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Abstract

Video Anomaly Detection (VAD) aims to temporally localize abnormal events in videos.
Most existing approaches rely on dataset-specific training and curated annotations, limiting
generalization in open-set scenarios. Recent zero-shot methods based on Large Vision-
Language Models (LVLMs) alleviate this dependency but often lack temporal continuity
and structured reasoning. We propose Cog-VADU, a fully training-free framework that
reformulates VAD as a sequential cognitive reasoning task. Cog-VADU introduces Chain-of-
Anomaly Detection Thought Prompting (CoADTP), which unrolls an LVLM into a recurrent
reasoning chain across video segments. By propagating structured rationales over time, the
model maintains implicit temporal memory, enabling robust discrimination between com-
plex anomalies and high-motion normal activities. To improve reliability, we further design a
cross-modal re-ranking stage that aligns textual rationales with visual embeddings, enforcing
semantic consistency and temporal coherence for refined and stable predictions. Extensive
experiments on multiple public VAD benchmarks demonstrate that Cog-VADU achieves
competitive zero-shot performance. Moreover, cross-model evaluations show that CoADTP
consistently enhances reasoning-based anomaly detection in a model-agnostic manner, pro-
viding interpretable and generalizable anomaly understanding for real-world applications.

1 Introduction

Video surveillance plays a vital role in monitoring activities in public and private spaces. Video Anomaly
Detection (VAD) Sultani et al. (2019) seeks to temporally localize unusual events such as violence, accidents,
or security violations. Anomalies are typically characterized as deviations in appearance or motion from
expected patterns Saligrama et al. (2010), often confined to short segments. However, abnormality is not
purely statistical. Events may appear anomalous due to contextual mismatch rather than visual irregularity
alone. A running crowd, for instance, may indicate panic in one setting and celebration in another. Such
distinctions require situational understanding that extends beyond low-level motion cues.

Early vision-only methods Liu et al. (2018); Liu & Ma (2019); Wu et al. (2020); Tian et al. (2021); Wan
et al. (2021); Huang et al. (2022); Zhou et al. (2023a); Lv et al. (2023); Zhang et al. (2024a) primarily focus
on modeling appearance and motion patterns to compute anomaly scores from video data. While these
approaches have shown effectiveness in constrained or well-defined environments, they fundamentally lack
semantic and contextual reasoning capabilities. Consequently, they are unable to explain who is involved,
what is occurring, or why an event should be considered anomalous. The absence of high-level contextual un-
derstanding, an essential component for reliable video anomaly detection, significantly limits their robustness
and generalization when deployed in complex real-world surveillance scenarios.

Multimodal approaches Yuan et al. (2023); Wu et al. (2023); Chen et al. (2023); Yang et al. (2024);
Tang et al. (2024); Ma et al. (2025); Yang et al. (2025) seek to overcome these limitations by incorporating
multimodal cues through vision-language models (VLMs). By integrating visual observations with seman-
tic and linguistic information, these methods improve detection performance and enhance interpretability,
particularly in surveillance scenarios where visual cues alone are ambiguous or insufficient. Despite their
promising results, the majority of these approaches rely on task-specific fine-tuning or instruction tuning



Under review as submission to TMLR

ing pipeline 1: Non Explainable vision only VAD methods

Spatio-temporal Classification
A feature == A head — |0 D

enhancement L ["In Ehis Vide.’.n”q]
Video Triplet ,BCE : Anomaly Scores @3} ["Normal]
 Training sets with coarse video labels Video S ' [0.07] :
Stepwise +____1- e L
[Scene Understanding] G e
[Anomaly Detection 7] [&| { o il
* Anomaly - LoRA Explanation °|:>"
Classifier (4 [Anomaly Score?]  |5[lg -
MLLM ! "In this videa .." Step wise input prompt Temporal |Context
______________ Ll ¥
Video i 2 4 - 5
Frame sampier No Training or Fine-tunning

¥ Training with coarse video labels +Instruction tuning

Figure 1: Comparison of video anomaly detection paradigms. (a) Vision-only methods rely on supervised training and produce anomaly
scores without semantic reasoning. (b) Multimodal LLM-based VAD generates anomaly confidence and provides post-hoc explanations.
(c) Cog-VADU employs a frozen LVLM with structured prompting and temporal cues to perform joint, training-free anomaly detection
and reasoning.

using large-scale, carefully curated datasets, which are expensive to collect and difficult to scale. Such de-
pendence on extensive training not only increases computational cost but also necessitates retraining when
deployed in new environments or scenarios with shifting contextual distributions, thereby limiting scalability
and adaptability, constraining open-set generalization.

To reduce the reliance on training, several training-free approaches, such as Zanella et al. (2024), exploit
pretrained VLMs for caption generation and semantic matching, often employing models such as BLIP-2 Li
et al. (2023a). Although these methods eliminate the need for additional training, they typically rely on
shallow captioning or similarity-based matching strategies. As a result, they lack explicit multi-step reasoning
mechanisms and struggle to capture complex contextual relationships, long-range temporal dependencies,
and evolving scene dynamics. This often causes them to miss nuanced temporal and situational cues that are
critical for distinguishing subtle anomalies from normal activities, particularly in cases requiring semantic
interpretation and temporal causality.

In parallel, other approaches based on large vision-language models (LVLMs) Tang et al. (2024); Huang et al.
(2025); Zhu et al. (2025); Ye et al. (2025) attempt to further exploit the inherent reasoning capabilities of
such models to provide more interpretable anomaly detection, frequently by introducing explicit reasoning
chains or language-based explanations. However, despite incorporating reasoning components, these methods
still depend on task-specific training or supervision and, in some cases, specialized reasoning datasets with
the requirement of high computational resources. This reliance restricts their ability to generalize across
diverse datasets, unseen anomaly types, and real-world surveillance scenarios where annotations are limited
or entirely unavailable.

Key Findings. Fundamentally, video anomaly detection requires contextual reasoning rather than relying
solely on pattern deviation or statistical irregularities. Human judgment of anomalies involves understand-
ing the overall scene, interpreting situational context, modeling temporal evolution, and reasoning about
deviations from expected behavior before arriving at a final decision. Such reasoning enables the distinction
between visually similar yet semantically different events, such as staged wrestling versus genuine acts of
violence, or crowded yet orderly gatherings versus chaotic confrontations. Despite its critical importance,
this reasoning-centric perspective remains largely underexplored in existing VAD methods, which predom-
inantly depend on low-level visual deviations, heuristic thresholds, or naive prompting strategies that lack
structured reasoning and temporal awareness. In light of these observations, we investigate the following
unexplored yet fundamental question:

Can Video Anomaly Detection (VAD) be reformulated as a simple reasoning-driven, zero-
shot detection and understanding problem by leveraging pretrained vision-language models,
without any task-specific training or fine-tuning?
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We address this question with Cog-VADU, illustrated in Fig. 1. Cog-VADU treats anomaly detection
as a structured cognitive reasoning process unfolding across video segments. A frozen, model LVLM is
prompted to generate step-wise rationales that persist over time, forming an implicit temporal memory.
Initial predictions are then refined through cross-modal rationale alignment, enforcing semantic consistency
and suppressing hallucinations. The resulting system produces temporally coherent anomaly scores along
with interpretable, glass-box explanations without any fine-tuning.

Contributions.

e We present Cog-VADU, a training-free formulation of VAD that models anomaly detection as
sequential cognitive reasoning and understanding over video segments using pretrained LVLMs.

e We propose Chain-of-Anomaly Detection Thought Prompting (CoADTP), enabling step-wise ratio-
nale propagation and temporally coherent zero-shot inference.

e We introduce a cross-modal re-ranking rationale refinement stage that aligns textual reasoning with
visual representations to stabilize predictions.

e We provide unified re-annotations of UCF-Crime and XD-Violence that account for causal and
temporal relationships, reducing label inconsistencies and enabling fair evaluation.

e Experiments across benchmarks demonstrate competitive zero-shot performance alongside inter-
pretable reasoning outputs.

2 Related Work

Video Anomaly Detection (VAD). Video Anomaly Detection (VAD) aims to identify frames or temporal
segments that deviate from normal behavior Hasan et al. (2016), and is fundamental to public safety Sultani
et al. (2019) and video understanding Wu et al. (2020). Traditional VAD methods predominantly rely on
deep neural networks using visual cues, achieving strong performance but lacking semantic understanding
and interpretability. Existing methods are commonly categorized as Non-Explaniable, such as unsupervised,
weakly supervised, and fully supervised and Explainable like MLLM-VADs.

Unsupervised Methods. Unsupervised VAD Liu et al. (2018); Gong et al. (2019); Wang & Cherian (2019);
Thakare et al. (2022); Tur et al. (2023); Yang et al. (2023) learn normal patterns from unlabeled or normal-
only data and detects anomalies as deviations. While effective for modeling regular behavior, they struggle
with subtle anomalies and generalization to unseen environments due to the absence of anomaly priors.

Fully Supervised Methods. Fully supervised approaches Wang & Miao (2010); Liu & Ma (2019) utilize
frame-level annotations for both normal and abnormal events, enabling precise localization but requiring
extensive manual labeling, which limits scalability.

Weakly Supervised Methods. Weakly supervised VAD Sultani et al. (2019); Tian et al. (2021); Lv
et al. (2023) leverages video-level labels, striking a balance between annotation cost and performance. The
dominant paradigm in this setting is Multiple Instance Learning (MIL), first introduced to VAD by Sultani
et al. (2019), where a video is treated as a bag of segments, and a positive (anomalous) bag is assumed to
contain at least one anomalous segment, while a negative bag contains none. Building on this formulation,
subsequent works have progressively improved different components of the MIL framework. These include
enhanced instance weighting Ilse et al. (2018), improved feature magnitude modeling Chen et al. (2022), as
well as advances in efficiency and temporal modeling Gao & Liu (2025). More recent efforts further address
robustness to label noise and uncertainty Zhou et al. (2023b;a).

Multimodal and Explainable VAD. To address the lack of semantic understanding, recent methods
Yuan et al. (2023) integrate vision-language models (VLMSs) to enable explainable video anomaly detection.
Early approaches such as Zhang et al. (2024b) and its extension Zhang et al. (2025b) combine temporal
sampling Zhou et al. (2023a) with VLM-based reasoning to generate interpretable anomaly descriptions.
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Zero-shot and multimodal methods have further explored pretrained VLMs. Zanella et al. (2024) em-
ploys BLIP-2 Li et al. (2023a) and LLaMA-2 for caption-based anomaly scoring using task-specific prompts.
VAD-LLaMA Lv & Sun (2024) introduces instruction tuning and temporal memory for weakly supervised de-
tection. CLIP-based approaches such as VadCLIP Wu et al. (2023) perform frozen vision-language alignment
enhanced with adaptive prompts and MIL-style objectives. VERA Ye et al. (2025) performs coarse-to-fine
anomaly reasoning via scene-temporal integration, but relies on verbal reasoning training and exhibits limited
generalization.

Other multimodal extensions include TEVAD Chen et al. (2023), which fuses visual and textual representa-
tions with multi-scale temporal modeling for caption-enhanced anomaly reasoning. Similarly, Pu et al. Pu
et al. (2024) propose Prompt-Enhanced Learning (PEL) and Temporal Context Aggregation (TCA) to refine
semantic alignment, reuse similarity matrices efficiently, and improve discriminability via knowledge-guided
prompts, but still depend on training or dataset-specific design choices.

Chain-of-Thought and Reasoning. Chain-of-thought (CoT) prompting Zhang et al. (2022); Wei et al.
(2023) has demonstrated that providing exemplars with intermediate reasoning steps elicits complex reason-
ing in sufficiently large language models, enhancing performance on arithmetic, common sense, and symbolic
tasks. Inspired by CoT prompting in text-based LLMs. Recent studies extend CoT to multimodal and
video understanding to focus on generating intermediate reasoning steps for visual understanding Zhang
et al. (2024c; 2025¢); Fei et al. (2024); Arnab et al. (2025), yet its application to video anomaly detection re-
mains largely unexplored. Most existing VAD methods do not integrate structured reasoning with temporal
feedback, leaving a gap between reasoning-driven prompting and practical surveillance analysis.

Summary. These limitations highlight the need for a training-free, zero-shot video anomaly detection
framework that can fully exploit the intrinsic world knowledge, understanding, and multimodal reasoning
capabilities of large vision-language models, without relying on fine-tuning or instruction-tuned datasets.

3 Our Methodology: Cog-VADU

We introduce Cog-VADU, a two-stage training-free, cognitive reasoning-driven framework for video
anomaly understanding and detection, built upon a frozen large vision-language model (LVLM). Cog-VADU
performs anomaly localization, explanation, and structured cognitive reasoning in a fully zero-shot manner.
Our approach requires no fine-tuning, adapter modules, spatio-temporal backbones, or task-specific training.
In the following, we first formalize the video anomaly detection problem and then describe the design of our
reasoning-driven framework.

3.1 Problem Formulation

Consider a test video V- = {I1,I5,...,Ir}, where I; is the ¢t-th frame and T is the total number of frames.
Our goal is to predict a frame-level anomaly score sequence
A=lay,...,ar], a;<€l0,1], (1)

where higher values indicate greater abnormality.

Unlike conventional methods, Cog-VADU does not require labeled training data. Using a frozen, model-
agnostic LVLM, it performs zero-shot inference while maintaining temporal coherence across frames. For
each segment, the framework outputs not only anomaly scores but also interpretable semantic descriptions
and structured reasoning rationales, forming a glass-box explanation grounded in visual content and temporal
context.

3.2 How Effective Is Reasoning-Based Prompting for VAD?

Prompting is central to exploiting large vision-language models (LVLMs), as it defines task intent and guides
inference. Its effectiveness depends on how well task-specific knowledge and reasoning structures are encoded.

Prior work highlights the impact of prompt design for anomaly detection. For instance, Ye et al. (2025) learn
task-specific prompts while keeping the backbone model frozen, but requires dataset-specific optimization
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and additional training. In contrast, Zanella et al. (2024) uses lightweight caption-based prompting, which
is efficient but lacks explicit task decomposition and structured reasoning.

We evaluate different prompting strategies to assess their effectiveness. A naive captioning prompt (Prompt
1) produces fluent descriptions but weak anomaly discrimination due to the lack of task guidance. Adding
structured prompts with anomaly categories and confidence scores (Prompt 2) improves performance by
enforcing task awareness, as shown in Fig. 2. However, predictions remain unstable, reflected in lower
Acc@0.5 and AP, as the model overemphasizes isolated cues without contextual severity. Moreover, such
prompts lack (i) step-wise reasoning, (ii) continuous severity modeling, and (iii) temporal consistency across
segments.

To address these limitations, we propose Chain-of-Anomaly Detection Thought Prompting (CoADTP), which
introduces structured reasoning, severity-aware scoring, and temporal feedback via previous segments. As
shown in Table 1, CoADTP achieves the best performance, demonstrating that explicit reasoning with
temporal continuity is critical for robust VAD.

ﬂmgt 2:  "Youare afast vision-language model for video surveillance analysis \

Goal: Detect clear abnormal or dangerous activities only for this <image>.
Flag only if you see real evidence of abnormal events like.
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(a) Prompt 1 (b) Prompt 2

Figure 2: Comparison of prior-aware prompts for zero-shot VAD.

3.3 CoADTP: Chain of Anomaly-Detection Thought Prompt

To fully exploit the reasoning capabilities of LVLMs, we reformulate video anomaly detection as a training-
free, prompt-driven reasoning task. Inspired by chain-of-thought prompting Zhang et al. (2022); Wei et al.
(2023); Fei et al. (2024); Arnab et al. (2025), we introduce Chain-of-Anomaly Detection Thought
Prompting (CoADTP), which integrates anomaly priors and temporal context within a unified prompting
framework.

The prompt is designed to enforce a structured reasoning pipeline prior to prediction. Given a video clip
v;, the LVLM first performs scene understanding by identifying objects, actions, and interactions. It then
incorporates semantic priors from the anomaly database together with contextual information from the
previous clip. Conditioned on this combined information, the model generates structured reasoning outputs,
including observations, a concise description, anomaly assessment, and a rationale explaining the decision.
Finally, it evaluates the severity of the event and produces a calibrated anomaly score.

Formally, COADTP guides a frozen LVLM to generate outputs through three complementary components: (i)
step-wise chain-of-thought reasoning, (ii) a lightweight text-based anomaly database encoding prior knowl-
edge of normal and abnormal events, and (iii) temporal feedback across consecutive clips for score stability.
These components enable consistent anomaly scoring and interpretable predictions without any additional
training.

In contrast, CoOADTP directly exploits the intrinsic reasoning capability of foundation-scale VLMs through
structured prompting. The model is guided to sequentially describe, analyze, decide, and justify/score each
event using prior knowledge and temporal context. This transforms VAD into an interpretable, context-
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Figure 3: Workflow of COADTP integrating anomaly priors and temporal reasoning cues.

aware inference process capable of capturing causal relations, temporal dependencies, and situational nuances
entirely without training.

Design components.

e Step-wise (chain-of-thought) reasoning. Instead of directly predicting abnormality, the model
follows a fixed reasoning chain:

observe — describe — reason € assess severity — decide category — score.

The final anomaly score lies in [0, 1], where 0 indicates normal and 1 indicates abnormal behavior.
This decomposition breaks down complex judgments into interpretable sub-steps (Fig. 3, panel (b)).

e Anomaly text database (zero-shot prior). To inject task-specific knowledge without training,
we introduce a compact verbal anomaly database containing anomaly class names and concise defi-
nitions of normal and abnormal patterns. By explicitly referencing this database in the prompt, the
LVLM can semantically align visual evidence with anomaly categories and output both an anomaly
type and a concise rationale (Fig. 3, panel (a)). This eliminates the need for dataset-specific fine-
tuning or annotation-heavy preparation.

e Temporal feedback for stability. To ensure temporal consistency, the prompt P; for clip v; is
conditioned on the structured contextual rationale of the previous clip:

R,_1 = (desci,l, reason;_1, type;_i, ai71)7 (2)

P, =P(vi, Ri—1), (3)
where a;_; is the anomaly score. This recursive conditioning reduces prediction noise and improves

temporal stability.

This design leads to improved score stability and detection accuracy compared to simple prompting strategies
(see Sec. 4).

3.4 Raw Stage

Our methodology follows a two—stage design, as shown in Fig. 4. The raw stage produces zero-shot, segment-
level anomaly scores and concise textual rationales using a vision—language model (LVLM), guided by our
CoADTP prompt. No additional heads, fine-tuning, or parameter updates are used.

Segmentation and sampling. Let a video consist of F frames V = {I;}[_,, where I; denotes the i-th frame.
We define segment centers at a fixed stride d, yielding

F
C = {I(uil)dJ’,l | u = 1, .. .7]7,}7 = \‘dJ . (4)
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Table 1: Ablation of prompting strategies in the RAW stage on UCF-Crime.

Prompt Prior Reason Temporal | AUC 1t AP 1t Acc@0.5 1
Prompt 1 X X X 0.7111 0.2150 78.28
Prompt 2 v X X 0.7403 0.2119 57.93
CoADTP(Raw Stage) v v v 0.7888 0.3773 82.41

For each center frame I(,,_1)q+1, We construct a temporal window of length 7" seconds (e.g., T' = 10s) centered
around it. Assuming a frame rate of r frames per second, this corresponds to a window of Tr frames. From
this window, we uniformly sample m = 10 frames to form the segment V,,.Prompted VLM inference. For
each segment u, we form a CoADTP prompt P, that enforces a step-wise analysis (describe — reason —
decide — explain) and references a lightweight anomaly text database; it includes temporal feedback from
the previous segment (summary and score). With frozen fryrm parameters 6, we query

(descu, reason,, type,, au) = fLVLM(Vu; 0, Pu); (5)

where desc,, is a two-sentence clip description, reason,, is a brief rationale, type,, is a single anomaly category
(e.g., NORMAL, FIGHTING, ACCIDENT), and a, € [0,1] is the raw anomaly score (higher is more anomalous).

Outputs of the raw stage. Repeating equation 5 for all segments yields

A =Jay,...,as], T = [typey, ..., typey),
D = [descy,...,descy], R = [reasony,...,reasony].

(6)

These raw scores and textual outputs are passed to the refinement stage, where we stabilise and sharpen
localisation and inject global scene context using cross-model context retrieval (Sec. 3.5). Quantitative
analyses of the raw-stage behaviour for different prompting strategies are reported in the Table 1.

All video Clips
Vo, Vi, Vay .o, Vi
Wt i Contexual Rationale R o
% ) %‘Z::::::: 0 "Factual Description "
0 " : i
Voul = = Reasunu;i?eventy i
CoADTP | "Anomaly Category" Semantic Database
Py DR, Score [0, 1] Normal text
Contextual Contexual Rationale R 1 [description o , database
\_ Rationale R Observation § .
— vaul “Factual Description " Gl
N Description P . "
[ Reasoning; | Tl -
Vi "Anomaly Category" - Text =1 Top-K Anomaly Predictions
(P —— description BN PE— op-K raw scores
CoADTP Score [0, 1] > Encoder S Global P I
P1 ©Ro LVLM : 0 Semantics (ax)
Contextual = B Retreival
| Rationale Ry |/ Contexual Rationale R . .
- . Modal Re-Ranki "
5 Observation i2_Factual Description * description 1, ;] % Cr Top‘:g |
5 PROMR2 . Reasoning, Severity W » ‘ Anomaly
Eh Level" S = aStest + (1 — @)Svisual | Aggregation
. " " : ’ T
E 'Anomaly Category’ Bt el
Score [0, 1] Anomalous
i Cli
Contexual Rationale R .1’ Video /- Cosine ips
Vh}\ - = Encoder Similarity.
(T SErVation by gacyal Description -
CoADTPJ L Description .y |, R Weighted
. easoning, Severity. At
. . 5 visual similarities
LP“ 1 ORpo sl Level [Vos Vi Vay oo+ Viot]
Contextual "Anomaly Category” All video Clips
Rationale R p,.y Score [0, 1]

Figure 4: Overview of Cog-VADU, a training-free, reasoning-driven video anomaly detection framework.
Videos are divided into clips and processed by a frozen frypnm using Chain-of-Anomaly-Detection Prompting
(CoADTP) to produce anomaly scores and textual rationales. A refinement stage employs ImageBind
embeddings to retrieve and re-rank semantically related visual-text contexts, yielding final contextualized
anomaly scores via softmax-weighted similarity aggregation.

3.5 Refinement Stage: Cross-Modal Re-Ranking

The raw stage produces independent segment-level anomaly scores A = [a1,...,an], which may lack global se-
mantic awareness and long-range temporal consistency. To address this limitation, we introduce a parameter-
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free refinement stage that recalibrates each raw score a, using cross-modal retrieval cues. Let x,, denote the
visual embedding of segment V,,. The refinement of a,, proceeds in three stages.

1) Global semantic retrieval. We first retrieve semantically related descriptions {y}2L, using FAISS-
based nearest-neighbor search in the shared ImageBind embedding space. The cosine-based text similarity
is defined as:

Stext (u7 k) = COS(XU7 ykr)u (7)
where y}, is the embedding of description y.
This step captures global semantic alignment, but does not account for temporal proximity within the video.

2) Local visual similarity with temporal weighting. To enforce temporal coherence, we compute
cosine similarity between x,, and all visual embeddings {x;} from the same video:

Secos(U, t) = cos(Xy, Xt). (8)

We modulate this similarity using a temporal weighting function:

|t = ul
2A

1, otherwise,

1+0.5exp<— ), [t —u| < WA,

Wy =

where A is the frame interval and W is the temporal window size.

The temporally-weighted visual similarity becomes:

Svisual(”v t) = Scos (U, t) * Wt (10)

This emphasizes visually similar segments that are also temporally close to V,,, improving local stability.

3) Cross-modal re-ranking. Each retrieved descriptiopn gy is associated with a set of video frames F (k).
For candidate k, we compute the maximal visual similarity:

PN

Svisual(u, k) = ax, Svisual (U, ). (11)

We then fuse text and visual similarities:

A

S(u, k) = aStext(u, k) + (1 — @) Svisua(u, k), « € [0,1]. (12)

The top-K candidates under S(u, k) form the refined neighbor set IC,,.

4) Similarity-weighted score aggregation. The refined anomaly score for segment u is obtained by
softmax-weighted aggregation of the raw scores from its re-ranked neighbors:

A a eXp(S(u, k))
"o k;u kzklelcu exp(S(u, k"))’ (13)

By jointly integrating global semantic alignment (Eq. 7) and temporally-aware visual consistency (Eqs. 9-
10), the refinement stage produces smoother, context-aware anomaly scores without introducing additional
trainable parameters.
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4 Experimental Setup

In this section, we systematically evaluate Cog-VADU to validate its effectiveness from three complementary
perspectives.

(Q1) Detection Effectiveness. Does sequential cognitive prompting with contextual refinement improve
zero-shot video anomaly detection? We evaluate detection performance on large-scale surveillance bench-
marks.

(Q2) Reasoning Depth. Does structured anomaly prompting enable deeper semantic understanding
beyond binary detection? We assess reasoning capability on dedicated anomaly-understanding benchmarks.

(Q3) Generalization. How robust is Cog-VADU across datasets with diverse anomaly distributions,
annotation protocols, and evaluation criteria?

Detection Benchmarks. UCF-Crime Sultani et al. (2019) contains 13 anomaly categories and 290 test
videos (140 abnormal), with an average duration of 2.13 minutes. XD Violence Wu et al. (2020) includes
six anomaly types and 800 test videos (500 abnormal), with an average duration of 1.62 minutes.

Evaluation Metrics. Following prior zero-shot VAD works Zanella et al. (2024); Ye et al. (2025), We
report frame-level Area Under the Curve (AUC). For XD-Violence, we additionally report Average Precision
(AP).

Reasoning Benchmarks. VANE-Bench Bharadwaj et al. (2025) contains 325 clips and 559 multiple-
choice QA pairs across nine sub-datasets, designed to evaluate semantic anomaly understanding. HIVAU-
70k Zhang et al. (2025b) evaluates hierarchical anomaly reasoning at clip-, event-, and video-level granularity.
Annotations are constructed via semi-automated segmentation and recursive description.

Evaluation Metrics. To evaluate semantic anomaly understanding, performance on VANE-Bench Bharad-
waj et al. (2025), we measured MCQ accuracy . For HIVAU-70k Zhang et al. (2025b), we report BLEU,
METEOR, and ROUGE-L. Together, these benchmarks evaluate detection accuracy, structured reasoning
ability, and cross-dataset generalization under a fully training-free setting.

4.1 Benchmarks and Unified Re-annotation

Unified Re-annotation of Cause-Effect Relationships. While evaluating on UCF-Crime Sultani et al.
(2019) and XD-Violence Wu et al. (2020), we identified systematic annotation inconsistencies that penal-
ize reasoning-centric models. Specifically, we observed a “trigger-bias” where only the initial cause of an
anomaly (e.g., a gunshot) is labeled, while semantically anomalous effects (e.g., victims collapsing, smoke,
or aftermath) are omitted. Additionally, repetitive anomalies are often inconsistently marked, frequently
appearing at t,, without labels despite a labeled occurrence at t1. As illustrated in Fig. 5, these gaps create
a structural mismatch between visual reasoning and ground-truth labels. To address this, we re-annotated
both datasets using a unified causal-chain policy that captures the complete temporal extent of each event-
from the initiating cause to the resulting effect and escalation. This protocol increased anomalous frame
counts by 39.1% and 22.5% for UCF-Crime and XD-Violence, respectively. Detailed statistics and the full
annotation protocol are provided in the Supplementary Material.

Input
Frames

750 800 900 950 1050 1200 1300

Org. Anot (=== Anomaly «c e e . MISSING AROmaly e Org. Anot

Our. Anot Our. Anot [
Case a Case b

Label =1 Label =0 Label =1 Label =0

Figure 5: UCF Sultani et al. (2019) Re-Annotation Examples. Case (a) shows missing anomaly re-
gions in the original annotations. Case (b) highlights cause-and—effect anomaly segments previously ignored
but included in our unified annotations.
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Implementation of Cog-VADU. We adopt VideoLLaMAS3-7B Zhang et al. (2025a) as the default back-
bone fryrm for Cog-VADU, and report all results under this setting unless otherwise specified. For ablation
studies, we additionally evaluate alternative backbones, including VideoLLaMAS3-2B Zhang et al. (2025a)
and InternVL2-8B Chen et al. (2024a). During the refinement stage, we use ImageBind Girdhar et al.
(2023) to extract cross-modal retrieval features. We select M = 30 top visual-textual candidates, followed
by softmax-weighted aggregation over the top k = 10 reranked candidates. In the raw stage, we sample
N =10 frames per temporal segment of length 7" = 10 seconds, with a frame interval A = 16.

Quantitative Results

We compare Cog-VADU with four representative VAD paradigms: (1) weakly supervised, (2) one-class
unsupervised, (3) training-based explainable, and (4) training-free explainable methods. Results are reported
in Table 2 and Table 3.

Detection Performance. Despite being fully training-free, Cog-VADU achieves a competitive AUC-ROC
across both datasets. On XD-Violence, it reaches 90.15% AUC, surpassing the previous training-free state-
of-the-art, LAVAD Zanella et al. (2024) (85.36%), and outperforming several training-based explainable
approaches. This demonstrates that structured anomaly reasoning alone enables strong temporal discrimi-
nation without dataset-specific optimization.

AP under Original Labels. Although AUC remains high, Average Precision (AP) under the original
annotations is lower than that of supervised models. As discussed in Section 4.1, this is due to the trigger
bias, where only initiating causes are labeled while downstream effects are omitted. Supervised models
implicitly learn to ignore these regions, whereas Cog-VADU assigns high anomaly scores to both causes and
consequences. Consequently, correct causal reasoning may be penalized as false positives under an incomplete
ground truth.

Performance under Unified Re-annotation. Under our unified re-annotation protocol (“R.”), the pre-
cision gap largely disappears. This recovery confirms that Cog-VADU captures coherent cause—and-effect
chains rather than isolated triggers and motion patterns, thus aligning more closely with human semantic
understanding of anomalies.

Table 2: AUC and AP (%) on XD-Violence Wu  Table 3: AUC (%) on UCF-Crime Sultani et al.
et al. (2020). “O” and “R. denote original and re-  (2019). “O” and “R. denote original and re-

annotated splits. “—" indicates codes/results un-  annotated splits.
available. Method AUC (0.) AUC (R.)
Method AUC (0.)AUC (R.)AP (0O.)AP (R.) Weakly Supervised (Non-Explainable)
Weakly Supervised (Non-Explainable) AN Zaheer et gb%m) o -~
g;?ﬁn?{l Thaf";“'gt‘;jl- (2023)  68.33 - e UR-DMU Zhou et al. (2023a) 86.97 89.57
i G el (B ) - - : B MGFN Chen et al. (2022) 86.98 —
MGFN Chen et al. (2022) — — 80.11 — SSRL Li et al. (2022) 87.43 _
UR-DMU Zhou et al. (2023a) 94.02 93.74  81.66 84.50 CLIP-TSA Joo of al. (2023) 87.58 .
One-Clgss (Non—E?(plainable) One-Class (Non-Explainable)
BODS \\fnlg & (‘,herl‘an (2019) 57.32 7 7 7 BODS Wang & Cherian (2019) 68.26 —
GODS Wang & Cherian (2019) 61.56 - - - GODS Wang & Cherian (2019) 70.46
Training-Based (Explainable) Training-Based (Explainable)
VERA Ye et al. (2025) 88.26 92.15 70.54  80.62 VERA Ye et al. (2025) 86.55 88.34
Holmes-VAU Zhang et al. (2025b)  — — 87.68 Holmes-VAU Zhang et al. (2025b) 88.96 89.52
Training-Free (Explainable) Training-Free (Explainable)
ZS CLIP Zanella et al. (2024) 38.21 — 17.83 — 7S CLIP Zanella et al. (2024) 53.16 —
7S 1B (Img) Girdhar et al. (2023)  27.25 = — - ZS IB (Img) Girdhar et al. (2023) 53.65 —
ZS 1B (Vid) Girdhar et al. (2023)  25.36 — — — ZS 1B (Vid) Girdhar et al. (2023) 55.78 —
LLAVA-1.5 Liu et al. (2024) 79.62 — 50.26  — LLAVA-1.5 Liu et al. (2024) 72.84 —
LAVAD Zanella et al. (2024) 85.36 88.72  62.01  75.44 LAVAD Zanella et al. (2024) 80.28 83.80
Ours 90.15  94.32  65.15 95.24 Ours 80.54 86.06

10



Under review as submission to TMLR

4.2 Anomaly Understanding & Reasoning (Q2): Model-Agnostic Evaluation

We evaluate hierarchical anomaly reasoning on HIVAU-70K across clip-level (C), event-level (E), and video-
level (V) granularities. Table 4 compares three groups: (1) training + instruction-tuned VAD MLLMs, (2)
open-source MLLMs, and (3) open-source MLLMs augmented with CoADTP. Cog-VADU represents our full
training-free framework.

Baseline MLLMs Lack Structured Anomaly Reasoning. General open-source MLLMs (e.g., Video-
ChatGPT, Video-LLaVA, LLaVA-Next-Video, InternVL2) exhibit weak event- and video-level performance.
Although some models achieve moderate clip-level BLEU, their scores collapse at longer temporal scales,
indicating insufficient anomaly grounding and poor hierarchical reasoning.

CoADTP is Model-Agnostic and Consistently Improves Anomaly Reasoning. Adding CoADTP
to the same backbones yields dramatic gains across all granularities. These consistent improvements across
diverse architectures demonstrate that CoADTP is model-agnostic: it enhances anomaly reasoning without
modifying model weights or requiring task-specific training. Structured chain-of-anomaly prompting alone
substantially strengthens temporal coherence and causal understanding.

Comparison with Training-Based VAD MLLMs. Training-based models such as HawkTang et al.
(2024), Holmes-VAD, Zhang et al. (2024b), and Holmes-VAU Zhang et al. (2025b) benefit from anomaly-
focused supervision and hierarchical instruction tuning, with Holmes-VAU achieving the strongest clip-level
BLEU and ROUGE-L scores due to dataset-specific optimization. In contrast, enforcing cognitive reasoning
through CoADTP yields consistent improvements across multiple backbones, demonstrating that CoADTP
is a robust, model-agnostic framework rather than a backbone-dependent enhancement.

Table 4: Comparison of hierarchical video anomaly reasoning performance across clip-level (C), event-level
(E), and video-level (V) granularity. BLEU denotes cumulative BLEU-1 to BLEU-4 scores. Results demon-
strate the effectiveness of reasoning-driven approaches for structured anomaly understanding from short clips
to long videos. Bold means best and Underline means second best in each group. Results with + CoADTP
show the impact of the Chain of Anomaly Detection Thought Prompt.

Method | BLEU 1 METEOR 1 ROUGE-L 1
| C E vV || C E vV || C E \Y

Training + Instruction-Tuned VAD MLLMs

Hawk Tang et al. (2024) 0.320 0.165 0.202 || 0.228 0.191 0.196 || 0.156 0.104 0.114

Holmes-VAD Zhang et al. (2024b) 0.514 0.8318 0.306 || 0.224 0.237 0.211 || 0.235 0.164 0.161

Holmes-VAU Zhang et al. (2025b) 0.913 0.804 0.566 || 0.190 0.165 0.121 ||0.329 0.370 0.355
Open-source MLLMs

Video-ChatGPT Maaz et al. (2024) 0.152 0.068 0.066 || 0.102 0.069 0.044 || 0.153 0.048 0.079
Video-ChatGPT + CoADTP(Ours) 0.349 0.439 0.447 || 0.197 0.253 0.242 || 0.162 0.222 0.234
Video-LLaVA Lin et al. (2024) 0.164 0.046 0.055 || 0.097 0.022 0.014 || 0.132 0.023 0.045
Video-LLaVA + CoADTP(Ours) 0.391 0.213 0.230 || 0.256 0.209 0.199 || 0.183 0.131 0.137
LLaVA-Next-Video Lin et al. (2024) 0.435 0.091 0.120 || 0.117 0.085 0.096 || 0.198 0.080 0.106
LLaVA-Next-Video + CoADTP(Ours) | 0.651 0.839 0.790 || 0.287 0.339 0.299 || 0.253 0.352 0.325

QwenVL2 Wang et al. (2024) 0.312 0.082 0.155 || 0.133 0.092 0.112 || 0.163 0.081 0.137
QwenVL2 + CoADTP(Ours) 0.470 0.792 0.722 || 0.215 0.307 0.281 || 0.237 0.341 0.323
InternVL2 Chen et al. (2024b) 0.331 0.101 0.145 || 0.141 0.095 0.101 || 0.182 0.102 0.122
InternVL2 + CoADTP(Ours) 0.550 0.830 0.766 || 0.247 0.323 0.299 || 0.281 0.357 0.342
Video-R1 Feng et al. (2025) 0.572 0.171 0.229 || 0.186 0.159 0.156 || 0.187 0.103 0.116
Video-R1 + CoADTP(Ours) 0.439 0.769 0.732 || 0.338 0.301 0.280 || 0.236 0.347 0.325
Cog-VADU (Ours) 0.785 0.739 0.743 || 0.349 0.297 0.290 || 0.278 0.329 0.324

4.3 Performance Comparison on VANE-Bench & Generalization (Q3)

As shown in Table 5, we evaluate our zero-shot, reasoning-based VAD framework Cog-VADU on VANE-
Bench Bharadwaj et al. (2025), a challenging benchmark designed to assess video anomaly understanding
through multi-type, multiple-choice questions. Results are reported in terms of anomaly detection accuracy.
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Despite not relying on any task-specific training or instruction tuning, our Cog-VADU achieves competitive
performance against strong baselines, demonstrating the effectiveness of structured cognitive reasoning for
anomaly detection.

Table 5: Performance comparison on VANE-Bench. Accuracy (%) across different video generation
models and surveillance datasets. bold means best and underline means second best in a group.

Method |SORA |OpenSORA | RG2 | VideoLCM | MS-T2 | Avenue | Ped1 | Ped2
MLLM-based VAD (Training+ instruction Tuned )

Holmes-VAU Zhang et al. (2025b) 2.17 34.00 24.00 29.81 25.00 6.06 3.33 | 5.56
Holmes-VAD Zhang et al. (2024b) 6.52 34.00 32.00 33.56 22.92 12.12 | 20.00 | 5.56
HAWK Tang et al. (2024) 24.64 52.00 44.00 36.54 50.00 36.36 | 36.67 | 38.89
VAD-R1 Huang et al. (2025) 41.30 78.00 56.00 63.46 60.42 | 75.76 |60.00/63.89
Open-Source MLLMs

Video-LLaMA Zhang et al. (2023) 11.59 18.00 16.00 10.57 10.41 30.00 | 16.66 | 5.55
VideoChat Li et al. (2024) 10.74 28.00 4.00 17.64 20.83 32.25 | 13.33]13.88
Video-ChatGPT Maaz et al. (2024) 26.47 22.00 12.00 18.26 16.66 39.39 | 40.00 | 19.44
Video-LLaVA Lin et al. (2024) 10.86 18.00 16.00 19.23 16.66 3.03 2.77 | 6.06
MovieChat Song et al. (2024) 8.69 10.00 16.00 14.42 6.25 18.18 6.66 | 11.11
LLaMA-VID Li et al. (2023b) 7.97 14.00 20.00 19.23 14.58 27.27 | 6.66 | 19.44
TimeChat Ren et al. (2024) 21.73 26.00 28.00 22.11 20.83 24.20 |27.58 | 11.11

Cog-VADU (Reasoning-Based Training-Free Ours) | 24.64

80.00 |60.00| 50.00

50.00 | 72.73 |56.67|72.22

Importantly, while most existing methods depend on supervised fine-tuning or instruction-tuned represen-
tations, Cog-VADU operates in a purely training-free, zero-shot setting. This highlights its strong gen-
eralization capability, as it can transfer to diverse anomaly scenarios without exposure to domain-specific
annotations. The results suggest that explicitly modeling reasoning steps, rather than relying solely on
learned representations, can serve as a powerful alternative for video anomaly understanding.

Qualitative comparison on VANE. Fig. 6 further present qualitative examples from VANE-Bench. Our
method generates structured and interpretable outputs that explicitly connect scene understanding — ab-
normal event localization — causal reasoning — final decision. Compared to baseline methods, which often
produce shallow or implicit predictions, Cog-VADU provides grounded, step-by-step explanations that en-
hance both interpretability and reliability. This demonstrates that our approach not only predicts anomalies
effectively but also explains why they occur, aligning with the goal of trustworthy video understanding
systems.

"Question”: "Which of the following best describes the anomaly involving
the man dressed in grey?
A) He is shouting loudly at other commuters B) He is throwing his black
bag into the air
C) He is jumping over a barrier D) He is taking pictures with a camera”

@ Training Free and reasoning Driven @Training based and reasoning Driven
Cog-VAD(Ours)
OBSERVATION: The video shows a man dressed in grey and blue pants standing on the right side of the frame. He is

holding a black bag above his head with one hand. In the background, people are walking in and out of a building HolmesVAD

The video shows a person standing in the middle of a road,

entrance. There is also a staircase leading down to an underground station \nANOMALY DETECTED: Yes, the man holdi backnack. and e ettt | T
is throwing his black bag into the air\nREASONING: The man's action of throwing his bag into the air is unusual and olding a afcd.pac 7 S 5eemuil?j }h ostin L;nug ’_L’ N]; e
not a typical behavior observed in public spaces. It does not appear to be a normal activity. The other options do not signs of distress or unusual hehavior. <answer>
match the observed action. nANSWER: B
p VAN >y
HolmesVAU HAWK
" . e ) ) . ) ) ) . ) Based on the provided video description, the anomaly
An anomaly exists, specifically a Fighting anomaly. The video depicts a series of chaotic and violent scenes, including et iy -
= . . X i X . described is a person sleeping in the middle of the road.
people engaging in physical altercations, throwing objects, and using weapons, which deviates from normal, peaceful Therefore,the correct answer is option A: A person sleeping in the
human behavior. <answer>A middle of thernad. <answer=>A

VAD-R1
<think= Given the context of the video, where individuals are walking and interacting with their surroundings, the anomaly described is likely to involve an unusual or disruptive action.
Among the options provided, "A person throwing their backpack” stands out as an action that could be considered disruptive or | in a public setting. This behavior contrasts

with the routine activities of walking and using a cellphone, making it a plausible anomaly. </think=

answer>B</answer>

Figure 6: Qualitative comparison on VANE. Cog-VADU generates structured, evidence-grounded rea-
soning (Observation — Anomaly — Reasoning — Answer), correctly identifying the anomaly (B). In contrast,
prior multimodal VAD methods, including RL-based VAD-R1 Bharadwaj et al. (2025), often produce weakly
grounded explanations.

12



Under review as submission to TMLR

4.4 Ablation Studies

We conduct comprehensive ablation studies on the UCF-Crime dataset Sultani et al. (2019) to systematically
analyze the contribution of each component in our framework. In particular, we investigate how different
design choices affect the quality, stability, and reliability of anomaly predictions.

Specifically, we examine: (1) alternative refinement strategies to understand the role of cross-modal align-
ment, (2) the impact of top-K semantic neighbor selection on contextual aggregation, (3) the influence of
the visual-textual fusion weight « on balancing global semantic and local temporal cues, and (4) the choice
of vision-language backbone fryrm to evaluate model generalization.

Through these analyses, we aim to answer three key questions: (%) how much each component contributes
to performance gains, (i) how sensitive the framework is to parameter variations, and (%ii) whether the
proposed design leads to stable and consistent predictions across diverse settings.

Effect of refinement strategies. Table 6 compares
different refinement mechanisms. Our Cross-Modal Re-
Ranking consistently outperforms both visual-textual
and visual-visual alternatives, achieving the highest  Strategy ‘ AUC ‘ AP
AUC and AP.

Visual-visual matching primarily captures local temporal
consistency, but often fails to incorporate global seman-
tic context. In contrast, visual-textual matching empha- Ours (Cross-Modal Re-Ranking) | 0.805 | 0.381
sizes global semantic alignment, while lacking sensitivity . .

. Table 6: Ablation: Refinement Strategies (UCF-
to local temporal coherence. Our approach 1ntegrates Crime Sultani et al. (2019)). Frame-level AUC and AP
both perspectives, jointly modeling global semantics and  for different strategies.
local temporal relationships, leading to more reliable and
robust anomaly scoring.

Visual-Textual Zanella et al. (2024) 0.722 | 0.211
Visual-Visual Ye et al. (2025) 0.755 | 0.249

Effect of Refinement Parameters. We further analyze the impact of key parameters that govern the
refinement stage, including the number of retrieved candidates (M), the temporal aggregation window (K),
and the fusion weights (ais, @text). These parameters control semantic retrieval, temporal smoothing, and
cross-modal alignment, which are critical for producing stable and reliable anomaly predictions.As shown in
Table 7, increasing M improves performance

Analysis.
0.82
e Top-M: Increasing the number of retrieved se- 1 08030 08044 08047 0.8054
mantic candidates improves performance by pro- 0.80 - o
viding richer contextual evidence. Small M leads Y
to unstable alignment, while larger M captures di- < 0-78 4 7704
text. H 1 M int O AUC (ROC)
verse context. However, very large may intro- asmd B
duce noise. Empirically, M = 30 achieves the best ‘ ! ‘ ! ! ‘ ; T T
2 3 4 5 6 7 8 9 10
trade-off. Number of Semantic-Based Neighbors (K)
¢ Temporal window K: Larger K improves tem-
poral consistency by smoothing predictions and Top-M Qvis Ctoxt AUC AP
capturing cause-and-effect relations. However, ex-
cessive smoothing may blur short anomalies. Op- 10 0.5 0.5 0.7635 0.2907
timal performance is observed for K € [8,10]. 20 0.5 0.5 0.7994 0.3416
¢ Fusion weights: The fusion weights balance 25 05 05 08018 0-3636
30 0.5 0.5 0.8054 0.3808

the contribution of visual similarity and semantic
alignment. Visual similarity captures local tem- 50 0.5 0.5 0.8044 0.4012
poral coherence, while textual similarity provides

K=4 — — 0.7898 0.3347
global semantic context. An imbalanced weight-
. . . K=6 — - 0.8041 0.3632
ing biases the model toward either local or global

K =10 — — 0.8054 0.3808

cues, leading to suboptimal performance. In con-

tFaSt’ balanced fusion (fXViS = Otext : 0:5) effec- Table 7: Ablation of refinement parameters. Influence of
tively integrates both signals, resulting in stable M, temporal window K, and fusion weights on AUC and AP.

and context-aware anomaly predictions.
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Overall, these refinements harmonize semantic context, temporal consistency, and cross-modal alignment.
More ablations are provided in the Appendix C

5 Concluding Remarks

We presented Cog-VADU, a training-free framework for video anomaly detection and understanding that
models anomalies through sequential cognitive reasoning over video segments. By leveraging a model-agnostic
chain-of-thought prompting strategy with CoADTP for step-wise rationale propagation and a cross-modal re-
ranking stage, Cog-VADU produces temporally coherent and interpretable anomaly scores without requiring
fine-tuning. Experiments on UCF-Crime, XD-Violence, VANE, and HIVAU-70k demonstrate competitive
zero-shot performance and strong generalization, highlighting the effectiveness of structured cognitive rea-
soning and causal understanding for real-world anomaly detection. In addition, we re-annotated two major
datasets in a unified manner by incorporating explicit cause-and-effect relationships, which are crucial for
analyzing anomalies in real-world scenarios.

Broader Impact Statement

This work demonstrates how the reasoning capabilities of foundation models can enable training-free video
anomaly detection with interpretable outputs. By decomposing complex scenarios into structured steps, the
approach improves both performance and trust in Al systems for video surveillance, such as public safety.
It also shows strong potential for generalization in open-world settings. However, like all video surveillance
technologies, deployment must carefully consider privacy, fairness, and responsible use.
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A Appendix

This appendix provides supplementary information for the main paper. Firstly, we provide detailed infor-
mation about the proposed unified re-annotated dataset, including the limitations of current annotations,
the construction process, statistical analysis, and examples. Then, we present additional experimental de-
tails, including prompt design and model ablations. Finally, we provide extended results, visualizations, and
discuss limitations and future directions.

B A Unified Annotation Protocol

B.1 Motivation and Benchmark Limitations

Recent advances in video understanding Zhang et al. (2025d); Nadeem et al. (2025); Araghi et al. (2025)
highlight the importance of modeling causal and temporal relationships, rather than relying solely on in-
stantaneous visual cues. Benchmarks such as NExT-QA Xiao et al. (2021) and STAR Wu et al. (2024)
explicitly evaluate cause-effect reasoning, emphasizing that meaningful video interpretation often depends
on contextual and temporal dependencies. This perspective suggests that anomaly detection should extend
beyond visually salient triggers (e.g., explosions) to include semantically meaningful states that follow such
events.

Motivated by this, we propose a unified re-annotation protocol to better capture context-driven anomalies
that are often overlooked in existing VAD benchmarks. Through analysis of XD-Violence Wu et al. (2020)
and UCF-Crime Sultani et al. (2019), we identify key annotation limitations. Current annotations primarily
focus on cause-based anomalies, while frequently omitting effect-based or context-dependent states, such as
post-incident outcomes or prolonged abnormal situations.

These omissions introduce a structural bias. Training-based methods tend to ignore subtle or contextual
anomalies to avoid false positives, whereas reasoning-based models detect them but are penalized under
incomplete ground truth. This discrepancy contributes to reduced evaluation performance, particularly in
metrics such as AP.

We further observe incomplete and inconsistent annotations, where repeated anomalies are labeled only
once, and temporally dependent segments are partially or entirely missed. As illustrated in Fig. 7, repeated
anomalous events are often annotated only at their first occurrence, while subsequent identical events remain
unlabeled. Similarly, in Case b of Fig. 7, the causal event triggering the anomaly is annotated, whereas the
subsequent effect segments, despite representing the same anomalous outcome, are omitted.

To address this, our unified protocol extends annotations to include these effect-based and temporally consis-
tent anomaly segments. This results in more complete anomaly coverage and improved temporal consistency.
Using this protocol, we construct refined annotations for both UCF-Crime Sultani et al. (2019) and XD-
Violence Wu et al. (2020).

B.2 Systematic Annotation Errors

Our frame-level analysis reveals three recurring issues:

(1) Missed Effect Regions. Only the initiating cause is labeled, while downstream consequences (e.g.,
injured victims, smoke-filled environments, evacuation scenes) remain unlabeled.

(2) Repetition Bias. Repeated anomalous actions are frequently annotated only once, ignoring later
identical occurrences.

(3) Inconsistent Cause-Effect Handling. Videos containing causal chains (e.g., throwing an object —
explosion — evacuation) are inconsistently labeled, sometimes marking only the cause, sometimes only the
effect, and sometimes neither comprehensively.

These inconsistencies are substantially more prevalent in XD-Violence Wu et al. (2020), explaining the larger
performance gain we observe after correction.

19



Under review as submission to TMLR

Input
Frames

‘SOrg.Anot | * = = == s« s s ssssssss Anomaly s = s s s s s s 2 s == wss
G S
B Our Anot. | e e s e e e e e e e

=}

Org.Anot. | s = = s sssssssnnnas Anomaly Cause |s s s s s s s s s s s 28 s s EffeCt s o w af = = s s o s s oo s oo smmmmosssssssnsssnnn Missing Effects s s s sssnsnnns i

120 150 250 254 350 700 1400 1770
Org. Anot. |« = = s s s s s s s s s s s a2 Missing Anomalyjs s s s« | = s % s eaeaaaaaanams Anomaly = = = = = = = » « = 5 % 8 % s o s o 8688888 Missing Anomalyl s s = s s s & s & s s s s aus |

Violence

3 OUF ARNOL [= * = & s & 8 s o o s o s s s s oo s s o st o smaonsssassassssannasssss s sas st annass st ot aa oo anan s s s saae e i
Case a

XD

Org.Anot. | * s =«assx Missing Anomaly__* % = x x x x » = & fl = = === mnnnmnnnna Anomaly Cause  # ® # # & = = # = = = = # s s = 8 & & | ) Missing Effect

(OOUIT ATIOU. |5yt st 8 e e {
Label =1 Case b Label =0

Figure 7: UCF Sultani et al. (2019) and XD-Violence Wu et al. (2020) Re-Annotation Ex-
amples. Case (a) shows missing anomaly regions in the original annotations but included in our unified
annotations (orig.Anot: Original Annotations, Our. Anot: Ours Re-Annotations). Case (b) high-
lights cause—and—effect anomaly segments previously ignored but included in our unified annotations.

B.3 Unified Annotation Principle

To address these inconsistencies and establish a reliable ground truth, we adopt a unified annotation principle:

All frames depicting the cause, effect, temporally connected escalation, or the aftermath of
a real-world anomaly are labeled as anomalous.

Under this protocol, both XD-Violence Wu et al. (2020) and UCF-Crime Sultani et al. (2019) are re-annotated
to ensure complete cause-and-effect coverage, consistent labeling of repeated anomalous events, inclusion of
escalation and post-incident aftermath, removal of partial temporal truncations, and annotation of subtle
contextual anomalies that are not purely motion-driven. This correction increased anomalous frames in XD-
Violence Wu et al. (2020) from 539,562 to 661,201 (4121,639 frames, +22.5%), and in UCF-Crime Sultani
et al. (2019) from 88,263 to 122,757 (+34,494 frames, +39.1%).The statistical overview of the original vs
ours unified reannotation has been shown in 8. All experiments in this paper are reported on both the
original and unified annotations for fair comparison.

B.4 Structural Analysis of Re-Annotations

To further characterize the structural differences between the original and unified labels, we present word-
cloud visualizations of anomaly taxonomies and temporal-relation terms in Fig. 9. The anomaly perception
word cloud highlights previously under-represented semantic states, while the temporal relation cloud empha-
sizes the necessity of modeling full cause-and-effect chains. Together, these analyses provide quantitative and
linguistic evidence that the original annotations systematically under-represent semantically valid anomalous
states.
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Figure 8: Quantitative analysis of re-annotation changes under the proposed unified labeling protocol. (a)
Original vs. corrected anomalous frame volumes. (b) Composition of re-annotated frames showing original
and newly added portions. (c—d) Distribution of added frames across three identified annotation error types
for XD-Violence Wu et al. (2020) and UCF-Crime Sultani et al. (2019) , respectively.
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Figure 9: Structural analysis of annotation distributions under the proposed unified protocol. (a)
Anomaly perception word cloud illustrating semantically enriched anomaly categories introduced through
re-annotation, including subtle, contextual, and effect-based states that were under-represented in the orig-
inal benchmarks. (b) Temporal relation word cloud highlighting causal, escalation, and aftermath relations,
emphasizing the necessity of modeling complete cause-effect chains rather than isolated trigger events. To-
gether, these visualizations provide linguistic and structural evidence that the original annotations are biased
toward trigger-centric labeling, while our unified protocol captures temporally consistent and semantically
grounded anomaly states.

C Chain-of-Anomaly Detection Thought Prompt (CoADTP)

The CoADTP is illustrated in Fig. 10. It is a step-wise prompting strategy that integrates three core
components: (1) Chain of Thought style(Reasoning-based) (2) a textual anomaly knowledge base and (3)
temporal feedback in the form of anomaly scores predicted and contextual information from previously
processed clips for earlier segments. Incorporating these elements enables the model to perform temporally-
aware reasoning, preserve contextual continuity across video segments, and refine anomaly predictions based
on both accumulated evidence and domain-specific textual priors.

System Prompt
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Figure 10: Workflow of COADTP integrating anomaly database and temporal context and reasoning cues.

Ablation on UCF-Crime Sultani et al. (2019) is reported in Table 8 to evaluate the contribution of each
CoADTP component. Compared to a basic prompt (“Describe this scene and generate an anomaly score
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between 0 and 1”), step-wise reasoning alone improves AUC from 0.7111 to 0.7548 (+6.1%) and AP from
0.2150 to 0.2488 (+15.7%), indicating more stable predictions. Incorporating the anomaly database further
boosts AUC to 0.7810 (+3.5%) and AP to 0.3238 (+30.2%), highlighting the benefit of semantic priors.
Finally, adding temporal feedback improves consistency across clips, yielding AUC 0.7888 (+1.0%) and AP
0.3773 (+16.5%). Overall, the full CoADTP achieves the best performance across all metrics.

Table 8: Ablation study on UCF-Crime showing the contribution of each component in CoADTP. Step-wise
reasoning, anomaly database, and temporal feedback progressively boost AUC by 6.1%, 3.5%, 1.0%, and AP
by 15.7%, 30.2%, 16.5% over the base prompt.

Anomaly Temporal

Database Feedback AUC AP

Prompt Reasoning

Base Prompt X X X 0.7111  0.2150
CoADTP v X X 0.7548  0.2488
CoADTP v v X 0.7810  0.3238
CoADTP v v v 0.7888 0.3773

C.1 Choice of Large Vision Language Model

To assess the generalizability and model agnosticism of CoADTP across different LVLM architectures, we
evaluate multiple model sizes and families (Table 9). We first test InternVL2-8B, a stronger variant within
the InternVL2 series. We then examine the VideoLLaMA3 family, including its 2B variants, all running
at bfloat16 precision Zhang et al. (2025a). Our findings indicate that VideoLLaMA3 models demonstrate
substantially improved temporal reasoning and scene understanding compared to InternVL2-8B, resulting
in more stable anomaly scores, as illustrated in Figure 11. Notably, VideoLLaMA3-7B achieves the more
promising performance, highlighting that improved cross-modal alignment and temporal comprehension
contribute more than parameter count alone to anomaly detection effectiveness.

Internvi2_8B

Esj: r"—j\\“ﬂ FIT\ [‘{{W
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Table 9: AUC and AP (%) comparison across LVLM model 1\r‘ﬁ'i,"\‘_, Ve - [ﬂﬂ;‘
sizes and model families. an L ’)V L\j JA
LVLM Model AUC AP e fr
VideoLLaMA3-2B Zhang et al. (2025a) 75.09 24.39 o J
InternVL2-8B Chen et al. (2024b) 76.26  31.01 Ground rutn

VideoLLaMA3-7B Zhang et al. (2025a) 78.88 37.33 g ’
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Figure 11: Output anomaly scores gener-
ated by InternVL2-8B, VideoLLaMA3-2B,
and VideoLLaMA3-7B.
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C.2 Effect of Subsampling and Temporal Window

Following Ye et al. (2025), we adopt temporal-based uniform frame sampling for segment generation. Given
a video V with F' frames, we compute segment centers as

C={IL, Iay1, Ioay1, -5 I(h—1)a+1},

where d = 16 is the interval between centers and h = [F/d| is the number of segments. For each center
frame I(y_1)q41, we define a temporal window of T' seconds around it and uniformly sample N frames to
form the segment S,,.

We further study the effect of varying the window duration 7" and sampling rate as shown in 10. Empirically,
using a 10-second window with a sampling rate of 1 FPS yields the best performance, which aligns with the
training FPS of VideoLLaMA3 Zhang et al. (2025a)

Table 10: Comparison of AUC and AP across different temporal window durations T and number of sampled
frames N.

T (sec) N | AUC AP
5 5 78.15 34.02
5 10 79.44 35.79
10 5 77.65 29.03
10 10 80.54 38.08

D Additional Experimental Results

We further evaluate our method on multiple widely used benchmarks, UCF Crime Sultani et al. (2019), XD
Violence Wu et al. (2020), and VANE Bharadwaj et al. (2025).

D.1 Quantitative Results: Average Precision

We additionally report Average Precision (AP), following the evaluation protocol used in prior work Wu
et al. (2020). Table 11 compares Cog-VADU with state-of-the-art (SOTA) approaches on the UCF-Crime
dataset Sultani et al. (2019). AP is particularly suitable for highly imbalanced datasets such as UCF-Crime,
where anomalous events represent only a small fraction of the video timeline. As shown in the table, Cog-
VADU achieves the highest AP among training-free approaches and surpasses several supervised baselines,
demonstrating the effectiveness of reasoning-driven anomaly detection without task-specific training.

Table 11: Average Precision (AP %) on the UCF-Crime dataset Sultani et al. (2019). “Orig” denotes
results evaluated on the original annotations, while “Ours-Ann.” reflects performance on our re-annotated
split. Colored sections distinguish Weakly Supervised Non-Explainable, Explainable, and

methods.

Method AP (Orig.) AP (Ours-Ann.)
Weakly Supervised Non-Explainable Methods

UR-DMU Zhou et al. (2023a) [AAAI-23] 35.59 50.84
Explainable VAD Methods

VERA Ye et al. (2025) [CVPR-25] 32.83 45.12
Holmes-VAU Zhang et al. (2025b) [CVPR-25] 36.24 56.49
LAVAD Zanella et al. (2024) [CVPR-24] 27.27 38.38

Ours 38.08 58.03
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D.2 Qualitative results: UCF and XD Violence

Figure 12 and 13 presents additional qualitative examples, with the top two rows taken from the UCF-Crime
dataset and the two from the XD-Violence dataset Wu et al. (2020). As shown, whenever an abnormal event
occurs, i.e., an activity that deviates from the normal environmental context, the corresponding anomaly
score produced by our Cog-VADU framework increases significantly. In contrast, for normal regions or
normal videos (highlighted in green on the right), the anomaly scores remain low. Moreover, the temporal
summaries generated by our method align well with the relevant video frames, further demonstrating the
effectiveness of Cog-VADU in capturing and localizing anomalous events.

UCF Crime
" . . . "A small fire has started on a A fire is burmni h
A person is seated near the back| | "A person is dressed in dark seat in the middle of the bus ire is burning on the
of a moving bus, looking out the | |clothing is seen standing near . 2US: 1 floor near the middle aisle
. o ' . with papers and magazines .
window. The interior is empty | |the back of a bus, interacting L L — of a moving bus. Papers and
except focr) Siiﬁﬁ rnloyawspapers with items S,Catfered blurred view of the outside Magazines are .
8 - around him s scattered around the fire.
=}
>
©
£
S
=
Qo
<
0 200 400 600 800 1000 1200 1400 1600
Frame number
" A busy street scene with various | "A busy urban street scene with multiple "A busy street scene with various vehicles,
vehicles, including parked red jeepneys and cars moving in both including parked jeepneys and a moving
jeepneys and a moving jeepney.  directions. Two children are playing with  jeepney. People are walking and going about
There is a red SUV parked on the a bicycle on the sidewalk. The activities their daily activities. There is a red SUV
side of the road." seem normal for this environment.", parked on the side of the road."
8
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>
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Figure 12: Qualitative results of our Cog-VADU method on two test videos, from UCF-Crime Sultani et al.
(2019). For each video, plot the frame-wise anomaly scores and show keyframes with their most relevant
temporal summaries (green for normal, red for abnormal). These examples illustrate alignment between
predicted anomaly scores, visual content, and descriptions. Ground-truth anomalies are highlighted in red.
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XD-Violence
"A massive Explosion in "A massive explosion "Aman in a blue jacket "A barren landscape with
an open field, with a large | |with a fireball and dark| and beige pants stand in an hills, where a massive
plume of smoke and debris| |smoke billowing into the open, barren landscape explosion occurs."
— rising into the sky. " sky. " with his hands in his pockets."
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"A quiet urban street at dusk, with a "A person is walking down a "A person in a red jacket and hat is
few pedestrians and vehicles. A white = narrow cobblestone street lined with = walking down the sidewalk, passing
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2
R
>
IS
£
S
=z I
o v=NeAC-MfTZzU\_\_\#00-15-00\_00-18-00\_label\_A
S0.75
wn
>
TEU 0.50
0 0.25
c
< n . PSS, ne— ey anr——n
0 500 1000 1500 2000 2500 3000 3500 4000
Frame number

Figure 13: Qualitative results of our Cog-VADU method on two test videos, from XD-Violence Wu et al.
(2020). For each video, plot the frame-wise anomaly scores and show keyframes with their most relevant
temporal summaries (green for normal, red for abnormal). These examples illustrate alignment between
predicted anomaly scores, visual content, and descriptions. Ground-truth anomalies are highlighted in red.
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D.3 Qualitative Results on the VANE Benchmark

Figure 14 presents additional qualitative examples demonstrating the effectiveness of our method (Cog-
VADU). In particular, we show results from the SORA subset of the proposed VANE benchmark, which
contains Al-generated synthetic videos exhibiting subtle and unconventional anomalies (e.g., unusual crea-
ture appearances or unrealistic environmental events) that go beyond traditional surveillance scenarios.
These videos are generated using SORA, a state-of-the-art text-to-video generation model, and often appear
highly realistic, making the underlying anomalies difficult to detect even for humans. Automatically identi-

"Question": "What is the major inconsistency observed with the second puppy from the left in the video?

Options: A) The puppy's ears change color B) The puppy's nose and tongue morph unnaturally
C) The puppy's eyes change shape D) The puppy's fur changes texture”,

Cog-VADU({Qurs)

OBSERVATION: The video shows four
golden retriever puppies lying in the
snow. They are all facing the camera
with their tongues out, appearing happy
and relaxed. The puppy in the middie
has a noticeable anomaly where its
nose and tongue appear to maorph
unnaturally. \nANOMALY _DETECTED:
Yesin The second puppy
from the left exhibits an unnatural
distortion in s facial features,
specifically the nose and tongue, which
do not look like typical dog features. \
nThis is the only anomaly detected in
the video.\nANSWER: B

HolmesVAU

HAWK

A possible accurate description of the
situation in the video might include: A group
of dogs are shown in a snowy environment,
including a young golden retriever wearing a
yellow collar and a puppy wearing a pink
collar. One of the puppies appears to be
restless, as it is shown sitting and lying down
on the snow. Howewver, there is a notahle
inconsistency with one of the puppies that
stands out from the others, as its ears change
color, eyes change shape, and fur changes
texture, This inconsistency could be a sign of
a strange or abnormal behavior that might be
the focus of attention in the video. V" A) The
puppy's ears change color\

VAD-R1

<think> The video shows a group of puppies
in a snowy environment. The puppies are all
facing forward, and their features, such as ears,
eyes, and fur, appear consistent throughout the
frames. There are no signs of unnatural
changes in their appearance. The only anomaly
observed is that the second puppy from the left
has a slightly darker nose compared to the
others, which could be considered a minor
variation ~ rather than a  significant
inconsistency.'\n\n<think=Given the options,
the most plausible inconsistency is related to
the nose and tongue, as these features are often
the most noticeable and can vary significantly.
The other options, such as color change in ears

The inconsistency exists, specifically

between the second puppy from the left and
the first puppy D) The puppy's fur changes
texture

Figure 14: Qualitative comparison

@Training based and reasoning Driven
@ Training Free and reasoning Driven

on a video reasoning benchmark.

or eyes, or changes in fur texture, do not seem
to be present in the video
</think>\n\n<answer>B</answer:>

Our training-free framework Cog-

VADU (blue) correctly identifies the anomaly by reasoning over temporal visual inconsistencies, detecting
that the second puppy’s nose and tongue morph unnaturally across frames. In contrast, training-based
VAD approaches (orange), including HAWK Tang et al. (2024), HolmesVAU Zhang et al. (2025b), and
VAD-R1 Huang et al. (2025), either hallucinate unrelated changes (e.g., ear color or fur texture) or fail
to localize the correct anomaly despite similar visual evidence. This example highlights the advantage of
reasoning-driven anomaly detection in capturing subtle semantic inconsistencies that are not easily modeled
by conventional training-based approaches.

fying such inconsistencies is therefore a challenging task and represents an important step toward detecting
Al-generated or manipulated videos in real-world environments. Despite these challenges, our approach pro-
duces structured and grounded explanations that explicitly connect visual observations — cognitive anomaly
reasoning — final decision concisely and coherently.

In contrast, HAWK Tang et al. (2024) and Holmes-VAU Zhang et al. (2025b) often fail to generate consis-
tent reasoning chains, which can lead to incorrect predictions. VAD-R1 Huang et al. (2025), a reinforcement
learning—based reasoning framework, produces the correct answer in this example but exhibits minor hallu-
cinations in the reasoning steps.

Overall, these qualitative results highlight the advantage of Cog-VADU in producing accurate predictions
together with concise and reliable reasoning.
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E Limitations and Future Directions

We introduce the task of Video Anomaly Reasoning, enabling Multimodal Large Language Models (MLLMs)
to perform deeper semantic analysis of anomalous events in videos in a zero-shot setting. While Cog-VADU
demonstrates promising generalization from anomaly detection to anomaly understanding and reasoning,
several limitations remain. In particular, the multi-step reasoning process increases inference time and
introduces additional computational overhead.

Future work will focus on improving efficiency through adaptive reasoning mechanisms and frame selection
strategies that prioritize informative video segments. In addition, our findings highlight the importance of
modeling temporal cause and effect relationships in anomaly detection. Motivated by this observation, we
plan to develop a benchmark that explicitly captures such causal and temporal dependencies, providing a
stronger evaluation platform for future research in video anomaly reasoning.
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