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Background

Conversational Recommender System (CRS)
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Background

Why Conversational Recommendation?
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Background

Personalized Conversational Recommender System
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Background

Challenge
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Introduction
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Figure 1: Previous CRS methods vs. our method.
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Proposed Method
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Figure 3: Overview of EyeCRS and its two components: (i) Multi-Agent Debate Module, which filters out unhelpful historical
dialogue sessions to mitigate cognitive negative transfer; and (ii) Parametric Injection Module, which injects beneficial historical
knowledge into the intrinsic parameter space of the LLM for personalized reasoning.
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Proposed Method : Multi-Agent Debate
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Proposed Method : Judge & Injection
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Introduction
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Introduction : OJ|A]

 Simple query : “Check my Job Application Status”
v LRt O|Z 0t EHO S e X7 HEf API= HEZ &5
v 22| X2 |2 A= TAE AKX 252

LSO
v ARBAE R X 00| ot HEE S

n

« Complex query : “Help me make a career development plan
v' Memory Process? | CH2} 7 | Z0i| A 2 220t =
= Ex)"H2ld AHEES e O[T Wots ARG, AFRA fIX| ZE2 (2|
v' Planner? F CHA 7He] MEHERA T 2 26|
* @A A FH @ AL W AH @ o5 Ktz =
" @QUEFHEX|Y st 31 FH
v ZEIATE lZ Hloh 7 OIS SEHOZ

|E
| -
2 A AH 0N T Il K2 =0t ZEIE= A

rr
o

ol
21
v

m\J

[2026][AAAI][AdaptJobRec] AdaptJobRec: Enhancing Conversational Career Recommendation through an LLM-Powered Agentic System

Konkuk university 26 Graph & Language Intelligence Lab.



[2026][AAAI][AdaptJobRec]

Proposed Method
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Proposed Method : Memory & Planner
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Figure 4: System Prompt of AdaptJobRec Planner.
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Introduction
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Proposed Method
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Figure 2: Overall architecture of the HARPO framework. The model integrates four components: STAR for structured
agentic reasoning, CHARM for hierarchical preference optimization, BRIDGE for cross-domain transfer, and MAVEN

for multi-agent refinement, all built on a shared language model backbone.
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Proposed Method : STAR & CHARM
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Proposed Method : BRIDGE & MAVEN
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Thank you for listening

Hae-Yoon Koo ( hykoo@konkuk.ac.kr)

Graph & Language Intelligence Laboratory

Konkuk University 2026.08.12
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