Fine-VAD: Towards Fine-Grained Video Anomaly Detection via Progressive
Cross-Granularity Learning

Supplementary Material

In this supplementary material, we provide additional
discussions and analyses to support the claims made in the
main paper:
¢ Computational Efficiency. Section A reports the com-

putational efficiency of Fine-VAD, including inference
speed (FPS) and GFLOPs, demonstrating the practicality
and scalability of our framework.

* Hyperparameter Sensitivity. Section B presents sen-
sitivity analyses on key hyperparameters, including the
temporal window size, the top-1' aggregation parameter
in MIL-Align, and the prompt design used in the MLLM-
based variant.

e Ablation on Pseudo-Labeling Strategies. Section C
evaluates alternative pseudo-label construction strategies
for generating macro-categories, confirming the robust-
ness of our intermediate-level supervision.

¢ Ablation on Intermediate-Level Depth. Section D ana-
lyzes the effect of varying the depth of intermediate align-
ment, including inserting multiple pseudo-supervision
stages.

* Ablation on XD-Violence. Section E provides addi-
tional ablation results on XD-Violence to further verify
the effectiveness of the proposed design under a different
dataset setting.

* Additional Comparison with Related Work. Section F
provides a detailed discussion comparing our progressive
cross-granularity learning paradigm with related strate-
gies such as label distillation and curriculum learning,
highlighting the unique aspects of our approach.

* Additional Experimental Results. Section G pro-
vides extended experiments, including (1) per-category
anomaly detection performance, (2) results on Shang-
haiTech, and (3) coarse-grained detection results.

* Failure Cases and Analysis. Section H presents repre-
sentative failure examples and analyzes the main chal-
lenges that remain for Fine-VAD.

A. Computational Efficiency

We assess the computational efficiency of Fine-VAD in
terms of inference time and computational cost. For a fair
comparison, we evaluate our method against recent VLM-
based approaches using the same CLIP backbone (ViT-
B/16). As shown in Table 1, Fine-VAD achieves an infer-
ence time of 23.12 ms and a computational cost of 34.61G
MAC s, while substantially outperforming all baselines in
fine-grained VAD performance.

Although the computational cost of Fine-VAD is mod-

Table 1. Comparison of inference time, computational cost
(MACs), and average fine-grained mAP on the UCF-Crime
dataset.

. Average
Method Inference Time | MACs | mAP (%)
VadCLIP [17] 22.30ms 29.17G 6.68
ExVAD [4] 15.37ms 12.04G 10.15
Fine-VAD (Ours) 23.12ms 34.61G 14.99

erately higher than that of VadCLIP [17] and ExVAD [4],
the overall overhead remains modest. This increase is jus-
tified by a clear performance gain, as Fine-VAD improves
the average mAP from 10.15% to 14.99% over the strongest
baseline. The efficiency of our design mainly comes from
two aspects: the CLIP backbone remains frozen during
both training and inference, and the additional modules are
lightweight, consisting only of the video adapter and align-
ment layers.

Notably, an inference time of 23.12 ms corresponds to
approximately 43.25 FPS, which is well above the frame
rate of many real-world surveillance videos. Since practical
surveillance systems typically operate at around 15-25 FPS,
Fine-VAD is suitable for real-time deployment in practical
scenarios.

B. Hyperparameter Sensitivity

We analyze the sensitivity of Fine-VAD to three factors: the
temporal window size used in the video adapter, the top-7’
parameter in the MIL-Align strategy, and the prompt tem-
plate used in the MLLM-based variant. These factors affect
temporal context modeling, category-level similarity aggre-
gation, and textual query formulation, respectively.
Analysis of Temporal Window Size. We first study the
effect of the temporal window size in the video adapter. As
shown in Table 2, performance generally improves as the
window size increases to an appropriate range, while overly
large windows may weaken local motion cues and hurt fine-
grained discrimination. In the main experiments, we follow
prior work [17] and set the window size to 8 for UCF-Crime
and 64 for XD-Violence, which also correspond to the best
average mAP in our experiments.

Analysis of Top-7" in MIL-Align. For the top-1" parameter
in MIL-Align, we adopt the default value 7" = 16 following
prior work [17]. Since MIL-Align is a fixed inference mech-
anism inherited from earlier studies, our goal is to main-



Table 2. Sensitivity to temporal window size. The adopted set-
tings, i.e., 8 for UCF-Crime and 64 for XD-Violence, are consis-
tent with prior work and achieve the best average mAP (%) in our
experiments.

Window Size 4 8 16 32 48 64 80

UCF-Crime 13.74 14.99 13.82 12.65 11.58 10.63 8.94
XD-Violence 22.63 23.41 26.98 29.59 30.66 31.87 27.14

Table 3. Sensitivity to prompt templates on UCF-Crime and XD-
Violence.

Prompt Template UCF-Crime  XD-Violence
a video of {category} 14.99 31.87
a video showing {category} 14.87 32.15
an anomalous event of {category} 15.05 31.68

Mean =+ Std 14.97 £ 0.10  31.90 £ 0.25

Table 4. Preliminary sensitivity analysis of the top-1" parameter in
MIL-Align. Performance remains relatively stable across a range
of values. T' = 16 is highlighted as the default setting used in our
main experiments and prior work.

Top-T' 4 8 16 24 32

UCF-Crime (mAP %) 14.79 14.90 14.99 15.08 15.11
XD-Violence (mAP %) 31.58 31.96 31.87 31.82 31.75

tain fair comparability with existing baselines rather than
exhaustively tune this parameter. Nevertheless, we con-
duct a small-scale preliminary analysis to examine its influ-
ence. As shown in Table 4, varying 7" within a reasonable
range leads to only minor performance fluctuations, indi-
cating that Fine-VAD is relatively robust to this choice. Al-
though slightly better mAP values are observed at larger T’
on UCF-Crime, the default setting 7' = 16 provides strong
and stable performance across both datasets, while remain-
ing consistent with prior works [4, 17].

Analysis of Prompt Sensitivity. We further evaluate the
sensitivity of Fine-VAD to different prompt templates in
the MLLM-based variant. As shown in Table 3, the perfor-
mance remains highly stable across three alternative prompt
formulations, with very small standard deviations of 0.10%
on UCF-Crime and 0.25% on XD-Violence. These re-
sults suggest that the proposed progressive cross-granularity
paradigm is not tied to a specific prompt template and can
generalize well across different textual expressions.

Overall, our analysis confirms that the hyperparameter
choices used in the main experiments are both principled
and empirically optimal, consistent with prior work and val-
idated by ablation results.

Table 5. Ablation study on different pseudo-labeling strategies for
the intermediate level on UCF-Crime and XD-Violence. Average
mAP (%) is reported. Results demonstrate that our paradigm is
robust to the specific choice of grouping method.

Pseudo-Labeling Strategy UCF XD

Hierarchical Clustering 14.81 31.04
Manual Grouping 15.29 33.04
Random Grouping 12.15 28.63

K-Means Clustering (Ours) 14.99  31.87

C. Ablation on Pseudo-Labeling Strategies

In our proposed Fine-VAD, we employ K-Means cluster-
ing on CLIP-derived text embeddings of ground-truth cat-
egory labels to construct intermediate-level pseudo macro-
categories. A natural question is how sensitive the over-
all performance of our paradigm is to the specific choice
of this grouping strategy. To investigate this, we conduct
an ablation study comparing our default K-Means approach
with three alternative strategies for creating KX = 4 macro-
categories on the both datasets.

The compared strategies are as follows:

* K-Means Clustering (Ours): The default method used
in the main paper, which automatically groups categories
based on similarity in the CLIP embedding space.

* Hierarchical Clustering: An alternative method using
agglomerative clustering with Ward linkage.

* Manual Grouping: A human-curated grouping based
on expert knowledge. For example, Robbery, Burglary,
Shoplifting, and Stealing are grouped as “Theft-related.”
This represents a form of idealized semantic clustering.

* Random Grouping: A strong negative baseline where
the all categories are randomly partitioned into four
groups. This setting tests the robustness of the paradigm
under non-semantic intermediate supervision.

As shown in Table 5, the manually defined semantic
grouping achieves the highest mAP, serving as an idealized
upper bound based on expert knowledge. While this result
confirms the effectiveness of semantically coherent macro-
categories, the performance gain over our default K-Means
strategy is modest. We adopt K-Means in our main frame-
work because it requires no manual annotations and still
achieves near-optimal results. Hierarchical clustering yields
similarly strong performance, indicating that the paradigm
is not overly sensitive to the specific grouping algorithm, as
long as the resulting macro-categories preserve some degree
of semantic coherence.

The most surprising and insightful finding comes from
the random grouping setting. Even when the intermediate-
level groupings are entirely arbitrary and non-semantic, the
model still significantly outperforms the variant without any



Table 6. Ablation on the depth of intermediate supervision on
UCE. We report average mAP (%) against the number of inter-
mediate layers and the number of clusters (K') used at each layer.

# of Intermediate Layers K per Layer UCF-Crime

0 (Coarse + Fine only) - 10.93
1 (Default, main paper) 4 14.99
2 4,6 15.14
3 4,6,8 15.18

Table 7. Ablation study on hierarchical supervision levels on
the XD-Violence dataset.

D ‘ Hierarchical Level ‘ AVG

‘ Coarse Inter Fine ‘ mAP%
1 v 26.96
2 v v 29.53
3 v v 30.24
4 v v v 31.87

intermediate supervision. This strongly supports our core
hypothesis: the intermediate stage primarily serves as a
structural regularizer. The act of introducing coarse cate-
gorical boundaries, even noisy ones, helps pre-structure the
feature space and provides an inductive scaffold that stabi-
lizes learning under sparse fine-grained supervision.

In summary, this study demonstrates the robustness of
our progressive paradigm. While semantically meaning-
ful groupings can offer marginal improvements, the over-
all effectiveness of our approach stems from the cross-
granularity learning itself.

D. Ablation on Intermediate-Level Depth

We further analyze our hierarchical design by studying the
impact of the depth of intermediate supervision, which is
the number of intermediate alignment layers. This study is
conducted on UCF-Crime, where we compare our default
single-layer model against variants with zero, two, and three
intermediate layers. For deeper models, we create a pro-
gressively finer supervision path by incrementally increas-
ing the number of clusters (K) at each added layer.

The results in Table 6 reveal a clear trend of diminish-
ing returns. Introducing a single intermediate layer pro-
vides the most substantial benefit, boosting the AVG mAP
by a remarkable +4.06% from 10.93% to 14.99%. How-
ever, adding a second layer yields a much smaller gain of
+0.15%, and a third layer provides a negligible improve-
ment of just +0.04%. This demonstrates that while a sin-
gle intermediate stage plays an essential role in bridging
the supervision gap between coarse and fine levels, addi-
tional layers provide limited incremental benefit. As deeper

intermediate hierarchies tend to offer little new structural
guidance and may introduce redundancy, the performance
gain quickly saturates. Considering the substantial compu-
tational cost introduced by each extra layer, the trade-off be-
comes apparent. Therefore, we adopt a single intermediate
layer in our final model, as it achieves an effective balance
between performance and efficiency.

E. Ablation on XD-Violence

To complement the ablation study on UCF-Crime in the
main paper, we further conduct the same analysis on XD-
Violence. We primarily present ablations on UCF-Crime
in the main paper because it contains a larger number of
anomaly categories and thus provides a more challenging
testbed for evaluating fine-grained supervision. As shown
in Table 7, the observations on XD-Violence are highly
consistent with those on UCF-Crime. Using only fine-
level supervision yields an average mAP of 26.96%, while
introducing coarse-level supervision improves the perfor-
mance to 29.53%. Replacing coarse-level supervision with
intermediate-level supervision further increases the average
mAP to 30.24%, indicating that the pseudo macro-category
alignment provides more effective guidance for fine-grained
recognition. Combining all three levels achieves the best
performance of 31.87%, confirming that coarse, intermedi-
ate, and fine supervision are complementary and mutually
reinforcing. These results further verify that the effective-
ness of the proposed progressive cross-granularity design
generalizes across datasets.

F. Additional Comparison with Related Work

We provide a detailed discussion comparing our progressive
cross-granularity learning paradigm with two related learn-
ing strategies: Label distillation and Curriculum learning.

Label Distillation vs. Ours. Label distillation [1, 3] is
a knowledge transfer technique in which a compact stu-
dent model is trained using probabilistic labels provided
by a powerful pre-trained feacher model. While our use of
coarse and intermediate supervision may appear analogous
to offering softer guidance, the two approaches differ fun-
damentally in the source of supervision. Label distillation
relies on an external teacher model to supply privileged in-
formation, or, in the case of self-distillation [5, 14], utilizes
the model’s own predictions as soft labels. In contrast, our
multi-granularity supervision is derived intrinsically from
the hierarchical semantic structure of the data itself. The
coarse binary labels are ground truth, and the intermedi-
ate pseudo-labels are generated via unsupervised clustering
over fine-grained labels. No external teacher model is in-
volved. Moreover, the goals of the two methods are dis-
tinct: label distillation primarily targets model compression



Table 8. Per-category anomaly detection performance (mAUC) on UCF-Crime.

Method Class mAUC
Abuse Arrest Arson Assault Burglary Explosion Fight RoadAcc. Robbery Shoot Shoplift Steal Vandalism

CLIP [9] 57.37 80.65 93.72 80.83 74.34 90.31 8354 8746 7022 6399 7121 4549 6645 74.28

ActionCLIP [12]  91.88 90.47 89.21 86.87 81.31 94.08 83.23 9434 8282 70.53 91.60 94.06 89.89 87.72

AnomalyCLIP [19] 75.03 94.56 96.66 94.80 90.08 9479 88.76 9330  86.85 87.45 8947 97.00 89.78  90.66

Fine-VAD (Ours) 92.15 95.32 97.12 95.67 9145 95.34 89.73 95.12  89.76 88.54 92.34 9745 93.12 93.32

Table 9. Per-category anomaly detection performance (mAP) on XD-Violence.

Method Class mAP
Abuse CarAccident Explosion Fighting  Riot  Shooting

CLIP zero-shot [9] 0.32 12.21 22.26 25.25 66.60 1.26 21.32

ActionCLIP [12] 2.73 25.15 55.28 58.09 87.31 12.87 40.24

AnomalyCLIP [19]  6.10 31.31 68.75 71.44 92.74 26.13 49.41

Fine-VAD (Ours) 10.45 36.78 72.12 75.56 95.85 30.67 53.57

or transfer, whereas our paradigm addresses the challenge
of data scarcity in fine-grained tasks by constructing a struc-
tured learning path from generic to specific semantics.

Curriculum Learning vs. Our Paradigm. Curriculum
learning [8, 13] aims to improve model training by organiz-
ing data in a order from easy to hard, based on task difficulty
or sample uncertainty. The core idea is to gradually expose
the model to increasingly complex examples, thereby facil-
itating stable and efficient convergence. At first glance, our
progressive cross-granularity paradigm may appear similar,
as it also introduces supervision in stages. However, the
progression in our method is not defined by sample-level
difficulty, but rather by the semantic granularity of the task
itself. Specifically, our approach transitions from binary
anomaly labels to intermediate pseudo-labels and then to
fine-grained category labels, following a natural hierarchy
embedded in the label space. Moreover, curriculum learn-
ing typically assumes a fixed target label space, whereas
our method actively restructures the label space through un-
supervised clustering to form intermediate-level guidance.
Therefore, our paradigm constitutes a novel form of task-
level curriculum, where the learning progression is driven
by the hierarchical semantics of the task labels, rather than
by sample-level difficulty.

G. Additional Experimental Results

G.1. Per-Category Anomaly Detection Performance

To provide a more detailed understanding of model be-
havior across different anomaly categories, we report per-
category anomaly detection performance on UCF-Crime

and XD-Violence in Tables 8 and 9, respectively. Follow-
ing prior work [19], we adopt the mean Area Under the
Curve (mAUC) for UCF-Crime and the mean Average Pre-
cision (mAP) for XD-Violence, as these metrics are consis-
tent with the evaluation protocols commonly used in fine-
grained VAD.

UCF-Crime contains a larger set of anomaly categories
with dense frame-level annotations, making mAUC the
standard metric for assessing per-category discrimination.
In contrast, XD-Violence focuses on violence-related cat-
egories with highly imbalanced event durations, where
mAP provides a more stable and interpretable measure of
category-level detection quality.

Across both datasets, Fine-VAD achieves superior or
best-in-class performance on nearly all categories, demon-
strating the effectiveness of the proposed progressive cross-
granularity learning paradigm in enhancing fine-grained
anomaly discrimination. Notably, Fine-VAD substantially
boosts performance on visually similar anomaly types (e.g.,
Arson vs. Explosion, Fighting vs. Riot), which aligns with
our design goal of reducing inter-class confusion through
hierarchical supervision.

G.2. Results on the ShanghaiTech Dataset

To further assess the generalization ability of Fine-VAD, we
evaluate our framework on the ShanghaiTech dataset [6],
a widely used benchmark originally designed for semi-
supervised anomaly detection in campus scenes. Although
ShanghaiTech is primarily used in a semi-supervised set-
ting, it also provides category annotations for each anoma-
lous event. This enables a per-category evaluation protocol
similar to prior work [19]. Following this setting, we report
the mAUC for each activity class.



Table 10. Per-category anomaly detection performance (mAUC) on the ShanghaiTech dataset.

Method Class mAUC
Car Chase Circuit Fall Fight Jump Monocycle Push Robbery Run Skateboard Stoop Throw Vaudeville Vehicle
CLIP [9] 61.65 77.88 5.95 61.7379.3723.68 7778 6336 37.71 5439 76.15 847 4410 6597 27.08 51.02

ActionCLIP [12]  98.50 93.86 98.59 16.38 97.45 89.63  98.05
AnomalyCLIP [19] 98.08 96.66 97.97 96.69 98.03 95.48  86.89

8.14 6736 7825 97.10
97.99 95.00 9795 97.29

0.76 97.70  98.65 9397 75.63
98.62 96.50 96.97  96.79 96.46

Fine-VAD (Ours) 99.12 97.45 99.05 97.88 98.76 96.72  98.34

98.12 96.85 98.45 98.67

99.10 97.88 9845 97.92 97.85

Table 11. Comparison of coarse-grained video anomaly detec-
tion performance. Methods are grouped by paradigm from top to
bottom: weakly supervised, fine-grained, MLLM-based, and our
proposed variants.

Method | UCF (AUC%) | XD (AP%)
UR-DMU [21] 5, 86.75 82.41
MGEN [2] ;4 86.98 80.11
PEL4VAD [7] 1,5, 86.76 85.59
FedCLIP [11] 85.07 74.23
Real AD [10] s 84.14 75.18
AVVD [15] 1015 82.44 78.64
VadCLIP [17] .o 88.02 84.51
AnomalyCLIP [19] ;4 86.36 78.51
OVVAD [16] ¢ppns 86.40 66.53
LAVAD [20] (s 80.28 62.01
EXVAD [4] ;5 88.29 86.52
VERA [18] (5 86.55 70.54
Fine-VAD (Ours) \ 88.79 | 87.32

ShanghaiTech covers a diverse range of activities, such
as Chasing, Fighting, and Throwing, offering a complemen-
tary testbed for examining the robustness of fine-grained
anomaly understanding under varied motion patterns and
campus-specific contexts. As shown in Table 10, Fine-VAD
achieves strong performance across almost all categories
and consistently surpasses existing baselines, yielding the
highest overall mAUC. These results further verify that the
proposed progressive cross-granularity learning paradigm
generalizes effectively across datasets with different scene
distributions and anomaly features.

G.3. Coarse-Grained Detection Results.

To complement the fine-grained results reported in the
main paper, we provide the coarse-grained anomaly de-
tection results in Table 11. Fine-VAD also achieves the
best performance under the coarse-grained setting, reach-
ing 88.79% AUC on UCF-Crime and 87.32% AP on XD-
Violence. These results indicate that the proposed pro-
gressive cross-granularity paradigm not only improves fine-
grained anomaly classification, but also preserves strong
coarse-grained anomaly detection capability. This suggests
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Figure 1. Representative failure case on a shooting event. All
methods incorrectly classify the event as fighting, indicating the
difficulty of recognizing short-duration and abrupt anomalies with
subtle discriminative cues.

that the gains of Fine-VAD do not come at the expense of
coarse-grained detection performance.

H. Failure Cases and Analysis

Despite the strong overall performance of Fine-VAD, some
challenging cases remain difficult to classify correctly. As
already reflected in the per-category results in Section F.1,
the anomaly category shooting shows relatively lower per-
formance than several other categories. We attribute this
limitation partly to the fixed temporal sampling strategy,
which may miss the key frames of short-duration and abrupt
anomalies. As a result, the most discriminative visual
evidence may not be fully captured, making fine-grained
recognition more difficult.

Figure | presents a representative failure case on a shoot-
ing event. In this example, both baseline methods [1,2] and
Fine-VAD incorrectly classify the event as fighting, while
assigning a predicted probability below 0.15 to the correct
shooting category. This example suggests that, although
Fine-VAD improves fine-grained anomaly recognition over-
all, it still faces challenges when the target anomaly occurs
abruptly and is visually similar to other human-interaction
categories. These observations indicate that future im-
provements may benefit from more adaptive temporal sam-
pling or stronger modeling of brief yet highly discriminative
event moments.
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