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Abstract
We develop KnowThyself, an agentic assistant that ad-
vances large language model (LLM) interpretability. Exist-
ing tools provide useful insights but remain fragmented and
code-intensive. KnowThyself consolidates these capabili-
ties into a chat-based interface, where users can upload mod-
els, pose natural language questions, and obtain interactive vi-
sualizations with guided explanations. At its core, an orches-
trator LLM first reformulates user queries, an agent router
further directs them to specialized modules, and the outputs
are finally contextualized into coherent explanations. This de-
sign lowers technical barriers and provides an extensible plat-
form for LLM inspection. By embedding the whole process
into a conversational workflow, KnowThyself offers a ro-
bust foundation for accessible LLM interpretability.

Code — https://github.com/spygaurad/KnowThyself

Introduction
Large language models (LLMs) have attracted signifi-
cant attention for their impressive capabilities in reason-
ing (Naveed et al. 2025). However, their black-box na-
ture makes it difficult to interpret internal decision pro-
cesses (Zhao et al. 2024; Huang et al. 2024). Although re-
cent research has sought to explain LLM behavior, progress
in interpretability has significantly lagged behind.

Existing LLM interpretability approaches include attribu-
tion methods that assign importance scores to tokens, sam-
ples, or hidden states (Li et al. 2023; Lee et al. 2025), as
well as mechanistic analyses of attention heads, neurons, or
circuits (Dunefsky et al. 2024; Gantla 2025). While these
approaches provide valuable insights, they remain isolated,
difficult to use, and require substantial technical expertise.
Such shortcomings create a gap between cutting-edge in-
terpretability research and its practical accessibility in real-
world settings (Wu et al. 2024; Singh et al. 2024). For LLM
practitioners, significant barriers to accessing interpretabil-
ity persist, since current platforms neither support conver-
sational exploration nor provide interactive, well-grounded
explanations. These barriers slow the democratization of in-
terpretability and limit the pace at which broader audiences
can engage with emerging interpretation techniques.

Copyright © 2026, Association for the Advancement of Artificial
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To bridge this gap, we introduce KnowThyself, an
agentic platform that unifies interpretability tools within an
accessible and extensible framework. Our system integrates
multi-agent orchestration, modular architecture, and in-
teractive visualization into a single conversational work-
flow. Unlike existing fragmented tools, KnowThyself al-
lows users to upload models, pose natural language ques-
tions, and obtain both visual outputs and explanatory re-
sponses without writing code. Our main contributions in-
clude: (i) a multi-agent orchestration framework that coor-
dinates a broad range of interpretation tasks, enabling flexi-
ble routing and producing coherent explanations; (ii) a mod-
ular architecture that encapsulates different methods as in-
dependent agents, supporting seamless integration of new
tools and scalable extension in future; and (iii) an interac-
tive visualization interface that presents outputs with natural
language explanations, significantly lowering barriers to ef-
fective model inspection.

System Overview
KnowThyself is an agentic platform that unifies the in-
terpretation process into a conversational workflow. Rather
than requiring users to operate standalone libraries, it intro-
duces an abstraction layer that translates natural language
queries into tool invocations and returns guided explana-
tions. Our system consists of four components: an Orches-
trator LLM for reformulation, an Agent Router for se-
lection, Specialized Agents for analysis, and a Conversa-
tional Interface for interaction. The illustrative pipeline of
KnowThyself is shown in Figure 1.

Orchestrator LLM. The orchestrator serves as a supervi-
sory model that manages user interactions and directs the in-
terpretation process. It reformulates queries, generates nec-
essary subtasks (e.g., sentence synthesis or tool selection),
and contextualizes intermediate results. Finally, it produces
coherent natural language explanations, ensuring that com-
plex visualizations or bias metrics remain understandable.

Agent Router. The router dispatches queries to special-
ized agents using embedding-based similarity search to
match user intent with agent descriptions. This ensures
alignment between queries and tool capabilities while main-
taining efficiency. As the system scales, it can be augmented
with LLM-based routing for adaptability in complex cases.
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Figure 1: The agentic pipeline of KnowThyself for two demonstrative case studies on token attribution and bias evaluation.

Specialized Agents. Each agent encapsulates an interpre-
tation method as a modular plug-in. The current system in-
tegrates four agents: (i) BertViz (Vig 2019) for attention
visualization, (ii) TransformerLens (Nanda and Bloom
2022) for analyzing fine-grained layer- and head-level ac-
tivations, (iii) RAG explainer that grounds responses in do-
main literature, and (iv) BiasEval which assesses safety
and demographic disparities using toxicity (Gehman et al.
2020), regard (Sheng et al. 2019), and HONEST (Nozza,
Bianchi et al. 2021) scores.

Conversational Interface. The chat interface allows users
to upload models, pose questions in natural language, and
examine results with interactive visualizations, making ex-
ploration accessible without requiring technical expertise.

Implementation
We implement the system with LangGraph (AI 2025), mod-
eling as a directed graph of agents over a shared state. Query
routing relies on embedding-based similarity search with the
Ollama-hosted nomic-embed-text model (Nussbaum
et al. 2024), while orchestration is managed by Gemma3-
27B (Gemma Team 2025). For user models, we pre-include
GPT-2 (Radford et al. 2019), BERT (Devlin et al. 2019),
and LLaMA2-13B (LLaMA Team 2023) for demonstration.
Large models are served through Ollama for efficient host-
ing, and the system is able to run locally when resources
permit, ensuring secure analysis without third-party APIs.

Different interpretation tools require distinct dependen-
cies, encapsulated within respective agents. For instance,
TransformerLens relies on HookedTransformer, while
BertViz builds on HuggingFace Transformers (Wolf
et al. 2020). For bias analysis, BiasEval prompts mod-
els with Real Toxicity Prompts (Gehman et al. 2020),
BOLD (Dhamala et al. 2021), and HONEST (Nozza,
Bianchi et al. 2021) datasets, reporting toxicity, regard, and
HONEST scores. The RAG agent indexes documents and ap-
plies FAISS (Douze et al. 2024) for similarity search, re-
trieving information that the Orchestrator LLM incorporates
as context for grounded explanations. By isolating these de-
pendencies, new tools can be integrated without disrupting
the system. Such modular design supports independent de-
velopment while ensuring the platform remains extensible.

Use Cases
KnowThyself supports practical scenarios where inter-
pretability of LLMs is a central concern. As shown in
Figure 1, a user may upload a LLaMA2 checkpoint and
ask, “Show me how the model attends across tokens for
the word ‘she’ in a sentence.”. The Agent Router selects
TransformerLens, and the Orchestrator supplies re-
quired inputs by synthesizing a sentence (e.g., “Maria went
to the library because she needed a book.”) when no input
is provided. TransformerLens then computes attention
maps and returns an interactive visualization, which the Or-
chestrator contextualizes into a coherent explanation. In the
same session, the user may ask, “Does my model show gen-
der bias in how it answers questions?”. The Orchestrator
identifies this as a new task rather than a follow-up, and
the Agent Router further selects BiasEval that queries
the Orchestrator to choose the relevant submodule (e.g., re-
gard), samples prompts from the BOLD dataset, runs them
on the user model, and computes the scores. Finally, the Or-
chestrator summarizes the results and presents them to the
user. Overall, KnowThyself conducts the interpretation
process within a conversational flow, allowing users to move
seamlessly between tasks while receiving clear explanations
and interactive visualizations in context.

Conclusion and Future Work
We present KnowThyself, a conversational multi-agent
platform for LLM interpretability. Our system streamlines
the interpretability through a conversational workflow, inte-
grates interactive visualizations with literature-grounded ex-
planations, and adopts a modular architecture that enables
new methods to be incorporated without altering core com-
ponents. By lowering technical barriers, KnowThyself
empowers LLM practitioners to engage with model inter-
pretability issues more effectively without certain expertise.
Nonetheless, the current implementation integrates only a
limited set of tools, requires additional engineering to adapt
non-modular libraries, and supports text inputs exclusively.
Future work will broaden tool coverage, extend support to
multimodal models, improve routing precision for overlap-
ping tasks, and introduce richer visualization capabilities for
deeper and more transparent interpretive insights.
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