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Abstract

Anomaly detection platforms in real-world environments re-
quire continuous interaction between automated systems and
domain experts, as anomalies evolve dynamically and their
definitions vary across contexts. Therefore, an effective plat-
form must collaborate with experts and incorporate their
feedback to update the system. This paper introduces AEGIS,
an anomaly detection platform that aims to support interac-
tion between domain experts and data-driven agents through
three core capabilities: (1) data-driven insights through real-
time monitoring, explanations, and distribution shift detec-
tion, which invoke customized tools to generate appropriate
responses, (2) an expert feedback interface for labeling and
direct updates via chat-based interaction, and (3) autonomous
model construction that leverages expert-labeled data with
LLM-driven hyperparameter optimization. Through this de-
sign, AEGIS fosters continuous interaction in which the plat-
form provides insights while experts guide model improve-
ment, ensuring user intent is reflected and robustness is main-
tained under evolving data distributions.

Introduction

Industrial anomaly detection systems (Kharitonov et al.
2022; Alzarooni et al. 2025; Chandola, Banerjee, and Kumar
2009) require continuous adaptation to new datasets while
maintaining reliable performance under evolving conditions.
Interaction between experts and the system is essential, since
anomalies are domain-dependent and expert knowledge is
critical for accurate identification. However, traditional sys-
tems lack mechanisms for incorporating expert insight and
adapting to changes, necessitating platforms that bridge the
gap between automated detection and human expertise.

To address these challenges, we introduce AEGIS, an
anomaly detection platform that integrates expert feedback,
adaptive model updates, and real-time monitoring with ex-
plainability, aiming to improve models continuously while
incorporating expert knowledge, as illustrated in Figure 1.

The key contribution of AEGIS lies in a unified frame-
work that enables autonomous model building, integrates
expert feedback through an interactive interface, provides
explanations for anomalies, and supports continuous updates
to maintain robustness under evolving data conditions.
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Figure 1: Overview of AEGIS. AEGIS builds models au-
tonomously, and upon deployment, it provides results and
analysis to experts. Experts can give feedback through the
labeling interface to guide continuous model improvement.

Modeling

System Architecture & Implementation

AEGIS is designed to support model building, expert inter-
action, monitoring, and adaptive updates as its core tasks, as
illustrated in Figure 2. For this, LLM-based agents are im-
plemented, utilizing customized tools from the Model Con-
text Protocol (MCP) servers to generate responses.

Model Build

Inspired by recent advances in agentic model construc-
tion (Yang et al. 2025; Trirat, Jeong, and Hwang 2025),
AEGIS adopts an evaluator—optimizer framework for build-
ing an anomaly detector. The build agent calls an evaluator
tool in the MCP server with hyperparameters (e.g., learning
rate, hidden dimensions), and the server returns performance
results along with the trained models. Based on this feed-
back, the agent iteratively refines its hyperparameter search
strategy. The base model is DeepSAD (Ruff et al. 2020),
which primarily learns from normal data, while flexibly in-
corporating labeled anomalies. This design can be extended
to other anomaly detection models (Livernoche et al. 2023;
Ye et al. 2025; Chen et al. 2025) that support such settings.

System Monitoring with Chat Interface

The deployed model infers in real-time, and experts can in-
teract with a chat-based interface. Anomaly scores are dis-
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Figure 2: AEGIS workflow according to system status. AEGIS interacts with expert users and incorporates expert feedback
into modeling. (A) The system issues alerts and generates explanations for anomalous samples. (B) Experts contribute feedback
through the labeling interface and chat-based interaction. (C) Distribution shift alarms are raised, and status checks are supported
with shift detection tools. (D) The agent rebuilds the model upon expert request, incorporating the new data and feedback.

played in real-time, and detected anomalies automatically
generate alert messages appended to the chat history. When
users request explanations for specific samples, AEGIS gen-
erates an answer based on the response from XAl tools re-
turning SHAP attributes (Lundberg and Lee 2017), along
with database queries for basic statistics and user-provided
textual descriptions to give explanations.

User Feedback with Labeling Interface

Expert feedback is incorporated through a labeling inter-
face that recommends high-uncertainty samples estimated
using Monte Carlo Dropout (Gal and Ghahramani 2016),
and through the chat interface specifying labeling rules on
features. Upon such a request, AEGIS queries the database
via MCP server to retrieve candidate samples and, upon con-
firmation, updates the labels through transaction calls. The
labeled samples are incorporated into the next build phase,
ensuring subsequent models integrate expert feedback.

Drift Detection and Rebuild

To ensure robustness under distribution shift, AEGIS mon-
itors anomaly ratios and triggers alerts when they exceed
predefined thresholds. Experts may then request a sys-
tem status check, which invokes shift-measurement tools
from Alibi Detect (Van Looveren et al. 2019), including
spot-the-difference (Jitkrittum et al. 2016) and the Kol-
mogorov—Smirnov (K-S) test. Based on test results, AEGIS
recommends whether to update the model, and upon a re-
build request, the agent re-enters the build phase, incorporat-
ing new labels and updated datasets to maintain performance
under changing conditions.
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Implementation Details

AEGIS utilizes custom tools provided by MCP servers when
generating responses to users. Interaction with experts is me-
diated through a chat interface built on the Claude API (An-
thropic 2025), which can further be extended to other LLM
providers that support tool integration (Comanici et al. 2025;
Fachada et al. 2025; Bai et al. 2023; Bae et al. 2025). The
user interface of AEGIS is developed with Streamlit, of-
fering an interactive environment for anomaly monitoring,
labeling, and explanation. All data points and their corre-
sponding metadata, including timestamps, labels, and uncer-
tainty estimates, are stored in a MySQL database and con-
nected to the agent through MCP tools that manipulate the
database.

Conclusion and Future Work

AEGIS is designed with a primary focus on enabling inter-
action between the platform and industrial domain experts.
AEGIS seeks to support reliable anomaly detection by inte-
grating real-time monitoring and explanation, expert-guided
feedback, and adaptive model updates through agent-driven
construction. This feedback-driven design enables the sys-
tem to adapt to evolving data distributions in real-world en-
vironments. For future work, AEGIS will extend its capa-
bilities by incorporating text-based domain knowledge into
modeling, developing causal analysis tools to provide in-
sights into the origins of anomalies, and adopting advanced
active learning methods to enhance the efficiency of expert
labeling. Through these extensions, AEGIS is envisioned
to evolve into a comprehensive anomaly detection platform
that supports domain experts with interactions.
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