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Large Language Models for sequential recommendation 
(LLM4SR)

Introduction

The performance of LLMs in recommendation tasks remains suboptimal due to a 
substantial disparity between the training tasks for LLMs and recommendation tasks.
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(1) formatting a user’s interaction history (i.e., a sequence of 
previously interacted items) into an input prompt suitable 
for LLMs.

(2) fine-tuning the LLMs to generate the target response 
(i.e., predicting the next item of interest).

A common paradigm for LLM4SR:
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A common paradigm for LLM4SR:

[1] A Bi-Step Grounding Paradigm for Large Language Models in Recommendation  Systems
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Challenges of long sequences modeling :

Most leading methods truncate each interaction history, retaining only the most recent K items.

This truncation integrates a much shorter interaction sequence into the input prompt, primarily due 
to the context window size limitations and computational demand of LLMs.



Large Language Models for sequential recommendation 
(LLM4SR)

Introduction

Rich user behavior data has been proven to be of great value for recommender systems[1].

           [1]Search-based User Interest Modeling with Lifelong Sequential Behavior Data for Click-Through Rate 
Prediction.

Conduct preliminary experiments by supervised fine-tuning (SFT) Llama-3.2-1B-Instruct 
with different truncated sequence length on the Movielens-1M dataset.



PatchRec — a multi-grained (i.e., both item- and session-level) 
compression framework

Method

1. Item Patch Compression.

2. Session Patch Compression.
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Method

1. Pre-training.

For each interaction sequence in a training batch, where items are represented by their 
textual titles, we augment the interaction sequence with a compressed version of it. 

In this compressed interaction sequence, the textual tokens of each item are independently 
and randomly compressed into an item patch with probability p.

The probability p gradually increases from 0 to 1 during training.



PatchRec — Two-Stage Training

Method

2. Patch Fine-tuning.

To incorporate the temporal decay of user interests in a sequence, we propose two 
fine-tuning strategies with different compression granularities: Patch Fine-tuning on 
Items (PFT-I) and Patch Fine-tuning on Sessions (PFT-S).

PFT-I: The training objective is formulated as:

PFT-S: divides the truncated historical item sequence into groups of items based on interaction time, 
with each group containing at most L adjacent items. The training objective is formulated as:
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