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041. Introduction & Motivation

Introduction

Image 1.1: Illustration the current situation
Image ref: image is generated by Gemini Banana
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051. Introduction & Motivation

The Accuracy-Diversity
Tradeoff Problem

Motivations

Encounters only information and
opinions that conform to and
reinforce their own beliefs

Cause by algorithms that
personalize an individual's online
experience.

Image 1.2: Illustration the Accuracy-
Diversity Tradeoff Problem 

Image ref: image is generated by Gemini Banana
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061. Introduction & Motivation

The Accuracy-Diversity
Tradeoff Problem

Motivations

Example 1: Movie
Recommendation

Image 1.3: Illustration the problem
about movie recommendation

Image ref: image is generated by Gemini Banana
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071. Introduction & Motivation

The Accuracy-Diversity
Tradeoff Problem

Motivations

Example 2: News Article
Recommendation

Image 1.4: Illustration the problem
about News Article Recommendation 

Image ref: image is generated by Gemini Banana



Investigate existing techniques that
1.Enhance diversity in CRS
2.Utilize KG for accuracy and diversity in CRS
3.Utilize LM for response generation in CRS

1. Introduction & Motivation

Objectives
University of Technology
National University of Ho Chi Minh city

08

For this thesis proposal

Comparison and evaluation of existing techniques

Determine the research direction for final thesis 
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091. Introduction & Motivation

How can question elicitation promote diverse preference exploration?

RQ1: Diversity via Question Elicitation

How to integrate KG-retrieved infomation with language
model for coherent, grounded CRS?

RQ2: KG-Grounded Conversational Recommendation

Research Questions

RQ3: Retrieval vs Elicitation Diversity Effects
How do retrieval-level and elicitation-level diversity interact for overall
diversity?
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112. Background

Conversational
Recommender System

Image ref: image is generated by Gemini Banana

Image 2.1: Illustration the Conversational Recommender System 
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122. Background

Knowledge Graph

Definition: A structured representation
of entities and their relationships.

Core Roles in CRS:
Capture rich semantic information
about items
Enabling multi-hop reasoning and
relationship-based retrieval

Image ref: image is generated by Gemini Banana

Image 2.2: Illustration the Knowledge Graph 
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132. Background

Language Models

Image 2.3: Illustration the Language Models

Image ref: image is generated by Gemini Banana
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CRS Paradigms

Aspects Objectives Techniques Representative Methods

Generation-
Based

User interaction quality,
engaging chitchating while
recommending

Natural dialogue on
human-written corpora; 
subgoal prediction;

KBRD [1], KERS [2],
KERL [3], KECRS [4],

CR-Walker [5], ConKD [9]

Attribute-
Based

Get to final recommendation
with as least turn as possible

Reinforcement learning on
simulated sessions; 

UNICORN [10],
DECREC [11]

University of Technology
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153. Related Works

Summary of existing techniques



Knowledge Graph Utilization

Aspects Techniques Representative Methods

Representation
Learning

KG embeddings (TransE, R-GCN); PLM fusion;
graph entity captioning

KERL [3], KBRD [1], COMPASS [7],
UNICORN [10], DECREC [11]

Reasoning &
Retrieval

Tree-structured reasoning; knowledge gates;
GraphRAG with PageRank

CR-Walker [5], KERS [2],
G-CRS [8], CAFE [12]

University of Technology
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163. Related Works

Summary of existing techniques



Language Model Utilization

Aspects Techniques Representative Methods

Dialogue
Generation

Encoder-decoder;
knowledge-enhanced decoders;
Teacher-student distillation

BARCOR [13], ConKD [9],
KBRD [1]

Token
Specialization Item tokens; placeholder tokens; intent tokens KECRS [4], KERL [3],

ConKD [9]

LLM Reasoning
Knowledge-aware instruction
tuning; in-context learning;
multi-agent simulation

COMPASS [7],
G-CRS [8], KGLA [6]
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173. Related Works

Summary of existing techniques



Diversity Enhancement

Aspects Techniques Representative Methods

Data-Level Balanced data simulation;
experience replay stratification

LOT-CRS [14],
DECREC [11]

Reasoning-Based Multi-path exploration;
discriminative KG rationales CR-Walker [5], KGLA [6]

Training
Objectives

Soft target learning; BOE loss for
neighbor mentions ConKD [9], KECRS [4]
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183. Related Works

Summary of existing techniques
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193. Related Works

Diversity-enhanced conversational
recommendation via multi-agent
reinforcement learning (DECREC)

Figure 3.1:  Agents Component
of DECREC [11]

Core mechanism: Reinforcement Learning

A triple-agent framework:

Query Action Agent: decide optimal query to

ask user for preference elicitation

Recommend Action Agent: decide optimal

items for recommendation

Decision Agent: decide whether to ask or

recommend
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203. Related Works

Diversity-enhanced conversational recommendation via
multi-agent reinforcement learning (DECREC)

Figure 3.2:  The procedure of
DCER [11]

How DECREC enhances diversity

 Dynamically Calibrated Experience Replay (DCER):

Address "long-tail" issue - frequent interactions with

popular items and ignore”

Balanced sampling of head action pool and long tail

action pool

Feature Entropy:

Calculate with the probability a feature appear in all

candidate items

Prompt Agent to select high-entropy features for more

extensive exploration. 
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213. Related Works

Diversity-enhanced conversational recommendation via
multi-agent reinforcement learning (DECREC)

Figure 3.3:  State Tracking
Module of DECREC [11]

Utilization of Knowledge Graph

Local Short-term Graph

Immediate interactions of user, items, and features in

current dialogue

Learn short-term user, items, and features embedding to

capture immediate interest (GCN)

Global Long-term Graph

All interactions of all users, items, and features

Learn historical interests and global embeddings of users,

items, and features
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223. Related Works

Tree-Structured Graph Reasoning and Dialog Acts for
Conversational Recommendation (CR-Walker)

Mechanism: Multi-path reasoning

Simple 3-way classification to decide system intent

(recommend, query, chat)

Rule-based narrowing of search space for each

intent type

Table 3.1: Reasoning rules for
narrowing down CRWalker’s

search space [5]
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233. Related Works

Tree-Structured Graph Reasoning and Dialog Acts for
Conversational Recommendation (CR-Walker)

Mechanism: Multi-path reasoning

Entity selection - Walker Cell

Input: utterance embedding, portrait embedding, selected

intent embedding

Gated mechanism => context embedding

Selection scores are the similarity scores between context

embedding and candidate entity embedding (sigmoid of

dot product)

Selection criteria: selection scores >= threshold,

restricted by maximum number of entities on each hop Figure 3.4:  Walker Cell in
CRWalk [5]
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243. Related Works

Tree-Structured Graph Reasoning and Dialog Acts for
Conversational Recommendation (CR-Walker)

Mechanism: Multi-path reasoning

Dialog Act: 

Preorder traversal of the final selected tree

Input for GPT-2 to generate response to user

Figure 3.5:  The formation of dialog act in
CRWalker [5]

Explore multipath => increased diversity

Strengths
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253. Related Works

Retrieval-Augmented Generation with Graphs  (GraphRAG)

Figure 3.6: Illustration of conversation-
entity interaction graph [8]

Core mechanism: Retrieval-Augmented Generation

A training-free framework build upon Graph

Retrieval for augmented information

The knowledge graph captures the relationship of

conversation-entity interaction
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263. Related Works

Retrieval-Augmented Generation with Graphs  (GraphRAG)

Figure 3.7: Online Graph Retrieval Process
[8]

Core mechanism: Retrieval-Augmented Generation

Retrieval process: 

Graph Reasoner expand entities set from the

mentioned entities

Using Personalized Page Rank to retrieve most

relevant conversation examples and candidate

entities

No fine-tuning needed

Community examples => Avoid cold start

Strengths
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285. Experiments:    Environment Setup

CRS Metrics

Whether the recommender retrieves at least one
relevant item in the Top-K list.

The proportion of all relevant items that appear in
the Top-K recommendations.

Focuses on the rank of the first relevant item.

Measures ranking quality by rewarding relevant
items placed at higher positions.

General Recommendation Metrics

Recall at K (Recall@K):

Hit Rate at K (HR@K):

Normalized Discounted Cumulative Gain (NDCG@K):

Mean Reciprocal Rank (MRR@K):
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295. Experiments:    Environment Setup

CRS Metrics
Conversational Recommendation Metrics

 Measures whether the system successfully
recommends within T turns.

The success turn for session i as the first turn.

 Simultaneously rewarding earlier turns and higher
recommendation ranks in a single, unified metric.

Hybrid Turn–Rank Metrics (hDCG / hNDCG):

Success Rate (SR@T):

Average Turns (AT):

x
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305. Experiments:    Environment Setup

CRS Metrics
Diversity Metrics

Coverage at the Correct 
Recommendation Round (COV)

Focuses on the diversity of items surfaced at
the time the system “commits” to a final
recommendation.



Dataset Domain Attribute Structure Used by

LastFM Music Artist tags; binary questions UNICORN [10],
DECREC [11]

Yelp Business Hierarchical, enumerated
questions

UNICORN [10],
DECREC [11]

Movie Film Genre, director, actor attributes DECREC [11]

Amazon-Book E-commerce Product category and properties DECREC [11]

University of Technology
National University of Ho Chi Minh city

315. Experiments:    Environment Setup

CRS Dataset
Attribute-based Datasets 



Dataset #Dialogues #Turns Key characteristics Used by

ReDial 11,348 ~182000 De facto benchmark;
natural chit-chat CR-Walker [5]

GoRecDial 9,125 170,904 Candidate-grounded
evaluation CR-Walker [5]

University of Technology
National University of Ho Chi Minh city

325. Experiments:    Environment Setup

CRS Dataset
Generation-based Datasets 
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345. Experiments:    Environment Setup

Hardware 
CPU: AMD Ryzen 9 9900X (12 cores / 24 threads),
base frequency 4.40 GHz
RAM: 64.0 GB 
GPU: NVIDIA GeForce RTX 5060 Ti

Deep Learning Stack (GPU)

Python : Python 3.9 / 3.10 / 3.12 (project-dependent),

managed via isolated

PyTorch: torch==2.9.1 (stable) 

CUDA runtime: CUDA 12.8

Environment Setup
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355. Experiments:    Results

Conversation Efficiency Metrics
Metrics: SR@15, AT, hDCG@15
Paper: UNICORN [10], DECREC [11]
Datasets: Amazon-Book, Yelp, LastFM, MovieLens

Table 5.1: Conversation efficiency metrics on MCR
benchmarks (AmazonBook, Yelp)
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365. Experiments:    Results

Conversation Efficiency Metrics
Metrics: SR@15, AT, hDCG@15
Paper: UNICORN [10], DECREC [11]
Datasets: Amazon-Book, Yelp, LastFM, MovieLens

Table 5.2: Conversation efficiency metrics on MCR
benchmarks (LastFM, MovieLens)
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375. Experiments:    Results

Conversation Efficiency Metrics
Metrics: Recall@1, Recall@10, Recall@50, T@1, T@3, C@1, C@3
Paper: CR-Walker [5]
Datasets: ReDial, GoRecDial

Table 5.3: Conversation efficiency metrics on MCR
benchmarks (ReDial, GoRecDial)

T@k: the hit rate among top-k recommendations at each turn [5]
C@k:  the hit rate among top-k recommendations only at the end
of each dialog [5]

Note
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Diversity & Coverage metrics
Metrics: Cov 
Paper: DECREC [11], CR-Walker [5]
Datasets: Amazon-Book, Yelp, LastFM, MovieLens, ReDial

Table 5.4: Coverage diagnostics on different datasets

*

*ReDial is built from MovieLens dataset

5. Experiments:    Results
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6. Conclusions and Future Work 

Conclusions
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Answers to research question
RQ1: How can question elicitation promote diverse preference exploration?

Two possible approaches:
Strategic feature selection (DECREC [11])

Broader selection space
Feature entropy promote exploration over exploitation

Intent-dependent multi-path reasoning (CR-Walker [5])
Quickly narrow down the search space with KG
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Answers to research question

RQ2: How to integrate KG-retrieved info with language model for coherent,
grounded CRS?

Two possible approaches:
Finetune LLM to read and transform KG-retrieved info into meaningful explanation
(KECRS [4], KERL [3])
Utilize retrieved information directly without finetuning (CR-Walker [5], GraphRAG [8])

Take advantages of current advancement of LLM

6. Conclusions and Future Work 
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Answers to research question

RQ3: How do retrieval-level and elicitation-level diversity interact for overall
diversity?

Elicitation-level diversity enables and amplifies retrieval-level diversity through a
cascading effect: diverse questions uncover multi-dimensional preferences, which
activate multiple retrieval paths in the knowledge graph, leading to comprehensive
catalog exploration.

6. Conclusions and Future Work 
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Direction for thesis
Focus on generation-based approaches for CRS, with attention on accuracy and
coverage on each turn
Build a CRS framework that separate KG path reasoning retrieval and LM response
generation

KG retriever: utilizing multipath reasoning (CRWalker) and enhance on path
selection strategy to adapt to user preference of novelty.
Response generator:

Finetune SLM for specific task: transform KG retrieved information into
explanable recommendation
OR Utilize existing LLM.

Deliverables: POC of the framework and evaluation results on existing benchmark

6. Conclusions and Future Work 
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Direction for thesis
Focus on generation-based approaches for CRS, with attention on accuracy and
coverage on each turn
Build a CRS framework that separate KG path reasoning retrieval and LM response
generation

Deliverables: POC of the framework and evaluation results on existing benchmark

6. Conclusions and Future Work 

utilizing multipath reasoning
(CRWalker) and enhance path

selection strategy to adapt to user
preference of novelty

KG Retriever

Finetune SLM for CRS specific
context
OR Utilize existing LLM.

Response generator
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103. Related Works

Diversity-enhanced conversational recommendation via multi-
agent reinforcement learning (DECREC)

Figure 1: DECREC Architecture
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082. Preliminaries:    Small Language Model Overview

Language Models
Efficient conversational brain

Built on Transformer architecture + attention
mechanisms.

Figure 4: Language Model Overview
Retrieval-Augmented Generation (RAG)
Model Context Protocol (MCP) servers

Lightweight trend enabled by:

Evolved from Large Language Models (LLMs)
to Small Language Models (SLMs).



University of Technology
National University of Ho Chi Minh city

085. Experiments:    Environment Setup

Conversation Fluency
& Response Quality

Metrics: BLEU, Dist-2, Dist-3, Know-Prec., Know-Rec.,
Know-F1
Paper: CR-Walker
Datasets: ReDial

Table 1: Conversation fluency/quality metrics for
CR-Walker on ReDial
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085. Experiments:    Environment Setup

Diversity & Coverage metrics

Metrics: I_num, I_suc, F_num, F_suc, Cov 
Paper: DECREC
Datasets: Amazon-Book, Yelp, LastFM, MovieLens

Table 1: Diversity diagnostics on MRCR benchmarks
(Amazon-Book, Yelp)
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085. Experiments:    Environment Setup

Diversity & Coverage metrics

Metrics: I_num, I_suc, F_num, F_suc, Cov 
Paper: DECREC
Datasets: Amazon-Book, Yelp, LastFM, MovieLens

Table 1: Diversity diagnostics on MCR benchmarks
(LastFM, MovieLens)
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Scope & Limitations
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In-scope
Target Task: Multi-turn Conversational Recommendation (CRS)

     + Focus: eliciting/clarifying preferences + recommending with brief explanations
Methodology Focus:

     + SLM-based dialogue: question elicitation + response generation
     + KG grounding: retrieval-supported facts to reduce hallucination
     + Diversity-aware design: diversity in elicitation and retrieval

Data & Evaluation:
     + Offline evaluation on public CRS datasets (e.g., ReDial) + standard CRS metrics

Out-of-scope
Online user studies / A-B testing: no real-user deployment evaluation
Very large LLM-centric systems: focus is on SLM-first designs
Perfect factuality & long-context guarantees: limited by retrieval quality + model capacity
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