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Abstract

Adversarial patch attacks pose a major threat to vision systems by embedding lo-
calized perturbations that mislead deep models. Traditional defense methods often
require retraining or fine-tuning, making them impractical for real-world deploy-
ment. We propose a training-free Visual Retrieval-Augmented Generation (VRAG)
framework that integrates Vision-Language Models (VLMs) for adversarial patch
detection. By retrieving visually similar patches and images that resemble stored
attacks in a continuously expanding database, VRAG performs generative reason-
ing to identify diverse attack types-all without additional training or fine-tuning.
We extensively evaluate open-source large-scale VLMs-including Qwen-VL-Plus,
Qwen2.5-VL-72B, and UI-TARS-72B-DPO-alongside Gemini-2.0, a closed-source
model. Notably, the open-source UI-TARS-72B-DPO model achieves up to 95%
classification accuracy, setting a new state-of-the-art for open-source adversarial
patch detection. Gemini-2.0 attains the highest overall accuracy, 98%, but remains
closed-source. Experimental results demonstrate VRAG’s effectiveness in identi-
fying a variety of adversarial patches with minimal human annotation, paving the
way for robust, practical defenses against evolving adversarial patch attacks.

1 Introduction

Deep learning models, particularly convolutional neural networks (CNNs) [23, 18, 47] and vision
transformers (ViTs) [12], have demonstrated remarkable success in computer vision tasks such as
object detection [15, 43, 42], image classification [23, 12], and segmentation [34, 46]. However,
despite advances, these models remain highly vulnerable to adversarial attacks [49, 24, 25, 2, 16, 35,
50, 27], where small perturbations or carefully crafted patches manipulate predictions.

Adversarial patch attacks [6, 28, 33, 54] introduce localized perturbations that persist across different
transformations, making them significantly more challenging to mitigate using conventional defense
mechanisms [53]. Unlike traditional adversarial perturbations that introduce subtle noise across an
image, adversarial patches are structured, high-magnitude perturbations, which are often physically
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Figure 1: Illustration of three different settings for detecting adversarial patches. (Left) The zero-
shot baseline, in which the model is directly prompted to determine if the image is adversarial but
incorrectly concludes it is benign. (Center) Our VRAG-based approach on a benign image; as the
database does not contain benign exemplars, no relevant references are retrieved. Consequently, the
classification relies solely on the prompt content and remains accurate. (Right) Our VRAG-based
approach on an adversarial image, which leverages relevant references from the database to enhance
the prompt, ultimately yielding a correct detection of the adversarial patch.

realizable. These patches can be printed, placed in real-world environments, and still cause misclassi-
fication or mislocalization in deployed deep learning models. Their adversarial effect remains robust
under different lighting conditions, transformations, and occlusions, allowing them to be successfully
deployed in real world scenarios [32, 11]. Furthermore, retraining-based defenses require extensive,
labeled adversarial data, which is expensive to obtain and generalizes poorly to novel attack strategies
[53].

Traditional adversarial detection methods typically fall into one of three categories, (1) supervised
learning-based defenses, (2) unsupervised defenses and (3) adversarial training. Supervised learning-
based defenses [39, 38] use deep learning classifiers trained on labeled adversarial and non-adversarial
samples. These methods are data-dependent and do not adapt well to adversarial attacks outside
the training distribution. Unsupervised defenses [58, 37, 48, 36], typically rely on analyzing the
intrinsic structure or distribution of unlabeled data to detect anomalous inputs. For example, Feature
Squeezing [58] reduces input dimensionality (e.g., through bit-depth reduction or smoothing) to
reveal suspicious high-frequency artifacts; [37] use deep generative models to flag inputs with high
reconstruction error as potential adversarial samples. Although these methods can detect novel or
previously unseen attack strategies without relying on adversarial labels, they often require carefully
chosen hyperparameters and remain vulnerable to adaptive attacks that mimic the statistics of benign
inputs. In contrast to the supervised detection methods, which separately classify inputs as adversarial
or benign, adversarial training [35, 26] augments the training data with adversarial examples to
directly improve model robustness. Rather than solely learning to detect adversarial inputs, this
approach modifies the model parameters and decision boundaries to make correct classification more
likely under attack. However, adversarial training is computationally expensive and risks overfitting
to specific attack types, leading to weaker defenses against unseen attacks [29].
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In this paper, we introduce a retrieval-augmented adversarial patch detection framework that dy-
namically adapts to evolving threats without necessitating retraining. The method integrates visual
retrieval-augmented generation (VRAG) with a vision-language model (VLM) for context-aware
detection. As illustrated in Figure 1, visually similar patches are retrieved from a precomputed
database using semantic embeddings from grid-based image regions, and structured natural language
prompts guide the VLM to classify suspicious patches.

This paper makes the following contributions:

1. A training-free retrieval-based pipeline that dynamically matches adversarial patches against
a precomputed (and expandable) database.

2. The integration of existing VLMs with generative reasoning for context-aware patch detec-
tion through structured prompts.

3. A comprehensive evaluation demonstrating robust detection across diverse adversarial patch
scenarios, all without additional training or fine-tuning.

Experimental results confirm that our retrieval-augmented detection approach not only outperforms
traditional classifiers, but also achieves state-of-the-art detection across a variety of threat scenarios.
This method offers higher accuracy and reduces dependence on labeled adversarial datasets, under-
scoring the practicality of incorporating retrieval-based strategies alongside generative reasoning to
develop scalable, adaptable defenses for real-world security applications [45].

2 Related Work

Adversarial attacks exploit neural network vulnerabilities through carefully crafted perturbations.
Early works focused on small, imperceptible ℓp-bounded perturbations such as FGSM [16] and
PGD [35]. In contrast, adversarial patch attacks apply localized, high-magnitude changes that remain
effective under transformations and pose a threat in real-world scenarios [19, 32, 11].

Defenses fall into reactive and proactive categories. Reactive methods like JPEG compression [13]
and spatial smoothing [57] attempt to remove adversarial patterns at inference time but struggle against
adaptive attacks. Diffusion-based methods, such as DIFFender [20] and purification models [30],
leverage generative models to restore clean content but are often computationally intensive.

Another line of work focuses on patch localization and segmentation, e.g., SAC [31], which detects
and removes patches using segmentation networks. These approaches are limited by their reliance
on training and struggle with irregular or camouflaged patches. PatchCleanser [55] offers certifiable
robustness but assumes geometrically simple patches. Proactive defenses like adversarial training [53]
aim to increase robustness through exposure to adversarial examples. While effective against known
attacks, they generalize poorly and are resource-intensive.

We propose a retrieval-augmented framework that detects a wide range of patch types-including
irregular and naturalistic ones-without degrading input quality or relying on segmentation or geometric
assumptions. Our method leverages a diverse patch database and vision-language reasoning to
dynamically adapt to unseen attacks.

3 Preliminaries

We briefly review core paradigms relevant to our defense framework: vision-language foundation
models, zero- and few-shot learning, adversarial attacks and defenses, and RAG.

3.1 Vision-Language Foundation Models and Zero- and Few-Shot Learning

Foundation models leverage large-scale transformer architectures and self-attention to learn general-
purpose representations from massive image-text data. A typical VLM consists of two encoders, fθ
for images I and gϕ for text T , projecting them into a shared embedding space:

EI = fθ(I), ET = gϕ(T ), S(I, T ) =
EI · ET

∥EI∥∥ET ∥
. (1)
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Models like CLIP [41] and Flamingo [1] align image-text pairs via contrastive objectives, enabling
flexible zero-shot capabilities:

g(I,Q)→ A, (2)

where Q is a textual query and A is the inferred label without explicit task-specific training. Few-shot
learning refines zero-shot by supplying a small support set {(I1, y1), . . . , (Ik, yk)}:

g
(
I,Q

∣∣ {(Ii, yi)}ki=1

)
→ A, (3)

allowing adaptation to novel tasks with limited labeled data.

3.2 Adversarial Attacks and Defense Strategies

Adversarial Attacks. Formally, an adversary seeks a perturbation δ subject to ∥δ∥p ≤ ϵ that
maximizes a loss function ℓ for a model fθ with true label y:

δ∗ = arg max
∥δ∥p≤ϵ

ℓ
(
fθ(I + δ), y

)
. (4)

Patch-based attacks instead replace a localized region using a binary mask M ∈ {0, 1}H×W :

I ′ = I ⊙ (1−M) + P ⊙M, (5)

where P is a high-magnitude patch. Such localized perturbations remain visually inconspicuous in
many practical settings [19, 32, 11].

Preprocessing and Detection. A common defense strategy is to apply a transformation g(·) to
I ′, yielding g(I ′), with the goal of suppressing adversarial noise (e.g., blurring, smoothing [22]).
Detection can be formulated by a function D

(
g(I ′)

)
∈ {0, 1} that flags anomalous inputs based on

statistical or uncertainty-based criteria [7].

Generative Reconstruction. Diffusion-based defenses [20] iteratively denoise adversarial inputs by
reversing a noisy forward process:

xt =
√
αt xt−1 +

√
1− αt ϵt, ϵt ∼ N (0, I), (6)

often guided by patch localization [31]. Although effective, these approaches can falter against
unseen attacks or large patch perturbations, making robust generalization challenging in practice.

3.3 Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) integrates external knowledge into a generative model to
improve both its generative capacity and semantic coherence. Formally, given a query Q, the model
retrieves the top-k most relevant documents or embeddings Rk from a database D:

Rk = arg max
Ri∈D

S(Q,Ri), (7)

where S(·, ·) is a similarity function. The query Q is then combined with Rk within a generative
function:

A = G(Q,Rk). (8)

In our approach, this retrieval phase facilitates access to known adversarial patches, thereby enabling a
more robust generative reasoning process. By incorporating historical data on diverse attack patterns,
RAG-based defenses can dynamically adapt to novel threats while sustaining high efficacy against
existing adversaries.

4 Methodology

This section details our VRAG-based approach for adversarial patch detection using a vision-language
model. We first describe the construction of a comprehensive adversarial patch database (§4.1), then
present our end-to-end detection pipeline (§4.2), and finally discuss how the framework generalizes to
diverse patch shapes (§A.6). To enable scalability, we parallelize patch embedding and augmentation—
see Appendix A.1 for runtime benchmarks across varying numbers of workers.
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4.1 Database Creation

To handle a wide variety of adversarial patch attacks, we build a large-scale database of patched
images and their corresponding patch embeddings. We aggregate patches generated by SAC [31],
BBNP [28], and standard adversarial patch attacks [6], placing each patch onto diverse natural images
at random positions and scales. This process, summarized in 1, ensures that the database spans
different patch configurations and visual contexts.

Algorithm 1 Adversarial Patch Database Creation with Positional Augmentation

1: Input: Set of patches {Pi}mi=1, set of natural images {Ij}qj=1, embedding model f , grid size
n× n, number of placement variations A

2: Output: Database D
3: Initialize database D ← ∅
4: for i = 1 to m do
5: Compute patch embedding EPi = f(Pi)
6: Store (Pi, EPi) in D
7: for j = 1 to q do
8: for a = 1 to A do
9: Randomly select position (xa, ya) in image Ij

10: Apply patch Pi at (xa, ya) to obtain patched image I
(a)
j

11: Divide I
(a)
j into grid cells {C(a)

j,k }n
2

k=1

12: for k = 1 to n2 do
13: Compute embedding E

(a)
j,k = f(C

(a)
j,k )

14: if C(a)
j,k overlaps with Pi then

15: Store (C
(a)
j,k , E

(a)
j,k ) in D

16: end if
17: end for
18: end for
19: end for
20: end for
21: return D

Concretely, each patched image is subdivided into an n × n grid, yielding localized regions
{C1, . . . , Cn2} that spatially partition the image. For each region Ci, we compute a dense visual
embedding using a pre-trained vision encoder f(·):

ECi = f(Ci),

which captures high-level semantic and structural features of the corresponding image patch. In
parallel, we encode each adversarial patch Pj into its own latent representation EPj = f(Pj) to
ensure embeddings are in the same feature space. These patch embeddings act as keys, while the
embeddings of overlapping regions serve as their corresponding values in a key-value database. This
design enables efficient and scalable nearest-neighbor retrieval at inference time, allowing the system
to match visual evidence in test images with known adversarial patterns from the database.

4.2 VRAG-Based Detection Pipeline

System Overview. Our detection system (illustrated in Figure 2) identifies adversarial patches in a
query image by leveraging the patch database as retrieval context for a vision-language model. The
process involves four main steps:

1. Image Preprocessing: Divide the input image I into an n×n grid of regions {C1, . . . , Cn2}
to enable localized inspection of each part of the image.

2. Feature Extraction: Encode each region Ci into an embedding Ei = f(Ci) using a
pre-trained vision encoder (e.g., CLIP). These embeddings capture high-level semantic
features.
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3. Retrieval Step: For each Ei, perform a nearest-neighbor search in the patch database
D. Retrieve the top-k most similar patch embeddings to form a context set Ri =
Top-k({d(Ei, EPj )}). Appendix A.3 presents an ablation study comparing cosine sim-
ilarity with alternative distance metrics for this retrieval step.

4. Generative Reasoning with a VLM: Combine each region Ci with its retrieved examples
Ri and short textual cues to construct a multimodal prompt. This prompt is passed to a
vision-language model g(·) to answer:

g(Ci)→ “Does this region contain an adversarial patch?”

We summarize the overall detection procedure in 2.

Im
age 

Encoder

…

Visual 
RAG DB

VL
M

“Based on the 

given context, 

this image was 

attacked”

Top−k 

⊕

Few-shot examples

Corresponding 
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x x
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Figure 2: Overview of our VRAG framework for adversarial patch detection. Given a query image,
we extract grid-based embeddings and retrieve the top-k visually similar adversarial patches from
our database. These patches and their associated attacked images form a few-shot context for a
vision-language model that decides whether the query contains an adversarial patch.

Algorithm 2 Adversarial Patch Detection via VRAG

1: Input: Image I , VLM V , Database D, Embedding function f , threshold τ , top-m patches, top-k
images

2: Output: Decision: Attacked or Not Attacked
3: Divide I into grid cells {Ci}n

2

i=1, compute embeddings Ei = f(Ci)
4: for each Ei do
5: Compute max similarity Si = maxEd∈D

Ei·Ed

∥Ei∥∥Ed∥
6: end for
7: Select candidates C = {Ci | Si ≥ τ}, choose top-m patches
8: Retrieve top-k similar attacked images from D
9: Build context T with top-m patches and top-k images as examples

10: Query VLM with T : R = V(T , I)
11: return R ∈ {Attacked, Not Attacked}

Decision Mechanism (Zero-Shot and Few-Shot). After retrieving similar patches and attacked
images, the VLM is prompted to judge the query image under zero-shot or few-shot conditions:

• Zero-Shot Detection: The model relies on pre-trained knowledge and textual prompts to
classify each region Ci as adversarial or benign, without additional fine-tuning.

• Few-Shot Adaptation: A small, labeled set of adversarial examples, denoted as {Ai}, along
with their corresponding patches {Pi}, is incorporated into the retrieved context to refine
the model’s decision-making process. This integration enhances the model’s robustness to
previously unseen attacks by explicitly exposing the VLM to representative instances of
patch-induced behavior.
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A sample query prompt for the VLM might be:

“Here are examples of adversarial patches: [Patch 1], [Patch 2].
Here are images that contain these patches: [Image 1], [Image
2]. Based on this context, does the following image contain an
adversarial patch? Answer ’yes’ or ’no’.”

The model’s answer is then used to decide whether the image is Attacked or Not Attacked.

Optimal Threshold Selection. We determine the optimal threshold based on ROC-AUC analysis of
cosine similarity scores computed from embedding vectors. Specifically, the optimal cosine similarity
threshold identified was 0.77, providing the best trade-off between sensitivity and specificity. We
observed that for thresholds approaching 1.0, the similarity criterion becomes overly permissive,
resulting in nearly every image retrieving similar images, thereby substantially increasing the false-
positive rate.

5 Experimental Evaluation

We conduct extensive experiments to assess the robustness and efficiency of our adversarial patch
detection framework across diverse datasets, models, attack types, and defenses, simulating realistic
deployment scenarios.

Vision Language Models. For generative reasoning, we use several VLMs g(·), including Qwen-VL-
Plus [8], Qwen2.5-VL-Instruct [9], UI-TARS-72B-DPO [44], and Gemini [10]. These were chosen
for their strong multimodal reasoning in zero- and few-shot settings. While Gemini 2.0 yields the
highest accuracy, it is proprietary. UI-TARS-72B-DPO, meanwhile, offers competitive performance
and sets a strong benchmark among open-source models.

Classification Models. To evaluate the impact of adversarial patches across diverse architectures, we
consider four representative image classification models: (1) ResNet-50[18], (2) ResNeXt-50[56], (3)
EfficientNet-B0[51], and (4) ViT-B/16[12]. These models span both convolutional and transformer-
based paradigms and offer a clear comparison across varying robustness profiles and architectural
biases. For all models, we report clean and attacked accuracies under each defense method, using the
same attack configuration and patch size distribution.

Datasets and Attacks. We evaluate on both synthetic and real-world patch benchmarks: (1) ImageNet-
Patch [40], a 50/50 balanced dataset of attacked and clean ImageNet samples, where attacks are
applied to exactly 50% of the data to ensure balanced evaluation; and (2) APRICOT [31], a real-world
dataset of 873 images, each containing a physically applied adversarial patch.

We test two strong attacks: the classical adversarial patch [6] targeting CNNs, and PatchFool [14]
targeting vision transformers. Patches are randomly placed and vary in size from 25× 25 to 65× 65.

Defense Mechanisms. We compare against several baselines: (1) JPEG compression [13], (2) Spatial
smoothing [57], (3) SAC [31], and (4) DIFFender [20], a recent diffusion-based approach. We also
evaluate a retrieval-only baseline that flags regions as adversarial based on visual similarity, without
using VLM reasoning.

Evaluation Protocol. On ImageNet-Patch, we report classification accuracy over a balanced 50/50
clean/attacked split. On APRICOT, we report binary accuracy (presence vs. absence of a patch) across
three settings: (1) Clean, (2) Undefended, and (3) Defended. Candidate regions are retrieved using
top-k = 2 cosine similarity and verified via VLM prompts. Thresholds are calibrated on a held-out
validation set to ensure fair comparisons across all methods.

6 Results

Table 1 presents the accuracy of various defense mechanisms on the APRICOT dataset [5] under
adversarial patch attacks of sizes from 25 × 25 to 65 × 65. Traditional defenses such as JPEG
compression [13], spatial smoothing [57], and SAC [31] show only modest improvements, while
DIFFender [20] achieves stronger robustness and better accuracy across all patch sizes. Our method
consistently outperforms 0-shot baselines and scales better with higher-strength attacks. Even the
0-shot version attains competitive accuracy, while the 4-shot configuration yields substantial gains,
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maintaining high accuracy under challenging conditions, as shown in Appendix 7. Table 2 reports
defense accuracy against adversarial patch attacks of varying sizes. Performance drops sharply without
defense. Traditional methods-JPEG compression [13], spatial smoothing [58], and SAC [31]-show
limited robustness, while DIFFender [20] performs better via generative reconstruction. Our retrieval-
only baseline surpasses these, and the full VLM-based method achieves the best results, with the
4-shot variant nearly restoring clean accuracy, demonstrating the effectiveness of retrieval-augmented
generative reasoning. Extensive evaluations on ImageNet-Patch and APRICOT demonstrate strong
robustness across patch sizes and attack methods, outperforming JPEG compression [13], spatial
smoothing [57], SAC [31], and DIFFender [20]. Our system achieves up to 98% detection accuracy
while maintaining performance under severe threats. Appendix 6 and A.6 present qualitative and
generalization analyses across diverse patch shapes.

Table 1: Accuracy (%) on APRICOT [5] with adversarial patches of varying sizes. Methods are
evaluated in 0-shot (0S), 2-shot (2S), and 4-shot (4S) settings; methods without few-shot use show
“–”. Gray indicates the best 0S result, underline the second-best overall, and bold the best overall.

Method 25× 25 50× 50 55× 55 65× 65

0S 2S 4S 0S 2S 4S 0S 2S 4S 0S 2S 4S

Undefended 34.59 – – 32.18 – – 30.24 – – 28.55 – –
JPEG [13] 29.35 – – 32.53 – – 35.28 – – 41.11 – –
Spatial Smoothing [57] 33.56 – – 36.19 – – 39.17 – – 42.26 – –
SAC [31] 45.93 – – 48.22 – – 49.14 – – 52.80 – –
DIFFender [20] 65.06 – – 66.32 – – 68.61 – – 70.90 – –
Baseline 56.81 – – 59.56 – – 60.59 – – 69.64 – –
Ours (Qwen-VL-Plus) 45.37 76.18 87.64 46.40 77.90 88.78 47.55 79.62 90.50 50.98 81.91 92.22
Ours (Qwen2.5-VL-72B) 47.37 78.18 89.64 48.40 79.90 90.78 49.55 81.62 92.50 52.98 83.91 94.22
Ours (UI-TARS-72B-DPO) 49.37 80.18 91.64 50.40 81.90 92.78 51.55 83.62 94.50 54.98 85.91 96.22
Ours (Gemini) 56.24 82.59 93.92 57.16 85.11 96.33 58.76 86.94 96.79 63.12 90.26 97.93

Table 2: Accuracy (%) of four models under adversarial patch attacks of varying sizes. Each method
is evaluated under three configurations: 0-shot (0S), 2-shot (2S), and 4-shot (4S), reflecting increasing
levels of visual context provided to the vision-language model. For methods that do not support
few-shot adaptation, results for 2S and 4S are omitted and marked with “–”. Gray indicates the
best-performing method in the 0-shot setting, underline highlights the second-best overall result
across all configurations, and bold denotes the highest overall accuracy. This presentation enables a
clear comparison of zero- and few-shot performance across varying patch sizes and models.

Model Method Clean 25× 25 50× 50 55× 55 65× 65

0S 2S 4S 0S 2S 4S 0S 2S 4S 0S 2S 4S

ResNet-50 [18]

Undefended

97.50

7.50 – – 9.25 – – 8.75 – – 6.95 – –
JPEG [13] 50.75 – – 51.75 – – 49.25 – – 49.00 – –
Spatial Smoothing [57] 55.50 – – 58.25 – – 55.25 – – 50.75 – –
SAC [31] 64.75 – – 66.75 – – 68.00 – – 69.50 – –
Baseline 58.50 – – 59.75 – – 62.00 – – 62.50 – –
Ours (Qwen-VL-Plus) 49.75 70.00 85.25 54.00 73.00 86.50 62.50 75.00 87.25 79.00 79.50 88.00
Ours (Qwen2.5-VL-72B) 55.25 82.00 88.25 60.00 84.00 89.25 79.75 86.00 90.50 91.00 91.25 91.50
Ours (UI-TARS-72B-DPO) 54.50 83.00 89.50 55.50 87.75 90.50 57.50 86.25 89.75 57.50 87.50 94.00
Ours (Gemini) 56.25 87.25 93.25 58.50 89.75 93.75 59.75 90.25 96.25 60.25 91.25 99.25

ResNeXt-50 [56]

Undefended

97.50

9.25 – – 11.00 – – 10.75 – – 8.95 – –
JPEG [13] 48.75 – – 50.75 – – 47.75 – – 46.50 – –
Spatial Smoothing [57] 55.75 – – 57.50 – – 55.75 – – 50.25 – –
SAC [31] 64.75 – – 66.25 – – 68.00 – – 66.75 – –
Baseline 56.50 – – 58.50 – – 60.25 – – 61.75 – –
Ours (Qwen-VL-Plus) 48.25 68.50 83.00 52.00 71.25 84.50 58.00 72.75 85.25 74.25 77.00 86.25
Ours (Qwen2.5-VL-72B) 53.25 78.25 85.75 58.50 80.75 87.00 76.00 84.00 88.25 89.25 90.00 90.75
Ours (UI-TARS-72B-DPO) 52.50 80.75 85.75 55.25 85.00 89.25 55.25 86.25 91.00 59.25 84.75 93.25
Ours (Gemini) 55.50 85.00 91.25 57.75 87.50 92.75 58.75 88.50 94.75 60.75 89.75 98.50

EfficientNet [51]

Undefended

95.50

24.25 – – 25.75 – – 24.00 – – 21.50 – –
JPEG [13] 51.00 – – 53.75 – – 50.75 – – 49.25 – –
Spatial Smoothing [57] 60.50 – – 63.25 – – 61.75 – – 57.50 – –
SAC [31] 58.25 – – 60.75 – – 63.25 – – 67.25 – –
Baseline 54.75 – – 56.75 – – 58.25 – – 61.00 – –
Ours (Qwen-VL-Plus) 50.25 69.25 84.00 53.00 72.25 85.50 59.50 74.00 86.25 76.00 78.75 87.75
Ours (Qwen2.5-VL-72B) 54.50 79.50 87.00 59.25 82.00 89.00 78.25 85.00 90.50 90.50 91.00 92.00
Ours (UI-TARS-72B-DPO) 49.75 80.50 85.25 52.25 83.00 88.75 54.75 82.75 91.00 57.75 86.00 95.00
Ours (Gemini) 53.00 84.25 91.25 55.50 85.75 93.50 57.00 88.00 95.75 59.75 89.75 97.50

ViT-B-16 [14]

Undefended

97.75

27.75 – – 29.25 – – 27.00 – – 24.25 – –
JPEG [13] 57.75 – – 58.75 – – 55.50 – – 51.00 – –
Spatial Smoothing [57] 66.75 – – 67.25 – – 64.00 – – 61.25 – –
SAC [31] 63.25 – – 64.75 – – 65.75 – – 69.25 – –
Baseline 59.50 – – 61.50 – – 62.75 – – 64.00 – –
Ours (Qwen-VL-Plus) 51.25 69.50 84.25 55.00 72.50 85.75 60.50 76.00 86.75 74.00 79.00 87.25
Ours (Qwen2.5-VL-72B) 56.75 78.75 87.00 60.75 81.00 88.75 78.00 84.50 90.50 90.25 91.00 91.75
Ours (UI-TARS-72B-DPO) 53.25 82.00 89.75 54.75 84.25 91.00 56.75 85.50 93.25 59.50 88.75 95.25
Ours (Gemini) 58.75 86.75 93.50 60.75 89.00 95.25 61.25 90.75 98.75 63.00 93.00 99.00
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Limitations and Future Work. Our method assumes access to a representative patch database.
Future work will focus on automatic patch discovery, uncertainty quantification in VLM outputs, and
improving inference speed for large-scale deployment.

Conclusion. The proposed VRAG-based framework combines retrieval-augmented search with
generative reasoning to deliver robust, scalable, and training-free adversarial patch detection. It
achieves high accuracy, generalizes across patch types, and effectively detects unseen attacks.
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A Appendix: Ablation Study

We perform all evaluations on the ImageNet-Patch [40] dataset.

A.1 Effect of Parallelization

Parallelization significantly improves the efficiency of adversarial patch database creation. Since the
application of each patch to each image-and the subsequent embedding computation-are independent
operations, the process can be parallelized across multiple workers [21]. This enables rapid generation
and encoding of large-scale patched image datasets.

In our setup, we applied adversarial patches to a collection of clean images, using a key-value
approach where each image was divided into a 5× 5 grid. Patch embeddings served as keys, while
embeddings of image regions acted as values for retrieval. The end result was a database of 3,500
patch-image pairs with corresponding embeddings. To evaluate scalability, we measured execution
time with varying levels of parallelism, confirming substantial speedups as the number of workers
increased.

As shown in Table 3, using a single worker resulted in an average execution time of 24.57 minutes,
whereas increasing the number of workers to six reduced the execution time to 3.58 minutes, demon-
strating a 6.86× speedup. The results indicate that distributing the workload across multiple processes
significantly reduces execution time while maintaining detection accuracy.

These findings validate the effectiveness of parallelization in our method, allowing it to scale efficiently
for larger datasets. The speedup enables the rapid processing of extensive adversarial patch collections,
making real-time detection feasible.

12

https://openreview.net/forum?id=wvLQMHtyLk


Table 3: Execution time for adversarial patch detection with different numbers of workers. Results
are reported as mean ± standard deviation, in minutes.

Number of Workers Execution Time (min)

1 24.57 ± 0.07
2 12.12 ± 0.10
3 8.11 ± 0.16
4 6.14 ± 0.26
5 4.59 ± 0.40
6 3.58 ± 0.54

A.2 Embedding Distance Analysis

We evaluate the effectiveness of our retrieval mechanism through an ablation study comparing several
distance metrics for nearest-neighbor retrieval, including cosine similarity, L1 distance, L2 distance,
and Wasserstein distance. All experiments in this subsection were conducted on the ImageNet-Patch
dataset. Rather than relying solely on cosine similarity for retrieving stored adversarial patches, we
also assess alternative metrics using embeddings extracted via CLIP [41].

Given an input image I , we partition it into grid-based regions and extract feature embeddings using
CLIP’s image encoder:

EI = f(I), ED = {f(Di) | Di ∈ D}, (9)

where f(·) denotes the CLIP embedding function and D represents the precomputed adversarial
patch database.

For cosine similarity-based retrieval, the similarity score is computed as:

S(EI , ED) =
EI · ED

∥EI∥ ∥ED∥
, (10)

with a stored adversarial patch retrieved if S(EI , ED) exceeds a similarity threshold τs.

We also evaluate L1 and L2 distances. The L1 distance is defined as:

dL1(EI , ED) =
∑
|EI − ED|, (11)

and the L2 distance is given by:

dL2(EI , ED) = ∥EI − ED∥2. (12)

For both L1 and L2 distances, retrieval is triggered when the computed distance falls below a threshold
(τL1 or τL2, respectively).

Additionally, we examine the Wasserstein distance, which measures the optimal transport cost
between distributions. For two distributions P and Q over the embedding space, the Wasserstein
distance is defined as:

W (EI , ED) = inf
γ

E(x,y)∼γ [∥x− y∥], (13)

where γ is a joint distribution with marginals P and Q. This metric quantifies the minimal effort
required to transport mass between the two embedding distributions.

We compare the retrieval effectiveness of these four metrics using Gemini-2.0 [10] for final classifica-
tion. The cosine similarity-based approach achieves the highest classification accuracy at 98.00%,
followed by L2 distance (89.75%), L1 distance (86.25%), and Wasserstein distance (84.25%). These
results are visualized in Figure 3a.

These results indicate that cosine similarity most effectively captures the high-dimensional semantic
relationships essential for robust adversarial patch retrieval, while the alternative metrics, although
reasonable, perform less effectively-particularly the Wasserstein distance, which struggles to model
distributional similarity from limited embedding samples.
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A.3 Inference Time Analysis

All experiments in this subsection were conducted on the ImageNet-Patch dataset. In addition to
detection performance, we assess the inference time required for each defense mechanism. For an
input image I , the processing time for a defense mechanism D is defined as:

TD =
1

N

N∑
i=1

ti, (14)

where ti is the processing time for the i-th image and N is the total number of test images.

We analyze the trade-off between inference time TD and classification accuracy AD, which is
calculated as:

AD =
Ccorrect

Ctotal
× 100, (15)

with Ccorrect representing the number of correctly classified images and Ctotal the total number of
images.

As shown in Figure 3b, JPEG compression [13] and Spatial Smoothing [57] offer the fastest inference
times (0.92s and 0.97s, respectively), albeit with limited accuracy improvements (49.25% and
55.25%). SAC [31] requires 1.58s while achieving an accuracy of 68.00%, and DIFFender [20]
attains an accuracy of 70.90% with an inference time of 7.98s.

Our method, leveraging Qwen-VL-Plus [8], Qwen2.5-VL-72B-Instruct [9], UI-TARS-72B-DPO
[44], and Gemini-2.0 [10], achieves superior classification accuracy (79.00%, 91.00%, 95.00%, and
98.00%, respectively) with inference times of 1.97s, 2.09s, 2.17s, and 2.25s.

These findings highlight a clear performance–efficiency trade-off: higher detection accuracy generally
demands increased computational cost. Our approach effectively balances these aspects by leveraging
retrieval-augmented detection while maintaining inference times that remain competitive with existing
defense mechanisms.

A.4 Prompt Engineering Analysis

All experiments in this subsection were conducted on the ImageNet-Patch dataset. To investigate
the impact of prompt design [17] on adversarial patch detection, we conducted an ablation study
evaluating five distinct prompting strategies. Each strategy aims to guide the VLM in classifying
whether an image contains an adversarial patch. Given an input image I , the VLM is provided with a
textual prompt T and returns a classification response:

R = V(T , I), (16)

where V represents the VLM inference function.
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To enhance context, we leverage a retrieved set of adversarial patch examples {P1, . . . , Pm}, where
each Pi is an adversarial patch stored in the database, and a set of attacked images {I1, . . . , Ik},
where each Ij is a full image containing an applied adversarial patch. These elements provide
additional visual references during inference.

The prompting strategies evaluated are as follows, along with the specific examples used:

1. Instruction-only: A generic instruction without examples:

“Adversarial physical attacks involve placing random patches
on images. You are an expert in identifying such patches.
Is the following image attacked? Answer ’yes’ or ’no’.”

2. Attacked Images: The instruction followed by examples of attacked images {I1, . . . , Ik}:
“Here are examples of images that have been attacked: [Image
1], [Image 2], [Image 3]. Given the next image, is it
attacked? Answer ’yes’ or ’no’.”

3. Patch Examples: The instruction followed by examples of extracted adversarial patches
{P1, . . . , Pm}:

“Here are examples of adversarial patches: [Patch 1], [Patch
2], [Patch 3]. Given the next image, is it attacked? Answer
’yes’ or ’no’.”

4. Chain-of-Thought (CoT): The instruction augmented with reasoning:

“Adversarial attacks often involve adding suspicious patches.
First, analyze if there are irregular regions. Then, decide
if an attack is present. Is the following image attacked?
Answer ’yes’ or ’no’.”

5. Combined (Final, Without CoT): The instruction with both attacked images and patch
examples:

“Adversarial physical attacks involve random patches on
images. You are an expert at detecting them. Here are
examples of adversarial patches: [Patch 1], [Patch 2].
Here are examples of attacked images: [Image 1], [Image
2]. Given the above context, is this image attacked? Please
answer ’yes’ or ’no’.”

To quantify the effectiveness of each prompt type, we measured the detection accuracy AT obtained
under each configuration. The final selected prompt, as presented in 2, corresponds to the Combined
(Final) strategy, which achieved the highest detection accuracy of 98.00%. The complete results are
summarized in Figure 4b, where we observe that simple instructional prompts result in low accuracy
(58.00%), while adding contextual examples (patches and attacked images) significantly improves
performance. The CoT-based prompt further enhances accuracy to 91.25%, whereas the combined
strategy achieves the highest overall detection rate.

This ablation study highlights that careful prompt engineering, particularly including few-shot visual
examples and reasoning, is critical for maximizing VLM-based adversarial patch detection.

A.5 Impact of Few-Shot Context Size on Classification Accuracy

All experiments in this subsection were conducted on the ImageNet-Patch dataset. To evaluate the
effect of context size on adversarial patch detection, we conducted an ablation study by varying
the number of few-shot examples provided to the VLM during inference. Let k ∈ {0, 1, . . . , 6}
denote the number of retrieved examples (i.e., the few-shot shots). For each k-shot configuration,
we measured the classification accuracy Ak of the VLM in detecting adversarial patches across four
different models: Qwen-VL-Plus, Qwen2.5-VL-Instruct, UI-TARS-72B-DPO, and Gemini-2.0.

Figure 4a illustrates the trend of Ak as a function of k. Across all models, we observe a consistent
improvement in detection accuracy with increasing values of k, indicating that providing more
contextual examples strengthens the model’s ability to generalize and distinguish adversarial patterns.
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Notably, UI-TARS-72B-DPO consistently achieves intermediate performance, surpassing Qwen-
based models and closely approaching Gemini-2.0 accuracy.

These results suggest that larger few-shot contexts allow the VLM to better align the input query with
prior adversarial patterns stored in the retrieval database. However, the performance gains tend to
plateau beyond k = 4, highlighting a saturation effect where additional examples yield diminishing
returns. The comparison also reveals that more capable VLMs (e.g., Gemini-2.0 and UI-TARS-72B-
DPO) benefit more rapidly from few-shot conditioning than smaller models such as Qwen-VL-Plus
and Qwen2.5-VL-Instruct, although Gemini-2.0 still demonstrates superior performance overall.

A.6 Generalization to Diverse Patch Shapes

Real-world adversarial patches appear in many shapes and textures, from geometric (square, round,
triangular) to naturalistic or camouflage-like forms. To ensure robustness against these diverse
patterns, we incorporate a range of patch types in the database creation phase. Concretely, each patch
Pi ∈ P may be:

square, round, triangle, realistic, . . .

Since detection relies on embedding-based similarity rather than geometric assumptions, unusual or
irregular patch shapes remain identifiable as long as their embeddings lie above a retrieval threshold τ .
In practice, this approach allows our VRAG-based framework to detect both canonical patches and
highly unobtrusive, adaptive adversarial artifacts designed to evade simpler defenses.

By collectively leveraging a rich database of patch embeddings, a retrieval-augmented paradigm, and
a capable vision-language model, our method achieves robust generalization in adversarial patch
detection across a wide spectrum of attack strategies.

A.7 Qualitative Results

In addition to quantitative evaluations, we present qualitative results highlighting the effectiveness
of our proposed framework compared to existing defenses. Figure 6 illustrates visual comparisons
across various defense mechanisms: Undefended, JPEG compression [13], Spatial Smoothing [57],
SAC [31], DIFFender [20], and our method.

Adversarial patches remain clearly visible and disruptive in both Undefended and JPEG-compressed
images, indicating that these methods fail to mitigate patch attacks effectively. SAC partially reduces
the visibility of adversarial patches but does not consistently eliminate them, often leaving residual
disruptions. DIFFender [20] demonstrates improved effectiveness compared to SAC by further
reducing patch visibility, though residual disturbances remain apparent.

In contrast, our method reliably identifies and neutralizes adversarial patches, effectively mitigating
their influence while preserving image integrity. However, our approach also has specific failure
modes, particularly evident when the adversarial patch blends seamlessly into the noisy background
of an image, matching its distribution. In such challenging cases (e.g., the last row of the right-hand
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Realistic Patches Round Square Triangle

Figure 5: Examples of adversarial patch masks used in our dataset. We consider four types: realistic,
round, square, and triangle. This diversity improves robustness across patch shapes.

table in Figure 6), the model may struggle to accurately differentiate between patch and background
noise, highlighting a limitation to be addressed in future research.

A.8 Impact of Few-Shot Retrieval on VLM Accuracy

To further understand performance across different vision-language models (VLMs), Figure 7 shows
confusion matrices for Qwen-VL-Plus [3], Qwen2.5-VL-72B [4], UI-TARS-72B-DPO [44], and
Gemini-2.0 [52] under 0-shot, 2-shot, and 4-shot configurations. Increasing the number of retrieved
examples consistently improves both true-positive and true-negative rates. Notably, the 4-shot config-
uration with Gemini-2.0 yields near-perfect separation between adversarial and clean samples. While
Gemini-2.0 remains the top-performing model, UI-TARS-72B-DPO achieves highly competitive
results, outperforming all other open-source VLMs by a significant margin.

These findings highlight the power of retrieval-augmented prompting for adversarial patch detection—
especially when representative visual-textual context is injected via advanced VLMs.
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Figure 6: Qualitative comparison of different defense mechanisms. From left to right: Undefended,
JPEG compression [13], Spatial Smoothing [57], SAC [31], DIFFender [20] and our method.
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Figure 7: Confusion matrices across three few-shot configurations (rows) and four VLMs (columns).
Axes represent predicted and actual classes (“Attack” vs. “Not Attack”). Gemini-2.0 achieves the
best overall accuracy, while UI-TARS-72B-DPO offers the strongest open-source performance.
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NeurIPS Paper Checklist

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

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

• You should answer [Yes], [No], or [NA].
• [NA] means either that the question is Not Applicable for that particular paper or the relevant

information is Not Available.

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

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

The reviewers of your paper will be asked to use the checklist as one of the factors in their evaluation.
While "[Yes]" is generally preferable to "[No]", it is perfectly acceptable to answer "[No]" provided a
proper justification is given (e.g., "error bars are not reported because it would be too computationally
expensive" or "we were unable to find the license for the dataset we used"). In general, answering
"[No]" or "[NA]" is not grounds for rejection. While the questions are phrased in a binary way, we
acknowledge that the true answer is often more nuanced, so please just use your best judgment and
write a justification to elaborate. All supporting evidence can appear either in the main paper or the
supplemental material, provided in appendix. If you answer [Yes] to a question, in the justification
please point to the section(s) where related material for the question can be found.

IMPORTANT, please:

• Delete this instruction block, but keep the section heading “NeurIPS Paper Checklist",

• Keep the checklist subsection headings, questions/answers and guidelines below.

• Do not modify the questions and only use the provided macros for your answers.

1. Claims

1. Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes] The abstract and introduction clearly state the paper’s main contributions-
introducing don’t lag, rag, where we present a training free adversarial patch detector which
outperform state of the art.
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

1. Question: Does the paper discuss the limitations of the work performed by the authors?
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Answer: [Yes] The Appendix (Limitation section) outlines key limitations, including
reliance on synthetic scenes, limited dataset scale, and restricted reasoning and object
diversity.
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

1. Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
Answer: [NA] The paper contains no theoretical results or proofs; Sections 3–6 focus solely
on empirical methods and evaluations, instead, it focuses on dataset construction, evaluation
protocols, and empirical findings.
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

1. Question: Does the paper fully disclose all the information needed to reproduce the
main experimental 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)?
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Answer: [Yes] Sections 3.1 and 3.3, along with the Appendix, include detailed descriptions
of dataset construction, evaluation setup, and all prompt templates, providing enough
information for others to reproduce the benchmark and main experimental results.
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

1. 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] Section 3.1 and the Appendix describe that the PersianClevr dataset and
scripts will be released with instructions to reproduce the benchmark and experiments.
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.
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• 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

1. 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] Sections 3.3 and 4.1–4.5 clearly specify dataset splits, evaluation settings,
prompting strategies, and model usage, providing sufficient detail to understand the experi-
mental setup.
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

1. Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [Yes] All results provided and reproducible in the paper.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should provide error bars for all statistical results.
• For plots, the authors should clearly state what the error bars represent (e.g., standard

deviation, standard error of the mean, 95% confidence interval, etc.).

8. Experiments compute resources

1. Question: For each experiment, does the paper provide sufficient information on the
computer resources (type of compute workers, memory, time of execution) needed to
reproduce the experiments?
Answer: [Yes] Appendix A.8 specifies GPU type, memory, cloud provider, and total
compute time used, providing sufficient reproducibility details.
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

1. 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] The work follows the NeurIPS Code of Ethics, using only synthetic and
publicly available data with no human subjects, privacy risks, or potential for harmful use.
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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

1. Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?
Answer: [NA] The work introduces a synthetic benchmark, which has no direct societal
impact beyond methodological research.
Guidelines:

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

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

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

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

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

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

11. Safeguards

1. 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] The paper poses no misuse risks, as it releases only synthetic benchmark
data without real images, human content, or pretrained models requiring safeguards.
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.
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12. Licenses for existing assets

1. 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: [NA] The paper doesn’t provide any external code/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.

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

13. New assets

1. Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [NA] The paper doesn’t provide any external code/dataset.
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

1. 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] The paper does not involve any crowdsourcing or research with human
subjects; all data are synthetically generated and automatically processed.
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.
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15. Institutional review board (IRB) approvals or equivalent for research with human subjects

1. 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] The research does not involve human subjects or participant studies, so no
IRB or equivalent ethical review was required.
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

1. 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] The paper 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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