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Abstract
Video Anomaly Detection (VAD) aims to locate events
that deviate from normal patterns in videos. Traditional ap-
proaches often rely on extensive labeled data and incur
high computational costs. Recent tuning-free methods based
on Multimodal Large Language Models (MLLMs) offer a
promising alternative by leveraging their rich world knowl-
edge. However, these methods typically rely on textual out-
puts, which introduces information loss, exhibits normalcy
bias, and suffers from prompt sensitivity, making them insuf-
ficient for capturing subtle anomalous cues. To address these
constraints, we propose HeadHunt-VAD, a novel tuning-free
VAD paradigm that bypasses textual generation by directly
hunting robust anomaly-sensitive internal attention heads
within the frozen MLLM. Central to our method is a Robust
Head Identification module that systematically evaluates all
attention heads using a multi-criteria analysis of saliency and
stability, identifying a sparse subset of heads that are consis-
tently discriminative across diverse prompts. Features from
these expert heads are then fed into a lightweight anomaly
scorer and a temporal locator, enabling efficient and accu-
rate anomaly detection with interpretable outputs. Extensive
experiments show that HeadHunt-VAD achieves state-of-the-
art performance among tuning-free methods on two major
VAD benchmarks while maintaining high efficiency, validat-
ing head-level probing in MLLMs as a powerful and practical
solution for real-world anomaly detection.

Introduction
Video Anomaly Detection (VAD) aims to identify and lo-
calize events that deviate from normal patterns in video se-
quences, which is a critical task for ensuring public safety
(Sultani, Chen, and Shah 2018), industrial quality control
(Roth et al. 2022), and autonomous driving (Yao et al.
2023). Traditional paradigms including unsupervised (Lv
et al. 2021), weakly-supervised (Wu et al. 2024b), and fully-
supervised methods (Liu et al. 2018), have made signif-
icant progress in VAD. However, these approaches often
struggle to generalize to diverse anomalies and typically de-
mand large-scale annotated training data along with substan-
tial computational resources, hindering their scalability and
practical deployment in real-world settings.
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Figure 1: Comparison of VAD methods. Existing methods
rely on training or fine tuning with large-scale datasets.
HeadHunt-VAD is a tuning-free approach that detect anoma-
lies using sparse expert heads within a frozen MLLM.

The emergence of Multimodal Large Language Models
(MLLMs) (Liu et al. 2023) has presented novel avenues for
VAD, leveraging their powerful cross-modal reasoning and
adaptability. While some methods adapt MLLMs to VAD
through supervised fine-tuning (Zhang et al. 2024b), this
reintroduces the issues of data dependency and computa-
tional costs. Recent tuning-free VAD methods attempt to ad-
dress these constraints (Zanella et al. 2024) by prompting the
model to reason and generate textual descriptions to detect
anomalies. However, these methods mostly rely on the fi-
nal textual output of MLLMs, which suffer from three key
limitations. First, converting high-dimensional visual infor-
mation into natural language inevitably incurs information
loss, potentially omitting subtle yet crucial anomalous cues.
(Zhang et al. 2025). Second, MLLMs exhibit normalcy bias,
tending to describe common objects while ignoring unusual
details that define an anomaly. Third, their outputs are sensi-
tive to prompt phrasing, often producing inconsistent predic-
tions for semantically equivalent queries on the same video.
These limitations motivate a shift away from textual outputs
towards probing the internal representations of MLLMs.
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Recent studies revealed that intermediate layers of large
language models contain richer representations than output
layer (Chen et al. 2024; Sun et al. 2024; Skean et al. 2025).
While some works have started to leverage features from en-
tire intermediate layers for diverse tasks including VAD (Or-
gad et al. 2024; Cai et al. 2025), this is still a coarse-grained
approach. A transformer layer aggregates outputs from mul-
tiple attention heads (Vaswani et al. 2023), each with po-
tential functional specializations (Zheng et al. 2025). The
discriminative signals from a few heads risk being drowned
out by outputs from heads focusing on mundane background
features, therefore leading to representation dilution. Al-
though prior work has analyzed heads for passive interpre-
tation or guiding model pruning for efficiency (Baan et al.
2019; Jin et al. 2024b). The proactive identification and uti-
lization of heads for VAD remains unexplored. This mo-
tivates a shift from layer-level to head-level representation
analysis, aiming to identify and leverage fine-grained, infor-
mative attention heads for improved anomaly detection.

In this paper, we propose HeadHunt-VAD, a novel tuning-
free paradigm for video anomaly detection that leverages
sparse, expert attention heads within frozen Multimodal
Large Language Models (MLLMs). As illustrated in Fig-
ure 1, our approach diverges from conventional methods
by directly investigating internal representations of MLLM,
mitigating the need for costly training and the problem of
information loss. To overcome challenges of representation
dilution, normalcy bias, and prompt sensitivity of MLLMs,
we introduce the Robust Head Identification (RHI) mod-
ule, which systematically hunts for a sparse set of anomaly-
sensitive heads through multi-criteria analysis of saliency
and stability across diverse prompts. Features from these ex-
pert heads are then used to construct a lightweight anomaly
scorer and temporal locator via few-shot probing, requiring
as little as 1% of the training sets. This strategy effectively
minimizing data dependency and supervision while enabling
accurate anomaly detection and localization without any
fine-tuning of the MLLM. We evaluate HeadHunt-VAD
on two benchmark datasets including UCF-Crime (Sultani,
Chen, and Shah 2018) and XD-Violence (Wu et al. 2020),
comprehensive experiments demonstrate the effectiveness of
HeadHunt-VAD in video anomaly detection.

Our main contributions are summarized as follows:

• We propose HeadHunt-VAD, a novel tuning-free
paradigm for video anomaly detection that for the first
time proactively hunting sparse, expert attention heads
within a frozen MLLM, thereby addressing the issues of
information loss and representation dilution.

• We introduce a novel Robust Head Identification (RHI)
module, a prompt-invariant selection module that discov-
ers anomaly-sensitive heads through saliency and sta-
bility analysis, effectively addressing the challenge of
prompt sensitivity and enhancing robustness.

• We conduct extensive experiments on UCF-Crime
and XD-Violence benchmarks, HeadHunt-VAD achieves
state-of-the-art performance among tuning-free methods,
achieved strong performance without any MLLM fine-
tuning and with remarkable data efficiency.

Related Work
Traditional Video Anomaly Detection
Traditional VAD methods are typically categorized into su-
pervised (Liu et al. 2018; Landi, Snoek, and Cucchiara
2019), weakly-supervised (Li et al. 2022; Wang et al. 2024;
Zhang et al. 2024a), and unsupervised (Tur et al. 2023)
paradigms. Supervised approaches achieve high accuracy
by leveraging frame-level anomaly annotations but require
costly and labor-intensive labeling. To reduce this burden,
weakly supervised methods use video-level labels for train-
ing but struggle with subtle cues and may exhibit biased pre-
dictions. Unsupervised methods train exclusively on normal
video data to model typical patterns and detect deviations
(Hasan et al. 2016; Xu et al. 2017; Yang et al. 2023). De-
spite their effectiveness in specific settings, these methods
are constrained by their reliance on large-scale training data,
limiting their scalability and applicability in the real world.

Video Anomaly Detection with LLMs and MLLMs
The advent of large language models(LLM) (Touvron et al.
2023) and multimodal LLMs (Zhu et al. 2023) has intro-
duced new approaches to VAD, which can be broadly cat-
egorized into fine-tuning and tuning-free paradigms. Fine-
tuning methods adapt pre-trained MLLMs for VAD (Zhang,
Li, and Bing 2023; Yuan et al. 2024; Zhang et al. 2024c),
achieving strong results but reintroducing the need for exten-
sive labeled data and computational resources. In contrast,
tuning-free methods leverage the powerful cross-modal rea-
soning and zero-shot capabilities of frozen MLLMs for VAD
(Shao et al. 2025). For example, LAVAD (Zanella et al.
2024) detects anomalies by prompting MLLM to generate
descriptions and reason with extra LLM; VERA (Ye, Liu,
and He 2025) employs verbalized learning to elicit more ef-
fective reasoning with MLLM through optimized prompts.
However, these methods risk losing subtle visual patterns
during the vision-to-text translation. This limitation moti-
vates bypassing the textual output to probe more direct in-
ternal representations in MLLM.

Internal Analysis in LLMs and MLLMs
Recent research has demonstrated that intermediate layers of
LLMs often contain richer representations than the final out-
puts (Jin et al. 2024a; Ju et al. 2024; Merullo, Eickhoff, and
Pavlick 2024), with mid-layer features shown to enhance
performance in diverse downstream tasks (Skean et al. 2025;
Orgad et al. 2024). Recent work in MLLMs has revealed that
the integration of visual and linguistic information occurs
in the middle layers (Zhang, Dong, and Kawaguchi 2024;
Zhang et al. 2025). Moreover, recent work has identified an
information-rich phenomenon in intermediate layers, where
internal features exhibit enhanced discriminative power for
VAD (Cai et al. 2025). However, these analyses remain at
the layer level. Although some studies has explored atten-
tion heads for model pruning (Baan et al. 2019; Li et al.
2023; Jin et al. 2024b), the proactive and goal-driven utiliza-
tion of specific attention heads for video anomaly detection
remains an underexplored and promising frontier.
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Methodology
Preliminaries: Representation Dilution in MLLMs
The multi-head attention (MHA) module is the corner-
stone of the transformer architecture, which underpins Mul-
timodal Large Language Models (MLLMs). Given an in-
put feature sequence X ∈ RL×D, where L is the sequence
length and D is the model dimension, MHA projects the in-
put into queries (Q), keys (K), and values (V). The output
of the j-th attention head, hj ∈ RL×dh , is computed as:

hj = Attention(QWQ
j ,KWK

j ,VWV
j ) (1)

where WQ
j ,W

K
j ,WV

j ∈ RD×dh are the projection matri-
ces for the j-th head, and dh is the dimension of head. The
outputs of all Nh heads are then concatenated and projected
by a final linear layer WO ∈ RNhdh×D to produce the ag-
gregated output:

X′ = Concat(h1, . . . ,hNh
)WO (2)

However, this final aggregation step can be detrimental for
fine-grained tasks. It averages outputs from all heads, caus-
ing sharp, discriminative signals from specialized, anomaly-
sensitive heads to be diluted by less relevant ones. There-
fore we term this issue as representation dilution. As illus-
trated in Figure 2, individual heads in intermediate layers
often exhibit superior discriminative power compared to the
aggregated final output, where crucial signals are lost. This
observation motivates our work, as any method relying on
the final, diluted output X′ is inherently handicapped for
tasks like video anomaly detection that demand high sensi-
tivity to subtle cues. Therefore, HeadHunt-VAD is designed
to circumvent this issue by operating directly on the pre-
aggregation outputs from all heads across all layers. We de-
note the set of all head outputs as {hk}Ntotal

k=1 , where k is a
global index for each head and Ntotal = Nlayers × Nh is the
total number of heads in the MLLM. This allows us to di-
rectly identify and exploit the most informative heads.

HeadHunt-VAD Framework Overview
HeadHunt-VAD is a highly efficient paradigm for video
anomaly detection by leveraging a frozen Multimodal Large
Language Model (MLLM) without any fine-tuning. As de-
picted in Figure 3, our approach is structured into two main
stages: an offline preparation stage and a real-time online
inference stage. In the offline stage, the core HeadHunt pro-
cess commences with the Robust Head Identification (RHI)
module, which systematically evaluates all attention heads
in multi-criteria analysis to select a prompt-robust set of
consensus expert heads based on their discriminative power.
Based on features from selected subset of heads, we con-
struct two lightweight modules: a logistic regression-based
Anomaly Scorer and a calibrated Temporal Locator. The on-
line stage is engineered for maximum throughput. For an in-
coming video, it performs a single forward pass to perform
targeted feature extraction from the identified expert heads.
These features are then processed by the lightweight scorer
and locator for precise, real-time anomaly localization and
finally generate descriptions for detected anomalies.
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Figure 2: Visualization of attention head heatmaps in
MLLMs including InternVL3 and LLaVA-OV.

Offline Stage: Robust Head Identification and
Module Preparation
The offline stage focus on head identification and module
construction to enable efficient and accurate real-time in-
ference in the subsequent online stage. All attention heads
across layers are treated as a unified set, indexed by k ∈
{1, . . . , Ntotal}, where Ntotal = Nlayers ×Nh.

Head Saliency Characterization To evaluate the useful-
ness of each head, we first extract a representative feature
vector from MLLM. For a given video and text prompt, we
perform a single forward pass through the frozen MLLM
and intercept the output of each head hk ∈ RL×dh before
the final aggregation layer. From this matrix, we extract the
feature vector xk ∈ Rdh corresponding to the first generated
token, as it encapsulates a summary of the input sequence for
the initial generative decision and avoids the cost of the full
auto-regressive decoding process. By processing all videos
in our calibration set, we form feature sets Xk,n (normal) and
Xk,a (abnormal) for each head k. To obtain a holistic and ro-
bust assessment of discriminative power with each head after
the extraction, we construct comprehensive metrics to effec-
tively calculate the saliency score. The multi-faceted eval-
uation spans across statistical, geometric, and information-
theoretic perspectives, thereby ensuring our selection is not
biased by a single criterion. The saliency of head k under a
given prompt pm is then characterized as follows. Detailed
derivations and pipeline algorithms are provided in the sup-
plementary materials.
• Linear Discriminant Analysis Score (SLDA): Measures

linear separability, aligning with our goal of finding fea-
tures suitable for an efficient linear classifier. A higher
score signifies greater class separation.

SLDA(k) = (µk,a−µk,n)
T (SW,k)

−1(µk,a−µk,n) (3)

where µk,c and SW,k are the class-specific mean and
within-class scatter matrix for head k. ,

• Symmetrized KL Divergence (SKL): Quantifies the dis-
similarity between the probability distributions of nor-
mal and abnormal representations, which are modeled
as multivariate Gaussian distributions, thereby capturing
non-linear statistical differences.

SKL(k) =
1

2
[DKL(Nk,a||Nk,n) +DKL(Nk,n||Nk,a)] (4)
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Figure 3: The overall architecture of HeadHunt-VAD. The offline HeadHunt phase identifies consensus expert heads and pre-
pares downstream modules. The efficient online inference phase leverages these for real-time detection.

• Maximum Mean Discrepancy (SMMD): Measures the
distributional discrepancy in a Reproducing Kernel
Hilbert Space (RKHS), making it sensitive to complex
differences in distribution shape.

SMMD(k)
2 =

∥∥∥∥∥∥ 1

|Xk,a|
∑

x∈Xk,a

ϕ(x)− 1

|Xk,n|
∑

y∈Xk,n

ϕ(y)

∥∥∥∥∥∥
2

H
(5)

where ϕ(·) is the kernel-induced feature map into the
RKHS H.

• Normalized Mutual Information (SNMI): Measures the
statistical dependency between feature representations
and ground-truth labels. We perform K-Means clustering
(K = 2) on the features to get predicted labels Y (k)

pred .

SNMI(k) =
I(Ytrue, Y

(k)
pred)√

H(Ytrue)H(Y
(k)

pred)
(6)

where I(·, ·) is the mutual information and H(·) is the
entropy.

Although these metrics provide a comprehensive evaluation
of discriminative capability, identifying universally effective
heads requires assessing their stability across diverse textual
inputs. We therefore introduce the Robust Head Selection.

Robust Head Selection To identify heads that are univer-
sally effective, we assess their stability across diverse tex-
tual inputs. We evaluate each head over a set of M diverse
prompts, P = {p1, . . . , pM}. For each head k and prompt

pm, we first compute every saliency scores and normalize
them to [0, 1] across all heads. The score S(k, pm) is the
average of normalized saliency scores.

The mean performance µk and instability (standard devi-
ation) σk are calculated for each head across the prompt set:

µk =
1

M

M∑
m=1

S(k, pm) (7)

σk =

√√√√ 1

M

M∑
m=1

(S(k, pm)− µk)
2 (8)

Inspired by risk-aversion principles, we define a Robust
Saliency Score (RSS) to favor heads with both high average
performance and low variance across prompts:

RSS(k) = µk − λσk (9)

where λ is a hyperparameter that controls the trade-off be-
tween performance and stability. A head that performs well
for one prompt but poorly for another will have a high σk

and thus be penalized, as we seek heads that are not only
high returns (high mean saliency µk) but also low risk (low
performance volatility σk across prompts). We calculate and
rank all heads by their RSS and select the top-K heads,
whose indices form our consensus expert head set I∗.

Anomaly Scorer Training The anomaly scorer is imple-
mented using logistic regression, chosen for its efficiency
and interpretability. For each video i in the calibration set,
a composite feature vector zi ∈ RK·dh is constructed by
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concatenating feature {xk}k∈I∗ from the K expert heads.
Given the training set {(zi, y(v)

i )}Ni=1, where y(v)
i ∈ {0, 1}

is the video-level label, the model learns a weight vector w
and bias b to predict the anomaly probability:

p(v)
i = σ(wT zi + b) (10)

where σ(·) is the sigmoid function. The model is trained
by minimizing the binary cross-entropy loss:

L = − 1

N

N∑
i=1

[
y(v)
i log p(v)

i + (1− y(v)
i ) log(1− p(v)

i )
]

(11)

This lightweight model effectively leverages the discrimi-
native features from the expert heads while ensuring com-
putational efficiency and accuracy.

Temporal Locator Calibration To convert anomaly
probabilities into coherent temporal event predictions, a
temporal locator is introduced. This component operates on
a sequence of probabilities {pt}, which are generated by ap-
plying the trained Anomaly Scorer to the feature vector of
each individual temporal segment from the validation set.
The locator then refines the resulting raw probability se-
quence p by applying a transformation that includes con-
volution with a 1D Gaussian kernel, Gσg , followed by bina-
rization using a threshold τ .

The standard deviation σg of the Gaussian kernel and the
threshold τ are determined by optimizing the frame-level
F1-score on a validation set via grid search. For each can-
didate pair (σg, τ), the validation videos are processed by
first generating the raw probability sequence p and then ap-
plying the complete transformation:

p′t = (p ∗Gσg
)t =

∑
j

pj ·G(t− j;σg) (12)

The resulting binarized outputs are compared with
ground-truth annotations to compute the F1-score. The pa-
rameter combination (σ∗

g , τ
∗) that maximizes the score is

selected. This data-driven calibration ensures the Temporal
Locator is configured for precise anomaly localization.

Online Stage: Real-time Video Anomaly Detection
The online stage with MLLMs focuses on processing unseen
videos to detect and localize anomaly frames and optionally
provide comprehensive anomaly descriptions.

Single Forward Pass with Feature Extraction An in-
coming video is first divided into a sequence of non-
overlapping temporal segments {S1, S2, . . . , ST }. For each
segment St, we uniformly sample F frames. These frames,
along with a task-specific textual prompt, are processed in
a single forward pass through the frozen MLLM. During
this pass, we perform targeted feature extraction by retriev-
ing and concatenating the outputs from the K expert heads
in our consensus set I∗, thereby avoiding the costly auto-
regressive decoding. Following the procedure from the of-
fline stage, we extract the feature corresponding to the first
token from each selected head and concatenate them to form
a single, robust feature vector ft ∈ RK·dh for segment St.

Frame-level Anomaly Scoring and Localization The
feature vector ft is fed into the pre-trained Anomaly Scorer
to compute the anomaly probability for each segment:

pt = σ(wT ft + b) (13)

This yields a sequence of anomaly scores p = (p1, . . . , pT )
for the entire video. The probability sequence p is then pro-
cessed by the calibrated Temporal Locator. The sequence is
first smoothed using the pre-calibrated Gaussian kernel Gσ∗

g

to enforce temporal consistency, producing a smoothed se-
quence p′. The final detection ŷt ∈ {0, 1} is made by apply-
ing the calibrated threshold τ∗:

ŷt = [p′t > τ∗] (14)

where [·] denotes the Iverson bracket. Consecutive segments
where ŷt = 1 are grouped to yield precise temporal local-
izations of anomalous events.

Event-level Explanation Generation For enhanced in-
terpretability, detected anomalous clips in a video can be
passed back to the full auto-regressive MLLM. Given the
clips and textual inputs, the model generates a natural lan-
guage explanation of the event. This final step completes the
process from detection to understanding, providing a com-
prehensive and interpretable explanations for videos.

Experiments
Experimental Settings
Datasets and evaluation metrics We evaluate our method
on two widely used benchmarks for video anomaly detec-
tion: UCF-Crime (Sultani, Chen, and Shah 2018) and XD-
Violence (Wu et al. 2020). These datasets contain long,
untrimmed videos with real-world anomalies, providing a
realistic and challenging evaluation environment.

For performance evaluation, we use standard metrics
from the literature: frame-level AUC (Area Under the ROC
Curve) for UCF-Crime and average precision (AP) for XD-
Violence. Both metrics are widely used in prior work and
provide a comprehensive assessment of detection perfor-
mance, higher values indicate better results.

Implementation Details We use the InternVL3 model as
the frozen MLLM backbone of HeadHunt-VAD. Each video
is segmented at 48 frames intervals and uniformly sample
F = 16 frames as the input to MLLM. The offline phase
use a small calibration subset comprising 1% of the train-
ing data from each benchmark. The prompt set P consists
of five varied prompts. We select the top K = 5 expert
heads for feature extraction and set the instability penalty
to λ = 0.5. The Anomaly Scorer is a logistic regression
module. The Temporal Locator uses 1D Gaussian smooth-
ing kernel σg = 1.5 and threshold of τ = 0.65, both op-
timized for frame-level F1-score on the validation set. All
experiments are conducted on a single NVIDIA RTX 4090
GPU. Detailed hyperparameter analysis, prompts, and fur-
ther analysis are provided in the supplementary materials.
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Mode Backbone AUC (%)Methods

Weakly
Supervised

82.44I3DWu et al. (2020)
82.30I3DMIST(2021)
84.30I3DRTFM(2021)
85.99I3DS3R(2022)
85.30I3DMSL(2022)
86.97I3DUR-DMU(2023)
86.98I3DMFGN(2022)
86.40ViTWu et al.(2024a)
87.58ViTCLIP-TSA(2023)
87.79ViTYang et al.(2024)
88.02ViTVadCLIP(2023)

Self
Supervised

66.85ResnetTUR et al.(2023)
68.26I3DBODS(2019)
70.46I3DGODS(2019)

Unsupervised 71.04ResNextGCL(2022)
84.50I3DDYANNET(2023)

Tuning-Free
Multimodal

VAD

53.16ViTZero-Shot CLIP(2021)
55.78ViTZS ImageBind (Video)(2023)
53.65ViTZS ImageBind (Image)(2023)
72.84ViTLLAVA-1.5(2024)
80.28ViTLAVAD(2024)
82.03ViTEventVAD(2025)
86.55ViTVERA(2025)
86.72ViTHiProbeVAD(2025)
87.03ViTHeadHunt-VAD

Table 1: Comparison with existing methods on the UCF-
Crime dataset.

Comparison with State-of-the-Art Methods
Tables 1 and 2 present the main results on the UCF-Crime
and XD-Violence datasets. On UCF-Crime, HeadHunt-VAD
achieves an AUC of 87.03%, setting a new state-of-the-art
among tuning-free and unsupervised methods. Our method
also remains competitive with many weakly-supervised
methods that require extensive training on large-scale la-
beled datasets. On the XD-Violence dataset, HeadHunt-
VAD achieves an AP of 82.63%, which represents an im-
provement over other tuning-free approaches and signif-
icantly narrows the performance gap to leading weakly-
supervised models. The consistent and robust performance
across these two benchmarks provides strong evidence for
the effectiveness of our proposed approach for VAD.

Efficiency Analysis
HeadHunt-VAD achieves practical efficiency by reducing
computational cost, model complexity, and data depen-
dency. As shown in Figure 4, our single forward pass strat-
egy avoids costly auto-regressive decoding and yields a sig-
nificant computational efficiency. This efficiency extends to
scalability. Our few-shot calibration uses less than 1% of the
data required for fine-tuning approaches. By extracting fea-
tures from only top-K expert heads instead of all heads,
we dramatically reduce the feature dimension from over
100K to just 640. The combination of fast detection, mini-
mal data requirements, and low feature complexity validates
HeadHunt-VAD as an effective and practical VAD solution.

Mode Backbone AP (%)Methods

Weakly
Supervised

73.20I3DWu et al.(2020)
77.81I3DRTFM(2021)
78.28I3DMSL(2022)
79.19I3DMFGN(2022)
80.26I3DS3R(2022)
81.66I3DUR-DMU(2023)
66.53ViTWu et al.(2024a)
82.19ViTCLIP-TSA(2023)
83.68ViTYang et al.(2024)
84.51ViTVadCLIP(2023)

Tuning-Free
Multimodal

VAD

17.83ViTZero-Shot CLIP(2021)
25.36ViTZS ImageBind (Video)(2023)
27.25ViTZS ImageBind (Image)(2023)
50.26ViTLLAVA-1.5(2024)
62.01ViTLAVAD(2024)
64.04ViTEventVAD(2025)
82.15ViTHiProbeVAD(2025)
82.63ViTHeadHunt-VAD

Table 2: Comparison of existing methods on the XD-
Violence dataset.
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Figure 4: Efficiency comparison of HeadHunt-VAD includ-
ing inference time, dimension complexity, and required data.

Ablation Studies
Effectiveness of the Robust Head Identification We
evaluate the proposed Robust Head Identification (RHI) by
comparing it with different feature extraction strategies (Ta-
ble 3). Using all attention heads from the final layer leads to
substantial performance degradation, while random head se-
lection further deteriorates results, confirming the necessity
of informed head selection. We also assess prompt sensitiv-
ity. A single generic prompt underperforms, and although a
manually crafted oracle prompt yields slightly better results,
it requires fixed prompt for all time. In contrast, RHI auto-
matically identifies a robust subset across prompts, achiev-
ing comparable performance with different text inputs.

Impact of Anomaly Scorer We analyze the role of the fi-
nal anomaly scorer with other common lightweight models,
with results presented in Table 3. The support vector ma-
chine (SVM) achieves performance comparable to the pro-
posed method, while multi-layer perceptron (MLP) yields a
marginal improvement of 0.22% in AUC and 0.18% in AP.
We adopt logistic regression for its optimal balance of ac-

Ours

AUC:+6.75pp
Speed:+93.6%

AUC:+14.19pp
Speed:+88.9%
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AP (%)AUC (%)Method / Variation
82.6387.03HeadHunt-VAD (Full Model)

Ablation on Robust Head Identification (RHI)

80.15 72.10w/ Full Layer Features
66.65 45.33w/ Random-K Heads
81.86 74.52w/ Single Coarse Prompt
87.11 82.95w/ Oracle (Detailed) Prompt

Ablation on Anomaly Scorer (Ours: Logistic Regression)

84.95 76.52SVM (Linear Kernel)
87.25 82.81MLP (2-Layer)

Ablation on Temporal Locator (Ours: τ = 0.65)

82.44w/o Gaussian Smoothing 75.88
w/ Fixed Threshold (τ = 0.25 70.91) 55.21
w/ Fixed Threshold (τ = 0.50 80.32) 71.49
w/ Fixed Threshold (τ = 0.75 71.15) 58.10

Table 3: Effectiveness of the Robust Head Identification
module, Anomaly Scorer, and the Temporal Locator.

curacy, computational efficiency, and interpretability, which
aligns with overall emphasis on practicality and ease of de-
ployment of our method.

Impact of Temporal Locator Our temporal locator con-
sists of two key components: temporal score smoothing and
a data-driven threshold calibration, with results in Table 3.
Removing the Gaussian smoothing step results in a signif-
icant AUC drop of 4.59% on UCF-Crime, which demon-
strates its crucial role in stabilizing frame-level predictions
and reducing spurious noise from isolated, high-scoring
frames. Furthermore, replacing our data-driven threshold
calibration with fixed, arbitrary values leads to severe per-
formance degradation. This confirms that a calibrated, data-
aware threshold is indispensable for accurately segmenting
anomalous events from raw scores.

Qualitative Analyses
Feature Space Visualization Figure 5 visualizes the fea-
ture distributions of normal and abnormal samples using t-
SNE. Features from the full output layer exhibit significant
class overlap due to representation dilution. In contrast, fea-
tures from our expert heads form clearly separated and com-
pact clusters, confirming their superior discriminative power
and better separability for anomaly detection.

Qualitative Visualization Figure 6 shows qualitative re-
sults from XD-Violence. For each video, the plot shows
the anomaly curves across different frames. For abnormal
video, the frame-level probability curve generated by our
method rises sharply and aligns precisely with the ground-
truth temporal segments. Conversely, the anomaly curve of
normal video remains consistently low and stable. These re-
sults demonstrate that HeadHunt-VAD provide reliable and
accurate temporal localization of anomalous events. More
visualization are provided in the supplementary materials.
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Figure 5: t-SNE visualization. (a) Full output layer show
class overlap due to representation dilution. (b) Features
from HeadHunt-VAD form distinct, separable clusters.

Description: Yes.  A 
vehicle is in  motion, and 
it seems to be involved in

a collision...

 Description: Yes. There 
is  shooting happening in

the scene.  Multiple 
individuals are ...

 

Description:  No abnormal events detected.   The 
video features a young  woman wearing a colorful, 
patterned dress and a man with reddish hair who  is 

dressed in a dark jacket over a red shirt...

Figure 6: Qualitative results of HeadHunt-VAD on XD-
Violence. Each panel shows a representative video snippet
and the anomaly curve. The shaded regions denote the de-
tected anomaly frames that surpasses the threshold. Further
generated descriptions are also provided.

Conclusion
In this paper, we introduced HeadHunt-VAD, a novel tuning-
free paradigm that moves beyond the limitations of lossy
textual outputs and diluted layer-level representations in
MLLM-based VAD. Our method proactively identifies and
leverages a sparse set of robust, anomaly-sensitive atten-
tion heads within a frozen MLLM, pinpointed by a multi-
criteria Robust Head Identification module. Features from
these expert heads are then channeled into lightweight mod-
ules for highly efficient scoring and localization. Exten-
sive experiments on two major benchmarks demonstrate that
HeadHunt-VAD establishes a new state-of-the-art among
tuning-free methods, achieving superior performance with
remarkable computational and data efficiency. Our work
validates head-level probing as a powerful and practical
paradigm for real-world video anomaly detection.
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