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1. Introduction: What does the DC5 project aim to build?

Project objective — research transition — problem — intuition — prototype
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Project objective:

Enhancing Perception Accuracy through Collaborative Sensor Fusion Framework in Autonomous Systems

»> Project objective: develop an autonomous system enabled by collaborative sensor
fusion.

» Research path 1 — perception: develop sensor-fusion algorithms for prediction tasks,
including anomaly detection and condition-based maintenance.

» Research path 2 — autonomy: enable the system to access prediction results and take
the corresponding action.

Collaborative
multi-sensor fusion

—| Detect anomalies

Diagnose operating

— i
conditions

PERCEPTION TASKS
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Agentic Al provides the observe-reason—act architecture needed for

industrial autonomy

TODAY’S FOCUS

Tool-mediated
action

Environment

High-level autonomous system Agentic Al
Industrial OBSERVATIONS
environment
* Goals
LLM-based agent
Tools

Decision /
planning *

Perception < Observation Decision +» LLM reasoning

Foundation: fused sensor evidence — autonomous behavior.

DC5 Project Agentic RAG

Introduction

Action < Tool use

Today’s focus: Agentic Al.
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2. From the Project to My Current Research: Why does autonomy lead to Agentic RAG?

Project objective — research transition — problem — intuition — prototype
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An autonomous industrial system must turn an anomaly into a

grounded and safe response

ACQUIRE REASON
DETECT ASK EVIDENCE + ACT
Machine M-17 Why did the Maintenance Likely cause
Alarm E-404 ) alan}; occur? ™ history > + evidence
Vibration 1 ’ Machine manual Reduce load
Temperature 1 What should Past incidents _Requgst
Current oscillation we do next? Other sensor inspection
views Notify manager

Detection alone is insufficient: the system must
acquire the right evidence before choosing an action.
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Vanilla RAG grounds the LLM, but retrieves by relevance rather than

evidence need

OFFLINE

Documents == Chunks - Document < Vector index
encoder
QUERY TIME ﬁ

- Query Top-k by Generator
- - -
Question encoder similarity LLM

Needed evidence:
: maintenance cause
i lower similarity

| = omitted

The retriever ranks relevance, but does not
reason about what evidence is still missing.

Adapted from Lewis et al. (2020), Fig. 1, arXiv:2005.11401.
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KG?RAG connects dispersed evidence, but its traversal policy is

predefined

OFFLINE: KG-CHUNK ASSOCIATION
. Entity / relation Knowledge graph query-independent
Documents > Chunking > ripjet extraction |  + chunk links built once

QUERY TIME
KG-guided expansion

: Semantic 0 Context
Question > o ° —>  organization LLM answer
©O)

fixed top-k

fixed k-hop rule

Fixed seed strategy | Fixed expansion rule | Fixed stopping condition }

Offline graph structure improves connectivity; query-time traversal is still predefined.
Adapted from Zhu et al. (2025), KGZRAG Fig. 2, arXiv:2502.06864.
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Agentic RAG uses retrieval as an active perception process

» Retrieval is the perception capability that enables the agent to access external
evidence.

> At every step, the policy uses the current context—not only the latest observation—to
decide what to do next.

SEARCH / EXPAND / READ

CONTEXT-CONDITIONED POLICY

C%UNRTI;I)E(#T Ch Apply tool
Ci oose
o Query b LLM agent next action —> to substrate
e Compact evidence state policy m(a; | ¢t)
e Action trace a € A FisH Answer
1

+ supporting

e Selected evidence

evidence

UPDATED EVIDENCE-STAT NEW
CONTEXT UPDATE OBSERVATION
evidence sufficiency
Ct+1 / answerable Ot
compact missing information retrieved nodes /
state + trace useful frontiers snippets / metadata

Raw observation — evidence-state update — updated
context; FINISH — answer with supporting evidence.
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3. Problem Formulation: What retrieval-policy problem are we solving?

Project objective — research transition — problem — intuition — prototype
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We optimize the retrieval policy for accuracy and efficiency

» Optimize the LLM retrieval policy 7 so it maps each current context to the best
corresponding action.

CURRENT

CONTEXT c;
e Query
e Compact evidence state
e Action trace

e Selected evidence

( oPTimizE THIS POLICY |

LLM agent

policy m(ar | ct)

—>

Choose
next action
a € A

SEARCH / EXPAND / READ

UPDATED
CONTEXT
Ct+1
compact
state + trace

EVIDENCE-STAT
UPDATE

evidence sufficiency
/ answerable
missing information

useful frontiers

Apply tool
—> to substrate
FINISH Answer
+ supporting
evidence
NEW
OBSERVATION
Ot+1

retrieved nodes /
snippets / metadata

ag 7T'(at |
¢y: current context

A: action space a:

Ct)7 ar €

A

7 LLM retrieval policy
selected action

Accuracy 1 sufficient
evidence + correct answer

Efficiency T fewer
calls, tokens, and latency

DC5 Project

Agentic RAG

Problem formulation
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Training-free Agentic RAG cannot optimize its policy from experience

€ mmmmmmmm——————— NOUPDATE = = = m m m mmmmmmmmmmmm =

. SEARCH / EXPAND / READ !

frozen across queries !

CURRENT Apply tool :
CO[\lguEe)r(yT ct LLM agent Choose —> to substrate !
e Compact evidence state R (R —> next action :
o Action trace (@ | c) a e A s Answer f

o Selected evidence L + supporting !
evidence 1

UPDATED EVIDENCE-STAT NEW 1

1

1

CONTEXT UPDATE OBSERVATION * -
evidence sufficiency Successful + failed |_
Ct+1 / answerable Ot+1 trajectories
compact missing information retrieved nodes /
state + trace useful frontiers snippets / metadata

Adapts within a query, but successful and failed
trajectories do not improve the policy used on later queries.

The action policy remains bounded by the frozen LLM and handwritten retrieval instructions.

Representative training-free interfaces: A-RAG and ARK.
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Weight-tuned methods store the retrieval policy in model weights

SFT/DPO/RL |- === == === === mm e e e e mm e mm e m oo .
SEARCH / EXPAND / READ
{ update w
CURRENT

1
1
Apply tool :
COE‘EUE;‘VT Ct 2ol ZEEL Choose 5 i g pstrate 1
e Compact evidence state B [l 3 next action :
o Action trace mw(@ | ) a e A FnisH Answer f
o Selected evidence T L + supporting :
evidence 1
UPDATED EVIDENCE-STAT NEW 1
CONTEXT UPDATE OBSERVATION = :
evidence sufficiency Training !
compact retrieved nodes /

missing information

state + trace useful frontiers snippets / metadata
. . g Retune after
High training cost Closed !nodel
barrier model/tool changes

Experience is learned, but stored in model-specific weights.

Representative methods: EVO-RAG (Ji et al., 2025) and MARAG-R1 (Luo et al., 2025).
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RESEARCH QUESTION

Can retrieval policy improve
from experience

without modifying LLM
weights?

Agentic RAG Problem formulation
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4. Solution Intuition: How can experience improve policy without weight updates?

Project objective — research transition — problem — intuition — prototype
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Agent skills encode reusable behavior in free-form representations

» An agent skill is a reusable decision rule that guides an agent on what to do next.

» A skill can be expressed as natural-language guidance, a conditional rule, or an
executable workflow.

One skill, multiple levels of formality In practice: a skill package
Natural language = ) emwosics 1 ki -
“If lexical overlap is low, use Dense "
G ¥ main - skills / skills / skill-creator | (&
Search.” -
Decision rule
If overlap < = — Dense Search -
Executable workflow & e
Dense — Expand — Read — Answer :’m

D LICENSEtxt

D skiLmd

SKILL.md + optional agents, assets,
references, and scripts
Screenshot: Anthropic skills repository
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A skill can be treated as an external policy parameter

» A skill can be viewed as an external parameter ¢ that conditions a frozen LLM.

» Changing rules in SKILL.md changes the retrieval policy, just as changing model
parameters changes a forward pass.

hy rules in SKILL.md M mo(ar | hy)

f

Different rules produce different

Query + history | Retrieval skill 0 } Frozen LLM F Conditioned policy

Analogy
actions: model weights w
lexical miss — Dense .
bridge entity — Expand — model behavior
enough evidence — Finish skill rules & — retrieval policy

Editing skill 6 changes the policy without
modifying the underlying LLM weights.
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Updating skills like deep-learning parameters

¢ ~ ook
Skill S — [
! E%, 0

Text-space optimization analogy

large semantic jumps,
unstable updates

parameter —  skill document
—
g gradient R trajectory-derived
m direction edit direction
§ learningrate  — edit budget
held-out D. \ validation . held-out
selection gate A suboptimal check selection gate

\ stable training batch / minibatch/

P; skill
bounded skill edits \R @ / setting ~  schedule/ gate
stable, controlled 4 \\ /

better task-specific ability

optimization N
better (=5 cross-model /harness generalization

task-specific skill™ low-cost transfer and iteration

SkillOpt text-space optimization analogy, adapted from Yang et al. (2026), arXiv:2605.23904. Figure supplied by the presenter.
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5. Prototype Framework: How does the proposed system operate?

Project objective — research transition — problem — intuition — prototype
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Proposed method:

skill optimization for Agentic Retrieval

Current Skill

Parameterized Skill /
Decision Rule

Apply /
Update Skill

S

LLM Agent
(with Skill) Action
>
Conditioned on
the Current Skill | .
<
Observation

Environment

Unified Substrate 7
e . el
Barq e p
Chunks Sentences Entites |

Corpus
@ LLM Analysis
Analyze trajectories to identify
D opportunities for improvement
>
<

Preprocess /
Substrate Builder

+E-%-8

Chunking + Sentence Spit « Entty Extracion + Indesing

A4

Multiple Trajectories

@-»o-»o-»o B | Trajectory 1

Proposed Skill Edit
Refined parameters /
updated decision rule

0-+>0->0-+0 P | Trajectory2
L 0-+0-+>0-+0 [ | Tajectoryk

The target LLM and retrieval substrate remain
fixed; experience updates only the retrieval skill.
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Documents become a multi-granular retrieval substrate

=3
'L | Chunking
Corpusilll  [ib-osso o]

E g< Sentence Split
' P Q Entity Extraction

DC5 Project

Substrate Builder

@ Indexing

Unified Substrate B

=11
1171

Entities E 0 <> <>

XA

[ BM25 & Dense Indices

]

L Containment & Mention Relations

)

Agentic RAG

—

Persistent
Retrieval
Environment

Why a unified substrate?

» Multi-granularity traversal:
documents, chunks, sentences,
and entities let the agent move
from high-level context to
fine-grained evidence.

» Graph-like multi-hop navigation:
containment and mention relations
let the agent hop across chunks,
sentences, and entities for
multi-hop reasoning.

Graph-like navigation without
constructing a full knowledge graph.
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Overview of Skill Optimization for Agentic Retrieval

\
. \
Execution Loop (Per Trajectory)
Skill / Policy 8
(Parameterized Decision Rule) 1
I :
1. Current Context ! ]
= :
Query 3. Action Space A 1
- SEARCH / !
n 4: “What are the 2 !.LM egent (Available Actions) SeARG)ReAD !
effects of X on Y?" (with Skill 6) !
J SEARCH(method, !
i Q e 4 Biactietan, 5. Raw 6. Evidence-State ]
History e 4 Unified Substrate 5 p 7. Updated Context i
PN > Observation Update ]
@ 0 % EXPAND(ourc,reltion, g | |—pp|  SOleSted (for next step) it
3 Action a i  collcd e '
{ ) Available | - J B - | |[BOODOG~| !
(e ) Select next action Choices - missing ormtion i
Evidence State READ{node)
conditioned on B = ]
o Calleces Fldins current context and ( [
% v Sufficiency e [T ET—— :

v Missing Information Skill Update

= FINISH

v

9. Multiple Trajectories — - = = 5
(Produced by running the execution loop) 10. LLM Analysis P e ‘

Trajectory 1 @ —> O —> O —> -0 — [A J Analyze trajectories and

" " Refined update to skill & e s e e e . i . el
(o propose skill ecits —_— -o—
| Trajectory2 O =+ O —+ O — - — & ] (e.g. add [ modify rules, —o0- |

: p ” preferences, or weights)  —O— |

Trajectoryk O —> O — O —= +++ — ﬁj

[ sttercontext  [[] Agent/Process  [[] ActionSpace/Skil [ ] Enviconment / Substrate [ ] Information / Output [ ] Decision / Connector —+ DataFlow == Loop/ Feedback (within trajectory)  — ~b kil Update {scross trajectories)



At query time, the skill selects among four substrate-aware actions

. Choose next action a;
+
Current context c; }—» Frozen LLM + skill 0 F SEARCH | EXPAND | READ | FINISH

Action Call Role at query time
SEARCH SEARCH(q, method, target, top_k) Locate candidate evidence from a new

method: BM25 | Dense target: Entity | Sentence | Chunk query or retrieval intent.
EXPAND EXPAND(source_ids, relation, target, top_k) Traverse typed substrate edges to

relation: MENTIONS | MENTIONED_IN obtain multi-hop evidence.

CONTAINS | CONTAINED_BY
READ READ (node_ids) Load the full sentence or chunk after
localization.

FINISH FINISH(answer, evidence_ids) Stop only when evidence is sufficient;

return answer and provenance.

SEARCH / EXPAND / READ — new observation and evidence-state
update; FINISH — final answer with supporting evidence.
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