l}£(:1 = SIOtSSM({Sfu}f:p {hf71|z}kK:1> ) (15)
{x} Yoo = SlotMixer({yjjl}le) ) (16)

We note that the queries in the first inverted attention layer are the learnable CLS tokens {CLSf‘O}i(:l.

5.2 Training Pipeline

Following previous works in object-centric learning [46} 39,157, we adopt an auto-encoding training
pipeline. Given a sequence of video frames {o; € R¥*W>3}T | ‘we obtain the input x|y to our
sequence modeling architecture by applying a CNN encoder to each frame o, and adding a positional
embedding for each feature map cell. The output slots {mf‘ L}szl are each decoded into an object

image 6F € R¥>*W>3 and an alpha mask af € RE*Wx1 by a gpatial broadcast decoder [66]. The
final reconstruction 6; € R *W>3 ig given by the alpha-composition of the object images:

exp(oy)

o al = Decoder(wfw) , Oy = Z oy . (17

-
k=1 Zj:l exp(ag)

.. . . . e . T A~
The training objective is to minimize the reconstruction error £ = # >, [|6; — 04]|3.

6 Related Work

State Space Models (SSMs). Popularized by S4 [27], SSMs have attracted growing interest in
language modeling and as a sequence modeling framework in general. The original S4 follows
the HiPPO theory [25] to parameterize and initialize the state transition matrices, which is quite
mathematically involved. Most recent works have proposed simplified versions that use diagonal tran-
sition matrices [29, 26/ 58]] and pure RNN formulation (i.e., without reliance on ODE discretization)
[30,150,19]. Several works have proposed hybrid architectures of SSMs and Transformers to incorpo-
rate their complementary strengths [[75} 148} 117, 32} 24]]. In addition to language modeling, SSMs have
been applied to various domains, including time-series generation [73]], audio generation [[19]], visual
classificiation and generation [49, 40, 32} 65| 74} [71]], and reinforcement learning [8} 47,10, 52]. Our
study introduces the first SSM with inductive biases for modeling inherently modular processes.

Object-Centric Learning. Object-centric learning seeks to discover modular structures and indepen-
dent mechanisms [20] such as objects and their relations from multi-object images and videos with
weak or no supervision [3 22} [38, 23115/ 114,167,145, 135,141,137, 16144} 11} 11,1641 168} 153} 134]. Recent
works are predominantly based on the Slot Attention [46]] model, which uses a GRU [5] and compet-
itive attention mechanisms to iteratively refine slot representations [54, 157, |39, 113} 169\ 55, 136, [70].
However, GRUs and RNNs in general are prone to vanishing gradient issues [51]], and the train-
ing must be done in a sequential way. These weaknesses render them incapable of scaling up to
long-range videos. Additionally, hardware parallelization for video object-centric learning has been
explored in [56], however, it incurs quadratic cost unlike ours. Our SlotSSMs framework can be
specialized to address object-centric learning tasks effectively. By integrating SSMs at its core,
SlotSSMs benefit from parallelizable training and possess remarkable long-term memory capabilities.
Moreover, as a versatile framework, SlotSSMs are well-suited to tackle other tasks such as long-range
visual reasoning.

7 Experiments

We present an extensive evaluation of our models across a variety of tasks. Section|/.1|illustrates the
need for modular latent states through a multi-object video prediction task. Section /.2| demonstrates
the advantages of SlotSSMs over Transformers and RNNs using a newly proposed long-context rea-
soning benchmark. Section[7.3|investigates the object-centric learning capabilities of OC-SlotSSMs.
Finally, Section[7.4]showcases the 3D visual reasoning capabilities using the CATER benchmark [18].
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Figure 4: Multi-Object Video Prediction Task. Left: Generated video frames at every second step, showing 10
of the 20 total frames generated. Green color indicates ground-truth and red color indicates predictions. Right:
MSE over a 20-frame autoregressive rollout, given 10 context frames. SIotSSM demonstrates its efficiency in
modeling multi-object dynamics.

7.1 Multi-Object Video Prediction

We begin with a multi-object video modeling task to demonstrate the benefit of incorporating
modularity into state space.

Dataset and Task. We utilize the bouncing balls video dataset introduced by [62], which consists
of videos of white balls bouncing off each other in an empty window. Each ball has random
initial positions, velocities, and masses, governing their interactions. The task is conditional video
generation, specifically p(x71.7+w |X1.7). This task is inherently modular as it requires models to
remember each object’s attributes and interaction rules.

Experimental Setup. We train models on 20-frame sequences using teacher-forcing and binary
cross-entropy loss. At test time, given T = 10 context frames, the model autoregressively predicts
W = 20 future frames using its own outputs. Performance is evaluated using Mean Squared Error
(MSE) between predicted and ground-truth images.

Models. We employ the SlotSSM architecture described in Section[#.3] We use the same number of
slots across layers and apply the Slot Encoder only at the first layer. We compare our model against
several baselines: Single State SSM, which shares the same architecture but uses a monolithic state;
Single State SSM (Split), which uses a Single State SSM with multi-slot encoder and decoder—slots
are concatenated in SSM, then split into multiple slots for the decoder; RIM[20], a slot-based RNN
model with separate RNN weights per slot that introduces sparse slot updates and interactions based
on input attention values; Transformer, a vanilla Transformer model with a single input embedding
per time step; and SlotTransformer, a Transformer model with multiple input slots at each time step.

All models share the same encoder and decoder architectures. The encoder is a Transformer described
in Section .1} using a single CLS token for single-state models. The decoder consists of three
Transformer layers with self-attention for image patches and cross-attention to query the slots. We
use six slots for all slot-based models. For RIM, we set k& = 4 for top-k active modules as in the
original paper. We carefully match hyperparameters across baselines to ensure comparable model
sizes, except for RIM, which inherently requires a larger model due to separate RNN weights per slot.
Additional implementation details are in Appendix [C]

Results. Figure ] compares model performances, showing that SlotSSM outperforms all baselines,
including a slight improvement over SlotTransformer. The significant gap between SlotSSM and
Single State SSM underscores the importance of modular slot states for effective multi-object
dynamics learning, as also evidenced by the comparison between Transformer and SlotTransformer.
SlotSSM also significantly outperforms Single State SSM (Split), which uses the same modular
encoder and decoder, highlighting that modularity in temporal modeling—the core contribution of
SlotSSM—is critical for improved performance. While the RIM model performs better than other
single-state baselines, it still lags behind SlotSSM and SlotTransformer.
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Figure 5: Long-Context Construction and Model Efficiency in the Blinking Color Balls Benchmark. Left:
We construct long-sequence inputs by patchifying the context images. Right: Comparison of model inference
latency with batch size 6. SlotSSM demonstrates computational efficiency for long-sequence processing tasks.

7.2 Long-Context Reasoning

We now evaluate the long-context reasoning capabilities of SlotSSM. To enable a rigorous assessment
in a multi-object setting, we propose the novel Blinking Color Balls Benchmark.

Blinking Color Balls Benchmark. This benchmark has two variants—Earliest Color and Most
Frequent Color—each consisting of image sequences with context images x1.7—1 and a target image
xr. In each context image, one ball is randomly selected and assigned a non-white color from five
options while others remain white. The coloring of balls in the target image xr depends on the
variant: in Earliest Color, each ball’s color is its earliest assigned non-white color in the context
(remaining white if none); in Most Frequent Color, each ball’s color is the non-white color assigned
most frequently during the context (ties broken by earliest assignment; remaining white if none).

To create a long-range reasoning task, we further patchify each context image into non-overlapping
P x P patches and flatten them into a sequence of length P2, as shown in Figure a). With context
length T' — 1, the total input sequence length is L = (T — 1) x P2. Models must identify and track
objects from partial patch views while remembering and counting color assignments, making the task
highly challenging. The final task is to predict the target image given this long sequential input.

Experimental Setup. We evaluate models on Earliest Color with 7' = 6 and Most Frequent
Color with T' € {6, 11}, using patch sizes P € {4,8,16}. This yields input sequence lengths
L € {80,160, 320,640, 1280, 2560}. The Most Frequent Color with T" = 11 requires stronger
memorization and reasoning capabilities due to longer context and more color assignments, .

Models. We employ the same encoder, decoder, and the SlotSSM architectures as in Section [7.1] For
slot encoding, each image patch is treated as an image and processed by the slot encoder. The slots
from the last time step are provided to the decoder to predict the full target image. We compare our
SlotSSM against several baselines: Single State SSM, SlotTransformer, and RIM. Additionally, we
introduce a novel slot-based design called SIotRNNs, which shares RNN weights across slots and
uses self-attention layers between time steps as the slot mixer. SIotRNNs can be viewed as a special
case of RIMs with shared weights and dense state updates. Empirically, SIotRNNs exhibit more
stable training and improved performance compared to RIMs. For fair comparison, all slot-based
models use six slots, and we carefully match model sizes as in Section

Results. Figure[6]shows that SlotSSM outperforms Single State SSM, SIotRNN, and RIM across all
sequence lengths. For shorter sequences (80 and 160), Single State SSM and S1otRNN have relatively
low error rates but degrade significantly beyond 320 frames. Surprisingly, RIM fails to generalize at
any sequence length, likely due to optimization issues from separate weights per slot; our SIotRNN ad-
dresses this by sharing weights across slots while maintaining modularity. SlotTransformer performs
competitively up to 640 frames. However, SlotSSM demonstrates superior long-range reasoning,
especially at 1280 and 2560 frames, where other models cannot run due to memory or optimization
constraints. Figure[5[b) highlights SlotSSM’s computational efficiency. SlotTransformer’s inference
latency increases rapidly with sequence length due to quadratic complexity, SlotSSM maintains stable
and efficient inference across all lengths. Due to SlotTransformer’s high memory usage, we used
a batch size of 6 for latency evaluation. Qualitative comparisons in Appendix [B.3|provide further
insights into the models’ strengths and weaknesses.
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OC-SlotSSM demonstrate less object spliting and better boundary adherence. Right: Quantitative evaluation on
unsupervised object segmentation and attribute prediction. OC-SlotSSM outperforms SAVi on most metrics.

7.3 Unsupervised Object-Centric Learning

In this section, we evaluate the performance of the Object-Centric SlotSSMs (OC-SlotSSM) variant
in unsupervised object-centric representation learning.

Datasets. We evaluate OC-SlotSSM on the MOVi-A and MOVi-B subsets of the MOVi video dataset
[21]], which contain videos of up to 10 objects moving in a 3D environment. MOVi-B adds complexity
over MOVi-A by including a wider variety of object types and multi-colored backgrounds.

Tasks. Following prior object-centric learning works [46},[36], we evaluate models on two downstream
tasks: unsupervised object segmentation and attribute prediction. For segmentation, we report FG-
ARI and mloU metrics. For attribute prediction, we measure the quality of representations by inferring
object properties: we report prediction accuracy for discrete attributes (e.g., object shape) and R? for
continuous attributes (e.g., object position).

Models. We compare OC-S1otSSM to SAVi [39], an RNN-based object-centric learning I\/Pproach
Both models use a CNN encoder to extract image features as input tokens xt | 0"'m = 1, which
are processed by their respective attention mechanisms—inverted attention in OC-SlotSSM and slot
attention in SAVi—to produce slots. These slots are then used to reconstruct the image and generate
per-object segmentation masks via a spatial broadcast decoder, with reconstruction as the training
objective. For unsupervised object segmentation, we directly use the object masks obtained during
training. For attribute prediction, we match slots to object IDs using Hungarian matching based
on segmentation masks, then use linear heads and 2-layer MLPs to predict discrete and continuous
attributes, respectively, keeping the slots frozen.

Results. Results in Figure [7| demonstrate that OC-S1otSSM consistently outperforms SAVi in
unsupervised object segmentation on both MOVi-A and MOVi-B. The qualitative comparison (Figure
[7] left) shows that OC-SlotSSM generates masks with tighter object boundaries and fewer object
splitting, which also leads to improved attribute prediction accuracy (Figure[7] right). Furthermore,
we empirically found that OC-SlotSSM exhibits superior stability during training compared to SAVi,
which tends to collapse into a single slot representing the entire scene when trained long enough. This
collapse is not reflected in the validation loss, so we apply early stopping based on manual inspection.
In contrast, OC-SlotSSM does not suffer from this instability, demonstrating its robustness in learning
object-centric representations.
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Table 1: Performance on CATER Snitch Localization Task.

Model No Pre-train Pre-train

Top-1 Acc (%) Top-5Acc (%) Top-1Acc (%) Top-5Acc (%)
Single State SSM 10.27 27.21 41.15 65.70
SlotTransformer 41.09 62.24 49.21 70.24
SlotSSM 25.64 45.03 54.73 74.42
OC-SlotSSM 61.58 84.00 69.27 90.48

7.4 3D Visual Reasoning

Finally, we explore the application of SlotSSM and OC-SlotSSM to 3D visual reasoning tasks using
the CATER benchmark [[18]].

CATER Benchmark. CATER consists of 300-frame video episodes of objects moving in a 3D
environment. The movement can lead to partial occlusions and even complete coverage of smaller
objects by larger ones. The primary task is snitch localization—predicting the golden snitch’s location
in the final frame. The snitch is always present but may be occluded. Models must reason about
its location based on the last visible position and other objects’ movements. Success in this task
demonstrates models’ capacity for complex visual reasoning in dynamic 3D environments.

Experimental Setup. We consider two experiment settings: direct training and pre-training + fine-
tuning. In direct training, models are trained end-to-end on the snitch localization task. In pre-training
+ fine-tuning, models are first pre-trained on video inputs using a reconstruction objective, then
fine-tuned on the task-specific signal. During pre-training, we randomly sample 32 frames from the
300-frame videos. For direct training and fine-tuning, we split the sequence into 50 non-overlapping
segments of 6 frames each, randomly selecting one frame from each to create a 50-frame sequence
spanning the entire video. At test time, we evenly sample 50 frames by skipping every 6 frames. The
snitch’s final location is quantized into a 6x6 grid, framing the problem as a classification task.

Models. We evaluate the performance of SlotSSM, OC-SlotSSM, Single State SSM, and Slot-
Transformer. We exclude RNN-based baselines, as our preliminary experiments reveal that they are
unstable when handling long video inputs and prone to collapse to a constant output. For the visual
pre-training setting, we employ a spatial broadcast decoder to reconstruct the input images. During
downstream training/fine-tuning, we feed the slots from the final step to a transformer predictor with
single CLS token, followed by a linear layer on the output CLS token to predict the snitch’s position.

Results. Table [I| presents the Top-1 and Top-5 accuracy on the CATER Snitch Localization task.
Consistent with our previous findings, SlotSSM outperforms Single State SSM, highlighting the
importance of modular latent structures. Comparing SlotSSM with SlotTransformer, we see notable
differences between direct training and pre-training settings: in direct training, SlotTransformer
surpasses SlotSSM, possibly due to optimization advantages from direct access to all previous states;
however, SlotSSM benefits more from pre-training, likely due to the explicit memory capacity of
SSM states, consequently, pre-trained SlotSSMs outperforming their SlotTransformer counterparts.

Remarkably, OC-SlotSSM achieves the highest accuracy, outperforming all baselines by a large
margin in both direct training and pre-training settings. This performance gain may be attributed
to the explicit decomposition into object-centric representations, which facilitates reasoning about
object properties, relationships, and interactions.

8 Conclusion

In this work, we presented SlotSSMs a novel approach to incorporating modular structure and
inductive biases into State Space Models for improved sequence modeling. By maintaining a
collection of independent slot vectors and performing state transitions independently per slot with
sparse interactions via self-attention, SlotSSMs effectively captures the inherent modularity present in
many real-world processes. The experimental results in object-centric video understanding and video
prediction tasks demonstrate the substantial performance gains offered by SlotSSMs over existing
sequence modeling methods.
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A Limitations & Broader Impact

Limitations SlotSSMs’ success illustrates the importance of designing architectures that align with
the problem domain’s underlying modular structure. It also paves the way for future research in
modular and object-centric sequence modeling. However, it has some limitations that future studies
could address. First, compared to Transformer architectures, we find that SlotSSMs could benefit
more from a pre-training phase in visual reasoning tasks. For example, in the 3D visual reasoning
task, SlotSSMs underperform Transformer models when trained without pretraining. However, when
combined with task-free pretraining, SlotSSMs demonstrate significant improvement, enabling them
to outperform Transformer models. We note that this effect of task-free pre-training is more prominent
in SlotSSMs than in Transformer baselines. This suggests that for tasks with sparse training signals,
the sequential nature of SlotSSM performs better with a pre-training phase to learn to effectively
utilize information from all time steps. We believe this phenomenon is worth further investigation in
future research. Second, while the proposed architecture is applicable beyond video modeling—for
example, to other modalities such as text and audio—this study has not explored these possibilities.
It remains a matter for future work. Thrid, due to our academic research lab’s computing resource
constraints, we were unable to significantly scale up the proposed model to industry-scale in terms of
model size and data size. Scaling up SlotSSMs could uncover additional properties or limitations
that are not evident at the current scale of experimentation. Lastly, future studies should investigate
the effect of increased visual complexity in videos. As an initial step, we present a preliminary
exploration in Appendix[D.2] where SlotSSMs are applied to natural video scenes. These experiments
illustrate how modularity can emerge through the independent mechanisms of SlotSSMs in real-world
scenarios. We hope these findings will inspire future research on the industry-scale adoption of
SlotSSMs.

Impact Statement The introduction of SlotSSMs, a novel framework that incorporates independent
mechanisms into State Space Models (SSMs), has the potential to significantly impact the field of
sequence modeling. By leveraging the modular structure inherent in many real-world processes,
SlotSSMs offers a more intuitive and effective approach to modeling long-range temporal depen-
dencies in object-centric video understanding and prediction tasks. The substantial performance
gains demonstrated by SlotSSMs over existing sequence modeling methods highlight the importance
of designing architectures that align with the underlying structure of the problem domain. This
breakthrough could lead to the development of more efficient and accurate models for a wide range
of applications, such as robotics, autonomous vehicles, and video surveillance systems. Moreover,
the success of SlotSSMs in capturing the modular nature of real-world processes could inspire further
research into modular and object-centric sequence modeling. This could result in the development of
even more advanced architectures that can better handle the complexity and diversity of real-world
data. Because this is a general backbone architecture for sequence modeling, it doesn’t raise direct
ethical concerns. However, its ethical implications depend on the way downstream application
developers use the model.

B Blinking Color Balls Benchmark

B.1 Motivation

Real-world videos are often inherently modular, involving multiple dynamic entities and their interac-
tions across time. However, existing long-range reasoning tasks, such as those in the Long-Range
Arena Benchmark [60], are typically designed to focus on single-object settings and recognizing a
single dynamic pattern in the observations. To bridge this gap and facilitate more comprehensive
evaluation, we propose the Blinking Color Balls Benchmark, a long-range visual reason benchmark
desgined in a multi-object setting.

B.2 Dataset Design

We provide an illustrative example of the dataset design in Figure [8| Each episode of the dataset
contains a context-target pair (x1.77—1, X7 ). At each timestep in x;.7—1, all bouncing balls are first
colored white, and then one ball is randomly picked and colored with one of 5 non-white colors. This
process is repeated for all context frames, and it is represented in the rows in Figure 8| top). Note that
the object picking and coloring are performed independently for each timestep, thus one ball could
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Rules Color Rules
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Figure 8: Blinking Color Balls Benchmark Overview. Left: Context frames with independent random ball
picking and color assignments for each frame. Top figures indicate the sequential color assignment. Right:
Target image for the Earliest Color and Most Frequent Color variants. Top figures indicate the color assignment
rules.

be selected none or multiple times and colorized with the same or different colors across different
timesteps.

The target images are then constructed with two rules: Earliest Color and Most Frequent Color. The
Earliest Color rule picks the earliest non-white color assigned to the ball as the final color, while the
Most Frequent Color rule counts the assignment of each non-white color and picks the color with
the highest count (if there are ties, the earlier color among the highest is chosen). In Figure |8} we
differentiate the two datasets using the same context sequence, which will result in different target
images based on the rule. Note that regardless of the color assignment, the objects are moving and
follow the physical bouncing rules throughout the full sequence. More image samples can be found
in Figure 9]

Finally, as illustrated in Figure [5fa), we transform the conditional image generation task into a
long-range reasoning task by using patchified context images as input. Instead of providing the
T — 1 context images directly to the model, we flatten non-overlapping patches of the original
images to create a long input sequence. Given P x P patches per image, the context length becomes
L = (T — 1) x P2. Note that patchification is used intentionally to construct long sequences for the
benchmark; SIotSSMs in general do not inherently require patchified inputs and instead use a Slot
Encoder to extract slots as input at each time step.

B.3 Challenges and Qualitative Comparison

The Blinking Color Balls tasks pose significant challenges for the models, as they are required
to reason about the object movement and color assignment rules from partial views of objects in
temporally distant image patches. We can define two levels of challenges: (1) identifying the objects
from image patches and predicting their future positions based on their dynamics, and (2) determining
the final color assignment of each object based on the given rules. The first challenge is relatively
simple, as it primarily involves learning the dynamics of objects from the past two frames prior to
the target time step. However, the second challenge is particularly difficult, as it requires the model

Context Sequence Context Sequence Target

(a) Earliest Color Varlant (b) Most Frequent Color Variant

Figure 9: Blinking Color Balls Samples.
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Figure 10: Blinking Color Balls Qualitative Comparison. Results shown for the Most Frequent Color variant
with a sequence length of 80 frames.

to reason over the entire input sequence, necessitating the identification of an object’s history from
partially observed patches in a long-range context.

Figure |10| presents a qualitative comparison of the models’ performance on the task. The results
reveal a clear categorization of the models based on their capability to address the two levels of
challenges. The baseline RIM model successfully predicts the object positions in the target image
but struggles with learning the color assignment rules. Consequently, it predicts the color white that
generally have the highest appearance probability for all objects. Note that the rendered images are
based on the argmax of the logits over the color categories. Models such as SIotRNN and Single
State SSM demonstrate the ability to learn color assignments, but they make mistakes in some cases.
In contrast, SlotSSM and SlotTransformer successfully achieve both accurate position prediction and
color assignment.

C Additional Implementation Details

C.1 SlotSSMs and OC-SlotSSMs

Slot Encoder. The main difference between the SlotSSMs and OC-SlotSSMs variants is in the design
of the Slot Encoders as illustrated in Figure The Slot Encoder in SlotSSMs is implemented as
a multi-layer transformer with self-attention and cross-attention modules. Given the input tokens
X, = {x™}M_, | the structure of each layer in the Slot Encoder can be delineated into three modules:

Ct = SelfAttn(Ct) 5 (18)
C; = CrossAttn (q = Cy, kv = &) (19)
C, = MLP(C,) . (20)

We use 3 layers in all our experiments. Note that we also apply skip connections and layer normaliza-
tion in the input for all three modules, but have omitted them in the equations for brevity. The regular
cross-attention used here employs softmax normalization over the attention weights applied to the
input tokens:

Q=Wq(C), K=Wg(X), V=Wy(Xi), 2D
C" = softmax <QKT axis=‘ke s’) 1% (22)
t \/5 ’ y .

In the OC-SlotSSMs layers, the Slot Encoder is implemented as a single inverted attention layer. This
layer differs from the regular cross attention by the way attention weights are normalized:
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V - WV(Xt

= SlotSSM ({5 12, {hf_y 1)

yli bl = MambaBlock(sf”, hf_lll) . Vkefl,...,

)

, axis=‘queries ’) ,

(23)
(24)
(25)

(26)

The inverted attention layer applies softmax normalization over the queries, introducing a competition
among the query tokens over the attention to the input tokens and thereby promoting disentanglement
for the input tokens.

SSM Blocks. For the implementation of the SSM models, we leverage recent advances in linear state
space models and design our SSM block in SlotSSM based on the Mamba architecture [24]]. The
block-diagonal transition of slots is implemented as parallel runs of SSM blocks that share the same
model weights.

27)

Ki} (28)
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Dataset & Models

Module Hyperparameter  Blinking Color Balls (SlotSSMs) MOVi-A (OC-SlotSSMs)
General Batch Size 128 24
Training Steps 300K 500K
Sequence Length {80, 160, 320, 640, 1024, 2048} 6
Optimizer AdamW AdamW
Weight Decay 0.1 0.1
Learning Rate 8e-4 3e-4
Slot Encoder  Input Tokenizer MLP (Patchify (€inpuc) ) Flatten(CNN(2input))
Encoder Type Self-Cross Attention Inverted Attention
Applied Layers First Layer All Layers
Hidden Size 64 192
Dropout 0 0
Heads 4 4
SlotSSM Hidden Size 64 192
# Slots 6 11
SSM Model Mamba Block Mamba Block
State Size 16 16
State Expand 1.25 1.25
Slot Mixer Dropout 0 0
Heads 4 4

Table 2: Hyperparameters of our model used in our experiments.

We include pseudo-code of the Mamba block implementation in Algorithm [T} For a more detailed
description of the Mamba architecture and its underlying principles, we refer the readers to the
original paper [24].

C.2 Baseline Models

We use the official implementation of RIM from GitHub EL as well as the SAVi implementation from
STEVE ﬂ We describe the implementation of the proposed baselines SIotRNN and SlotTransformer
in the following.

SlotRNN. SIotRNN adopts a similar design to SlotSSM, but replaces the SSMs with GRUs [3]].
In this architecture, the slots are processed in parallel across different slots at each time step and
sequentially across time steps. The implementation of each layer is summarized as follows.

{s§i}i, = StotEncoder ({2, }113') | (29)

hl, = GRU(sf‘l,hi{w) , Vke{l,... K}, (30)
{hf|l}£<zl1 = SelfAttention({hf”}kK;l) ) €1}
{afi iy = (hi)ity (32)

SlotTransformer. SlotTransformer uses the same SlotEncoder as SIotSSM to obtain slot represen-
tations. At each time step, the slots from the current step are concatenated with the slots from all
previous time steps. This combined sequence is then processed using a Transformer with causal mask
in time dimension which ensures that each slot can only obtain information from prior or current time
steps. The implementation of each layer is summarized as follows:

3https://github.com/anirudh9119/RIMs
*https://github.com/singhgautam/steve
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Table 3: The CNN encoder architecture used for object-centric learning.

Layer Kernel Size Stride Padding Channels Activation

Conv 5x5 2 2 192 RelLU
Conv 5x5 1 2 192 ReLU
Conv 5x5 1 2 192 RelLU
Conv 5x5 1 2 192 None

Table 4: Spatial broadcast decoder architecture for image reconstruction in object-centric learning, it outputs
RGB and alpha-mixing logits.

Layer Kernel Size  Stride Padding Channels  Activation

Slot Normalization - - - - _
Positional Embedding -

2 (Output Padding: 1) 64 ReLU

ConvTranspose2d 5x5 2
ConvTranspose2d 5x5b 2 2 (Output Padding: 1) 64 ReLU
ConvTranspose2d 5x5 2 2 (Output Padding: 1) 64 ReLU
ConvTranspose2d 5x5b 2 2 (Output Padding: 1) 3+1 None
{shi}iL, = SlotEncoder ({af,_ 117') | (33)
{zh_ bt = Transformer({sf‘l}f:’1 U {S]Zt\l}kK:l]) , (34)

C.3 Blinking Color Balls Experiemtns

We show the hyperparameters used in the experiments in Table [2]

Input Tokenizer. Each patch in the input sequence is treated as an image and further split into
non-overlapping patches of size 4 x 4. Each patch is then augmented with spatial and temporal
positional embeddings, followed by an MLP layer to compute the final tokens for the Slot Encoder.

Decoder. During image decoding, we use a self-cross attention layer with positional embeddings as
input and slots as context. Given the positional embeddings P; = {p"}ZW, and slots from SlotSSM
S; = {sF}£ |, each layer of the transformer decoder can be described as follows:

Pt = SelfAttH(Pt) 5 (35)
P; = CrossAttn (q = Py, kv = &) (36)
Py = MLP(P;) . (37)

We use a total of 3 layers, and the final pixel logits are computed using a linear head.

Training Objective. During training, we transform the image prediction problem into a pixel-wise
classification task. Specifically, for a target image x € R”*W >3 we compute a quantization by
categorizing each pixel into one of 7 discrete color categories:

x2(i,j) = Q(xn(i,j)) Vie{l,2,....H}, je{1,2,...,W} (38)

where @ : R? — C is the quantization function that maps a 3-dimensional color vector to one of the 7
color categories in the set C = {cj, ..., c7}. Each ¢, € R? represents a color vector corresponding
to a discrete color category. This is a lossless quantization process since the raw images are generated

with the same set of discrete colors. The final training objective is the cross-entropy loss between the

model output &y and the target m%:
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C.4 Unsupervised Object-Centric Learning Experiments

The hyperparameters used in the experiments are presented in Table 2] Table []details the structure of
the spatial broadcast decoder described in Section

To compute the input tokens, the input images are first processed by a CNN network to generate a 2D
feature map. The architecture of the CNN network is described in Table[3] We use a downsampling
factor of 2, resulting in an output 2D feature map of size 64 x 64 for an input image size of 128 x 128.
The 2D feature map is then flattened into a sequence of length 4096 and provided to the inverted
attention mechanism.

D Additional Results

D.1 Emerging Modularity in SlotSSMs

To gain further insights into the learned representations of the slot-based models, we investigate how
the slots are utilized in the image generation process. This can be done by visualizing the attention
mechanisms in the decoders.

Figure [12] presents the results of this analysis. For the transformer decoders used in the video
prediction and blinking color balls tasks, we compute the argmax over the slots in the cross-attention
map (Eq. [36), which represents the attention of the positional tokens over the slots employed to
obtain information for reconstruction at each position. In the case of the spatial broadcast decoder,
we take the argmax over the alpha-mixing logits a; (Eq.[T7). The visualizations reveal that each slot
tends to specialize in representing a specific object or a coherent part of the scene. This emerged
object-centric representation allows the model to efficiently capture the dynamics and interactions of
the objects, leading to improved performance in tasks such as video prediction and reasoning in the
blinking color balls benchmark.

Interestingly, even though the slot encoder used in the video prediction and blinking color balls
benchmarks does not explicitly enforce spatial disentanglement constraints like the inverted attention
mechanism in OC-SlotSSMs does, the models still learn to represent the sequences in an object-
centric manner. This emergent modularity suggests that the SlotSSM design can naturally encourages
the model to discover and exploit the underlying structure of the data which is a crucial capability for
modeling complex visual inputs such as real-world videos.

D.2 Real-World Videos Depth Estimation

In this additional experiment, we conduct a preliminary evaluation of SlotSSMs to assess its perfor-
mance in real-world videos with increased visual complexity. Our aim is to observe how SlotSSMs
utilize the modular representations to interpret and process real-world video data. Following previous
works in object-centric learning [[13]], we evaluate this through a depth estimation task.

Datasets and Tasks. We select three datasets that represent distinct real-world application scenarios
to observe the behavior of SlotSSMs across diverse contexts:

1. TikTok Dancing Dataset [33]]: Commonly used for content creation tasks [31]], this dataset
comprises dynamic videos of individuals dancing with variety of movements and poses.

2. UT Egocentric Video Dataset [42]]: Often utilized for egocentric action recognition [[72],
this dataset consists of first-person view videos that involve interactions with objects in the
environment.

3. Waymo Open Dataset [59]]: Primarily used for autonomous driving applications [43]], this
dataset includes videos captured from autonomous vehicles navigating traffic scenarios with
diverse environmental conditions.
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The primary task across these datasets is to estimate the depth of each pixel in the video frames.
However, it is important to emphasize that our objective is not to develop depth estimation models that
compete with existing specialized approaches. Instead, our main focus is to use this task, manageable
with our lab resources, to showcase the emerging modularity in SlotSSMs for real-world video inputs.

Models. We compare OC-SlotSSM, which uses inverted attention in the Slot Encoder, against
SAVi++ [13], an RNN-based object-centric learning method. Similar to the setting in Section[5] both
models use a CNN encoder to extract input tokens, which are processed using inverted attention for
OC-Sl1otSSM and slot attention for SAVi++ to produce slot representations. These slots are then used
to reconstruct the image using a spatial broadcast decoder, with MSE loss as the training objective.

Results. The quantitative results in Table [5] show that OC-SlotSSM consistently outperforms the
SAVi++ baseline across all datasets, demonstrating its superior video modeling capabilities. More
importantly, as illustrated by the attention patterns in Figure[I3] unsupervised scene decomposition
emerges during training. This demonstrates that SlotSSM is able to utilize the modular representations
to discover and exploit the latent structure of the input to complete the task, while the SAVi++ baseline
does not demonstrate the same level of emergent modularity.

Table 5: Depth Estimation MSE (|) on Real-World Datasets.

Model UT Egocentric Waymo TikTok
SAVi++ 0.589 0.804 1.412
OC-SlotSSM (Ours) 0.464 0.653 1.180

Algorithm 1 Mamba Block. The algorithm receives a T-length sequence of the same slot across
time s;.7 € RT*P. The algorithm outputs the updated slots s;.7. Note that the model imposes the
diagonal structure on the A matrix.

1: Input: s € RT*P

: Block params: SSM linear S, S¢, Sa; Transition matrix A € RP*¥: LayerNorm LN; Linear
Linear;, Linears; 1D Conv Convi1D

3 fort =1...T in parallel
4 St,resy = Linear;(s;)
5 st = SiLU(ConviD(s;))
6:  SSM block:
7
8
9

[\

B e RTXN SB(S)

C c RT*N 34(s)
: A € RT*P < softPlus(Parameter + Sa(s))
10: A B € RT*PxN «discretize(A, A, B)

11: hy = 0P*N

12: fort = 1...7 in parallel (scan)  # GPU hardware accelerated y <— SSM(A, B, C')(s).
13: h; =A;oh; ; +B;s; # Hadamard product for diagonal A.
14: y: = Cihy

150 fort=1...7T in parallel

16: vt = y: * SilU(rest)

17: y: = Linears(y;)

18:  returny
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Multi-Object Video Prediction

Blinking Color Balls Benchmark

Object-Centric Learning

Figure 12: Emerging Modularity in SlotSSMs. Object-centric state representations naturally emerged to
accommodate the underlying structure of the data.
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Figure 13: Emergent Scene Decomposition from Depth Estimation Tasks. Colors represent the ID of slots
used for predicting each position. SIotSSM is capable of exploiting the inherent modular structure of real-world
videos for efficient inference, without explicit segmentation supervision. For more examples please visit our
project website.

11626 https://doi.org/10.52202/079017-0370



NeurlIPS Paper Checklist

The checklist is designed to encourage best practices for responsible machine learning research,
addressing issues of reproducibility, transparency, research ethics, and societal impact. Do not remove
the checklist: The papers not including the checklist will be desk rejected. The checklist should
follow the references and follow the (optional) supplemental material. The checklist does NOT count
towards the page limit.

Please read the checklist guidelines carefully for information on how to answer these questions. For
each question in the checklist:

* You should answer [ Yes] , ,or [NA].

* [NA] means either that the question is Not Applicable for that particular paper or the
relevant information is Not Available.

* Please provide a short (1-2 sentence) justification right after your answer (even for NA).

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: The abstract and introduction clearly state the main claims made in the paper,
accurately reflecting its contributions and scope. The claims are supported by experimental
results presented in the paper.

Guidelines:

* The answer NA means that the abstract and introduction do not include the claims
made in the paper.

* The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

* The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

* It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: Discussed in the section Conclusion and Limitations.
Guidelines:
* The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.
* The authors are encouraged to create a separate "Limitations" section in their paper.

* The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

 The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

* The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.
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* The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

* If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

* While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]

Justification: In this paper, we focus on a thorogh empirical study of the proposed architec-
ture and do not include theoretical results.

Guidelines:

* The answer NA means that the paper does not include theoretical results.

* All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

* All assumptions should be clearly stated or referenced in the statement of any theorems.

* The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

* Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

* Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: All the architectural details are explained in Section 4.
Guidelines:

* The answer NA means that the paper does not include experiments.

* If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

* If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

* Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

* While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
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(a) If the contribution is primarily a new algorithm, the paper should make it clear how
to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]
Justification: We will make our work open-source upon acceptance.
Guidelines:

* The answer NA means that paper does not include experiments requiring code.

* Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

* While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

* The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

* The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

* The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

* At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

* Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: Details are included in the Appendix and our open source code.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

* The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment Statistical Significance
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Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer:

Justification: We did not include error bars in our reported results due to the prohibitively
high computational cost of running multiple experimental trials. However, we have provided
detailed experimental setups and parameters in the appendix. Additionally, we will open
source our code to facilitate reproducibility and allow others to verify our findings.

Guidelines:

* The answer NA means that the paper does not include experiments.

* The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

* The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

* The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

* The assumptions made should be given (e.g., Normally distributed errors).

e It should be clear whether the error bar is the standard deviation or the standard error
of the mean.

* It is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

* For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

e If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]
Justification: Details are included in the Appendix and our open source code.
Guidelines:

» The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

* The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: We conducted in the paper conforms to the NeurIPS Code of Ethics in every
respect.

Guidelines:

¢ The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
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* If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

* The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

10. Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]
Justification: We discussed this in the Impact Statement section.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

» Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

* The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

* If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [Yes]

Justification: Our work is not about image generators or pretrained language models and
uses synthetic and non-risky datasets.

Guidelines:

» The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

 Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
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Answer: [Yes]

Justification: We used an existing dataset in our work and the original papers that produced
the datasets. are cited in our paper.

Guidelines:

* The answer NA means that the paper does not use existing assets.
* The authors should cite the original paper that produced the code package or dataset.

 The authors should state which version of the asset is used and, if possible, include a
URL.

* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

* For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

* For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

* If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
13. New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: We do not release new assets.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

* The paper should discuss whether and how consent was obtained from people whose
asset is used.

* At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
14. Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

* According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
Subjects
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paperswithcode.com/datasets

Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

* The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

* We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

* For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.
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