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LLM-based Recommendation

▪ Many LLM-based recommendation studies, like TALLRec, LLaRA, and A-LLMRec, leverage 
item metadata and user interaction history to generate effective recommendations.

▪ These studies typically incorporate user interaction history into the input prompt by 
serializing previous interaction as sentence.

LLM-based Recommendation
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LLM-based Recommendation

▪ Many LLM-based recommendation studies, like TALLRec, LLaRA, and A-LLMRec, leverage 
item metadata and user interaction history to generate effective recommendations.

▪ These studies typically incorporate user interaction history into the input prompt by 
serializing previous interaction as sentence.

→ Question: Do LLMs understand sequential information in user interaction history ?

LLM-based Recommendation
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Preliminary Analysis (PA): Shuffle

This …
[Item A(Item A Emb), Item B(Item B Emb),  Item C(Item C Emb), …] ….

This …
[Item B(Item B Emb), Item C(Item C Emb),  Item A(Item A Emb), …] …

<Example of Original Sequence>

<Example of Shuffled Sequence>

Random Shuffle

Hypothesis: Performance of models that understand the sequential information would deteriorate when 

the sequence is disrupted 
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PA: Prompt Setting

▪ Recent LLM-based recommendation methods can be broadly categorized into two approaches
• Next Item Title Generation: Given a candidate set, generates the next item title from that set

• Next Item Retrieval: Extract user and item representation using the LLM, and recommendations are 
made based on the similarity between these representations
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▪ Train the same model on both the original sequence and shuffled sequence.

▪ Perform inference on these models, using the original sequence.

The sequential patterns in the original and shuffled sequences are different !
→The model trained on the shuffled sequence did not learn the original sequential pattern, 

so its performance will be worse !

PA 1: Train Stage – Sequence Shuffling

This …
[Item A(Item A Emb), Item B(Item B Emb),  Item C(Item C Emb), …] ….

This …
[Item B(Item B Emb), Item C(Item C Emb),  Item A(Item A Emb), …] …

<Example of Original Sequence>

<Example of Shuffled Sequence>
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▪ SASRec, which learns the sequential patterns, training on the shuffled sequence leads to a 
significant performance drop.

▪ However, LLM-based models show almost no performance drop when trained on a shuffled 
sequence.

This suggests that LLMs do not effectively capture user-item interaction sequential information.

PA 1: Train Stage – Sequence Shuffling

Collaborative-based

LLM-based

<Next Item Title Generation Task>

SASRec

Performance Change: -11% to -7 %

LLM-based Models

Performance Change: -1% to +N %
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▪ Train one model on the original sequence data.

▪ Perform inference on this model using the original sequence and shuffled sequence.

Since the shuffled sequence contains different sequential information compared to what the 
model has learned.

→There will be a performance difference between those sequences.

PA 2: Inference Stage – Sequence Shuffling

This …
[Item A(Item A Emb), Item B(Item B Emb),  Item C(Item C Emb), …] ….

This …
[Item B(Item B Emb), Item C(Item C Emb),  Item A(Item A Emb), …] …

<Example of Original Sequence>

<Example of Shuffled Sequence>
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▪ SASRec, which uses only the sequential pattern (blue), shows a significant performance drop, 
when performing inference on a shuffled sequence

▪ In contrast, the LLM-based recommender shows almost the same performance regardless of 
the shuffled sequence

This suggests that LLMs do not understand the sequential information in the interaction history

PA 2: Inference Stage – Sequence Shuffling

Performance drop

SASRec shows a 
significant 
performance drop

LLM-based models 
are still same

Collaborative-based

LLM-based
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▪ Extract user representations from both original and shuffled sequences and compute their cosine 
similarity
• If the model understands sequence information, the representations should differ due to the change in 

sequential patterns

▪ While SASRec shows low similarity between the two representations, LLM-based models show 
high similarity

This suggests that LLMs have not yet fully captured sequential patterns

PA 3: User Representation Similarity

Collaborative-based

LLM-based

<Example of User representation extraction prompt>
LLM-based models 
exhibit high cosine 
similarity
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▪ Collaborative filtering-based sequential recommenders (CF-SRec), such as SASRec, effectively 
capture sequential patterns

▪ Using knowledge distillation, we can easily transfer this sequential knowledge from CF-SRec to 
LLMs

How to Integrate Sequential Information to LLMs

<Knowledge distillation>

<SASRec architecture>

Relational Knowledge Distillation, CVPR 2019
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How to Integrate Sequential Information to LLMs

User representation from CF-SRec
(e.g., SASRec)

▪ We perform knowledge distillation by aligning the user 
representations from a pre-trained CF-SRec (e.g., SASRec) 
with user representations generated by the LLMs

User representation from LLM

2-layer MLP
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How to Integrate Sequential Information to LLMs

▪ Using MSE for the distillation can lead to over-smoothing

▪ We construct uniformity loss to prevent over-smoothing

Separate user representation from 
CF-SRec

Separate user representation 
from LLMs

▪ Final objective: 
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Experiments: Dataset & Baseline

▪ Four public dataset (AMAZON 2023 dataset)
• 5-core (All users and items have at least 5 interactions)

▪ Baseline
• CF-SRec: GRU4Rec, BERT4Rec,  NextItNet, SASRec

• LM-based: CTRL, RECFORMER

• LLM-based: TALLRec, LLaRA, CoLLM, A-LLMRec
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Experiments: Overall Performance

▪ LLM-SRec achieves the superior performance by leveraging textual, collaborative, and sequential 
information, highlighting the importance of sequential modeling for LLMs

▪ In LLM4Rec models, incorporating collaborative information is crucial (TALLRec vs. Other 
LLM4Rec)
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Experiments: Transition vs. Non-Transition

▪ Transition set: Sequences where order matters

▪ Non-Transition set: Sequence with weak or no sequential patterns

• Count item-to-item transitions (Item i → Item j) across the entire training dataset

• Based on these counts, compute a transition score (t-score) for each user

• Transition set: Users in top 50 % t-score

• Non-Transition set: Remaining users
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Experiments: Transition vs. Non-Transition

▪ LLM-SRec achieves the best overall performance, particularly large performance gap over 
baselines in the Transition set, where sequential information is matter

▪ While the performance difference between LLM-SRec and LLM4Rec baselines is small in the 
Non-Transition Set, it becomes significant in the Transition set
• This highlights the LLM4Rec baselines struggle to modeling sequential patterns

• Underscores the importance of effective sequential modeling in LLM-based recommenders



18

Experiments: Warm/Cold Scenarios

▪ LLM-SRec shows superior performance in both warm and cold scenarios
• By leveraging collaborative and textual information, LLM-SRec generalizes across warm/cold scenarios 

and further improves performance by incorporating sequential signal

▪ In cold setting, LLM4Rec models perform well, while in warm settings, models that incorporate 
collaborative knowledge show better results
• These findings highlight the importance of effectively modeling both textual and collaborative 

information for recommendation task
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Experiments: Ablation Study

▪ Without the distillation loss (a), the model shows little performance difference between original 
and shuffled sequence, indicating a lack of understanding of sequential information
• This demonstrates that the distillation loss effectively transfers sequence knowledge to the LLMs

▪ Without the uniformity loss (b), performance drops due to over-smoothing
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Experiments: Train/Inference Time & LLM sizes

▪ Train/Inference Time
• LLM-SRec achieves the fastest training and inference time since it does not fine-tune the LLMs

• Compared to A-LLMRec, which also does not fine-tune the LLMs, LLM-SRec is more efficient as it 
consists of a single learning stage and does not use user representations as prompt

▪ Backbone LLM sizes
• LLM-SRec consistently achieves the highest performance across different LLM sizes

• Notably, LLM-SRec with a small 3B model outperforms LLM4Rec baselines using a larger 8B model

→This highlights that effectively injecting sequential information is more crucial for recommendation performance 
than simply increasing LLM size

<Train/Inference Time> <Backbone LLM sizes>
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Experiments: Case Study

▪ Case: Only LLM-Srec provides the correct recommendation
• Sequence Info: The user’s preference shifts from cables to Apple products

• Textual Info: Preference for the Apple brand

• SASRec: Capture the preference shift and stop recommending cable-related items, but fails to identify the brand 
preference (Apple), recommending items from other brands (Amazon) instead

• A-LLMRec: Fail to capture the change in preference and continues to recommend only cable-related items

• LLM-SRec: Successfully captures both the shift in interest and the emerging brand preference, recommending 
relevant Apple-brand items such as the Apple Pencil
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User representation from CF-SRec
(e.g., SASRec)

▪ Demonstrates that existing LLM-based recommenders 
struggle to handle sequential information

▪ Proposes a method for distilling sequential knowledge 
from a pre-trained Collaborative filtering-based 
sequential recommender model

→ We proposed LLM-based sequential recommender, called LLM-
SRec

▪ Through extensive experiments, shows the importance of 
LLMs understanding sequential information
• Overall experiments, Transition/Non-Transition, Warm/Cold, Cross-domain, 

LLM-size and Case study

Summary

User representation from LLM

2-layer MLP
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Thank you!

[KDD’ 25] Lost in Sequence: Do Large Language Models Understand Sequential Recommendation ?
[Full Paper] https://arxiv.org/abs/2502.13909
[Source Code] https://github.com/Sein-Kim/LLM-SRec

[Lab Homepage] http://dsail.kaist.ac.kr

[Email] rlatpdlsgns@kaist.ac.kr
ghdtjr0311@kaist.ac.kr

Paper Code
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