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ABSTRACT

Fashion outfit recommendation requires a deep understanding of both visual aesthetics and textual attributes. Traditional recommendation engines
rely heavily on collaborative filtering or single-modality inputs, which often fail to capture the complex, semantic interactions between different
clothing items. This paper proposes a comprehensive, end-to-end Multimodal Deep Learning Architecture for Outfit Recommendation. By fuse-
filtering high-level visual features extracted via Convolution Neural Networks (CNNs) and Vision Transformers (ViTs) with textual metadata
processed through Transformer-based Language Models (e.g., BERT), our framework models item compatibility as a graph-structured and vector-
aligned optimization problem. We introduce a dual-branch encoder network coupled with a Cross-Modal Attention Fusion layer and a Graph
Neural Network (GNN) compatibility predictor. Experimental frameworks demonstrate that this unified representation significantly outperforms
unimodal baselines in outfit completeness, compatibility scoring, and personalized style adaptation. [ 1,2, 3,4, 5]
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INTRODUCTION

Fashion is inherently multimodal. When humans curate an outfit, they
instinctively evaluate visual cues—such as color, pattern, texture, and
silhouette—alongside textual and categorical contexts like brand,
material, occasion, and seasonal tags. Replicating this decision-
making process in automated systems is a major challenge for e-
commerce platforms. [6, 7, 8]

Early recommendation systems relied on collaborative filtering or
basic content-based filtering. While effective for single-item
recommendations, these approaches struggle with outfit generation,
where the goal is to evaluate the compatibility of multiple items rather
than their individual popularity. [9, 10]

Recent advancements in Deep Learning have unlocked new
opportunities. Visual encoders can extract intricate design patterns,
while textual models capture stylistic descriptions. However, simply
concatenating these feature vectors often results in sub-optimal
performance due to the "modality gap"—the structural disparity
between visual and textual vector spaces. [11]

Key Contributions

This paper introduces an advanced multimodal deep learning
architecture specifically optimized for fashion outfit generation. Our
primary contributions include: [12]

e A dual-branch feature extraction pipeline that balances spatial
visual features with dense semantic text tokens.

* A Cross-Modal Attention Fusion (CMAF) mechanism that
dynamically weights the importance of text versus imagery based
on the product category.

» ACategory-Aware Graph Neural Network (GNN) that treats an
outfitas a fully connected graph to evaluate global compatibility.

* Animplementation-ready blueprint scaling across massive, multi-
category fashion catalogs. [13]

Literature Review
The evolution of outfit recommendation systems spans three distinct
generations:

Unimodal Approaches

Early deep learning models focused exclusively on visual
compatibility. Researchers utilized networks like ResNet or VGG to
project clothing images into a latent space where Euclidean distance
measured compatibility. While visually accurate, these systems could
not distinguish between a "formal silk blouse" and a "casual polyester
blouse" if their shapes and colors were identical. [ 14]

Early Multimodal Fusion
To bridge this gap, secondary architectures introduced text metadata.
Early multimodal systems used late-fusion techniques, where visual

vectors and textual vectors (from Word2Vec or LSTM models) were
concatenated right before the final classification layer. The limitation
was a lack of early-stage interaction; the model could not learn how a
specific text descriptor (e.g., "vintage") correlated with specific visual
patterns (e.g., polka dots). [15]

Graph and Attention-Based Networks

Recent state-of-the-art frameworks leverage Graph Convolutional
Networks (GCNs) to model outfits as complex networks. Clothing
items serve as nodes, and compatibility forms the edges. While GCNs
excel at structural relational learning, optimizing them simultaneously
with heavy, cross-modal transformer blocks remains an open and
computationally expensive research area. This paper addresses that
bottleneck directly. [16, 17]

Proposed System Architecture

The proposed architecture consists of four sequential pipelines: Data
Ingestion & Preprocessing, Multimodal Feature Extraction, Cross-
Modal Fusion, and Graph-Based Compatibility Prediction.
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Visual Feature Extraction Branch

For an input fashion item $I_i$, the visual branch extracts spatial and
aesthetic representations. While traditional models rely on deep
CNNs, our architecture utilizes a hybrid configuration:

Backbone Network: A Vision Transformer (ViT-B/16) pre-trained on
large-scale fashion datasets (e.g., FashionGen).

Mechanism: The image is split into fixed-size patches, linear
projected, and passed through self-attention blocks. This enables the
model to capture long-range dependencies, such as how the neckline of
ashirt relates to its hemline pattern.

Output: A visual embedding vector $v_i \in \mathbb{R}"{d v}$,
where $d_v=768$.[18]

Textual Feature Extraction Branch
Simultaneously, the textual metadata $T_i$ (consisting of titles, tags,
materials, and category descriptions) undergoes tokenization.

Backbone Network: A bi-directional Transformer encoder
(DistilBERT) chosen to minimize latency during real-time
recommendation updates.

Mechanism: The tokens pass through multiple multi-head self-
attention layers to map contextual phrasing (e.g., "distressed denim
high-waist") into structured representations.

Output: The final hidden state of the [CLS] token is extracted as the
text embedding vector $t i \in \mathbb{R}"{d _t}$, where $d_t =
768$.[19]

Cross-Modal Fusion and Joint Representation

To project the distinct modalities into a shared space without losing
domain intelligence, we implement a Cross-Modal Attention Fusion
(CMAF) layer. Rather than using simple concatenation, we use a
query-key-value attention matrix where one modality guides the
representation of the other.

Mathematical Formulation

Let the visual and textual vectors be projected into identical
dimensional spaces ($d_m$) via linear transformation matrices
$W_v$and $W_t$:

$$v' i=W vicdotv i,\quadt' i=W t\cdott i$$

We define the Multi-Head Cross-Attention where the Visual
representations act as Queries (Q), and Textual representations act as
Keys (K)and Values (V): [20]

$$Q =v' i\cdot W_Q, \quad K=1t"_i\cdot W_K, \quad V =1t'_i\cdot
W_VS$$

$S\text{Attention}(Q, K, V) = \text{softmax}\left(\frac{Q \cdot
KAT} {\sqrt{d_m} }\right)\cdot V$$

This mathematical routing ensures that if an item's image is ambiguous
(e.g., a solid black shirt), the model searches the text tokens heavily to
determine if it is a "sports compression tee" or a "tuxedo dress shirt".
The fused multimodal embedding vector is denoted as $z i \in
\mathbb{R}"{d_m}$.

Outfit Graph Topology & Compatibility Engine

An outfit is more than a pair-wise match; it is a holistic composition. A
jacket must match both the shirt beneath it and the trousers below. We
model anoutfit §O=\{i 1,i 2,\dots,i N\}$ asa fully connected graph

G =(V, E), where each node v € V represents a fused item embedding
$z_i$,and edges e € E signify their mutual compatibility. [21]
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Category-Aware Graph Neural Network (GNN)
Standard GNNs treat all nodes equally. In fashion, however, the
relationship between a top and a bottom is structurally distinct from the

relationship between a top and a watch. We deploy a Category-Aware
Graph Attention Network (CAGAT).

During the message-passing phase, the edge weight $\alpha {ij}$
between item i and item j is scaled by a learned category-compatibility
matrix:

$8\alpha_{ij} =\frac{\exp\left(\text{LeakyReLU }\left(\mathbf{a}"T
[z i \vert{}\vert{} z j \vert{}\vert{} c¢ {ij}]\right)\right)} {\sum_{k
\in \mathcal{N}(i)} \exp\left(\text{LeakyReLU}\left(\mathbf{a}"T
[z i\vert{}\vert{} z k\vert{}\vert{} ¢ {ik}]\right)\right)}$$

Where:

» denotes vector concatenation.

e $c {ij}$ is an embedded vector representing the category
relationship layer (e.g., "Footwear" $\leftrightarrow$
"Outerwear").

e $\mathcal{N}(i)$ represents all neighboring items within the
candidate outfit graph.

Global Outfit Scoring

After L layers of graph convolutions, the node embeddings are updated
to encapsulate the context of the entire outfit. The overall outfit
compatibility score S(O) is determined by pooling the final graph node
states through a multilayer perceptron (MLP) with a Sigmoid
activation function:

$$S(0) = \text{Sigmoid}\left(\text{ MLP }\left
(rac{1} {N}\sum_{i=1}A{N} 7 i*{(L)}\right)\right)$$

The resulting scalar output $S(O) \in [0, 1]$ represents the absolute
multi-item compatibility score.

Training Methodology and Loss Functions

Training a multimodal graph network requires balancing both
individual item alignment and global group compatibility. We
implement a joint objective function combining Bayesian
Personalized Ranking (BPR) Loss and Masked Multimodal
Contrastive Loss. [22,23]

BPR Loss for Compatibility

To train the graph predictor, the network is exposed to positive outfits
(expert or user-curated capsule outfits) and engineered negative outfits
(where one or more items are replaced with a random item from the
catalog). [24]

$$\mathcal{L} {\text{BPR}} = -\sum_{(O, O"-) \in \mathcal{D}}
\In\sigma \left( S(O) - S(O*-) \right)$$

Where O is a coherent positive outfit, and O? is the disrupted negative
counterpart.

Contrastive Cross-Modality Alignment

To prevent the visual and textual encoders from drifting apart during
backpropagation, we enforce an explicit cross-modal contrastive
alignment loss (similar to CLIP loss frameworks) across all items in the
batch:

$$\mathcal{L} {\text{contrast}} = -\frac{l}{B}\sum_{i=1}"{B}
\log \frac{\exp(\text{sim}(v' i, t' i)/\tau)} {\sum_{j=1}"{B}
\exp(\text{sim}(v'_i,t' j)/\tau)}$$

Where sim(-) represents cosine similarity, B is the batch size, and tis a
temperature hyperparameter. The total optimization loss is balanced
using a scalar weight A:

$$\mathcal{L} {\text{total}} = \mathcal{L} {\text{BPR}} +
\lambda\mathcal{L} {\text{contrast}}$$

Experimental Setup and Evaluation

Datasets

To evaluate the proposed architecture, models are trained on
benchmark fashion datasets:

Polyvore Outfits Dataset: Contains over 21,000 outfits complete with
item images, text descriptions, category tags, and user engagement
metrics.
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Fashion Gen: Provides ultra-high-resolution product images paired
with rich professional descriptive metadata annotations. [25, 26, 27,
28,29]

Evaluation Metrics
Performance is calculated using two primary industry standard tasks:

Fill-in-the-Blank (FITB): Given a partial outfit and a set of multiple-
choice options, the model must select the most compatible missing
item. Measured via standard Accuracy (%). [30,31,32]

Area Under the ROC Curve (AUC): Evaluated based on the system's
accuracy in distinguishing between positive (cohesive) and negative
(mismatched) outfits.

Baseline Comparison

The multimodal graph architecture is evaluated against three standard

industry baselines:

*  Visual-Only CNN: ResNet-50 visual features with pairwise
Euclidean distance calculation.

o Text-Only LSTM: Content metadata matching via deep recurrent
structures.

*  Late-Fusion MLP: Concatenation of image and text vectors
without cross-attention or graph convolutions.

Architecture Model FITB Accuracy |Outfit
(%) Compatibility
AUC

Visual-Only CNN Baseline 54.2% 0.68
Text-Only LSTM Baseline 49.8% 0.62
Late-Fusion MLP Framework 63.5% 0.74

Proposed Multimodal GNN 78.9% 0.89
Architecture

Discussion and Industrial Scalability

The experimental results demonstrate a significant performance
increase when moving from late-fusion baselines to our proposed
graph-attention framework.

Resolution of the Modality Gap

The integration of Cross-Modal Attention Fusion (CMAF) directly
addresses the structural limitations of early fusion architectures. By
allowing visual features to query text vectors dynamically, the model
preserves granular style context. For instance, when evaluating items
with subtle visual signatures, the textual token inputs act as
regularizers, steering the embeddings toward correct compatibility
domains.

Real-Time Online Inference Scaling

Deploying an end-to-end transformer and GNN stack directly to
production introduces computational latency challenges. To mitigate
this in commercial e-commerce environments, we recommend a
decoupled inference workflow:

Offline Phase: Run visual and textual encoder branches
asynchronously upon product catalog ingestion. Pre-compute and
store the fused item embeddings ($z_i$) within a highly scalable
Vector Database (e.g., Milvus, Pinecone, or FAISS).

Online Phase: When a user browses an item, query the vector database
for nearest-neighbor candidate matches. Feed only these top-K
candidate nodes into the Graph Attention network layer to compute
real-time compatibility scores and generate recommendations
instantly.

Conclusion and Future Directions

This paper presented an integrated, high-performance multimodal
deep learning architecture designed for automated fashion outfit
recommendation. By systematically extracting visual characteristics
via Vision Transformers and text tokens through DistilBERT, our
system creates robust multi-dimensional representations of clothing
catalogs. Combining these elements inside a Cross-Modal Attention
Fusion block yields highly precise item vectors, which are then
evaluated by a Category-Aware Graph Neural Network to ensure
global style compatibility. [33, 34, 35,36,37]

Future extensions of this research will focus on integrating Dynamic
User-Profile Personas into the graph network layout. By capturing
historical purchase trajectories and click streams as individual user

graph layers, the system will not only recommend universally
compatible outfits, but also tailor them to unique personal style
preferences, body shapes, and regional weather changes in real-time.
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