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TL;DR We propose ProCLIP, a geometry-aware contrastive framework that embeds multimodal data into a 
mixed-curvature product space. By combining hyperbolic, spherical, and Euclidean geometries, ProCLIP 
captures heterogeneous semantic structures and improves cross-modal alignment beyond single-manifold 
embeddings.

Why Geometry Matters in Multimodal Learning
Contrastive learning (e.g., CLIP) has become the standard paradigm for 
multimodal representation learning. However, most existing methods 
embed all modalities into a single latent geometry, typically Euclidean 
with cosine similarity. This assumption is fundamentally limiting: Not all 
semantics live in the same geometry.

Real-world multimodal semantics exhibit heterogeneous structure:
• Hierarchical relations (e.g., animal → dog)  
• Directional similarity (e.g., color hue)  
• Continuous variation (e.g., size, intensity)

A single geometry cannot simultaneously capture these diverse 
structures, leading to representation mismatch and suboptimal 
alignment. We need a representation space that can model multiple 
geometric structures simultaneously.

=> Can a mixture of geometries provide a better inductive bias?

Core Idea: Product Space Representation
To address this, we represent multimodal embeddings in a product of 
geometries:

𝑧 ∈ 𝒵 ≔ ℍ𝑟𝐻 × ℝ𝑟𝐸 × 𝕊𝑟𝑆

Each component captures a different semantic structure:
• Hyperbolic space → hierarchy  
• Spherical space → directional similarity  
• Euclidean space → continuous variation  

This decomposes representation into multiple geometry factors, and 
enables geometry-aware alignment beyond single-manifold 
representations.
Hyperbolic Component

We follow Lorentz model to represent the hyperbolic space with a 

hyperboloid.
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Geodesic distance for 𝐳𝟏, 𝐳𝟐 ∈ ℍc
rH:

𝑑ℍ 𝐳𝟏, 𝐳𝟐 =
1

𝑐
arcosh −𝑐 𝐳𝟏, 𝐳𝟐 𝐿 .

Spherical Component
𝑟S-dimensional sphere:

𝕊rS = 𝐬 ∈ ℝ𝕣S+1: 𝐬 2 = 𝑅 .

Geodesic distance for 𝐳𝟏, 𝐳𝟐 ∈ 𝕊c
rS:
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Euclidean Component
𝑑𝔼 𝐞𝟏, 𝐞𝟐 = 𝐞𝟏 − 𝐞𝟐 2, 𝐞𝟏, 𝐞𝟐 ∈ ℝrE .

Weighted Product Metric
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Contrastive Alignment
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Experiments and Results
We build on frozen CLIP embeddings and extend them with geometry-
specific projection heads. We compute similarity using product-space 
distance and train with a standard contrastive objective.

• Dataset: Flickr30k, MSCOCO 
• Backbone: CLIP ViT-B/32 (frozen)

ProCLIP consistently outperforms single-geometry baselines with 
the same total dimensions.

Takeaway
Modeling representations in a mixed-curvature space provides a more 
expressive and geometry-aware inductive bias, leading to improved 
cross-modal alignment over single-manifold embeddings.
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Geometry > Dimensionality
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