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1. Motivation 2. Model Architecture

e Modern recommender systems operate in We learn a unified item representation from text and visual content using pre-trained encoders and a fusion module.

multimodal environments, where items
have rich textual and visual content.

e Foundation models provide powerful
pretrained encoders, but their role in
recommendation pipelines is not yet well
understood.

e We study how to train and evaluate
multimodal item representations in a
unified framework and how they adapt to
different recommendation tasks and
domains.

e Arecommender system connects users
with a catalog of candidate items, which
can include text, images, and other
modalities, based on user interactions.

Research question

How can we learn robust, transferable item
representations that improve
recommendations across datasets, cold-start
settings, and domains?

3. Training Objective

We optimize the item representations using interaction-derived learning
objectives, e.g., contrastive and ranking losses.

Predicted structure Z Target structure R
Z=[z,...,25] R c RN
s s
: Compare :
o < >
® ®
(%2} (%2}
- -
ltems (1 ... N) ltems (1 ... N)
L v )
1==-- > Recommendation loss £
|
|
L ----p Backpropagate gradient V4£
—P Forward data flow - === Backpropagation (gradient flow)

Text content ¢; Visual content v,

it

Text encoder h, Image encoder h,

=

S

1 .
| e R | e R
: :
! :
D e e e e L =
| |
vy
| |
| |
[ Fusion module }
v
I c R
Item representation z
—P Forward data flow - === Backpropagation (gradient flow)

4. REEF Evaluation Framework 5. Evaluation Scenarios

REEF isolates the contribution of the item backbone and
provides a reproducible pipeline for evaluation.

I Standard recommendation
Dataset II General performance on full data

- .
— (e.g., MovieLens 20M,
- H&M Fashion, Amazon Reviews)
Task vi Cold-start
A Ask VIEW New items or users
(e.g., standard, cold-start,
sequential, domain transfer)
Backbone embeddings Sequential recommendation
ﬁ (e.g., BGE-M3, SigLIP2, Next-item prediction
multimodal fusion)
« Domain transfer
(same for all) - evaluating on another
I Evaluation
[] I (e.g., Recall@K, NDCG@K, MRR) Dataset transfer
Generalizability across datasets

Same data - Same task - Same ranker - Backbone is the variable.

6. Results 7. Representation Analysis
Multimodal item representations consistently outperform single-modality baselines The learned representations preserve semantic structure, which leads to more
across all datasets. Incorporating both textual and visual content leads to substantial relevant item neighborhoods after fine-tuning. The example from H&M Fashion

gains, especially on visually rich datasets.
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shows improved alignment between visually and semantically similar items.

Multimodal representations
bring the largest relative
improvement on datasets
with high visual content.

On H&M Fashion, visual
content is particularly

important, with multimodal Dark Purple
representations achieving

the best performance.
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Even on the text-heavy
Amazon Reviews dataset,

multimodal representations : : .. : :
P e Fine-tuned representations retrieve items that are both visually and semantically

outperform all single- o .

modality baselines, showing more similar to the query item.

the robustness of the o This indicates that the model effectively aligns modalities and preserves meaningful
approach. neighborhood structure in the embedding space.

e Qualitative analysis complements quantitative results and confirms the
effectiveness of multimodal representation learning.

8. Key Findings & Conclusion

o Multimodal item representations improve recommendation performance across tasks and datasets. REEF provides a reproducible framework for understanding and improving

e Thelearned embeddings transfer better to new items, users, and domains.
e Aunified evaluation framework enables fair comparison of backbone models.
e Interaction-conditioned training is an effective and scalable strategy.

foundation models in recommender systems. Multimodal representations
and controlled adaptation lead to more robust and transferable
recommendations.




