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Abstract

Event detection is essential for surveillance, particularly in
retail loss prevention, where accurate and timely monitoring
is critical. Vision Language Models (VLMs) provide strong
generalization but are inefficient at processing full video
streams and are prone to hallucinations induced by redun-
dant frames. We present SmartEyes, a plug-and-play system
for real-time retail surveillance. SmartEyes introduces the
Perception Cognition Focusing (PCF) framework, which
combines lightweight perception with semantic triggering to
isolate two keyframes (customer contact and departure) and
constrains the VLMs to a focused differencing task. This
design reduces hallucination by 44% compared to vanilla
VLMs. From the demonstrated retail application, the pro-
posed perception-to-reasoning pipeline is general and directly
extends to industrial environments that require reliable event
detection and real-time decision-making. Our demo includes
a user-friendly Region of Interest (ROI) selection interface
and live CCTV monitoring, producing accurate alerts within
1-2 seconds on a single RTX 4080 GPU. This lightweight
framework design enables efficient deployment to broader in-
dustrial applications.

Introduction

Event detection plays a central role in modern surveillance
systems, powering applications in public safety, traffic mon-
itoring, and retail analytics. In high-end retail environments,
it is impractical to assign staff to monitor every customer’s
movement. Automated systems that detect when items are
taken from shelves can therefore reduce labor costs, improve
operational efficiency, and support timely interventions for
loss prevention. The dynamic nature of retail environments
also suggests a promising extension to industrial settings,
where reliable perception and event recognition are essen-
tial for real-time decision-making.

Recent advances in Vision Language Models (VLMs)
provide strong generalization for video understanding with-
out task-specific fine-tuning, reducing annotation costs
(Wang et al. 2022, 2023, 2024). However, their direct use
in retail is limited by two challenges (Figure 1, upper part).
First, inefficiency: even mid-sized VLMs (Team et al. 2024;
Liu et al. 2023; Yang et al. 2025) with 7B to 12B param-

Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.

41559

eters must repeatedly process redundant clips from a con-
tinuous stream, causing wasted computation and latency on
consumer GPUs such as RTX 4080. Second, hallucination:
continuous analysis of raw video increases false positives
(Li, Im, and Fazli 2025; Leng et al. 2024), which hinders
deployment when accuracy and responsiveness are critical.

We introduce SmartEyes, a plug-and-play event detec-
tion system for retail loss prevention. SmartEyes centers
on Perception Cognition Focusing (PCF), which routes
lightweight perception outputs into targeted VLM reason-
ing. PCF performs semantic compression by extracting only
two keyframes, representing customer contact and depar-
ture from the shelf, so the VLM executes a focused differ-
encing task rather than full-stream reasoning. This design
greatly reduces hallucination compared to vanilla VLM on
raw video, as shown in Table 1. Combined with an intu-
itive interface for defining ROIs, SmartEyes adapts to di-
verse store layouts and delivers real-time, accurate alerts on
consumer-grade GPUs.

SmartEyes Overview
SmartEyes is composed of two main components:

» Adaptive ROI Label Interface: To adapt to any scene
or store layout, SmartEyes provides an intuitive interface
to define ROI directly from CCTV views. Powered by
Segment Anything Model (SAM) (Kirillov et al. 2023),
the interface supports pixel-level segmentation, allowing
users to flexibly and precisely specify shelves or other
sensitive areas.

Perception Cognition Focusing (PCF): This framework
structures the detection pipeline into three stages: (i) a
lightweight perception module that detects and tracks
people in real time, (ii) a semantic trigger module that
isolates keyframes of customer—shelf interaction, and
(iii) a cognition module where the VLM compare the
contact frame (k/) against the departure frame (k2) to
check whether the person is leaving with a new item.
When such a change is detected, the system issues an
alert to notify the store staff. The PCF framework is de-
scribed in detail in the following subsection.

PCF Framework: Although VLMs show strong zero-shot
video understanding, they often occur hallucination when it
is applied to continuous streams, where redundant frames
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Figure 1: The upper part illustrates the limitations of directly feeding raw video into a VLM, which requires processing every
frame of a video clip. The lower part shows the proposed SmartEyes framework, which improves efficiency by inferring only
on two keyframes (k/, k2) while mitigating hallucinations and improving the efficiency .

encourage over-reliance on language priors rather than vi-
sual evidence (Leng et al. 2024; Li, Im, and Fazli 2025).
Our PCF framework addresses this by filtering video into
only the most informative keyframes, so the VLM per-
forms a constrained differencing task grounded in observ-
able change. This focused reasoning minimizes hallucina-
tion while preserving the efficiency needed for real-time re-
tail monitoring. PCF consists of three modules:

e Perception module: A lightweighted text prompt
YOLOE (Wang et al. 2025) detector performs real-time
person detection and tracking. Each individual is as-
signed a consistent tracking ID and a pixel-level seg-
mentation mask, providing spatial-temporal grounding
for subsequent analysis.

Semantic Trigger Module: Acting as the core align-
ment mechanism, which performs semantic compression
by monitoring spatial interactions between tracked per-
sons and ROI. A contact event (k) is triggered when the
segmentation mask of a tracked person first overlaps with
the ROI boundary, and a departure event (k2) is triggered
when the overlap ceases. These two keyframes capture
the minimal sufficient visual evidence for theft detection,
filtering out redundant frames, and reducing the VLMs
hallucination.

Cognition module: The VLMs receives only k/ and k2
and is prompted to compare the person’s hand status
across them. The task is framed as: “Does the hand con-
tain a new item at departure (k2) compared to contact
(k1)?” This constrained differencing forces the VLM to
make decisions strictly from visual evidence, improving
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Method Accuracy | FP FN
SmartEyes (Ours) 82% 16% | 2%
Vanilla Qwen 2.5 VL (7b) 38% 52% | 10%

Table 1: Performance comparison between PCF (ours) and a
vanilla VLMs baseline (All used Qwen 2.5 VL model). FP
represents False Positive while FN represents False Negative

robustness and reducing hallucination, as shown in Table 1.

Demonstration and Evaluation

Demonstration. Our demo shows the plug-and-play work-
flow. A user first defines an ROI on a live CCTV feed us-
ing the SAM-powered interface. Once set, SmartEyes begins
real-time monitoring and issues alerts within 1-2 seconds of
a potential theft event. The complete process is shown in the
demo video.

Evaluation. We evaluated SmartEyes on the MERL Shop-
ping Dataset (Singh et al. 2016). Using Qwen-VL (7B) on a
single RTX 4080 GPU, our PCF-based method reached 82%
accuracy, while the vanilla model showed frequent false pos-
itives and negatives. These results demonstrate that PCF en-
ables reliable real-time event detection on affordable hard-
ware, making it promising for AGV-related extension for
real-time event detection or monitoring.
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