
Topological Alignment of Shared 

Vision-Language Embedding Space

Motivation
The multilingual extension of CLIP extends visual-language understanding 

beyond English, enabling consistent multimodal intelligence across diverse 

languages and cultures. However, a performance gap compared to English still 

remains. We visualized the vision-language embedding spaces for each 

language and observed that non-English languages exhibit structural 

differences compared to English. We hypothesize that this performance gap 

arises from topological discrepancies and propose a topological alignment 

loss to align these structures.
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ResultsWe propose ToMCLIP (Topological Alignment for Multilingual CLIP), which 

aligns embedding spaces through topology-preserving constraints. 

ToMCLIP applies persistent homology to define topological alignment loss and 

approximates persistence diagrams (PDs) with theoretical error bounds using 

graph sparsification strategy.

Methodology

To align Multilingual CLIP (MCLIP) text encoder with CLIP Text Encoder, we 

propose topological alignment loss composed of 𝐿𝑡𝑎 and 𝐿𝑑𝑚, which aligns the 

topological structural features of the embedding space. The 𝐿𝑝𝑤 represents 

MCLIP loss, which performs pointwise alignment between embeddings.

• 𝐿𝑝𝑤 = 𝑀𝑆𝐸(𝐸𝑇 𝑋 , 𝐸𝑆 𝑋∗ )

• 𝐿𝑡𝑎 = 𝑆𝑊𝑝 𝐷𝑇 , 𝐷𝑆

• 𝐿𝑑𝑚 = 𝑀𝑆𝐸 𝑀𝑇 , 𝑀𝑆

𝐸𝑇 (𝐸𝑆): CLIP (MCLIP) text encoder. 

𝑋∗: machine translation of 𝑋. 

𝐷𝑇 , 𝐷𝑆: PDs of 𝐸𝑇 𝑋 and 𝐸𝑆 𝑋∗ .

𝑀𝑇 , 𝑀𝑆 : pairwise distance matrices of 𝐸𝑇 𝑋 and 𝐸𝑆 𝑋∗ . 
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Theorem (Approximation Error Bound)

Let 0 ≤ 𝜖 ≤ 1 and 𝑚 𝜖 ≔ ⋕ 0, 𝑑 ∈ 𝐷0
𝑅𝑖𝑝𝑠

𝐺 𝜖 < 𝑑 < ∞ }, i.e. the number of 

finite 0-dimensional persistence points of 𝐺 whose death times exceed 𝜖. Then, 

𝑊𝑝(𝐷0
𝑅𝑖𝑝𝑠

𝐺 , 𝐷0
𝑅𝑖𝑝𝑠

𝐺𝜖 ) ≤ 𝑚 𝜖
1

𝑝 1 − 𝜖

and 0 ≤ 𝑚 𝜖 ≤ 𝑁 − 1 where 𝑊𝑝 denotes the 𝑝-Wasserstein distance. In addition, 

𝑚 𝜖 = 𝑐 𝜖 − 1 where 𝑐(𝜖) is the number of connected components in 𝑉𝑅𝜖 𝐺 .

Zero-shot classification on CIFAR-100.

Visualization of vision-language embedding spaces.

Multilingual retrieval on xFlicker&CO.

𝒄 𝝐 and sparsity of 𝑮𝝐 constructed from random point clouds.
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• 𝜆 ∈ 1.0, 0.5, 0.0,−0.5,−1.0

• 𝜖 = 𝜇 − 𝜆𝜎 where 𝜇 and 𝜎 are the mean and standard deviation of 

𝑤.

When 𝜆 is 0.5, the approximation error is close to 0 and 𝐺𝜖 has 0.3 

sparsity. We take this value for experiments.

The model trained with Topological alignment loss, ToMCLIP, improves the 

performance on zero-shot classification and multilingual retrieval. In zero-

shot classification, 𝐿𝑡𝑎 shows improvement without 𝐿𝑑𝑚, but not 𝐿𝑑𝑚.

Sorted pairwise distance curves of English and Korean embeddings

Visualizations of embedding spaces and distance curves verify that the 

topological alignment loss helps the model reduce the topological 

discrepancy between languages. The reduction of topological discrepancy 

is quantitatively confirmed by the lower Wasserstein distance (Table 4).
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Table 4. Comparison of topological distances between English and Korean embeddings.

Conclusion We proposed a topological alignment loss integrated into 

MCLIP to reduce topological discrepancies across languages. ToMCLIP

reduces the topological discrepancies between embedding spaces and 

improves classification and retrieval performance. However, a gap still 

remains. We plan to extend this approach for multimodal alignment.

• 𝑀𝑆𝐸 : mean squared error

• 𝑆𝑊𝑝 : p-sliced Wasserstein 

distance
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Approximation of PDs. Let 𝑋 = {𝑥1, ⋯ , 𝑥𝑁} be a point cloud. We construct a 

complete graph 𝐺 = (𝑉, 𝐸, 𝑤) and sparse graph 𝐺𝜖 = 𝑉, 𝐸,𝑤𝜖 where 𝑉 =

𝑥𝑖 𝑖=1
𝑁 , 𝐸 = 𝑥𝑖 , 𝑥𝑗 𝑥𝑖 , 𝑥𝑗 ∈ 𝑋, 𝑖 ≠ 𝑗}, 

𝑤 𝑥𝑖 , 𝑥𝑗 =
𝑑(𝑥𝑖,𝑥𝑗)

𝑀
and 𝑤𝜖 𝑒 = ൜

𝑤 𝑒 , 𝑖𝑓 𝑤 𝑒 ≤ 𝜖

1, 𝑖𝑓 𝑤 𝑒 > 𝜖
.

Here, 𝑀 = max
𝑥𝑖,𝑥𝑗 ∈𝐸

𝑑(𝑥𝑖 , 𝑥𝑗) . By construction, 0 ≤ 𝑤 𝑒 ≤ 1.
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