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Abstract

Contemporary recommendation systems predominantly rely
on ID embedding to capture latent associations among users
and items. However, this approach overlooks the wealth of
semantic information embedded within textual descriptions
of items, leading to suboptimal performance and poor gener-
alizations. Leveraging the capability of large language mod-
els to comprehend and reason about textual content presents
a promising avenue for advancing recommendation systems.
To achieve this, we propose an Llm-driven knowlEdge Adap-
tive RecommeNdation (LEARN) framework that synergizes
open-world knowledge with collaborative knowledge. We ad-
dress computational complexity concerns by utilizing pre-
trained LLMs as item encoders and freezing LLM parame-
ters to avoid catastrophic forgetting and preserve open-world
knowledge. To bridge the gap between the open-world and
collaborative domains, we design a twin-tower structure su-
pervised by the recommendation task and tailored for prac-
tical industrial application. Through experiments on the real
large-scale industrial dataset and online A/B tests, we demon-
strate the efficacy of our approach in industry application. We
also achieve state-of-the-art performance on six Amazon Re-
view datasets to verify the superiority of our method.

Introduction

Inspired by the recent remarkable capabilities and rapid de-
velopment of large language models (LLMs), how to intro-
duce the rich open-world domain knowledge and great logi-
cal reasoning ability of LLMs into recommendation systems
(RS) attracts attention from academics and industry.

Current RS heavily rely on distinct ID embeddings and fo-
cus on capturing latent user-item associations based on his-
torical interactions. This approach overlooks the semantic
information in item text descriptions and struggles to gener-
alize to unseen data, resulting in suboptimal performance in
industrial cold-start scenarios and long-tail user recommen-
dations. Moreover, unlike the fields of computer vision (CV)
and natural language processing (NLP), the ID-embedding-
based modeling approach in RS does not facilitate the devel-
opment of a pretrained model that can perform well across
downstream tasks and subscenarios.
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Figure 1: Ilustration of “Rec-to-LLM” and “LLM-to-Rec”
approaches. Previous methods textualize recommendation
data to natural language conversations, which are then fed
into LLM to obtain text predictions. In contrast, our method,
LEARN, transforms item text information into LLM em-
bedding, which is projected into the collaborative domain
to achieve alignment with industry recommendation tasks.

To alleviate the poor generalization of current RS, various
methods are proposed to utilize text information and inte-
grate LLM with RS to generate textual predictions such as
user interests (Ren et al. 2024), next item information (Li,
Zhang, and Chen 2023), and recommend reasons (Zhang
et al. 2023b).

Previous research (Lyu et al. 2023; Liu et al. 2023; Zhang
et al. 2023a; Gao et al. 2023; Sanner et al. 2023; Hou
et al. 2024) on integrating recommendation systems with
LLMs typically follows a unified strategy termed the “Rec-
to-LLM” adaptation in this paper. This strategy involves
adapting user-item interaction data from the recommenda-
tion domain (target domain) into the textual format of the
LLM open-world domain (source domain), as depicted in
Fig. 1. Specifically, these methods (Liao et al. 2023; Bao
et al. 2023b; Yuan et al. 2023; Bao et al. 2023a; Lin et al.
2023b) design task-specific prompts to transform recom-
mendation data to conversational formats and employ the
next token prediction loss, aligning the input organization
and target tasks with those of the LLM pre-training stage.

However, our empirical investigations reveal that the
“Rec-to-LLM” adaptation fails to yield practical benefits in
real-world industry applications. This inefficacy can be at-
tributed to the inherent shortcomings of this approach. First,



given the input length limitations (2K to 128K) and com-
putation complexity of LLMs, inferring or finetuning LLM
with the textualized interactions is unaffordable in indus-
try scenarios. In our short video platform, users interact
with nearly 800 short videos on average each week. There-
fore, handling the global user history interactions over sev-
eral months with LLM poses significant computational bur-
dens. Second, finetuning LLM with recommendation data
often leads to catastrophic forgetting and suboptimal perfor-
mance, due to the significant domain gap between collabora-
tive knowledge of RS and general open-world knowledge of
LLM. Third, the misalignment between training objectives
of LLM and recommender further prevent previous work
from achieving satisfactory performance.

To overcome the limitations noted, we introduce the LIm-
driven knowlEdge Adaptive RecommeNdation (LEARN)
approach, designed to synergize the open-world knowl-
edge of LLMs with the collaborative knowledge of rec-
ommenders. Contrary to previous methods following “Rec-
to-LLM” adaptation, our approach adapts knowledge from
LLM to recommendation (LLM-to-Rec) depicted in Fig. 1.
We employ the LLM as a content extractor, with the recom-
mendation task serving as the training target. Specifically,
the proposed LEARN framework consists of a user tower
and an item tower. Both towers consist of the Content EX-
traction (CEX) and Preference ALignment (PAL) modules.
To address the computational challenges associated with
processing extensive user history interaction, the CEX mod-
ule employs the pretrained LLM as an item encoder rather
than as a user preference encoder. To avoid catastrophic for-
getting of open-world knowledge, we freeze the LLM during
the training stage. Furthermore, to bridge the domain gap
between open world and collaborative knowledge, we de-
sign the PAL module and adopt the self-supervised training
target of the recommendation task to guide model optimiza-
tion. The user and item embeddings generated by LEARN
are taken as inputs of the online ranking model.

To validate our methods in real industry application, we
build a large-scale dataset collected from the real recommen-
dation scenario and evaluate our method in the online A/B
test. Experiments are also conducted on Amazon Reviews
datasets (Ni, Li, and McAuley 2019) to make a fair compar-
ison with previous methods. State-of-the-art performance is
achieved in three metrics of six datasets and verifies the su-
periority of the LEARN framework.

We conclude our contributions as follows:

* We propose the Llm-driven knowlEdge Adaptive Rec-
ommeNdation (LEARN) framework to efficiently ag-
gregate the open-world knowledge encapsulated within
LLMs into RS.

* We propose the CEX and PAL modules to solve the
catastrophic forgetting of open-world knowledge in LLM
and take the recommendation task to bridge the domain
gap between open-world and collaborative knowledge.

* We evaluate our method on the large-scale industry
dataset and validate it through online A/B testing, veri-
fying its profitability in real-world industry scenarios.

* To confirm the superiority of our method over previous
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work, we conduct experiments on six public datasets and
achieve SOTA performance in three metrics, particularly
bringing an average 13.95% improvement in Recall@10.

Related Work
Content-based Recommendation

Traditional RSs are predominantly based on ID-based em-
beddings (Hidasi et al. 2015; Kang and McAuley 2018; Sun
etal. 2019; Li et al. 2022), which frequently suffer from lim-
ited generalizability. To address this, extensive research has
focused on deepening the understanding of user and item
content to bring incremental information and enhance the
generalization capabilities for online RS. Wu et al. devel-
oped the large-scale MIND text dataset (Wu et al. 2020)
specifically for the news recommendation task, advancing
research on the impact of understanding text content for
RS recommendation systems. Following this, various stud-
ies leverage the BERT (Devlin et al. 2018) model to improve
content understanding. ZESRec (Ding et al. 2021), UniRec
(Hou et al. 2022), and TBIN (Chen et al. 2023) take the pre-
trained BERT model as the encoder to extract content em-
bedding for item text description. Recformer (Li et al. 2023)
draws inspiration from BERT’s training mechanism, com-
bining masked language model loss with contrastive loss,
and features a redesigned tokenizer to encode textual infor-
mation of items. In addition to utilizing textual information,
some methods also attempt to incorporate visual informa-
tion into the recommendation model. SimTier and MAKE
(Sheng et al. 2024) adopt CLIP (Radford et al. 2021) and
MoCo (He et al. 2020) to extract image features. MoRec
(Yuan et al. 2023) and MISSRec (Wang et al. 2023) incor-
porate visual content from item images using ResNet (He
etal. 2016) and ViT (Dosovitskiy et al. 2020) in the sequen-
tial recommendation.

LLM-based Recommendation

Due to the powerful capabilities demonstrated by LLM in
textual understanding and common sense reasoning, an in-
creasing number of studies are exploring the integration of
LLM in recommender systems (RS) (Lin et al. 2023a; Fan
et al. 2023). The first type freezes the LLM parameters
and takes the LLM as a recommender. Some works (Gao
et al. 2023; Liu et al. 2023; Zhang et al. 2023a, 2024; Hou
et al. 2024; Xi et al. 2023) proposed the task-specific prompt
to construct recommendation dialogues and used ChatGPT
to generate candidates. RLMRec (Ren et al. 2023) utilized
ChatGPT to generate user/item profiles. The second type
fine-tunes the LLLM on specially prepared textual datasets
from the recommendation domain. LlamaRec (Yue et al.
2023) took the item title as textual data and optimized the
LLM by ranking scores. TALLRec (Bao et al. 2023b) pro-
posed a two-stage tuning framework and finetunes the LLM
with LoRA (Hu et al. 2021) for few-shot recommendation.
LLaRA (Liao et al. 2023) combined the LLM prompt with
ID embeddings to align the LLM and the well-established
sequential recommenders. ReL.La (Lin et al. 2023b) pro-
posed a retrieval-enhanced instruction tuning method and
finetuned Vicuna (Chiang et al. 2023) on a mixed dataset.
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Figure 2: Illustration of our LIm-driven knowlEdge Adaptive RecommeNdation (LEARN) framework. The LEARN framework
employs a twin-tower architecture comprising a user tower and an item tower. The user tower processes history interactions
to generate user embeddings £“*¢", while the item tower handles target interactions to produce item embeddings E*¢™. User
Tower and Item Tower (a) leverage the causal attention mechanism. Item Tower (b) adopts a self-attention mechanism. Without
the preference alignment module, Item Tower (c) directly utilizes the content embedding as the item embedding.

Both types of prior research adapt the user-item inter-
action data of recommendation systems to the textual con-
versation format of LLMs and utilize the training loss of
LLMs to finetune the model. These methods transfer data
and tasks from the recommendation domain (target domain)
to the LLM domain (source domain), and are therefore re-
ferred to as “Rec-to-LLM” methods in this paper.

Method
Model Architecture

Given user history interactions in chronological order, the
interaction sequence is split into two segments based on a
specific timestamp: the first segment is the history inter-
action sequence U"***, and the second segment is the tar-
get sequence U%". The length of history and target interac-
tions are denoted as H and 7', respectively. We propose the
LEARN framework to capture the user’s interests from the
history interaction and predicts the next item the user is in-
terested in. The LEARN framework consists of a user tower
and an item tower as shown in Fig. 2.

User Tower The User Tower comprises a Content EXtrac-
tion (CEX) module and a Preference Alignment (PAL) mod-
ule, as depicted in Fig. 3. The input of the user tower is a
sequence of history items that interact with the user. Each
item is described textually according to the prompt template
shown in Fig. 3. The prompt is designed to be highly con-
cise to effectively assess the informativeness of the textual
description. The CEX module processes these item descrip-
tions employing a pre-trained LLM and an average pool-
ing layer to generate content embeddings £°. During train-
ing, parameters of the pretrained LLM remain frozen, and
the hidden states of the final decoder layer are used as out-
put embeddings, which are subsequently sent to the pooling
layer, as illustrated in Fig. 3(a). For the entire history inter-
action sequence U hist the CEX module converts the textual
description of each item into a content embedding £, form-
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ing a content embedding sequence. Each item is processed
independently by the CEX module.

The Preference ALignment (PAL) module captures user
preference and outputs user embeddings based on the con-
tent embedding sequence. The PAL module starts with a
content adaptor to perform dimension transformation. Sub-
sequently, the transformer with 12 layers serves as the back-
bone network, following the configuration of BERT-base
(Devlin et al. 2018) model. This transformer is specifically
designed to learn implicit item relationships and model user
preferences. Unlike bidirectional attention in BERT (Devlin
et al. 2018), our module employs the causal attention mech-
anism to model sequential dependency by focusing exclu-
sively on past items, in line with the chronological nature of
user preferences. The output embeddings of our transformer
are further processed through online projection layers to pro-
duce user embeddings E“*¢" € R%, which are directly uti-
lized for online e-commerce recommender in Fig. 5.

Item Tower The item tower processes textual descriptions
of item content and outputs item embedding E%¢™ tailored
for the recommendation domain. As depicted in Fig. 2, three
variants of the item tower are proposed.

ItemTower(a) employs the same causal attention mech-
anism as the User Tower, whereas ItemTower(b) adopts
the self-attention mechanism where each item attends ex-
clusively to its own content. Despite this difference, both
variants maintain an identical model architecture and share
the same weights with the UserTower. To bridge the sub-
stantial gap between open-world and collaborative domains,
both variants project content embeddings from the LLM
into user/item embeddings used in recommendation system,
following the “LLM-to-Rec” approach. In contrast, Item-
Tower(c) directly leverages the content embedding E°¢ as
the item embedding E*°™ to guide user perference learning
in the “Rec-to-LLM” manner. In the training stage, Item-
Tower(a) processes the entire user target sequence U%" as
input, while ItemTower(b) and ItemTower(c) handle individ-
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Figure 3: Illustration of the Content Extraction (CEX ) mod-
ule and Preference ALignment (PAL) module. The CEX
module utilizes a pretrained LLM to generate content em-
beddings from item text descriptions. The PAL module takes
these content embeddings and projects them from the open-
world domain into the collaborative domain embeddings
used in the online recommender.

ual items independently. In the inference stage, all three vari-
ants take a single item as input and generate item embedding
independently. Due to superior performance in Tab. 5, Item-
Tower(a) is adopted as the default setting.

Training Target To bridge the gap between content em-
beddings in the open-world domain of LLMs and user/item
embeddings in the collaborative domain of RS, we align our
training objectives with those of the online ranking model.
In an online RS, the ranking model computes similarities be-
tween the user embedding and the embeddings of all items in
the gallery. The top k items with the highest similarity scores
are identified as those likely to interest the user. Thus, we
employ a self-supervised contrastive learning mechanism to
model user preferences, aligning with the goals of the on-
line RS. This approach maximizes the similarity between
the user embedding and the embeddings of relevant items
while minimizing similarities with irrelevant items. We sam-
ple user embeddings from the user history sequence and item
embeddings from the target sequence of the same user to
construct positive sample pairs. Target item embeddings of
other users in the same batch are sampled as negative. To
fully exploit user interactions and capture user long-term in-
terest, we adopt the dense all action loss (Pancha et al. 2022).
Ny, user embeddings are sampled from the history sequence
and the N; element embeddings are sampled from the target
sequence. This allows us to construct Nj, x IV; positive sam-
ple pairs from single user interaction data to apply dense all
action loss. Nj, and NV, are set to 10 by default.

Sampling Strategy Although items have been sampled
based on the importance of behavior during the construction
of the industry dataset, the length of user sequences remains
excessively long due to training resource constraints. To ad-
dress this, we design a two-stage sampling strategy during
the training phase. In the first stage, we perform random
sampling from the complete user history/target interactions
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Datasets #Users #Items #Inters. Avg.n  Density
Pre-training 3,613,906 1,022,274 33,588,165 9.29 9.1e-6
-Training 3,501,527 954,672 32,291,280 9.22 9.0e-6
-Validation 112,379 67,602 1,296,885  11.54 1.7e-4
Scientific 11,041 5,327 76,896 6.96 1.3e-3
Instruments 27,530 10,611 231,312 8.40 7.9e-4
Arts 56,210 22,855 492,492 8.76 3.8¢e-4
Office 101,501 27,932 798,914 7.87 2.8e-4
Games 11,036 15,402 100,255 9.08 5.9¢e-4
Pet 47,569 37,970 420,662 8.84 2.3e-4

Table 1: Statistics of the Amazon Review datasets. Avg. n
denotes the average length of user interactions.
Datasets #Users #Items #Inters. Avg.n  Density
Train 11,965,799 31,044,924  1,883,216,224 157.38  5.07e-6
Test 239,813 6,519,074 37,683,369 157.13  2.4le-5

Table 2: Statistics of the industry datasets.

to serve as input for the User Tower, ensuring that the data
used for modeling user interests is unbiased. Visualization
of user interaction data revealed that items — users recently
interacted with — better reflect user current interests and are
more relevant to the target items of user preferences. Thus,
in the second stage, when constructing positive and negative
sample pairs, we implement a sample weighting strategy that
prioritizes recent items. The weighting w; of the ¢-th item in
the history/target sequence is computed as:

8 — «
N -1

- wj

~ max(w)’

where w; = log(a+1 - ).
The hyperparameters « and S are set to 10 and 10000. NV
is the length of user history/target interactions sampled from
the first stage.

(D

Experiments
Experimental Settings

Dataset For industry application, we build a large-scale
practical recommendation dataset from the e-commerce
platform of a short video application. The industry dataset
compose 12 million users interacted with 31 million items
over a 10-month period from June 2022 to April 2023. The
interactions from the first nine months are used as histori-
cal data, while the interactions from the last month are des-
ignated as target data. Six types of information (title, cat-
egory, brand, price, keywords, attributes) are collected to
form the item description. To make a fair comparison, we
adopt the widely used Amazon Review dataset (Ni, Li, and
McAuley 2019) and follow the same settings as RecFormer
(Li et al. 2023). Seven categories are selected as pretraining
data and the other six categories are selected as finetuning
data to evaluate our method. Three types of information (#i-
tle, category, brand) are used to form the item description.
The statistics of public and industry datasets are shown in
Tab. 1 and Tab. 2.

Implementation Details Baichuan2-7B (Baichuan 2023)
is adopted as the LLM to extract content embedding based



ID-Only Methods

ID-Text Methods

Text-Only Methods

Improv.
Dataset Metric GRU4Rec SASRec BERT4Rec RecGURU FDSA S°®-Rec ZESRec UniSRec RecFormer LEARN

NDCG@10 0.0826  0.0797 0.0790 0.0575 0.0716 0.0451 0.0843 0.0862 0.1027 0.1060 +3.21%
Scientific  Recall@10  0.1055 0.1305 0.1061 0.0781  0.0967 0.0804 0.1260 0.1255 0.1448 0.1594 +10.08%
NDCG@10  0.0633 0.0634 0.0707 0.0468  0.0731 0.0797 0.0694 0.0785 0.0830 0.0878 +5.78%
Instruments Recall@10  0.0969  0.0995 0.0972 0.0617  0.1006 0.1110 0.1078 0.1119 0.1052 0.1240 +17.87%

NDCG@10 0.1075  0.0848 0.0942 0.0525 0.0994 0.1026 0.0970 0.0894 0.1252 0.1225 -
Arts Recall@10  0.1317  0.1342 0.1236 0.0742  0.1209 0.1399 0.1349 0.1333 0.1614 0.1701 +5.39%
NDCG@10 0.0761 0.0832 0.0972 0.0500  0.0922 0.0911 0.0865 0.0919 0.1141 0.1167 +2.28%
Office Recall@10  0.1053 0.1196 0.1205 0.0647  0.1285 0.1186 0.1199  0.1262 0.1403 0.1549 +10.41%
NDCG@10 0.0586  0.0547 0.0628 0.0386  0.0600 0.0532 0.0530 0.0580 0.0684 0.0798 +16.67%
Games Recall@10  0.0988 0.0953 0.1029 0.0479  0.0931 0.0879 0.0844 0.0923 0.1039 0.1345 +29.45%
NDCG@10  0.0648 0.0569 0.0602 0.0366  0.0673 0.0742 0.0754  0.0702 0.0972 0.0990 +1.85%
Pet Recall@10  0.0781 0.0881 0.0765 0.0415 0.0949 0.1039 0.1018 0.0933 0.1162 0.1284 +10.50%

Table 3: Performance comparison of different recommendation models. The best and second best performances are bold and
underlined, respectively. Improv. denotes the relative improvement over the SOTA method RecFormer.

on item text description due to its robust capabilities in un-
derstanding Chinese and English text. The LLM parameters
are frozen during the training stage. All experiments take
the AdamW optimizer and the cosine scheduler as default
settings. For industry datasets, the training batch size is set
to 240 and the length of user history and target interaction
are set to 80 and 40 due to memory limitation. Training
epochs are set to 10. The hit rate (H@50, H@100) and re-
call (R@50, R@100) at Top50 and Top100 is used for per-
formance evaluation. For the Amazon Review datasets, the
batch size is set to 1024 during pretraining and 16 during
fine-tuning. The learning rate is 5e-5 and 2e-5, respectively,
for the two stages. Training epochs are set to 20 for pre-
training and 200 for fine-tuning. We follow the evaluation
settings proposed by RecFormer, applying the leave-one-out
strategy (Kang and McAuley 2018) for the evaluation. Three
metrics — NDCG@10 (N@10), Recall@10 (R@10), and
MRR — are used to ensure a fair comparison. Given the
limited interaction sequence length in the Amazon Review
dataset, we opt not to apply any sampling strategy in the
training stage of LEARN.

Performance on Amazon Review

Overall Performance To verify the effectiveness of our
method, performance on Amazon Review is reported in
Tab. 3. We compare LEARN with three categories of meth-
ods: ID-Only methods (GRU4Rec (Hidasi et al. 2015), SAS-
Rec (Kang and McAuley 2018), BERT4Rec (Sun et al.
2019), RecGURU (Li et al. 2022)) , ID-Text methods (FDSA
(Zhang et al. 2019), S3-Rec (Zhou et al. 2020)), and Text-
only methods (ZESRec (Ding et al. 2021), UniSRec (Hou
et al. 2022), RecFormer (Li et al. 2023)). Our method
achieves significant improvements compared to the ID-only,
ID-Text, and Text-only methods. Specifically, compared to
the SOTA method RecFormer, our method LEARN brings
improvements of 10.08%, 17.87%, 5.39%, 10.41%, 29.45%,
and 10.50% in Recall@10 on the Scientific, Instruments,
Arts, Office, Games, and Pet datasets, respectively. Instead
of using masked language modeling (MLM) loss and a
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Figure 4: Performance comparison with text-only SOTA
methods under zero-shot setting.

two-stage fine-tuning process like RecFormer, the proposed
LEARN model is supervised solely by user-item contrastive
loss in a single fine-tuning stage. Our method achieves sig-
nificant performance improvements despite fewer loss con-
straints and a simpler training process, further demonstrating
the effectiveness of our framework. We also conduct experi-
ments in zero-shot settings (only with the pre-training stage)
following the RecFormer setting. Results in Fig. 4 demon-
strate that our LEARN framework can be taken as a pre-
trained recommendation model and performs well in down-
stream subscenarios. The performance of other methods in
Fig. 4 is referenced in RecFormer.

Ablation Study The insight behind our performance im-
provement is that: a significant gap between the collabora-
tive domain of the recommenders and the open-world do-
main of LLMs. Given the informative content embedding as
inputs, one efficient way to bridge this gap is taking user-
item interactions as alignment target to transform content
embeddings into user/item embeddings. We demonstrate our
insight in Tab. 4. First, we calculate the user embedding
by averaging the content embeddings of all items the user
has interacted with and use content embeddings of items as
item embeddings directly. Since there is no alignment be-
tween the LLM and recommendation domains, we term this



Dataset ~ Metric w/o Align w/ ItemTower(c) LEARN Ablation Params | H@S0 R@50 H@100 R@100
ID-emb 2.3B 0.0312 0.0499 0.0503  0.0754
Scientific V@10 0.0504 0.0978 0.1060 (+ 8.38%) BERT-emb 86M | 0.0357 0.0552 0.0576  0.0843
R@10  0.0813 0.1389 0.1594 (+14.76%) LLM-emb (Ours) | 89M | 0.0477 0.0663 0.0751  0.0970
Instruments N@10 0.0164 0.0679 0.0878 (+29.31%) ) ) )
R@10  0.0332 0.0940 0.1240 (+31.91%) Table 6: Performance comparison of input embedding types
N@I10 00308 0.0900 0.1225 (+36.11%) in the LEARN framework on the industry dataset. The num-
Arts R@10  0.0633 0.1337 0.1701 (+27.23%) ber of trainable parameters is termed ‘“Params”.
Office N@10 0.0166 0.0890 0.1167 (+31.12%)
R@10 0.0312 0.1144 0.1549 (+35.40%)
N@10 0.0175 0.0555 0.0798 (+43.78%) dataset collected from the real industry scenario. Dataset de-
Games R@10  0.0361 0.0891 0.1345 (+50.95%) tails are given in Tab. 2. As shown in Tab 5, “w/o Align”
N@10 00312 0.0812 0.0990 (+21.92%) achieves the worst performance due to the significant gap
Pet R@10 0.0427 0.1010 0.1284 (+27.13%) between LLM and recommendation domains. Among the

Table 4: Ablation studies of alignment strategy on Amazon
Review. w/o Align averages the content embeddings of all in-
teracted items to create the user embedding. w/ ItemTower(c)
take the content embedding of items to supervise the user
embedding learning.

Ablation H@50 R@50 H@100 R@100
w/o Align 0.0069 0.0154 0.0101  0.0210
w/ ItemTower(c) 0.0292 0.0416  0.0468 0.0626
w/ ItemTower(b) 0.0313 0.0488 0.0505  0.0675
w/ RandomSample | 0.0440 0.0610 0.0701 0.0905
LEARN (ours) 0.0477 0.0663 0.0751  0.0970

Table 5: Ablation studies of alignment strategy and sampling
strategy on industry dataset.

method “w/o Align”. We find that the performance of the
“w/o Align” is very poor, which confirms our hypothesis that
there is a significant gap between the open-world knowledge
of the LLM domain and the collaborative knowledge of the
recommendation domain. Therefore, content embeddings
generated by LLMs are not suitable for direct use in rec-
ommendation tasks. Second, we use the content embedding
generated by the LLM as the alignment target, with Item-
Tower(c) shown in Fig. 2. ItemTower(c) variant achieves
domain alignment by transforming the recommendation do-
main into the LLM domain, following the same “Rec-to-
LLM” adaptation of previous work. Experiments reveal that
ItemTower(c) variant is inferior to LEARN. This is because
the distinct characteristics of recommendation knowledge
(target domain) are not well represented in the LLM’s open-
world knowledge (source domain). In contrast, by projecting
the source domain into the target domain space, the LEARN
model is better attuned to the complex and intricacies of the
recommendation (target) distribution, leading to improved
performance.

It is worth noting that for the Amazon Review dataset,
ItemTower(a) is equivalent to ItemTower(b), as the length of
the user target sequence is 1 due to the leave-one-out setting
(Kang and McAuley 2018; Li et al. 2023).

Performance on Industry Dataset

Ablation Study To further validate the rationality of our
model design, we conduct ablation studies on the large-scale
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alignment strategies, LEARN with ItemTower(a) achieves
the best performance, followed by ItemTower(b), with Item-
Tower(c) performing the worst. We believe that LEARN
with ItemTower(a), which uses sequence-to-sequence align-
ment, allows the model to better capture long-term user in-
terests compared to the sequence-to-item alignment used
in ItemTower(b). LEARN with ItemTower(c), which uses
“Rec-to-LLM” adaptation to align with the content embed-
ding target, performs worse than ItemTower(a). This result is
consistent with the findings on the Amazon Review datasets.
Due to the lengthy user interactions spanning more than ten
months, we apply the sample weighting strategy proposed
in Eq.1 and compare it with a random sampling strategy. As
shown in Tab.5, LEARN with sample weighting achieves
7.13% and 7.18% improvement in H@ 100 and R@100.

ID Embedding VS Content Embedding Given the lim-
itations of ID embeddings in semantic representation and
generalization, we explor the feasibility of alternatives to
ID embeddings in large-scale real-world industrial scenar-
i0s. We used three approaches for item representation: learn-
able ID embeddings, frozen content embeddings extracted
from the pretrained BERT (Yang et al. 2022) and pretrained
LLM. The ID-emb dimension is set to 64 to align with
the online system. As shown in Tab. 6, LLM-based content
embeddings deliver significant performance improvement
over ID embeddings, with H@100 increasing from 0.0504
to 0.0751, representing 49.01% enhancement. Compared to
BERT-based content embeddings, LEARN with LLM em-
beddings achieves 30.38% improvement. This can be at-
tributed to the richer information contained in the LLM em-
beddings, which are trained on extensive text corpora. Our
experimental results give a promising direction to replace ID
embedding with semantic content embedding.

Ablation studies of PAL Module Given the superior ca-
pabilities of LLMs in text comprehension and common
sense reasoning, we replace the transformer layers trained
from scratch with the pretrained LLM (Baichuan2-7B) in the
PAL module of Fig. 2. To retain open-world knowledge, we
fine-tune the LLM using LoRA (Hu et al. 2021) and adjust
different settings to vary the number of trainable parameters.

As shown in Tab. 7, as the number of trainable param-
eters increased from 134M to 572M, the performance of
variant “w/ LLM” improves from 0.0376 to 0.0513. How-
ever, this performance still falls short compared to LEARN,
which uses 12 transformer layers trained from scratch as the



Ablation | Finetune Params. | HQ100 R@100 g’leﬂ;.od g?;;;(s: (v)v;g)/ggc
aseline . .
134M 0.0376  0.0560
LM Lopa oot | 00376 - 0.0560 LEARN (Ours) | 0.6969 (+0.84pp)  0.7078 (+0.76pp)
2M 0.0513  0.0720 Table 8: AUC results on our e-commerce platform.
LEARN (Ours) |  Full 89M | 0.0751  0.0970
Level | Type Proportion  Revenue AUC
Table 7: Ablation studies of the backbone of PAL module. cold-start 716% +1.56%  +0.17pp
The “w/ LLM” variant uses a pretrained LLM as the back- User | long-tail 27.54% +5.19%  +0.68pp
bone of the PAL instead of 12 transformer layers. The num- others 65.30% +0.32%  +0.021pp
ber of trainable parameters is termed “Params”. cold-start 315% +8.77%  +0.29pp
Item | long-tail 2647% +4.63%  +0.21pp
...................... RankinTg Loss others 70.38% +0.35%  +0.01pp

[& Ranking Model j

C
I 1
» Fusion emb User emb Item emb

1

Other

Existing Online Features

Figure 5: Illustration of online ranking model structure.

backbone. Considering the working mechanism of LoRA
(Hu et al. 2021), the output features of the “w/ LLM” vari-
ant are a blend of the original feature trained in the open-
world domain and the LoRA feature trained in the recom-
mendation domain. Due to the significantly larger number
of frozen parameters in the LLM compared to the trainable
LoRA parameters, the original features tend to dominate.
These original features are learned from the open world do-
main and are supervised by next-token prediction loss. In
contrast, LORA features are trained in the recommendation
domain and are supervised by contrastive loss. This dispar-
ity between the two types of features prevents the mixed fea-
tures from achieving optimal performance.

Online A/B Experiments

We evaluate the LEARN framework by online A/B test-
ing on the ranking model of a popular short video stream-
ing platform with more than 400 million daily active users
(DAU). Our method has been deployed in the short video
feed advertising scenario since January 2024. More details
are provided in the supplementary.

Ranking Model with LEARN Adaptor To better align
the user and item embeddings generated by LEARN with
the online ranking model, we introduced the LEARN-Aaptor
based on the baseline model. As illustrated in Fig.5, the
baseline model consists of the original ranking model, which
takes the existing online features as inputs (denoted as
“Other” in Fig.5). The LEARN-Adaptor module includes a
fusion module (two linear layers) and an MLP, which aggre-
gate user and item embeddings into the fusion embedding
through ConVersion Rate (CVR) loss. The fusion embed-
ding, along with the user and item embedding of LEARN,
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Table 9: Revenue improvement for three user and item types.
“Proportion” represents the percentage of users/items in
each category.

and existing online features, are concatenated and fed into
the ranking model.

AUC Evaluation AUC evaluation is conducted on a
billion-scale dataset from the e-commerce platform of the
short video application. Following common industry prac-
tices, we adopt UAUC and WUAUC metrics, as they more
accurately assess the ranking performance for each user and
better reflect user experience. Specifically, UAUC provides
insight into the performance of long-tail users by applying
uniform weights. As depicted in Tab. 8, our method outper-
forms the baseline model, achieving improvements of 0.84
percentage points (pp) in UAUC and 0.76 pp in WUAUC.
These gains can be attributed to the superior generalization
capabilities of the LEARN framework, which effectively
captures the interests of long-tail users. To further validate
this hypothesis, we conducted a more comprehensive analy-
sis. We categorize users and items into three types based on
historical interaction frequency. As shown in Tab. 9, LEARN
delivers significant performance enhancements, particularly
for cold-start and long-tail users and items, further confirm-
ing the generalization of our approach for users and items
with sparse purchase histories.

Conclusion

We explore integrating LLMs with recommendation sys-
tems and propose the LEARN framework to achieve sig-
nificant business benefits. The LEARN framework includes
CEX and PAL modules. The CEX module uses the pre-
trained LLM to extract content embeddings for each item,
while the PAL module projects these embeddings from
the open-world domain to the user/item embeddings in the
recommendation domain. The state-of-the-art performance
achieved in industry datasets and the public Amazon Re-
view dataset demonstrates the superior performance of our
LEARN framework.
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