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Abstract

How far are deep models from real-world video anomaly un-
derstanding (VAU)? Current works typically emphasize de-
tecting unexpected occurrences deviating from normal pat-
terns or comprehending anomalous events with interpretable
descriptions. However, they exhibit only a superficial com-
prehension of real-world anomalies, with limited breadth in
complex principles and subtle contexts that distinguish the
anomalies from normalities, e.g., climbing cliffs with safety
gear vs. without it. To this end, we introduce CUEBENCH, the
first of its kind Benchmark, devoted to Context-aware video
anomalies within a Unified Evaluation framework. We com-
prehensively establish an event-centric hierarchical taxonomy
that anchors two core event types: 14 conditional and 18
absolute anomaly events, defined by their refined semantics
from diverse contexts across 174 scenes and 198 attributes.
Based on this, we propose to unify and benchmark context-
aware VAU with various challenging tasks across recognition,
temporal grounding, detection, and anticipation. It also serves
as a rigorous and fair probing evaluation suite for general-
ized and specialized vision-language models (VLMs) across
both generative and discriminative paradigms. To address the
challenges underlying CUEBENCH, we further develop CUE-
R1 based on R1-style reinforcement fine-tuning with verifi-
able, task-aligned, and hierarchy-refined rewards in a unified
generative manner. Extensive results on CUEBENCH reveal
that, existing VLMs are still far from satisfactory real-world
anomaly understanding, while our CUE-R1 surpasses these
state-of-the-art approaches by over 24% on average.

Code — https://github.com/Mia-YatingYu/Cue-R1
Extended version — https://arxiv.org/abs/2511.00613

1 Introduction
Video anomaly understanding (VAU) derived from general
video understanding, emphasizes the automated comprehen-
sion of anomalous events in videos, which encompasses a
diverse range of tasks including anomaly detection (Ris-
tea et al. 2024; Cai et al. 2021; Cao, Lu, and Zhang 2024;
Yan et al. 2023), recognition (Wu et al. 2024b; Yu et al.
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2025b), and localization (Zhou et al. 2016). At its core,
video anomaly detection (VAD) tends to detect deviations
from the learned normal patterns (Zhu, Bao, and Yu 2022).
Keeping pace with the development of VLMs (Radford et al.
2021; Bai et al. 2025; Yu et al. 2025a; Zhang et al. 2025a;
Comanici et al. 2025; Hurst et al. 2024), a growing body
of works has emerged to comprehend anomalies in open-
vocabulary settings (Wu et al. 2024a; Li et al. 2025a; Zanella
et al. 2024) and further in a VQA manner with interpretable
explanations (Du et al. 2024b; Zhang et al. 2025c; Ye, Liu,
and He 2025; Xu et al. 2025; Du et al. 2024a; Ma et al.
2025; Huang et al. 2025). Given that real-world anomalies
are complex, diverse, and evolving, there is a need for a more
realistic and universal comprehension that aligns with hu-
man experiences and societal norms. With current advance-
ments, a natural question raises: How far are current VLMs
from truly understanding of real-world video anomalies?

While existing works are appealing, they oversimplify the
nature of real-world anomalies. Some studies have explored
the role of contextual semantics in VAU (Wu et al. 2024a;
Ma et al. 2025), but their focus has largely been on compre-
hending traditional absolute anomaly events (e.g., “explo-
sion”, “car crash”) or simple deviations (e.g., “biking” in-
stead of the expected “walking”), where contextual cues are
not decisive in determining normality vs. anomaly. Recent
efforts have drawn attention to scene dependencies underly-
ing anomalies (Cao et al. 2023, 2025; Zhang et al. 2025b),
yet the reliance on scene-only contexts and the sparsity of
scene-dependent anomalies reveal a substantial gap in real-
world VAU. In practice, the same event (e.g., “climbing”)
could be interpreted as normal or abnormal depending on
both scene and attribute context: “climbing cliffs with safety
gear” is normal, whereas “climbing cliffs without any pro-
tection” is clearly abnormal, due to the inherent risks in cliff
scenes and the need for additional precaution. Such condi-
tional anomaly events, implying ambiguous boundaries and
subtle context dependencies from both scenes and attributes,
remain largely underexplored in existing works.

For a long period, VAU research has followed task-
specific paradigms, designing specialized architectures and
loss functions to cater to unique requirements of separate
tasks and benchmarks. Despite the breadth, VAU has pre-
dominantly focused on specific capabilities like VAD, multi-
modal retrieval and VQA, leading to fragmented and incom-
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Figure 1: Comparison of existing benchmarks. (a) Traditional VAD aims to detect deviations from normal patterns and iden-
tify the time window of the occurring anomaly, yet exhibiting insufficient comprehension of subtle anomalies and lacking
context-awareness (e.g., cyclist jaywalking while crossing road). (b) Current VAU benchmarks primarily emphasize the inter-
pretation of absolutely anomalous events with explainable outputs. (c) Our large-scale CUEBENCH features a diverse collection
of context-aware anomalies and normalities from real-world scenarios, organized within a comprehensive hierarchical tax-
onomy, and supports unified evaluation across five challenging VAU tasks.

patible solutions. Such fragmentation underscores the need
for a unified framework benchmarking diverse demands,
fostering holistic and integrated real-world VAU.

To satisfy these desiderata, we develop CUEBENCH, the
first benchmark dedicated to unified, context-aware video
anomaly understanding in real-world. Compared with ex-
isting benchmarks in Figure 1, CUEBENCH highlights the
following distinct characteristics:

• Context Awareness. Given the complex context depen-
dencies of real-world anomalies, CUEBENCH is the first
to introduce and integrate the concepts of 18 absolute
anomaly events (e.g., “falling down”, “vandalism”) and
14 conditional anomaly events (e.g., “crossing road”,
“climbing”) w.r.t. subtle contextual cues drawn from 174
scenes and 198 attributes. Note that both anomalies and
normalities in CUEBENCH are represented as context
triplets comprising events, scenes, and attributes. Hence,
along with the diversity of anomalies (1249), the normal-
ities (194) are context-dependent and diversified as well,
going beyond the rare occurrences and monotonous ab-
solute anomalies in existing benchmarks.

• Comprehensive Hierarchical Taxonomy. As anomalies
vary widely in types, contexts, and impacts, we compre-
hensively build a 5-level event-centric hierarchical taxon-
omy, extending from the fundamental anomaly vs. nor-
mality to fine-grained triplets. The key insight is that
anomaly errors often carry far more severe consequences
than simple context misinterpretations. The refined dif-

ferentiation of violation and inherent severity (e.g., on
safety, laws&rules, life&health) in the hierarchy enables
trustworthy evaluation and prioritization in real-world.

• Unified Evaluation Framework. Through a suite of five
test tasks and crafted evaluation metrics, CUEBENCH en-
ables comprehensive gauges of models’ capabilities
across recognition, detection, grounding, and anticipa-
tion. Within the unified task space, we hope that further
development of universal architectures and training ob-
jectives will continue to advance this field.

Leveraging this dataset, we present CUE-R1, a unified
generative approach that incorporates supervised and re-
inforcement fine-tuning with verifiable, task-aligned, and
hierarchy-refined rewards tailored to context-aware VAU.
Extensive results on CUEBENCH reveal that existing gener-
alized and specialized VLMs, both generative and discrim-
inative, remain unsatisfactory, while CUE-R1 provides new
insights for developing a universal solution.

2 Benchmark: CUEBENCH
2.1 Data Statistics
We compare CUEBENCH with existing VAU benchmarks
in Table 1. Generally, our CUEBENCH comprises 2,950
newly collected videos sourced from multiple domains on
YouTube totaling 54.5 hours of footage. Each video ranges
from 10s to 5min in length, with rich annotations of con-
texts and anomaly labels. The labeled context-aware seg-
ments span approximately 62% of the total duration.
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Benchmark Domain Length #Video #Abs. #Con. #Norm. Dependency Task Setup

R G D A Q

Traditional Video Anomaly Detection Datasets
Subway Entrance (Adam et al. 2008) Pedestrian 1.5h 1 5 NA 1 Deviation ✗ ✗ ✓ ✗ ✗
UCSD Ped1 (Wang and Miao 2010) Pedestrian 0.1h 5 5 NA 1 Deviation ✗ ✗ ✓ ✗ ✗
CUHK Avenue (Lu, Shi, and Jia 2013) Pedestrian 0.5h 5 5 NA 1 Deviation ✗ ✗ ✓ ✗ ✗
ShanghaiTech (Luo, Liu, and Gao 2017) Pedestrian - 13 11 NA 1 Deviation ✗ ✗ ✓ ✗ ✗
UCF-Crime (Sultani, Chen, and Shah 2018) Crime 128h 1900 13 NA 1 Event ✗ ✗ ✓ ✗ ✗
Street Scene (Ramachandra and Jones 2020) Traffic 3.7h 81 17 NA 1 Deviation ✗ ✗ ✓ ✗ ✗
XD-Violence (Wu et al. 2020) Violence 217h 4754 6 NA 1 Event ✗ ✗ ✓ ✗ ✗
Ubnormal (Acsintoae et al. 2022) Pedestrian 2.2h 543 22 NA 1 Deviation ✗ ✗ ✓ ✗ ✗
NWPU Campus (Cao et al. 2023) Pedestrian 16h 547 28 4 1 Event, Scene ✗ ✗ ✓ ✓ ✗
MSAD (Zhu et al. 2024) Multiple - 720 55 NA 1 Event ✗ ✗ ✓ ✗ ✗

Video Anomaly Understanding Datasets
CUVA (Du et al. 2024b) Multiple 32.5h 1000 42 NA NA Event ✓ ✗ ✓ ✗ ✓
HAWK (Tang et al. 2024) Mixture 142.5h 8000 - NA NA Event ✗ ✗ ✗ ✗ ✓
HIVAU-70k (Zhang et al. 2025c) Mixture - 5443 19 NA 1 Event ✗ ✗ ✓ ✗ ✓
CUEBENCH
(Ours) Multiple 54.5h 2950 18 → 840 14 → 409 14 −→ 194 Event, Scene,

Attribute ✓ ✓ ✓ ✓ ✓

Table 1: We review existing VAD and VAU benchmarks and highlight key characteristics of CUEBENCH. “Mixture” denotes
the combination of existing public datasets. Different from others, CUEBENCH is the first large-scale benchmark for context-
aware VAU. Due to anomaly dependencies of contexts from absolute and conditional anomaly events with different scenes and
attributes, #Anomaly and #Normality are highly diversified, progressing from event categories (L-4) to (→) context triplets
(L-5) in hierarchy taxonomy. It is designed to evaluate various tasks including anomaly recognition (R), temporal grounding
(G), anomaly detection (D) and context anticipation (A), all of which can be approached in a unified VQA manner (Q).

Context Indispensability. Unlike existing VAU bench-
marks, CUEBENCH is explicitly designed to be context-
indispensable, encompassing 174 scenes and 198 attributes
besides 32 event categories w.r.t. 18 absolute anomaly events
and 14 conditional anomaly events. Notably, it features
1,443 distinct context triplets, each representing a com-
bination of an event with various scenes and attributes,
linked to either an anomaly or normality. This yields
840 absolute anomalies (e.g., ⟨vandalism, road,
fence⟩), i.e., triplets involving absolute anomaly events
that remain anomalous across various scenes and attributes,
409 conditional anomalies (e.g., ⟨crossing road,
road, pedestrian jaywalking⟩), and 194 con-
ditional normalities (e.g., ⟨crossing road, zebra
crossing, green light⟩), i.e., triplets containing
conditional anomaly events whose abnormal/normal states
hinge on context cues. Such rich contextual grounding en-
sures that understanding anomalies in CUEBENCH requires
nuanced reasoning beyond superficial event recognition.
Event-centric Hierarchy Taxonomy. CUEBENCH incorpo-
rates a comprehensive five-level event-centric hierarchy tax-
onomy, where each leaf node in Level 5 (L-5) represents
a distinct context triplet w.r.t. a normality or anomaly. At
the top, L-1 distinguishes two fundamental states: Anomaly
vs. Normality. This branches into three L-2 domains and
further into nine L-3 effects underscoring both the shared
and distinct characteristics across various real-world anoma-
lies. Note that L-4 comprises 34 event nodes, as conditional
anomaly events i.e., “throwing rubbish” and “smoking”, ex-
hibit two distinct anomaly effects depending on contexts.
Training & Testing Settings. To ensure an open-world set-

ting, we divide the dataset into two sets: the test set compris-
ing 1,222 videos covering all 1,443 distinct context triplets,
while the training set with the remaining 1,728 videos con-
taining only 440 context triplets. Notably, the test set fea-
tures higher density of context triplets than the training set
(1.68 vs. 1.21 triplets per video), enabling a more challeng-
ing and realistic evaluation.

2.2 Task Definition
To comprehensively evaluate models’ ability of VAU, we
define a unified suite of five tasks built around the con-
cept of context-aware reasoning. Each task targets a distinct
yet complementary aspect of semantic, temporal and causal
anomaly understanding, encouraging holistic perception and
interpretation of video events under real-world complexity.
What Is. (1) Context Recognition: Identify the specific con-
textual elements (i.e., events, scenes, or attributes) present
in the video. This task serves as a fundamental perceptual
evaluation of models’ context-aware capabilities.
What How. (2) Context-Aware Anomaly Recognition. Iden-
tify the specific context triplets occurring in the video, and
determine the existence of accurate absolute and conditional
anomalies accordingly. We introduce two paradigms for this
task: (a) Automatically distinguish all anomalies from nor-
malities with their corresponding contexts in a top-down
manner. (b) Extract the context triplets (whether anomalous
or not), then assign anomaly scores to each group based on
their semantics in a bottom-up manner.
When Is. (3) Context-Aware Temporal Grounding. Ground
target moments i.e., one or more continuous intervals from
untrimmed videos according to the queries based on context
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'
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[Bottom-up] According to the video, please identify 
the context elements and scores belonging to the 
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# <T>: duration
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simultaneously depict the contexts of events, scenes, 
and attributes, namely: {Climbing, Cliff, With 
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depict any anomaly events.

When Is
Context-Aware

Anomaly Detection

Struct score:𝑆(",(,*,-,3)$

Semantic score: 𝑆 %,),+,.,4
&

Hierarchy score: 𝑆 %,),+,.,4
'

# <E, S, A, N, P>: event, scene, attribute, anomaly, 
probability
[{"event_probability":{"event":“theft", "scene":“shop", 
"attribute":“masked man“, "anomaly": 1.0,
“probability": 1.0}}, {…}]

Based on the observations, make reasonable 
anticipations about the contexts with probability 
(between 0 and 1) and the score (between 0 and 1) 
belonging to the anomalies.

What If
Context-Aware
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Figure 2: Evaluation framework with task examples of CUEBENCH. Our benchmark advances the evaluation of five chal-
lenging context-aware VAU tasks in a unified generative manner, by prompting the generative VLMs with videos and task-
related problems. The VLMs are required to respond accordingly in a JSON-style format rather than free-texts. This enables
accurate evaluation of various tasks for generative VLMs by checking the answers with ground-truths.

triplets that suggest an anomaly or a normality. (4) Context-
Aware Anomaly Detection. Automatically detect and local-
ize all temporal clips that show any anomalies by ascertain-
ing the contexts underlying the occurrences.
What If. (5) Context-Aware Anticipation. Infer the subse-
quent normalities or anomalies by reasoning the context
triplets, based on the observed video clips.

2.3 Evaluation Framework
Figure 2 presents the evaluation of five challenging context-
aware VAU tasks in a unified generative manner.
Problem Formulation. Given a video input V along with
the problem Tp and format prompt Tf w.r.t. task T , we
prompt generative VLMs to output the answer lists (O =
[o1, . . . , or]) in a JSON format. According to Tp and Tf , the
model π can generate different task-specific outputs as:

{O,R} or {O} = π(V, Tp, T K
f , T V

f ), (1)

where R represents the response of the reasoning process,
T K
f and T V

f specify the required task-specific key names
and value types respectively, e.g., for bottom-up context-
aware anomaly recognition, T K

f = (event, scene, attribute,
anomaly), T V

f = ⟨E,S,A,N⟩. Each element oi = {oKi :

oVi } in O denotes a key-value pair, and the key bag and
value content are formulated as OK = {oKi }ri=1 and OV =

{oVi }ri=1, respectively. This enables us to accurately probe
various tasks by checking the VLM’s output O with ground-
truths G = [{gKj : gVj }tj=1] via a tailored evaluation met-
ric suite to capture both structure alignment and task-related
content quality, avoiding the bias scoring of LLMs.
Evaluation Metrics. To assess structure alignment, we de-
sign a structure-based F1 score which calculates binary
matching between the output and ground-truth key bags OK

and GK in the key space K:

SK =
2
∣∣OK ∩ GK

∣∣
2 |OK ∩ GK |+ |OK \ GK |+ |GK \ OK |

, (2)

For content quality evaluation of “What” tasks, we first
compute semantic embeddings (Devlin et al. 2019) from
value content of both output (OV ) and ground-truth (GV ),
denoted as OU and GU in the Euclidean space U . We then
construct a semantic matching matrix M ∈ Rr×t, where
each element mi,j is a binary variable indicating whether
oUi ∈ OU and gUj ∈ GU are matched using Hungarian al-
gorithm (Kuhn 1955) based on cosine similarity. Thus, the
semantic score SU is defined as:

SU =
1

r · t
∑
i

∑
j

mi,j · cos(oUi , gUj ). (3)

Given that semantic similarity can be overly lenient to hal-
lucinated answers and often fails to reflect task alignment
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Method Event Scene Attr. Anomaly (TD) Anomaly (BU) Ground Detection Anticipation
K U K U K U K U H K U H K T K T K U H

Commercial VLMs
Gemini-1.5-flash 60.1 38.4 84.8 59.9 29.4 19.6 45.1 39.3 3.1 57.3 38.6 3.4 54.4 20.7 51.7 21.7 61.3 18.9 1.7
Qwen-VL-Plus 39.2 14.4 63.9 36.9 24.4 4.8 31.1 22.9 1.3 27.8 13.8 0.4 61.1 17.4 33.0 7.5 48.2 2.1 0.0

Open-source VLMs
Qwen2.5-VL-3B 58.5 35.5 67.4 41.7 55.2 38.3 53.8 33.8 1.5 62.7 30.1 2.1 44.1 17.7 63.4 23.2 67.0 3.9 0.4
Qwen2.5-VL-7B 44.4 19.7 67.6 41.4 58.5 37.7 16.8 10.1 0.7 26.7 16.3 1.8 46.7 17.1 27.3 6.7 80.1 6.7 0.0
InternVideo-2.5 21.9 12.6 18.8 13.4 9.7 6.1 1.1 1.1 0.1 29.7 16.2 1.2 18.0 1.7 7.9 1.0 0.0 0.0 0.0
Video-ChatGPT 22.2 12.8 17.7 16.4 11.4 5.2 1.5 2.0 0.1 25.8 14.3 1.1 19.0 1.8 7.4 0.9 0.0 0.0 0.0
Video-LLaVA 29.3 13.5 26.9 17.2 13.1 9.0 17.5 13.8 0.3 23.2 15.2 1.2 23.0 3.6 7.1 1.2 0.0 0.0 0.0

Open-source R1 VLMs
Open-R1-Video 52.8 30.5 69.1 49.3 48.1 32.1 17.8 13.9 0.8 51.2 21.0 1.8 32.9 6.2 4.7 0.9 68.3 4.0 0.0
Video-R1 25.2 9.5 14.0 1.8 47.7 25.2 52.4 35.3 1.2 27.2 6.9 0.2 38.4 23.0 71.8 19.2 27.6 0.0 0.0
Video-Chat-R1 64.9 33.1 86.1 58.0 67.3 45.2 22.9 14.2 0.5 46.9 25.3 1.6 61.8 20.4 35.9 9.3 81.1 11.6 0.0
CUE-R1 83.7 73.2 96.7 82.3 81.3 68.1 71.6 67.7 7.7 81.7 61.3 13.6 83.8 35.9 82.4 35.2 80.7 43.7 0.6

Table 2: Unified Evaluation on CUEBENCH. We comprehensively gauge 11 VLMs, including 10 state-of-the-art VLMs and
our CUE-R1 in the unified evaluation framework. “K”, “U”, “H” and “T” refer to the structure, semantic, hierarchy and temporal
IoU scores, respectively. “TD” and “BU” denote top-down and bottom-up anomaly recognition, respectively.

accurately in anomaly understanding, we propose a novel
hierarchy score. This metric leverages the event-centric hi-
erarchy taxonomy H to better assess human-aligned perfor-
mance for event-related tasks. Unlike the semantic score, we
retrieve the most likely leaf nodes of oUi within H as its
proxy (anomaly or normality) ôHi , based on their semantic
similarities, and gVj can be reflected to gHj directly. After
that, the hierarchy distance dHi,j of each paired proxy and
ground truth (ôHi , gHj ) is computed and then normalized as
the final hierarchy score:

SH =
1

r · t
∑
i

∑
j

mi,j

(
1−

dHi,j
dHmax

)
·I
(
dHi,j ≤ τ · dHmax

)
,

(4)
where dHmax is the maximum depth of H and τ is the thresh-
old for valid hierarchy alignment. For content quality eval-
uation of “When” tasks, we adopt the temporal IoU metrics
as the temporal score STIoU.

3 Method: CUE-R1
To facilitate the comprehensive integration of context-aware
capability w.r.t. various tasks into the training process, we
develop CUE-R1 in a unified generative pipeline, based on
reinforcement learning (RL) with GRPO algorithm (Shao
et al. 2024). Following the rule-based reward paradigm of
Open-R1 (Guo et al. 2025), our RL setup requires reward
signals that are both reliable and precise. To ensure this,
the training data is centered around tasks with clearly ver-
ifiable outputs, structured in a JSON format. This enables
accurate reward computation using simple rules as men-
tioned in Section 2.3, thereby promoting stable and effective
RFT (Liu et al. 2025; Shen et al. 2025). Our rule-based ac-
curacy reward seamlessly aligns the policy model πθ with
task-specific evaluation preferences, enhancing the model’s
context-aware anomaly understanding capabilities. It serves
as a verification function that checks for ideal matches be-

tween output and ground-truth answers as:

Racc = RK +


RTIoU, if T V

f = ⟨T ⟩,
λRU + (1− λ)RH , if T V

f = ⟨E, ·⟩,
RU , otherwise.

(5)
Here, the struct reward RK , semantic reward RU and tem-
poral reward RTIoU are derived from SK , SU and STIoU,
respectively, and λ controls the balance between semantic
and hierarchy rewards for event-related tasks. To provide
smoother hierarchy-refined guidance, we modify the hier-
archy score SH by discarding the thresholding term and re-
define the hierarchy reward as:

RH =
1

r · t
∑
i

∑
j

mi,j ·

(
1−

dHi,j
dHmax

)
. (6)

The overall reward used in CUE-R1 is composed of a format
reward and a accuracy reward:

R = Rformat +Racc, (7)
where Rformat = 1 if the response contains both <think>
and <answer> HTML tags, otherwise Rformat = 0.

Given video and prompt inputs, the policy model πθ gen-
erates a group of responses containing both reasoning pro-
cesses and final answers. Each response is passed through
the overall verifiable reward function (R) w.r.t. different
context-aware VAU tasks to compute the reward. The ad-
vantage of each response (Ai) is then evaluated and used to
update πθ, along with the KL-regularization from the refer-
ence model for the training stability:

JGRPO(θ) = E{Oi}N
i=1∼πθold

(O|q)
1

N

N∑
i=1

(
min

(
s ·Ai, clip(s, 1−ϵ, 1+ϵ) ·Ai

)
(8)

− β DKL(πθ ∥ πref)
)
,

where s = πθ(Oi|q)
πθold (Oi|q) , ϵ and β are the hyperparameters.
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Task Metric Method Result (%)

Event
Recognition

Top-1 / Top-5
Hierarchy Score

CLIP 35.13 / 73.51
Open-VCLIP 34.84 / 71.72
FROSTER 35.52 / 76.34
Open-MeDe 37.03 / 76.42
CUE-R1 57.26 / 84.20

Temporal
Grounding TIoU

UniVTG 17.65
TimeChat 19.21
UniTime 21.43
CUE-R1 35.94

Anomaly
Recognition

Top-1 / Top-5
Hierarchy Score

CLIP 10.72 / 29.89
Open-MeDe 12.01 / 32.83
VadCLIP 21.21 / 42.33
Holmes-VAU 29.72 / 53.12
CUE-R1 32.18 / 69.71

Anomaly
Detection TIoU

CLIP 13.28
VadCLIP 17.91
Holmes-VAU 29.38
CUE-R1 35.17

Table 3: Separate Evaluation on CUEBENCH. We assess
various specialized VLMs on four video understanding tasks
following standard practices.

4 Experiment
4.1 Implementation Details
We apply CUE-R1 to the Qwen2.5-VL-3B model (Bai
et al. 2025), performing one epoch of supervised fine-tuning
(SFT) followed by another epoch of reinforcement fine-
tuning (RFT) on the CUEBENCH training set, using a learn-
ing rate of 1.0e−6. To ensure training efficiency, we cap the
number of video frames at 64, with each frame processed at
a resolution of 128 × 28 × 28. For inference, we boost the
frame resolution to 256× 28× 28 and increase the number
of frames to 128 to improve performance.

4.2 Unified Evaluation on Generative VLMs
Table 2 presents a comprehensive quantitative evaluation
of 10 state-of-the-art generative VLMs and our proposed
CUE-R1 on CUEBENCH, including 2 proprietary VLMs
(Gemini-1.5-Flash (Team et al. 2024), Qwen-VL-Plus (Bai
et al. 2025)) and 8 popular open-source models, under the
proposed unified evaluation framework. From the results,
we can summarize the observations: 1) CUE-R1 vs. Oth-
ers. Our CUE-R1 delivers a significant performance advan-
tage across nearly all metrics of five distinct tasks, outper-
forming both commercial and open-source baselines. This
demonstrates its effectiveness as a universal solution with
strong structural alignment, high-quality semantic content
and superior temporal comprehension. Notably, in complex
reasoning tasks like context-aware anomaly recognition,
CUE-R1 achieves semantic/hierarchy scores (%) of 67.7/7.7
and 61.3/13.6 in top-down and bottom-up manners re-
spectively, highlighting its enhanced human-aligned reason-
ing capabilities within event hierarchies. 2) Proprietary
vs. Open-source VLMs. Compared with existing open-
source VLMs, the proprietary Gemini-1.5-Flash exhibits im-

pressive context-aware reasoning capabilities, while Qwen-
VL-Plus shows marginal performance in both structural
alignment and context awareness. 3) R1 vs. Others. Note
that Qwen2.5-VL-3B/7B (Bai et al. 2025) both achieve more
promising performance across various evaluations than pre-
vious R1s. Despite Video-R1 (Feng et al. 2025) falling
short in most cases, other R1-style models i.e., Open-R1-
Video (Wang and Peng 2025) and Video-Chat-R1 (Li et al.
2025b) achieve better performance than other open-source
baselines like InternVideo-2.5 (Wang et al. 2025), Video-
ChatGPT (Maaz et al. 2023) and Video-LLaVA (Lin et al.
2023a), highlighting their strong video reasoning capabili-
ties. However, from the results, there remains considerable
room for a satisfied unified solution in context-aware VAU.

4.3 Separate Evaluation on Specialized VLMs
We further conduct separate task-specific evaluations on
CUEBENCH following popular protocols (See Appendix) to
assess various specialized VLMs on four core context-aware
VAU tasks, as shown in Table 3. Specifically, in event recog-
nition, Open-MeDe (Yu et al. 2025c) achieves the strongest
generalization among discriminative VLMs (Radford et al.
2021; Weng et al. 2023; Huang et al. 2024b) designed for
open-vocabulary action recognition. In temporal ground-
ing, UniTime (Li et al. 2025c) stands out as the top per-
former among prior methods (Lin et al. 2023b; Huang et al.
2024a; Ren et al. 2024), benefiting from elaborative train-
ing across videos of diverse contexts. For anomaly recogni-
tion that requires context-aware capabilities, our evaluation
shows that VAU methods i.e., VadCLIP (Wu et al. 2024b)
and Holmes-VAU (Zhang et al. 2025c) significantly outper-
form general action recognition approaches. Holmes-VAU
records strong performance for both anomaly recognition
and detection, indicating its superior anomaly understanding
capabilities. Overall, CUE-R1 outperforms both discrimina-
tive and generative specialized VLMs across tasks. Despite
the strengths of task-specific models, their performance still
manifests clear limitations, particularly in semantic align-
ment and anomaly reasoning, underscoring the advantage of
our unified and context-aware generative approach.

4.4 Ablation Study
To assess the contributions of SFT and RFT strategies,
we conduct an ablation study by performing two variants
on Qwen2.5-VL-3B model. The results in Table 4 clearly
demonstrate the effectiveness of both strategies in our train-
ing pipeline. Compared to the baseline, SFT yields substan-
tial gains especially in semantic scores, demonstrating its ef-
fectiveness in enhancing alignment with structured answers
and improving content consistency. While RFT alone brings
more gains over SFT on struct scores, the hierarchy scores
improve only marginally or stagnate, suggesting that reward
signals based solely on task performance could be insuffi-
cient to capture fine-grained semantic relations or hierarchi-
cal distinctions. By combining SFT and RFT sequentially,
CUE-R1 achieves the best overall performance, serving as a
robust and context-aware generative VLM for comprehen-
sive VAU. The large improvement in hierarchy scores, es-
pecially for complex tasks like anomaly recognition, vali-

12192



Method Event Scene Attr. Anomaly (TD) Anomaly (BU) Ground Detection Anticipation
K U K U K U K U H K U H K T K T K U H

Baseline 58.5 35.5 67.4 41.4 55.4 38.3 53.8 33.8 1.5 62.7 30.1 2.1 44.1 17.7 63.4 23.2 67.0 3.9 0.4
+SFT 82.4 73.0 95.9 81.5 78.9 65.6 66.3 62.5 7.1 80.9 60.8 8.1 55.7 34.6 51.8 39.0 80.6 39.1 0.0
+RFT 79.6 64.7 96.6 82.3 80.8 65.0 72.0 67.0 3.1 80.3 53.8 2.8 83.5 27.5 83.0 34.9 80.0 35.5 0.6

Ours 83.7
↑25.2

73.2
↑37.7

96.7
↑29.3

82.3
↑40.9

81.3
↑25.9

68.1
↑29.8

71.6
↑17.8

67.7
↑33.9

7.7
↑6.2

81.7
↑19.0

61.3
↑31.2

13.6
↑11.5

83.8
↑39.7

35.9
↑18.2

82.4
↑19.0

35.2
↑12.0

80.7
↑13.7

43.7
↑39.8

0.6
↑0.2

Table 4: Ablation of three fine-tuning configurations based on Qwen2.5-VL-3B (Baseline). We maintain the same cycle length
of two epochs for different training settings to ensure a fair comparison. Improvements over baseline are highlighted in green.

CUE-R1 (Ours)

0.80Struct Score

0.39Sem Score

0.40Hier Score

0.80Struct Score

0.37Sem Score

0.00Hier Score

0.67Struct Score

0.44TIoU Score

0.67Struct Score

0.72TIoU Score

(b)
When Is

Context-Aware
Anomaly Detection

Qwen2.5-VL-3B
<think> The video appears to show a peaceful protest 
or demonstration. There are people holding signs,
banners, and flags, and some individuals are speaking
into microphones. The setting seems to be outdoors,
possibly in a park or public square, with tents and
other temporary structures set up. The atmosphere
looks calm and orderly, with no visible signs of 
conflict or disruption. </think>
```json [{"anomaly duration":["00:05", "00:15"], 
"caption":"The video shows a peaceful protest 
or demonstration"}]```

Protest, lawn
Vandalism,lawn,fence

Protest, lawn

<think> The video shows a protest or  
demonstration taking place in an outdoor setting.
The presence of a fence and a lawn suggests that
the event is occurring in a public space, possibly a
park or a similar area. The crowd of people
holding signs and banners indicates that this is a
protest or demonstration. The video focuses on the
crowd and their actions, showing vandalism and
specific scenes involving a lawn or fence. </think>
```json [{"anomaly duration":["00:00", "00:30"], 
"caption":"Protest or demonstration in a public 
space and vandalism the fence in lawn"}]```   

<think> …The video seems to highlight different aspects such as “double lane 
passing”, “jumping over lanes”, and “caution for uphill double lane passing”.
Given the context, it‘s likely that the video aims to educate viewers about safe 
driving practices and the potential risks associated with certain driving
behaviors. The scenes depict vehicles on roads, which implies that the video is
focusing on real-world scenarios rather than hypothetical situations.</think>

```json [{"event":"double lane passing", "scene":"road", "attribute": 
"driving behavior", "anomaly":0.85}, {"event":"jumping overlanes", 
"scene":"road", "attribute":"driving behavior", "anomaly":0.70}]```

<think> The video shows a car driving on a road and then suddenly veers off 
the road, which is an unusual and potentially dangerous situation. The video
suggests that this is an example of a "double jump" driving behavior, which is
considered dangerous and could lead to accidents. The scene is set on a road 
with multiple lanes and vehicles, indicating that this is a common road
scenario. Such behavior can lead to accidents, which is a significant safety
concern. Therefore, the event described is an anomaly in road driving behavior.

```json [{"event":"car driving","scene":"road","attribute":"double 
jump", "anomaly":1.0},{"event":"car crash","scene":"road", "attribute": 
"accident", "anomaly":1.0}]```

```json [{"event":"driving car","scene":"road","attribute":"", 
"anomaly":0.0}, {"event":"driving car","scene":"road", "attribute": 
"illegal overtaking", "anomaly":1.0}, {"event":"traffic accident", 
"scene":"road", "attribute": "car,carsh", "anomaly":1.0}]``` Ground Truth

(a)
What How

Context-Aware
Anomaly Recognition

Figure 3: Case Study. Comparisons with Qwen2.5-VL-3B and CUE-R1 on context-aware anomaly recognition and detection.

dates the benefit of incorporating human-aligned hierarchi-
cal feedback in RFT. The comparison highlights that SFT
provides strong structural and semantic grounding, while
RFT complements it by refining task alignment.

4.5 Case Study
Figure 3 presents qualitative and quantitative comparisons
between Qwen2.5-VL-3B and CUE-R1 on two representa-
tive VAU tasks under the unified evaluation paradigm. (a)
For anomaly recognition, Qwen2.5-VL-3B fails to recog-
nize the severity and specificity of the anomalies. It correctly
identifies the scene and mentions jumping over lanes, yet
misrepresenting dangerous maneuvers as generic traffic be-
havior. CUE-R1, in contrast, identifies two well-grounded
events: car driving and car crash, associating them with
meaningful attributes like double jump and accident. This
reflects an accurate contextual and semantic interpretation of
the anomaly. It scores higher on hierarchy metrics, reflecting
better alignment within the event hierarchy. (b) For anomaly
detection, Qwen2.5-VL-3B offers surface-level reasoning
process: “a peaceful protest or demonstration”, lacking the
anomaly relevant details (e.g., vandalism) and struggles with

hallucination and poor anomaly localization. Conversely,
CUE-R1 delivers contextually grounded, semantically rich,
and temporally precise predictions, highlighting its superior
performance for anomaly understanding.

5 Conclusion

This paper presents CUEBENCH, the first large-scale bench-
mark for evaluating the context-aware video anomaly un-
derstanding capabilities of VLMs in a unified framework.
We establish a comprehensive event-centric hierarchical tax-
onomy with absolute and conditional anomaly events and
diverse context-aware anomalies and normalities. Our ex-
tensive evaluation highlights significant performance gaps
remaining among existing state-of-the-art VLMs. Building
upon this, we propose CUE-R1, an R1-style method that
outperforms the leading VLMs by a notable margin on
CUEBENCH. This work not only provides a solid foundation
for developing unified generative VLMs, but also serves as
a challenging benchmark for VAU in real-world.
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