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Figure 1: (Left) An illustration of LangPTune inference pipeline. The profile encoder first generates a language-based user

profile, and the recommender decoder recommends based on the generated profile. (Right) Evaluation results on the Amazon-

Movie-TV dataset show that LangPTune significantly outperforms zero-shot method on both Llama and Gemma models.

Abstract

Recent works have shown increasing interest in using natural
language-based user profiles for recommender systems, as they
offer greater transparency and interpretability compared to tradi-
tional embedding-based methods. Most existing approaches rely
on zero-shot inference with large language models (LLMs) to gen-
erate these profiles, but the resulting quality remains insufficient,
leading to suboptimal recommendation performance. In this pa-
per, we present LangPTune, the first end-to-end training frame-
work designed to directly optimize LLM-generated user profiles
for recommendation tasks. By explicitly training the LLM for the
recommendation objective, our approach significantly outperforms
zero-shot baselines. Evaluations across training setups and bench-
marks show that LangPTune not only exceeds the performance of
zero-shot methods but also matches the performance of state-of-the-
art embedding-based baselines. Additionally, we assess whether our
training framework maintains the interpretability of user profiles,
using both GPT-4 simulations and crowdworker studies.

CCS Concepts

• Information systems→ Recommender systems; • Comput-

ing methodologies→ Reinforcement learning.
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1 Introduction

Accurate recommendations have become an essential part of web
platforms such as multimedia streaming services, e-commerce, and
social media. To power these systems, recommender system re-
search has focused on learning embeddings of users and items to
represent user preferences [15, 19, 23, 27, 32, 58, 63]. While these
embeddings are computationally efficient, their inherently high
dimensionality makes them difficult to interpret. This limitation
poses a transparency barrier, making it difficult for the user to
understand, modify, and steer the recommendations.

To overcome the fundamental transparency limitations of con-
ventional recommender systems, previous studies have proposed
and explored the use of language-based user profiles, where the
user’s preferences are represented as human-readable free-form
text rather than dense vectors [45, 46, 48, 61, 65]. Such language-
based user profiles are inherently more interpretable than vector-
based profiles [20, 34], and they promise improved transparency,
scrutability, and ultimately steerability of recommendation plat-
forms [39, 51]. Furthermore, language-based profiles can provide
additional features to traditional recommender systems, boosting
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their performance and enabling more creative personalization af-
fordances [41, 45, 49, 62].

Despite these advantages, prior work has not addressed how
to train large language models (LLMs) to generate effective user
profiles optimized for downstream recommendation. Existing ap-
proaches primarily rely on zero-shot or few-shot inference [46, 61,
65] or prompt tuning [48]. In this paper, we introduce the first

end-to-end training pipeline that optimizes LLMs to gen-

erate user profiles for the recommendation objective. The
inference process of our pipeline is illustrated in Fig. 1. Given a
list of items that the user has interacted with, our goal is to pro-
duce a high-quality user profile via a profile encoder (i.e. LLM)
that maximizes the downstream performance of the recommender
decoder. Drawing on insights from Reinforcement Learning from
Human Feedback (RLHF) [10, 68], we propose a novel approach
called Reinforcement Learning for System Optimization (RLSO) that
optimizes the LLM based on the feedback from the recommenda-
tion system. For each user, we sample multiple profiles from the
LLM and use the performance of the downstream recommender
as reward signals to optimize the LLM, as illustrated in Fig. 2. Fur-
thermore, we jointly optimize the downstream ranking model of
the recommender alongside the LLM through Contrastive Learning
(CL) [8], which completes our end-to-end training framework that
we call LangPTune (Language-based Profile Tuner).

We implement our framework using Mxbai [36] as the ranking
model in the recommender decoder and evaluate the effectiveness
of our algorithm on two different LLMs as profile encoder, Gemma-
2B-it [54] and Llama-3-8B-it [55]. We compare LangPTune against
a variety of baseline methods spanning different recommendation
approaches on multiple public datasets. Our end-to-end training
significantly outperforms other language-based profile methods
and often exhibits performance comparable to the conventional
embedding-based recommendation models1. The major contribu-
tions of this paper are summarized below:
• We introduce LangPTune, the first end-to-end training pipeline
for effective generation of user profiles, with detailed theoretical
derivations and intuitive explanations of our algorithm.
• We implement our framework using state-of-the-art LLMs and
ranking models, demonstrating that it significantly outperforms
other interpretable profile methods and exhibits performance
comparable to conventional recommendation models.
• We study the effects of profile length and training dataset size,
and provide a qualitative analysis of the generated user profiles.
• We conduct studies with both human participants and GPT-4 to
compare the interpretability of the trained LLM against a zero-
shot LLM, ensuring that interpretability is not compromised.

2 Related Work

LLM for Recommender Systems. Our research falls within the
broad spectrum of using LLMs for recommendation, which can
largely be categorized into two main approaches. The first ap-
proach involves directly training LLMs for item or rating predic-
tion [6, 20, 29, 30, 38, 60, 64], or otherwise using them as system
augmentation [37, 59]. With this approach, user interaction histo-
ries and item metadata are provided as inputs to the LLM, which is

1Implementation available at https://anonymous.4open.science/r/LangPTune_a/

then trained to predict the items most relevant to the user. These
works take advantage of LLM’s ability to learn complex patterns for
item recommendation, and generally do not prioritize transparency
or explainability. The second approach leverages LLMs to gener-
ate additional user or item profiles/descriptions based on existing
features in a zero-shot manner [22, 41, 49, 62]. These works demon-
strate that incorporating additional features generated by LLMs
could enhance the performance of conventional recommendation
systems. Our work aligns with this second approach, but rather than
relying solely on zero-shot inference, we aim to directly optimize
the LLM to generate more effective profiles for recommendation.

Natural language-based profilemethods.We focus on center-
ing recommender systems around natural language-based user pro-
files, which has garnered increasing attention for enabling increased
transparency, explainability, and scrutability of recommendation
systems [46]. In comparison with previous work based on user in-
terest concept sets [5, 43], natural language profiles offer increased
nuance, flexibility, and affordances for user control [20, 34, 46].
There have been a number of works on generating initial profiles
based on user interaction history, as well as using profiles to make
recommendations. For example, Yang et al. [61] constructs user pro-
files based on observed user behaviors and uses them to perform
personalized recommendations. Ramos et al. [48] explores prompt-
ing strategies aimed at improving the quality of LLM-generated user
profiles, and examines the system’s scrutability by observing how
modifications to the user profile affect the resulting recommenda-
tions. Zhou et al. [65] demonstrates that generating a compact and
human-readable summary often performs comparably with or bet-
ter than direct LLM prediction. However, none of these approaches
allow for end-to-end training to optimize profile generation.

Reinforcement Learning from Human Feedback (RLHF).

Our method of training LLMs is closely related to the families of
techniques for preference fine-tuning. One approach involves first
training a reward model on a dataset of human preferences, which
is then used to provide rewards to a downstream reinforcement
learning algorithm (e.g., PPO [52, 68]). LLMs fine-tuned using this
approach include GPT-N [44], Claude-N [2], and Llama-N [42].
Another approach directly optimizes the LLM using offline human
preference data without fitting a reward model. This family of
methods includes DPO [47], IPO [3], and KTO [17], which are
simpler to implement due to the removal of the reward model. Our
approach is an iterative variant of the latter approach, where we
employ an offline algorithm on iteratively collected profiles, with
rewards generated by the recommender decoder.

3 LangPTune: Language-based Profile Tuner
In this section, we formalize our encoder-decoder recommendation
model and derive our end-to-end training framework.

3.1 LangPTune Model Formulation

The inference process of our pipeline is illustrated in Fig. 1. Given a
list of items that the user has interacted with, our goal is to generate
a high-quality user profile using a profile encoder that maximizes
the downstream performance of the recommender decoder.

3.1.1 Recommender Decoder 𝜎 . The goal for the recommender
decoder is to provide accurate recommendation based on the input
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profile 𝑝 . Specifically, given a set of 𝐼 items, the recommender
decoder 𝜎 generates a ranked list of 𝐼 items based on the input
profile 𝑝 to maximize the ranking quality 𝑈 . Let 𝑖 ∈ {𝑖1, . . . , 𝑖𝐼 }
denote an item, and each item 𝑖 has associated metadata 𝑑𝑖 ∈ D
such as title, description, and category. Given a user profile 𝑝 and
a complete set of item metadata D, the decoder 𝜎 computes a
similarity score 𝑠𝑖𝑚(𝑝,𝑑𝑖 ) for each item 𝑖 and generates a ranked
list 𝑟 via sorting.

𝑟 = 𝜎 (𝑝,D) = arg sort
𝑑𝑖 ∈D

[𝑠𝑖𝑚(𝑝,𝑑𝑖 )] (1)

The similarity model 𝑠𝑖𝑚(𝑝,𝑑𝑖 ) can take a wide range of forms, but
for simplicity we focus on amodel that learns a semantic embedding
Φ of both profiles and items, and then computes similarity via the
inner product

𝑠𝑖𝑚(𝑝, 𝑑𝑖 ) = Φ(𝑝) · Φ(𝑑𝑖 ). (2)
However, there is a wide range of alternative similarity models
(e.g. two-tower models [12, 16]) that can equally be trained with
the method we will describe in Section 3.2.2. Let 𝑓 = [𝑖1, . . . , 𝑖 | 𝑓 | ]
denote the list of items the user will interact with in the future.
The ranking quality is then evaluated based on the ranking 𝑟 for
test items in 𝑓 , denoted as 𝑈 (𝑟, 𝑓 ). This evaluation is typically
performed using ranking metrics such as Mean Reciprocal Rank
(MRR) or Normalized Discounted Cumulative Gain (NDCG).

A key advantage of our similarity-based decoder is its ability
to scale to large collections of items, since the arg sort can be effi-
ciently implemented with conventional ranking techniques. This
overcomes the bottleneck of previous works [61, 65] that typically
use an LLM as the recommender. While an LLM can directly operate
on the textual profiles without further training, using zero-shot
LLM-based recommenders typically implies long latency and it
requires limiting to small subsets of all items due to the context
length restrictions of LLMs. In contrast, our system is designed to
scale across large item spaces while incorporating textual input
and leveraging natural language user profiles.

3.1.2 Profile Encoder 𝜋 . The profile encoder 𝜋 computes amapping
from the user’s interaction history to a natural-language profile. Let
ℎ = [𝑖1, 𝑖2, . . . , 𝑖 |ℎ | ] represent a particular user’s interaction history,
consisting of a sequence of items, and denote the interaction history
annotated with the metadata of the items as 𝐷 (ℎ) = [𝑑𝑖1 , . . . , 𝑑𝑖 |ℎ | ].
We model the profile encoder as a distribution over the profile space
ΔP from which we can efficiently generate a profile 𝑝 by sampling.

𝑝 ∼ 𝜋 (·|𝐷 (ℎ)) (3)

A natural question may rise regarding the necessity of utilizing
a profile encoder rather than directly feeding the the metadata of
items in the user interaction history, 𝐷 (ℎ), to the decoder. Since
the generated profile is a higher abstraction than a raw list of items,
it can encapsulate more generalizable preferences and interests
instead of merely reflecting specific past items. In addition, the
profiles are more compact than the metadata, which enhances the
interpretability of the profile and the steerability for users to modify
or expand their profiles.

3.1.3 LangPTune. Combining the profile encoder 𝜋 and the rec-
ommender decoder 𝜎 , we arrive at our proposed framework Lang-
PTune. Given a user with history ℎ, future interactions 𝑓 , and
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Figure 2: Reinforcement Learning for System Optimization

Pipeline

item metadata D, the encoder first generates a user profile 𝑝 based
on the metadata of items that are in the user interaction history,
𝑝 ∼ 𝜋 (·|𝐷 (ℎ)). Then, the decoder generates a ranked list given the
profile and item metadata, 𝑟 = 𝜎 (𝑝,D). The framework’s objective
is to maximize recommendation performance 𝑈 (𝑟, 𝑓 ) while ensur-
ing that the user profile 𝑝 is expressed in a well-formed natural
language format.

3.2 LangPTune Training Algorithm

In the section, we first introduce our algorithms for training the
profile encoder 𝜋 and the recommender decoder 𝜎 separately. We
then integrate both methods into a unified end-to-end training
framework.

3.2.1 RLSO for Profile Encoder Optimization. In this section, we de-
rive our training algorithm for profile encoder optimization which
we refer to as Reinforcement Learning for System Optimization
(RLSO) as illustrated in Fig. 2. Our approach is based on a con-
textual bandit formulation of reinforcement learning [33], which
has been used to model the generation process in LLMs [18, 47].
Specifically, in the deterministic transition setting, explicit state
representations are unnecessary, as they are isomorphic to the
sequence of actions. In this view, an entire action sequence corre-
sponds to a single “arm” in a bandit problem, with an action space
that grows exponentially with the sequence length. We define the
context as 𝐷 (ℎ) and the action as 𝑝 ∼ 𝜋 (·|𝐷 (ℎ)), sampled from the
policy/encoder 𝜋 .

To optimize the encoder 𝜋 such that it maximizes the perfor-
mance of the recommender decoder measured by𝑈 , we aim to solve
the following Reinforcement Learning (RL) problem constrained by
Kullback–Leibler (KL) divergence at each iteration of our algorithm:

𝜋𝑡+1 = argmax
𝜋

Eℎ,𝑓 ,𝑝∼𝜋 ( · |𝐷 (ℎ) )

[
𝑈 (𝜎 (𝑝,D), 𝑓 )−

1
𝜂
KL (𝜋 (·|𝐷 (ℎ)) | |𝜋𝑡 (·|𝐷 (ℎ)))

]
(4)

where 𝜂 is a parameter that controls the degree of KL regulariza-
tion, and 𝜋𝑡 is the encoder from previous iteration. Intuitively, the
objective is to maximize the metric of the recommender system,
𝑈 (𝜎 (𝑝,D), 𝑓 ), while staying close to 𝜋𝑡 by minimizing the KL di-
vergence between 𝜋 and 𝜋𝑡 . The KL divergence is typically used in
RL to prevent reward hacking. In this context, it serves to preserve
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the readability of the user profiles by staying close to the encoder
𝜋𝑡 of the previous iteration.

Now we start to derive the loss function for the above objective.
From Ziebart et al. [67], there exists a closed-form solution to the
above minimum relative entropy problem (Eq. 4) [21]:

∀ℎ, 𝑓 , 𝑝 : 𝜋𝑡+1 (𝑝 |𝐷 (ℎ)) =
𝜋𝑡 (𝑝 |𝐷 (ℎ)) exp(𝜂𝑈 (𝜎 (𝑝,D), 𝑓 ))

𝑍 (ℎ, 𝑓 )
𝑍 (ℎ, 𝑓 ) =

∑︁
𝑝

𝜋𝑡 (𝑝 |𝐷 (ℎ)) exp(𝜂𝑈 (𝜎 (𝑝,D), 𝑓 )) (5)

where 𝑍 (ℎ, 𝑓 ) is a partition function to ensure that 𝜋𝑡+1 (·|𝐷 (ℎ))
remains as a valid probability distribution that sums to 1. Based
on Rafailov et al. [47], we can invert Eq. 5 and write the ranking
quality as a function of 𝜋 :

∀ℎ, 𝑓 , 𝑝 : 𝑈 (𝜎 (𝑝,D), 𝑓 ) = 1
𝜂

(
ln(𝑍 (ℎ, 𝑓 )) + ln

(
𝜋𝑡+1 (𝑝 |𝐷 (ℎ) )
𝜋𝑡 (𝑝 |𝐷 (ℎ) )

))
(6)

Note that the partition function 𝑍 (ℎ, 𝑓 ) does not depend on profile
𝑝 . Therefore, we can sample another profile 𝑝′ ∼ 𝜋 (·|𝐷 (ℎ)) and
take the difference of the above expression across two profiles to
eliminate the partition function:

∀ℎ, 𝑓 , 𝑝, 𝑝′ :𝑈 (𝜎 (𝑝,D), 𝑓 ) −𝑈 (𝜎 (𝑝′,D), 𝑓 ) =
1
𝜂

(
ln

(
𝜋𝑡+1 (𝑝 |𝐷 (ℎ))
𝜋𝑡 (𝑝 |𝐷 (ℎ))

)
− ln

(
𝜋𝑡+1 (𝑝′ |𝐷 (ℎ))
𝜋𝑡 (𝑝′ |𝐷 (ℎ))

))
(7)

Eq. 7 represents the condition that the solution to the argmax prob-
lem in Eq. 4 should satisfy. Therefore, since we are trying to solve
for 𝜋𝑡+1, following Gao et al. [18], we could directly regress the
right part of Eq. 7 to the left part with squared regression which
becomes our loss function:(

𝑈 (𝜎 (𝑝,D), 𝑓 ) −𝑈 (𝜎 (𝑝′,D), 𝑓 )−

1
𝜂

(
ln

(
𝜋𝑡+1 (𝑝 |𝐷 (ℎ))
𝜋𝑡 (𝑝 |𝐷 (ℎ))

)
− ln

(
𝜋𝑡+1 (𝑝′ |𝐷 (ℎ))
𝜋𝑡 (𝑝′ |𝐷 (ℎ))

)))2
(8)

To optimize the profile encoder with the above squared loss ob-
jective given an interaction history ℎ, we begin by sampling two
profiles, 𝑝 ∼ 𝜋𝑡 (·|𝐷 (ℎ)) and 𝑝′ ∼ 𝜋𝑡 (·|𝐷 (ℎ)), from 𝜋𝑡 . Next, we
obtain two ranked lists based on the sampled profiles, 𝑟 = 𝜎 (𝑝,D)
and 𝑟 ′ = 𝜎 (𝑝′,D), and calculate the corresponding ranking qual-
ities, 𝑈 (𝑟, 𝑓 ) and 𝑈 (𝑟 ′, 𝑓 ). The optimization of 𝜋𝑡 is illustrated in
Fig. 2 which is guided by the relative difference between these
ranking qualities. Intuitively, if profile 𝑝 is better than 𝑝′, i.e.
𝑈 (𝜎 (𝑝,D), 𝑓 ) > 𝑈 (𝜎 (𝑝′,D), 𝑓 ), we aim to optimize the encoder
to increase the likelihood of generating 𝑝 over 𝑝′, i.e. increasing
ln

(
𝜋𝑡+1 (𝑝 |𝐷 (ℎ) )
𝜋𝑡 (𝑝 |𝐷 (ℎ) )

)
− ln

(
𝜋𝑡+1 (𝑝′ |𝐷 (ℎ)
𝜋𝑡 (𝑝′ |𝐷 (ℎ) )

)
. We refer to this training algo-

rithm as Reinforcement Learning for System Optimization (RLSO),
since it trains the encoder to produce profiles that maximize the
performance of the recommendation system (i.e. the decoder 𝜎).

Intuitive Interpretation of RLSO. From the above derivations,
solving Eq. 8 optimally would recover the optimal solution in Eq. 7.
Aggregate over 𝑝′ implies that there must exists a 𝑝-independent
function 𝑐 (ℎ, 𝑓 ) such that:

∀ℎ, 𝑓 , 𝑝 :
1
𝜂
ln
𝜋𝑡+1 (𝑝 |𝐷 (ℎ))
𝜋𝑡 (𝑝 |𝐷 (ℎ))

= 𝑈 (𝜎 (𝑝,D), 𝑓 ) + 𝑐 (ℎ, 𝑓 ) (9)

Algorithm 1 LangPTune Optimization

1: Required: ranking quality function𝑈 , parameter 𝜂, similarity
function 𝑠𝑖𝑚(·, ·)

2: Initialize encoder 𝜋 and decoder 𝜎 which uses Φ as its embed-
ding model.

3: for 𝑘 = 0 to 𝐾 − 1 do
4: Φ0 ← Φ
5: for 𝑗 = 0 to 𝐽 − 1 do
6: Collect data 𝜖 𝑗 = {ℎ, 𝑝, 𝐵} where 𝑝 ∼ 𝜋 (·|𝐷 (ℎ)), 𝐵 is a list

of items with one positive item 𝑖+.
7: Optimize for Eq. 10 to obtain Φ𝑗+1.
8: end for

9: Φ← Φ𝐽

10: 𝜋0 ← 𝜋

11: for 𝑡 = 0 to 𝑇 − 1 do
12: Collect data 𝜉𝑡 = {ℎ, 𝑓 , 𝑝, 𝑝′} where 𝑝, 𝑝′ ∼ 𝜋𝑡 (·|𝐷 (ℎ)).
13: Solve the squared regression in Eq. 8 to obtain 𝜋𝑡+1.
14: end for

15: 𝜋 ← 𝜋𝑇
16: end for

Rearranging the terms, we have:

∀ℎ, 𝑓 , 𝑝 : 𝜋𝑡+1 (𝑝 |𝐷 (ℎ))
= 𝜋𝑡 (𝑝 |𝐷 (ℎ)) exp(𝜂𝑈 (𝜎 (𝑝,D), 𝑓 ) + 𝜂𝑐 (ℎ, 𝑓 ))
∝ 𝜋𝑡 (𝑝 |𝐷 (ℎ)) exp(𝜂𝑈 (𝜎 (𝑝,D), 𝑓 ))

Intuitively, the probability of generating a profile at the next it-
eration, 𝜋𝑡+1 (𝑝 |𝐷 (ℎ)), is proportional to the performance of the
profile on the recommender decoder, exp(𝜂𝑈 (𝜎 (𝑝,D), 𝑓 )). Better
recommendation performance means the encoder is more likely
to generate that profile at the next iteration. Note that the above
update procedure also recovers the Natural Policy Gradient update
with the softmax parametrization [1], which has a fast convergence
rate of 𝑂 (1/𝑇 ).

3.2.2 CL for Recommender Decoder Optimization. In our imple-
mentation, the text-based recommender decoder 𝜎 contains a text
embedding model denoted by Φ. This embedding model is opti-
mized using the standard Contrastive Learning (CL) framework
[8], leveraging the InfoNCE loss [56] to enhance its performance.
Given a user profile 𝑝 , a batch of items 𝐵 with one positive item
𝑖+ ∈ 𝑓 , the objective is to maximize the similarity between the user
embedding Φ(𝑝) and the positive item embedding Φ(𝑑𝑖+ ), while
minimizing the similarity between Φ(𝑝) and all other items in the
batch (other items are considered as negative items):

Φ = argmin
Φ

∑︁
𝑝,𝐵

− ln
exp(𝑠𝑖𝑚(Φ(𝑝),Φ(𝑑𝑖+ )))∑
𝑖∈𝐵 exp(𝑠𝑖𝑚(Φ(𝑝),Φ(𝑑𝑖 )))

(10)

By optimizing this contrastive loss, the model is trained to discrim-
inate between relevant and irrelevant items, thereby improving the
quality of recommendations generated for each user.

3.2.3 Joint Optimization. Combining the profile encoder optimiza-
tion and recommender decoder optimization, we arrive at our joint
optimization pipeline for LangPTune. The pseudocode is provided
in Algorithm 1. Our approach alternates between optimizing the
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Title: Outlander: Season 5 [DVD]
Description: (average rating: 4.9) The fifth season of Outlander sees a continuation of Claire and Jamie’s fight to protect those they love, as they
navigate the trials and tribulations of life in colonial America. The Frasers strive to flourish within a society which is unwittingly marching toward
Revolution, and Jamie must now defend the home they have built together at Fraser’s Ridge while Claire seeks to put her own skills and medical
expertise to use in keeping her family together and safe from harm. Meanwhile, Brianna and Roger MacKenzie struggle to find their respective places
in this world and chase away the shadow cast over their lives by Stephen Bonnet as they raise their son in this brave new world. For the Frasers and
their family, “home” is more than simply a site on which they live, it is the place in which they are laying the foundations for the rest of their lives.
Category: Movies & TV, Studio Specials, Sony Pictures Home Entertainment, All Sony Pictures Titles
Price: 17.61

The user has rated (out of 5.0) and reviewed following movies and TV shows arranged chronologically from the oldest (top) to the newest (bottom).
Please provide a high-level summary of the user preference in detail.

Figure 3: Examples of item metadata (top) and the LLM prompt (bottom).

Dataset

#Sessions

Train/Val/Test #Items #Interactions

Amazon-Movie-TV 14,698/1,392/1,392 10,533 87,410
Amazon-Books 4,404/361/361 4,819 25,630

Table 1: Dataset statistics

twomodels over𝐾 iterations. In each iteration, we first optimize the
recommender decoder using a contrastive learning (CL) objective
across 𝐽 batches, followed by optimizing the profile encoder via
reinforcement learning for system optimization (RLSO) across 𝑇
batches. This alternating process ensures that both components
are continuously refined, leading to a more cohesive and effective
model for personalized recommendations.

4 Experiments

In this section, we present a suite of experiments on various datasets
and LLMs against multiple baselines to validate the effectiveness
of LangPTune under different settings.

4.1 Dataset

We evaluate LangPTune on the Amazon-Movie-TV and Amazon-
Books datasets [25] where the item metadata includes title, descrip-
tion, average rating, category, and price. In addition, we also include
the user reviews of the items as additional inputs to the LLM. Exam-
ples of the itemmetadata and the LLM prompt are shown in Figure 3.
We filter out sessions and items that have less than 5 interactions.
To satisfy the context length of the LLM and embedding model, we
additionally filter out items with metadata that are longer than 512
tokens and sessions with a history longer than 1024 tokens. The
length of the interaction history is 4 and the number of items to
predict in the future is 1 (i.e. |ℎ | = 4 and |𝑓 | = 1), where it is guaran-
teed that all five items are distinct from each other. The statistics of
the dataset are shown in Table 1. Our dataset size is comparable to
popular reasoning datasets including MATH [24] and GSM8K [11]
that are frequently used for RL training and evaluation of large
language models. To evaluate top-k ranking performance for each
model, we adopt three widely used metrics: Normalized Discounted
Cumulative Gain (NDCG), Mean Reciprocal Rank (MRR), and Recall
[19, 40, 53].

4.2 Baselines

4.2.1 Interpretable Profile Baselines. We compare LangPTune
with variants that reflect interpretable user profile methods from
prior works. LangPTune-0 conducts zero-shot inference using
only pre-trained embedding and language models without addi-
tional training. This method represents the pure zero-shot approach
described by Zhou et al. [65]. LangPTune-CL focuses on training
the recommender decoder using InfoNCE, while keeping the pro-
file encoder fixed. This baseline aligns with previous profile-based
approaches in Yang et al. [61] and Ramos et al. [48]. To test the
effectiveness of the profile encoder optimization, we include Lang-
PTune-RLSO which only trains the encoder with RLSO without
optimizing the decoder.

4.2.2 Black-Box and No-Profile Baselines. We also compare against
a variety of other baseline types to contextualize the performance.

No Profile methods do not produce any profile for the user and
serve as a baseline to assess task difficulty. These include Random
which generates a randomly shuffled ranked list of all items, and
Most Popular (MP) which ranks all items in descending order of
popularity, based on observations from the training set and user
interaction history from the validation/test set. These baselines
serve as benchmarks for the task’s difficulty, offering a point of
reference for evaluating the performance of other methods.

Black-Box Profile methods
2 rely on user and item inter-

action histories without leveraging additional item metadata.
These methods apply collaborative filtering or other embedding-
based approaches, producing user embeddings that are uninter-
pretable, hence referred to as black-box profiles. NMF [35] (Non-
negative Matrix Factorization) decomposes user-item interaction
data into latent factors and ranks the items based on the predic-
tions of missing preferences. LightGCN [23] uses Graph Convolu-
tional Networks (GCN) [31] with Bayesian Personalized Ranking
(BPR) loss [50] to learn robust user/item embeddings. MCL [19]
builds on top of LightGCN using sample mining and a mixed-
centric loss. BERT4REC [53] uses masked language modeling
(MLM) objective in BERT [14] to learn user/item embeddings.
LLM2BERT4REC [22] initializes then trains a BERT4REC model
with embeddings obtained from a text embedding model using item
descriptions.

2For all Black-Box Profile baselines, we use both the training set and the user interaction
history items of the validation/test set during training.
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LLM Method Amazon-Movie-TV Amazon-Books

Recall@20 MRR@20 NDCG@20 Recall@20 MRR@20 NDCG@20
G
em

m
a LangPTune-0 0.0643 0.0189 0.0289 (+54.3%*) 0.3397 0.1269 0.1743 (+57.0%*)

LangPTune-CL 0.0863 0.0317 0.0436 (+2.29% ) 0.3587 0.1516 0.1984 (+37.9%*)
LangPTune-RLSO 0.0746 0.0253 0.0364 (+22.5%*) 0.4212 0.1872 0.2400 (+14.0%*)

LangPTune 0.0859 0.0327 0.0446 0.4375 0.2151 0.2736

Ll
am

a

LangPTune-0 0.0535 0.0146 0.0231 (+113.9%*) 0.3370 0.1285 0.1753 (+36.5%*)
LangPTune-CL 0.0938 0.0319 0.0456 (+8.33%*) 0.3995 0.1539 0.2099 (+14.0%*)

LangPTune-RLSO 0.0763 0.0289 0.0377 (+31.0%*) 0.3913 0.1728 0.2224 (+7.60%*)
LangPTune 0.0970 0.0358 0.0494 0.4212 0.1860 0.2393

Table 2: Results for Interpretable ProfileMethods. The best-performingmethods for eachmetric, LLMand dataset are highlighted

in bold and the next best methods are underlined. The relative improvements of LangPTune on NDCG@20 w.r.t. the baseline

methods are shown in brackets. Asterisks denote statistically significant improvements based on paired t-test (𝛼 = 0.05).

4.3 Implementation Details

We tune each baseline individually on the dataset to achieve the best
performance on the validation set, and evaluate on the test set. We
experiment with two different LLMs for the profile encoder, Gemma-
2B-it3 [54] and Llama-3-8B-it4 [55], to evaluate our framework
across different LLM sizes and architectures. We set a maximum
profile length of 512 tokens. Following Zhu et al. [66] and Gao
et al. [18], we train the last four layers of the Llama-3-8B-it while
keeping other layers frozen, and train Gemma-2B-it with Low-Rank
Adaptors (LoRA) [26] with rank 1024 and alpha 2048. For CL, we
use a learning rate of 3e-7, a batch size of 256, and a weight decay
of 1e-6. For RLSO, we adopt a batch size of 64 and the same weight
decay. We use a learning rate of 1e-7 for Gemma-2B-it and 3e-7
for Llama-3-8B-it with a linear decay. Training is performed for 4
epochs over the training dataset with 𝜂 = 1 and 𝐾 = 5. For Gemma-
2B-it, we set 𝑇 = 200 and 𝐽 = 800, while for Llama-3-8B-it, we use
𝑇 = 500 and 𝐽 = 2500.

Llama-3-8B-it experiments are trained on 8 A6000 GPUs for
two days, and Gemma-2B-it experiments are trained on the same
hardware for one day. For all methods that require a text embedding
model, we use the sameMxbai5 [36] embedding model, and perform
full-parameter training on 8 A6000 GPUs with each iteration taking
one hour.

In our implementation, we use NDCG as the ranking quality func-
tion𝑈 as it is bounded between 0 and 1. In addition, we standardize
the values of𝑈 within each batch to zero-mean and unit-variance to
further stabilize the learning of the policy. To ensure that 𝜋 remains
close to 𝜋0, we apply an additional KL penalty to the 𝑈 :

𝑈 (𝜎 (𝑝,D), 𝑓 ) − 𝛾 (ln𝜋 (𝑝 |𝐷 (ℎ)) − ln𝜋0 (𝑝 |𝐷 (ℎ))) (11)

where 𝛾 is a hyperparameter that controls the penalty [18, 28].
Furthermore, to ensure that the generations terminate within the
maximum generation length, following Huang et al. [28], we penal-
ize any generation that exceeds this length by setting𝑈 (𝜎 (𝑝,D), 𝑓 )
to a small fixed constant, Γ. We set Γ = 0 for all experiments. For
Gemma-2B-it, we use 𝛾 = 0.2, while for Llama-3-8B-it, we set 𝛾 = 0.

3HuggingFace Model Card: google/gemma-2b-it
4HuggingFace Model Card: meta-llama/Meta-Llama-3-8B-Instruct
5HuggingFace Model Card: mixedbread-ai/mxbai-embed-large-v1

4.4 Performance Analysis

4.4.1 Performance Comparison among Interpretable Profile Meth-

ods. The results for the interpretable profile methods are shown in
Table 2 where the best-performing methods for each metric, base
model and dataset are highlighted in bold and the second best meth-
ods are underlined. The relative improvements of LangPTune on
NDCG@20 w.r.t the baselines are shown in bracket with asterisk
denotes statistically significant improvement based on paired t-test
(𝛼 = 0.05). While both LangPTune-CL and LangPTune-RLSO
show substantial improvements over the non-learning approach
LangPTune-0, LangPTune achieves the highest performance

compared to other interpretable profile methods in terms of

NDCG and MRR. This demonstrates LangPTune’s effectiveness:
CL ensures user profiles and item metadata align in the embed-
ding space, while RLSO refines the profile encoder, generating
user profiles that better match target items, thereby improving rec-
ommendation accuracy. An example of generated user profiles is
shown in Figure 4, demonstrating qualitatively that LangPTune
is able to generate additional details compared to the base model
while remaining interpretable. Notably, the model’s ability to au-
tonomously enrich the user profiles with relevant details—without
explicit supervision or ground-truth profiles—highlights a signifi-
cant advancement. This suggests that the LLM effectively explores
the profile space and learns to incorporate valuable information
independently without any human guidance.

4.4.2 Performance Comparison with Black-Box Baselines. We com-
pare LangPTune with other state-of-the-art black-box recommen-
dation methods in Table 3. For LangPTune, we select either the
Llama or Gemma variant, depending on which yields the higher per-
formance metric on the validation set. Even though interpretability
adds another objective and constraint, LangPTune outperforms all
black-box methods on the Amazon-Books dataset, and only Light-
GCN and MCL manage to show better performance on Amazon-
Movie-TV dataset. We attribute the excellent performance of Lang-
PTune on Amazon-Books to the rich and informative textual de-
scriptions in this dataset, which allows LangPTune to better cap-
ture user preferences. Additionally, it is possible that the LLMs

712



LangPTune: Optimizing Language-based User Profiles

for Recommendation CIKM ’25, November 10–14, 2025, Seoul, Republic of Korea

User Interation History: Life of Pi, 10 Cloverfield Lane, Inception, Kingsman: The Secret Service

Zero-shot Generation:

story is important: the user appreciates a good story, as evident from their reviews of "" life of pi "" and "" 10 cloverfield lane "". they mention the
importance of a great story, message, and script.
action and suspense: the user enjoys action - packed and suspenseful movies, as seen in their reviews of "" 10 cloverfield lane "", "" inception "", and
"" kingsman : the secret service "". they appreciate films that keep them engaged and guessing until the end.
visually impressive: the user is impressed by visually stunning movies, as evident from their review of "" life of pi "", which they praised for its
great visuals.

LangPTune Generation:

Storytelling: The user enjoys complex storylines with twists and surprises. They appreciate movies that explore themes of adventure, discovery,
and suspense. The user particularly liked the unexpected connections and surprises in “Life of Pi” and the twists in “10 Cloverfield Lane”.
Suspense and Thrills: The user enjoys suspenseful movies that keep them guessing until the end. They highly rated “10 Cloverfield Lane” for its
ability to maintain tension and uncertainty throughout the film.
Visuals: The user appreciates visually stunning movies with groundbreaking effects. They praised the visuals in “Life of Pi” and might have
appreciated the action sequences and spy-thriller elements in “Kingsman: The Secret Service”.

Figure 4: Example of the first three points from the profiles generated by Llama-3-8B-it before and after trained by LangPTune.

The highlighted text represents the additional details generated after training.

Type Method Amazon-Movie-TV Amazon-Books

Recall@20 MRR@20 NDCG@20 Recall@20 MRR@20 NDCG@20

No Profile Random 0.0019 0.0003 0.0006 (+8133%*) 0.0042 0.0007 0.0014 (+19443%*)
MP 0.0129 0.0015 0.0039 (+1167%*) 0.0776 0.0714 0.0729 (+275.3%*)

Black-Box Profile

NMF 0.0625 0.0269 0.0350 (+41.1%*) 0.4238 0.1766 0.2323 (+17.8%*)
LightGCN 0.1009 0.0387 0.0525 (-5.90%*) 0.4072 0.2145 0.2586 (+5.80%*)

MCL 0.1078 0.0417 0.0563 (-12.3%*) 0.3906 0.1616 0.2134 (+28.2%*)
BERT4REC 0.0758 0.0280 0.0384 (+28.6%*) 0.3006 0.1662 0.2235 (+22.4%*)

LLM2BERT4REC 0.0783 0.0312 0.0423 (+16.8%*) 0.3572 0.2014 0.2343 (+16.8%*)

Interpretable Profile LangPTune 0.0970 0.0358 0.0494 0.4375 0.2151 0.2736

Table 3: Results using Different Recommender Types. The relative improvements of LangPTune on NDCG@20 w.r.t. the

baseline methods are shown in brackets. Asterisks denote statistically significant differences based on paired t-test (𝛼 = 0.05).

have a deeper understanding of books compared to movies, result-
ing in more accurate profiles on Amazon-Books. It is important to
note that we do not necessarily expect interpretable, profile-based
methods to outperform all embedding-based approaches, as embed-
ding spaces inherently offer greater representational capacity than
token-based profiles.

Overall, these results shows that LangPTune can be highly com-
petitive even with methods that lack the interpretability and steer-
ability of language-based profiles. These qualities are crucial for
enhancing user experience and system control, making LangPTune
more advantageous for applications that prioritize understanding
and tailoring user preferences.

4.5 Ablation Analysis

4.5.1 Profile Length. The length of the profile plays an important
role as it controls the width of the information bottleneck in the
pipeline, where a shorter length requires stronger (and probably
lossy) compression. We ablate the maximum generation length

from 512 to 64 using Llama-3-8B-it on Amazon-Movie-TV. In ad-
dition, to quantify the amount of information loss through the
bottleneck, we incorporate two additional baselines that have no
bottleneck. Zero-shot Embedding Model without Profile En-

coder (NoProfile-0) uses the same pre-trained Mxbai embedding
model to generate user and item embeddings directly from the user
interaction history with a list of item metadata and individual item
metadata respectively. This approach is analogous to our pipeline
illustrated in Fig. 1, but without the profile encoder 𝜋 and the user
profile 𝑝 . CL Embedding Model (NoProfile-CL) is analogous to
NoProfile-0, but the embedding model is trained with InfoNCE
loss in Eq. 10.

The results are shown in Table 4. We observe an almost mono-
tonic increase in performance as the profile length increases, with
the rate of improvement accelerating at shorter profile lengths.
Profiles of length 256 and 512 show comparable performance, indi-
cating that excessively long profiles are not necessary for optimal
results. Beyond a certain length, increasing the profile size does not
yield further improvements, as performance tends to plateau.
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Method Profile Length Recall@20 MRR@20 NDCG@20

LangPTune

64 0.0604 0.0201 0.0319
128 0.0901 0.0313 0.0444
256 0.0929 0.0352 0.0482
512 0.0970 0.0358 0.0494

NoProfile-0 N/A 0.0760 0.0261 0.0372
NoProfile-CL N/A 0.1012 0.0408 0.0543

Table 4: Ablation of Profile Length on Amazon-Movie-TV.
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Figure 5: Ablation of Train Data Ratio on Amazon-Movie-TV.

Profile Type Human GPT-4

NoProfile-0 57.11% 75.56%
LangPTune-0 54.67% 73.33%
LangPTune 58.89% 76.67%

Table 5: Interpretability task average accuracy rates with

human participants and GPT-4 responses. Highest accuracy

per respondent type highlighted in bold.

Compared to NoProfile-CL, we expected that the requirement
to produce a language-based profile is a bottleneck that leads to
marginally lower performance. NoProfile-CL avoids the bottleneck
in our pipeline by directly utilizing the list of itemmetadata without
incurring information loss. It is important to note that interpretable
profile methods inherently experience some degree of information
loss due to the generally shorter and more concise nature of profiles.
Despite the slight reduction in performance, our approach offers
significant advantages in terms of readability and interpretability,
which we will demonstrate in Section 4.6, as the generated profiles
are far more understandable than a raw list of item metadata.

4.5.2 Training Dataset Size. To assess the sensitivity of the meth-
ods to the amount of available training data, we conducted an
ablation study by gradually reducing the training data from 100%
down to 0.1% of the full training set size for Amazon-Movie-TV. The
results are shown in Fig. 5. MCL and LLM2BERT4REC experience
significant performance degradation with reduced training data,
as these methods require an explicit embedding for each item. In
contrast, LangPTune is less affected, as it operates directly on text-
based user profiles and item metadata. Their performance remains
more consistent across the different dataset sizes. This suggests
that interpretable profile methods may be particularly suitable for
cold-start scenarios where there is little training data.

Profile/Text Type Avg Char # Avg Word # Avg Duration (sec)

(Answer Options) 701 108 -
NoProfile-0 2983 465 34.76

LangPTune-0 1598 292 28.77
LangPTune 1730 256 29.15

Table 6: Interpretability task duration for human partici-

pants with average text lengths (|𝑧 | > 3 outliers filtered out)

4.6 Interpretability Evaluation

Ideally, LangPTune should preserve the interpretability of the base
model, ensuring that its generated profiles remain human-readable
rather than generating a "secret code" that only the recommender
decoder 𝜎 can understand, as observed in the training of DeepSeek-
R1-Zero [13]. To verify that LangPTune maintains interpretability
of the generated profiles, we conduct a GPT-4 and human crowd-
worker study.

4.6.1 Dataset and Baselines. We compare the profiles generated
by LangPTune against two baselines: LangPTune-0, where pro-
files are generated through zero-shot inference using an LLM, and
NoProfile-0, where the profile is a raw list of item metadata drawn
from the user’s interaction history. We utilize 450 items from the
Amazon-Movie-TV test set and employ Llama-3-8B-it for LangP-
Tune and LangPTune-0. Either a human or GPT-4 (gpt-4-0613)
is presented with a profile text and asked to predict one of the two
movies that the user would watch next. The two-movie pool for
each user consists of the ground truth movie randomly paired with
another movie from the test set. The negative movie option for
each user remains consistent across profile types. This experiment
setup allows us to quantitatively assess the interpretability and
usefulness of the generated profiles, since better profiles should
lead to more accurate predictions of the next movie by humans
and general-purpose language models (e.g. GPT-4) other than the
recommender decoder 𝜎 .

4.6.2 GPT-4 and Human Study Details. To mitigate the possible
position bias and hallucination in GPT-4 evaluations [4, 9], we ran-
domly shuffle the order of two candidate movies and prompt GPT-4
to first give an explanation of the choice before outputting the final
choice. The randomization ensures that any potential preference
for the first or second option is distributed evenly across the dataset,
effectively neutralizing systematic position-based influences. The
explanation encourages the model to engage in a more thorough
analysis of the given information before making a decision.

Human participants (𝑛 = 150, recruited via Amazon Mechanical
Turk [7]) are first presented with an informed consent form with
a brief task description. To maintain experimental integrity and
balance, we implement a systematic approach to profile assignment.
Each participant receives three profiles of each format in a random-
ized sequence. We ensure that no participant receives profiles from
the same user, and all three profile formats generated for each user
interaction history are distributed exactly once across participants.
We give participants incentive to answer correctly by giving bonus
payment for each correct answer.
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Figure 6: Visualizations with Llama-3-8B-it on Amazon-Movie-TV dataset. (Left) Visualization of the embeddings of profiles

from LangPTune-0 and LangPTune-RLSO using Mxbai and t-SNE. (Middle) Length vs. Similarity to the ground-truth item

for the profiles from NoProfile-0, LangPTune-0, and LangPTune-RLSO. Red arrow indicates the optimal direction. (Right)

Reward for LangPTune-RLSO during training.

4.6.3 Results. We compare human andGPT-4 accuracy rates across
the three different profile types in Table 5. We find that both human
participants and GPT-4 achieve higher accuracy on this inference
task with LangPTune profiles than with LangPTune-0 profiles.
Although the difference between LangPTune and LangPTune-0
on human survey responses is not significant via two-sided Mc-
Nemar’s test with exact Bernoulli p-value (𝑝 = 0.201), the ordinal
alignment of the human and GPT-4 results suggests that the pro-
files generated by LangPTune are at least as interpretable as those
generated by LangPTune-0. It is important to highlight that we
only compare LangPTune profiles against full item metadata with
length 5. We speculate that if LangPTune were adapted to generate
profiles for longer item interaction histories, the difference in inter-
pretability would become much larger - the length and readability
of a generated profile may stay relatively steady, while a full item
history listing continues to grow longer and more difficult to read.

We also compare the average profile lengths and response dura-
tions for human participants in Table 6. Although the performance
difference between LangPTune and NoProfile-0 on human surveys
is smaller (𝑝 = 0.624), NoProfile-0 has much longer texts and re-
quires more time to complete, indicating that its raw format imposes
a higher cognitive load on participants. In contrast, LangPTune
profiles are more concise while preserving the essential information
needed for accurate inference.

4.7 Additional Analysis

To gain deeper insights into our pipeline, we present three visualiza-
tions based on experiments with Llama-3-8B-it using the Amazon-
Movie-TV dataset, as shown in Fig. 6. These visualizations focus on
LangPTune-0 and LangPTune-RLSO, as neither involves training
the embedding model. This allows us to use the same zero-shot
Mxbai embedding model to extract their profile embeddings, en-
suring a consistent basis for comparison. We first visualize the
profile embeddings generated by LangPTune-0 and LangPTune-
RLSO, with t-SNE[57] for dimensionality reduction. The results
indicate that LangPTune-RLSO produces more detailed profiles, as
reflected in its broader distribution. We also compare the number of
tokens in profiles from NoProfile-0 (i.e. a raw list of item metadata),

LangPTune-0, and LangPTune-RLSO against their similarity to
ground-truth items. Similarity is measured via the dot product of
embeddings generated by Mxbai between the profile and the item.
While LangPTune-RLSO slightly increases profile length, it sig-
nificantly enhances similarity to the ground-truth items, reaching
levels comparable to NoProfile-0. Finally, we examine the reward
trajectory during LangPTune-RLSO training. The results show
a steady and consistent enhancement in recommendation perfor-
mance without any performance rollbacks.

5 Conclusions and Discussions

We introduce LangPTune, the first end-to-end pipeline that opti-
mizes LLMs to generate user profiles for recommendation. By com-
bining Reinforcement Learning for System Optimization (RLSO)
with contrastive learning (CL), our approach outperforms prior
language-based profile methods and matches black-box recommen-
dation models while maintaining interpretability. Human and GPT-
4 evaluations confirm that LangPTune generates readable and
informative profiles. Our model is designed for practical scalability,
low latency, and cost efficiency where our choice to use a similarity-
based decoder has great practical advantages compared to using an
LLM as the decoder. This design requires only a single inference
call per user—through both the LLM and the embedding model. The
inference call does not lie on the latency path of serving recommen-
dation results, making our method at least as scalable as previous
LLM-based recommendation systems. For the future works, there
are a number of immediate research questions. First, while we eval-
uated interpretability, it would also be interesting to design user
studies that evaluate steerability through manual changes to the
user profiles. Second, on the technical side, instead of only focusing
on user profile generation with clear context lengths, it would be
interesting to adapt our pipeline to accommodate longer interaction
histories or to obtain better natural-language item descriptions.
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GenAI Usage Disclosure

The profile encoder in our proposed LangPTune framework is im-
plemented using publicly available large language models (LLMs),
including Gemma-2B-it and Llama-3-8B-it. These models are fine-
tuned using our custom reinforcement learning and contrastive
learning procedures for the recommendation task. The recom-
mender decoder uses a pretrained text embedding model (Mxbai)
without GenAI generation capabilities. GPT-4 was used to simulate
user understanding and assess profile interpretability as part of our
evaluation methodology, in accordance with our interpretability
user study.
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