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Abstract
Semantic overlap challenges accurate agent rout-
ing in large-scale agentic systems. We present In-
tent Hub, a self-healing semantic agent routing sys-
tem that combines offline asynchronous HITL re-
pair with online Dual Filtering. LLM-generated
positive and adversarial negative utterances help
construct explicit decision boundaries, enabling in-
terpretable millisecond-level routing. Intent Hub
further supports interactive semantic debugging,
allowing developers to diagnose conflicts, repair
rules, and observe online routing changes.

1 Introduction
The rise of the Agentic Enterprise marks a fundamental shift
in how organizations adopt AI agents as integral compo-
nents of end-to-end business workflows, rather than isolated
tools. Reflecting this trend, industry reports indicate that
enterprise-level agent deployments grew by 119% in the first
half of 2025 alone [Salesforce Research, 2025], driven by
the emergence of autonomous frameworks [Park et al., 2023;
Wang et al., 2024]. However, this rapid expansion creates
a discovery bottleneck, where it becomes increasingly diffi-
cult to manually identify the most appropriate agent that sat-
isfies their specific business requirements amidst a growing
sea of specialized tools [Qin et al., 2024; Patil et al., 2023].
This challenge necessitates the emergence of Agentic Seman-
tic Routing Entities, as their routing strategies directly deter-
mine business success rates and response latency.

Early agent routing relied on rule-based patterns and de-
cision trees [Wang et al., 2023]. While deterministic and
interpretable, these methods scale poorly and struggle with
natural language variability. More recently, LLM-based ap-
proaches leverage prompt engineering and reasoning capabil-
ities to enable flexible intent inference [Brown et al., 2020;
Yao et al., 2023; Khattab et al., 2024]. Despite their ex-
pressiveness, these methods incur high inference costs, lack
transparent decision boundaries, and exhibit unstable latency
under high concurrency [Arora et al., 2024]. To balance effi-
ciency and cost, vector-based routing methods match queries
against agent descriptions in embedding spaces [Reimers and

∗Corresponding author.

Gurevych, 2019]. Although efficient, they are inherently vul-
nerable to semantic overlap, where distinct intents occupy
adjacent vector regions, leading to frequent misrouting and
limited debuggability [Li et al., 2025]. More critically, exist-
ing routing approaches largely lack systematic diagnosis and
repair mechanisms. Resolving semantic conflicts often relies
on ad hoc tuning or implicit updates, making large-scale rout-
ing entities increasingly fragile as agent inventories expand.

In this paper, we propose Intent Hub, a self-healing se-
mantic agent routing system designed to explicitly diagnose,
repair, and govern semantic overlap. Intent Hub employs
a decoupled architecture: semantic conflicts are localized
via visualization-based diagnostics, repaired through LLM-
driven contrastive generation and human validation, and re-
solved by an efficient online filtering pipeline. Experimen-
tal results demonstrate that Intent Hub achieves higher rout-
ing accuracy than existing vector-based routers while main-
taining millisecond-level latency, and approaches the perfor-
mance of LLM-based routing at a fraction of the cost. Intent
Hub is open-sourced on GitHub1 with a demo video2.

2 System Architecture
Intent Hub adopts a decoupled architecture in which a central
vector database bridges offline configuration and online in-
ference, ensuring that slower asynchronous optimization re-
mains outside the online fast path, as illustrated in Figure 1.

2.1 Offline Plane: Indexing and Self-Healing
The offline plane focuses on controllable semantic boundaries
and follows the Configuration-as-Truth principle, in which all
routing rules are managed through a unified JSON configura-
tion.

We define self-healing as a human-in-the-loop (HITL)
closed-loop workflow that integrates visual semantic diagno-
sis, LLM-based contrastive generation, and human confirma-
tion to incorporate validated updates.

When an agent is registered, its utterances are encoded into
a high-dimensional vector space. Unlike conventional ap-
proaches that rely solely on positive intent descriptions, Intent
Hub builds a dual index that explicitly captures both core in-
tents (positive utterances) and boundary constraints (negative

1https://github.com/Liangchenrui/intent-hub
2https://youtu.be/bWHMFci6Pkc?si=z7W GVkbC3i0 Udp
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Figure 1: The architecture of Intent Hub. The offline plane asynchronously mitigates semantic overlap through HITL self-healing, while the
online plane serves the fast routing path via Dual Filtering Mechanism. The two planes are decoupled and connected through a central vector
database.

utterances) [Singhal et al., 2023]. In the background, a moni-
toring process scans the semantic space for high-risk overlap
regions. Once detected, an LLM-based optimizer generates
candidate augmentative positive and adversarial negative ut-
terances, which are reviewed through an interactive interface
before being committed to the configuration.

2.2 Online Plane: Inference with Dual Filtering

During online inference, the vector database is treated as a
read-only cache, and semantic overlap is resolved through
Dual Filtering Mechanism. This latency-critical fast path
does not call the LLM optimizer or wait for HITL confirma-
tion.

Stage 1: Negative Filter. The query vector q is first
matched against the negative index. If the similarity
Sim(q, Vneg) > τneg, the request is immediately rejected, ef-
fectively filtering ambiguous or adversarial inputs.

Stage 2: Positive Match. Queries passing the negative fil-
ter are then matched against the positive utterances of can-
didate agents. Routing is triggered only if Sim(q, Vi) > τi,
where τi is a per-agent confidence threshold. If no agent sat-
isfies its respective threshold, the request falls back to a de-
fault agent. Intent Hub returns the top-K results that meet the
criteria.

3 Key Features and Innovations
Intent Hub provides large-scale agentic systems with visual-
ized, interactive, and repairable semantic routing. Unlike tra-
ditional vector-based “black-box” approaches, it emphasizes
interpretable diagnostics and LLM-enhanced decision bound-
ary optimization. Figure 2 illustrates the end-to-end workflow
and semantic-space evolution.

3.1 Visual Semantic Diagnostics
To address unpredictable semantic overlap introduced by new
intents, Intent Hub exposes conflict evidence without auto-
matically modifying routing rules. UMAP [McInnes et al.,
2020] projects high-dimensional utterance embeddings into
a two-dimensional interactive view (Figure 2a), highlighting
overlap between adjacent intents. Two metrics assess over-
lap risk: (1) Region Overlap, measuring centroid-level co-
sine similarity to identify intent-level structural overlap, and
(2) Instance Conflict, locating specific utterance pairs with
high neighborhood proximity. Together, these metrics shift
routing maintenance from heuristic guesswork to data-driven
decision-making.

3.2 LLM-Driven Self-Healing
The core innovation is a HITL self-healing loop for seman-
tic repair. Upon conflict detection, an LLM optimizer applies
contrastive generation to propose repair candidates for devel-
oper confirmation (Figure 2b). In addition to generating aug-
mentative positive utterances, it produces adversarial nega-
tive utterances–semantically similar boundary cases that must
be explicitly rejected–to sharpen decision boundaries under
semantic overlap [Mou et al., 2022]. After human review,
validated constraints are integrated into the routing config-
uration, and previously overlapping intents are separated by
clearer decision margins (Figure 2c), substantially reducing
false triggering during online routing.

3.3 The Configuration-as-Truth Paradigm
Intent Hub adopts a decoupled Configuration-as-Truth
paradigm to ensure consistency. All routing logic, includ-
ing utterances and thresholds, is defined in a static JSON file
(Figure 2d) as the single source of truth. The vector database
is treated as a derived state, enabling version control and roll-
back via standard Git workflows and ensuring consistency be-
tween development and production [Fowler, 2016].
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(a) Initial Semantic Overlap Diagnosis (b) LLM-Driven Contrastive Repair

(c) Reshaped Post-Repair Decision Margins (d) Configuration as Single Truth

Figure 2: Visual semantic diagnostics and LLM-driven HITL self-healing workflow for semantic routing.

Method B77 HWU64 FineEC
(Acc/Lat) (Acc/Lat) (Acc/Lat)

LLM (3-shot) 86.02/0.61 87.27/0.63 92.50/0.64
LLM (0-shot) 59.74/0.62 79.07/0.68 91.00/0.63
Sem. Router 91.30/0.04 81.32/0.04 81.50/0.01

IH (Base) 92.82/0.05 83.92/0.05 91.00/0.04
IH (Repair) 93.15/0.10 85.78/0.10 94.50/0.09

Table 1: Accuracy (%) and latency (s). Note: LLM: DeepSeek-
V3.2 [DeepSeek-AI et al., 2025]. Sem. Router and Intent Hub use
BAAI/bge-m3 [Chen et al., 2024], Qdrant [Qdrant Solutions GmbH,
2020], Top-K=5. “IH (Base)” = positive index only; “IH (Repair)”
= dual-stage filtering.

4 Evaluation
To validate the practicality of Intent Hub under high seman-
tic overlap routing scenarios, we conduct a comparative eval-
uation against LLM-based routing methods and Semantic
Router [Aurelio AI, 2023] under a unified experimental setup.

4.1 Datasets
We evaluate Intent Hub on three intent datasets with different
semantic overlap characteristics:

• Banking77 [Casanueva et al., 2020], which contains 77
banking-domain intents with high semantic similarity;

• HWU64 [Liu et al., 2019], a 64-intent dataset covering
multiple general-purpose domains;

• FineEC-103, a balanced high-overlap e-commerce
dataset contributed by this work. It contains 500 JSONL
utterances across 10 intents, with 300 training samples

3https://github.com/Liangchenrui/FineEC-10

and 200 test samples, 50 samples per intent, and ap-
proximately 10% highly conflicting boundary samples
designed to test fine-grained semantic discrimination.

4.2 Main Results and Analysis

The experimental results are summarized in Table 1. On the
highly overlapping FineEC-10 dataset, Intent Hub with self-
healing enabled achieves the highest accuracy, significantly
outperforming the vector-based Semantic Router and match-
ing or exceeding the performance of LLM-based methods.
This demonstrates that offline generation of adversarial neg-
ative utterances, combined with online dual filtering, effec-
tively mitigates routing errors caused by semantic overlap.

Although the self-healing variant introduces additional re-
trieval overhead due to dual filtering, its overall latency re-
mains substantially lower than that of LLM-based routing.
Compared to Semantic Router, the base variant exhibits a
moderate latency increase, primarily due to finer-grained
routing control and runtime configuration management, an
overhead that is acceptable in exchange for improved robust-
ness and maintainability.

5 Conclusion

We present Intent Hub, a self-healing semantic agent rout-
ing system that addresses semantic overlap and “black-box”
opacity. By integrating visual diagnostics with HITL repair,
Intent Hub achieves millisecond-level online routing with ex-
plicitly controllable decision boundaries. In the demonstra-
tion, users can diagnose conflicts, repair rules through the of-
fline workflow, and observe online routing updates. Future
work will study threshold calibration, repair-loop evaluation,
stronger baselines, and component ablations.
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