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Abstract
While recent training-free video anomaly detec-
tion (VAD) methods offer advantages such as in-
terpretability and ease of deployment, they of-
ten suffer from computational inefficiency due to
complex memory retrieval mechanisms or high-
latency visual-language models (VLMs). To ad-
dress this issue, we propose PRISM (Parameter-
less Recognition Based on Intrinsic Statistical
Modeling), a novel framework for efficient open-
set anomaly detection with minimal computa-
tional cost. Built on a pre-trained multimodal
embedding model, PRISM introduces differen-
tial amplification and whitening mechanisms
to statistically suppress common-mode back-
ground noise in the embedding space, thereby
improving the signal-to-noise ratio of anomalous
events. Extensive experiments on three widely
used datasets demonstrate that PRISM achieves
state-of-the-art performance among training-free
methods while maintaining real-time inference
capability. Furthermore, our statistical analy-
sis offers a complementary perspective on why
training-free methods may suffer from lower
Average Precision (AP) on complex datasets
such as XD-Violence. Code is released at
https://github.com/ytC2026/ICML2026-PRISM.

1. Introduction
With the explosive growth in the number of videos world-
wide, relying solely on manual processing of massive
amounts of video data is no longer feasible. Therefore,
Video anomaly detection (VAD) is an important task for
automatically identifying abnormal events from large-scale
video streams. VAD (Video Anomaly Detection) aims to
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Figure 1. Comparison of VAD paradigms. Existing research can be
categorized into three types: a) Fine-tuned Semantic Alignment,
b) Discriminative Closed-set Paradigms, and c) Generative
Open-set Reasoning. To address the limitations of training costs
and inference latency in these approaches, our proposed framework
is presented as: d) PRISM, which utilizes Intrinsic Statistical
Modelingof video text vector for robust, training-free detection.

significantly improve system safety and efficiency in fields
such as healthcare, industry, and autonomous driving by
automatically identifying abnormal events (such as violence
and accidents) through the analysis of video data, thereby
alleviating the burden on human labor.

Early research on video anomaly detection fell mainly into
two categories. One was a self-supervised paradigm based
on reconstruction(Hasan et al., 2016; Gong et al., 2019) or
prediction (Liu et al., 2018; Park et al., 2020); The other was
a weakly supervised paradigm based on feature discrimina-
tion, which typically used pre-trained networks such as I3D
or C3D ((Wan et al., 2021))to extract high-level semantic
features and then fed them into a multiple instance learning
(MIL) framework for anomaly score prediction. Although
these methods have made significant progress on specific
datasets, they still face core challenges in generalization and
interpretability in practical deployments.

In recent years, with the rapid development of Vision-
Language Pre-training (VLPs), many researchers have made
good use of the semantic representation capabilities of these
models. CLIP-based Task-specific models have achieved
remarkable results and breakthroughs in various recognition
tasks(Wu et al., 2023)(Wu et al., 2024). However, the actual
deployment cost remains a limiting factor because they still
require full training and testing.
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Recently, with the rapid development of Visual-Language
Models (VLMs), a series of zero-shot VAD methods based
on large models have emerged, providing new ideas for the
field((Li et al., 2025)(Ye et al., 2025)(Zanella et al., 2024)).
For example, some researchers have used VLMs to generate
frame-level captions and combined them with various prior
knowledge and structured designs, using LLMs for infer-
ence to achieve truly training-free detection. However, these
generative model-based methods are often accompanied by
huge inference latency (inference speed of only about 1
FPS) and rely on complex prompt engineering, making it
difficult to meet real-time monitoring requirements.

To address these issues, model-based video embedding
methods, which have emerged in recent years, have become
a promising solution. Previous researchers directly mapped
video clips and text descriptions to the same feature space,
achieving efficient real-time detection through a retrieval
mechanism. However, direct retrieval still faces two key
problems(Lee et al., 2025): (1) requiring extensive knowl-
edge bases with high deployment costs, and (2) suffering
from ”anomaly bias”—normal backgrounds showing high
similarity to anomalous text. To mitigate this bias, previ-
ous researchers employed a heuristic ”scaled penalization”
strategy. Although effective, this approach is essentially an
engineering compromise and lacks an explicit modeling of
feature-space geometry.

We argue that this anomaly bias is closely related to
common-mode noise in the feature space (redundant en-
vironmental features shared by both normal and anomalous
events), which affect the model’s judgment. By leveraging
the mechanism of differential amplifiers to suppress such
common signals and combining classical machine learning
theory with relevant insights from natural language pro-
cessing, we propose a training-free ”PRISM (Parameter-less
Recognition Based on Intrinsic Statistical Modeling)” frame-
work. Unlike previous scalar penalties, we vector a small
amount of text generated by VLM to construct a covariance
matrix, mathematically modeling and ”whitening” away
background noise. Experiments show that this method not
only significantly enhances real-time and zero-shot models’
advantages but also achieves significant improvements in
signal-to-noise ratio (SNR), AP, and AUC. This results in
performance that surpasses all current training-free mod-
els and approaches most current weakly supervised models.
Furthermore, this perspective provides a possible explana-
tion for the lower AP observed in training-free methods on
XD-Violence.

Our main contributions are summarized as follows.

• We propose PRISM (Parameter-less Recognition based
on Intrinsic Statistical Modeling), a novel training-free
VAD framework. Unlike generative methods that suf-
fer from high latency or traditional retrieval methods,

PRISM achieves real-time detection without a complex
retrieval mechanism or heavy computational burden.

• We provide a new theoretical perspective on ”anomaly
bias,” identifying it as ”common-mode noise” in the
feature space. Instead of using heuristic scalar pe-
nalization, we introduce a mathematical ”whitening”
mechanism. By constructing a covariance matrix from
a small set of VLM-generated text vectors, we effec-
tively model and eliminate background noise, signifi-
cantly enhancing the Signal-to-Noise Ratio (SNR).

• Our method achieves state-of-the-art performance
among training-free models and approaches weakly
supervised benchmarks. Experiments show significant
improvements in AP and AUC.

2. Related Work
2.1. Traditional and Training-based VAD

Early unsupervised VAD methods learn normal distributions
via reconstruction (Hasan et al., 2016; Gong et al., 2019)
or future frame prediction (Liu et al., 2018; Park et al.,
2020). Weakly supervised approaches based on Multiple
Instance Learning (MIL) extract spatiotemporal features
(C3D, I3D) and optimize anomaly scores with Ranking
Loss under video-level labels (Wan et al., 2021).

With the development of Vision-Language Pre-training
(VLP), researchers have begun to use the semantic capa-
bilities of CLIP into VAD. Works such as (Wu et al., 2023;
2024; Joo et al., 2023) no longer perform full fine-tuning
on the pre-trained model, but instead freeze the CLIP image
encoder and align video features with text semantics by de-
signing learnable prompts or temporal adapters. However,
these methods remain training-dependent on specific annota-
tions, limiting zero-shot generalization to unseen scenarios.

2.2. Generative VLM-based VAD

To break free from dependence on training data, researchers
began exploring the use of the general reasoning capabil-
ities of large language models (LLM) and large visual
models (VLM) to achieve zero-shot detection.The cur-
rent methods can be broadly divided into two categories.
The first category is represented by instruction-based fine-
tuning methods, which typically use lightweight, deep neu-
ral network-based detectors to filter potentially anomalous
frames. These frames are then fed into a Video Language
Model (VLM) with specific cues for detailed description
and judgment. The second category of methods includes
training-free methods that rely on frozen models. These
methods employ a ”description and inference” process: first,
the video is segmented using a fixed-length sliding time
window, and then the VLM generates a description for each
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segment, enabling the LLM to aggregate semantic dynam-
ics and infer anomalies. While generative methods offer
excellent interpret-ability and semantic understanding, they
face significant challenges in practical deployment. First,
the generative model results in extremely high inference
latency (typically only 0.5-1 FPS), which cannot meet the
real-time requirements of monitoring scenarios. Secondly,
their performance is highly dependent on complex prompt
and structural design, and they are prone to hallucinations,
leading to misjudgments of normal behavior.

2.3. Video-Text Embedding and Feature Geometry

Unlike generative models, video embedding models directly
map video and text to the same space through an encoder,
achieving efficient retrieval-based detection by calculating
cosine similarity. Previous researchers(Lee et al., 2025)
have already achieved a very good result.

However, directly utilizing the original embedding vectors
faces some problems. Existing research shows that the
embedding space of pre-trained models generally suffers
from representation degeneration, or anisotropy.

Specifically, all embedding vectors tend to be squeezed into
a narrow cone, resulting in even semantically unrelated vec-
tor pairs (such as normal video and abnormal text) exhibiting
high cosine similarity. Previous research attempts to miti-
gate this problem through scalar penalization, but this ap-
proach fails to fundamentally correct the distribution of the
feature space mathematically. This paper addresses repre-
sentation degradation through statistical whitening and man-
ifold alignment. Unlike traditional scalar scaling, PRISM
utilize a precision matrix to eliminate inter-dimensional cor-
relations, mathematically correcting for anisotropic spatial
distributions. PRISM does not require a complex and mas-
sive database: we use only a very small and general set of
text description (e.g., 280 sentences for UCF-Crime, 500
for MSAD, and 480 for XD-Violence ) to define anomalous
events and normal scenarios. During inference, we only
need to match the most similar semantic axis for each vector
and use semantics as the basis for interpretation, thereby
maximizing the real-time performance of inference while
avoiding calls to large online language models.

3. Approach
3.1. Analysis of Bias in Zero-Shot Detection

Since all embeddings are L2-normalized before similarity
computation, cosine similarity is algebraically equivalent to
the inner product:

Sim(a,b) = a⊤b. (1)

However, in anisotropic embedding spaces(Gao et al.,

2019)(Schakel & Wilson, 2015)(Liang et al., 2021)(Yang
et al., 2018), the dominant shared orientation can influence
the inner product. This can lead to semantically mismatched
video-text pairs, such as normal video clips and anomaly-
related text descriptions, being assigned falsely high simi-
larity scores.

To explain the systematic false positives in zero-shot de-
tection from a mathematical perspective, we define a fea-
ture spaceX ⊂ Rd.For a given normal video segment
feature,vn,an ideal anomaly detector should satisfy the dis-
crimination inequality Eq. (2).

∆S = Sim(vn, ta)− Sim(vn, tn) < 0 (2)

where vn denotes the normal video embedding, ta and tn
represent the anomaly and normal text embeddings. Respec-
tively, and Sim(·, ·) computes the cosine similarity. Note
that the condition ∆S > 0 indicates a false positive.

Since the current vector space exhibits significant anisotropy
(i.e., the vector space is cone-shaped), we can assume that
in the multimodal embedding model, the text-video vec-
tors possess a principal axis of a hypercone. This direction
represents the background direction (common-mode noise)
for the vast majority of vectors. Therefore, generalizing its
theory to the VAD field, we can assume that any multimodal
embedding vector x can be orthogonally decomposed into
an independent event semantic component xe (Perpendicu-
lar to the principal axis of the cone) and a common-mode
background component xb (Cone center direction) :

x = xe + xb, s.t. xe ⊥ xb (3)

Since the pre-trained model enforces a normalization con-
straint ∥x∥ = 1, the norms of these components satisfy the
following relationship:

|xe|2 + |xb|2 = 1 =⇒ |xb| =
√
1− |xe|2 (4)

Let Freq(·) denote the occurrence frequency of the event
concept. We leverage the statistical observation that vec-
tor magnitude serves as a measure of significance and
is positively correlated with frequency in consistent con-
texts(Draganov et al., 2025) (i.e., ∥xe∥ ∝ Freq(x)γ with
γ > 0).

Since normal events tn correspond to frequent, consistent
patterns while anomaly descriptions ta refer to rare events,
we have the inequality Freq(tn) > Freq(ta). Consequently,
the norm of the semantic component satisfies:

∥tn,e∥ > ∥ta,e∥ (5)

By invoking the normalization constraint in Eq. (4), the
inequality reverses for the complementary background com-
ponents:

∥ta,b∥ > ∥tn,b∥ (6)
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Figure 2. Comparison of embedding space geometries. Left: Ideal isotropic space. Middle: Anisotropic cone space showing the origin of
systematic bias. Right: Ideal case after feature decoupling

Based on the derived norm inequality, we now investigate
the mechanism of systematic false positives by substitut-
ing the vector decomposition into the discriminant function
∆S. This analysis relies on two geometric properties: (1)
the orthogonality of mismatched semantics, where the nor-
mal video event is not correlated with the anomaly text
(i.e. v⊤

n,eta,e ≈ 0); and (2) the directional alignment of
common-mode backgrounds due to spatial anisotropy (i.e.
v⊤
n,btb ≈ ∥vn,b∥∥tb∥). Under these conditions, the discrim-

inant function can be expanded and approximated as:

∆S ≈ v⊤
n,b(ta,b − tn,b)︸ ︷︷ ︸

Systematic Bias

+(v⊤
n,eta,e − v⊤

n,etn,e)︸ ︷︷ ︸
Ideal Semantic Score

(7)

We identify the first term as the Bias Term. Since the back-
ground vectors are directionally aligned and the anomaly
background norm is strictly larger than the normal one
(∥ta,b∥ > ∥tn,b∥), this bias term remains strictly positive.
In scenarios with strong background interference (i.e., large
∥vn,b∥), the magnitude of this positive bias overwhelms the
negative semantic term. Consequently, this leads to a false
positive:

v⊤
n,b(ta,b − tn,b) > |v⊤

n,eta,e − v⊤
n,etn,e|

↓
∆S > 0

(8)

The above analysis shows that directly using cosine simi-
larity does not get good results. Therefore, a linear decor-
relation transformation is strictly required to effectively
suppress the common-mode background component (Sys-
tematic Bias).In section 3.2, we will introduce statistical
whitening to suppress this common-mode noise.

3.2. Whitening Transformation

Following the analysis in Section 3.1, the anisotropic dis-
tribution of embeddings introduces a significant common-
mode bias: generic scene and background semantics may
occupy dominant directions in the embedding space, making
standard cosine matching less sensitive to anomaly-specific
signals. To mitigate this effect, we introduce a statisti-
cal whitening transformation inspired by classical machine
learning theory. By whitening the text-side semantic an-
chors, PRISM decorrelates their second-order statistics and
constructs anomaly axes that are less dominated by common
semantic directions.

We therefore use a regularized covariance estimator:

Σ̂T = ΣT + λI, (9)

where λ is a small regularization hyperparameter (e.g., λ =
0.01). Following standard ZCA whitening, we derive the
whitening matrix as

W = Σ̂
−1/2
T , (10)

such that the transformed text covariance is approximately
isotropic. This operation reduces the influence of dominant
shared directions in the text embedding space. As a result,
anomaly axes are constructed with less interference from
common semantic components.

Inference via Whitened Semantic Alignment. PRISM
first builds the whitening matrix from the text description
pool. All normal and anomaly text embeddings are L2-
normalized. Let Tn denote the normal text set and {T j

a}Mj=1

denote the anomaly text groups. We compute the normal
semantic center and form the full text pool:

µn = Mean(Tn), T = Tn ∪ T 1
a ∪ · · · ∪ TM

a . (11)
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Algorithm 1 PRISM Inference Pipeline

Input: video embeddings Xv , normal texts Tn, anomaly
text groups {T j

a}Mj=1

Hyperparameters: λ, τsem, σ
Normalize all text embeddings in Tn and {T j

a}Mj=1.
µn = Mean(Tn), T = Tn ∪ T 1

a ∪ · · · ∪ TM
a

ΣT = Cov(T ), W = (ΣT + λI)−1/2

for j = 1 to M do
µj
a = Mean(T j

a )
aj = Normalize(W(µj

a − µn))
end for
A = [a1, . . . ,aM ]
Xcen = Normalize(Xv)− µn

L = XcenA
α = Softmax(L/τsem)

S =
∑M

j=1 α[:, j]L[:, j]
Sfinal = GaussianFilter(S, σ)
Return Sfinal

The text-side covariance is then estimated and the regular-
ized whitening matrix is computed by:

ΣT = Cov(T ),W = (ΣT + λI)−1/2. (12)

After obtaining W, PRISM constructs anomaly-specific
semantic axes. For the j-th anomaly group, let µj

a =
Mean(T j

a ). The raw anomaly direction is given by the
difference between the anomaly center and the normal cen-
ter, µj

a − µn. We then apply the whitening matrix to this
direction and normalize it:

aj =
W(µj

a − µn)

∥W(µj
a − µn)∥2

. (13)

This produces a set of whitened semantic axes

A = [a1, . . . ,aM ]. (14)

For a video embedding vt, PRISM applies the same L2
normalization and normal-mean centering used in the im-
plementation:

v̄t = Normalize(vt)− µn. (15)

The alignment logits over all anomaly axes are computed as

Lt = v̄⊤t A. (16)

We then aggregate the multi-axis logits with a temperature-
controlled semantic weighting:

αt = Softmax(Lt/τsem), s(vt) =

M∑
j=1

αt,jLt,j . (17)

Finally, the frame-level scores are smoothed by a Gaussian
filter to obtain Sfinal.

Figure 3. Overall architecture of the PRISM framework. The
pipeline extracts visual and textual features via frozen embedding
encoders. Text-side mean and covariance statistics are computed
from normal and anomaly descriptions to obtain the whitening
matrix W. PRISM applies W to text-derived anomaly directions
to construct whitened semantic axes. Video embeddings are L2-
normalized and centered, then scored by their alignment with these
axes. The final score s(v) is generated via probability-weighted
aggregation of alignment logits.

3.3. Overall Implementation Pipeline

The PRISM framework calculates anomaly scores in three
stages. First, it embeds normal and anomalous text de-
scriptions and estimates text-side statistics, including the
normal semantic center µ, the text covariance Σ, and the
whitening matrix W. Second, PRISM applies W only to
the text-derived anomaly directions to construct decorre-
lated semantic axes. Video embeddings are L2-normalized
and centered by µ, but are not whitened by W. Finally,
the centered video embeddings are scored by their align-
ment with the whitened anomaly axes{wj}, followed by
probability-weighted semantic aggregation and temporal
smoothing.The specific visualization process is shown in
Figure 3 and pseudocode Algorithm 1.

4. Experiments
We validated the performance of PRISM using three datasets.
In our practical design, we compared it with state-of-the-art
VAD methods employing different types of supervision, as
well as a model without a training baseline. Furthermore, to
verify the necessity of introducing a whitening matrix, we
conducted detailed ablation experiments.

Datasets. We use three commonly used VAD datasets to
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Table 1. Comparison with state-of-the-art VAD methods. Methods are grouped by category (Unsupervised, Weakly Supervised, Fine-
tuning, and Training-free) and sorted by UCF-Crime AUC in ascending order within each group.

Method Category UCF-Crime (AUC %) XD-Violence (AUC %) XD-Violence (AP %)

Hasan et al. Unsupervised 51.20 - 50.32
GODS Unsupervised 70.46 - 61.56
GCL Unsupervised 74.20 - -
DyAnNet Unsupervised 79.76 - -

Sultani et al. Weakly Supervised 77.92 - 73.20
SSRL Weakly Supervised 87.43 - -
CLIP-TSA(Joo et al., 2023) Weakly Supervised 87.58 - 82.17
VadCLIP(Wu et al., 2023) Weakly Supervised 88.02 70.23 84.51
Ex-VAD(Huang et al., 2025) Weakly Supervised 88.02 70.23 84.51
DSANet(Yin et al., 2025) Weakly Supervised 89.44 - 86.95
π-VAD(Majhi et al., 2025) Weakly Supervised 90.33 - 85.37
GS-MoE(D’Amicantonio et al., 2025) Weakly Supervised 91.58 94.52 82.89

VADor(Öztürk & Can, 2023) Fine-tuning 85.90 - -
VERA(Ye et al., 2025) Fine-tuning 86.55 88.26 70.54
Holmes-VAU(Zhang et al., 2025) Fine-tuning 88.96 - 87.68
Holmes-VAD(Zhang et al., 2025) Fine-tuning 89.51 - 90.67

LLaVA-1.5(Liu et al., 2023) Training-free 72.84 79.62 50.26
Video-Llama2(Cheng et al., 2024) Training-free 74.42 80.21 53.57
LAVAD(Zanella et al., 2024) Training-free 80.28 85.36 62.01
EventVAD(Shao et al., 2025) Training-free 82.03 87.51 64.04
MCANet(Dev et al., 2024) Training-free 82.47 87.43 69.72
SUVAD(Gao et al., 2025) Training-free 83.90 - 70.10
VADTree(Li et al., 2025) Training-free 84.74 90.55 68.85
Flashback(Lee et al., 2025) Training-free 87.29 90.54 75.13
PRISM (PE) Training-free 85.85 94.09 80.31
PRISM (Qwen) Training-free 88.85 93.42 77.48

evaluate our method, which contain real-world surveillance
scenarios, namely UCF-Crime(Sultani et al., 2019) , XD-
Violence(Wu et al., 2020) and MSAD(Zhu et al., 2024).
UCF-Crime (Sultani et al., 2019) is a large-scale data set
that contains 1900 surveillance videos covering 13 anoma-
lous situations in the real-world. The training set contains
800 normal videos and 810 anomalous videos, while the test
set contains 150 normal videos and 140 anomalous videos.

XD-Violence (Wu et al., 2020)is another large-scale dataset
for large-scale violence detection, containing 4754 videos
with audio signals and weak labels, sourced from movies
and YouTube. XD-Violence captures 6 anomalies and splits
them into a training set of 3954 videos and a test set of 800
videos.

MSAD (Zhu et al., 2024)is a recently proposed benchmark
specifically designed for multi-scenario anomaly detection.
Unlike previous datasets limited to single scenes, MSAD
collects 720 videos from 14 distinct real-world scenarios
(e.g., highways, malls, factories, and parks). It categorizes
anomalies into 11 main types (such as fighting, traffic acci-
dents). This benchmark includes 480 training samples and
240 test samples.

Performance Metrics We use the area under the frame-level
receiver operating characteristic (ROC) curve (AUC) to mea-

sure the performance of VAD,because AUC is independent
of the threshold of the detection task.For the XD-Violence
dataset, we also report the Average Precision (AP), which is
the area under the frame-level precision-recall curve.

Implementation Details

We employ Qwen3-VL-Embedding-2B(Li et al., 2026) and
Perception Encoder-L14(Bolya et al., 2025) as the core mul-
timodal encoder to extract visual and textual features. For
video processing, we sampled every 16 frames and used a
7-frame sliding window with a stride of 1 to capture tempo-
ral dynamics (reducing the window size for undersampled
data). The text used for statistical analysis was consistent
with the dataset classification system, containing 20 descrip-
tive sentences per category to ensure semantic diversity. We
set a shrinkage regularization term λ = 0.01 to ensure the
numerical stability of the whitening matrix W . Through-
out all experiments, the semantic alignment temperature
τsem was set to 0.2 to maintain consistency in the scor-
ing logic. To maintain temporal consistency, we applied a
one-dimensional Gaussian filter in post-processing with a
smoothing kernel parameter of σ = 16.

All experiments were performed on a single NVIDIA RTX
4090 GPU. Since this computation added almost no ad-
ditional computational cost (comparative experiments are
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in the appendix), PRISM achieved fast real-time inference
speeds on this GPU.

Table 2. Performance comparison on MSAD dataset(using Qwen3-
VL-Embedding-2B). Methods are grouped by supervision type and
sorted by AUC. Our method (PRISM) achieved the state-of-the-art
performance among training-free methods.

Method Supervision AUC (%) AUCa (%) AP (%) APa (%)

MGFN Weakly Supervised 84.96 - - -
UR-DMU Weakly Supervised 85.78 67.95 67.35 75.30
RTFM Weakly Supervised 86.65 - - -
TEVAD(Chen et al., 2023) Weakly Supervised 86.82 - - -
GS-MoE(D’Amicantonio et al., 2025) Weakly Supervised 87.72 69.54 68.26 76.68
π-VAD(Majhi et al., 2025) Weakly Supervised 88.68 71.25 71.26 77.86

VADTree(Li et al., 2025) Training-free 89.32 67.85 71.41 75.49
Flashback (Memory) Training-free 90.94 66.76 69.93 72.06
PRISM (Qwen) Training-free 91.84 69.58 75.48 76.50

4.1. Comparison with State of the Art

We evaluate PRISM against current state-of-the-art (SOTA)
VAD methods on three benchmarks. As shown in Table
1 and Table 2, PRISM consistently achieves strong perfor-
mance.

MSAD: PRISM achieves 91.84% AUC, surpassing all
training-free and most weakly supervised methods. This
shows strong generalization through statistical priors with-
out requiring domain-specific training data.

UCF-Crime: PRISM achieves 88.85% AUC, outperform-
ing VADTree by 4.11% and approaching top weakly-
supervised results without any video-level labels.

XD-Violence: Our method attains 77.48% AP, a 8.63%
absolute improvement over VADTree, demonstrating ef-
fective common-mode noise suppression in complex cine-
matic scenes.Moreover, PRISM(PE) further improves AP
to 80.31%, indicating that PRISM remains effective across
different embedding backbones.

4.2. Ablation study

To verify the effectiveness of the core components (statisti-
cal whitening and multi-axis semantic aggregation) in the
PRISM framework, we designed a 2 × 3 orthogonal ablation
experiment (Table 3).

Experimental Setup

We define six variants: M1 (Raw) and M2 (Flashback(Lee
et al., 2025)) based on memory; M3 (Global Raw) and
M4 (Global Whitened) based on global statistics; and M5
(Multi-Axis(Raw)) It will activate the affinity of the axis
for multiple anomalies. M6 Our complete design (PRISM).
Furthermore, we report the signal-to-noise ratio (SNR) to
quantify the separability of the feature space.

In addition to the conventional AUC and AP, we introduce
Signal-to-Noise Ratio (SNR) as a physical metric to measure
the geometric quality of the feature space. It is defined as

Table 3. Ablation study on UCF-Crime and XD-Violence. We
report the core metric (AUC for UCF, AP for XD) and Signal-to-
Noise Ratio (SNR). White?: Whitening, Gran.: Granularity. Best
results in bold.Experimental results using PE as the encoder can be
found in the appendix. Note: Since our framework does not rely on
extensive auxiliary databases, the reproduction of Flashback(Lee
et al., 2025) (M2) was implemented based on the semantic sam-
ples provided in our local configuration files,which to ensure a
fair comparison under the same data efficiency constraints.The
experimental results are consistent with those in Table 3(d) of
Flashback(Lee et al., 2025)

ID Method White? Gran. UCF-Crime XD-Violence

AUC SNR AP SNR

M1 Memory (Raw) ✗ Inst. 81.00 1.11 71.43 1.26
M2 Mem. (Flash.) ✗ Inst. 82.67 1.31 72.99 1.55
M3 Global (Raw) ✗ Glob. 86.15 1.39 75.26 1.82
M4 Global (White.) ✓ Glob. 87.81 1.50 75.69 1.85
M5 (Multi-Axis) ✗ Scen. 88.47 1.51 77.30 1.93
M6 PRISM (Qwen) ✓ Scen. 88.85 1.59 77.48 1.99

follows:

SNR =
µanom − µnorm

σnorm
(18)

Where µanom and µnorm represent the average scores of
anomalous and normal frames output by the model, re-
spectively, and σnorm represents the standard deviation of
the scores of normal frames. SNR directly quantifies the
model’s ability to ”suppress background fluctuations (re-
duce σnorm)” and ”enhance anomaly responses (increase
µanom − µnorm)”. A higher SNR implies better separability
of the feature space.

Analysis of Statistical Whitening

To verify the effectiveness of the whitening mechanism,
we compared M3 and M4 in Table 3. Whitening im-
proved the AUC on the UCF-Crime dataset from 86.15%
to 87.81%, and the AP on the XD-Violence dataset from
75.26% to 75.69%, while also improving the signal-to-noise
ratio (SNR). These results indicate that text-side whitening
helps reduce co-directional interference. A similar overall
trend is observed with PerceptionEncoder in Appendix Ta-
ble 4: while whitening is not uniformly beneficial in every
global-axis setting, the complete PRISM design consistently
achieves the best overall performance when whitening is
combined with scenario-aware semantic axes.

Understanding the AP Gap on XD-Violence

As shown in Table 1, on the XD-Violence dataset, the
training-free methods still exhibit a significant gap in Aver-
age Precision (AP) compared to weakly supervised and fine-
tuned methods. This is primarily due to the high intra-class
and scene-level variability of this dataset, which includes
various movie scenes, moving shots, crowded backgrounds,
and rapid scene transitions.

Since the training-free methods rely on frozen global
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semantic embeddings, they cannot learn scene-adaptive
foreground-background separation from labeled videos.
Therefore, normal but dynamic patterns may receive high
outlier scores, resulting in difficult-to-identify false posi-
tives. These false positives degrade the precision-recall rank-
ing and ultimately reduce AP. PRISM mitigates this problem
through text-side whitening and scene-aware semantic axes,
but completely resolving non-linear foreground-background
entanglement remains a limitation.

Effectiveness of Scenario-Aware Semantic Axes In Table
3, PRISM(Qwen) exhibits the best overall performance,
achieving an AUC of 88.85% and an SNR of 1.59 on the
UCF-Crime dataset, and an AP of 77.48% and an SNR of
1.99 on the XD-Violence dataset. These results demonstrate
that the scene-aware semantic axis achieves a good balance
between generalization ability and specificity.

Importantly, this conclusion applies to all backbone net-
works: as shown in Appendix Table 4, PRISM(PE) also
achieves the best overall results, reaching an AUC of 85.85%
and an SNR of 1.34 on the UCF-Crime dataset, and an AP
of 80.31% and an SNR of 2.06 on the XD-Violence dataset.

4.3. Qualitative Analysis

To visually demonstrate the effectiveness of PRISM, Figure
4 shows the frame-level anomaly scores from four repre-
sentative samples from UCF-Crime and XD-Violence. The
score curves exhibit excellent stability: the anomaly scores
are relatively flat in normal footage, while they rise sharply
when anomalies occur (red shaded areas). Notably, even in
the dynamic backgrounds of XD-Violence (crowds, moving
cameras), PRISM maintains a high signal-to-noise ratio,
successfully distinguishing normal activity from genuine
violent events.

To verify PRISM’s geometric correction and noise sup-
pression ability, we visualize embedding distributions via
t-SNE on XD-Violence (Figure 5) and the similarity ma-
trices between video features and the text descriptions on
UCF-Crime (Figure 6).All of the above effects are from the
qwen3 encoder.The t-SNE visualization on UCF-Crime and
the similarity matrix between XD-Violence video features
and text descriptions can be viewed in the appendix.

Figure 5 - Geometric Structure: We perform joint projec-
tion of the text video embedding and semantic description
to ensure that the spatial distance reflects the cosine con-
traction.Before whitening (left image),the text embedding
collapses into a narrow cone, which is semantically irrele-
vant, and ”normal” is buried in the abnormal cluster—which
explains the high false positive rate. After PRISM (right),
whitening disperses text clusters,which make ”Normal” iso-
lated and “Fighting” centered in its cluster, providing quali-
tative evidence of improved geometric separation.

Figure 4. Qualitative results obtained by PRISM on four test
videos, including two videos from UCF-Crime (top row) and two
videos from XD-Violence (bottom row). For each video, we plot-
ted the inter-frame anomaly scores calculated by PRISM. The
figure shows some keyframes and their best-matching temporal
summaries (blue lines represent anomaly scores, and red borders
represent anomaly frame predictions), visually demonstrating the
correlation between predicted anomaly scores and visual content.

Figure 5. Visualization of the Joint Feature Space via t-
SNE(XD-Violence) We visualize the geometric distribution of
video clips (small dots) and text descriptions (large stars). Dif-
ferent colors represent different events (for example, blue repre-
sents an explosion, and red represents a shooting). After applying
PRISM, text anchors become better separated from mismatched
video clusters, and the normal semantics are more clearly separated
from anomalous clusters.
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Figure 6. Comparative results of semantic alignment matrix(UCF-
Crime). The Y-axis represents the Ground Truth Video Category,
and the X-axis represents the text semantic points.

Figure 6 - Quantitative Evidence: Raw features (left) ex-
hibit severe common-mode bias: Normal videos show high
similarity to all anomaly texts (0.45-0.53), while diagonal
values (correct matches) are only marginally higher (0.52-
0.64).After PRISM (right), Normal-Anomaly similarities
drop dramatically to near-zero (0.00-0.19), while diagonal
structure is preserved. This provides quantitative evidence
that PRISM reduces normal-anomaly similarity while pre-
serving semantic alignment.

5. Limitations and Societal Impact
PRISM follows a training-free, text-guided VAD setting and
assumes that normal and anomalous semantics can be speci-
fied by a predefined description pool. Therefore, PRISM is
not a fully open-world anomaly discovery system; detecting
completely unspecified anomaly types remains future work.
In addition, the current whitening operation is linear and
text-side only, which may be insufficient to fully disentangle
foreground actions from complex dynamic backgrounds.

6. Conclusion
This paper proposes PRISM, a training-free video anomaly
detection framework.PRISM models anomalous biases as
common-mode noise caused by anisotropic vector distribu-
tions and introduces statistical whitening to eliminate the
correlation of background components, thereby significantly
improving multiple metrics such as AUC, AP, and signal-
to-noise ratio. It also preserves event-specific semantic
information. PRISM achieves state-of-the-art performance
among training-free methods in three benchmark tests while
maintaining real-time inference speed. PRISM requires no
training, no auxiliary knowledge base, and no high-latency
VLM calls. Together with its interpretable geometric in-
ference process, these properties make PRISM suitable for
real-time monitoring and security applications.
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A. appendix.

Table 4. Ablation study on UCF-Crime and XD-Violence using Perception Encoder. PRISM(PE) outperforms the multi-axis baseline and
achieves the best overall performance.

ID Method White? Gran. UCF-Crime XD-Violence

AUC SNR AP SNR

M1 Memory (Raw) ✗ Inst. 81.21 1.10 70.10 1.29
M2 Mem. (Flash.) ✗ Inst. 82.69 1.29 71.89 1.44
M3 Global (Raw) ✗ Glob. 82.01 1.19 77.01 1.91
M4 Global (White.) ✓ Glob. 82.98 1.22 76.32 1.89
M5 (Multi-Axis) ✗ Scen. 85.11 1.30 79.32 2.02
M6 PRISM (PE) ✓ Scen. 85.85 1.34 80.31 2.06

Table 5. End-to-end inference latency and system frame rate (FPS) breakdown across different model backbones.
Method Video decoding Image preprocessing Feature extraction Algorithm time Frame rate of end-to-end system

LAVAD - - - - 1.32 fps
PerceptionEncoder+Flashback 3.56 ms 1.389 ms 14.752 ms 0.410 ms 50.74 fps
Qwen3-VL-Embedding+Flashback 3.96 ms 0.10 ms 86.955 ms 0.532 ms 11.47 fps
PerceptionEncoder+PRISM 3.56 ms 1.389 ms 14.752 ms 0.084 ms 50.75 fps
Qwen3-VL-Embedding+PRISM 3.96 ms 0.10 ms 86.955 ms 0.082 ms 11.48 fps

Table 6. Robustness test on MSAD using mixed text descriptions from UCF-Crime, XD-Violence, and MSAD. Results are based on
Qwen3 embeddings.

ID Method White? Gran. AUC AUC A AP AP A SNR

M1 Memory (Raw) ✗ Inst. 91.10 67.68 69.52 71.90 1.885
M2 Memory (Flash.) ✗ Inst. 91.00 66.38 68.52 70.56 1.943
M3 Global (Raw) ✗ Glob. 91.16 66.82 71.17 72.23 1.934
M4 Global (White.) ✓ Glob. 91.24 67.21 71.08 72.13 1.944
M5 Multi-Axis ✗ Scen. 91.64 68.75 73.49 74.55 1.999
M6 PRISM (Qwen) ✓ Scen. 91.80 69.64 75.18 76.25 2.083

Figure 7. Comparative results of the semantic alignment matrix on XD-Violence.
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Figure 8. Visualization of the Joint Feature Space via t-SNE (UCF-Crime). Video clips are shown as small dots and text descriptions
as large stars, demonstrating robust separation across datasets and conditions.

Figure 9. Hyperparameter sensitivity analysis of PRISM. PRISM remains competitive when varying the whitening regularization
coefficient λ and semantic temperature τ .
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