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Abstract

Large language models (LLMs) have demon-
strated remarkable success in various recommen-
dation applications. A key challenge within these
systems is respecting diverse user preferences and
value rather than offering a one-size-fits-all solu-
tion. Our work focuses on pluralistic preference
alignment of LLMs for artwork recommendation
on entertainment platforms, where systems need
to consider diverse cultural norms, social values,
and individual preferences when engaging with
users. On these platforms, users typically interact
with an extensive catalog of titles, each repre-
sented by specific artwork. Just as users’ tastes
are multi-faceted, titles contain varied themes
and tones that may appeal to different viewers
based on their values. Given this heterogeneity,
we explore the novel problem of personalizing
artwork recommendations using LLMs. For ex-
ample, the same title might feature both heartfelt
family drama and intense action scenes; a user
preferring romantic content may favor artwork
emphasizing emotional warmth, whereas a user
preferring thrillers may find high-intensity scenes
more appealing. We post-train 3B and 8B Llama3
models to select the optimal artwork for a given
title-user pair based on the specific user’s prefer-
ences. Our experiments with 110K training data
and 5K held-out test data show that post-training
yields a 3-5% improvement over a non-LLM pro-
duction baseline. Overall, our work suggests a
promising direction for hyper-personalized art-
work recommendations, extending beyond text-
based recommendation tasks and providing a path-
way for pluralistic alignment with visual data.
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1. Introduction

Large language models (LLMs) have demonstrated success
in various applications of user recommendation and person-
alization across e-commerce and entertainment (Lyu et al.,
2024; Lin et al., 2024; Yang et al., 2023; Dai et al., 2023;
Lubos et al., 2024; Gao et al., 2023). Users are typically
represented through natural language descriptions of their
backgrounds, demographic information, or relevant interac-
tion histories, and LLMs generate personalized predictions
of user behavior or optimal actions that can improve user
satisfaction or retention (Soni, 2023; Chen et al., 2024).
Furthering this line of research, we present a novel task
of personalized artwork recommendations based on indi-
vidual users’ tastes and preferences. On many existing
entertainment platforms, users interact with a wide range
of titles, each represented by a representative image (art-
work). These artworks are often the first visual cues that
influence users’ decision to engage with titles, and therefore,
have been explored as an important aspect of content per-
sonalization (Chandrashekar et al., 2017). As users exhibit
diverse preferences, an artwork that appeals to one type of
user may not resonate with another. Therefore, representing
every title by a single artwork may fail to capture the varied
interests of different users, especially across different age
groups, regions, and cultural preferences.

We extend the relatively well-studied topic of text-based per-
sonalized recommendations using LLMs to the novel, yet
crucial, sub-task in the visual domain: Modeling pluralistic
user preferences among multiple visual representations of a
given movie (title). We leverage the advanced capabilities
of LLMs to process long input contexts, such as users’ in-
teraction histories, to decide which artworks would appeal
the most to the users. While prior works have focused on
title personalization (Yang et al., 2023; Wu et al., 2025) (for
example, using the 1-million MovieLens dataset (Harper
& Konstan, 2015) to predict users’ ratings or make new
title recommendations), we assume that the title is already
selected, and focus on predicting which artwork from a set
of candidate images would appeal most to the specific user
based on their past interaction data. The number of art-
work candidates may vary by titles, ranging from as few as
four to more than forty, and the degree of visual differences
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across artworks also varies. While this keeps the realistic
complexities of the problem, it potentially makes model
training difficult, as the models need to learn to work with
different-sized input contexts, varying candidate list sizes,
and varying granularity in visual differences. Despite these
challenges, our experiments with Llama 3.2-3B and 3.1-
8B (Weerawardhena et al., 2025) show that post-training
LLMs can achieve a performance improvement of 3—5%,
compared to the non-LLM-based production model, on the
held-out user-movie tuples. Specifically, we focus on two
post-training methods: supervised fine-tuning with reason-
ing distillation from a stronger model (Qwen-32B (Team,
2025)) and Direct Preference Optimization (DPO) on chosen
and rejected artwork pairs. These empirical results suggest
a promising path for using LLMs in fine-grained, person-
alized content recommendations (e.g., artwork, synopsis,
trailer) to better serve diverse user interests and preferences.

2. Related Work

LLMs for personalized recommendations Numerous
works have explored using LLMs for personalizing con-
tent and product recommendations to overcome the limita-
tions of conventional recommendation models (e.g., lack
of world knowledge, limited text understanding, and inad-
equate reasoning capabilities) and have been successful at
these tasks (Lyu et al., 2024; Lin et al., 2024). For example,
Yang et al. (2023) leverage user-item interaction history
expressed in natural language to personalize movie and
product recommendations using LLMs. Dai et al. (2023)
evaluate ChatGPT’s inference-time capabilities for point-
wise (i.e., predicting a user’s rating for a single product),
pair-wise (i.e., predicting a user’s preference between an
item pair), and list-wise (i.e., ranking a list of candidate
items based on the user’s previous examples) recommen-
dations across movies, books, music, and news datasets
without any additional training. Gao et al. (2023) explore
the possibility of combining interactive LLM agents with
traditional recommendation systems for cold-start and cross-
domain generalization problems, as well as using LLMs
to provide explanations for the recommendation system’s
personalization mechanism. Lubos et al. (2024) specifically
focus on LLMs’ abilities to generate explanations to im-
prove transparency and engender user’s trust in recommen-
dation systems that have traditionally remained a black-box
to the users. Unlike prior work focused on prompting and
in-context learning from users’ interaction histories, Wu
et al. (2025) propose training a summarizer that can produce
user-specific summaries with reinforcement learning from
prediction feedback (RLPF) and using the generated sum-
maries as user representations to personalize future product
recommendations. Our work adds to this extensive line of re-
search with a novel contribution. To our knowledge, we are
the first to investigate the capabilities of LLMs to person-

alize artwork selection among a set of image candidates
for a given title.

LLM post-training Post-training methods have been suc-
cessfully applied to improve and refine the existing capa-
bilities of LLMs trained on large-scale data (Kumar et al.,
2025; Fernando et al., 2025). Popular strategies for post-
training include supervised fine-tuning (SFT) and prefer-
ence learning through reinforcement learning from human
feedback (RLHF) (Ouyang et al., 2022; Bai et al., 2022) or
direct preference optimization (DPO) (Rafailov et al., 2024).
Knowledge distillation has also been widely explored as
a technique for training smaller models (e.g., open-source
Llama models) to adopt the capabilities of larger models,
including proprietary models like GPT-4 (Gu et al., 2025;
Xu et al., 2024), where the training data is typically gener-
ated by the larger model and provided to the smaller model
for fine-tuning. Other works have explored training and
augmenting language models with reasoning abilities by
having models explain their predictions for commonsense
question-answering tasks (Rajani et al., 2019) or generating
step-by-step solutions to math problems (Hendrycks et al.,
2021) rather than directly outputting the final answers.

Automated image captioning There are various ap-
proaches to representing images through text captions (Li
et al., 2023b; Mokady et al., 2021), with more recent work
based on multimodal large language models (Meta Al, 2024)
that can perform visual question answering (Guo et al.,
2023), reasoning (Alayrac et al., 2022), and image cap-
tioning (Li et al., 2025; 2023a; Chen et al., 2023). While
directly leveraging a visual language model is also an option,
in this work we first convert the images into text captions
via an image captioning model, and then use only the text
inputs to train the model on personalized selection tasks.

3. Problem setup
3.1. Data composition

We have a dataset D consisting of users U, titles X, and
multiple artwork options Aj.,,(X) for each title. Users
are represented by their interaction histories which may
include the user’s viewing history and watch times, and the
number of artwork options m varies across titles. For each
user-title pair, we also have ground-truth optimal artwork
A* obtained from the user’s previous engagement with the
selected title. All artworks other than A* are treated as
negative examples that the user does not prefer. In our
personalized recommendation setting, the optimal artwork
depends on both the title and the user, A*(U, X).

For a test dataset D’, we have a new set of user-title pairs.
The goal of the recommendation system is to predict A*
among a set of candidates A;.,, for a given (U, X) pair. We
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clarify that the training dataset may have overlapping users
and titles, but no shared user-title pairs between train and
test, so the recommendation system needs to generalize to
unseen user-title combinations.

3.2. Evaluation metric

We consider two metrics: accuracy and inverse propensity
score (IPS). While accuracy is more intuitive to interpret
and broadly applicable, IPS is better suited for our setting,
where the number of artwork options m varies largely by
titles.

Accuracy is defined as:
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where A* is the model’s prediction for the optimal personal-
ized artwork for a given tuple (u;, z;). One limitation with
accuracy is that it does not distinguish between cases with
40 artwork options versus 2 options. Intuitively, selecting
the optimal artwork from a set of two has a higher chance
of being correct by random selection compared to selecting
the optimal artwork from a larger set. Therefore, a more
nuanced evaluation metric would account for the number
of artworks available for each title and appropriately reflect
the difficulty of a correct selection by chance.

This leads to IPS, which is defined as:
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m(a}) denotes the probability of the ground truth artwork
a; being shown to the user. By setting 7 to be uniform over
the set of artworks, we now have a metric that accounts
for the difficulty of selecting the correct artwork from sets
of different sizes. For example, a correct prediction from
a set of 40 artwork candidates is weighted twenty times
higher than a correct prediction from a set of two. Due to
the varying number of artwork options across different films
in the catalog, IPS is the primary evaluation metric used by
the production system.

4. Method

4.1. Task formulation

For the user representation X, we use the user’s most recent
K timestamped interactions, which may include informa-
tion such as the user’s recently engaged titles and their
genres. Each artwork is represented by a caption (of ~
200 tokens) generated by a fine-tuned Llama-3.2-11B visual
language model (Meta Al, 2024). We formulate the task as
a prediction problem: given the user’s past interactions, a

new title, and a list of artworks each represented by a cap-
tion, predict which artwork would most appeal to the user.
Representing the images as captions enables all multimodal
inputs to be expressed in text, which is easily supported by
existing LLM post-training methods, and the compactness
of the text captions also allows our method to scale to a
larger number of candidate artworks (e.g., 40+ options for
certain titles).

We conduct post-training of Llama 3.1 8B models (Weer-
awardhena et al., 2025). The prompt describes the user’s
interaction history and lists a set of artwork options for a
new title, and the model’s objective is to predict which art-
work the user is most likely to prefer based on their taste
and interest.

We introduce two new tokens, <option> and
</option>, to delimit different artwork options in
the prompt. During inference, we guide the model’s
generation with the prefix ‘“Prediction: <option>.”
Additionally, to extract the predicted caption, we apply
n-gram matching to the model’s output to select the artwork

option with the highest match as the model’s choice.

4.2. Post-training methods

* Supervised fine-tuning (SFT). We use (u;, x;, a}) tu-
ples from the training dataset (n=110K) to fine-tune
Llama 3.2 3B-Instruct (Meta, 2025) and Llama 3.1 8B-
Instruct (Weerawardhena et al., 2025) using the prompt
and expected model output shown above. The SFT loss
is defined as:

Lspr(mg) = —Einp

log 7o (af|z;, uz')] (3)

* Prediction with reasoning. We leverage the recently
advanced reasoning capabilities of LLMs to enable
personalized artwork selection. Specifically, we aug-
ment the training data with a powerful reasoning model,
Qwen/QwQ-32B (Team, 2025), to generate explana-
tions conditioned on the known ground truth a. Alter-
natively, one could first generate reasoning along with
predictions, filter out examples that do not match the
correct artwork, and repeat this reasoning generation
process to obtain a high-quality reasoning dataset (Ze-
likman et al., 2022). However, due to the difficulty of
our prediction task, off-the-shelf Qwen models achieve
low prediction accuracy, which would lead to exten-
sive re-sampling to obtain reasoning outputs that are
consistent with the ground-truth answers, and is there-
fore, difficult to scale with the larger training data. In
order to avoid the expensive re-sampling process, we
first provide the reasoning model with the ground-truth
artwork selection, and prompt it to generate a matching
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explanation. The model also predicts the most appro-
priate artwork to recommend conditioned on its own
explanation. We additionally filter out the model’s re-
sponses that still do not match the ground-truth labels
(which accounts for less than 2% of the model’s gener-
ations). Despite the model’s initial low prediction accu-
racy, this approach allows us to generate justifications
that support the ground truth, which can then be used
to construct the reasoning dataset for training. We aug-
ment the training data with the generated reasonings,
so each tuple (u;,x;,a}) is additionally tagged with
the corresponding reasoning r;. We then supervised
fine-tune 8B Llama-Instruct (Weerawardhena et al.,
2025) using this reasoning-augmented dataset, with
the expected model output starting with “Reason: ...”
followed by the item prediction.

* Direct policy optimization (DPO). We train a 8B
Llama model (Weerawardhena et al., 2025) using
the DPO objective (Rafailov et al., 2024), where the
chosen-rejected response pair for each tuple (z;, u;)
consists of a; (chosen) and a randomly selected al-
ternative a} (rejected) from the remaining candidate
set. The DPO loss objective1 (Rafailov et al., 2024),
Lppo (T3 Tref)
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leads the recommendation model to up-weight the like-
lihood of a preferred artwork and down-weight the like-
lihood of a rejected artwork. This can be more effective
than training with only positive examples, as the model
explicitly learns to distinguish between positive and
negative responses. On the other hand, SFT-only model
may learn the instruction-following behavior but does
not get to observe how negative examples compare to
positive examples despite the structural similarities in
their response patterns. DPO can be combined with
SFT by first training the base model using the SFT
objective and then continuing training with the DPO
objective, as typically done in other works (Chen et al.,
2025; Liu et al., 2024).

'8 is a hyperparameter that determines how close the trained
model should be to the base model, 7, for maintaining stability.

Table 1. We conducted experiments with Llama 8B on a training
dataset of 110K examples and evaluated on 5K held-out user-
title tuples. The reported values are percentage improvements
compared to the production model, which is a non-LLM deep
neural network trained on a large-scale production dataset.

Method Accuracy IPS
Random guess -74.96%  -4.59%
Zero-shot prediction -4.22% -0.19%
Baseline 0% 0%
+ SFT -2.55%  +2.45%
+DPO +091%  +2.82%
+ SFT with reasoning from Qwen-32B  +1.41% +5.21%

Personalized recommendation model instruction

Sample prompt template: “You are an expert in
movies and shows. I want you to predict which of
the available artworks the user would like the most
based on their past watch history. [User’s past in-
teraction data] The user’s new title is: [new title].
Here are the artwork options: <option> caption
describing A; </option>, <option> caption
describing A; </option>, ... ,<option> cap-
tion describing A,,, </option>. Output the best
artwork in text.

Model output: “Prediction: </option> caption
describing A* </ option>.

All models are trained using low-rank adaptation
(LoRA) (Hu et al., 2021). We conduct a hyperparameter
search across different learning rates (e.g., {le — 7, 5e —
7,1e — 6,5¢ — 6,1e — 5,1e — 4}) and report evaluation
results obtained with the best-performing model from the
validation set of size 1,000. The evaluation dataset has 5K
new user-title pairs.

5. Experiment & Results

5.1. How does post-training LLMs perform compared
to the production model?

Table 1 shows that the post-trained models achieve a per-
formance improvement of 3-5% in terms of IPS compared
to the production model. Surprisingly, even the zero-shot
model achieves decent performance significantly better than
random guessing. This speaks to the power of world knowl-
edge and long-context processing capabilities that the cur-
rent large language models are equipped with that can lead
the models to make reasonable predictions about user behav-
ior even though they are not trained on any domain-specific
(containing information about users or titles) dataset.
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Table 2. We compare the zero-shot performance of the Llama 3
and 8B models on a test set of 5K user-title pairs fo the produc-
tion model’s performance in terms of percentage difference. The
smaller the difference, the closer the zero-shot model’s perfor-
mance matches the production level.

Model size  Output format  Accuracy IPS

3B Number -11.55% -6.81%
3B Text -12.76%  -8.15%
8B Number -7.06%  -1.73%
8B Text -6.52%  -0.19%

5.2. How sensitive is the model to number versus text
based prediction?

Many prior works have observed the large language model’s
sensitivity to different prompting perturbations, like instruc-
tion templates and paraphrasings (Berglund et al., 2024;
Mizrahi et al., 2024; Zhuo et al., 2024) . One particular
dimension of sensitivity we investigate is the output format:
whether the model is instructed to format its prediction as
an integer representing the artwork from the given list, or
as a full-text caption describing the selected artwork. In
order to decide on the output format, we conduct an ablation
with zero-shot 3B and 8B Llama models comparing their
performance on text output versus artwork option number
output. Surprisingly, we observe that with the 3B models,
the number output outperforms the text output in terms of
the evaluation metrics, which is different from the perfor-
mance of the 8B models (Table 2). However, a breakdown
analysis of the model’s accuracy across different ground
truth labels (Fig. 1) reveals the model’s tendency to output
smaller numbers. In particular, the 3B model prompted to
predict the artwork option number shows 0% accuracy for
examples with ground truth labels larger than 15, suggesting
that the model’s high accuracy is compounded by its bias
toward predicting smaller numbers.

5.3. How does post-training impact different base
models?

In the previous section, we showed that SFT with reasoning,
where the models are trained to output the chosen artwork
in text, achieves the highest post-trained performance. Ab-
lations in Table 3 further test whether this trend holds for
different model sizes and training dataset sizes. Specifically,
these ablations show that training with a reasoning dataset
and outputting text predictions achieves the highest perfor-
mance gains for both 3B and 8B base models, and for both
10K- and 110K-sized training datasets. As expected, the
performance gains from the larger dataset are greater than
those from the smaller dataset for the same model size. Sur-
prisingly, we observe that the smaller models obtain larger

Breakdown of accuracy by ground truth artwork option label
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Figure 1. A breakdown of accuracy across different ground
truth labels to compare the performance of the models out-
putting the artwork option number versus the artwork caption
in full text. The x-axis shows the ground truth label (artwork op-
tion number) and the y-axis shows the model’s prediction accuracy
for samples with a particular ground truth label. Although the
average performance across all examples is higher for the number
prediction (blue) compared to the text caption prediction (orange),
the breakdown by the ground truth label suggests that number
prediction performs poorly for higher-valued ground-truth.

Table 3. How much delta improvement is made relative to
the zero-shot 3B & 8B base model? We conducted experiments
with Llama 3 & 8B using LoRA-SFT and evaluated with 5K data
points. We report the percentage improvements after post-training
compared to the base model of the same type.

Model  Output Training size  Accuracy A 1PS

3B Zero-shot NA 0% 0%
+3B  Number 10K 6.71% 5.76%
+3B  Text 10K 8.38% 8.06%
+3B Text + Reason 10K 10.53% 10.60 %

8B Zero-shot NA 0% 0%
+8B  Number 10K -0.40% 0.67%
+8B  Text 10K 1.14% 1.52%
+8B Text + Reason 10K 3.05% 3.02%
+8B  Number 110K 1.64% -0.96%
+8B  Text 110K 1.67% 3.02%
+8B Text + Reason 110K 5.63% 5.40%

performance improvements from post-training. However,
the final performance of the 8B models still dominates that
of the 3B models when compared to the production model’s
performance.

Table 4 compares the DPO-trained performance of different
checkpoints. While we observe that DPO from the SFT
model checkpoint outperforms DPO from the off-the-shelf
pretrained model, it does not outperform SFT with reason-
ing alone. We suspect that the negative examples used to
construct the preference pairs may not be clearly distin-
guished from their positive counterparts. For example, the
current training dataset has a single ground-truth optimal
artwork which the user has engaged with and liked, while
the remaining artworks for the same title (i.e., counterfac-
tuals) are assumed to be negative. However, it is unclear
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Table 4. We compared the performance of DPO from various
checkpoints. All the experiments were conducted with Llama-8B.
The reported values are percentage improvements compared to the
production model.

Training size  SFT checkpoint? Accuracy IPS
10K (SFT without reasoning) -4.26% +1.42%
10K (SFT with reasoning) -3.73% 0%
110K (from pre-trained model) -5.38% -0.19%
110K (SFT with reasoning) -3.21% +2.82%

whether a negative example was skipped by the randomized
artwork selection algorithm in production, and therefore
was not shown to the user.

6. Discussion & Limitation

In summary, our work introduces the novel recommenda-
tion task of predicting personalized artwork for different
user-title pairs. Specifically, we provide LLMs with a ver-
balized representation of a user’s interaction history, which
reveals their content preferences, and ask the model to pre-
dict which artwork caption from a candidate set is most
likely to appeal to the given user. We leverage the LLM’s
natural language reasoning capabilities and show that the
model’s world knowledge augmented with post-training on
110K user data achieves a 5% performance improvement
compared to the production model. Additionally, in our hy-
perparameter search, we observe that smaller learning rates
generally achieve better training performance, as similarly
observed by Pareja et al. (2024). However, constructing a
reliable user dataset of chosen and rejected in the presence
of missing counterfactuals remains to be a challenge.

Our work suggests the following promising directions for
personalized recommendation systems: (1) Improving
models with reasoning. Based on the improvements we
observed with SFT with reasoning compared to vanilla
SFT, we expect DPO with reasoning to further improve the
model’s performance and can also lead to transparent and
interpretable Al systems that can provide explanations for
the model’s decisions. (2) Leveraging multi-modal LLMs.
While our work represents artworks with captions, recent ad-
vances in multimodal LLMs (OpenAl, 2025; Google Deep-
mind, 2025) suggest that the images can be directly embed-
ded into the instruction to avoid information loss from image
to text transformation. (3) Personalizing various aspects
of content recommendation. We encourage future work
to consider extending this framework to other components
of content personalization beyond artworks (e.g., synopses,
trailers), or even to directly recommend new artwork designs
in natural language, which service providers and artists can
use for creative generation to satisfy diverse user prefer-
ences and values. Overall, our work suggests a promising
direction for hyper-personalized artwork recommendations,
extending the utility of LLMs beyond traditional text-based

recommendation and providing a pathway for pluralistic
alignment with visual input data.
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Impact Statement

This work focuses on the personalization of artworks that
can respect diverse, heterogeneous user preferences. In-
corporating LLMs into recommendation systems opens up
a path to improving the accuracy of predicting users’ pre-
ferred content, as well as enhancing the transparency of the
recommendation models by generating interpretable natural
language explanations of the model’s selections. However,
any application that requires handling user data must be
implemented with care and monitored to ensure compliance
with user privacy policies.
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