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Optimal Transport for Federated Learning: Bridging Seman-
tics and Alignment through Mechanistic Interpretability

Federated learning is a machine-
learning approach where multiple
devices or organizations collabora-
tively train a shared model with-
out sharing their raw data. Each
participant trains the model locally
and sends only information about
the model to a central server for ag-
gregation, which enhances privacy
and reduces data transfer. A key challenge in this area is effectively combining models. In
simpler terms, imagine we have two models and want to optimally merge them into a single,
unified model.

Several strategies are currently used to combine models in federated or distributed set-
tings. A common one is parameter averaging, where model weights or gradients are ag-
gregated into a single global model. Another approach uses ensemble methods, where par-
ticipating models remain separate, and their outputs are combined without merging their
parameters into a shared space. Some other approaches rely on knowledge distillation, where
each model’s predictions on a shared public or proxy dataset are used to train a new unified
model. However, these methods each have limitations: parameter averaging can fail in the
presence of heterogeneous data, ensembles are more computationally intensive at inference
time and do not produce a single compact model, and distillation requires suitable public
data and the training of a new model.

In this project, we will focus on parameter averaging, based on recently proposed op-
timal transport-based alignment methods [3]. Such methods aim to address the issue of
the missing one-to-one correspondence between the weights of two different neural networks,
even when they have the same architecture and initialization, due to heterogeneous training
data. They fuse models by first matching neurons in each layer using optimal transport
(OT) to find the lowest-cost pairing based on activation or weight similarity. After aligning
neurons, corresponding weights are averaged, effectively forming a Wasserstein barycenter of
the models’ layer-wise weight distributions. This represents a significant improvement over
vanilla averaging, where weights are simply averaged based on their position rather than
the semantics of the connected neurons. The goal of this project is to build on inspiration
from mechanistic interpretability to find weaknesses from current OT methods and propose
improvements.

One key insight is that optimal transport aligns neurons with similar semantics. However,
in mechanistic interpretability, it has been shown that features, which represent semantically
meaningful concepts, can be encoded across multiple neurons (see [1] as discussed in section
3.1). Therefore, neurons can be polysemantic [2], meaning they are part of the encoding
of multiple concepts rather than having a single, concrete semantic meaning. Given this,



it should be researched both theoretically and empirically how features encoded in different
bases than the neuron basis in the hidden space can harm the proposed optimal transport
methods. These insights may contribute to methods for aligning features rather than neurons
for more effective weight averaging. Sparse autoencoders![1] could be used to find features
for alignments.
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