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Abstract

We propose a smooth regularization technique that instills a strong temporal induc-
tive bias in video recognition models, particularly benefiting lightweight architec-
tures. Our method encourages smoothness in the intermediate-layer embeddings
of consecutive frames by modeling their changes as a Gaussian Random Walk
(GRW). This penalizes abrupt representational shifts, thereby promoting low-
acceleration solutions that better align with the natural temporal coherence inherent
in videos. By leveraging this enforced smoothness, lightweight models can more
effectively capture complex temporal dynamics. Applied to such models, our tech-
nique yields a 3.8%–6.4% accuracy improvement on Kinetics-600. Notably, the
MoViNets model family trained with our smooth regularization improves the cur-
rent state-of-the-art by 3.8%–6.1% within their respective FLOP constraints, while
MobileNetV3 and the MoViNets-Stream family achieve gains of 4.9%–6.4% over
prior state-of-the-art models with comparable memory footprints. Our code and
models are available at https://github.com/gilgoldm/grw-smoothing.

1 Introduction

Video recognition has rapidly evolved over the past decade, with models becoming increasingly
capable of learning sophisticated spatial and temporal representations. However, despite remarkable
advancements, many architectures still suffer from overfitting or inefficient use of temporal informa-
tion [7, 12, 28]. In light of these challenges, we introduce a novel smooth regularization approach
designed to instill a strong inductive bias specifically tailored to video data. The key insight behind
our method is that video content often exhibits continuous motion and gradual changes in appearance,
suggesting that representations should vary smoothly over time. By explicitly encouraging this
smoothness, we aim to guide neural networks toward more stable and generalizable internal feature
representations, ultimately leading to improved performance across a range of video recognition
tasks.

Our regularization strategy focuses on the intermediate-layer embeddings produced by a neural
network when processing consecutive frames. Instead of allowing these embeddings to fluctuate
arbitrarily across frames, we constrain their dynamics to resemble a Brownian motion, which
translates to imposing Gaussian Random Walk (GRW) behavior in the frames discrete settings that
promotes continuous and relatively modest rates of change. The inspiration behind this modeling
choice comes from the fact that, in a typical video, adjacent frames exhibit only gradual shifts in
object positioning, scale, lighting, or motion. By treating frame-to-frame representation shifts as a
form of GRW, we incorporate a principled, mathematically grounded way to preserve smoothness in
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Figure 1: Performance Results on Kinetics-600. By simply adding GRW-smoothing to exist-
ing models, we achieve significant improvements. Left: Accuracy vs. FLOPs, where each point
corresponds to a published model (see Table 1 for references). GRW-smoothing improves the state-
of-the-art performance of efficient models by 3.8–6.1%. Notably, MoViNet-A3-GRW achieves 85.6%
accuracy at just 56.4 GFLOPs, while the closest model, MViTv2-B-32×3, requires 18.3× more
FLOPs. Right: Accuracy vs. Memory. GRW-smoothing improves the state-of-the-art performance
of memory-efficient models by 4.9–6.4%.

the learned embeddings. This not only reflects a more natural representation of videos but also acts
as a regularizing force against abrupt or erratic changes in the network’s internal states.

A core outcome of our approach is that it naturally discourages large jumps between successive
embeddings. Mathematically, our formulation involves adding the GRW penalty term to the training
objective, which grows whenever the model produces excessively rapid transitions between frames in
the network embedding space. By penalizing these abrupt shifts, we encourage networks to learn
features that evolve more gently over time. This favors solutions that maintain a sense of temporal
consistency, that is, low acceleration in the embedding space, leading to more coherent internal
representations that can better capture the true temporal dynamics present in real-world videos.

By aligning model training with the natural temporal structure found in the data, our approach makes
it easier to networks to focus on learning meaningful temporal correlations rather than wasting
capacity on fitting noisy or abrupt changes. Consequently, the model becomes more sensitive to
subtle motion cues, often crucial for recognizing fine-grained actions or micro-movement semantics
without sacrificing robustness to variations due to noise in the network embedding space.

While bigger network may have enough capacity to learn both the variations and noise in the
embedding space together with the changes in motion, this is more challenging in resource constrained
networks. Thus, we focus in this work on such type of networks. We demonstrate the effectiveness of
our proposed smooth regularization on such lightweight models. To verify its benefits, we trained
these smaller-scale networks on the popular Kinetics-600 dataset, a large benchmark known for its
diversity of human action classes. By simply adding our novel loss function to the training of these
architectures, we get consistent gains of 3.8%–6.4% in classification accuracy as shown in Figure 1,
leading to new state-of-the-art performance under FLOP and memory constraints.

Our main contributions can be summarized as follows:
Smoothness Prior in Video Recognition: We introduce a novel regularization technique that enforces
smoothness in the intermediate-layer embeddings of consecutive video frames by modeling their
changes as a GRW.

State-of-the-Art Performance Under Efficiency Constraints: Our technique outperforms current
leading solutions within a similar memory and compute range, confirming the broad applicability of
our method to resource-limited scenarios.

Flexible Framework: Focusing on smoothness as a strong inductive bias provides a plug-and-play
regularization option for existing video recognition pipelines. It integrates seamlessly into different
architectures with a negligible computational overhead as illustrated in Figure 3.
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2 Related Work

Video recognition in general. Early approaches to video action recognition learned spatiotemporal
representations with 3D CNNs [5, 27], with subsequent advances such as Two-Stream networks [26]
and SlowFast [9] improving the balance between spatial semantics and motion modeling. Temporal
segment sampling [30] provided an efficient way to cover long videos with sparse clips. With the
advent of transformers, attention-based models extended self-attention to spatiotemporal tokens [2, 1].
Subsequent work introduced hierarchical and multiscale designs and localized attention to improve
efficiency [6, 22], and explored alternative attention mechanisms such as trajectory attention [24], as
well as MLP-like backbones [32] and video-specific ViT adaptations [25]. Despite strong accuracy,
pure transformers often incur substantial computational and memory costs for long videos, particularly
relative to compact CNN baselines [2, 1, 22].

Lightweight video recognition. A parallel line of work targets real-time and on-device deployment
by reducing compute and parameters. CNN-based designs dominate this space due to depthwise
separable convolutions and efficient temporal operators. MoViNets [15] introduce a NAS-designed
family of efficient 3D CNNs and a stream buffer for constant-memory streaming, achieving strong
accuracy–efficiency trade-offs. X3D [8] systematically compounds network width, depth, and
temporal resolution to yield compact 3D CNNs. Temporal Shift Module (TSM) [21] augments 2D
CNN backbones with a zero-parameter, zero-FLOP temporal exchange, enabling video recognition
with image-classification-level compute. Further lightweight temporal modules include TEA [19],
TDN [29], and TAdaConv [13], which inject temporal cues with modest overhead. Transformer-based
models such as MViT [6] and VideoSwin-T [22] reduce attention cost via multiscale hierarchies or
windowed attention, yet they often remain heavier than the most compact CNN baselines at strict
mobile budgets. Hybrid architectures combine convolutions and attention to leverage local inductive
bias with global modeling. UniFormer [18] exemplifies this trend by interleaving convolutional
blocks and self-attention. Overall, lightweight video recognition in practice is led by CNNs and
convolution–attention hybrids (see Table 1 in the Experiments section below).

Temporal coherence: slowness and higher-order smoothness. An early prominent approach
to temporal coherence, slow feature analysis (SFA) [31] prefers features that evolve as slowly as
possible in time by minimizing the expected squared temporal derivative of each feature subject
to zero mean, unit variance, and decorrelation constraints. The motivation is that latent factors in
natural videos typically change gradually, so maximally slow features capture stable, semantically
meaningful structure.

Temporal order and ranking constraints. A complementary line of self-supervised work focuses
on verifying or predicting the chronological order of frames or clips. Representative approaches
include Shuffle & Learn [23], Sorting Sequences (Order Prediction Networks) [16], and Odd-One-Out
networks [10]. These objectives encourage representations to respect temporal structure by reasoning
about sequence order rather than enforcing slowness.

3 Method

Consider a video frame sequence X = (xt)
M−1
t=0 and an encoding of a video recognition model’s

intermediate layer φ(X) = Z = (zt)
N−1
t=0 , where M and N denote the numbers of input frames and

embedding time steps (after any temporal subsampling), respectively. The main objective of this
work is to guide the optimization process to favor solutions φ for which z(t) is a smooth function of
t.

Warm-up Example. Let us consider an instructive simplified example. We constructed a small
dataset containing 1,000 short videos of a few model airplanes performing one of three rotations:
Yaw, Pitch, or Roll, starting from a random initial position, as shown in Figure 2(top).

To analyze the geometry of the embeddings, we trained two identical models. In both, we use a
pretrained MobileNet as the recognition model that calculates embeddings per frame and then a single
Transformer layer that process several consecutive frames for the temporal information. The models
are trained to predict the rotation label using cross-entropy loss. In the second model, we smooth
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(a) Yaw (b) Pitch (c) Roll

(d) Embedding without smoothing (e) Embedding with smoothing

Figure 2: Warm-up Example. Top: The used Airplanes dataset containing 1,000 training and 100
test short videos of model airplanes performing one of three rotations, starting from a random position.
The dataset isolates temporal classification, as any single frame is independent of the rotation label.
Bottom: Output embeddings of two identical models trained with and without the smoothness term.
In green, blue and red are typical clips embeddings for Yaw, Pitch and Roll, respectively, projected to
the first two principal components of the embedded test set. Each point is a single frame embedding.
The index is the clip frame index.

the MobileNet embeddings Z with an additional loss term that penalizes high accelerations in z(t),
directing the optimization towards keeping d2

dt2 z(t) low. This term, which is the main contribution
of the paper, is formally described in Section 3.1. The resulting embeddings without and with this
smoothing term are presented in Figures 2d and 2e respectively.

The geometry in Figure 2d shows that the standard encoder lacks a smooth structure. As it does not
utilize the smooth prior we have with respect to video sequences, a more complicated function was
learned than simply the movement in yaw/pitch/roll. In contrast, Figure 2e shows that the model
trained with the smoothness term finds an intrinsic linear two-dimensional representation where each
rotation is mapped to a certain direction. Note that the curve in the plot shows that each rotation is
smooth, and the accelerations d2

dt2 z(t) are low.

We next turn to explain how we calculate smoothing term that we suggest for a given normalized
embedding in a neural network.

3.1 The Gaussian Random Walk (GRW) Smoothing Term

Consider a normalized layer output Z = (zt)
N−1
t=0 over time. Our goal is to induce a smoothness

prior on the embeddings. We do it within a T time window, dividing Z into short subsequences:

Zc = (zc0, . . . , z
c
T−1) := (zcT , . . . , z(c+1)T−1), c = 0, . . . , C − 1, C = ⌊N/T ⌋. (1)

Imposing a direct smooth prior on Z poses a difficulty, as mapping all z(t) to a single point is
“maximally smooth” but results in a degenerate solution that is clearly undesired. Therefore, we
construct the smooth loss in two steps.
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Figure 3: Intermediate layer smoothing. The encodings Z̃ are global-pooled
along the spatial dimensions, then normalized across the batch dimension, where
we use BN without learnable parameters. The sub-clips Zc are fed into GRW.

Figure 4: Final layer smoothing. Output encodings φ(X) = Z̃ of a given video
model are affine transformed to Z. The sub-clips Zc = (zcT , . . . , z(c+1)T−1) are
fed into GRW regularization, as an additional loss term, then further processed
using a few Attention layers.

1. Frame Ordering: We first introduce a contrastive loss that directs the optimization towards
mappings that maintain the structure of the order of the frames.

2. Smooth Prior: We then impose a distribution that favors low-acceleration mappings and
plug it in the contrastive loss, resulting in our smoothing prior.

Frame Ordering. Consider the following right-frame-order contrastive loss

Lf = − E
X,c

[
log

f(Zc)∑
π∈S(1:T ) f(z

c
0, z

c
π(1), z

c
π(2), ..., z

c
π(T−1))

]
, (2)

where f is a probability distribution that we will define in the next step of the smooth prior, and
S(1 : T ) is the group of all permutations π of the elements {1, . . . , T − 1}. That is, we fix the first
frame and contrast the correct ordering of the remaining frames with all their permutations. This
prevents the loss term from degenerate solutions that collapse to the same point.

Smooth Prior. In the loss term in Equation (2), f can be chosen freely. We impose the smoothness
prior by setting f as a distribution favoring low acceleration embedding.

Define the velocities and accelerations of the embedding

d

dt
Zc = V c = (vc

t)
T−2
t=0 := (zc1 − zc0, ..., z

c
T−1 − zcT−2),

d

dt
V c = Ac = (act)

T−3
t=0 := (vc

1 − vc
0, ...,v

c
T−2 − vc

T−3).

5



To smooth z(t) we model the distribution of the velocities as random walk with Gaussian increments,

vc
t |vc

0 = vc
0 +

t−1∑
i=0

aci , t = 1, . . . , T − 2, (3)

where (act)
T−3
t=0 are i.i.d., act ∼ N (0, I). Under this assumption

f(Zc) := p(vc
1, . . . ,v

c
T−2|vc

0) = p(Ac) =

T−3∏
t=0

N (act), (4)

where, with abuse of notation, N denotes the density of the standard normal distribution. To put it all
together, the loss in Equation (2) becomes

L = − E
X,c

[
log

p(Ac)∑
π∈S(1:T ) p(A

c
π)

]
, (5)

where Ac
π are the accelerations according to the permutation π, Ac

π := d2

dt2 (z
c
0, z

c
π(1), z

c
π(2),

..., zcπ(T−1)).

The loss (5) requires a scaling parameter. For any embedding φ the scaling of the embedding by α to
αφ introduce an inverse temperature parameter

L(αφ) = − E
X,c

[
log

p(αAc)∑
π∈S(1:T ) p(αA

c
π)

]
.

We determine the scaling by adding another term Ω(V c) controlling the unconditional speeds

vc
t ∼ N (0, I), Ω(V c) = log

T−2∏
t=0

N (vc
t).

The final smooth prior is

Lsmooth = − E
X,c

[
log

p(Ac)∑
π∈S(1:T ) p(A

c
π)

+ αΩ(V c)

]
, (6)

and the final loss is
LCE + λLsmooth. (7)

Note that the sum in Equation 6 is taken over all permutations, which grow factorially with T . For
large T , we uniformly sample k permutations, for some given k. In practice, we enumerate all
(T − 1)! orderings when T ≤ 7 and uniformly sample k = 1000 permutations when T > 7. Since
(T − 1)! < 1000 for T ≤ 7, the number of evaluated orderings per clip is ≤ 1000, keeping the
computational cost of the denominator in Equation (6) effectively independent of T .

3.2 Applying GRW to a neural network

We propose to apply the GRW loss to intermediate, typically higher, layers of video recognition
models to induce the smoothness inductive bias. In Section 4 we demonstrate empirically the
advantage of using this loss term.

We propose applying the GRW term in two possible locations in a neural network: (i) smoothing of
an intermediate layer, or (ii) smoothing of the final layer. We describe each option next.

Intermediate Layer Smoothing (Figure 3). For an intermediate layer output Z̃ ∈ RC×N×K , where
N is the temporal dimension, C is the channel dimension, and K is the (flattened) spatial dimension,
the encodings are globally pooled along the spatial dimensions and then normalized to have expected
value of 0 ∈ RC and mean unit length,

Z =
1√
C
BN1d(GP (Z̃)) ∈ RC×N ,
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where the BN1d does not have learnable shift and rescale parameters. Then, we extract sub-clips Zc

from Z and use them as input to the GRW loss.

Final Layer Smoothing (Figure 4). We smooth the final encodings of the model, just before the
classification head and then further process the smoothed embeddings with a lightweight temporal
model, namely, a Transformer with 1-2 layers. Formally, the final layer output Z̃ is normalized using a
learnable affine transformation, Z = Linear(Z̃), which is applied on each embedding separately. In
the supplementary material we show that optimizing this transformation together with the GRW loss,
put the embeddings in Z close to the unit sphere and therefore we refer to this affine transformation
as normalization. Also here, we create from Z the sub-clips Zc and use them in the GRW loss.

4 Experiments

To demonstrate the effect of smoothing using our method, we compare the performance of models
trained with and without GRW regularization.

Datasets. We report our results on Kinetics-600 (K600) [4] and Kinetics-400 (K400) [14]. Both
datasets consist of 10-second videos of varying resolutions and frame rates, labeled with 600 and 400
action classes.

Models and Implementation. We focus on video recognition models with lower computational
requirements to control training time, and since introducing inductive bias becomes increasingly
important when efficiency is a factor. We selected the current state-of-the-art models in the lowest
categories of FLOPS and memory, and fine-tuned them by applying GRW-smoothing. Specifically,
we applied GRW to the MoViNet model family A0,. . . ,A3, and their streaming versions A0-S,. . . ,A2-
S. The streaming variants, denoted as Ai-S, are memory-efficient versions of the MoViNet-Ai models
that process videos frame by frame. The baseline performance of these streaming models is lower
than that of their non-streaming counterparts due to the use of causal operations.

At the lowest end of memory requirements, we applied GRW to MobileNetV3 Small with the
following modification. We extract a “base frame” every T frames, where T is the GRW clip window
(see Section 3). All frames within a T -frame window are processed individually, but alongside their
corresponding base frame. To support this, we modified the first layer to accept 6 input channels.

We used Final Layer GRW-smoothing (see Figure 4), which produced better results than Intermediate
Layer GRW-smoothing (Figure 3). However, both methods improve accuracy results, as discussed in
Section 4.2. We maintain the original model’s final layer output dimension in the normalization affine
transformation and apply GRW-smoothing on the output. We replace the classification head with a
2-layer vanilla transformer with a standard ×4 MLP expansion factor (see Section 3 for details).

We set λ = 10−1 as the balancing factor in Equation (7) and α = 1
2 as the scaling factor in

Equation (6). We found that the results are robust to perturbing the values of λ, which suggests that
gradients in the direction of smooth solutions align with gradients with respect to the classification
likelihood; see ablation studies in Subsection 4.2.

In all experiments we set the GRW window to span 0.5–1.0 s of video. Specifically, for MoViNet-
A0/-A1/-A2-GRW and MobileNetV3-S-GRW we use 5 fps with T=5 (covering 1 s), and for
MoViNet-A3-GRW we use 12 fps with T=6 (covering 0.5 s). For these values of T we enumerate
the full set of orderings in Equation (6), of size (T−1)! (i.e., 24 for T=5 and 120 for T=6), so no
permutation subsampling was required (i.e., k was not used).
Remark 1. GRW-smoothing operates on per-frame embeddings Z = (zt) rather than raw frames,
so the added computation is small relative to the backbone. For example, in MoViNet-A2-S-GRW
the input frame xt ∈ R224×224×3 (150,528 dims) is mapped to zt ∈ R640, i.e., an ≈235× reduction
in dimension. Consequently, the O(k ·T ) vector operations and log-probability evaluations in
Equation (6) are negligible compared to the early convolutional blocks. Empirically, with the T
values used in this section (full enumeration of permutations), the wall-clock time per training epoch
for MoViNet-A2-S-GRW is only 2% higher than MoViNet-A2-S without smoothing; even for larger
T where one might sample up to k=1000 permutations, the overall cost remains dominated by the
backbone forward/backward pass.

Training. On K600, we fine-tune starting from existing weights. On K400, we use transfer learning
from K600. We employ a simple training process, not applying augmentations except when training
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the A2 and A3 models on K400. We use different training rates for the transformer head and model
backbone, decreasing with a cosine learning rate scheduler in the range [10−4, 10−6] for the model
backbone and [10−3, 10−5] for the transformer head. We fine-tune for 14 epochs on K600 and 10
epochs on K400.

The smaller models, A0–A1 and MobileNet, were trained on a single dgx-A100 for 3–5 days, while
the A2 and A3 models were trained on 2× dgx-A100 for 5 days.

4.1 Results

For all results, we use a single clip evaluation for our models. We report Top-1 accuracy results
against FLOPS and memory. The resolution column refers to the resolution of the input video, with
224 indicating 224× 224. The frames column is given by num_clips× num_frames used in the
evaluation. The GFLOPs column indicates the total computation for the evaluation of a single video
sample.

As seen in Table 1, all models with GRW-smoothing achieve significant improvements in accuracy
and set new SOTA results in their corresponding GFLOPs group. Specifically, MoViNet-A0-S-GRW,
MoViNet-A1-S-GRW, MoViNet-A2-S-GRW and MoViNet-A3-GRW improve the SOTA results by
6.1%, 5.2%, 4.7% and 3.8%, respectively. For MoViNet-A3-GRW, the next model achieving similar
accuracy, MViTv2-B-32×3, requires 18.3× more GFLOPs.

We compare current SOTA memory-efficient models, namely MobileNet and streaming versions of
the MoViNet model family, before and after smoothing them with GRW; see Table 2. MobileNetV3-S-
GRW, MoViNet-A0-S-GRW, MoViNet-A1-S-GRW, MoViNet-A2-S-GRW improve their non-smooth
versions by 6.0%, 6.4%, 5.5% and 4.9%, respectively; see also Figure 1(right).

4.2 Ablation Studies

We study the effect of GRW by (i) disentangling the contribution of smoothing versus the added
attention layers, and (ii) analyzing sensitivity to the key hyperparameters: the GRW window T , the
scaling factor α in Equation (6), and the balance λ in Equation (7).

Placement and attention vs. smoothing. We ablate where GRW is applied (Intermediate vs. Final
layer) and whether the attention head alone explains the gains. Concretely, on K600 we train: (i)
MoViNet-A2-S-GRW (Final Layer Smoothing; Figure 4), (ii) MoViNet-A2-S-GRW (Intermediate
Layer Smoothing; Figure 3), and (iii) MoViNet-A2-S + attention, the baseline equipped with the
same 2-layer Transformer head but without GRW. Table 4 shows that adding attention alone yields a
small gain over the baseline (+0.9 Top-1), while training with GRW yields an additional +4.0 absolute
(for a total +4.9 over the baseline) when applied at the final layer; applying GRW at an intermediate
layer also improves accuracy (+2.4) even without attention.

Sensitivity to T , α, and λ. We further ablate the GRW hyperparameters on MoViNet-A0-S-GRW
trained on K600, varying one parameter at a time and keeping all other settings fixed (Final Layer
Smoothing; training protocol as in Sec. 4). Results are summarized in Table 5.

Summary. Across these ablations, GRW is not overly sensitive near the settings used in our main
results: T=5, α= 1

2 in Equation (6), and λ=10−1 in Equation (7). Short windows under-exploit
temporal coherence, very long windows may blur distinct motions, and excessively large λ can
over-regularize.

5 Conclusion

In summary, we introduced a novel smooth regularization technique designed to enhance temporal
understanding in video recognition models, particularly lightweight architectures. By modeling
the evolution of frame embeddings as a Gaussian Random Walk, our method penalizes abrupt
representational changes, effectively promoting low-acceleration solutions that align with the natural
temporal coherence of video data. This approach has demonstrated significant accuracy improvements,
notably a 3.8%–6.4% gain on Kinetics-600, and has established new state-of-the-art performance in
compute-constrained settings. By combining our proposed GRW regularization with models such as
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Table 1: K600 by FLOPS
Model Top-1 GFLOPs RES FRAMES

1 MoViNet-A0-S-GRW 78.4 2.7 172 1 × 50
2 MoViNet-A0[15] 72.3 2.7 172 1 × 50
3 MobileNetV3-S[11] 61.3 2.8 224 1 × 50
4 MobileNetV3-S+TSM[21] 65.5 2.8 224 1 × 50
5 X3D-XS[8] 70.2 3.9 182 1 × 20
6 MoViNet-A1-S-GRW 81.9 6.0 172 1 × 50
7 MoViNet-A1[15] 76.7 6.0 172 1 × 50
8 X3D-S[8] 73.4 7.8 182 1 × 40
9 MoViNet-A2[15] 78.6 10.3 224 1 × 50
10 MobileNetV3-L[11] 68.1 11.0 224 1 × 50
11 MobileNetV3-L+TSM[21] 71.4 11.0 224 1 × 50
12 MoViNet-A2-S-GRW 83.3 11.3 224 1 × 50
13 X3D-M[8] 76.9 19.4 256 1 × 50
14 X3D-XS[8] 72.3 23.3 182 30 × 4
15 MoViNet-A3-GRW 85.6 56.4 256 1 × 120
16 MoViNet-A3[15] 81.8 56.9 256 1 × 120
17 X3D-S[8] 76.4 76.1 182 30 × 13
18 X3D-L[8] 79.1 77.5 356 1 × 50
19 MoViNet-A4[15] 83.5 105 290 1 × 80
20 UniFormer-S[18] 82.8 167 224 4 × 16
21 X3D-M[8] 78.8 186 256 30 × 16
22 X3D-L[8] 80.7 187 356 1 × 120
23 I3D[4] 71.6 216 224 1 × 250
24 MoViNet-A5[15] 84.3 281 320 1 × 120
25 MViT-B-16×4[6] 82.1 353 224 5 × 16
26 MoViNet-A6[15] 84.8 386 320 1 × 120
27 UniFormer-B[18] 84.0 389 224 4 × 16
28 XViT (8×)[3] 82.5 425 224 3 × 8
29 XViT (16×)[3] 84.5 850 224 3 × 16
30 MViT-B-32×3[6] 83.4 850 224 5 × 32
31 MViTv2-B-32×3[20] 85.5 1030 224 5 × 32

Table 1: Top-1 accuracy, total video evaluation cost (in GFLOPs), input resolution (RES), and
FRAMES = clips × frames per clip used for evaluation on Kinetics-600. Models enhanced with
our proposed smooth regularization are marked with GRW. These models consistently outperform
their baselines and other state-of-the-art methods under similar FLOP constraints. Variance: for
MoViNet-A0-S-GRW, across three seeds we obtain 78.4± 0.05 Top-1 (mean ± std).

MoViNet-A0/1/2/3 and their streaming counterparts, as well as MobileNetV3, we improve overall
performance within their respective FLOP and memory constraints. The GRW regularization acts
as a flexible, plug-and-play component with minimal computational overhead, guiding networks
towards more stable and generalizable feature representations.

While our approach presents promising results, it has certain limitations. The core assumption of
Gaussian Random Walk dynamics, while beneficial for many natural videos, might not be universally
optimal for content characterized by extremely abrupt transitions or intentionally discontinuous
motion. A future work may explore such videos and how to extend GRW for such cases. Furthermore,
while our experiments demonstrate significant gains on lightweight models, the extent of improvement
on very large-capacity models, which we could not do due to computational constraints, require
further investigation. Finally, the necessity of the frame ordering component in the contrastive loss,
while effective in preventing degenerate solutions, does introduce an additional layer of complexity
to the training objective. A more efficient variants can be studied in a future work.

Looking ahead, several avenues for future research emerge. Extending the application of our GRW
smoothing to a wider array of video architectures, including more complex Transformer-based
models, could yield further insights into its generalizability. Investigating its efficacy across diverse
video understanding tasks beyond action recognition, such as temporal action localization or video
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Table 2: K600 by Mem
Model Top-1 Mem MB
MobileNetV3-S[11] 61.3 29
MobileNetV3-S-GRW 67.3 30
MoViNet-A0-S-GRW 78.4 53
MoViNet-A0-S[15] 72.0 53
MoViNet-A1-S-GRW 81.9 67
MoViNet-A1-S[15] 76.4 67
MoViNet-A2-S-GRW 83.3 78
MoViNet-A2-S[15] 78.4 78

Table 2: Top-1 accuracy and memory usage (in
MB) for memory-efficient models on Kinetics-600.
Models enhanced with our smooth regularization
(GRW) are shown in bold and consistently out-
perform their baselines under identical memory
constraints.

Table 3: K400 by FLOPS
Model Top-1 GFLOPs
MoViNet-A0-S-GRW 70.4 2.7
MoViNet-A0[15] 65.8 2.7
MoViNet-A2[15] 75.0 10.3
MoViNet-A2-GRW 77.6 11.3
X3D-XS[8] 69.5 23.3
MoViNet-A3-GRW 81.7 56.4
MoViNet-A3[15] 78.2 56.9
X3D-S[8] 73.5 76.1
VideoMamba[17] 76.9 108

Table 3: Top-1 accuracy, total video evaluation
cost, on Kinetics-400.

Table 4: Ablation on placement (K600, MoViNet-A2-S family).
Model Top-1 GFLOPs
MoViNet-A2-S-GRW (final layer) 83.3 11.3
MoViNet-A2-S-GRW (intermediate layer) 80.8 10.3
MoViNet-A2-S + attention (no GRW) 79.3 11.3
MoViNet-A2-S[15] 78.4 10.3

anomaly detection, presents another promising direction. Additionally, a dynamic smoothing window
that adapts to video content is favorable. Finally, a more in-depth theoretical understanding of how
GRW regularization influences the optimization landscape and feature learning process would be
beneficial.
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(a) Window T
Top-1 (%) T

77.3 3
78.4 5
78.0 10
72.0 no smoothing

(b) α in Equation (6)
Top-1 (%) α

77.9 0.25
78.4 0.5
78.3 1.0
72.0 no smoothing

(c) λ in Equation (7)
Top-1 (%) λ

78.0 0.01
78.4 0.1
75.5 1.0
72.0 no smoothing

Table 5: Hyperparameter ablations for GRW on K600 with MoViNet-A0-S-GRW. (a) Window T
peaks at T=5. (b) Scaling α shows a mild optimum near α=0.5 in Equation (6). (c) Balance λ is
robust in {0.01, 0.1} and degrades at λ=1.0 in Equation (7).
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A Scaling

Here we show the scaling behavior of GRW-smoothing. The main result we prove is that the optimal
solution for a smoothing window of size T , applied to approximately centered data, lies within a ball
of radius bounded by O(T

√
lnT ). We prove this result in the one-dimensional case.

Let us recall the setup:

Consider T ≥ 3 points in [0, R] with fixed endpoints

0 =: z1 ≤ z2 ≤ · · · ≤ zT := R, Z = (zt)
T
t=1, (8)

and define velocity and acceleration vectors as

V (Z) = (z2 − z1, . . . , zT − zT−1) ∈ RT−1, v = (vt)
T−1
t=1 ,

A(Z) = (v2 − v1, . . . , vT−1 − vT−2) ∈ RT−2, A = (at)
T−2
t=1 .

We will denote by ZT ⊂ RT the set of all point configurations of the form (8), that is, non-decreasing
sequences with z1 = 0. For any Z ∈ ZT we denote R(Z) := zT .

For any such configuration Z, define the loss components:

Lv(Z) =
1

2

T−1∑
t=1

v2t =
1

2

T−1∑
t=1

(zt+1 − zt)
2,

and

La(Z) = − log
exp

(
− 1

2

∑T−2
t=1 a2t (Z)

)
∑

π exp
(
− 1

2

∑T−2
t=1 a2t (Z

π)
) ,

where the sum is over all permutations π of {2, . . . , T} fixing z1, and

Zπ = (z1, zπ(2), . . . , zπ(T )).

With the above notation and α = 1 (see Equation (6) in the paper), GRW loss is given by

L(Z) = La(Z) + Lv(Z).

Theorem 1 (GRW -smoothing scale). Given T ≥ 3, let Z∗ = argminZ∈ZT L(Z). Then

R(Z∗) = O(T
√
lnT ).

Remark 2. Theorem 1 suggests that for approximately centered embedding, it is beneficial to allow a
scaling degree of freedom before feeding embedding vectors into GRW-smoothing to allow the solution
to converge into the O(T

√
lnT ) ball. Therefore, when applying GRW-smoothing to a sequence

model embedding, we either directly scale and center the embedding using a non-learnable batch
normalization (BN), or allow for a learnable linear transformation to set the scaling. Empirically, we
found that centering is not required when a linear transformation is applied.

Proof. We will use the following propositions in the proof, providing their proofs subsequently:

Proposition 1 (Uniform Lower Bound on L). For any Z ∈ ZT ,

L(Z) ≥ Lv(Z) ≥ R2(Z)

2(T − 1)
. (9)

Proposition 2 (Uniform Configuration Upper Bound). Consider the uniform configuration

Zu =

(
0,

R

T − 1
,

2R

T − 1
, . . . , R

)
. (10)

For R = T − 1,
L(Zu) = O(T lnT ). (11)
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Assuming Proposition 1 and Proposition 2, we will now complete the proof of Theorem 1 and provide
their proofs subsequently.

From Proposition 1 and Proposition 2, it follows that

R2(Z∗)

2(T − 1)
≤ L(Z∗) ≤ C1T lnT,

for some constant C1. Rearranging, we get the desired result.

Now we prove the auxiliary claims.

Proof of Proposition 1. Since La(Z) is non-negative, we have L(Z) ≥ Lv(Z). Recall that Lv(Z) =
1
2

∑T−1
t=1 v2t . For any Z the velocities are non-negative and satisfy

∑
t vt = zT − z1 = R(Z) := R.

Therefore, Lv(Z) ≥ minV ∈RT−1,V≥0,∥V ∥1=R
1
2∥V ∥22. The last is a classic quadratic program with

the minimizer Vu = R
T−1 (1, ..., 1), attaining the minimum R2

2(T−1) , where these velocities are realized

by the uniform configuration of the points. Hence, we obtain L(Z) ≥ Lv(Z) ≥ R2(Z)
2(T−1) .

Proof of Proposition 2. Fix R = T − 1 and consider the uniform configuration (10). We have

L(Zu) = ln

 ∑
π:π(1)=1

exp

(
− R2

2(T − 1)2
S(π)

)
︸ ︷︷ ︸

La(Zu)

+
R2

2(T − 1)︸ ︷︷ ︸
Lv(Zu)

,

where

S(π) :=

T−2∑
t=1

(π(t+ 2)− 2π(t+ 1) + π(t))2.

The velocity term simplifies as

Lv(zu) =
R2

2(T − 1)
=

(T − 1)2

2(T − 1)
=

T − 1

2
. (12)

The acceleration term simplifies as

La(zu) = ln

 ∑
π:π(1)=1

exp

(
−1

2
S(π)

) ≤ ln((T − 1)!) = O(T lnT ). (13)

Then by (12) and (13) L(zu) = O(T lnT ).
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NeurIPS 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: Throughout the paper, we describe the proposed method and show through
various experiments its advantage in the constrained compute setting.
Guidelines:

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

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

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

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

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
We explicitly discuss the limitations of our work in Section 5.
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]
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Justification: There are no theoretical results shown in the paper.
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 provide in Section 4 detailed descriptions of all experimental settings,
including model architectures, initialization procedures, hyperparameters, and evaluation
metrics. This information is sufficient to reproduce the main experimental results that
support our claims.
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
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
Answer: [Yes]
Justification: We will publish our code and instructions upon acceptance, enabling faithful
reproduction of all experiments. All datasets used are publicly available.
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 URLs 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: We provide full training and evaluation details in Section 4. Where possible,
we adopt hyperparameter settings from prior work; otherwise, we perform grid search.
These details are specified to ensure clarity and reproducibility.
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: Training our models is very computationally demanding and therefore we
cannot afford training multiple models. Yet, the advantage they achieve are with very high
margin, which clearly shows that the improvement is indeed significant and not marginal.
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.
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• 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).

• 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: We report the GPU used and training time in Section 4

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

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

Answer: [Yes]

Justification: We followed the code of ethics while conducting the research.

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).

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

Answer: [NA]

Justification: The paper provide a regularization for the task of video action recognition,
which makes action recognition video models more efficient.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
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• If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

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

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

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

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

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

Answer: [NA]

Justification: The proposed algorithm is not of high risk of misuse.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

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

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

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

Answer: [Yes]

Justification: We provide reference to all the models and datasets we use in Section 4.

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

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

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

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

Answer: [NA]

Justification: We use existing datasets.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

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

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

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

Answer: [NA]

Justification: We did not use crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

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

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

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
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: We did not use 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.
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• 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.

16. Declaration of LLM 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: We use LLMs only in their standard use of improving 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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