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Figure 16: Anomaly scores of normal videos. Smaller anomaly scores indicate fewer false alarms and
demonstrate a more reliable detection result. From top to bottom, the anomaly scores are generated
by MGFN [6], UR-DMU [64], PEL4VAD [29], and Ours, respectively.

J Qualitative Results

To illustrate the effectiveness of our method, we further visualize the anomaly scores of some hard
cases with background interference, noisy scenes, subtle abnormal behaviours, and varied anomaly
durations, compared with MGFN [6], UR-DMU [64], and PEL4VAD [29].

Figure 14a and Figure 14b visualize the detection results on videos with anomalous events occurring
at different temporal scales. Our dynamic anomaly event mining algorithm effectively captures
anomaly patterns across varying durations by jointly leveraging anomaly relevance and feature
similarity. As a result, it achieves robust detection performance across diverse temporal scopes and
produces clear and well-aligned event boundaries. Figure 14c and Figure 14d present detection
results on grayscale videos, where the anomalous behaviors are visually subtle and corrupted by
significant noise. In such challenging settings, our model still accurately identifies the anomaly
duration, attributed to the precise guidance provided by single-frame supervision. Unlike weakly-
supervised approaches that rely on coarse temporal labels, the fine-grained supervision facilitates
robust learning of discriminative features.

Compared with MGFN, UR-DMU, and PEL4VAD, our method demonstrates more precise temporal
localization, effectively capturing the onset and end of temporal episodic anomalies, such as car
accidents in Figure 15a and shootings in Figure 15b. These events typically occur and vanish rapidly,
making them challenging to detect with weak supervision. Our method successfully localizes them
without triggering excessive false alarms, benefiting from the proposed pre-event normal decoupling
strategy, which disentangles the contextual patterns preceding abnormal events. This decoupling
enables the model to distinguish normal fluctuations from truly anomalous changes. In Figure 15c, we
observe a well-localized prediction for a sparse anomaly, alongside effective suppression of pseudo
anomalies in unrelated regions. Figure 15d and Figure 15e show ideal detection results on longer
anomalous intervals, while Figure 15f demonstrates the ability to detect short anomalies embedded
within long abnormal periods. These results highlight our model’s ability to decouple fine-scale
anomalies from extended contextual sequences, significantly reducing false alarms.

Figure 16 shows detection results on normal videos with high visual similarity to anomalous cases,
such as cashier scenes (visually similar to robberies) and traffic scenarios (resembling accidents).
Our method yields nearly flat anomaly scores across the entire video, indicating strong confidence in
normality. This performance benefits from the proposed pattern decoupling strategy, which explicitly
separates abnormal patterns from high-frequency but non-anomalous behaviors. Unlike prior methods
that often confuse visually similar contexts, our model learns semantically meaningful representations
that generalize well to hard negatives, enabling accurate rejection of false positives in visually
ambiguous settings.
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K Discussion of Related Methods

This section discusses the difference between our method with related works, including the supervision
paradigm [59] and methods [65, 36].

Recently, Zhang et al. [59] study glance annotation in VAD, leveraging a frame annotation per
abnormal event. Since multiple abnormal events may be involved in an abnormal video, such glance
annotation typically requires multiple frame annotations per abnormal video, which imposes a high
demand on the comprehensiveness of the labeling. On the one hand, this labeling process is more
labor-intensive, as a full video review is necessary to ensure the completeness of the annotations.
On the other hand, glance annotation requires precise temporal localization of abnormal events, as
annotators must label each frame within distinct abnormal events, which necessitates validating both
the onset and the conclusion of these events. As a result, the theoretic low bound of annotation time
of glance supervision is close to that of fully supervision. In contrast, as depicted in Section C, our
single-frame supervised paradigm increases annotation efficiency dramatically compared to glance
annotation, as full video review and exhaustive temporal localization are not required in SF-VAD. As a
consequence, the theoretic annotation time of single frame supervision is closed to weak supervision.

From a methodological perspective, glanceVAD [59] integrates UR-DMU [64] framework with
temporal Gaussian splatting to identify static abnormal intervals, where the variance of Gaussian
distribution is static as hyperparameter setting. In contrast, our Frame-guided Progressive Learning
(FPL) takes anomaly relevance and feature similarity into consideration to dynamically prob the
abnormal event intervals in a reliable way. In addition, FPL decouples normal context in abnormal
videos to suppress false alarms, while significantly reducing the annotation burden.

Previous works [65, 36] employ evidential learning to solve VAD problems as well. Zhu et al.
[65] integrate evidential learning to select reliable snippets by evidential learning to solve open-set
VAD problems. Sun et al. [36] capture the deviation of normal samples as anomalies by evidential
learning in semi-supervised VAD paradigm. Fundamentally, our FPL differs from previous methods
in the following aspects. First, we leverage evidential learning to estimate anomaly relevance,
where only annotated frame is involved to ensure a noise-free anomaly evidence learning process,
replacing top-k sampling procedure that introduces noise and destabilizes the training. Second,
we leverage Beta distribution in evidential learning instead of Dirichlet distribution for VAD, as a
binary classification problem. Third, to encourage relevance learning and predominant evidence, we
incorporate regularization term LKL. As a result, we realize a reliable anomaly relevance estimation
by evidential learning.

L Limitation and Future Work

In the current approach, the extension from single-frame to multiple anomaly events relies primarily
on feature similarity for anomaly detection. While this method shows promising results in the
context of the experiments conducted, it places significant demands on the discriminative power
of the features. As the complexity of the scenarios increases, the challenge lies in extracting more
distinctive features that can effectively differentiate between various anomaly events. Moreover, the
ability to reliably explore dynamic, continuous multiple anomalies over time remains an open issue.
The model’s current formulation may not fully capture the temporal dependencies and interrelations
between anomalous segments. Therefore, future work will focus on enhancing feature extraction
techniques and developing more robust dynamic strategies to improve the model’s capability in
detecting multiple anomalies in a continuous sequence.

In addition, current inexact supervision primarily focuses on the temporal dimension, leveraging
frame-level annotations for anomaly detection. However, the spatial aspect remains relatively
unexplored. A promising direction for future work is to extend this supervision to the spatial domain,
where incorporating point-level supervision could highlight the anomalous objects or regions within
each frame. By doing so, the model could achieve more accurate spatiotemporal anomaly localization,
identifying both the occurrence and the specific spatial location of the anomaly. This would allow
for a more granular understanding of abnormal events, further enhancing the model’s capability to
detect and localize anomalies across both space and time. Therefore, future research will explore
methods to integrate spatial cues into the existing framework to improve the robustness and precision
of anomaly detection.
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