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Recommender Systems are Everywhere

• They deeply influence our daily choices and experiences

VideoApp/Music Social networks
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Traditional Recommendation

• Traditional RecSys leverages passive signals

Hou et al. Generative Recommendation Models: Progress and Directions. WWW 2025 Tutorial.
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Conversational Recommendation

• Conversational RecSys engages users in an interactive loop

Hou et al. Generative Recommendation Models: Progress and Directions. WWW 2025 Tutorial.
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Conversation Brings Revolution

• Interactive recommendation using natural language dialogues

Lei et al. Conversational Recommendation: Formulation, Methods, and Evaluation. SIGIR 2020 Tutorial.
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Early Works Before the Era of LLM

Zhou et al. Towards Unified Conversational Recommender Systems via Knowledge-Enhanced Prompt Learning. KDD 2022.

• Knowledge graph-based approaches (e.g., UniCRS)
o Consists of conversation/recommendation modules while utilizing external 

knowledge
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LLM as Conversational Recommender

• LLM as a zero-shot recommender: it is a single unified body of 
conversation, recommendation, and knowledge

GPT-3.5-Turbo
GPT-4
BAIZE-V2-13B
Vicuna-13BHe et al. Large Language Models as Zero-Shot Conversational Recommenders. CIKM 2023.

LLMs
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Research Motivation

• Users can request recommendations based on visual features

o However, existing CRS cannot provide relevant items unless they have a 
visual ability
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Research Motivation

• Visual information (image) matters
o Images capture crucial details (design, color), especially in visually-driven 

domains
o Leveraging images can greatly enhance recommendation performance
o However, existing CRS rely on textual features (title)

An example of
Amazon product



10

How can we design a visually-aware CRS 
solution?

Research Motivation
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• Given
o A multi-turn dialogue with user preferences
o A set of candidate items, each with textual + visual data (images)
• Goal

o Recommend the relevant item(s) that match user’s needs

Visually-Aware Conversational Recommendation

Utilize vision-language models!
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Earlier Vision-Language Models

• Two types of early approaches

Lu et al. ViLBERT: Pretraining Task-Agnostic Visiolinguistic Representations for Vision-and-Language Tasks. NeurIPS 2019.
Radford et al. Learning Transferable Visual Models From Natural Language Supervision. ICML 2021.

BERT-based models
(VilBERT, VisualBERT, VL-BERT, UNITER, etc.)

Dual-encoder contrastive models
(CLIP, ALIGN, CoCa, Florence, etc.)

Mostly trained on image captioning tasks: # tokens < 100
Difficult to apply to long/complex conversations

From Reddit
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Large Vision-Language Models (VLMs)

• Leveraging LLMs for more complex downstream tasks
o Vision encoder + LLM backbone

Noyan et al. Vision Language Models Explained. Hugging Face Blog 2024.
Yin et al. A Survey on Multimodal Large Language Models. arXiv 2024.
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Large Language and Vision Assistant (LLaVA)

• One of the most widely used VLMs in various of downstream tasks
o Open sourced, strong performance, and handleable models available (7B)

LLaVA-Next further splits each image
into multiple sub-images

LLaVA’s Architecture

CLIP ViT

Liu et al. Visual Instruction Tuning. NeurIPS 2023.
Liu et al. Improved Baselines with Visual Instruction Tuning. CVPR 2024.

Dosovitskiy et al. An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale. ICLR 2021.

Fine-tune LLaVA for visually-aware CRS!



15

Challenges

• Absence of adequate datasets for visually-aware CRS
o Ideal: natural conversation ∩ image features

List of CRS datasets
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Challenges

• Candidate-based recommendation
o Effectively narrow down the search space
o Suitable for domains that LLM is not familiar 

with
• Token explosion for multiple images

o VLMs convert each image into 
hundreds/thousands of tokens

o Multiple candidates cause token explosion
o LLaVA-v1.6
• Context length: 4K tokens, image: 2.8K tokens

Yang et al. PALR: Personalization Aware LLMs for Recommendation. arXiv 2023.

Candidate-based recommendation
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Reddit-Amazon Dataset

• An example

• Statistics
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Proposed Method: LaViC

• Designed LaViC (Large Vision-Language Conversational 
Recommendation Framework)
• Overview of LaViC

o 1) Visual Knowledge Self-Distillation
• Compress thousands image tokens into minimal embeddings

o 2) Recommendation Fine-Tuning
• Incorporate visual embeddings + dialogue context into the LLMs



19

Visual Knowledge Self-Distillation

• How to avoid token explosion of using multiple images?
o LLaVA-V1.6 splits each image into 577 x 5 tokens
o Maximum context length: 4K
• Self-distillation of the visual knowledge

o Compress each image into 5 [CLS] tokens
Minimize negative log likelihood
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Example of Description Generation
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Perplexity on Visual Knowledge Self-Distillation

• The validation PPL reaches a plateau after 1-2 epochs
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Recommendation Fine-Tuning

• Candidate-based pipeline
o Retrieved top-10 items using SBERT
• Title-dialogue matching

o For each candidate, we provide {ID, Title, 
[CLS], …} as input

o LLM is trained to answer the ground-truth
item ID

• Training only LLM parameters
o Freeze vision tower and projector
o LoRA is adapted for LLM Minimize negative log likelihood



23

Experimental Setup
• Datasets

o Reddit-Amazon (Beauty, Fashion, Home)
• Each item has title + image(s)

• Baselines
o Retrieval-based: BM25, SBERT, RoBERTa, SimCSE, BLaIR
o Generative: Vicuna, LLaVA, GPT-3.5, GPT-4o
• Implementation

o Single A100 40GB GPU, LoRA, batch size=4 (distill), 1 (prompt)
• Evaluation Metrics

o HitRatio@1 (HR@1): correct item selection rate
o ValidRatio (VR): valid item ID output (no hallucination)
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Experimental Results

• Comparison w/ open-source methods

7B parameters

Outperforms the others
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Experimental Results

• Comparison w/ proprietary methods

150-200B parameters

Comparable
performance7B parameters
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Experimental Results

• Ablation study
o “Entire tokens” use all tokens for each image
o “w/o images” use only item titles
o “w/o self-distillation” use [CLS] tokens but without self-distillation
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Experimental Results

• Case study
o (a) LaViC captures subtle visual 

attributes (color, design) not 
evident in the item title

o (b) LaViC captures additional 
details such as extra straps or 
shape using compressed image 
tokens
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Conclusion

• Address the visually-aware conversational recommendation
• Propose a novel framework: LaViC

o Large vision-language model-based framework
o Visual knowledge self-distillation
o Recommendation fine-tuning
• Open-source the benchmark datasets

• Statistics
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Thank You!
hyjeon@ucsd.edu

mailto:hyjeon@ucsd.edu

