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Abstract

Seeking high-quality representations with latent variable models (LVMs) to reveal
the intrinsic correlation between neural activity and behavior or sensory stimuli has
attracted much interest. In the study of the biological visual system, naturalistic
visual stimuli are inherently high-dimensional and time-dependent, leading to intri-
cate dynamics within visual neural activity. However, most work on LVMs has not
explicitly considered neural temporal relationships. To cope with such conditions,
we propose Time-Evolving Visual Dynamical System (TE-ViDS), a sequential
LVM that decomposes neural activity into low-dimensional latent representations
that evolve over time. To better align the model with the characteristics of visual
neural activity, we split latent representations into two parts and apply contrastive
learning to shape them. Extensive experiments on synthetic datasets and real neural
datasets from the mouse visual cortex demonstrate that TE-ViDS achieves the
best decoding performance on naturalistic scenes/movies, extracts interpretable
latent trajectories that uncover clear underlying neural dynamics, and provides
new insights into differences in visual information processing between subjects
and between cortical regions. In summary, TE-ViDS is markedly competent in
extracting stimulus-relevant embeddings from visual neural activity and contributes
to the understanding of visual processing mechanisms. Our codes are available at
https://github.com/Grasshiw/Time-Evolving-Visual-Dynamical-System.

1 Introduction

With the rapid development of neural recording technologies, researchers are able to simultaneously
record the spiking activity of large populations of neurons, opening up new avenues for exploring
the brain [S5]]. For high-dimensional neural data analysis, an important scientific problem is how to
account for the intrinsic correlation between neural activity and behavioral patterns or sensory stimuli.
One influential approach is latent variable models (LVMs), which construct low-dimensional latent
representations that bridge to behavior or stimuli and explain neural activity well [47, 15,156} 126, [34].
To deal with the increasing scale of neural population activity, LVMs have evolved from simple
mathematical models early on, such as principal component analysis and factor analysis [9, |61} 44],
to complex artificial neural networks. More recently, advanced deep learning algorithms have enabled
LVMs to extract high-quality representations from neural activity without knowledge of experimental
labels [59] 42} 22} 136], or to incorporate behavioral information into models to constrain the shaping
of latent variables [37,[25] 1451152} 2| 23]]. These approaches have contributed to the analysis of neural
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activity in various ways, including predicting neural responses [42, 27]], decoding related motion
patterns or simple visual scenes [36, 48], and constructing interpretable latent structures [63| |3]].

Although LVMs have sparked strong interest in uncovering the underlying dynamical structure of
neural activity, most studies have focused on neural data recorded from motor brain regions under
specific controlled behavioral settings [13} 42,163} 136, 143], such as pre-planned reaching movements
[L8]. There is a paucity of studies on LVMs exploring neural data from the visual cortex [21} 162} 48]
Given the significant challenge of elucidating the correlation between neural activity and visual stimuli
[15, 128,158, [17]], the development of robust models for extracting vision-related latent representations
is critically imperative. Furthermore, due to the complex visual neural dynamics, incorporating
temporal structure into models to obtain time-dependent latent representations may be a key point for
the analysis of visual neural activity. However, there is also a lack of LVMs that explicitly model
neural temporal relationships under visual stimuli.

In this work, we propose the Time-Evolving Visual Dynamical System (TE-ViDS), which aims
to generate high-quality latent representations from visual neural activity by disentangling neural
components related to visual stimuli from those influenced by internal states. First, we introduce
temporal structures to explicitly establish temporal relationships in latent variables, allowing them
to evolve over time and capture the temporal dependency inherent in neural activity. Second, to
sufficiently utilize the characteristics of visual neural activity, we adopt the split structure approach
[36]] and design distinct loss functions to construct two specialized parts of latent representations.
The external latent representations aim to capture stimulus-relevant components within visual neural
activity, while the infernal latent representations reflect the dynamical internal states that influence
the animal’s sensory capability [39] 4]. In doing so, TE-ViDS can generate latent representations that
are more relevant to visual stimuli while also explaining the effects of internal states. We evaluate our
model on synthetic and mouse visual datasets, comparing it with leading alternatives. Our model
demonstrates its ability to construct meaningful latent representations, yield a greater degree of
correlation between neural activity and visual stimuli, and explain the visual information processing
mechanisms of the mouse visual cortex. Specifically, our main contributions are as follows.

* We introduce state factors to filter temporal information, enabling TE-ViDS to progressively
compress neural activity and evolve latent variables. Regarding the distinct objectives of the
two parts of latent representations, we apply self-supervised contrastive learning to shape
the external and utilize a time-dependent prior distribution to guide the internal.

* Through evaluation on synthetic datasets, we show that our model more effectively recovers
latent structure and handles time-sequential data well.

» Through evaluation on mouse visual datasets, we demonstrate that our model outperforms
alternative models in decoding natural scenes and natural movies, as well as in extracting
clear temporal trajectories of neural dynamics at different time scales.

* Further analysis reveals that our model can explain the potential variability in visual infor-
mation processing between subjects and provide new evidence for the functional hierarchy
of the mouse visual cortex.

2 Related Work

With the advancement of deep learning, the application of cutting-edge learning algorithms and
the innovative design of model structures have greatly promoted the development of LVMs in
neuroscience. Some prominent works are summarized below.

The approaches based on neural networks have become major avenues for discovering latent repre-
sentations underlying neural activity, which better elucidate the mechanisms of neural representations.
A well-known model is latent factor analysis via dynamical systems (LFADS), which used RNNs in
a sequential VAE framework to extract precise firing rate estimates and predict observed behavior
for single-trial data on motor cortical datasets [42} 29} [30]. Recurrent switching linear dynamical
systems (rSLDS) [35,153]] and low-rank RNNs [41]] also introduced recurrent structures, facilitating
the understanding of complex nonlinear neural dynamics. Through specific latent variable designs,
pi-VAE [63]] and Swap-VAE [36] built interpretable latent structures linked to motor behavior pat-
terns. Furthermore, numerous studies have made significant contributions to achieving the goal
of dissociating behaviorally relevant and irrelevant components in neural activity. Targeted neural
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Figure 1: The method overview. A. The illustration of TE-ViDS for analyzing visual neural activity in
the mouse visual cortex. The encoder extracts spatial features from sequential spike data. The latent
variables are evolved conditionally on features of the encoder and RNNs’ state factors over time.
The decoder maps latent variables to inferred firing rates. B. The illustration of different learning
objectives for the two parts of latent representations of TE-ViDS. For external latent representations,
we apply contrastive loss to encourage them to distinguish the stimulus-relevant components. Given
a reference sample (white dot), the red dot is a positive sample and the orange dots are negative
samples. For internal latent representations, we use the KL divergence to constrain their distribution
to a time-dependent prior distribution.

dynamical modeling (TNDM), based on LFADS, constructed a two-pathway structure for separation
[25]. PSID [45], DFINE [L1], and DPAD [46] were dedicated to introducing supervised information
into dynamical systems to capture behavior-relevant dynamics.

In the visual domain, several latent variable models have made an effort to advance the understanding
of visual neural dynamics. One work used Gaussian process models [19] and found that anesthesia-
induced internal state fluctuations lead to correlated variability, while another proposed a network-
based linear dynamical system (fLDS) that captures neural variability under drifting grating stimuli
[21]. In addition, a rectified latent variable model built latent variables that show a spectrum of
functional groups as neurons in the mouse visual cortex under drifting gratings [40]], and a flow-based
generative model recovered the distribution of visual neural activity [7]. Recently, CEBRA, a self-
supervised learning model, obtained consistent latent representations and made progress in decoding
movies [48]. Although these studies cover various types of models, most of them are limited to
simple visual stimuli and the task of reconstructing neural responses, leaving a gap for constructing
high-quality latent representations from visual neural activity under naturalistic stimuli.

3 Methods

To generate latent representations that can effectively explain the characteristics of visual neural
activity, we introduce the Time-Evolving Visual Dynamical System (TE-ViDS), which evolves two
parts of representations over time. In this section, we elaborate the concrete implementations of the
model architecture and model learning (visualized in Figure [)).

Basic notations. Neural responses recorded from large numbers of neurons are mostly in the form of
spikes, which are regarded as discrete events. In practice, it is common to discretize a period of time
into small time windows and calculate the number of spikes within each window. Consequently, for
the neural activity of a population of neurons over a period of time, we define a sequence input as
X = (X1,Xa,...,X7) € RT*N 'which represents spike counts of N neurons within 7" time windows.
The corresponding low-dimensional latent variable is denoted as z = (21, zs, ..., z7) € RT*M,

3.1 Model Architecture

As aforementioned, TE-ViDS compresses visual neural activity into external latent representations and
internal latent representations (z; = [zge), z§”]). To evolve the two latent variables, we incorporate
two dynamical systems into our model, using the state factor h, to sift and accumulate temporal
information [8, |20} [12]]. In this way, the latent variables of the current time step are only conditioned
on the input and state factors of the previous time steps, facilitating the capture of dynamics in causal
order.



External latent variables. This part of latent representations aims to capture the stimulus-relevant
components of neural activity. To maintain our focus on variability arising from internal brain states,
we construct external latent variables as deterministic values:

o = 1{e) (Fele) b)) "

Internal latent variables. This part of latent representations aims to reflect dynamical internal
states that contain high variability and noise. To model such dynamics, internal latent variables
are constructed as stochastic values that evolve over time. The tractable parameterized distribution

(approximate posterior) is conditioned on both x; and hg? 1» while the prior distribution is conditioned

solely on hgijl, endowing it with a certain degree of spontaneity:
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Neural activity reconstruction. High-quality latent representations, as compressed forms of the
original neural activity, are required to effectively reconstruct their input. In practice, to enrich the
dynamic information for a more accurate reconstruction, the spike count observation is related not
only to the latent variables but also to the internal state factors:

)A(t Zgi}}?»zggv hy%fl ~ P(rt)v ry = fdcc (de)v zz(tv)ahggl) ) (4)

where the parameterized distribution P is chosen to be Poisson [21]], i.e., the actual inferred neural
activity is spike firing rates r;.

Recurrent neural networks. The state factor is updated by GRU [L1]. By selectively integrating
and exploiting input and latent variables, the state factor is crucial for capturing complex sequential
dynamics. Besides, since the animal’s dynamical internal states are inevitably affected by visual

stimuli, hﬁ‘f) and hgi) corresponding to the two latent representations are updated differently:
R T (ACOR T
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All the functions f above are parameter-learnable neural networks (see Appendix [A|for details).
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3.2 Model Learning

Given that the two parts of latent representations hold different objectives for disentanglement, we
introduce the following loss function to optimize all learnable parameters in an end-to-end manner:

L= Lrecons + Bﬁcontmstive + 'Yﬁregular (6)

The first term which deals with the objective of inferring neural activity is formulated as
T Zthl [Lp (x4, 1¢)], where Lp is Poisson negative log likelihood.

The second term encourages external latent representations to distinguish stimulus-relevant compo-
nents through self-supervised contrastive learning. Specifically, for a given sample x = (xy, ..., Xr),
we randomly select another sequence offset by several time steps as a positive sample, denoted
Xpos = (X14A;,---,X7+A), where A can be positive or negative. The offset is smaller than the
length of the sequence to ensure that the positive sample pairs overlap, i.e., the visual stimuli cor-
responding to the positive sample pairs are similar, which establishes an association between the
external latent variables and the visual stimuli. Then, a mini-batch of negative samples is randomly
selected from the entire training set. Finally, we compute the external latent variables of all selected
samples and apply the NT-Xent loss [10] as Lcontrastive to them. In doing so, external latent repre-
sentations of the positive sample pairs are driven to be distinguished from the negative samples. For
this term, we do not apply the time-wise operation, but flatten the temporal and spatial dimensions of
the external latent variables for the loss computation. In addition, to enhance the effect of the positive
sample, we adopt the practice of the swap operation [36]. We exchange the external latent variables



of the given sample with those of the positive sample while keeping the internal latent variables
unchanged. The new latent representations are then used to compute new inferred firing rates and an
additional reconstruction loss.

The third term measures the difference between the prior and the approximate posterior of the

internal latent variables by the KL divergence, formulated as - Zthl [DKL (zgi) \|z§’))} . Besides, we

compute the L2 norm of the expectation and log-variance of the prior distribution as a regularization
to avoid excessive fluctuations over time and to stabilize model training.

£ and «y are hyperparameters used to control the severity of the penalty for each loss term. The
entire loss function actually obeys the strategy of maximizing the evidence lower bound (ELBO)
of the marginal log likelihood in the VAE framework [31], while also accounting for the impact of
introducing the contrastive loss [57]]. A detailed derivation is given in Appendix [B]

4 Experiments

To evaluate the utility of the latent representations constructed by TE-ViDS for the analysis of visual
neural activity, we perform a series of experiments to compare our model with alternative LVMs
from two aspects, similar to studies focusing on motor brain regions [36} 48]|. First, we quantify
the performance in decoding visual stimuli using latent representations, which has long served as a
research hotspot for unraveling the mechanisms of visual processing [28,|58]. Second, we assess the
clarity of latent temporal trajectories extracted from neural dynamics.

4.1 Datasets

We carry out the experiments on two commonly used synthetic datasets and a well-known publicly
available mouse visual neural dataset.

Synthetic datasets. The two synthetic datasets are crucial for evaluating the fundamental ability of
LVMs to construct accurate latent variables. One is a non-temporal dataset generated from several
sets of labels 163, [36]], facilitating the assessment of class discrimination capabilities. The other is
a temporal dataset constructed by the Lorenz system to test for extracting temporal relationships
[21./54]]. A detailed description of the generating procedure is presented in Appendix [C|

Mouse visual neural dataset. We use a subset of the Allen Brain Observatory Visual Coding dataset
[51]], which has been used in a variety of studies, including the construction of brain-like networks
[50], the modeling of functional mechanisms [6} |14], and the decoding of visual stimuli [48]]. This
dataset was collected by Neuropixel probes from six mouse visual cortical regions simultaneously,
including VISp, VISI, VISrl, VISal, VISpm, and VISam. Notably, neural activity was recorded while
mice passively viewed visual stimuli without any task-driven behavior. The dataset comprises 32
sessions, each involving one mouse. In this work, we choose to analyze five mice (subjects) that
have the maximum number of recorded neurons (see Appendix [D), and these neurons are evenly
distributed across all regions (the coefficient of variation for the number of neurons across six regions
is below 0.5). We focus on neural activity in response to natural scenes and a natural movie. For
natural scenes, 118 images are presented in random order, each for 250ms and 50 trials. The neural
activity in the form of spike counts is binned into 10-ms windows so that each trial contains 25 time
points. The natural movie is 30 seconds long with a frame rate of 30Hz, presented for 10 trials. We
bin the spike counts with a sampling frequency of 120Hz and align them with the movie timestamps,
resulting in four time points for each frame.

Since spike responses are quite variable across trials even under identical experimental conditions,
we conduct the basic evaluation on "held-out" trials. Specifically, for each dataset, we randomly split
all trials into 80% for training, 10% for validation, and 10% for test.

4.2 Evaluation Metric

Following previous studies [54, 48], we apply two quantitative metrics for evaluation.

Reconstruction score. For the two synthetic datasets, we use linear regression to fit the latent
variables of models to the true latent variables, and report the R? as the reconstruction score.
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Figure 2: Results on synthetic datasets. A. The true latent variables of the non-temporal dataset. B-D.
The inferred latent variables of our model and some alternative models. E. The reconstruction scores
of all models on the non-temporal and temporal datasets. The standard error is computed on 10 runs
with different random initializations.

Decoding score. For the mouse visual neural dataset, we quantify the performance of models in
decoding natural scenes/natural movie frames. In terms of natural scene decoding, we obtain the
latent variables of the last 20 time points (50ms-250ms) in each trial, since there is a response latency
in the mouse visual cortex when presented with static stimuli [S1]. These latent variables are then
concatenated into a vector to form the latent representations of each trial, thereby retaining maximal
temporal information. We use the KNN algorithm to classify the latent representations of each trial,
i.e., to decode the corresponding natural scenes. In terms of natural movie frame decoding, we
compute the latent variables of four time points within each frame, averaging them to create the
latent representations for that frame. We also use the KNN to predict movie frames based on latent
representations (900 frames in total, i.e., 900 classes). The specific KNN procedure is as follows:
First, we fit the KNN on the training set and search for the optimal hyperparameter (the number of
neighbors) on the validation set, using classification accuracy as the metric. The search range is set
to odd numbers between 1 and 20, with odd numbers chosen to reduce decision uncertainty. Then,
the accuracy on the test set is reported as the decoding score. Notably, for movie frame decoding,
we follow the established approach of CEBRA [48]], considering an error of less than 1s (constraint
window) between the predicted frame and the true frame as a correct prediction.

4.3 Alternative Models

For a comprehensive analysis, we compare TE-ViDS with several leading LVMs, including three
generative models (a sequential: LFADS [42]], a supervised: pi-VAE [63], and a self-supervised: Swap-
VAE [36]) and a nonlinear encoding method with contrastive learning (CEBRA) [48]]. Specifically,
pi-VAEﬂ incorporates additional supervised information for latent variable construction, but does
not model temporal dynamics. Swap-VAE utilizes contrastive learning to construct separated latent
variables, aligning with our disentanglement goal, but it also does not explicitly model temporal
dynamics. For the two models that are able to model the temporal relationships, LFADS processes
sequential neural activity using bidirectional RNNs, while CEBRA encodes temporal features of
sequential data with fixed convolutional kernels. Furthermore, for fair comparisons, we build a
small version of our model (TE-ViDS-small) with fewer trainable parameters than Swap-VAE (see
Appendix [E|for the number of trainable parameters).

For each dataset, all models are set to latent variables of the same dimension and trained for more
than 20,000 iterations until convergence. Additionally, we apply the hyperparameter grid search for
all models. More details of the training setup are presented in Appendix [F|

4.4 Results on Synthetic Datasets

First, we visualize the reconstructed latent variables on the non-temporal dataset (Figure 2JA-D).
TE-ViDS reliably separates the different clusters as well as recovers the structure of the true latent
variables to form clear arcs. In contrast, some of the alternative models fail to construct similar
structures despite separating clusters (Swap-VAE and CEBRA), and others even struggle to separate
four clusters (LFADS and pi-VAE; Appendix [G). Quantitatively, the reconstruction scores also
suggest that our model outperforms all alternative models (Figure [2E).

For the original temporal dataset, TE-ViDS performs significantly better than those models that
process sequential spikes at each time point independently, and moderately better than LFADS

2pi-VAE incorporates the label prior during training, but the inferred latent variables are built without the
label prior at the evaluation stage. This way is used in all experiments.



Table 1: The decoding scores (%) for 118 natural scenes on the mouse visual neural dataset. The
standard error is computed on 10 runs with different random initializations.

Models Mouse 1 Mouse 2 Mouse 3 Mouse 4 Mouse 5
PCA 0.59 1.53 1.53 0.80 0.85
LFADS 30.76+0.65 16.46+0.49 22.204+0.26 19.69+0.38 4.69+0.22
pi-VAE 7.49+0.77 19.424+0.62 22.924+0.37 13.71+1.39 2.22+0.64
Swap-VAE 32.81+£1.47 24.34+0.57 14.36+1.31 14.85+1.29 3.9240.37
CEBRA 1.53+0.15 3.42+0.07 4.861+0.19 2.81+0.23  1.084+0.10

TE-ViDS-small 47.08+£2.86 23.95+£1.39 29.08+1.47 34.95£0.90 9.93+0.27
TE-ViDS 50.86+0.81 27.24+0.47 29.90+0.43 38.05+0.53 9.4440.20

A B Neural RSM TE-ViDS RSM
Class 1 1.0
50 TE-ViDS E::;;; i
B TE-ViDS (External) — Class 4
TE-ViDS (Internal) 2 Class 5| 0.6
S Class 6
\,;40 S Class7
S
< Class §| .
o Class 9| 0.2
é 30 Class 10
& Class 1 ;
£ Cl
5 ass 2| -0.2
S0 Class 3 2
3 A Class 4
a 2 Classs N
3 3 ‘
5 Class6 X -0.6
10 = Class 7 X ’
= Class 8| ~
T 1 T Class 9 X
© s n 5
- fHM: MW= CHM: @: Class 10/BI| I H,
0 Ral wi o~ <« o - faed <+ > ol w w n E -
Mouse 1 Mouse 2 Mouse 3 Mouse 4 Mouse 5 é é g : Z
o

Figure 3: Results on the mouse neural dataset under natural scene stimuli. A. The decoding scores (%)
of the full, external and internal latent representations of TE-ViDS for 118 natural scenes. B. RSMs
computed on the original neural representations and TE-ViDS’s latent representations, respectively
(Mouse 1 and Mouse 2). Each element in a matrix is the similarity between two trials’ representations.
Each small square involves comparisons between two natural scenes, containing 50 trials.

which also uses RNNs to process sequential data (Figure 2JE). Moreover, when we shuffle the time
dimension for each trial data in the original dataset to obtain a dataset without temporal dependency,
the performance of our model and LFADS shows a drastic degradation. However, for models utilizing
time-jittered positive samples, the performance reduction observed in Swap-VAE and CEBRA was
comparatively less severe. These results demonstrate the superiority of our model in dealing with
temporal data and its sensitivity to temporal relationships.

4.5 Results on the Mouse Neural Dataset under Natural Scene Stimuli

As shown in Table[I] TE-ViDS achieves the highest decoding scores for all mice with a noticeable
improvement over other models. In particular, CEBRA, which can encode temporal relationships,
instead performs poorly in this downstream task, suggesting that using time filters to extract temporal
neural features is less suitable in this case. In contrast, the time-evolving latent representations
constructed by our model reliably capture temporal relationships encoded in the mouse visual cortex
under different static scene stimuli, which may be helpful for natural scene discrimination. We further
evaluate the decoding performance of the external and internal latent variables separately (Figure
BlA). We find that the external latent representations significantly outperform the internal latent
representations, supporting our assumption that the former are tuned to stimulus-relevant components
of neural activity, while the latter point to stimulus-irrelevant internal states.

Although our model achieves the highest performance, we find that the decoding scores for different
mice show large differences. We further apply Representational Similarity Analysis (RSA) [33}(32]]
to the original neural activity and TE-ViDS’s latent representations. Specifically, we calculate
the representational similarity between the representations to each pair of trials using the Pearson
correlation coefficient, yielding representational similarity matrices (RSMs). We select ten scenes
that elicit the strongest average responses for visualization. By comparing the RSMs of the original



Table 2: The decoding scores (%, in 1s window) for natural movie frames on the mouse visual neural
dataset. The standard error is computed on 10 runs with different random initializations.

Models Mouse 1 Mouse 2 Mouse 3 Mouse 4 Mouse 5
PCA (baseline) 8.44 28.77 25.42 21.56 11.69
LFADS 8.944+0.25 26.57+£2.46 26.77+2.23 24.76+1.80 12.69+1.38
pi-VAE 10.24+0.31 42.51£0.65 36.964+0.60 38.31+0.52 18.08+0.59
Swap-VAE 12.1940.20 51.31+£0.73 45.964+0.34 41.53+0.63 22.70+0.42
CEBRA 10.62+0.18 52.76+0.89 61.01+0.76 42.11+0.73 22.33+0.31

TE-ViDS-small 13.23+0.25 64.09+£0.41 59.36+0.30 53.46+0.58 29.60+0.26
TE-ViDS 13.88+0.19 65.38+£0.36 59.88+0.72 54.33+0.54 30.18+0.40
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Figure 4: Results on the mouse neural dataset under natural movie stimuli. A. The decoding scores
(%) of the full, external and internal latent representations of TE-ViDS. B. The decoding scores (%)
for movie frames under different constraint windows of predicted frames and the true frames. C-E.
Visualization results of latent trajectories (Mouse 2). Each color corresponds to all frames within
1s. Small dots denote one frame. Large dots denote the average among a group of frames. The red
dashed line connects all averages. F. RSMs computed on the original neural representations and
TE-ViDS’s latent representations (Mouse 2). Each element is the similarity between two frames’
representations. Each small square involves comparisons between two trials, containing 900 frames.

neural activity and TE-ViDS (Figure[3B), we show that our model can extract clearer intrinsic patterns
of neural activity and reduce the impact of useless noise, facilitating the unraveling of information
processing mechanisms in the visual cortex. Moreover, we observe that the RSMs of TE-ViDS
between two mice exhibit significantly different patterns. For Mouse 1, there are two redder blocks,
top left and bottom right, in each of the small squares, suggesting that the neural representations
of closer trials in time are more similar and divided into two periods, even under different visual
stimuli. This phenomenon may be due to differences in the internal states of this mouse during the
two periods, and the effect of such states on neural activity is even stronger than that of visual stimuli
to some extent. For Mouse 2, there is no such clear change in state. These results echo some previous
studies, showing that sensory performance in mice is strongly influenced by their internal state [4]],
which may also be an important reason for the variability in neural activity between subjects.

In addition to tasks on "held-out" trials, we perform a more challenging task on "held-out" stimuli.
All models are trained with neural responses to 95 natural scenes (approximately 80% of all scenes),
and their decoding performance is evaluated on the remaining 23 scenes. The results (see Appendix
|H|) show that TE-ViDS outperforms other models, even for these unseen stimuli.

In summary, these results demonstrate the advantages of our model in decoding natural scene stimuli
and extracting fine neural dynamics (see latent trajectories over time in Appendix [[). The latent
representations constructed by our model help to explain potential differences in visual information
processing between individuals, which deserves further exploration.
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Figure 5: The decoding scores (%) of TE-ViDS for natural scenes/natural movie frames on six
mouse visual cortical region datasets. The box plots are based on 10 runs with different random
initializations.

4.6 Results on the Mouse Neural Dataset under Natural Movie Stimuli

TE-ViDS performs best for four mice (Table [2). Specifically, our model gains more advantage
over LFADS than over the others. We also show that the external latent representations are more
stimulus-relevant (Figure JA). The results of Figure @B show that TE-ViDS consistently outperforms
alternatives across a broad range of constraint windows, especially in finer-grained frame decoding.

For visualization, we reduce the dimensions of the latent representations of each movie frame using
tSNE. We set all frames within 1s as a group and show the trajectories of latent representations for
the middle 10s of the movie (Figures -E. We focus on Mouse 2, for which most models achieve the
highest scores. See Appendix [[|for the results of the other parts of the movie and the other models).
Compared to alternative models, the representations of TE-ViDS show clear temporal structures
along movie frames with less overlap and entanglement between different time groups.

For further analysis, we also compute RSMs of the original neural activity and TE-ViDS on Mouse
2 (Figure @F). Different from the RSMs in Figure [3B, each element in these matrices is the rep-
resentational similarity between the representations to each pair of movie frames and each small
square involves comparisons between two trials. The comparison between neural RSM and TE-ViDS
RSM provides the same evidence that our model extracts clearer patterns and reduces noise. In
each small square of TE-ViDS RSM, brighter regions are near the diagonal, showing that the neural
representations of neighboring frames are more similar, even for different trials. This pattern suggests
that under continuous and long-duration visual stimuli, this mouse has a stronger neural response to
stimuli and is less affected by its internal state. This may reveal differences in the mouse’s visual
encoding ability under short-duration static stimuli and long-duration continuous stimuli.

To conclude, our model achieves the highest decoding scores for natural movie frames. Furthermore,
we also perform experiments on "held-out" movie frame stimuli, in which our model performs
best on decoding movie frames (Appendix [H). Importantly, our model constructs meaningful latent
representations related to the content and temporal structure of movie stimuli at large time scales,
providing insights into visual information processing mechanisms for long-duration stimuli.

4.7 Experiments for Mouse Cortical Regions

To explore the ability of six mouse visual cortical regions to process visual stimuli, we randomly
sampled 150 neurons from each of the six regions of five selected mice to construct visual neural
activity datasets, respectively. We train TE-ViDS on these six datasets and evaluate its decoding
performance for natural scenes/natural movie frames. The experiment is repeated ten times.

As shown in Figure 3] the decoding performance varies considerably across regions and the perfor-
mance trends across regions between decoding the two types of stimuli are essentially the same.
The anatomical hierarchy of the mouse visual cortex [51]] shows that VISp is the primary region,
while VISI, VISrl and VISal are the mid-level regions, and VISpm and VISam are the high-level
regions. Additionally, VISrl is a multi-sensory region [[14] that receives multi-modal sensory input.
Our results show that the decoding performance is higher in the primary and mid-level regions than
in the high-level regions, with the lowest performance observed in VISrl. First, the poor performance
of VIStl may be due to the fact that, as a multi-sensory region, it is not well driven by visual stimuli
alone. Second, while some previous studies have suggested that the mouse visual cortex is organized
in a parallel structure [49, 24, the differences in decoding performance across regions may provide



evidence that there is heterogeneous and specialized visual encoding information for each brain
region. These results echo the anatomical work [S1] to some extent and provide new insights into the
functional hierarchy of the mouse visual cortex.

5 Discussion

This work presents a novel latent variable model, TE-ViDS, by introducing temporal structures to
explicitly establish temporal relationships and constructing two parts of latent representations to
disentangle the stimulus-relevant components from visual neural activity. The results of synthetic
and mouse neural datasets demonstrate that our model outperforms alternative models and builds
latent representations that are strongly correlated with visual input, revealing intrinsic correlations
between visual neural activity and visual stimuli. A series of ablation studies demonstrates the
effectiveness of our model’s components (Appendix [J). Furthermore, TE-ViDS aids in explaining the
variability in visual information processing between subjects and provides computational evidence
for the functional hierarchy of the mouse visual cortex, which may contribute to the computational
neuroscience community.

There is a paucity of research analyzing visual neural activity with LVMs. CEBRA has built consistent
latent representations from multimodal visual neural activity [48]]. Our work takes a further step in the
development of powerful LVMs to yield stimulus-correlated latent representations and capture neural
dynamics. However, there are still some limitations. First, in the absence of recorded internal states
or behavioral information, we are unable to quantitatively assess the interpretability of infernal latent
variables and find it difficult to interpret the functional role of inferred internal latent representations.
Second, our model exhibits substantial variability in decoding performance across individual mice.
Subsequent analyses suggest that the variability in neural activity between subjects and trials [60, [38]]
may be caused by the animal’s internal states. This could represent a potential breakthrough for LVMs
to consistently construct high-quality stimulus-correlated latent representations across conditions, but
further exploration is required.

Last but not least, our approach is not limited to studying visual neural spikes from mice and can
be extended to neural data from other species and modalities to investigate broader principles of
biological coding mechanisms, facilitating the development of computational neuroscience.
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A Detailed Structure of TE-ViDS

The encoder and decoder of TE-ViDS are derived from Swap-VAE. The encoder consists of three
blocks, the first two of which are sequentially stacked with a linear layer, a batch normalization, and a
ReLU activation. The last block differs from Swap-VAE in that it additionally introduces the hidden
states of the GRU as input. The output dimensions of the three blocks are N, M, and M, where N is
the number of neurons and M is the number of latent variables. The decoder is a symmetric structure
of the encoder, where the first two blocks are also sequentially stacked with a linear layer, a batch
normalization, and a ReLU activation, and the last block is a linear layer followed by a SoftPlus
activation. We set the dimensions of the two latent variables to be equal and use a one-layer GRU
for each of them, where the dimensions of the hidden states are equal to the dimensions of the latent
variables. The operations of each module are shown in Figure [6]
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Figure 6: The operations of each module in TE-ViDS.

B Derivation of the Loss Function of TE-ViDS

The loss function of TE-ViDS obeys the strategy to maximize the likelihood of the joint sequential
distribution p(x;.7). Involving the latent variables z;.7, we have the variational lower bound:

log p(x1.7) :/Q(ZLT\XLT)IOgP(XlzT)dZLT

X1.7,Z1:
:/Q(leT‘Xl:T)logwdzl:T
p(Z1:T|X1:T

)
Z1.7|X1: X1.T, Z1:
= /Q(zlcT‘XlzT)log wdzl;TJr/q(zl;Tlxl:T)log Mdzﬂ
p(Z1:T|X1:T) Q(ZLT\XLT)
p(X1.1,21:
= KL(q(z1.7|x1.7)||p(21:7|%x1.7)) + /Q(Z1;T|X1:T)10g Mdzlf
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X1.7, Z1:
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where p(x1.7,2z1.7) is the joint distribution as well as p(z1.7|x1.7) and g(z1.7|x1.7) is the true
posterior and the variational approximate posterior, respectively. The true posterior is intractable.

Considering Equations|1|an |5, we know that zge) is deterministic values and hgi) is a function of x1.;

and zgii Therefore, we have the factorization:

T
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where ¢( ti) [X1:¢, z@_l), p(zgi) |X1:4—1, z@_l) and p(xt|z§2, zgiz, X1:¢—1) are the distributions
defined by Equations 2} [3|and 4] respectively. Based on the above factorization, we decompose the
variational lower bound as:
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When we simplify the above log-likelihood to a function g(x1.¢, Z1.¢), we have:
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Therefore, we further decompose Equation [T0]as:
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Finally, for a given sequential data x, we have the loss function:

£~ 3" | —logp(xilzll, 28, x1-1) + KL(g(2{” [x1, 20 )12 [x1:0-1,21) 1)) | +Leontrast:
t=1

reconstruction loss regularization loss
(13)
where the first and second terms correspond to Lp and Dky, in the main text, respectively.

Since we assume a Poisson distribution for the inferred neural activity, Lp is the Poisson negative
log-likelihood:

;o
Lp(xq,1¢) = —log e
Xt
= —xylogr; + r; + log x4! (14)

1
~ —xylogry + r; + x; logx; — x4 + 3 log (27mx¢).

As for Dkr,, under the assumption that both the prior and the approximate posterior are Gaussian, we
have:
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Finally, we apply NT-Xent loss as the contrastive loss:
exp (sim (z(e), ng.)s) /7')
£Contrast = - IOg (16)

exp (sim (z(e), zé‘?s) /T) + > exp (sim (Z(e), de)g> /T) 7

where sim (*, *) is the cosine similarity and 7 is the temperature coefficient.

C Generating Procedure of Synthetic Datasets

Non-temporal dataset. First, we generate labels u; from four uniform distributions on
[23%, W],i € {0,1,2,3}, in preparation for building four clusters. Second, for each
cluster, we sample 2-dimensional latent variables z from independent Gaussian distribution with

(5sinw;, 5 cosu;) as mean and (0.6 — 0.5] cos u;|, 0.5] cos u;|) as variance. Third, we feed sampled
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latent variables into a RealNVP network [[16] to form firing rates of 100-dimensional observations
and generate the synthetic neural activity from the Poisson distribution. Each cluster contains 4,000
samples. This dataset, being label-dependent, is used to evaluate the models’ ability to construct
discriminative latent variables.

Temporal dataset. We generate three dynamic latent variables from the Lorenz system, consisting
of a set of nonlinear equations. The firing rates of 30 simulated neurons are then computed by
randomly weighted linear readouts from the Lorenz latent variables. Synthetic neural activity is also
generated from the Poisson distribution. The hyperparameters of the Lorenz system follow a previous
work [54]. We run the Lorenz system for 1s (1ms for a time point) from five randomly initialized
conditions. Each condition contains 20 trials. This dataset is for assessing the models’ ability to
represent temporal information.

D Characters of Mouse Visual Neural Dataset

The full names and abbreviations of all cortical regions are listed in Table 3] and the number of
neurons for all chosen mice is also presented.

Table 3: Characters of the neural dataset.

Cortical Region Abbreviation Mouse 1 Mouse2 Mouse3 Mouse4 Mouse 5
primary visual cortex VISp 75 51 93 63 52
lateromedial area VISI 39 30 56 38 20
rostrolateral area VISrl 49 24 58 44 41
anterolateral area VISal 42 51 43 71 46
posteromedial area VISpm 62 90 17 19 64
anteromedial area VISam 94 72 49 60 64

E Number of Trainable Parameters of All Models

The number of model parameters is roughly proportional to the number of input neurons. We present
the number of parameters for the Mouse 1 dataset in Table ]

Table 4: The number of model parameters for the Mouse 1 dataset.

LFADS pi-VAE Swap-VAE CEBRA TE-ViDS-small TE-ViDS
Number of parameters 0.45M  0.49M 0.38M 0.71M 0.29M 0.68M

F Training Setup
We list the information of training datasets and the hyperparameters of the model training in Table 5]
For each model, we perform the grid search for the learning rate (1.0 x 1075 to 1.0 x 10~3) and the

weights of each loss term (0.01 to 10) to achieve optimal performance on the validation set.

Table 5: The information of each dataset and the hyperparameters of the training.

Dataset ‘ Training Size  Validation Size = Test Size ‘ Latent Dimension ‘ Learning Rate  Optimizer
non-temporal synthetic dataset 12800 — 3200 32 0.0005 Adam
temporal synthetic dataset 80000 — 20000 8 0.001 Adam
visual neural dataset under natural scenes 118000 14750 14750 128 0.0001 Adam
visual neural dataset under natural movie 28800 3600 3600 128 0.0001 Adam

Furthermore, we present the preprocessing implementation of training samples for all models.

Visual neural dataset. For the neural activity under natural scenes, each sample input to TE-ViDS is
sequential data from 5 time points and the offset of positive samples from target samples is within £3
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time points. For the neural activity under the natural movie, each sample consists of 4 time points and
the maximum absolute offset is 2. As for alternative models, pi-VAE and Swap-VAE take the neural
activity of an independent time point as an input sample. LFADS processes samples with the same
length as our model. For CEBRA, following the original approach [48], we take the surrounding
points centered on the target point to form a sequence (5 time points for natural scenes and 4 for the
natural movie).

Non-temporal dataset. Since this dataset does not involve temporal relationships, each sample can be
conceptualized as a sequence comprising a single time step. In the context of contrastive learning for
such data, the approach of defining positive pairs through temporal shifting is inapplicable. Instead,
we adopt a strategy provided in CEBRA, selecting positive samples based on the distance of their
respective labels, thereby implementing a form of supervised contrastive learning.

Temporal dataset. TE-ViDS and LFADS use 50ms of data as input, while the other models take data
at one time point. The offset of positive samples is set to Sms for our model.

All models for all datasets are trained on 1 GPU (NVIDIA A100).

G Additional Results of Alternatives on Synthetic Non-Temporal Dataset

TE-ViDS-Small LFADS pi-VAE

Latent 2
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Figure 7: The inferred latent variables of alternatives on the non-temporal dataset.

H Additional Experiment on the Visual Neural Datatsets

We train models with neural activity under approximately 80% natural scene/movie stimuli and
evaluate them using "held-out" stimuli, i.e., completely unseen scenes/movies. As Tables [6]and [7]
show, TE-ViDS consistently achieves the best performance on such challenging tasks.

Table 6: The decoding scores (%) for "held-out" natural scenes.

Models Mouse 1 Mouse 2 Mouse 3 Mouse 4 Mouse 5
LFADS 48.96+1.13 34.78+1.83 39.22+2.47 38.17+1.60 15.74+1.14
pi-VAE 23.574+3.17 37.04+2.42 41914190 20.704+2.05 10.35+1.10
Swap-VAE 55.484+2.34 17.65£1.94 36.61+3.21 44.094+2.39 14.17+1.81
CEBRA 5.83+0.58 8.87+0.80 13.04+1.40 9.3940.77 4.9640.69

TE-ViDS-small 62.61+2.50 41.30+1.72 47.57+£3.06 50.52+2.77 23.30£1.20
TE-ViDS 65.91+1.31 38.70+1.71 46.52+£2.09 53.57+1.88 24.52+1.17

Table 7: The decoding scores (%, in 1s window) for "held-out" natural movie frames.

Models Mouse 1 Mouse 2 Mouse 3 Mouse 4 Mouse 5
LFADS 38.89+0.98 51.78+1.28 49.06+2.04 46.284+1.89 39.22+1.42
pi-VAE 38.89+1.34 65.39+0.95 66.56+1.31 59.11£1.34 46.17+1.13
Swap-VAE 36.22+1.83 59.72+1.35 58.334+1.62 57.72+1.77 44.50+1.19
CEBRA 37.44+£1.04 54.39+1.41 52.894+0.84 48.89+0.86 37.89+1.60

TE-ViDS-small 39.28+2.15 68.06+1.09 72.50+0.81 65.50£0.78 47.83+1.47
TE-ViDS 42.00+£0.52 66.28£1.07 69.06+£0.84 66.28+1.43 47.00+1.80

19



I Additional Results of Latent Trajectories on the Visual Neural Datatsets

For the mouse neural dataset under natural scene stimuli, we visualize the latent representations by
embedding them in two dimensions using tSNE (Figure [8). We focus on Mouse 1, for which most of
the models achieve the highest scores. We select ten scenes that elicit the strongest average responses
for visualization. Specifically, we reduce the dimensions of latent representations at a single time
point and take the average across all trials, to show the latent trajectories over time for each scene.
The result of TE-ViDS exhibits a clear temporal structure for different natural scenes. For LFADS,
its ability to encode temporal features of sequential neural activity results in clear temporal structures,
but the latent representations of different classes are largely intermingled. For pi-VAE, Swap-VAE,
and CEBRA, their latent trajectories show varying degrees of entanglement over time. These results
suggest that our model effectively distinguishes between category information and captures temporal
information from neural dynamics well.

For the mouse neural dataset under natural movie stimuli, in addition to Figures f[C-E, we visualize
the results of all models and all three parts of the movie for Mouse 2 (Figure J).

TE-ViDS TE-ViDS-small LFADS pi-VAE Swap-VAE CEBRA
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Figure 8: Visualization results of latent trajectories on the mouse visual neural dataset under natural
scene stimuli (Mouse 1).
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Figure 9: Visualization results of latent trajectories on the mouse visual neural dataset under natural
movie stimuli (Mouse 2).

J Ablation Studies

We perform ablation studies for several aspects of TE-ViDS’s components and neural activity input
dimensions to explore their impact on performance.

The loss function and the recurrent module of TE-ViDS. To show the effectiveness of the com-
ponents of our model, we conduct some ablation studies on the loss function and the recurrent

20



Table 8: The decoding scores (%) of ablation studies for the loss function, the recurrent module and
the split design of TE-ViDS on the mouse visual neural dataset under natural scene stimuli.

Models Mouse 1 Mouse 2 Mouse 3 Mouse 4 Mouse 5
TE-ViDS 50.86+0.81 27.24+0.47 29.90+0.43 38.05+0.53 9.44+0.20
w/o negative samples 21.85+1.86  9.71+£0.72  12.324+1.22 20.03£1.26 6.20+0.43
w/o contrastive loss 30.174+1.74  8.244+0.33  13.76+0.87 23.424+0.79 7.1940.28
w/o swap operation 28.80+£0.86 14.274+0.42 18.92+0.93 15.97+£0.85 4.68+0.24

w/o contrastive loss and swap operation ~ 6.88+£0.64  3.92+0.22  4.17+0.72  6.58+0.32  2.56+0.12
with temporal independent prior 28.97+1.16  9.05+0.64  15.10+£0.98 15.54+0.69 3.97+0.32

GRU— Vanilla RNN 47.64+0.78 25.61+0.68 28.58+0.66 34.15£0.43 7.17£0.30
GRU—LSTM 49.97+0.50 26.92+0.59 29.31+£0.23 36.73+0.41 9.2440.27
Non-recurrent 33.32+0.99 21.78+£0.37 22.63£0.47 27.27+0.64 7.6910.40
External-Only 45.41+1.16 21.494+0.46 23.83£0.73 27.39£0.67 6.80+0.23
Internal-Only 2.10£0.21 1.7840.19 1.444+0.16  2.49+0.22  1.46+0.12

Table 9: The decoding scores (%, in 1s window) of ablation studies for the loss function, the recurrent
module and the split design of TE-ViDS on the mouse visual neural dataset under natural movie
stimuli.

Models Mouse 1 Mouse 2 Mouse 3 Mouse 4 Mouse 5
TE-ViDS 13.88+0.19 65.38+£0.36 59.88+0.72 54.33+0.54 30.18+0.40
w/o negative samples 11.27+0.36  49.59+1.18 45.67£0.60 44.17+£0.42 19.93+0.35
w/o contrastive loss 11.2440.23 47984090 44.09+0.67 44.02+0.47 18.244+0.41
w/o swap operation 10.224+0.31 49.39+0.57 45.30+£0.41 43.124+0.57 21.83+0.39
w/o contrastive loss and swap operation ~ 9.16£0.37  24.84+1.10 22.33£0.81 26.494+0.66 12.02+0.49
with temporal independent prior 12.09+0.16 57.74+£0.62 53.87+£0.49 46.90+0.48 22.92+0.43
GRU— Vanilla RNN 13.08+£0.31 63.19£0.55 59.13+0.42 53.83+0.41 29.62+0.40
GRU—LSTM 12.77£0.25 64.69£0.53  60.00+0.60 54.37+0.41 28.50+0.61
Non-recurrent 11.14£0.30  53.26+0.48 48.31+£0.47 43.81+£0.40 22.98+0.44
External-Only 12.16+£0.24  63.33£0.29 58.64+0.37 52.11+0.39  30.24+0.54
Internal-Only 7.57£0.24  11.73+0.43 12.86+0.35 16.10£0.33  9.89+0.22

module (Tables[8]and[9). In terms of contrastive learning, we first exclude negative samples from
the computation of the contrastive loss and use only the cosine distance between the external latent
variables of positive sample pairs as the loss function. In other words, we only bring the positive pairs
closer. This results in a decrease in performance, suggesting that negative samples are useful. Next,
we remove either the contrastive loss or the swap operation and observe a similar impact for both.
Finally, we remove both, meaning that there are no more objectives related to contrastive learning.
The significant decrease in performance suggests that contrastive learning plays a crucial role in our
models. In terms of the regular loss of the internal latent variables, we originally assumed that the
prior distribution is time-dependent. When we assume that it is an independent standard normal
distribution at each time step, the model’s performance degrades, demonstrating that time-dependent
assumptions about the prior are also important. In terms of the recurrent module, the results suggest
that GRU is a better choice when considering the trade-off between performance and computational
efficiency. Besides, we evaluate a non-recurrent version of our model by setting the time steps of
GRU to 1, which demonstrates that the recurrent module plays a critical role.

The split design of latent variables. We build two models based on TE-ViDS, one with external
variables only (External-Only) and the other with internal variables only (Internal-Only). Both
models perform worse than TE-ViDS, confirming the split design’s importance and effectiveness.

The dimension of latent variables and the number of input neurons. We perform ablation studies
on the number of latent variables and input neurons. As shown in Figures (10| and first, the
performance saturates gradually as the dimension of the latent variables increases, which suggests
that it is sufficient to choose a dimension in a reasonable range (not much fewer than input neurons).
Second, performance decreases as the number of sampled neurons decreases, suggesting that for each
mouse, all recorded neurons contribute to the representation of visual stimuli.
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Figure 10: The results of ablation studies on the dimension of latent variables.
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Figure 11: The results of ablation studies on the number of input neurons.

K Additional Experiment on the Mouse Visual Neural Dataset from CEBRA

The neural dataset used in CEBRA is also preprocessed from the Allen Brain Observatory Visual
Coding dataset. The dataset is generalized by sampling different numbers of neurons from the same
visual cortical region of all mice, without taking into account the variability between subjects. We
evaluate our model on this dataset. The results (Figure[I2)) show that our model performs better on the
primary and mid-level regions, while CEBRA performs better on the high-level regions. Moreover, in
the case of a sample with 40 time steps (CEBRA reported their highest performance in this setting),

our model can achieve a performance of more than 95% with fewer trainable parameters (TE-ViDS:
0.44M; CEBRA: 1.09M).
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Figure 12: The decoding scores (%, in 1s window) on the mouse neural dataset used in CEBRA.
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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).

The checklist answers are an integral part of your paper submission. They are visible to the
reviewers, area chairs, senior area chairs, and ethics reviewers. You will be asked to also include it
(after eventual revisions) with the final version of your paper, and its final version will be published
with the paper.

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes] " is generally preferable to " ", itis perfectly acceptable to answer " " provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
" "or "[NA] " is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

* Delete this instruction block, but keep the section heading ‘“NeurIPS Paper Checklist",
* Keep the checklist subsection headings, questions/answers and guidelines below.
* Do not modify the questions and only use the provided macros for your answers.

1. Claims

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

Answer: [Yes]
Justification: Please see abstract and introduction.
Guidelines:

e 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: Please see Section[3]
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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.

* 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: The work does not involve proof of theory.
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: We detail all the techniques for reproducing the results of our work in Section
[Bland Appendix [F
Guidelines:

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

(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: The codes and data are available at|hstps.//github.com/Grasshlw/Time-Evolving-
Visual-Dynamical-System.

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).
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* 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: Please see Sectiond]and Appendix [
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

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

Answer: [Yes]
Justification: Please see the results in all Tables and Figures.
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).

« 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).

o 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: Please see Appendix [F
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.
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10.

11.

* 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).

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: Our work conforms with the NeurIPS Code of Ethics.
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
* 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).

Broader impacts

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

Answer: [NA]
Justification: Our work does not involve social impact.
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).

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: [NA]
Justification: Our work does not release data or models with a high risk of misuse.
Guidelines:

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

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?

Answer: [Yes]
Justification: The datasets used in our paper are publicly available.
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.
New assets

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

Answer: [NA]
Justification: Our work does not introduce 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.

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: Our work does not involve crowdsourcing experiments nor research with
human subjects.

28


paperswithcode.com/datasets

15.

16.

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.

Institutional review board (IRB) approvals or equivalent for research with human
subjects

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: Our work does not involve crowdsourcing experiments 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.
Declaration of LLLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.

Answer: [NA]
Justification: The LLM is used only for writing.
Guidelines:

* The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

¢ Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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