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Abstract

We present an empirical study of attention-based cross-modal retrieval for movies. Our
approach combines text overviews, poster images, and trailer thumbnails using a cross-
attention fusion module to learn unified item representations. To support this study,
we augment MovieLens 1M with metadata from The Movie Database (TMDB), includ-
ing overview text, poster images, and static trailer thumbnails. We evaluate text-only,
image-only, and fused representations on top-K retrieval metrics, and compare them with
interaction-only baselines based on Bayesian Personalized Ranking (BPR) and Light-
GCN. The results show that image-only retrieval achieves the strongest Recall@K and
NDCG@K performance, while the fused model produces qualitatively more semantically
balanced recommendations but does not outperform the strongest unimodal baseline.
These findings suggest that attention-based multimodal fusion can improve recommen-
dation coherence and interpretability, while also highlighting the challenge of translating
cross-modal signals into stronger ranking performance.
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1. Introduction

Movie recommendations increasingly depend on signals drawn from multiple content
modalities. In addition to structured interaction data, movies are naturally described
through textual overviews, poster artwork, and trailer visuals, each of which captures a
different aspect of an item’s identity. Text can reflect narrative and theme, while visual as-
sets often convey style, tone, and genre cues. This motivates multi-modal retrieval methods
that aim to combine complementary signals into a unified representation for recommenda-
tion.

Despite this promise, effective fusion remains difficult. Many multi-modal recommenda-
tion systems rely on simple concatenation or shallow projection, which may not adequately
capture relationships across modalities [1]. Other recent approaches enrich recommenda-
tions with retrieval-augmented or multimodal components [2], but often study only a subset
of modalities or emphasize pipeline extensions beyond the retrieval setting itself. In practice,
it remains unclear when attention-based fusion improves retrieval quality relative to strong
unimodal representations.

In this paper, we present an empirical study of attention-based cross-modal retrieval
for movies. We construct a multimodal benchmark by augmenting MovieLens 1M [3] with
metadata from The Movie Database (TMDB) [4], including text overviews, poster images,
and static trailer thumbnails. We then study whether cross-attention can combine these
signals into more useful item embeddings for retrieval. Our focus is on item representation
learning and top-K retrieval behavior rather than on a full end-to-end ranking pipeline.

The main contributions of this work are as follows.

e A multimodal movie benchmark. We enrich MovieLens 1M with aligned TMDB
metadata, including overview text, poster images, and trailer-thumbnail proxies, to
support multimodal retrieval experiments in the movie domain.
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e An attention-based fusion model for item retrieval. We study a cross-modal
fusion approach that combines text and visual signals into unified item embeddings
for retrieval.

e An empirical comparison across unimodal, fused, and interaction-only
baselines. We compare text-only, image-only, and fused representations against
Bayesian Personalized Ranking (BPR) [5] and Light GCN [6]. Our results show
that image-only retrieval achieves the strongest Recall@K and NDCGQ@K, while
the fused model yields qualitatively more semantically balanced recommendations
without outperforming the strongest unimodal baseline.

These findings highlight both the value and the limitations of attention-based multi-
modal fusion for movie retrieval. While fusion can improve recommendation coherence and
interpretability, translating cross-modal signals into stronger ranking performance remains
challenging.

2. Related Work

Multi-modal recommendation and retrieval aim to combine complementary signals from
different content modalities, such as text and images, within a shared representation space.
Prior work has explored joint embedding methods, contrastive learning objectives, and light-
weight cross-modal representation learning to improve alignment across modalities [1, 7].
Attention-based mechanisms have also been used to model dependencies across heteroge-
neous inputs, showing that cross-modal interactions can be more expressive than shallow
fusion strategies such as concatenation or projection [§].

Recent recommendation research has also considered richer retrieval settings, including
retrieval-augmented and multimodal approaches that combine textual and visual informa-
tion [2, 9]. However, many existing studies either focus on a subset of modalities, emphasize
broader retrieval-ranking pipelines, or rely on fusion strategies that are not the primary
object of analysis. As a result, the empirical benefit of attention-based fusion itself remains
unclear, especially when compared against strong unimodal representations.

Our work focuses on this narrower question in the movie domain. We construct a
multimodal benchmark by enriching MovieLens 1M with TMDB metadata, including text
overviews, poster images, and static trailer thumbnails, and study whether cross-attention
improves item representations for retrieval. Unlike a full ranking-system paper, our em-
phasis is on empirical comparison across text-only, image-only, fused, and interaction-only
baselines.

3. Methodology

We study attention-based multimodal item retrieval in the movie domain using aligned
textual and visual metadata.

3.1. Dataset and Representations

We augment MovieLens 1M with metadata from The Movie Database (TMDB). For each
movie, we collect three aligned modalities: overview text, poster image, and a static trailer
thumbnail. Movies missing any of these modalities are excluded so that all evaluated items
have consistent multimodal representations.

Overview text is cleaned and lowercased, then encoded with a pre-trained Sentence-BERT
model. Poster images and trailer thumbnails are resized and normalized, and visual features
are extracted using ResNet-50. We treat trailer thumbnails as a static visual proxy rather
than as full video input.



3.2. Fusion Model and Retrieval

ARMOoR learns item representations by combining modality-specific embeddings with a
cross-modal attention module. Given text, poster, and trailer-thumbnail embeddings, the
fusion block produces a unified item embedding Ziten in a shared latent space.

To train the fused representation, we use triplet margin loss, which encourages related
items to be closer than unrelated items in the learned embedding space. User representations
are formed by averaging the embeddings of movies that the user rated highly (> 4.0). At
inference time, candidate items are retrieved by cosine similarity between the user embedding
and item embeddings.

3.3. Experimental Setup

We use an 80/10/10 train/validation/test split and evaluate retrieval with Recall@K and
NDCGQ@K, averaged over test users with at least five historical interactions. We compare
four retrieval settings: text-only, image-only, fused multimodal retrieval, and interaction-
only baselines based on Bayesian Personalized Ranking (BPR) [5] and LightGCN. The
collaborative-filtering baselines are trained on binarized implicit feedback derived from rat-
ings > 4.0 and are included as interaction-only reference baselines.

4. ARMOoR Architecture

Figure 1 illustrates the ARMoR fusion architecture used in our experiments. The model
combines three aligned modalities for each movie: overview text, poster image, and a static
trailer thumbnail. Modality-specific encoders first produce fixed-dimensional embeddings,
which are then fused through a cross-modal attention block to obtain a unified item repre-
sentation for retrieval.

Cross-Modal Fusion for Movie Retrieval
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Figure 1. ARMoR architecture used in our experiments: modality-specific encoders for
overview text, poster images, and static trailer thumbnails are fused through cross-modal
attention to produce shared item embeddings for cosine-similarity retrieval.
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4.1. Cross-Modal Fusion

Let
€text s €postery €thumb S Rd, (41)
denote the text, poster, and trailer-thumbnail embeddings, respectively. In our implementa-
tion, text embeddings are obtained from Sentence-BERT, while poster and trailer-thumbnail
embeddings are extracted with ResNet-50.



To model interactions across modalities, we apply cross-modal attention with the text
embedding as the query and the visual embeddings as keys and values:

Q = WQetextv (42)
WEe
K= poster , 4.3
|:WKethumb:| ( )
_ erposter
V= [erthumb : (4.4)

The fused representation is computed as

KT
Cfused = softmax(Q\/a ) V. (4.5)

We then project the fused representation into the shared retrieval space:
Zitem = Wp ReLU(efused) + bp~ (46)

4.2. Training Objective and Retrieval

The fused item embeddings are trained using triplet margin loss:
Liyipiet = max(0, sim(zq,2z,) — sim(z,,2z,) + @) . (4.7)

This objective encourages related items to lie closer in the learned embedding space than
unrelated items.

For retrieval, a user embedding z, is computed by averaging the embeddings of movies
the user rated highly (> 4.0). Candidate items are then ranked by cosine similarity:

5(Zu,2j) = cos(2u, 2;). (4.8)

5. Results and Discussion

We evaluate retrieval quality using Recall@ K and NDCGQK for K € {5,10,20} un-
der a leave-one-out protocol. For each test user, the user representation is computed as
the average of the embeddings of highly rated movies (> 4.0), excluding the held-out test
item. We compare three content-based settings—text-only, image-only, and fused multi-
modal retrieval—as well as two interaction-only reference baselines, BPR and Light GCN.

Table 1 summarizes the main quantitative results. Among the content-based meth-
ods, image-only retrieval achieves the strongest performance across all metrics. The fused
model underperforms both text-only and image-only retrieval on Recall@K and NDCGQK.
Among the interaction-only baselines, BPR outperforms Light GCN, and both exceed the
fused model on the reported ranking metrics.

Table 1. Recall@K and NDCGQK results. Best values are shown in bold.

Model R@5 R@10 R@20 N@5 N@10 N@20

Text-only 0.018 0.043 0.107 0.0070 0.0160 0.0320
Image-only 0.052 0.122 0.196 0.0260 0.0480 0.0650
Fused 0.004 0.012 0.036 0.0025 0.0050 0.0105
BPR 0.017 0.035 0.073 0.0100 0.0156 0.0250
LightGCN  0.010 0.030 0.065 0.0055 0.0110 0.0201

These results suggest that poster-based visual features are particularly strong for this
benchmark. At the same time, the fused model remains useful qualitatively. Figure 2 shows
the top-5 retrieved movies for The Matriz (1999) using attention-based fusion. In manual
inspection using The Matriz (1999) as a query, text-only retrieval emphasizes narrative



and thematic similarity, image-only retrieval emphasizes visual style, and fused retrieval
produces more semantically balanced results by combining complementary cues from text,
posters, and static trailer thumbnails.

Great Expectations (1998) Gremlins 2: The New Batch
Sim: 0.81 Sim: 0.78.
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Figure 2. Top-5 retrieved movies for The Matriz (1999) using attention-based fusion of
overview text, poster images, and static trailer thumbnails.

This contrast between quantitative and qualitative behavior is important. Although
attention-based fusion did not improve top-K ranking metrics in the current setup, the
qualitative example in Figure 2 suggests that it can produce recommendations that are more
interpretable and contextually balanced than those from single-modality retrieval alone. We
therefore view the main empirical results of this study as twofold: strong unimodal visual
representations remain difficult to beat on this benchmark, while multimodal fusion offers
potential benefits in coherence and interpretability.

A key limitation is that the third modality is represented by static trailer thumbnails
rather than full video, so it serves as a visual proxy rather than a true spatio-temporal
signal. In addition, BPR and Light GCN are interaction-only baselines and therefore provide
contextual reference rather than a fully matched comparison to content-based retrieval.
Future work should study richer video representations and stronger multimodal training
strategies, and should evaluate against more directly comparable multimodal baselines.

6. Conclusion and Future Work

We presented ARMoR, an attention-based approach for cross-modal movie retrieval that
combines overview text, poster images, and static trailer thumbnails in a shared embedding
space. To study this setting, we enriched MovieLens 1M with aligned metadata from TMDB
and compared text-only, image-only, fused, and interaction-only baselines.

Our results show that image-only retrieval achieves the strongest Recall@K and NDCGQK

performance on this benchmark, while the fused model does not outperform the strongest
unimodal or interaction-only baselines quantitatively. At the same time, qualitative in-
spection suggests that attention-based fusion can produce more semantically balanced and
interpretable recommendations by combining narrative and visual cues. These results high-
light both the promise and the difficulty of multimodal fusion for retrieval. Strong visual
representations remain difficult to beat, but cross-modal fusion may still offer value in co-
herence, interpretability, and recommendation diversity.
Future Work. Future work will study richer multimodal training strategies, more directly
comparable multimodal baselines, and stronger visual representations beyond static trailer
thumbnails. We also plan to investigate contrastive objectives and hybrid approaches that
combine interaction signals with multimodal item representations.
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Appendix A. Supplementary Quantitative Results

For completeness, we include additional Recall@K and NDCGQK plots that complement

Table 1 in the paper.
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Figure 3. Text-only, image-only, and fused retrieval results.
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Figure 4. Interaction-only baseline results for BPR and Light GCN.
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Figure 5. Results for the text-only, image-only, fused, BPR, and Light GCN models.

Appendix B. Supplementary Qualitative Results

We provide additional qualitative retrieval examples for The Matriz (1999) using text-
only and image-only retrieval.
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Figure 6. The top 5 retrieved movies for The Matriz (1999) using text-only retrieval.
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Figure 7. The top 5 retrieved movies for The Matriz (1999) using image-only retrieval.

Appendix C. Text Embedding Visualization
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Figure 8. t-SNE visualization of SBERT text overview embeddings, colored by primary

genre.
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