
Vid-SME: Membership Inference Attacks against
Large Video Understanding Models

Qi Li Runpeng Yu Xinchao Wang∗
National University of Singapore

{liqi, r.yu}@u.nus.edu xinchao@nus.edu.sg

Abstract

Multimodal large language models (MLLMs) demonstrate remarkable capabilities
in handling complex multimodal tasks and are increasingly adopted in video under-
standing applications. However, their rapid advancement raises serious data privacy
concerns, particularly given the potential inclusion of sensitive video content, such
as personal recordings and surveillance footage, in their training datasets. Deter-
mining improperly used videos during training remains a critical and unresolved
challenge. Despite considerable progress on membership inference attacks (MIAs)
for text and image data in MLLMs, existing methods fail to generalize effectively
to the video domain. These methods suffer from poor scalability as more frames
are sampled and generally achieve negligible true positive rates at low false positive
rates (TPR@Low FPR), mainly due to their failure to capture the inherent temporal
variations of video frames and to account for model behavior differences as the
number of frames varies. To address these challenges, we introduce Vid-SME
(Video Sharma–Mittal Entropy), the first membership inference method tailored for
video data used in video understanding LLMs (VULLMs). Vid-SME leverages the
confidence of model output and integrates adaptive parameterization to compute
Sharma–Mittal entropy (SME) for video inputs. By leveraging the SME difference
between natural and temporally-reversed video frames, Vid-SME derives robust
membership scores to determine whether a given video is part of the model’s
training set. Experiments on various self-trained and open-sourced VULLMs
demonstrate the strong effectiveness of Vid-SME. Code is available here.

1 Introduction

Multimodal large language models (MLLMs) [1, 11, 26, 55] have received widespread attention from
the AI community. By combining large language models (LLMs) with vision encoders, MLLMs gain
the ability to perform a wide range of vision-language tasks [17, 64, 19, 21]. Recently, there has been
growing interest in extending MLLMs to video understanding [63, 28, 30, 45], driven by their strong
capabilities in processing visual information. However, the rapid development of video understanding
LLMs (VULLMs) also raises critical concerns regarding data privacy leakage, as videos used for
model training may contain sensitive content, such as personal recordings and surveillance footage,
which could be memorized and unintentionally exposed by the models [5, 48, 61]. This highlights
the severity of the problem, since early studies demonstrate that models’ memorization of data can be
maliciously exploited to conduct membership inference attacks (MIAs) [44, 4], where adversaries
aim to determine whether a specific data sample was used during training. However, despite the
booming development of VULLMs, efforts to address this issue significantly lags behind.

Recent studies have explored MIAs on LLMs and MLLMs [59, 43, 24, 50]. However, we observe
that directly applying these methods to VULLMs results in extremely poor performance, and the
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performance often deteriorates as more frames are introduced. The underlying reason is that these
methods adopt a static view of MIA, which is inconsistent with the temporal nature and complex
inter-frame variations of video data. Moreover, they overlook the intricate relationship between MIAs
and model performance variations across different frame conditions. Since MIAs fundamentally
rely on identifying model memorization [44] and such memorization in VULLMs may vary with the
frame conditions [34, 56], the model tends to provide substantially different inference signals to the
adversary when processing different number of frames from the same video. Therefore, successful
MIAs on VULLMs generally require a video-specific and adaptive solution that takes into account
both video statistics and performance fluctuations across different frame conditions.

In this work, we introduce Vid-SME (Video Sharma–Mittal Entropy), the first membership inference
attack specifically devised to identify videos used in the training of VULLMs. Vid-SME leverages
the flexible entropy formulation of Sharma–Mittal Entropy [42, 2, 14, 51] to adaptively capture the
specific inter-frame variations of video frame sequences and compute customized entropy values. To
account for different frame conditions, Vid-SME further exploits the model’s behavioral differences
between natural and reversed frame sequences to compute the final membership score. This design is
motivated by our observation that, if a video was seen during training, the model tends to predict
the next token with higher confidence when frames are presented in their natural order, leading to a
lower entropy value. In contrast, when processing reversed frame sequences, the model exhibits more
pronounced confidence degradation on seen videos, resulting in a more noticeable increase in entropy
value. This ultimately yields a larger entropy gap between natural and reversed sequences for those
seen videos, which serves as a strong membership signal.

We evaluate the performance of Vid-SME on various frame conditions, target datasets and target
models. The results consistently demonstrate its strong effectiveness in inferring video membership
in VULLMs. We summarize our contributions as follows:

• We introduce Vid-SME, the first dedicated method for video membership inference, which
adaptively adjusts the controllable parameters in Sharma–Mittal entropy and leverages
reversed frame sequences to capture the inherent temporal nature and complex inter-frame
variations in videos, thus achieving reliable membership inference.

• Open-sourced VULLMs are commonly trained on multi-source datasets with only a portion
of the training data publicly available, making it difficult to isolate the effects of task types
and data distributions on MIA performance. To enable more controlled evaluation, we
establish a benchmark by training three VULLMs, each on a distinct dataset, using two
representative training strategies (Video-XL [45] and LongVA [63]).

• Extensive experiments across five VULLMs (three self-trained and two open-sourced)
clearly demonstrate the superiority of Vid-SME. For example, when applied to the open-
sourced LLaVA-NeXT-Video-34B [27, 65], Vid-SME delivers a 28.3% improvement in
AUC, an 18.1% increase in accuracy, and an impressive 293% boost in TPR@5% FPR.

2 Related Work

2.1 MultiModal Large Language Models

Building on the success of large language models (LLMs) [12, 13, 36, 52], multimodal large language
models (MLLMs) [1, 11, 26, 55] integrate visual encoders to extract visual features, which are
then aligned to the same dimensional space as LLM tokens through dedicated connectors, enabling
effective visual-language processing. Recent advancements in MLLMs have led to significant
improvements in image-related tasks. Video Understanding Large Language Models (VULLMs) [63,
28, 45, 30] further expand the capabilities of MLLMs to video understanding by encoding multi-frame
features and concatenating them for uniform interpretation. The typical working pipeline of VULLMs
for video data closely follows that of image-based MLLMs [30, 28]. For example, a visual encoder is
usually employed to extract spatiotemporal features from videos. These features are then projected
into the input space of the large language model through a learnable linear projection layer, enabling
seamless integration with language tokens.

VULLMs commonly adapt pretrained image-based MLLMs for video tasks [33, 45, 63, 32, 37],
which are usually trained on image and text modalities and then instruction-tuned on carefully
designed video instruction data, during which only the linear projection layer is updated, while the
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rest of the architecture remains frozen [32]. Recent efforts, including LongVA [63], Video-XL [45],
and the LLaVA-NeXT-Video series [27, 65], focus on enhancing temporal modeling to support long
video comprehension, and have demonstrated strong performance on related tasks.

2.2 Membership Inference Attack

Membership Inference Attacks (MIAs) [44, 4, 23, 54] aim to determine whether a specific data sample
was included in a model’s training set. For a machine learning model, ensuring the confidentiality
of its training data is critical, as it may contain sensitive or personal information about individuals.
Existing MIA methods can be broadly categorized into two types [4, 24]: metric-based and shadow
model-based. Metric-based MIAs [59, 40, 49, 24] rely on evaluating certain metrics derived from the
target model’s outputs and making membership decisions based on predefined thresholds. In contrast,
shadow model-based MIAs [44, 60] train additional models to replicate the behavior of the target
model, which requires extensive computational resources and is often impractical for LLMs [24].
Thus, this work focuses exclusively on metric-based methods.

MIAs were initially applied in the context of classification models [44], but have since been extended
to other types of models, such as generative models [10, 18] and embedding models [31, 47]. With
the rapid advancement of LLMs and MLLMs, researchers have begun to explore the feasibility of
conducting MIAs against these models as well. For example, [43] proposed Min-K%, which selects
the smallest K% of probabilities corresponding to the ground-truth token, while [24] argued that
detecting individual images or texts is more practical in real-world scenarios and presents additional
challenges. To address this, they introduced MaxRényi-K% and its variant version ModRényi,
investigating the potential for extracting and attacking unimodal information from MLLMs. However,
to the best of our knowledge, no existing work has explored the privacy risks of MIAs on video
understanding large language models (VULLMs).

In addition, existing MIA studies on (M)LLMs can generally be categorized into those targeting
pretraining data [43, 62, 8] and those targeting instruction tuning data [24, 57, 20]. Unlike these
models, as dicussed in Section 2.1, VULLMs are commonly built by adapting image-based MLLMs
to video tasks [33, 45, 63, 32, 37]. These models are initially trained on image–text data and
instruction-tuned using video instruction datasets. As a result, MIAs against videos in VULLMs are
primarily constrained to the instruction tuning stage. This highlights the unique importance of this
problem: The capability of VULLMs to effectively interact with humans fundamentally depends
on the instruction tuning stage, as the strength of this capability is directly tied to the quality of the
instruction tuning dataset. Furthermore, developers often construct their own task-specific datasets
for this stage [45, 63, 22], which introduces additional privacy risks. Motivated by these factors, our
work focuses on video membership inference during the instruction tuning stage of VULLMs.

3 Problem Setting and Challenges

Notation. The token set is denoted by V . A sequence of L tokens is denoted as X :=
(x1, x2, . . . , xL), where xk ∈ V for k ∈ [L]. Let X1∥X2 denote the aggregation of sequences
X1 and X2. A video token sequence is denoted as F1:T , where T represents the number of frames.
In this work, we focus on a VULLM fθ, parameterized by θ, where the input of the model consists
of F1:T and an instruction context Xins, and the output is the response text Xres. We use Dvid to
represent the video set containing the videos used in model training.

Adversary’s Goal. We follow the standard definition of MIAs as described in [44]. Given a VULLM
fθ, the adversary aims to determine whether a specific video was used during the instruction tuning
stage of fθ. We formulate this attack as a binary classification problem. Let A(F1:T ; θ) :→ {0, 1}
denote the membership detector. During the attack, we feed the model with F1:T and the instruction
context Xins. The membership detector makes its decision by comparing a metric I(F1:T ⊕Xins; θ)
with a certain threshold λ:

A(F1:T ; θ) =

{
1 (F1:T ∈ Dvid), if I(F1:T ∥Xins; θ) < λ,

0 (F1:T /∈ Dvid), if I(F1:T ∥Xins; θ) ≥ λ.
(1)

Adversary’s Knowledge. Following the standard MIA setup [24, 57], we assume a grey-box scenario
where the adversary can query the target model using the video frames and the instruction context,
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Figure 1: Vid-SME against VULLMs. Left: An example of the video instruction context used in
our experiments. Middle: The overall pipeline of Vid-SME. Right: The detailed illustration of the
membership score calculaiton of Vid-SME.
and is allowed to access the tokenizer, output logits, and generated text. However, the adversary has
no knowledge of the training algorithm or the model parameters of the target model.

Challenges. (i). Unlike conventional LLMs and image-based MLLMs, VULLMs incorporate video
modality during instruction tuning, enabling multimodal understanding beyond static images and text.
The temporal nature and complex inter-frame variations inherent in video data makes membership
inference significantly more challenging. (ii). Membership inference fundamentally relies on the
model’s memorization of training data [44]. However, memorization in LLMs is generally weak. This
becomes more subtle for video data, where the number of frames fed into VULLMs can influence the
model performance and thus influence the degree of memorization [34, 56]. The variation in the frame
conditions makes the relationship between the attack performance and the model’s memorization
highly intricate, thereby posing additional challenges for effective attacks. (iii). On the dataset
side, video instruction tuning data for VULLMs typically comes from diverse and heterogeneous
sources [63, 45, 65], leading to highly complex data distributions. Moreover, it is often difficult to find
non-member data that shares a similar distribution with the training set. Previous MIAs on text and
image data attempt to synthesize non-member samples using LLMs or image generation models [24],
whereas such synthesis remains challenging for video data. The distribution shift between members
and non-members poses additional challenges for the evaluation of membership inference.

4 Method

Similar to image-based MLLMs, VULLMs also usually project the vision encoder’s embedding of
the video frame sequence into the feature space of LLM. Under the grey-box setting, intermediate
information from the LLM is inaccessible, and gradient-based operations (e.g., backpropagation)
cannot be performed. To this end, we propose a token-level video MIA that computes metrics based
on the output logits at each token position.

Figure 1 illustrates the full pipeline of our proposed attack, which can be divided into three main stages:
data preprocessing, model inference, and membership inference. In the data preprocessing stage, we
perform frame sampling on all videos in the target dataset containing members and non-members.
Without loss of generality, we adopt uniform sampling based on frame indices. Additionally, to
capture the specific inter-frame variations of each video frame sequence, we customize the order
parameter q and deformation parameter r of Sharma–Mittal Entropy [42] by incorporating the video’s
motion complexity and illumination variation into their determination. In the model inference stage,
the sampled video frames and the instruction context are fed into the target VULLM. This step is
conducted twice, using both the natural frame order and the reversed frame order, respectively. Finally,
in the membership inference stage, we extract the slices of natural and reversed logits corresponding
to the video frames, which can be easily located based on the model’s special tokens [24]. Using the
customized q and r values, we compute the Sharma–Mittal entropy for both slices, and derive the
final membership score through the differences between the two entropy values.

Sharma–Mittal entropy. Sharma-Mittal entropy is one of the entropy metrics that is widely used
in information theory and statistical learning due to its flexibility [42, 14, 51]. It allows for tunable
sensitivity to different regions of a probability distribution, which is particularly beneficial in scenarios
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involving complex distributions such as those observed in video-language modeling and membership
inference attacks. It generalizes several well-known entropy formulations and can be defined as

Sq,r(p) =
1

1−r

((∑
j p

q
j

) 1−r
1−q − 1

)
, q, r ∈ (0,∞) \ {1}, where p = {pj} represents a probability

distribution, and q and r are two adjustable parameters that control the entropy’s sensitivity and
aggregation behavior, respectively. The parameter q determines how the entropy responds to the
skewness of the distribution. Specifically, smaller values of q increase sensitivity to low-probability
(rare) events, while larger values of q emphasizes more on high-probability (dominant) modes. In
contrast, r governs the nonlinearity and aggregation scheme in entropy calculation. Larger values of
r make the entropy calculation more nonlinear, thereby increasing its sensitivity to distribution peaks.

4.1 Adaptive Parameterization

Videos naturally exhibit highly diverse visual properties. Such diversity impacts the model’s prediction
distributions. For instance, fast-moving videos with large inter-frame variations often induce higher
uncertainty, leading to more dispersed predictions, while stable videos result in more confident and
concentrated outputs [35, 16, 67, 3]. Moreover, videos with obvious illumination variations may
introduce abnormal prediction fluctuations, as sudden brightness changes can create misleading visual
cues that confuse the model and cause it to overly favor certain tokens [9, 58, 46, 29]. Thus, algin
with the properties of Sharma–Mittal entropy, we adapt the parameters q and r for each video frame
sequence based on its motion complexity and illumination variation.
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Figure 2: Example of the q/r value distribution and entropy distribution on Video-XL-CinePile-7B.

To do so, for the i-th video, after the frame sequence sampling, we quantify its motion complexity ϕi

as the mean variance of optical flow [15] between consecutive frames, while its illumination variation
λi is measured as the standard deviation of average brightness across frames. Specifically, each frame
is first converted to grayscale, and the mean brightness of each frame is computed; the standard
deviation of these mean values then reflects the overall illumination variation within the sequence.
Both statistics are further normalized in the target dataset to obtain normalized statistics ϕ̂i and λ̂i,
respectively. The entropy parameters qi and ri of the i-th video are then determined as:

qi = 1 + β1 ·
maxj ϕ̂j − ϕ̂i

maxj ϕ̂j −minj ϕ̂j

, ri = 1 + β2 ·
λ̂i −minj λ̂j

maxj λ̂j −minj λ̂j

, (2)

where β1 and β2 are scaling coefficients controlling the adjustment range of each parameter, which
are set to 1.0 and 0.1, respectively, to better align with the nature of Sharma-Mittal entropy calculation.
In this design, video frame sequences with higher motion complexity (i.e., larger ϕ) are assigned
smaller q values, as higher motion typically leads to more uncertain predictions, resulting in flatter
probability distributions with more low-probability tokens. Smaller q values increase the sensitivity of
the entropy calculation to these low-probability tokens, thus better reflecting the model’s uncertainty
in such cases. Meanwhile, videos with larger illumination variations (i.e., larger λ) are assigned larger
r values, which enhances the nonlinearity of the entropy calculation and increases its sensitivity to
abnormal predictions.

4.2 Vid-SME

We now propose our Vid-SME, utilizing the Sharma–Mittal entropy of the next-token probability
distribution. Specifically, given a token sequence X := (x1, x2, . . . , xL) consisting of video frame
tokens and instruction context tokens (i.e., X = F1:T ∥Xins), let pk(·) = P(·|x1, . . . , xk; θ) be the
next-token probability distribution at the k-th position. We then extract the video-related probability
slices, denoted by p̄1:T = {pk(·) | xk ∈ F1:T }. Accordingly, the video-related probability slices

5



corresponding to the reversed video sequence can be extracted, denoted as p̄T :1 = {p̂k(·) | xk ∈
FT :1}, where FT :1 denotes the reversed video token sequence, p̂k(·) is the next-token probability
distribution for the reversed video sequence at the k-th position. The Sharma-Mittal entropy is then
computed for the natural and reversed probability slices, resulting in

Snat = {Sq,r (pk(·)) | pk(·) ∈ p̄1:T } , Srev = {Sq,r (p̂k(·)) | p̂k(·) ∈ p̄T :1} , (3)

where Sq,r(·) denotes the Sharma-Mittal entropy with adaptively determined parameters q and
r. After that, we calculate the element-wise differences between the two sequences as ∆S(ξ) =

S
(ξ)
nat − S

(ξ)
rev , for ξ = 1, 2, . . . , |Snat|. Let Min-K%(∆S) be the smallest K% from the sequence ∆S.

The final Vid-SME score for current video frame sequence is computed as

Vid-SME-K%(F1:T ) =
1

|Min-K%(∆S)|
∑

ξ∈Min-K%(∆S)

∆S(ξ). (4)

When K = 0, the Vid-SME-K% score is defined to be minξ∆S(ξ). When K = 100, the Vid-SME-K%
score is the mean ∆S(ξ) value of the sequence F1:T . As q → 1, the formulation of Sharma-Mittal
entropy reduces to the classical Shannon entropy [41]; when r → 1, Sharma-Mittal entropy reduces
to Rényi entropy [39]; when r = q, it corresponds to Tsallis entropy [53]. Formal definitions of
these simpler form can be found in Appendix F. In practice, we set a sufficiently small threshold of
1×10−10. When the different between q and 1, r and 1, or between q and r falls below this threshold,
the entropy calculation in Vid-SME degenerates into the corresponding simpler form.

The variation of q/r values with respect to the number of sampled frames. As shown in Figure
2a, increasing the number of frames makes the q/r values more video-specific, suggesting that the
richer video information brought by additional frames is effectively reflected in the q/r values.

The significance of the natural-reversed entropy difference. As shown in Figure 2b, while the
natural and reversed entropy distributions offer some separation between members and non-members,
they are insufficient for clear discrimination. In contrast, the natural-reversed entropy difference
significantly amplifies the distribution gap, making the distinction much more pronounced.

5 Experiments

Datasets and Models. To comprehensively evaluate the attack performance, we construct member
and non-member sets for five target models, including three self-trained models, covering various
task types, video lengths, and dataset scales. The details of these datasets are summarized in Table 1.
The configurations and training trajectories of the three self-trained models are given in Appendix A.

Specifically, we follow the training pipeline and model components of Video-XL-7B [45] and
instruction tune the model on two distinct datasets to obtain Video-XL-NExT-QA-7B and Video-XL-
CinePile-7B, respectively. NExT-QA [25] is a video question answering dataset while CinePile [38]
is a video order reasoning dataset. For the NExT-QA dataset, we randomly sample 1070, 2140, and
4280 instances from both the training and testing splits to construct the member and non-member sets,

Target Model Member Data Non-Member Data

source scale duration(s) fps source scale duration(s) fps

Video-XL-NEx
TQA-7B

NExT-QA
[25]

1070 45.22 28.89 NExT-QA
[25]

1070 39.17 28.75
2140 46.01 28.84 2140 36.52 28.73
4280 44.68 28.77 4280 38.91 28.68

Video-XL-Cine
Pile-7B

CinePile
[38] 502 159.80 23.98

MLVU
[66] 502 933.66 29.05

LongVA-Capt
ion-7B

Video-XL
[45] 1027 24.18 28.29

VDC
[7] 1027 30.07 28.57

LLaVA-NeXT
-Video-7B/34B

Video-Instruct
-100K [32] 869 116.57 25.03

Video-XL
[45] 869 24.79 28.02

Table 1: Statistics of datasets for each
target VULLM.

respectively. This results in target datasets with three dif-
ferent scales (i.e., 2140, 4280 and 8560). Unless otherwise
specified, we default to using 2140 instances for both
members and non-members (4280 in total) in all the exper-
iments. Results under different dataset scales are reported
in Table 4. For Video-XL-CinePile-7B, the non-member
set consists of all 502 instances from nine scenarios in
the MLVU benchmark [66], which involve sequential rea-
soning tasks similar to CinePile. To ensure consistency
in scale, we randomly sample 502 videos from CinePile
as the member set. In addition to these, we follow the training pipeline and model components of
LongVA [63] and instruction tune the model with video captioning data from Video-XL training
set [45] to obtain LongVA-Caption-7B. We use all the 1027 samples from the detailed captioning
category in the VDC benchmark [7] as the non-member set and randomly sample 1027 instances
from the model’s training set as members.

Beyond our self-trained models, we also include two open-sourced models for evaluation: LLaVA-
NeXT-Video-7B [65] and LLaVA-NeXT-Video-34B [65]. For these models, we use the video
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Metric
Video-XL-NExT-QA-7B

[45]
Video-XL-CinePile-7B

[45]
LongVA-Caption-7B

[63]
LLaVA-NeXT-Video-7B

[65, 27]
LLaVA-NeXT-Video-34B

[65, 27]

AUC Acc.
TPR@5%

FPR AUC Acc.
TPR@5%

FPR AUC Acc.
TPR@5%

FPR AUC Acc.
TPR@5%

FPR AUC Acc.
TPR@5%

FPR

Perplexity 0.461 0.502 0.048 0.679 0.667 0.004 0.497 0.527 0.028 0.388 0.501 0.002 0.379 0.505 0.007
Max_Prob_Gap 0.497 0.521 0.050 0.543 0.559 0.020 0.507 0.521 0.049 0.480 0.514 0.020 0.286 0.502 0.014
Modified_Entropy 0.460 0.503 0.048 0.677 0.664 0.004 0.500 0.529 0.028 0.384 0.501 0.002 0.376 0.504 0.006

Min_0% Prob 0.482 0.515 0.028 0.500 0.544 0.006 0.474 0.501 0.034 0.271 0.501 0.000 0.417 0.500 0.016
Min_5% Prob 0.472 0.507 0.052 0.564 0.582 0.004 0.496 0.526 0.024 0.317 0.502 0.002 0.462 0.508 0.016
Min_30% Prob 0.469 0.508 0.062 0.619 0.622 0.004 0.510 0.529 0.033 0.344 0.501 0.003 0.440 0.508 0.014
Min_60% Prob 0.460 0.504 0.038 0.654 0.641 0.004 0.504 0.527 0.027 0.364 0.501 0.002 0.407 0.505 0.008
Min_90% Prob 0.461 0.502 0.048 0.680 0.666 0.004 0.497 0.528 0.028 0.383 0.501 0.002 0.382 0.505 0.007

ModRényi α = 0.5 0.460 0.504 0.046 0.694 0.685 0.006 0.497 0.526 0.025 0.398 0.501 0.002 0.358 0.503 0.007
α = 2 0.460 0.501 0.040 0.703 0.688 0.006 0.494 0.524 0.030 0.411 0.501 0.002 0.341 0.504 0.007

Rényi
(α = 0.5)

Max_0% 0.457 0.502 0.036 0.589 0.616 0.010 0.521 0.528 0.032 0.262 0.500 0.007 0.378 0.500 0.010
Max_5% 0.466 0.508 0.034 0.567 0.611 0.000 0.540 0.546 0.037 0.297 0.501 0.009 0.458 0.511 0.013
Max_30% 0.463 0.511 0.050 0.575 0.602 0.002 0.538 0.547 0.046 0.251 0.501 0.006 0.555 0.557 0.052
Max_60% 0.462 0.512 0.040 0.583 0.602 0.006 0.535 0.542 0.036 0.233 0.500 0.002 0.590 0.586 0.045
Max_90% 0.469 0.507 0.052 0.607 0.617 0.006 0.496 0.503 0.044 0.250 0.500 0.000 0.585 0.588 0.044

Rényi
(α = 1)

Max_0% 0.450 0.501 0.024 0.538 0.579 0.004 0.506 0.522 0.028 0.360 0.500 0.007 0.383 0.500 0.012
Max_5% 0.468 0.510 0.034 0.511 0.573 0.000 0.508 0.533 0.032 0.437 0.501 0.014 0.468 0.514 0.012
Max_30% 0.468 0.509 0.056 0.563 0.594 0.000 0.530 0.538 0.038 0.312 0.500 0.001 0.518 0.546 0.025
Max_60% 0.461 0.506 0.048 0.593 0.608 0.004 0.533 0.543 0.036 0.290 0.500 0.001 0.502 0.543 0.024
Max_90% 0.460 0.506 0.044 0.623 0.620 0.000 0.514 0.533 0.037 0.319 0.500 0.001 0.479 0.533 0.021

Rényi
(α = 2)

Max_0% 0.470 0.505 0.012 0.479 0.553 0.002 0.484 0.502 0.035 0.315 0.500 0.004 0.403 0.500 0.010
Max_5% 0.470 0.506 0.040 0.528 0.580 0.000 0.494 0.523 0.023 0.376 0.503 0.004 0.461 0.511 0.013
Max_30% 0.468 0.510 0.062 0.591 0.597 0.002 0.515 0.532 0.036 0.341 0.501 0.001 0.465 0.520 0.016
Max_60% 0.460 0.504 0.052 0.630 0.631 0.002 0.508 0.529 0.029 0.348 0.500 0.001 0.438 0.512 0.012
Max_90% 0.460 0.503 0.052 0.661 0.655 0.004 0.499 0.531 0.028 0.371 0.500 0.002 0.416 0.508 0.010

Rényi
(α = ∞)

Max_0% 0.482 0.515 0.028 0.500 0.544 0.006 0.474 0.501 0.034 0.271 0.501 0.000 0.417 0.500 0.016
Max_5% 0.472 0.507 0.052 0.564 0.582 0.004 0.496 0.526 0.024 0.317 0.502 0.002 0.462 0.508 0.016
Max_30% 0.469 0.508 0.062 0.619 0.622 0.004 0.510 0.529 0.033 0.344 0.501 0.004 0.440 0.508 0.014
Max_60% 0.460 0.504 0.038 0.654 0.641 0.004 0.504 0.527 0.027 0.364 0.501 0.002 0.407 0.505 0.008
Max_90% 0.461 0.502 0.048 0.680 0.666 0.004 0.497 0.528 0.028 0.383 0.501 0.002 0.382 0.505 0.007

Vid-SME
(Ours)

Mean 0.535 0.540 0.104 0.840 0.769 0.420 0.496 0.510 0.039 0.484 0.509 0.050 0.513 0.525 0.063
Min_0% 0.519 0.528 0.030 0.559 0.568 0.114 0.544 0.545 0.056 0.490 0.509 0.050 0.757 0.692 0.204
Min_5% 0.543 0.555 0.044 0.624 0.612 0.088 0.556 0.561 0.043 0.550 0.555 0.054 0.726 0.682 0.109
Min_30% 0.545 0.547 0.074 0.699 0.670 0.161 0.541 0.553 0.050 0.601 0.579 0.073 0.696 0.654 0.102
Min_60% 0.548 0.545 0.084 0.765 0.709 0.243 0.544 0.548 0.053 0.596 0.572 0.077 0.673 0.632 0.117
Min_90% 0.538 0.541 0.106 0.830 0.765 0.305 0.538 0.550 0.035 0.523 0.531 0.058 0.597 0.577 0.092

Table 2: Results of Vid-SME and baseline methods when # frames=16. We highlight the best,
second-best, and third-best results in progressively lighter shades of red, while marking the worst,
second-worst, and third-worst results in progressively lighter shades of green.
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Figure 3: The ROC and TPR@5% FPR curves.

caption dataset Video-Instruct-100K [32] that
serves as part of their training data as the mem-
ber set. Each video in this dataset has multiple
questions, from which we select the one with
the longest text length, resulting in 869 samples.
The non-member set consists of 869 samples
randomly selected from the captioning data from
Video-XL training set [45].

Baselines. We adopt several metric-based MIAs
as baselines and compare them with Vid-SME.
Specifically, we include the Loss attack [59], which corresponds to perplexity in the context of
language models. We also involve the Min-K% method [43], which computes the smallest K%
probabilities associated with the ground-truth tokens. We evaluate K values of 0, 5, 30, 60, and 90.
In addition, we adopt the Max_Prob_Gap metric [24], which captures the model’s confidence by
computing the difference between the maximum and the second-largest probability at each token
position, followed by averaging across the sequence. We further include MaxRényi-K% and its mod-
ified variant ModRényi proposed in [24], which are specifically designed for membership inference
on image-based MLLMs and utilize the Rényi entropy of next-token probability distributions. For
MaxRényi-K%, we set α to 0.5, 1, 2, and ∞, while for ModRényi, we use α values of 0.5 and 2. We
also include Modified Entropy [50] as our baseline, as it is a special case of ModRényi when α → 1.

Evaluation metric. As a binary classification problem, the performance can be evaluated with the
AUC score [6]. We define the members as “positive” and the non-members as “negative”. We also
report True Positive Rate (TPR) at low False Positive Rate (FPR) [4], which is an important metric in
MIAs and measures detection rate at a meaningful threshold. We set the threshold as 5% and evaluate
all the methods under TPR@5% FPR. We also report the best classification accuracy achievable by
sweeping over all possible thresholds on the attack scores. Specifically, this accuracy is computed as
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Figure 4: Analysis on: (a) Train-Test Gap v.s. # frames, (b) Attack performance v.s. # frames, (c)
Attack performance under different corruption types and levels.

the maximum value of 1− FPR+(1−TPR)
2 across the ROC curve, representing the optimal classification

accuracy between members and non-members. We use # frames to denote the number of frames.

5.1 Main Results

The experimental results across the five target VULLMs are summarized in Table 2. We high-
light the best, second-best, and third-best results in progressively lighter shades of red, while
marking the worst, second-worst, and third-worst results in progressively lighter shades of green.

Method Ins.
Type

Metric

AUC Acc. TPR@5% FPR

Perplexity
I1 0.377 0.504 0.009
I2 0.406 0.509 0.002
I3 0.425 0.515 0.012

Max_Prob_Gap
I1 0.287 0.500 0.012
I2 0.319 0.502 0.010
I3 0.346 0.501 0.009

Modified_Entropy
I1 0.375 0.503 0.008
I2 0.403 0.509 0.004
I3 0.421 0.515 0.008

Min_5.0% Prob
I1 0.448 0.506 0.021
I2 0.419 0.508 0.015
I3 0.429 0.508 0.020

Modified_Rényi
(α = 0.5)

I1 0.357 0.503 0.008
I2 0.391 0.506 0.008
I3 0.412 0.512 0.010

Max_5.0% Rényi
(α = 0.5)

I1 0.452 0.506 0.024
I2 0.422 0.509 0.016
I3 0.422 0.505 0.012

Min_5.0% Vid-SME
I1 0.692 0.651 0.104
I2 0.714 0.664 0.100
I3 0.729 0.683 0.109

Table 3: Performance compar-
ison on different instructions.

The # frames is fixed to 16. It can be observed that Vid-SME con-
sistently achieves the best performance under all settings, especially
excelling in the most critical metric, TPR@5% FPR. When the target
VULLMs are Video-XL-CinePile-7B and LLaVA-NeXT-Video-7B,
all baseline methods exhibit extremely low TPR@5% FPR values
(around 0.001), which are impractically low for reliable membership
inference. In contrast, Vid-SME consistently maintains TPR@5%
FPR above 0.05 in these challenging scenarios, demonstrating re-
markable improvements. In addition, the fact that baseline methods
achieve AUC scores both above and below 0.5 across different set-
tings indicates their inconsistency in distinguishing members from
non-members. This suggests that they cannot serve as a reliable and
unified indicator for membership inference in video-based scenarios.

To be more intuitive, we illustrate the detailed comparisons for
Video-XL-CinePile-7B with K = 0, 5, 100 in Figure 3, which
presents both ROC and TPR@5% FPR curves. Among all methods,

Vid-SME variants (K = 0, 5, 100) consistently achieve superior performance. Notably, Vid-SME-
100% reaches the highest AUC of 0.90, substantially surpassing other baselines. Additionally,
Vid-SME-0% and Vid-SME-100% achieve significantly higher TPR@5% FPR (0.18 and 0.54), while
most baseline methods yield almost negligible performance (close to 0.0).
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Figure 5: A comparison between
with and without full context.

Relationship between model memorization, frame conditions
and attack performance. To analyze the relationship among
model memorization, frame conditions, and attack performance,
we further investigate how the train-test performance gap and at-
tack performance change under different frame counts (# frames).
Results for Video-XL-NExT-QA-7B are given in Table 4a and
Figure 4b. We can observe that, when # frames are limited, the
model remains uncertain on both training and test samples, lead-
ing to poor generalization but also weak memorization. Thus,
although the performance gap is large, attacks are less effec-
tive as explicit memorization has not yet emerged. As # frames
increase, improved understanding of video content narrows the gap, but exploitable confidence differ-
ences between members and non-members arise, enhancing the attack effectiveness. With even more
frames, the model becomes highly confident on training samples while struggling with distribution
shifts or increased complexity in unseen test samples, which enlarges the gap and further amplifies
train-test prediction differences, making attacks highly effective. This phenomenon highlights the
non-linear relationship between memorization and MIA vulnerability in the context of VULLMs.
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5.2 Ablation Study

Infleunce of instruction context. We now refer to the instruction context used in our
main experiments as I1. To explore the influence of instruction context, we design two al-
ternative contexts, denoted as I2 and I3. The details of I1,2,3 are provided in Appendix C.
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Figure 6: A comparison between with and
without full instructions.

The results when # frames = 8 and the target model is
LLaVA-NeXT-Video-34B are reported in Table 3. As
shown, the impact of the contexts is not significant.
Furthermore, we observe that Vid-SME is less sensi-
tive to context variations compared to other baselines,
indicating better stability in its attack effectiveness.

Furthermore, we investigate the scenario where text
provides minimal information, and video frames are
combined with only a short query text before being
fed into the model, which makes the attack results in-
dependent of video-related understanding tasks. The
short query text used here can be found in Appendix C. The results under this setting, using Video-
XL-CinePile-7B as the target model and # frames = 8, are reported in Figure 5. It can be ob-
served that when the selection range of ∆S is small (e.g., K = 0, 5, 30), attacks using only the
short query text outperform those using the full instruction context. However, as the selection
range of ∆S becomes more representative of the overall video probabilities (i.e., K ↑), the at-
tack performance with the full instruction context gradually surpasses that of the short query text.
This observation aligns with intuition: when the prediction probabilities for video-related tokens are
shaped by rich task-specific textual context, the model’s response generation becomes more strongly
grounded in the video frames, increasing its reliance on the complete visual information. Overall,
however, the performance difference between the two is not substantial.

Method # Frames Dataset
Scale

Metric

AUC Acc. TPR@5% FPR

Mean Vid-SME

8
2140 0.524 0.530 0.071
4280 0.531 0.541 0.064
8560 0.526 0.533 0.043

16
2140 0.537 0.545 0.078
4280 0.535 0.540 0.104
8560 0.539 0.562 0.075

Min_30.0% Vid-SME

8
2140 0.522 0.534 0.050
4280 0.527 0.538 0.041
8560 0.538 0.539 0.082

16
2140 0.548 0.541 0.064
4280 0.545 0.547 0.074
8560 0.542 0.545 0.079

Table 4: Performance comparison on
different instructions.

Importance of q/r adaptation and reverse frame sequence.
We further present the results when disabling the adaptive
q/r values (No qr) and when removing the reversed frame
sequence when calculating the membership score (No inver-
sion). For the former, we assign fixed q and r values (i.e.,
q = 2.0, r = 1.0) across the entire target dataset. For the lat-
ter, instead of using ∆S, we directly adopt Snat to compute the
final membership score. The target model in this experiment
is Video-XL-NExT-QA-7B, and we report the Vid-SME-5%
results. As shown in Figure 6, removing either component
leads to a significant performance drop, demonstrating the
critical role of q/r adaptation and reversed frame sequence in performing membership inference
attacks against VULLMs.

Influence of video frame corruptions. The motivation is to detect whether videos are used in
training even under potential video corruption. In Figure 4c, we report the attack performance
under two different corruptions (Motion Blur and Brightness) at three different levels of corruptions
(Marginal, Moderate and Severe). Detailed corruption parameters and examples of the corrupted
video frames are given in Appendix B. It can be observed that corrupted video frames make MIAs
more difficult, but members can still be detected successfully.

Influence of dataset scales. Table 4 presents the attack performance of Vid-SME on Video-XL-
NExT-QA-7B under varying dataset scales. The results show that Vid-SME remains consistently
effective as the dataset size increases, demonstrating its scalability.

6 Conclusion

In this work, we investigate the membership inference risk in video understanding large language mod-
els (VULLMs). We propose Vid-SME, the first membership inference attack tailored for VULLMs,
and self-train three VULLMs for more comprehensive evaluation. Unlike existing methods that fail
to capture video-specific temporal dependencies, Vid-SME leverages an adaptive parameterization
strategy and both natural and reversed frame sequence to compute the Sharma–Mittal entropy for
robust membership signals. Extensive experiments demonstrate the strong effectiveness of Vid-SME.
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A Model Configurations and Training States

We report the model configurations of the three self-trained VULLMs in Table 5, and the training
loss and gradient norm over steps in Figure 7.

Field Video-XL-NExT-QA-7B Video-XL-CinePile-7B LongVA-Caption-7B

Base LLM Qwen2-7B-Instruct-224K Qwen2-7B-Instruct-224K Qwen2-7B-Instruct-224K
bos_token_id 151643 151643 151643
eos_token_id 151645 151645 151645
Hidden Activation silu silu silu
Resampler type spatial_pool spatial_pool spatial_pool
Vision tower clip-vit-large-patch14-336 clip-vit-large-patch14-336 clip-vit-large-patch14-336
Vision tower lr 2e-6 2e-6 2e-6
Max window layers 28 28 28
Projector type mlp2x_gelu mlp2x_gelu mlp2x_gelu
#Heads 28 28 28
#Hidden Layers 28 28 28
KV heads 4 4 4
Tokenizer padding side right right right
Vocab size 152064 152064 152064

Added tokens

<|endoftext|>: 151643
<|im_end|>: 151645
<|im_start|>: 151644

<|endoftext|>: 151643
<|im_end|>: 151645
<|im_start|>: 151644

<|endoftext|>: 151643
<|im_end|>: 151645
<|im_start|>: 151644

Special tokens map
pad_token: <|endoftext|>
eos_token: <|im_end|>

pad_token: <|endoftext|>
eos_token: <|im_end|>

pad_token: <|endoftext|>
eos_token: <|im_end|>

Table 5: Model configurations of the three self-trained models.
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(c) LongVA-Caption-7B

Figure 7: Training Loss and Gradient Norm over Steps for the three self-trained models.

B Examples of the Video-Text Instruction Context

In Figure 8, we give an example of the video-text instruction context used in our experiments. In
addition, we also provide the corrupted video frames under different types and levels of corruptions
in Figure 8. The details of the parameters of different corruptions are given in Table 6. Specifically,
for brightness corruption, we adjust the pixel intensity by randomly adding/subtracting a constant
value of 20, 60, and 100 for marginal, moderate, and severe conditions, respectively. For motion blur,
we apply a convolutional kernel with size and angle parameters set to (10, 5), (15, 5), and (20, 10) to
simulate increasing degrees of blur under the same three corruption levels.

Brightness Motion Blur

Marginal 20 (10,5)
Moderate 60 (15,5)
Severe 100 (20,10)

Table 6: Brightness and Motion Blur Levels under Different Conditions.
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frame 1 frame 2 frame 3 frame 4

original

marginal

moderate

severe

frame 1 frame 2 frame 3 frame 4

original

marginal

moderate

severe

Motion Blur Brightness
system:
Carefully watch this video and pay attention to every detail. Based on your observations, select the best option that accurately addresses the 
question. 
user:
<video>
Question: Why did the man moved upwards after he fell down?
Options:
(A) change posture to support baby (B) blocked by pumpkin (C) snow blocking him (D) pushed by water (E) moving the cardboard backwards
Only give the best option.
assistant:
Best Option: 

Figure 8: Example of the video-text instruction context under different types and levels of corruptions.

system:
You will be shown a video. Examine it carefully and use all visual cues to determine the correct answer. Your response should be the most 
accurate option. 
user:
<video>...
assistant:
The correct answer is: 

system:
Carefully watch this video and pay attention to every detail. Based on your observations, select the best option that accurately addresses the 
question. 
user:
<video>...
assistant:
Best Option: 

system:
You're going to see a video. Take a good look and try to understand what's going on. Based on that, help pick the option that makes the most 
sense. 
user:
<video>...
assistant:
I think the best choice is: 

�1

�2

�3

Figure 9: The three different instruction contexts used in the ablation study.

system:
You are a helpful assistant. 
user:
<video>
Describe this video in detail.
assistant:
Response: 

sdasd

Figure 10: The short query text used in the ablation study.

C Different Instructions Used in the Ablation Study.

We give the contents of the three different instructions used in the ablation study in Figure 9. The
short query text used in the ablation study is given in Figure 10.
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frame 1 frame 2 frame 3 frame 4

member

frame 1 frame 2 frame 3 frame 4

non-
memebr

system:
Carefully watch this video and pay attention to every detail. Based 
on your observations, select the best option that accurately 
addresses the question.
user:
<video>
Question: What does the man in black do after turning his head in 
the middle?
Options:
(A) eat the jelly (B) walk away (C) cycle (D) shake finger
(E) stretch his hands
Only give the best option.
assistant:
Best Option:

system:
Carefully watch this video and pay attention to every detail. Based 
on your observations, select the best option that accurately 
addresses the question. 
user:
<video>
Question: Why did the man moved upwards after he fell down?
Options:
(A) change posture to support baby (B) blocked by pumpkin (C) 
snow blocking him (D) pushed by water (E) moving the cardboard 
backwards
Only give the best option.
assistant:
Best Option: 

Figure 11: An example of member and non-member data for Video-XL-NExT-QA-7B.

frame 1 frame 2 frame 3 frame 4

system:
Carefully watch this video and pay attention to every detail. Based 
on your observations, select the best option that accurately 
addresses the question.
user:
<video>
Question: Select the option that correctly represents the order of 
actions in the video.
Options:
(A) woman singing->man looking surprised->website with search 
bar->logo with scissors
(B) website with search bar->logo with scissors->woman singing-
>man looking surprised
(C) website with search bar->man looking surprised->woman 
singing->logo with scissors
(D) logo with scissors->website with search bar->man looking 
surprised->woman singing
Only give the best option.
assistant:
Best Option: 

member

frame 1 frame 2 frame 3 frame 4

non-
memebr

system:
Carefully watch this video and pay attention to every detail. Based 
on your observations, select the best option that accurately 
addresses the question.
user:
<video>
Question: Please identify the option that corresponds to the order 
of events as they occur in the video.
Options:
(A) water sliding -> stomping grapes -> clean and jerk -> cleaning 
toilet
(B) stomping grapes -> clean and jerk -> cleaning toilet -> water 
sliding
(C) water sliding -> cleaning toilet -> stomping grapes -> clean 
and jerk
(D) water sliding -> cleaning toilet -> clean and jerk -> stomping 
grapes
Only give the best option.
assistant:
Best Option: 

Figure 12: An example of member and non-member data for Video-XL-CinePile-7B.

frame 1 frame 2 frame 3 frame 4

system:
Carefully watch this video and pay attention to every detail. Based 
on your observations, answer the given questions.
user:
<video>
Provide a detailed description of the given video, capturing its key 
moments.
assistant:

member

frame 1 frame 2 frame 3 frame 4

non-
memebr

           
      

          
  

system:
Carefully watch this video and pay attention to every detail. Based 

on your observations, answer the given questions.
user:
<video>
Walk through the important details of the video, describing its
scenes and characters.
assistant:

Figure 13: An example of member and non-member data for Longva-Caption-7B.

D Computation resource usage.

The three self-trained models are trained on 8 A100 GPUs, while all experiments are conducted using
8 NVIDIA RTX A5000 GPUs.
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frame 1 frame 2 frame 3 frame 4

system:
Carefully watch this video and pay attention to every detail. Based 
on your observations, answer the given questions.
user:
<video>
What is the video about?
assistant:

member

frame 1 frame 2 frame 3 frame 4

non-
memebr

system:
Carefully watch this video and pay attention to every detail. Based 
on your observations, answer the given questions.
user:
<video>
Write an exhaustive depiction of the given video, capturing its 
essence and key moments.
assistant:

Figure 14: An example of member and non-member data for LLaVA-NeXT-Video-7B/34B.

E Examples of Members and Non-Members of the Target Models.

We give examples of members and non-members of the five target models used in our experiments in
Figures 11, 12, 13, 14.

F Simplified Terms of Sharma–Mittal Entropy

The Sharma–Mittal entropy for a probability distribution p = {pi} is defined as:

Sq,r(p) =
1

1− r

(∑
i

pqi

) 1−r
1−q

− 1

 , (5)

where q controls the sensitivity to distribution skewness, and r determines the nonlinearity of
aggregation. This generalized formulation subsumes several classical entropy measures as special
cases. We give the formal definitions as follows:

F.1 Reduction to Shannon Entropy

As both q → 1 and r → 1, Equation (5) reduces to Shannon entropy:

lim
q→1,r→1

Sq,r(p) = −
∑
i

pi log pi. (6)

This limit follows from applying L’Hôpital’s Rule to both the exponent and denominator as q → 1
and r → 1.

F.2 Reduction to Rényi Entropy

When r → 1 and q ̸= 1, Equation (5) simplifies to the Rényi entropy:

lim
r→1

Sq,r(p) =
1

1− q
log
∑
i

pqi . (7)

F.3 Reduction to Tsallis Entropy

When r = q, Equation (5) reduces to the Tsallis entropy:

Sq,q(p) =
1

1− q

(∑
i

pqi − 1

)
. (8)

These reductions demonstrate that Sharma–Mittal entropy serves as a unified framework encompass-
ing Shannon, Rényi, and Tsallis entropies as limiting cases.
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G Broader Impact

This work explores the privacy vulnerabilities of Video Understanding Large Language Models
(VULLMs) through membership inference attacks (MIAs), revealing how sensitive training data can
be partially reconstructed or identified from model behavior.

G.1 Positive Societal Impacts

Our study contributes to the broader goal of trustworthy multimodal AI by uncovering potential
privacy risks before such models are widely deployed. The insights and benchmark we introduce can
inform defensive research, such as differential privacy mechanisms, data sanitization, and auditing
protocols, helping model developers detect and mitigate leakage risks in future VLM releases.
Moreover, the framework provides a systematic methodology for assessing privacy robustness in
multimodal systems, filling a critical gap between vision and language privacy research.

G.2 Negative Social Impact

At the same time, the attack methods demonstrated in this paper could, if misused, be exploited to
extract private or copyrighted visual content from proprietary VLMs. Although our experiments are
conducted under controlled academic settings, similar approaches might be repurposed for malicious
data mining or surveillance.
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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: The main claims in the abstract and introduction accurately reflect our contri-
butions.
Guidelines:

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

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

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

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

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification:The limitations are given in the supplementary material.
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: The 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: Useful information related to reproduce the results are given in the paper and
the supplementary material.
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?
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Answer: [Yes]

Justification: The code is made public available here.

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: The experimental details are provided.

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: The experimental section presents results under identical settings with different
relevant parameters.

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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• 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: Detials are provided in the supplementary material.

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: The paper conform, in every respect, with 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).

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

Answer: [Yes]

Justification: Detailed discussions are given in the supplementary material.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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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).

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 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.

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 cite 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.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: The new assets introduced are made public available here.
Guidelines:

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

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

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

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

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

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

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

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

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [NA]
Justification: The paper does not involve crowdsourcing nor research with human subjects.
Guidelines:

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

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

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

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

16. Declaration of LLM usage
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Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The core method development in this research does not involve LLMs as any
important, original, or non-standard components.
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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