
Text-guided Fine-Grained Video Anomaly Understanding

Jihao Gu1 Kun Li2 He Wang1 Kaan Akşit1
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Abstract

Subtle abnormal events in videos often manifest as weak
spatio-temporal cues that are easily overlooked by con-
ventional anomaly detection systems. Existing video
anomaly detection approaches typically provide coarse bi-
nary anomaly decisions without interpretable evidence,
while large vision-language models (LVLMs) can pro-
duce textual judgments but lack precise localization of
subtle visual signals. To address this gap, we propose
Text-guided Fine-Grained Video Anomaly Understanding
(T-VAU), a framework that grounds subtle anomaly ev-
idence into multimodal reasoning. Specifically, we in-
troduce an Anomaly Heatmap Decoder (AHD) that per-
forms visual-textual feature alignment to extract pixel-level
spatio-temporal anomaly heatmaps from intermediate vi-
sual representations. We further design a Region-aware
Anomaly Encoder (RAE) that converts these heatmaps
into structured prompt embeddings, enabling the LVLM
to perform anomaly detection, localization, and semantic
explanation in a unified reasoning pipeline. To support
fine-grained supervision, we construct a target-level fine-
grained video-text anomaly dataset derived from Shang-
haiTech and UBnormal with detailed annotations of ob-
ject appearance, localization, and motion trajectories. Ex-
tensive experiments demonstrate that T-VAU significantly
improves anomaly localization and textual reasoning per-
formance on both benchmarks, achieving strong results in
BLEU-4 metrics and Yes/No decision accuracy while pro-
viding interpretable pixel-level spatio-temporal evidence
for anomaly understanding. The code will be available at
https://github.com/momiji-bit/T-VAU.

1. Introduction
Video Anomaly Detection (VAD) [2, 17, 29, 38, 39, 47] is
critical for safety-critical visual systems, e.g., public secu-
rity monitoring and industrial inspection. In real-world sce-
narios, anomalies often manifest as subtle spatio-temporal
cues—such as slight motion deviations, short-lived interac-

Figure 1. Comparison of anomaly detection paradigms and our T-
VAU. (a) Traditional IAD/VAD outputs anomaly scores/heatmaps
but lacks semantic explanation. (b) LVLMs provide textual
judgments but lack pixel-level localization of subtle cues. (c)
LVLM–diffusion hybrids combine visualization and text but may
be unstable/inconsistent. (d) T-VAU couples a text-aligned AHD
with a RAE to deliver pixel-level spatio-temporal localization and
evidence-grounded reasoning (judgment, appearance, motion) for
fine-grained anomaly understanding.

tions, or fine-grained appearance changes—that are easily
obscured by background clutter, compression artifacts, oc-
clusions, and scene dynamics. This low-SNR characteristic
makes reliable detection highly dependent on interpretable
pixel-level evidence, a key aspect of subtle visual comput-
ing [9, 10, 14, 15, 23, 34, 50].

Mainstream VAD pipelines, including reconstruction-,
prediction-, memory-based, and discriminative approaches,
typically output video- or frame-level anomaly scores and
rely on manual thresholds for decision-making [29, 39]. Al-
though effective in many cases, such coarse outputs are in-
sufficient for subtle and localized anomalies: fine-grained
cues may be diluted by feature aggregation, and the lack
of explicit evidence reduces robustness, generalization, and
human trust. In practice, anomaly understanding often re-
quires more than binary prediction, including where the
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anomaly occurs, which target is responsible, and how it
evolves over time. Beyond detection, anomaly understand-
ing therefore aims to localize abnormal events, identify re-
sponsible targets, and provide interpretable explanations of
their temporal evolution, aligning with localization-oriented
evaluation protocols, such as region-based and track-based
criteria [37].

Recently, vision–language pretraining [18, 25, 26, 36,
40] and large vision–language models (LVLMs) have sig-
nificantly advanced open-vocabulary perception and multi-
modal reasoning [3, 5, 27, 55]. These models are appeal-
ing for anomaly understanding because language provides
a flexible interface for interactive querying and seman-
tic explanation. However, when directly applied to VAD,
general-purpose LVLMs often struggle to ground subtle
anomalies in pixel-level evidence, leading to unreliable lo-
calization and potentially unfaithful textual claims (Fig. 1).
Meanwhile, text-guided anomaly localization has been ex-
plored in image anomaly understanding using VLP priors
and fine-grained descriptions [11], but extending this capa-
bility to video remains challenging due to temporal dynam-
ics and subtle motion cues.

To address these limitations, we propose T-VAU, an
LVLM-based framework that closes the loop from pixel-
level evidence to language-based reasoning. Our key idea is
to (i) extract spatio-temporal anomaly evidence through vi-
sual–text alignment and (ii) inject this evidence into LVLMs
as structured anomaly prompts for multi-task, multi-turn
reasoning. Specifically, we introduce an Anomaly Heatmap
Decoder (AHD) that aligns intermediate visual tokens
with a built-in normal–abnormal prompt pair to generate
threshold-free anomaly heatmaps with high spatial preci-
sion. We further design a Region-aware Anomaly En-
coder (RAE) that converts heatmap evidence into region-
and motion-aware prompt embeddings, bridging low-level
anomaly evidence with high-level LVLM priors. These
components enable unified anomaly judgment, localization,
target identification, appearance description, and motion or
trajectory reasoning through multi-turn interaction.

To facilitate fine-grained anomaly understanding, we
construct a target-level video–text anomaly dataset based
on ShanghaiTech and UBnormal, with explicit supervision
on appearance, localization, and motion trajectories. This
dataset allows T-VAU to learn consistent mappings from
pixel-level evidence to faithful language descriptions, im-
proving both interpretability and generalization.

In summary, our contributions are threefold:
(1) We present T-VAU, a fine-grained video anomaly

understanding framework built upon large vision–language
models. It integrates an Anomaly Heatmap Decoder (AHD)
for precise pixel-level anomaly localization and a Region-
aware Anomaly Encoder (RAE) for injecting region-aware
and motion-aware evidence into language reasoning, en-

abling a unified solution for anomaly detection, localiza-
tion, and multi-turn explanation.

(2) We construct a fine-grained anomaly understand-
ing dataset based on two large-scale benchmarks, Shang-
haiTech and UBnormal, supporting both target localization
and language-based anomaly understanding. It provides
frame-wise annotations for ShanghaiTech (4,108 training /
1,028 validation) and target-aligned descriptions for Shang-
haiTech (5,136 samples) and UBnormal (7,912 samples),
covering abnormal targets, appearance attributes, and mo-
tion trajectories.

(3) We achieve state-of-the-art performance across
anomaly judgment, localization, and dialog-based expla-
nation benchmarks, demonstrating the effectiveness of our
framework for fine-grained and explainable video anomaly
understanding.

2. Related Work

2.1. Video Anomaly Understanding

Video anomaly detection (VAD) has long been dominated
by the paradigm of learning normality and identifying de-
viations at test time, with representative directions includ-
ing weakly supervised multiple-instance learning, predic-
tive modeling, memory-based modeling, and more recent
discriminative or density-based formulations [29, 30, 33,
39, 54]. While these methods have substantially advanced
benchmark performance, most of them primarily output
frame- or clip-level anomaly scores, making it difficult to
support fine-grained reasoning about where an anomaly
occurs, which target is responsible, and how it evolves
over time. This limitation has motivated a shift toward
localization-oriented evaluation and finer anomaly localiza-
tion, as reflected by region- and track-based protocols [37]
and benchmarks with pixel-level annotations such as UB-
normal [1]. In parallel, vision-language pretraining has in-
troduced a new line of work that injects semantic priors into
VAD, including prompt-based weakly supervised methods
such as VadCLIP and STPrompt [45, 46], open-vocabulary
formulations such as OVVAD [44], and training-free or
reasoning-oriented frameworks built upon large language
models, e.g., LAVAD and AnomalyRuler [48, 52].

Recently, video anomaly understanding has emerged as
a distinct setting, with datasets and systems such as UCA,
CUVA, HAWK, VERA, Holmes-VAU, VANE-Bench, and
VAU-R1 pushing the field from score prediction toward ex-
planation, dialogue, and anomaly-aware reasoning [6, 7, 41,
49, 51, 53, 56]. Nevertheless, existing approaches still often
rely on coarse global descriptions or weak spatial ground-
ing, leaving a gap between pixel-level anomaly evidence
and faithful language-based interpretation.



Figure 2. The proposed T-VAU model. The framework consists of three modules: a Text Encoder (Et ) that generates class-speci�c text
embeddings Sc from binary prompts; an Anomaly Heatmap Decoder (AHD) that fuses Sc with visual features V to produce spatio-temporal
pixel-level anomaly heatmaps H; and a Region-aware Anomaly Encoder (RAE) that projects Hc into the LoRA-tuned LVLM semantic
space and integrates it with a video V and a sequence of incrementally re�ned question Q�t to yield the �nal anomaly understanding
response At .

2.2. Subtle Visual Cues & Fine­grained Supervision

A key bottleneck in �ne-grained anomaly understanding
lies in the mismatch between the desired level of reason-
ing and the granularity of available supervision. Classi-
cal VAD datasets, such as ShanghaiTech and UCF-Crime,
mainly provide video- or frame-level labels, which are
suf�cient for anomaly scoring but inadequate for learn-
ing consistent mappings from localized evidence to target-
aware semantic explanations [29, 39]. Although subsequent
benchmarks have gradually enriched the supervision space,
their focus varies substantially: Street Scene emphasizes
localization-oriented evaluation [37], UBnormal provides
pixel-level masks under an open-set setting [1], UCA ex-
tends surveillance anomaly understanding with sentence-
level annotations [51], and CUVA further introduces causal
supervision over the what, why, and how of anomalous
events [6]. Recent large-scale resources, including Holmes-
VAU, SurveillanceVQA-589K, and VANE-Bench, continue
this trend by expanding anomaly understanding toward
long-horizon, hierarchical, and conversational settings [7,
24, 53]. These developments are also closely aligned with
the agenda of subtle visual computing (SVC) [12, 13, 19–
23, 28, 35, 42, 43], which emphasizes low-SNR visual
cues, robustness, generalization, interpretability, and uni-
�ed modeling across tasks and modalities in complex real-
world environments [31]. From this perspective, �ne-
grained video anomaly understanding can be viewed as an
instance of SVC: subtle anomalies are often local, short-
lived, and easily drowned by background clutter, requiring
not only stronger spatio-temporal representations but also
evidence-aware explanation.

Our work follows this direction by coupling pixel-level
anomaly grounding with target-level appearance, localiza-
tion, and trajectory supervision, thereby enabling anomaly
judgment, localization, and language explanation within a
uni�ed framework.

3. Proposed Method

3.1. Framework Overview

We propose T-VAU, a uni�ed framework for �ne-grained
video anomaly understanding built on a frozen Large
Vision-Language Model (LVLM). Unlike conventional
video anomaly detection methods that mainly output
anomaly scores or coarse localization results, T-VAU jointly
supports anomaly judgment, spatio-temporal localization,
and interactive language-based analysis. Given an input
video V 2 RT �3�H�W , a sequence of natural language
queries Q�t = fQ 1; : : : ; Q t g, and binary text prompts
Tc 2 RN c �L for each category c 2 fnormal; abnormalg,
the model predicts pixel-level spatio-temporal anomaly
heatmaps H and the response At at dialogue round t:

H; A t = M(V; Q �t ; A �t�1 ; Tc; �); (1)

where M(�; �) denotes T-VAU, and T 0, H 0, and W0denote
the temporal and spatial resolutions after the visual encoder.

As shown in Fig. 2, T-VAU consists of a frozen LVLM
backbone, including a Vision Encoder Ev , a Text En-
coder Et , and a Large Language Model Decoder Dl , to-
gether with two lightweight trainable modules: the AHD
and the RAE. The AHD aligns multiscale visual features
with sentence-level text embeddings to produce frame-
wise anomaly heatmaps. The RAE further converts these



heatmaps into structured prompt embeddings, which are
fused with visual and dialogue context to enhance anomaly-
aware reasoning. In this way, T-VAU couples explicit
anomaly localization with language-guided reasoning in a
uni�ed framework.

3.2. Model Design

3.2.1. Anomaly Heatmap Decoder

AHD takes multiscale visual features from Ev and binary
text prompts from Et as input. For each scale, it computes
visual-text cosine similarity and fuses the resulting similar-
ity maps to generate anomaly heatmaps. During this stage,
only AHD is optimized.

Textual Feature Extraction. We construct template-
based prompts for two categories, normal and abnormal,
and tokenize them as Ttok

c 2 RN c �L . The text encoder Et
extracts token-level embeddings, which are mean-pooled to
obtain sentence-level features:

T 0
c = E t (T tok

c ) 2 R N c �L�D ; (2)

T c =
1

NcL

N cX

n=1

LX

`=1

T 0
c[n; `; :] 2 R D ; (3)

where D is the text feature dimension.
Visual Feature Extraction. Given a video clip V 2

RT �3�H�W , we �rst encode it using the visual encoder to
obtain an initial feature tensor V0 2 RT 0�D v �H 0�W 0

. Let
� i (�) denote the output of the i-th transformer block in the
visual encoder. We extract intermediate visual representa-
tions from multiple layers to capture multi-scale semantics:

V i = � i (V 0); i 2 f1; 8; 16; 32g; (4)

where Vi 2 RT 0�D v �H 0�W 0
denotes the feature map from

the i-th transformer layer. These features encode visual
information at different levels of abstraction and are later
fused to construct anomaly heatmaps.

Anomaly Heatmaps Generation. We project each in-
termediate visual feature Vi to the shared text-visual space
via an MLP, yielding V0

i 2 RT 0�D�H 0�W 0
. We then com-

pute cosine similarity between each spatio-temporal visual
token and the sentence-level text feature:

h i
c[t; h; w] = CosineSimilarity(V 0

i [t; :; h; w]; T c) : (5)

To aggregate information across layers, we introduce learn-
able weights wi and fuse the similarity maps:

H c =
X

i

wi � h i
c 2 RT 0�2�H 0�W 0

: (6)

Finally, we apply softmax along the category dimension and
take the anomaly channel as the �nal heatmap:

~H = Softmax(H c) 2 R T 0�2�H 0�W 0
; (7)

H = ~H[:; abnormal; :; :] 2 R T 0�1�H 0�W 0
: (8)

3.2.2. Region­aware Anomaly Encoder

RAE transforms predicted anomaly heatmaps into struc-
tured prompt embeddings, which are injected into the
LVLM decoder to improve anomaly reasoning.

Region-Aware Feature Extraction. Given category-
wise anomaly heatmaps sequence Hc 2 RT 0�2�H 0�W 0

,
we �rst compute temporal differences between adjacent
frames:

X[t] = H c[t + 1] � H c[t]; ft = 1; : : : ; T 0 � 1g; (9)

where X 2 R(T 0�1)�2�H 0�W 0
represents the temporal dif-

ferences between consecutive anomaly heatmaps. These
motion-aware heatmaps are then processed by a lightweight
convolutional backbone to extract region-aware features:

F = ConvBackbone(X) 2 R (T 0�1)�C h �H 0�W 0
: (10)

Prompt Embedding Generation. To encode both local
and global anomaly cues, we partition each frame into a
regular grid (e.g., 3 �3) and apply adaptive average pooling
to obtain regional features Fgrid 2 R (T 0�1)�9�C h . These
features are mapped into region-speci�c prompts:

P region = MLP region (F grid ) 2 R (T 0�1)�9�D : (11)

A global prompt is generated by spatial mean pooling fol-
lowed by an MLP:

pglobal = MLP global (MeanPool(F)) 2 R (T 0�1)�1�D :
(12)

We also introduce a learnable base prompt Pbase 2
R1�N base �D , shared across time. The �nal anomaly prompt
sequence is constructed as

P An =
�

P base; P region ; pglobal
�

2 R (T 0�1)�(N base +9+1)�D :
(13)

We then concatenate anomaly prompts with visual
prompts and dialogue context:

P V = MLP(V 32);

P Q �t = E t (Q �t ; A �t�1 );

P =
�

P V ; P An ; P Q �t

�
;

(14)

where PV is the visual prompt, PQ �t encodes the query-
response history, and P is the �nal prompt sequence fed into
D l for anomaly-aware reasoning.

3.3. Fine­grained Anomaly Understanding

To support �ne-grained anomaly understanding, we con-
struct a structured video–text supervision pipeline cover-
ing three aspects: appearance attributes, spatial localiza-
tion, and motion trajectory, as illustrated in Fig. 3. Since
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