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Can we train sparse, 
class-specialised subnetworks that 
remain ignorant outside their 
domain, and compose into accurate, 
generalist models?
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Learning composable functional modules

● Maximum-Entropy loss (ME)

● Iterative Magnitude Pruning (IMP)



Our framework: the MaxEnt loss
Let  be the full set of classes and  the set of rewarded classes
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target distribution  as 
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Original IMP

Training  
• Loss 
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• Optimiser 

Initialisation Pruning
Reset 
weight to 
their 
initialisation 
values
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Merging functional modules

Confusion matrices (total predicted counts per class) for two representative pairwise 
merges in weight-space of shallow MLP submodules on MNIST.
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Merging

Standard CrossEntropy 
trained only on the 
rewarded classes
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Impact of IMP on weight-space merging

Pairwise merging in weight-space for 
different architectures and cardinalities, 
considering the FMNIST dataset



Logit 
Averaging 
works best 
on complex 
datasets

Rewarded accuracy of ResNet18 on 
FMNIST, MNIST and CIFAR-10 across 
cardinalities, loss functions, and merge 
strategies (logit vs. weight), with and without 
IMP, confirming that our framework extends 
to larger architectures. 
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Mode connectivity
Following Frankle et al. and Lubana et al., we say that  and  are mode 
connected along a path  if:

θ1 θ2
γ(t)

∀t ∈ [0,1], ℒ( fγ(t)(𝒟)) ≤ (1 − t)ℒ( fθ1
(𝒟)) + tℒ( fθ2

(𝒟)) + ϵ

γθ1→θ2
(t) = {θ1 + 2t ⋅ θ2 if t ≤ 0.5

2(1 − t) ⋅ θ1 + θ2 if t > 0.5

https://arxiv.org/abs/1803.03635
https://arxiv.org/abs/2211.08422


Mode connectivity of complete merge

Loss barrier along the linear interpolation path γθ1→θ2 (t) considering multiple steps of the complete merge starting from 0 to 9 for the FMNIST 
dataset (train and test errors, in blue and orange respectively, mean and std across 5 runs). Loss values at each t are relativized with respect to the 
corresponding interpolated errors of θ1 and θ2 and rescaled as percentages. Values close to or lower than 0 indicate mode connectivity. Barriers 
remain near zero throughout most of the merge sequence, supporting the hypothesis that ME training induces weight-space composability, with only 
mild interference emerging in the later steps



Mode connectivity of complete merge

Loss barrier along the linear interpolation path γθ1→θ2 (t) considering multiple steps of the complete merge starting from 0 to 9 for the FMNIST 
dataset (train and test errors, in blue and orange respectively, mean and std across 5 runs). Loss values at each t are relativized with respect to the 
corresponding interpolated errors of θ1 and θ2 and rescaled as percentages. Values close to or lower than 0 indicate mode connectivity. Barriers 
remain near zero throughout most of the merge sequence, supporting the hypothesis that ME training induces weight-space composability, with only 
mild interference emerging in the later steps



Mode connectivity of complete merge

Loss barrier along the linear interpolation path γθ1→θ2 (t) considering multiple steps of the complete merge starting from 0 to 9 for the FMNIST 
dataset (train and test errors, in blue and orange respectively, mean and std across 5 runs). Loss values at each t are relativized with respect to the 
corresponding interpolated errors of θ1 and θ2 and rescaled as percentages. Values close to or lower than 0 indicate mode connectivity. Barriers 
remain near zero throughout most of the merge sequence, supporting the hypothesis that ME training induces weight-space composability, with only 
mild interference emerging in the later steps



Conclusions
• Can we train functional modules? Yes, through the MaxEnt principle.

• Can we compose them? Yes. For simple datasets, through Weight 
Summation; for complex datasets, through Logit Averaging, 
producing products of experts.
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