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Abstract

Despite the rapid advancement of agents, their deployment in
real world industry scenarios often encounters challenges due
to a lack of domain-specific knowledge. To address this gap,
we present KnowPilot: a Domain-Specific Knowledge Aug-
mented Agent System. KnowPilot is an open-source frame-
work that integrates task-specific priors, explicit knowledge,
and experiential knowledge to enhance agent performance
in specialized applications. It combines knowledge retrieval
from structured repositories with a memory system capable of
capturing expert experience through human—Al interaction.

Introduction

Agents have demonstrated tremendous potential and value
in the field of artificial intelligence (Yao et al. 2023; Nakano
et al. 2022; Yue 2025; Li et al. 2025b; Gao et al. 2024; Li
et al. 2025a). From personal chatbots to automated work-
flows (Qiao et al. 2025; Borgeaud et al. 2022; Yang et al.
2025a), the widespread application of agents is profoundly
reshaping how we process information and carry out tasks.
Despite these advances, most existing systems remain
confined to general purpose applications. According to rele-
vant studies, the accuracy of general agent systems on spe-
cialized tasks, such as medical question answering (Wang
et al. 2025) or legal document analysis(Barron et al. 2025;
Cui et al. 2024), remains substantially lower than their per-
formance on general applications like writing or coding,
highlighting a gap in domain specific expertise (Guha et al.
2023; Yang et al. 2025b; Xi et al. 2025; Kim et al. 2024).
The root cause of this gap lies in the absence of domain
specific knowledge (Song et al. 2025). Injecting domain spe-
cific knowledge into agents faces a unique dual challenge.
(Abu-Salih 2021; Guha et al. 2023; Yang et al. 2025b; Xi
et al. 2025). Firstly, a vast amount of critical domain knowl-
edge exists in private, non-public databases, such as internal
corporate documents, reports, and databases. Secondly, and
more critically, much of the most valuable domain knowl-
edge does not exist in a structured text format but is em-
bodied as the tacit knowledge of experts (Yue 2025). This
experience is deeply embedded in the daily work and deci-
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Figure 1: Current agents often perform well on generic tasks
but struggle to address domain specific problems due to a
lack of specialized knowledge. KnowPilot integrates task-
specific priors, explicit knowledge, and experiential knowl-
edge to support specific applications.

sion making of experts and can only be captured and refined
through repeated, in-depth interaction and dialogue.

To address these challenges, we propose KnowPilot!, a
framework designed to systematically endow large language
models with domain specific knowledge by combining tex-
tual knowledge injection with interactive experience learn-
ing, thereby building more professional generative domain
specific agents. Our core idea is that the model should not
only inject static, text-based knowledge but also learn
dynamic, tacit, practical experiential knowledge by sim-
ulating dialogues with experts, transforming these valu-
able interactive processes into reusable knowledge assets.

KnowPilot enables the agent to go beyond mastering text-
book knowledge, allowing it to “think” and “interact” as a
domain expert would, thus providing powerful and depend-
able support for tackling intricate, high-stakes challenges in
real-world scenarios. We have open-sourced the project code
and will provide long-term maintenance.

Design and Implementation
As shown in Figure 2(a), the fundamental concept of Know-
Pilot? is the fusion of three heterogeneous knowledge.

Video: https://zjunlp.github.io/project/KnowPilot/video.
*Project: https://github.com/XeeKee/KnowPilot.
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Figure 2: The overall architecture of KnowPilot. This framework

integrates three types of heterogeneous knowledge sources:

task-specific priors, experiential knowledge, and explicit knowledge.

Task-specific Priors. The first step of KnowPilot is to in-
corporate task-specific priors, defining the tone and structure
to align the output with user objectives. The system gener-
ates a configuration file based on user requirements, specify-
ing persona and style, and then produces a structural outline.

Explicit Knowledge. After incorporating task-specific
priors, the second step of KnowPilot is to prepare explicit
knowledge (Nonaka 1994; Li et al. 2025b; Gao et al. 2024;
Li et al. 2025a). Explicit knowledge refers to information
that can be clearly documented and efficiently accessed to
ensure accuracy and professionalism.

Specifically, KnowPilot draws on two main sources: pri-
vate knowledge bases (e.g., enterprise documents, project
reports, internal wikis) and open-domain resources (e.g.,
Wikipedia or real-time web search) (Reimers and Gurevych
2019; Jiang et al. 2024).

Experiential Knowledge. The value of an expert lies not
only in the possession of facts, but more importantly in how
those facts are applied, organized, and articulated. In hu-
man—Al interaction, users often revise outputs due to issues
of logic, style, or failure to align with domain best practices,
and these very revisions constitute the system’s most valu-
able experiential data.

To capture and leverage such data, KnowPilot implements
a meticulous recording mechanism to track every meaning-
ful user intervention. When users interact with the drafts
generated by the model, the system records the following
types of behaviors:

Direct Edits: When users delete or revise model-
generated sentences or paragraphs, KnowPilot records the
changes to capture wording preferences, enabling more ac-
curate future outputs.
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Corrective Prompts: When users give instructions such
as “make this section more objective” or “add a counter ar-
gument,” KnowPilot logs both the prompts and the before-
and-after text, helping correct model misunderstandings and
improve reliability (Schick et al. 2023; Nakano et al. 2022).

Refinements: After accepting a draft, users may request
small tweaks to words or phrases to enhance professional-
ism. KnowPilot records both versions and learns from the
contrasts to better match the user’s style.

Knowledge Fusion. As shown in Figure 2(b), KnowPilot
guides the generation of high quality content by fusing three
types of knowledge.

The system loads the user’s configuration file, incorpo-
rates past experiential knowledge to build context, and gen-
erates an editable outline. It then retrieves relevant infor-
mation from private and open domain knowledge bases and
progressively composes the content. Users can adjust or is-
sue new instructions at any time, and all interactions are
recorded as experiential knowledge to improve the efficiency
and alignment of future tasks.

Conclusion

In this work, we presented KnowPilot, a human Al collabo-
rative writing system. KnowPilot supports local deployment
of large language models via vVLLM and Docker, and can
operate entirely on private knowledge bases.
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