
We present a method for Model Merging through 
Parameter Canonicalization
using Symmetry-Aware Graph Metanetwork Autoencoders

1) Permutation and scaling symmetry groups 
in Neural Networks

i) Permutations:
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ii) Permutations + Scaling:

3) Model merging

4) Canonicalization through autoencoding

Figure: Autoencoder architecture

2) The encoder: Symmetry-aware Graph 
Metanetworks

5) Results

University of Amsterdam

Figure: Network alignment on MNIST INRs and a group acted and perturbed version of them.

Experiment 1: Interpolating MNIST INRs

Experiment 2: Interpolating CNNs

We first perform the group action on an INR [5], then perturb the weights with 
Gaussian noise of variance 𝜀 (avoids encoding to equal latent vectors) and 
reconstruct the INR. We then perform linear interpolation in weight space.

Figure: Network alignment on the highest performing CIFAR trained CNNs.

The CNNs [6] are trained on a fixed subset of CIFAR.

The encoder maps all networks of a group orbit to the same latent vector.
The decoder provides a learned canonical representation of this latent vector.

Model merging combines networks through linear interpolation [4]. 
Symmetries create different basins in the loss landscape, where functionally 
equivalent networks lie.

Let 𝐹:Ω → ℝ𝐷 be the encoder.

Activation function
scaling symmetries
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A neural architecture designed to process the parameters 
and structure of other neural networks as its input.

Let             be a NN with parameters .

Permutation equivariant 
message passing and permutation 
invariant readout.

i) Neural Graphs [1] ii) ScaleGMNs [2]

Permutation and 
Scaling equivariant message passing 
and P+S invariant readout.

Aligns networks by solving an assignment problem per 
layer via the Hungarian algorithm. Only corrects permutation mismatches.

Heatmap of the loss landscape w.r.t. model parameters.
(Figure 4 from Garipov et al. [4])

For INRs we minimize MSE on pixel activations to 
preserve the represented signal. For CNNs we minimize the KL divergence of 
the predicted class distributions after forward passing the image dataset.

Naïve interpolation 
crosses a high-loss 
barrier

Hidden neuron permutation 
symmetries
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Weights as edge features

Biases as node features


