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Abstract
The integration of Large Language Models (LLMs) has led to sub-
stantial advancements in recommender systems (RS) by leveraging
their vast knowledge and reasoning abilities. However, the semantic
gap between the linguistic knowledge of LLMs and the collabora-
tive patterns in RS hinders their effective fusion. This issue results
in a fundamental limitation where models, despite achieving high
prediction accuracy, are unable to provide coherent rationales jus-
tifying their recommendations. In this paper, we propose ARROW
(Adaptive Reasoning for LLM-based RecommendatiOn With ex-
plainability), a novel framework that effectively elicits the intrinsic
reasoning capabilities of LLMs to bridge this semantic gap. ARROW
is carefully designed to guide the model in generating an explicit
reasoning process for its recommendation decisions using chain-of-
thought prompting. Furthermore, we introduce the Adaptive Rea-
soningModulator, which quantifies the uncertainty of the reasoning
process and adaptively adjusts its weight to maximize the model’s
reasoning efficacy. Our extensive experiments demonstrate that AR-
ROW achieves significant performance improvements over strong
baseline models while providing human-interpretable explanations.
Our code is available at https://github.com/yunwooseong/ARROW.

CCS Concepts
• Information systems→ Recommender systems.
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1 Introduction
Recommender systems (RS) have emerged as a pivotal technology
formitigating information overload and enhancing user experiences
across various online platforms. Collaborative Filtering (CF) [16, 21],
which models user preferences based on user-item interactions, has
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Sample
UserID: 4
HisItemTitleList: Blade Runner (1982), Raiders of the Lost Ark (1981), … , Indecent Proposal (1993)
TargetItemTitle: Desperately Seeking Susan (1985)

A user has given high ratings to the following movies: <HisItemTitleList>. 
Based on this information, would the user enjoy the movie titled <TargetItemTitle>? 
Please answer "Yes" or "No", and explain the reason for your answer. \n#Answer:"

Prompt 

CoLLM Ours

Yes. The user has given high ratings to several 
movies that are similar to Desperately Seeking Suan 
(1985). For example, the user has given high ratings 
to comedy such as 
“The Intern (2015)”, “Mother’s Day (2016)”, … ,
“The Intern (2015)”, “Mother’s Day (2016)”, … , 
“The Intern (2015)”, “Mother’s Day (2016)”, … , 

Yes. These movies are all light-hearted, comedic, 
and/or musical, and feature strong female leads. 
Desperately Seeking Susan (1985) is also a light-
hearted, comedic, and musical film that features a 
strong female lead in Rosanna Arquette’s character, 
Susan. Therefore, it is likely that user would enjoy 
Desperately Seeking Susan (1985). 

Figure 1: Case study of CoLLM and the proposed ARROW on
ML-1M dataset.

been widely used in RS. With the remarkable advancements in
Large Language Models (LLMs), there has been growing interest in
leveraging their rich knowledge and reasoning capabilities for RS.

Early studies [1, 5, 7, 13] attempted to align LLMs with recom-
mendation tasks by converting recommendation data into natural
language formats. CoLLM [27] enhances this mechanism by provid-
ing pre-trained collaborative embedding as special tokens within
the prompt, combining the LLM’s prior knowledge with collabora-
tive knowledge. While these approaches have shown some promise,
a fundamental challenge remains. This challenge, which we term
the semantic gap, stems from the inherent heterogeneity between
LLM’s pre-trained linguistic knowledge and collaborative patterns
in interaction data. As recent literature [10, 22] highlights, this
semantic gap hinders the effective fusion of the two knowledge
sources. This heterogeneous knowledge fusion results in shallow in-
tegration, hindering LLMs from fully utilizing their model capacity
for recommendation tasks [29].

To bridge this semantic gap, recent literature [2, 3, 14, 25] high-
lights the importance of a reasoning process that justifies their
recommendations. In other words, it is essential to leverage the
reasoning capabilities of LLMs to fuse these heterogeneous knowl-
edge. However, existing LLM-based models [1, 18, 19, 26, 27] are
optimized for simplistic outputs (e.g., such as “Yes/No” predictions
or single rating scores), which fail to provide the rationale behind a
recommendation. Even models designed to generate explanations
are limited in their functionalities, and merely summarize or ex-
tract snippets from review texts [14]. As illustrated in Figure 1,
CoLLM [27] correctly predicts the outcome but fails to provide a ra-
tional explanation for its reasoning, often producing hallucinations
such as repeating movies that are not in the user’s history.

In this paper, we propose ARROW (Adaptive Reasoning for
LLM-based RecommendatiOnWith explainability), a novel frame-
work that elicits the intrinsic reasoning capabilities of LLMs to
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bridge the semantic gap. ARROW is carefully designed to have the
model generate an explicit reasoning process employing chain-of-
thought (CoT) approach [23]. This reasoning process is directly
integrated into the model’s optimization, enabling the model to
achieve a deeper understanding of the user. Furthermore, we intro-
duce the Adaptive Reasoning Modulator (ARM), which maximizes
efficacy by adaptively adjusting the training weight based on the
model’s reasoning uncertainty. A side advantage of ARROW is its
explainability, which makes its decision-making process human-
understandable. Our extensive experimental results demonstrate
that ARROW outperforms existing strong baselines.

2 Preliminaries
2.1 Problem Definition
The click-through rate prediction task aims to predict whether a
user will click on a specific item based on their historical interac-
tions. Given a user-item interaction dataset D = {(𝑢, 𝑖,𝑦)}, where
each tuple consists of user 𝑢 ∈ U, an item 𝑖 ∈ I, and a label
𝑦 ∈ {0, 1} indicating click occurrence. User interaction history and
target items are converted into textual representations (e.g., titles)
for model input. Our objective is to predict whether user 𝑢 will
click on the target item by leveraging both the textual embeddings
e𝑡 obtained through LLMs and the user/item embeddings e𝑢 and e𝑖
derived from pre-trained CF models.

2.2 Pretrained CF model
The CF model aims to extract collaborative embeddings (e𝑢 , e𝑖 ) for
each user 𝑢 and item 𝑖 from the user-item interaction data D. This
process can be formulated as follows:

e𝑢 = 𝑓𝜓 (𝑢;D), e𝑖 = 𝑓𝜓 (𝑖;D), (1)

where 𝑓𝜓 represents a CFmodel parameterized by𝜓 . Each user𝑢 and
item 𝑖 aremapped to𝑑1-dimensional vector representations (e𝑢 , e𝑖 ∈
R𝑑1 ). The obtained collaborative embeddings, which summarize
user behavioral patterns, are integrated with textual information
within the LLM to effectively model user-item relationship.

2.3 CoLLM
CoLLM [27] is a representative framework for integrating the prior
knowledge of LLMs with collaborative knowledge. This model
adopts a collaborative information encoding (CIE) module and a
two-stage training strategy to enable seamless integration of these
two heterogeneous knowledge sources.

CIE Module. This module maps collaborative embeddings e𝑢 and
e𝑖 provided in the prompt into the LLM’s token embedding space.
This mapping is performed by a layer 𝑔𝜙 , which is a multilayer
perceptron (MLP) parameterized by 𝜙 :

h𝑢 = 𝑔𝜙 (e𝑢 ), h𝑖 = 𝑔𝜙 (e𝑖 ). (2)

Here, h𝑢 , h𝑖 ∈ R𝑑2 are the final collaborative representations used
by the LLM for prediction.

Two-Stage Training. In the first stage, the LLM is adapted to the
collaborative patterns by fine-tuning via LoRA with only textual
information. Subsequently, in the second stage, the LLM and LoRA

Generate a user profile based on the user's interaction history. 
The history contains a list of movies, each specified by its title and year.

History: 
American Beauty (1999)
Superman II (1980)
Patriot, The (2000)

Please output the following information of user, output format: 
{‘liked genres’: [‘genre1’, ‘genre2’, ‘genre3’]} 
Please output three genres that user might like in strong descending order of confidence

{‘liked genres’: [‘Drama’, ‘Action’, ‘Thriller’]} 

Figure 2: Prompt used for generating ground-truth genre.

parameters are frozen, and only the CIE module is trained to map
the collaborative information into the LLM’s embedding space.

3 Proposed Method
In this section, we introduce ARROW (Adaptive Reasoning for
LLM-based RecommendatiOnWith explainability), which are care-
fully designed to elicit the LLM’s reasoning capabilities. Our ap-
proach guides the LLM to explicitly infer a user’s latent tastes
through CoT prompting.We begin with Section 3.1, which describes
how to generate ground-truth genres for reasoning.

3.1 Genre Generation
In order to ensure effective reasoning, we generate ground-truth
genre labels based on user interaction history. We employ Mistral-
Nemo-Instruct to extract preferred genres (e.g., "Drama") following
the generation strategy in [24]. The ground-truth label for user 𝑢
is formalized as a multi-hot binary vector, g𝑢 ∈ {0, 1} |𝐺 | . Each ele-
ment in this vector is set to 1 if the corresponding genre is included
in the previously generated list of preferred genres, and 0 other-
wise. The detailed prompt is presented in Figure 2. Interestingly,
providing additional movie genre information yield no significant
performance difference; we defer to Section 4.2.3.

3.2 Chain-of-Thought Prompt Construction
We design a CoT prompt to fully leverage the intrinsic reasoning
capabilities of LLMs. Following a widely adopted technique [23] for
eliciting explicit reasoning, we incorporate step-by-step instruction.
Our prompt template is as follows:

Prompt Template

#Question: A user has given high ratings to the following movies: <ItemTitleList>. 

Additionally, we have information about the user's preferences encoded in the feature

<UserID>. Using all available information, let's think step-by-step: First, infer the

genres the user is most likely to enjoy. Then, make a prediction about whether the

user would enjoy the movie titled <TargetItemTitle> with the feature <TargetItemID>? 

Answer with "Yes" or "No". #Answer:

In this template, ⟨ItemTitleList⟩ consists of the titles of items in
the user’s interaction history, and ⟨TargetItemTitle⟩ represents the ti-
tle of the target item to be predicted. The ⟨UserID⟩ and ⟨TargetItemID⟩
fields function as special token positions where the collaborative
embeddings e𝑢 and e𝑖 are injected. This prompt can effectively
leverage the model’s reasoning capabilities by guiding the LLM
to explicitly perform reasoning processes (e.g., genre prediction)
before making the recommendation.
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3.3 Reasoning Through Genre Prediction
To effectively elicit the reasoning capabilities of LLMs, we define
genre prediction as a multi-label classification problem. We add
genre-specific special tokens (e.g., [GENRE DRAMA]) to the to-
kenizer and extend the model’s embedding matrix. Through this
process, we can obtain both final recommendation predictions and
inferred genre information simultaneously. The CoT prompt is en-
coded as a hybrid embedding sequence E combining textual and
collaborative embeddings:

E = [e𝑡1 , ..., e𝑡𝑘 , h𝑢 , e𝑡𝑘+1 , ..., h𝑖 , ..., e𝑡𝐾 ], (3)

where e𝑡𝑘 ∈ R𝑑2 is the text token embedding in the LLM, and
h𝑢 , h𝑖 ∈ R𝑑2 are the mapped collaborative embeddings.

Feeding the sequence E into the LLM yields two primary outputs:
the final recommendation and the genre prediction:

𝑦rec, 𝑦genre = LLMΘ̂+Θ′+𝜙 (E), (4)

where Θ̂ represents the frozen LLM parameters, Θ′ represents the
trainable LoRA parameters, and𝜓 indicates the parameters of the
alignment module. The training process consists of two stages:
in the first stage, Θ̂ is optimized, while in the second stage, 𝜙 is
optimized. 𝑦rec represents the final recommendation prediction
logits for the "yes" response, while 𝑦genre denotes the prediction
logits of the top 3 genres with the highest logits among all genres.

3.4 Objective Function
We now consider the optimization of model parameters. First, the
recommendation objective Lrec consists of binary cross-entropy
loss for the “Yes/No" prediction. To ensure stability, this loss is
computed directly from the model’s output logits:

Lrec = BCE(𝑦rec, 𝑦), (5)

where 𝑦rec represents the recommendation predictions, and 𝑦 ∈
{0, 1} denotes the ground-truth label.

While simply generating genres is also a promising approach
(see Section 4.2.2), we incorporate genre prediction into the training
process to effectively elicit the reasoning capabilities of LLMs. The
genre loss is defined as follows:

Lgenre = BCE(𝑦genre, g𝑢 ), (6)

where 𝑦genre represents the genre prediction logits, and g𝑢 denotes
the actual genre preferences of user 𝑢.

The total loss function is defined as follows:

Ltotal = Lrec +𝑤 · Lgenre, (7)

where𝑤 is the weight parameter used for genre loss.
By jointly optimizing this objective function, ARROW guides

the LLM to not only predict user’s choices but also form explicit
and verifiable reasoning based on user’s history. This approach
can effectively bridge the gap between collaborative patterns and
LLM’s knowledge, enhancing the recommedation explainability.

3.5 Adaptive Reasoning Modulator (ARM)
Akey challenge inmulti-task learning is balancing the contributions
of different tasks. Considering not all recommendation tasks require
the same level of reasoning, we introduce the Adaptive Reasoning
Modulator (ARM), which adaptively adjusts the weight of the genre

Table 1: Statistics of the processed datasets.

Dataset #Train #Valid #Test #Users #Items

ML-1M 33,891 10,401 7,331 839 3,256
Amazon-Book 727,468 25,747 25,747 22,967 34,154

loss based on the model’s predictive uncertainty. We first quantify
this uncertainty using Shannon Entropy. We obtain a probability
distribution pu, over the genres, by applying a sigmoid function to
the genre logits 𝑦genre. The entropy for the user 𝑢 is then calculated
over all |𝐺 | genres as:

𝐻 (p𝑢 ) = −
|𝐺 |∑︁
𝑗=1

(𝑝𝑢,𝑗 log(𝑝𝑢,𝑗 ) + (1 − 𝑝𝑢,𝑗 )log(1 − 𝑝𝑢,𝑗 )). (8)

The ARM uses a normalized form of this entropy,

𝑤𝑎𝑟𝑚 =
√︁
mean𝑏𝑎𝑡𝑐ℎ (𝐻 (p𝑢 )2), (9)

as a direct, sample-specific weight for the auxiliary loss. We inten-
tionally use the root mean square because it amplifies the influence
of samples with high uncertainty by squaring the entropy scores.
This ensures that even if only a few challenging samples exist within
a batch, their high uncertainty is not diluted by the majority of eas-
ier samples. Consequently, when the model’s prediction for a user’s
genre preferences is uncertain (high entropy), the ARM increases
the weight to guide the model to concentrate on the reasoning task.

4 Experiments
4.1 Experimental Setup
Following the literature [18, 19, 26, 27], we evaluate our model on
ML-1M [8] and Amazon-Book [9]. The statistics of each dataset
are presented in Table 1. We employ AUC, UAUC [17], and NDCG
as evaluation metrics. UAUC measures personalized performance
by averaging the AUC for each user, while NDCG evaluates the
accuracy of the recommendation ranking. We compare against tra-
ditional CF models (MF [15], SASRec [12]) and LLM-based models
(ICL [6], Prompt4NR [28], TALLRec [1], CoLLM [27], BinLLM [26],
CoRA [18]). All baseline implementations follow the configurations
reported in their original papers. For LLM-based models, we use
Vicuna-7B [4] as the backbone and finetune with LoRA [11], using
the AdamW [20] optimizer. All experiments are conducted on two
NVIDIA A100 80GB GPUs.

4.2 Experimental Results
Our experiments are designed to answer the following three re-
search questions. RQ1: How does ARROW perform on standard
benchmarks? RQ2: How effective is ARM compared to tuneable𝑤
values. RQ3:What is the impact of incorporating genre metadata
on the ARROW’s performance?

4.2.1 Overall Performance (RQ1). To validate the performance
of ARROW, we compare it against strong baseline models on two
benchmark datasets. Table 2 highlights that ARROW consistently
achieved the best performance across all evaluation metrics. No-
tably, ARROW achieves significant improvement in the UAUC met-
ric, a key indicator of personalization. This suggests that ARROW’s
explicit reasoning process leads to a deeper understanding of each
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Table 2: Comparison between the proposed ARROW and the baselines. Numbers in bold is the best performance and the second best
results for each dataset are underlined. All performance improvements are statistically significant based on paired t-tests (𝑝 ≤ 0.05).

Method ML-1M Amazon-Book

AUC ↑ UAUC ↑ NDCG ↑ AUC ↑ UAUC ↑ NDCG ↑

Traditional CF MF [15] Computer’09 0.6482 0.6361 0.8447 0.7119 0.5554 0.8194
SASRec [12] ICDM’18 0.7055 0.6885 0.8612 0.6829 0.5800 0.8244

LLM-based

ICL [6] RecSys’23 0.5320 0.5268 0.8102 0.4820 0.4856 0.7917
Prompt4NR [28] SIGIR’23 0.7071 0.6739 0.8541 0.7224 0.5881 0.8346
TALLRec [1] RecSys’23 0.7072 0.6743 0.8578 0.7209 0.5814 0.8361
CoLLM (MF) [27] TKDE’25 0.7295 0.6798 0.8658 0.8107 0.6029 0.8557
BinLLM [26] ACL’24 0.7412 0.6951 0.8747 0.8186 0.6338 0.8580
CoRA [18] AAAI’25 0.7410 0.7061 0.8728 0.8109 0.5975 0.8413

Arrow 0.7577 0.7146 0.8792 0.8198 0.6576 0.8653

0.808

0.815

0.822

0.74

0.75

0.76

c

0.8198

0.808

0.822

0.815

(b) Amazon-Book(a) ML-1M

A
U

C

ARM

0.7577

0.74

0.76

0.75

0.0 0.2 0.4 0.6 0.8 1.0

weight 𝑤 weight 𝑤

ARM

0.0 0.2 0.4 0.6 0.8 1.0

Figure 3: Effect of genre weight𝑤 on the AUC.

user’s unique preferences. This quantitative performance improve-
ment is further corroborated by our qualitative analysis. As seen
in Figure 1, in contrast to CoLLM, ARROW provides a logical and
clear rationale for its recommendation results.

4.2.2 Effectiveness of the ARM (RQ2). We compare dynamic𝑤𝑎𝑟𝑚

against variants using a static weight𝑤 in Equation 7 for the genre
loss, where𝑤 ∈ {0.0, 0.2, ..., 1.0}. The results in Figure 3 offer three
key insights. First, even when the reasoning results are not incor-
porated into the training loss (𝑤=0.0), the reasoning process by
itself already brings performance improvement. Second, integrat-
ing the genre loss with a static weight (𝑤>0) leads to even greater
performance gains, which demonstrates the benefit of explicitly
training on the reasoning task. Finally, ARM consistently outper-
forms all static-weight variants and achieves the best performance.
These results highlight the effectiveness of ARM’s core mechanism:
adaptively adjusting the reasoning loss based on uncertainty.

4.2.3 Analysis on Genre Generation Strategy (RQ3). We investi-
gate the model’s reliance on explicit metadata by comparing two
different ground-truth genre generation methods. The standard
ARROW model generates ground-truth genres using only item
titles via the prompt presented in Figure 2. In contrast, the com-
parison model, ARROW†, generates them using both item titles
and their corresponding genre information. Figure 4 presents the
performance comparison results on both datasets. Interestingly,
the standard ARROW outperforms ARROW† across most metrics
except for UAUC on the Amazon-Book dataset. This can be in-
terpreted as explicit genre information constraining the model’s
reasoning to predefined categories, whereas title-based reasoning

(b) Amazon-Book(a) ML-1M

AUC

0.74

0.76

0.75

UAUC

0.66

0.72

0.69

AUC

0.77

0.83

0.80

UAUC

0.62

0.68

0.65

ARROW
†

ARROW

Figure 4: Comparison of Different Genre Generation Ap-
proaches.

more effectively captures users’ complex preferences. These re-
sults demonstrate the robustness of our model without reliance on
external metadata.

5 Conclusion
In this work, we discuss the semantic gap that arises from the
heterogeneity between the prior knowledge of LLMs and the col-
laborative patterns inherent in recommender systems. To address
this challenge, we propose ARROW, a novel framework designed to
mitigate this gap by eliciting the intrinsic reasoning capabilities of
LLMs. ARROWguides themodel in generating an explicit reasoning
process for its recommendation decisions using chain-of-thought
prompting. This reasoning process is directly integrated into the
model’s optimization, enabling the model to achieve a deeper un-
derstanding of the user. Furthermore, we introduce the Adaptive
Reasoning Modulator (ARM), which quantifies the model’s rea-
soning uncertainty and adaptively adjusts the learning process to
maximize efficacy. Extensive experimental results demonstrate that
ARROW achieves enhanced performance even without additional
metadata, while providing human-interpretable explanations.
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