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Figure I. Comparison
of passive and active
evidence acquisition
for video anomaly
understanding.
(a) Existing VAU
methods use static
s a m p l i n g i n t h e
verbal space, which
may mis s s pa r s e
anomaly evidence.
(b) Anom-π actively
explores the video in
the visual space to
gather informative
obse rva t ions and
detect anomalies.
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Our main contributions are as follows. (1) We propose Anom-π, which reformulates video
anomaly understanding as a closed-loop sequential decision-making process with active
interaction. (2) We design a set of reproducible and composable atomic observation operators,
and implement a controllable interact interface via tool calls. (3) We propose Interactive Direct
Preference Optimization (iDPO), guided by an Active Evidence Inquiry (AEI) utility, to align
the interleaved policy π at the trajectory level. (4) We validate the effectiveness and
generalization of the learned interleaved policy on multiple benchmarks and show that active
evidence acquisition improves evidence discovery and decision reliability.

Figure III. Temporal anomaly score curves. We compare Anom-π with VadCLIP, LAVAD, and
VERA on three scenarios. Yellow indicates the ground-truth anomalous interval and blue
indicates predicted anomalous spans after thresholding the anomaly score at 0.5.

Table I. Frame-level performance (AUC/AP) on UCF-Crime, XD-Violence, UBnormal, and CSAD. Expl.
indicates whether the method outputs an explanation. Reas. indicates whether explicit reasoning traces are used.
Lrn. indicates whether a learned policy is used. Obs. indicates the evidence acquisition setting. An asterisk (∗)
indicates a closed-source commercial model.

Figure II. Overview of Anom-π. Left: closed-loop active inquiry that alternates deliberation (THINK) with
evidence acquisition (BACKTRACK/EXPAND/SAMPLE) before terminating with FINAL to output clip-level
hypotheses. Right: trajectory-level preference construction and optimization via iDPO from ranked rollouts.

(a) Passive Understanding in Verbal Space

(b) Active Exploration in Visual Space
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