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Abstract

Predicting the behavior of complex systems is critical in many scientific and en-
gineering domains, and hinges on the model’s ability to capture their underlying
dynamics. Existing methods encode the intrinsic dynamics of high-dimensional
observations through latent representations and predict autoregressively. However,
these latent representations lose the inherent spatial structure of spatiotemporal dy-
namics, leading to the predictor’s inability to effectively model spatial interactions
and neglect emerging dynamics during long-term prediction. In this work, we pro-
pose SparseDiff, introducing a test-time adaptation strategy to dynamically update
the encoding scheme to accommodate emergent spatiotemporal structures during
the long-term evolution of the system. Specifically, we first design a codebook-
based sparse encoder, which coarsens the continuous spatial domain into a sparse
graph topology. Then, we employ a graph neural ordinary differential equation to
model the dynamics and guide a diffusion decoder for reconstruction. SparseD-
iff autoregressively predicts the spatiotemporal evolution and adjust the sparse
topological structure to adapt to emergent spatiotemporal patterns by adaptive
re-encoding. Extensive evaluations on representative systems demonstrate that
SparseDiff achieves an average prediction error reduction of 49.99% compared to
baselines, requiring only 1% of the spatial resolution.

1 Introduction
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Figure 1: Adapting probe topologies.
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ics, making high-fidelity, long-term prediction a challenging and computationally expensive prob-
lem [6} (7, 18]].

Data-driven methods offer an equation-free and computationally friendly approach. The core idea is to
build reduced-order models of high-dimensional observations using encoder-decoders, which project
observed states to a low-dimensional latent space for prediction, thereby improving computational
efficiency [6l 9, [10, [11} [12]. However, most existing work employs parameterized neural network
encoders that implicitly encode spatial structure by compressing observational spatial information into
a latent representation vector. This conversion of spatially-correlated data into latent vectors hinders
predictors from effectively understanding and modeling the system’s inherent spatial interactions and
structural relationships [S]]. For instance, in fluid convection, heat drives fluid to form rising plumes
and sinking cold flows. These specific spatial structures, their relative positions, and interactions
are critical for understanding and predicting convection patterns [13]]. Considering that spatial
interaction patterns and emergent structures continuously change during long-term evolution, losing
such information progressively amplifies the misalignment between the encoder-decoder and predictor
in long-term predictions. This leads to a core question: Can we construct a reduced-order model
that preserves crucial spatial structure and continuously adapts to newly emerging dynamics patterns
during prediction?

This work is inspired by a recent finding that the system state in the entire spatial domain can be
effectively reconstructed from sparse observation points [[14} |15 [16]]. The data disparity between
sparse points and the full spatial grid strongly suggests a promising encoding paradigm: aggregating
the full-space dynamic information onto a much smaller set of sparse probes [17]]. These probes and
their spatial topology constitute the dynamical skeleton of the spatiotemporal dynamics, as shown in
Figure|l} In this paradigm, the model is capable of adapting to the system’s latest spatiotemporal
patterns during long-term predictions by dynamically adjusting probe positions and topology based
on the re-encoded predicted states [6, [18]. Nevertheless, achieving effective probe-based aggregation
and adaptive updating in practice faces two key challenges: 1) A lack of theoretical understanding
for aggregating rich spatiotemporal dynamics from a continuous domain into a small set of discrete
probes; 2) Frequent re-encoding during long-term prediction introduces significant computational
overhead and potential accumulation of prediction errors.

To address these challenges, we propose a novel Sparse Diffusion Autoencoder, SparseDiff, consisting
of a codebook-based sparse encoder and an unconditional diffusion decoder. The sparse encoder
learns a representative pattern codebook from historical spatiotemporal trajectories, enabling it to
dynamically aggregate and project full-space observational data onto a spatial topology formed
by sparse probes, thus constructing a reduced-order model. On this probe topology, we model
spatiotemporal dynamics using a graph neural ordinary differential equation and explicitly introduce a
diffusion term to capture spatial interactions and information propagation among probes. Finally, we
pad the probe predictions to the full spatial domain to serve as the initial state for the diffusion process,
enabling rapid reconstruction of the full spatiotemporal field. SparseDift’s key innovation and strength
lie in its test-time adaptation: during long-term prediction, it utilizes the learned codebook to re-
encode the latest prediction, dynamically adjusting and constructing a probe topology better matched
to the current system state to continuously adapt to emerging spatiotemporal patterns. Experimental
evaluation on simulated and real-world systems demonstrates that SparseDiff outperforms baselines
by over 49.99% in long-term predictions, and reliably predicts full-space spatiotemporal dynamics
using less than 1% of grid points as probes.

The highlights of this work are summarized as follows:

* We propose SparseDiff, a novel autoencoder that uses sparse probes to construct a reduced-order
model that effectively preserves the spatial structure of spatiotemporal dynamics.

* We introduce a test-time adaptation strategy via re-encoding, allowing the model to dynamically
adapt its probe-based representation to emerging dynamics patterns, significantly improving long-
term prediction accuracy and computational efficiency.

» Experiments demonstrate that SparseDiff significantly outperforms baselines in long-term predic-
tion accuracy and achieves high efficiency by reliably predicting full-space dynamics using only
approximately 1% of grid points as probes. Our code is open-source: https://github.com/
tsinghua-fib-lab/SparseDiff|.


https://github.com/tsinghua-fib-lab/SparseDiff
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2 Preliminary

2.1 Problem Definition

. . . 2
In this work, we focus on spatiotemporal dynamics ‘fi—lt‘ = f(u,x,t, %, %, ...) on a 2D regular

spatial domain 2 C R2. Such systems can often be formalized as time-dependent partial differential
equations, for example, the Navier-Stokes equations, which include a Laplacian operator term acting
on the spatial domain [19]. Without loss of generality, we address the problem of data-driven modeling
of system dynamics from historical evolving trajectories U = {u(z,t)}T, thereby extending our
focus to real-world systems like climate dynamics where explicit equations are unknown. In practice,
the spatial domain is discretized into an h *x w grid. Consequently, the full-domain observation state
at each timestamp is represented as a tensor . € R"*™. Given a historical observation trajectory of
lookback steps, we predict multiple future steps in an autoregressive manner, forecasting one step at
a time.

2.2 Guided Diffusion for Sparse Reconstruction

Diffusion methods have recently been shown to reliably reconstruct the full spatial domain’s system
state, guided by sparse observations [[16, [15] [14]. Diffusion models aim to learn a probabilistic
mapping from a simple prior distribution, such as a standard Gaussian to a complex target data
distribution [20, 21} 22]. This is achieved by defining a forward diffusion process that gradually adds
noise to data instances and training a reverse process to sequentially denoise them. We represent
the original data point as x(. The forward stage transforms z( into a noisy version x,, over n steps,
governed by the equation x,, = v/@, T + /1 — Gp€p, €, and {a,, } represent the Gaussian noise and
noise schedule [23]], respectively. The learned reverse diffusion process models the transition from
noise back to data through a sequence of conditional distributions given by

Po(Tn_1|Tn) = N(xn_1; pig(xn,n), 021), (1)

l—an,

where (19 = \/%(:En - ﬁﬁg(:ﬂn, n)) and {o, } are step dependent constants. The term ey
represents the model’s prediction of the added noise, typically implemented using a parameterized
neural network architecture like a UNet or Transformer. The optimization of this network’s parameters
is performed by minimizing the objective function [23]]

Ln - EmemwO”Gn - 60(\/@71370 + v 1-— an@u n)HZ (2)

This loss function is derived from the negative log-likelihood E ~q(z,)[—P6(20)]. Once trained, the
diffusion model progressively denoises from Gaussian noise to yield high-fidelity data samples. To
guide diffusion in reconstructing the full spatial domain state from K sparse observations M (z ),
Bayes’ rule guides the diffusion gradient direction [24] to be

Ve, logp(zn| M) ~ — c0 = (Va,lly = M(zx)|l3, 3

1
Vlfan

where y represents the noise values at the sparse observation points and ¢ = 1/02.

3 Methodology

In this section, we first introduce the proposed sparse diffusion autoencoder to discover the skeleton
of spatiotemporal dynamics, namely the probe topology. Subsequently, we design a diffusion graph
neural ordinary differential equation on the probe topology to model spatiotemporal dynamics. Finally,
we propose the test-time adaptation strategy to dynamically sense emerging spatiotemporal patterns
in long-term prediction. The overall framework is illustrated in Figure

3.1 Sparse Diffusion Autoencoder

We introduce our approach for discovering the dynamical skeleton of complex systems, utilizing a
codebook-based sparse encoder and a guided diffusion decoder.
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Figure 2: Overall framework of proposed Sparse Diffusion Autoencoder.

3.1.1 Codebook-based Sparse Encoder

To discover the skeleton of spatiotemporal dynamics on the spatial domain, we first identify and
record the rich dynamical patterns inherent in complex systems. Specifically, we maintain a codebook
C containing K codewords for spatiotemporal dynamics, where each codeword ¢ € R is a d-
dimensional learnable vector. For a given historical observation u € R**"*™ we employ an encoder
£ to encode along the time dimension, yielding a d-dimensional representation vector z € R4*hxw
for the full-domain states. We replace the representation vector z with the most similar codeword c,
which serves as the decoder’s input. The decoder then reconstructs the original observation @. The
encoder-decoder and the codebook are trained by minimizing the objective function [25]

L = logp(ulc) + [[sg[€ (w)] — c|[ + BIIE(w) — sgld]||3, 4)

where sg indicates gradient detachment. Through this process, we effectively record the rich spa-
tiotemporal dynamical patterns from the observation trajectories within the pretrained codebook.

In the inference stage, we first discretize the historical observation u into a set of & hit codewords
{e;}¥_, using pretrained encoder £ and codebook C. We define the governing region of each hit
codeword c; as the set of spatial grid points that are mapped to it, denoted as u.,. Consequently, the
full spatial domain is divided into k region types by the k hit codewords (a single region type might
consist of dispersed patches). These k regions represent k local-scale spatiotemporal units. Therefore,
we accordingly construct probe set V = {v; € R'}¥_, to represent them, where [ is the lookback
window size.

For probe v;, we select one spatial grid point from its corresponding codeword’s governing region
U, as its coordinate. We use random selection here instead of averaging, ensuring that the probe falls
within patches even if the patches of its region are spatially dispersed. Subsequently, we average
the historical observation sequences of all grid points within u., to aggregate them as probe states
v; € R, Finally, we connect all probes to construct the topological structure G = {V, E'}, and assign
different weights e;; € F to each edge to characterize the spatial association strength. Specifically,
edge weights e;; quantify the spatial association strength from probe v; to probe v;. We consider
the governing region u., associated with v; and spatial neighborhood of every grid point within u.,.
We count how many grid points belonging to v;’s governing region u.; appear within the combined
neighborhoods of all points in u.,. This count is normalized along all probes to determine the edge
weight e;;. Thereby, we obtain the probe topology G of the spatiotemporal dynamics.

3.1.2 Guided Diffusion Decoder

We pretrain an unconditional diffusion model to capture the spatiotemporal patterns of the system
state u. Given the set of probes V), we use these probe values v; as sparse observations to guide the
reconstruction by the diffusion decoder. Existing works [16} (15, [14]] typically directly substitute
probe values as the sparse observation M (z ) in Equation[3]to guide reconstruction. However, our
approach differs in that we guide the governing regions u., corresponding to the probes. That is,
our probes represent the dynamical information of the entire governing region, not just single grid
points. Therefore, we use probe value v; to guide diffusion in reconstructing its governing region.



Specifically, we fill the probe value v; to each grid point within its governing region u.,, serving
as M(z k) in Equation [3[to guide reconstruction. Furthermore, considering the computationally
intensive of the denoising process, we use the filled full-space state instead of Gaussian noise as the
starting point for denoising to accelerate the diffusion sampling process.

3.2 Probe-graph Diffusive Predictor

Given the probe topology G and probe states v;, we now predict the spatiotemporal dynamics of the
system. Specifically, we model this process as a neural diffusion process on the graph [26]]

t
he = ho + / (A-D) % h.dr,
0

hO = ¢(V)7
Uy = w(ht)a

where h, refers to the representation at time ¢, ¢ and v are the parameterized encoder and decoders,
and A is the time-varying diffusion coefficient between probes, calculated by a parameterized attention
network. To explicitly model the spatial association strength between probes, we introduce the edge
weights into the calculation of the diffusion coefficient as

(WKhi)TWth + Wge;j

a(h;, h;) = softmax( 3
k

);

where h; denotes the representation of the ith probe, Wg, Wk, and W g are learnable matrices. We
employ a multi-head attention mechanism A = % Dok A* to capture complex dynamical mechanisms.

3.3 Test-time Adapting Prediction

During long-term prediction, complex system dynamics exhibit continuous emergence of spatiotem-
poral patterns, implying time-varying dynamical spatial interactions. Therefore, we continuously
update the predictor during testing to adapt to the latest spatiotemporal dynamics patterns. For
a T-step prediction, the prediction window is divided into N sub-windows {w,,}"¥. We assume
each window possesses specific spatial interactions, with a corresponding probe topology sequence
{Guw, }VV. We update the probe topology at the beginning of each window through re-encoding.
Specifically, at a window transition time, we decode the probe states back to full space. Following
the method in Section[3.1.1] we then re-encode the probe topology G for the latest dynamics within
the current window using encoder £ and codebook C'. This topology is updated again at the next
transition time.

We design a dynamic update strategy to dynamically determine the window transition time. Instead of
using fixed-length sub-windows, we continuously monitor whether the recent evolution of each probe
remains well-aligned with its assigned codeword in the latent space of the encoder £. Specifically,
after each re-encoding, we obtain k hit codewords {c;}¥_,, where each ¢; € RY corresponds to a
governing region. For each codeword, a probe v; is randomly selected to represent its region and
forms a probe graph G for prediction. At each prediction step, we compute the latent consistency
score x; by encoding the past T-step trajectory of each probe v; and evaluating its cosine similarity
with the associated codeword c;:

k
Xt = % Z cos (5(vffT:t), ci) .
i=1

When x; drops below a predefined threshold 7, it indicates that many probe representations have
drifted away from their original latent codewords, suggesting a mismatch between the current probe
partition and the evolving system dynamics. In response, we decode the probe graph of the past
T steps back to the full space using the diffusion decoder and recompute the probe topology via
re-encoding. This strategy enables the model to adaptively reallocate codewords and update the graph
structure in accordance with the varying speed and patterns of spatiotemporal evolution.



Table 1: Average performance of the trajectories predicted from different initial conditions with standard
deviation from 10 runs. The best results are highlighted in bold.

Lambda-Omega Navier-Stokes Swift-Hohenberg Cylinder-Flow Real-world
RMSE x1072  SSIM x10~!  RMSE x1072  SSIM x10~! RMSE x1072 SSIM x10~! RMSE x1072  SSIM x10~! RMSE x1072 SSIM x10~*

ConvLSTM  5.613 £0.557 9.224 £0.125 30.674 +£2.704 4.696 £0.083 9.556 £ 0.059 9.399 +0.006 11.098 £0.330 5.265+0.144 13.682£2.777 7.288 £1.195

Systems

FNO 5.1384+0.557 9.170 £0.514 15.992 £1.062 7.2624 1.642 19.693 £5.591 9.614 £0.009 19.854 £ 25.248 7.583 £ 0.525 12.639 + 3.878 6.775 &+ 1.368
UNet 8.324+0.497 8.014+0.393 16.277 £1.582 7.09240.837 14.881 £2.789 9.206 +0.225 21.349 +£4.903 6.203 £0.196 13.928 +2.855 6.328 +0.974
G-LED 6.506 +0.395 8.992+0.396 12.334 £0.485 8.09540.963 8.214+0.937 9.572+£0.211 10.021 £0.873 7.059 £0.291 10.304 &+ 2.009 6.768 & 0.539
Ours 2.912 +£0.187 9.601 +0.218 11.130 + 3.241 8.492 +0.793 7.628 + 3.102 9.675 + 0.192 8.544 +0.239 7.392+0.171 7.957 +1.207 7.781 + 1.034
53.56% 9.05% 38.64% 28.63% 57.42% 1.89% 62.67% 17.39% 37.86% 15.51%

4 Experiments

In this section, we validate the accuracy and efficiency of SparseDiff on simulated PDE systems and
real-world datasets. Furthermore, we evaluate its robustness and generalization ability and examine
the specific contribution of its components through ablation studies.

4.1 Experimental Setup

We conduct experimental validation on four PDE systems, including: 1) Lambda-Omega; 2) Navier-
Stokes; 3) Cylinder Flow; and 4) Swift—-Hohenberg systems. They encompass complex diffusion
effects, convection terms, and higher-order spatial interaction terms, among other nonlinear dynamic
components. Additionally, we also evaluate SparseDiff’s performance in real-world applications
on an open-source climate record dataset [27]]. All models are trained on trajectories with different
initial conditions and predict long-term (more than 100 steps) on new trajectories. Details on the
equations, data generation, and training settings are in Appendix [A]

Baselines We compare our method against a set of state-of-the-art spatiotemporal forecasting
models, including operator learning methods, recurrent architectures, and generative frameworks.
Specifically, we consider Fourier Neural Operator (FNO) [28]], ConvLSTM [29], UNet [30], and
G-LED [31]. A detailed description of each baseline is provided in Appendix [C|

4.2 Main Results

PDE systems Table [T| shows the long-term prediction performance of all models. SparseDiff
achieves the optimal prediction quality in almost all scenarios. This indicates that SparseDiff’s test-
time adaptation enhances long-term prediction by timely sensing of new spatio-temporal dynamics.
Furthermore, compared to other baselines, another characteristic of SparseDiff is that it performs
dynamic prediction on the probe topology. Other methods predict in the original or uniformly
downsampled grid space and, unlike SparseDiff, fail to discover the spatial interactions of complex
systems and structure them into an explicit topology to enhance the predictor’s representational
capacity.

Real-world dataset We use the SEVIR o
dataset [27] for real-world weather forecast- e = e
ing. Specifically, we select the GOES-16 Chan- &" , - e (1368 1208 T

nel 09 (6.9y4m) infrared imagery ir069, which ‘ - -~

captures mid-level water vapor and is widely | ‘& | ’”D 5

used for storm tracking. Each frame covers a O G-LED z

384 x 384 km area at 2 km resolution, yielding 54‘ - ?R‘ N :

a 192 x 192 grid, with a temporal resolution of e 7%

5 minutes. Experimental results are shown in L Sl » -

Figure [3] where SparseDiff achieves the most o ’ 0 ConSTHNO  UNet G-LED Ours

faithful prediction of complex climate patterns
with the lowest error. This indicates that the
proposed probe-based encoding scheme is of
great value for applications in real-world com-
plex systems, especially in large-scale observational data scenarios in geoscience. SparseDiff encodes

Figure 3: Real-world dataset. (a) Prediction visualiza-
tion of different models. (b) RMSE comparison of dif-
ferent models.
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Figure 4: Ablation studies. Prediction performance with (a) uniform and (b) random probe selection. (c) Impact
of probe topology edge weights on prediction.

high-dimensional observations into a sparse probe topology, thus reducing computational overhead
while ensuring accuracy.

4.3 Ablation Study

We capture a compact low-dimensional skeleton of spatiotemporal dynamics through codebook learn-
ing, thereby improving prediction performance. The contrasting version is uniform downsampling or
random selection of probes. We also establish heuristic calculation rules for the edge weights of the
probe topology. The contrasting version is an unweighted graph (where all weights are set to 1). In
the following, we ablate these two key components.

Selection of Probes Probes are the most critical components in the SparseDiff framework, as they
serve as the information carriers that represent the coarse-grained structure of the spatiotemporal
dynamics. Their selection fundamentally determines the prediction quality of the entire model.
Figures[dp and b illustrate the prediction performance of SparseDiff on the Swift-Hohenberg system
when the probes are selected via spatially uniform and random sampling, respectively. We observe
that even when the number of probes is increased to 1024, these two variants still perform significantly
worse than our method. In contrast, the original version achieves high-quality predictions with as few
as 150 probes. This highlights that our proposed codebook-based sparse encoder not only compresses
the spatial domain effectively but also selects informative and dynamically representative probes.
It demonstrates a strong ability to extract the low-dimensional spatiotemporal skeleton where the
intrinsic dynamics reside.

Probe-Graph Edge Weights When the edge weight feature is disabled, the edge-feature-aware
attention mechanism described in Section[3.2] degenerates into standard inter-node attention that treats
all probe connections equally. Without incorporating the spatial association strength e;;, the model
loses the ability to capture relative distances and directional relationships between probes, which are
essential in spatiotemporal systems. As shown in Figure ik, this leads to a notable performance drop
on the Navier-Stokes system, where accurate modeling of spatial interactions is critical for capturing
fine-grained dynamics.

4.4 Robustness

Here, we evaluate the robustness of SparseD- a oo b N

iff to data observation noise and codebook size i -
settings. Specifically, we first test the predic-  °* (b A;\ @ /X\ 076 % %]

tion performance with different preset codebook  zos ["siegf ™ { Y V] zon é l
sizes on the Navier-Stokes system. The code- “ D@ ?

Convistm

book size is the upper limit on the number of
activated codewords. It determines the maxi-
mum number of probes SparseDiff can select
to perceive spatiotemporal dynamics. Experi-
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mental results are shown in Figure E}a, where
the prediction accuracy (SSIM) converges after
the codebook size reaches 150. For the Navier-
Stokes system with 128x128 resolution, this is

Figure 5: Robustness experiments. (a) Impact of code-
book size on SparseDiff’s performance on the Navier-
Stokes system. (b) Impact of the noise on SparseDiff’s
performance on the real climate dataset.



quite a small number. This indicates that SparseDiff utilizes probes efficiently and achieves superior
prediction with very low computational overhead.

Next, we examine SparseDiff’s robustness to real-world noise. We apply Gaussian noise with
varying percentage intensity to a real-world climate dataset (relative to the original data amplitude).
Experimental results are shown in Figure [5p, where SparseDiff’s performance deteriorates as the
noise increases, but at moderate noise levels, it still outperforms the baseline without noise.

4.5 Generalization

We examine SparseDiff’s out-of-distribution a oT c
generalization ability. Specifically, using the i
Cylinder Flow system as the experimental sub- = - ” %Hé
ject, we evaluate SparseDiff’s ability to pre- - ® - 07 ééééé
dict flows with Reynolds numbers not included

in the training set. For turbulent systems, the b SparseDift
Reynolds number influences the viscous coeffi-

cient, thereby affecting collision frequency. For i~ -
fluids with high Reynolds numbers, the flow ex- - 9 - o4 T N0

100 235 370 505 640 775 910

hibits chaotic tendencies and is thus difficult to Reynolds number

predict over long periods. We train SparseDiff  gjgure 6: Generalization experiments. Visualized (a)
on Reynolds numbers less than 500 and predict  ground truth and (b) SparseDiff prediction of turbulent
on larger Reynolds numbers. Experimental re- at Re = 660. (c) SSIM as a function of Reynolds
sults are shown in Figure [f] where the baseline number.

shows rapid performance degradation in out-of-

distribution scenarios, whereas SparseDiff’s performance consistently outperforms the baseline and
exhibits fluctuations. The reason may be that a rich set of spatiotemporal dynamic patterns is recorded
in SparseDiff’s pretrained codebook. Although there are differences in the turbulent dynamic behav-
iors at different Reynolds numbers, local small-scale dynamic patterns share similarities and are thus
recognized by SparseDiff and accurately generalized.

|
|
|
|

4.6 Trade-off between Accuracy & Efficiency

Here, we analyze how SparseDiff trades off g b

between accuracy and efficiency. Specifically, " e 1 .5 . 0.08

during testing, SparseDiff can adjust the probe = | * 2 7k s

topology through re-encoding, thus construct- 7 *|: 0.06 ¥ ercotng s
ing the most suitable form for newly emerging % . |7 o ot
spatiotemporal dynamics. Frequent adjustments ~ § .. | =" = RDZSZESBO
allow for sufficient perception of real-time dy- & = | § b 002

namics, but the corresponding computational ° .

overhead increases. We conducted tests at dif- ¢ p - — B a——-
ferent update intervals on the Navier-Stokes sys- Time Cost (s) Rollout Step

tem, and the results are shown in.F igure. where Figure 7: Trade-off of accuracy & efficiency. Circles
Rollout Step refers to the time index in the au- represent SparseDiff, and crosses represent GLED.
toregressive prediction sequence, and each step

corresponds to one forward prediction in the rollout process. According to Figure[7p, accuracy and
time overhead exhibit a negative correlation.

We also compare with the best-performing baseline, G-LED. It can enhance long-term prediction
accuracy by decoding and re-encoding at intervals, but its accuracy ceiling is lower than SparseDiff,
and its time overhead is much greater than SparseDiff. Our adaptive re-encoding strategy proposed in
Section [3.3]achieves a balance between accuracy and efficiency, as shown by the red star in Figure[7h.

4.7 Comparison of Graph Construction Schemes

To validate our proposed region-aware edge weighting scheme, we compare it against two primary
baseline categories: (a) Learnable Graph Construction: The Graph Kernel Network (GKN) [32], a
method designed for learnable graph construction; and (b) Heuristic Alternatives: Using the same
GRAND predictor but replacing our learned ¢;; with static graph structures, including k-nearest



neighbors (kNN) based on Euclidean coordinates (k = 20% of probe count), and spectral clustering

followed by kNN in the embedding space. Table 2: Comparison of different graph

We report the average RMSE over a 100-step autoregressive ~construction methods.

prediction on the LO system. As shown in Table[2] our region- ~pethod RMSE <10 2
aware edge scheme yields significantly better performance than —Qyrg 7873
both the learnable GKN and the heuristic variants. This demon- GKN 4210
strates that explicitly encoding region-level adjacency improves =~ GRAND + kNN 3.287
the expressiveness of the model for probe-based dynamics. GRAND + spectral 3.019

5 Related Work

5.1 Encoding Dynamics of Complex Systems

Discovering the low-dimensional latent space containing the intrinsic dynamics of complex systems
represents a core challenge in long-term prediction. To accelerate spatiotemporal dynamical system
prediction, some earlier studies focus on approximating solutions on coarse grids. Lee et al. [[7]] utilize
Gaussian processes and diffusion maps to coarse-grain high-resolution microscopic observations
into coarse-scale PDEs. Bar-Sinai et al. [33] employ uniform grid downsampling of the continuous
spatial domain for specific nonlinear partial differential equations. This coarse-grid approach has
inspired several recent works [31}[34]]. With advancements in representation learning, autoencoders
have been employed to data-drivenly uncover the low-dimensional latent space of high-dimensional
observations [6,35]. Prediction models such as recurrent neural networks [6] and neural operators [9]
operate directly within the low-dimensional space constructed by autoencoders. To ensure the latent
space aligns with physical intuition, existing research suggests integrating autoencoders with physical
priors [36]]. Li et al. [[L1] restrict the output semantics of the encoder by specifying timescales and
intrinsic dimensions. Wu et al. [10] combine delay embeddings with feature embeddings to discover
the low-dimensional manifold of high-dimensional observations. Additionally, some work [37]]
learns the latent coordinates of partial differential equations through autoencoders to reveal governing
equations. In contrast to these methods, our proposed probe topology adaptively senses spatial
structure, without enforcing a regular grid. This explicitly preserves the tight spatial correlations of
spatiotemporal dynamics with a high compression ratio.

5.2 Generative Modeling for Complex Systems

Diffusion models have performed remarkably well in generative tasks, with their significant achieve-
ments in video synthesis [38}[39] and time series modeling [40l 41]] inspiring numerous studies in
complex system dynamics prediction. Some works [42] [15] have utilized large-scale pre-trained
diffusion models to reconstruct high-fidelity data from lower-fidelity samples or sparse measure-
ment data. Physics knowledge is also integrated. For example, known partial differential equations
provide physical constraints (PDE loss) for the denoising step, improving accuracy [43]. Beyond
reconstruction, diffusion models have also been applied to generate specific dynamical data. Li et
al. [44] propose a machine learning approach for generating single-particle trajectory data in high
Reynolds number three-dimensional turbulence. Lienen et al. [[13]] treat turbulence simulation itself
as a generative task, employing diffusion models to capture the distribution of turbulence induced
by unseen objects and generate high-quality samples for downstream applications. Other strategies
focus on directly embedding dynamics or prediction processes into the diffusion mechanism. Cachay
et al. [45] align the temporal evolution axis of spatiotemporal dynamics with diffusion process steps,
replacing noise injection with temporal interpolation and the denoising operation with prediction.
G-LED [31]], a more direct approach, incorporates system states as prediction targets and utilizes
predicted future frames as conditions to guide the diffusion model in reconstructing the original high-
fidelity states. Li et al. S]] embed multiscale features as conditioning for Diffusion modeling, while
[46] dynamically adjust the number of denoising steps based on dynamical timestamps. Compared
to these methods, we introduce a novel sparse encoder working in tandem with a diffusion decoder.
This combination not only reveals the low-dimensional spatial structure of long-term dynamics but
also enables test-time adaptation to emerging spatiotemporal dynamics.



6 Conclusion

Modeling the long-term dynamics of complex systems is a challenging problem. Data-driven methods
are often constrained by the difficulty in explicitly preserving the inherent spatial interactions of
spatiotemporal dynamics in latent vectors. This information loss is exacerbated by new patterns
that continuously emerge during the system’s long-term evolution. Therefore, we propose a novel
Sparse Diffusion Autoencoder, SparseDiff, a prediction framework that preserves the system’s spatial
structure and adapts at test-time. SparseDiff coarsens the full spatial domain state into a probe
topology by means of discrete codebook learning to construct a compact skeleton of spatiotemporal
dynamics. The pretrained codebook is able to capture the rich dynamic patterns of complex systems.
Once training is complete, SparseDiff can adjust the probe topology to adapt to emerging dynamic
patterns during testing and without updating weights. On the probe topology, we design an edge-
weight-aware graph neural diffusion ordinary differential equation to model spatiotemporal dynamics,
thereby predicting the future states of the probes and guiding the diffusion model to efficiently
reconstruct back to the full spatial domain. Experiments on simulated and real-world systems show
that SparseDiff can achieve optimal long-term prediction and exhibits excellent robustness and
generalization ability.

Limitation & Future Work SparseDiff’s spatiotemporal dynamics module relies on the perception
of edge weights, therefore the rules for calculating weights will affect its long-term prediction quality.
Furthermore, the state initialization of probes is achieved through average aggregation, which may
lose high-frequency information at a few grid points. Future research will focus on end-to-end graph
structure learning and probe initialization strategies.
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Impact Statement
This paper presents work whose goal is to advance the field of Machine Learning. There are many

potential societal consequences of our work, none which we feel must be specifically highlighted
here.

A Data Generation

Below, we provide an overview of the dynamics and data generation process for each complex system.
Lambda-Omega (LO) system is governed by

iy = puAu + (1 —u? — v?)u + B(u® 4+ v?)v )
O = ppAv + (1 — u? — v} — B(u? + v*)u,
where A is the Laplacian operator. Here, we set j,, and p,, to 0.5, while g is 1.0.
Navier-Stokes (NS) system is governed by:
@+ (0 V)w = vAw + f, ©)
Vi = —w, ™
oY oY
= =\5 5= 8
u= ()= (50 -5). ®
w:(qu)i:%—g—Z, ©

where f = A (sin (27(z + y + 8)) + cos (27 (x + y + s))) is the driving force, and v is the viscosity
coefficient. Parameter values used in this simulation are set as follows: v = 1.0, forcing amplitude
A = 0.1, and phase shift s = 0.

Swift-Hohenberg (SH) system is simulated as:

0 .
8—1; =ru — 2Au — A%u+ gu® — u?, (10)
where r is the linear instability parameter, g controls the strength of the quadratic nonlinearity, and

A? denotes the biharmonic operator. In this system we set r to 0.7 and g 1.0 separately.

Cylinder flow (CY) system is governed by:

1
U = —u-Vu — an + gAu,
' 1 3 (11
0y =—v-Vv+ —Vp— —Av.

a a

where « is set to 1.0, and 3 corresponds to the dynamic viscosity p as defined in Equation

The systems under study are simulated across a diverse range of initial conditions. Temporal
downsampling by a factor of 10 and 25 are applied to the LO and NS systems separately to reduce
redundancy, while all the systems are spatially rescaled to a uniform 128 x 128 resolution.

The Cylinder flow system is modeled via the lattice Boltzmann method (LBM) [6], capturing complex
vortex shedding phenomena governed by the Navier-Stokes equations in the presence of a cylindrical
obstacle. The simulation operates on a lattice velocity grid, where relaxation dynamics are dictated
by the kinematic viscosity and the Reynolds number. To ensure data quality, we begin recording
after the flow reaches a statistically steady turbulent regime. The outputs are resampled in time by a
factor of 300 and spatially interpolated to a 128 x 64 grid. We generate 50 training and 20 testing
trajectories across varying flow conditions, with Reynolds numbers uniformly sampled: 10 training
samples in the range Re € [100, 500] and 10 out-of-distribution (OOD) samples in Re € [500, 1000].
Based on the relation
pUn D

Re (12)

where p = 1, U,,, = 0.08, and D = 0.2, the corresponding dynamic viscosity spans p € [3.2 X
1075,1.6 x 10™4] for training and p € [1.6 x 107°,3.2 x 107°] for OOD cases.

To standardize input scales and facilitate stable training, we apply min-max normalization indepen-
dently across all channels.
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B Model Architecture

Our model is composed of three key modules: a Codebook-based Sparse Encoder for spatiotemporal
discretization, a Probe-graph Diffusive Predictor for latent dynamics modeling, and a Guided Dif-
fusion Decoder for reconstructing full-resolution system states. Below, we detail the architectural
settings used in each component.

# --- Sparse Encoder ---

hidden_dim = 1024 # hidden dimension of MLP

embedding_dim = 512 # Latent dimension (d)

num_embeddings = M # Codebook size, hyperparameter

# --- Diffusive Predictor ---

input_steps = 10 # number of lookback steps

feature_dim = 256 # Feature dimension

num_heads = 8 # Attention heads for calculating Matriz 4
ODE_method = 'rk4' # Numerical solver for ODE integration

# --- Unconditioned Diffiston ---

n_channels = 128 # Base number of channels

ch_mults = [1, 2, 2] # Channel multiplier for each resolution level
is_attn = [False, False, Truel # Whether to apply self-attention
dropout = 0.1 # Dropout rate in residual blocks

n_blocks = 2 # Number of residual blocks per resolution level

Table 3: Trainable parameter counts (in millions).

Model SparseDiff FNO ConvLSTM UNet G-LED
Encoder Predictor Diffusion
Params (M) 2.3 x 10-2  1.32 258 23.90 5.47 1091 263

C Baseline Implementation

We provide a brief description of the baseline methods used for comparison in our experiments. These
methods represent a diverse set of state-of-the-art approaches for modeling spatiotemporal dynamics.
Their corresponding trainable parameter counts are summarized in Table 3]

* FNO [28]: Fourier Neural Operator leverages fast Fourier transforms to model spatially
continuous operators, enabling efficient learning of solution mappings for partial differential
equations. It is widely adopted for learning complex physical dynamics.

e ConvLSTM [29]: ConvLSTM integrates convolutional structures into recurrent networks,
allowing spatial correlations to be preserved while capturing temporal dependencies. It is a
standard baseline for video and sequence-based spatial forecasting tasks.

 UNet [30]: UNet employs an encoder-decoder structure with skip connections to effectively
combine global context and local details. It is particularly suitable for dense prediction tasks
involving structured outputs.

e G-LED [31]: G-LED is a generative latent evolution model that models temporal dynamics
using autoregressive attention in latent space, and reconstructs full-resolution outputs using
a Bayesian diffusion model. It achieves strong performance on high-dimensional physical
systems.
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D Additional Results

D.1 Application to Irregular or Sparse Spatial Domain

While our current implementation operates on 2D regular grids, SparseDiff can be applied to irregular
or sparse spatial data by first transforming the inputs into a regular grid through interpolation or
zero-filling, enabling processing within the same framework.

To validate this, we conduct two experiments:

a. Sparse sampling on Navier-Stokes system: On the Navier-Stokes system, we randomly sample
only 10% of grid points. These sparse samples are then interpolated onto a 128 x 128 regular grid
before being fed into SparseDiff. Despite the sparsity, SparseDiff outperforms baselines that are
given full-resolution inputs, as shown in Table 4]

Table 4: Sparse sampling on the Navier-Stokes system. We report average metrics of 100 prediction steps.

Method RMSE x1072 | SSIM x10~ ' ¢
FNO (full grid) 15.99 7.26
G-LED (full grid) 12.33 8.10
SparseDiff (full grid) 11.39 8.36
SparseDiff (10% observations) 12.27 8.19

b. Irregular 2D wave equation dataset [47]: We also evaluate SparseDiff on the 2D wave
equation with observations sampled on irregular meshes. These inputs are first completed onto
regular grids using interpolation within observed regions and zero-filling in excluded regions before
being processed by the model. Compared to FNO, SparseDiff maintains stable prediction accuracy
(Table[3).

Table 5: Results on the irregular 2D wave equation dataset [47] of 100 prediction steps.

Method RMSE x10-2 | SSIM x10~ "¢
FNO 23.76 7.81
SparseDiff 15.58 8.25

While these results demonstrate practical applicability to irregular or sparse inputs, we acknowledge
certain limitations of this approach:

* For highly non-uniform spatial distributions, interpolating to a uniform grid can be problem-
atic. Also, the sparse observation may be too under-sampled to allow reliable interpolation,
leading to unnecessary computational cost or significant reconstruction errors.

* If the distribution of spatial inputs shifts between training and testing, performance may
degrade, as our current model lacks coordinate-querying capabilities (unlike operator-
learning models such as neural operators), and cannot generalize across arbitrary spatial
layouts.

Nevertheless, the core design of SparseDiff is not inherently tied to regular grids. The key innovation
of SparseDiff lies in its latent probe representation, which aggregates and models regional dynamics
through sparse, learnable units. This representation is inherently flexible and does not require regular
spatial structures.

The main constraint stems from the UNet-based diffusion decoder, which requires regular-grid input.
However, this is a design choice rather than a fundamental limitation of the method. In future work,
the diffusion decoder could be replaced with architectures that naturally support irregular domains,
such as Graph Neural Networks. Alternatively, it could be substituted with other super-resolution
models, including transformer-based approaches and operator-learning models, to further extend
SparseDiff to irregular spatial settings.
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D.2 Visualization

We provide long-term prediction visualizations on three representative systems: NS, SH, and CY.
For each case, the left column shows the ground truth, the middle column presents the prediction
reconstructed via the diffusion decoder, and the right column shows the vanilla reconstruction by
directly filling each codeword region with its corresponding probe value.

GT Pred Vanilla Reconstruct Pred Vanilla Reconstruct
Rollout = 20 ! ! H Rollout = 30
A
Rollout = 60 1 H M Rollout = 70
.
(a) CY system (b) NS system
GT Pred Vanilla Reconstruct

Rollout = 20

Rollout = 60

(c) SH system
Figure 8: Long-term prediction results on three representative systems.

17



NeurlIPS Paper Checklist

1. Claims

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

Answer: [Yes]
Justification: Can be found at the last paragraph of the introduction section.
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: Can be found at the limitation paragraph of the conclusion section.
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]

18



Justification: This paper does 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: Can be found in the data generation and supplementary materials sections of
the appendix.

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

(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?

19



Answer: [Yes]
Justification: The attached file submitted contains the code.
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: Can be found in the data generation section of the appendix and submitted
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

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: See each table caption in the experiment section.
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).
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10.

« 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).

* 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.
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: Can be found in the time cost section in the appendix.
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).

. 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: The authors have read and conform the NeurIPS Code of Ethics.
Guidelines:

¢ 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: [Yes]
Justification: Can be found in the impact statement section in the appendix.
Guidelines:

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

e 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.
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» 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: This paper poses no such risks.
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.

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: We have cited the original paper that produced the code package or dataset.
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.
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* 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: This paper does 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.

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: This 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.

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: This 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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