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Introduction

Unsupervised multi-source domain adaptation seeks to generalize to an unlabeled target
domain using labeled data from many diverse sources, but current distributed methods struggle to
scale beyond a few domains. As the number of heterogeneous sources grows, these
approaches become impractical due to high computational costs and unstable performance.

üWe propose GALA to address 
the scalability challenges of 
diverse distributed UMDA

üWe introduce Digit-18 as a 
new multi-source benchmark

üTemperature-scaled centroid
weighting and inter-group 
discrepancy minimization
achieves stable, efficient
alignment to an unlabeled
target domain.

üGALA outperforms existing
methods on standard UMDA 
benchmarks and the new high-
diversity Digit-18 dataset

With growing number of sources FACT [1] struggles
with performance and stability, while KD3A [3] 
becomes prohibitively slow.
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Digit-18 Benchmark

Ablation

All components of 
GALA contribute to
high performance, 
in particular for
challenging targets

Introduction

Increasing Number of Sources

GALA provides
robust 
performance and 
prevents negative 
transfer, while still 
being practical

Problem Statement
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Inter-Group Discrepancy (IGD)

• We align source feature extractor 
by minimizing their prediction 
discrepancies on target data

• Approximate the full pairwise 
discrepancies with a group-wise
formulation for scalability:
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• IGD reduces variance compared to 
approximation by random domain 
pair sampling applied in [1]

Domain Weighting (MDMGB+)
• We use centroid-based weighting of sources to identify 

target similar sources based on MDMGB [2]. Class-wise 
feature centroids:
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• Compute cosine similarity 𝑆 𝑟* , 𝑟( between source and 

target based on centroids
• We extend this by temperature-controlled softmax to 

MDMGB+

𝑤( =
exp 𝜏 + 𝑆 𝑟* , 𝑟(

∑+,-. exp 𝜏 + 𝑆 𝑟* , 𝑟+

Larissa Reichart:
larissa.reichart@uni-tuebingen.de

Cem Ata Baykara: 
cem.baykara@uni-tuebingen.de


