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Abstract

Neural network parameterizations exhibit inherent symmetries that yield multi-
ple equivalent minima within the loss landscape. Scale Graph Metanetworks
(ScaleGMNs) explicitly leverage these symmetries by proposing an architecture
equivariant to both permutation and parameter scaling transformations. Previous
work by Ainsworth et al. (2023) addressed permutation symmetries through a
computationally intensive combinatorial assignment problem, demonstrating that
leveraging permutation symmetries alone can map networks into a shared loss basin.
In this work, we extend their approach by also incorporating scaling symmetries,
presenting an autoencoder framework utilizing ScaleGMNs as invariant encoders.
Experimental results demonstrate that our method aligns Implicit Neural Represen-
tations (INRs) and Convolutional Neural Networks (CNNs) under both permutation
and scaling symmetries without explicitly solving the assignment problem. This
approach ensures that similar networks naturally converge within the same basin,
facilitating model merging, i.e., smooth linear interpolation while avoiding regions
of high loss. The code is publicly available on our GitHub repository†.

1 Introduction

Model merging has emerged as a powerful technique for combining the capabilities of independently
trained neural networks, originally introduced to address Linear Mode Connectivity (LMC) barri-
ers [4]. LMC barriers refer to the obstacles encountered when attempting to linearly interpolate be-
tween independently trained networks, which often results in suboptimal performance [26]. However,
a fundamental challenge arises from the fact that neural networks exhibit extensive parameter-space
symmetries: systematic permutations and scalings of parameters that leave the network’s function
unchanged [35]. These symmetries create multiple equivalent representations of the same function
scattered across different regions of parameter space, making direct interpolation between network
weights ineffective and often resulting in high loss barriers that hinder linear mode connectivity.

The standard solution is to explicitly align networks before merging by finding correspondences
between their parameters. One approach uses numerical solvers: Git Re-Basin [1] formulates
alignment as a layer-wise linear assignment problem solved via the Hungarian algorithm [13], but
this scales poorly with network size due to combinatorial complexity and typically operates only
on pairs of networks. An alternative approach employs metanetworks, i.e., neural networks that
take other networks as input, to directly learn alignment mappings [5, 15, 11, 23]. These methods
attempt to approximate optimal permutations of weights through learned transformations, bypassing
combinatorial solvers.
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However, current approaches face significant limitations when handling the full spectrum of parameter
symmetries. While some existing methods do address scaling symmetries [32, 25], they either operate
only on specific architectures or employ heuristic approaches that sequentially handle different
transformation types—first solving for one type of weight transformation (typically permutations)
and then addressing scalings as a separate step. As we demonstrate in the Appendix (Section A),
these sequential heuristics can be effective for simple cases like sign flip symmetries but may
prove adversarial when dealing with general scaling symmetries, potentially degrading rather than
improving alignment quality.

This limitation is particularly significant given recent evidence that scaling symmetries play a crucial
role in understanding neural networks’ weight space [35, 33, 16, 34, 3]. Indeed, it has been shown that
acknowledging scaling symmetries substantially improves training dynamics during optimization [35].
However, there has been no systematic analysis of how general scaling symmetries interact with
model merging quality, nor methods that jointly handle both permutation and scaling symmetries in a
principled, architecture-agnostic manner—gaps that motivate our work.

These limitations motivate a fundamentally different approach: rather than explicitly computing
alignments, we can implicitly canonicalize networks by learning to map them into a symmetry-
invariant representation space. Such an approach requires an encoder that is equivariant to the
relevant parameter symmetries. Scale Graph Metanetworks (ScaleGMNs) [9] provide exactly this
property through their graph-based neural network representation that is provably equivariant to both
permutations and scalings.

Building on this foundation, we propose a canonicalization autoencoder framework where a
ScaleGMN encoder maps neural networks into symmetry-invariant latent codes, and an MLP decoder
reconstructs canonical parameter representations from these codes. This approach automatically han-
dles both permutation and scaling symmetries without combinatorial optimization, scales efficiently
with network size, and generalizes across multiple networks simultaneously. The resulting canonical
representations enable effective linear interpolation and provide new insights into the geometry of
neural network parameter spaces.

In summary, our main contributions are:

• A novel symmetry-aware autoencoding framework that achieves implicit neural network
canonicalization by jointly collapsing permutation and scaling symmetry orbits, eliminating
the need for explicit alignment procedures.

• Comprehensive analysis on the impact of scaling symmetries on model interpolation quality.

• An extended Git Re-Basin algorithm that incorporates sign-flip symmetries, establishing a
stronger baseline for symmetry-aware neural network alignment.

• Extensive experimental validation across implicit neural representations and CNNs, demon-
strating significant improvements in linear mode connectivity over existing explicit alignment
methods.

2 Related Work

Weight-space alignment. Model merging seeks to combine multiple trained models into one. In an
ideal case, if models reside within the same loss basin, they possess linear mode connectivity and can
be merged through a simple linear interpolation of their weights while maintaining low loss [4, 19].
However, this ideal condition is rarely met in practice, mainly because of the inherent symmetries of
neural networks, such as permutation symmetry, which states that reordering the neurons within a
hidden layer (and its connected weights) does not alter the overall function of the network [7].

Because of this symmetry, models trained with different random initializations tend to converge to
functionally equivalent but geometrically distinct solutions, preventing a naive interpolation from
succeeding [1, 28]. The key insight of modern merging techniques is to exploit this very property.
Ainsworth et al. [1] do this by finding an optimal permutation Pi to align the neurons of one model
with another by solving the assignment problem, thus bringing the models into a shared basin. Once
aligned, the simple linear interpolation can be successfully applied to the weights of a given layer i:

W ∗
i = γWA

i + (1− γ)PiW
B
i P⊤
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with γ ∈ [0, 1], where Pi permutes the output dimension of layer i and Pi−1 permutes its input
dimension.

However, solving the assignment problem is NP-hard, and therefore usually requires using heuristic
iterative optimization algorithms such as Git Re-Basin [1]. On the other hand, an alternative paradigm
uses a dedicated neural network for amortizing this task [5, 15, 11]. Among these, DEEP-ALIGN [23]
trains a permutation-equivariant architecture to predict the layer-wise permutation matrices in a
single forward pass. By learning the alignment task itself, DEEP-ALIGN directly outputs the optimal
transformation, bypassing the need for separate, iterative solvers.

As an alternative to explicit alignment, Lim et al. [18] show that reducing parameter symmetries in the
network architecture itself can render permutation-based alignment for model merging unnecessary.

Similarly, our method yields canonical network representations without explicitly solving combinato-
rial alignment problems, relying instead on symmetry-aware encoder backbones combined with an
appropriate functional loss. Beyond permutations, neural networks also exhibit scaling symmetries
related to activation functions [6]. Our work seeks to account for both symmetries.

Weight-space networks and latent representations. Metanetworks [36, 38, 22, 29, 37] treat each
data point as a distinct neural network, with symmetries extensively studied in these architectures.
Graph Metanetworks (GMNs) [17, 12] represent neural networks as graphs, using permutation-
equivariant graph neural networks (GNNs) for processing. ScaleGMNs [9] extend GMNs by incorpo-
rating scaling symmetries for MLPs and CNNs, demonstrating enhanced performance on tasks such
as INR classification, network editing, and generalization prediction.

Another application of metanetworks is embedding model weights into meaningful latent represen-
tations. Luigi et al. [20] pioneered this approach using a simple MLP to map vectorized weights
of Neural Fields to latent vectors. The authors showed that these latent vectors encode both the
semantics and properties of the original network, including performance characteristics. Building on
this work, Zhou et al. [37] presented INR2ARRAY, an autoencoder that maps model weights into a
latent point cloud and reconstructs multiple weights representing local patches in the input domain of
the original Neural Field.

Our method also constructs an autoencoder using an invariant encoder, but differs significantly from
INR2ARRAY in two key aspects:

• Encoder architecture: While Zhou et al. [37] employ Neural Functional Transform-
ers (NFTs) as their invariant encoder, we propose using Graph Metanetworks such as
ScaleGMNs. Although NFTs offer high scalability, they require weight vectorization during
the attention mechanism and do not actively leverage the computational graph structure
as ScaleGMNs do. Additionally, NFTs are only equivariant with respect to permutations,
whereas our approach acknowledges the full symmetry group of the network.

• Latent representation and decoding: The latent point cloud representation and decoding
of multiple subnetwork weights can provide an expressive latent code for INRs [2]. However,
this configuration limits their applications. We propose using a single invariant latent vector
and decoding a single canonical weight configuration. This approach enables us to encode
networks beyond INRs, such as CNN classifiers, and utilize the canonicalized weights for
model merging applications.

3 Preliminaries

3.1 Implicit Neural Representations

Implicit Neural Representations (INRs), also known as Neural Fields, encode signals such as images,
audio, or 3D shapes directly within neural network parameters, mapping continuous input coordinates
to corresponding output values learned from discrete samples [20]. While standard MLP-based INRs
are resolution-independent, they often struggle to capture high-frequency details due to spectral bias,
leading to overly smooth reconstructions of signals with fine structures. The sinusoidal representation
network (SIREN) architecture [27] addresses this limitation by replacing conventional activations with
periodic sine functions, enabling faithful representation of both low and high frequency components
and improving convergence in tasks like neural rendering and physical simulation. Since INRs store
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the entirety of the signal information in their weights, architectures processing these representations
must also account for inherent parameter-space symmetries that can give rise to redundant minima [7].

3.2 Permutation and scaling symmetries

In this section, we review recent work that investigates the inherent symmetries in neural networks [6].
The key insight is that certain activation functions create hidden symmetries in the weight space,
under which networks with different parameter values can exhibit functionally equivalent behavior.

Specifically, they prove that for many activation functions σ, the intertwiner group Iσ,d (matrices A
such that σ(Ax) = Bσ(x)) consists of matrices of the form PQ. Here, P is a permutation matrix,
and Q is a diagonal matrix diag(q1, . . . , qd) where qi belong to Dσ, a 1-dimensional group specific
to σ.

For ReLU, Proposition 3.4 in [29] states that the intertwiner matrices A = PQ are generalised
permutation matrices with positive entries, i.e., Q = diag(q1, . . . , qd) with qi > 0. For SIRENs,
which use the sine activation σ(x) = sin(ωx), as well as for the tanh activation function, the same
proposition specifies that A is a signed permutation matrix, meaning the entries qi are restricted to
±1. Moreover, for all the aforementioned activations, the transformation B coincides with A.

Applied layer-wise in a network, these symmetries take the form

W ′
ℓ = (QℓPℓ)Wℓ(P

⊤
ℓ−1Q

−1
ℓ−1), b′ℓ = (QℓPℓ)bℓ =⇒ uθ′(x) = uθ(x).

The (QℓPℓ) factor reorders the neurons in layer ℓ and rescales them—by positive factors for ReLU,
or by ±1 for sine/tanh. To preserve the network’s output, W ′

ℓ is transformed by (QℓPℓ) on its
output side, while (P⊤

ℓ−1Q
−1
ℓ−1) adjusts the input side to remain compatible with the preceding layer’s

transformation.

To address these symmetries, [9] introduce ScaleGMN, a specialized type of GMN that represents
neural networks as computational graphs, with neurons as nodes and connections as edges (see
Appendix B for details).

4 Neural Network Autoencoding for Canonicalization

We propose an autoencoder framework for canonicalizing neural networks in parameter space with
respect to a predefined set of symmetries. The encoder maps input parameters into a symmetry-
invariant latent vector, while a simple MLP decoder reconstructs a canonical representative of the
network. The encoder’s architectural invariance ensures a unique latent representation for symmetry-
equivalent networks. This canonicalization technique aligns with recent work in Geometric Deep
Learning such as [8], which learns a representative for each orbit by constructing a G-invariant
function fθ : X → X such that fθ(x) ∈ Gx for each x ∈ X . This approach contrasts with
moving frame techniques [24], which instead learn the group action that maps elements to their orbit
representative. As discussed in Section 2, the DEEP-ALIGN model [23] belongs to this latter category.

Our experiments employ two symmetry-aware encoders: Neural Graphs [12], which is permutation-
invariant, and ScaleGMN [9], which is both permutation and scale-invariant. This choice lets us
disentangle the effect of permutation invariance and measure the added value of scale invariance.
The architectural differences between these encoders also highlight the robustness of our frame-
work across diverse designs. Figure 1 illustrates the pipeline using ScaleGMN. More scalable
permutation-invariant metanetworks such as UNFs [39] could extend this approach to larger architec-
tures, including Transformers. Since ScaleGMN does not yet support such architectures, we focused
on testing the autoencoder’s generalizability across symmetries rather than model size. Nonetheless,
scaling to larger networks is straightforward given an appropriate encoder.

We apply this pipeline to INRs and CNNs. The objective is for the decoded network to be functionally
equivalent to the input while mapping outputs into a single basin. To enforce this, we use a functional
training loss: for INRs, we regress the pixel activations of the image represented by the INR; for CNN
classifiers, we minimize the KL divergence between probability distributions obtained from each
network’s logits via a temperature-scaled softmax. Notably, this loss formulation could be directly
applied to canonicalizing other architectures with probabilistic outputs, such as Transformers, where
the autoregressive objective relies on a softmax over the vocabulary. For CNNs we consider two
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Figure 1: Autoencoder architecture for neural network canonicalization using a permutation and
scaling-invariant ScaleGMN encoder, MLP decoder, and functional loss to preserve network equiva-
lence.

activation variants—ReLU and tanh—to probe symmetry effects: ReLU induces positive-scaling
symmetries across adjacent layers, whereas tanh only induces sign-flip symmetry. To assess the role
of these symmetries, we also train an autoencoder whose encoder is a Neural Graphs network [12],
which does not account for scaling.

5 Experiments and results

In this section, we empirically validate our autoencoder-based canonicalization framework. We
evaluate its ability to establish high-performance linear paths between neural networks, a key indicator
of successful model merging. All experiments are performed on a single H100 GPU.

5.1 Experimental setup

Tasks and Datasets. We evaluate our canonicalization approach across two complementary scenar-
ios that test different aspects of network alignment:

(1) Aligning INRs: We test alignment between functionally identical but parametrically distinct
Implicit Neural Representations (INRs). These networks are MLPs with sine activations trained to
represent MNIST digits [14] introduced in [22]. To create functionally equivalent endpoints, we
start from a trained INR, apply intertwiner group transformations (permutations and/or scaling), and
add small perturbations to prevent identical latent mappings. We systematically vary the applied
symmetries (using permutations only, scaling only, or both) to isolate the contribution of different
symmetry types. The goal is to recover perfect linear mode connectivity with zero interpolation
barrier. To enable a fair comparison, we generalize the Git Re-Basin algorithm to also handle scaling
symmetries; the details of this generalization are provided in the Appendix (Section A). Also, as an
additional ablation, we report interpolation results without resorting to adding noise in the Appendix
(Section D.1).

(2) Aligning CNN Classifiers: We evaluate the ability to connect pairs of CNNs that are not necessarily
functionally equivalent. We interpolate between pairs of CNNs with distinct CIFAR-10 test accuracies,
selected from the SmallCNN Zoo dataset [31]. We report interpolation results for randomly sampled
CNN pairs as well as averaged results over 20 pairs, which are drawn from the top 1,500 highest-
performing models in the SmallCNN Zoo. The models are simple CNNs with a [16, 16, 16]
hidden channel architecture, 3x3 convolutions, and an average pooling layer. The goal is to find a
high-performance path that avoids the typical accuracy drop.

Compared Methods. We benchmark our proposed method against several baselines:

• Naive Interpolation: A standard baseline involving linear interpolation in the original
parameter space.

• Linear assignment (w/ Git Re-Basin [1]): An optimization-based method that explicitly
solves the layer-wise assignment problem to align permutation symmetries. As previously
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mentioned, for the INR experiments, we use our generalized version (Appendix, Section A)
that also handles sign-flip symmetries.

• Neural Graphs Autoencoder (Ours): Our autoencoder framework equipped with a
permutation-only equivariant encoder [12] to ablate the effect of handling scaling sym-
metries.

• ScaleGMN Autoencoder (Ours): Our proposed autoencoder using the ScaleGMN encoder,
which is equivariant to both permutation and scaling symmetries.

Evaluation Metrics. For both tasks, we evaluate the quality of the linear interpolation path between
two networks, θA and θB , after alignment. For INRs (Figure 3), we measure the reconstruction loss
at intervals along the path, where a lower barrier indicates better alignment. For CNNs (Figures 4
and 5), we measure both the CIFAR-10 test accuracy and the cross-entropy loss along the path,
where successful linear mode connectivity is indicated by a monotonic, high-accuracy curve and a
correspondingly low loss barrier.

5.2 Results

Autoencoder Performance. We report on the reconstruction capacity of our autoencoder framework
using distinct metrics for each task. For the INR setting (Table 1), reconstruction quality is quantified
by the mean squared error (MSE) between the pixel activations of the original and decoded networks.
For the CNN setting (Table 2), we assess functional preservation via two metrics: the L1 error,
representing the absolute difference in CIFAR-10 test accuracy, and Kendall’s Tau [10], a rank
correlation coefficient that quantifies how well the performance ordering of networks is maintained
after reconstruction.

Table 1: Reconstruction error of autoen-
coder variants for the Implicit Neural
Representation (INR) task.

Model Reconstruction Error (↓)
Train Test

ScaleGMN 0.0096 0.0106
Neural Graphs 0.0068 0.0135

Table 2: L1-Error and Kendall’s Tau of autoencoder
variants on the test set for the CNN canonicalization.

Model L1-Error (↓) Kendall’s Tau (↑)
ReLU Variants
ScaleGMN-ReLU 0.0111 0.9100
Neural Graphs-ReLU 0.0142 0.8914

Tanh Variants
ScaleGMN-tanh 0.0090 0.9160
Neural Graphs-tanh 0.0113 0.8905

Model selection mirrors the evaluation metrics: for INRs we choose by validation MSE; for CNNs by
validation L1 error, aiming to preserve the original accuracy as closely as possible. Hyperparameter
tuning and other experimental details for both autoencoders are provided in Appendix C.

In Figure 2, we visualize the output of our autoencoder across the two experimental autoencoder
setups. We see that in each case, the autoencoder is able to successfully recover the input INR,
producing mappings with high visual fidelity.

(a) ScaleGMN reconstruction. (b) Neural Graphs reconstruction.

Figure 2: Comparison between the ground truth (top row) and reconstruction obtained with the
different types of INR autoencoders (bottom row), for a set of distinct MNIST digits.

INR Interpolation. As shown in Figure 3, naive interpolation fails with a significant loss barrier,
confirming the endpoints lie in separate basins. Both Git Re-Basin and our autoencoder approach
succeed in establishing near-linear mode connectivity across all three transformation types (permuta-
tion, scaling, and their combination), with the autoencoder exhibiting more stable performance, as
indicated by the smaller standard deviation (shaded region).
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(c) Permutations + Scaling

Figure 3: Interpolation experiments comparing different neural network alignment methods across
various perturbation scenarios.

Alignment via Git Re-Basin shows a higher loss at the endpoints due to the perturbations introduced
by the added noise. In contrast, both autoencoder variants are robust to this noise, with the ScaleGMN
encoder performing slightly better, maintaining a lower loss profile. The ScaleGMN-based autoen-
coder performs marginally better than the Neural Graphs version, demonstrating the slight benefit
of its scaling symmetry-aware architecture in this controlled setting. Similar qualitative behavior
is observed across the three orbit-construction settings (permutation only, scaling only, and both),
supporting the applicability of both our method and the Git Re-Basin algorithm.

Furthermore, when we interpolate directly in the ScaleGMN latent space for identical INR pairs, we
observe identical performance to weight-space interpolation, confirming that our autoencoder learns
robust representations (detailed results in Appendix Section D.2).

CNN Interpolation. The results of interpolating functionally distinct CNNs are presented in
Figures 4 and 5, which show average interpolation curves computed over 20 pairs of distinct CNN
models. Additional results for individual CNN pairs are provided in Appendix (Section D.3). While
Git Re-Basin substantially mitigates the catastrophic failure observed with naive interpolation, it still
faces a significant performance barrier, with accuracy dropping sharply at the midpoint. This aligns
with the findings of Ainsworth et al. [1], which indicate that permutation matching alone is often
insufficient for connecting networks of limited width, such as those in the SmallCNN Zoo dataset.
Furthermore, Navon et al. [23] report that the weight-matching strategy employed by Git Re-Basin is
not optimal on CNN datasets.
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(b) Cross Entropy Loss

Figure 4: Average interpolation curves (and standard deviation) over 20 pairs of distinct CNN models
with ReLU activation.

In contrast, our autoencoder’s reconstructed space enables a nearly monotonic, straight-line inter-
polation path between lower- and higher-performing models, revealing a comprehensive geometric
representation that captures permutations and scaling symmetries. Furthermore, the comparable
performance of the permutation-invariant Neural Graphs variant and the scale-aware ScaleGMN
variant suggests that scaling symmetries hold less importance for model merging within the context
of the datasets used.
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Figure 5: Average interpolation curves (and standard deviation) over 20 pairs of distinct CNN models
with Tanh activation.

6 Discussion

6.1 Importance of scaling symmetries

(a) Scale-GMN

(b) Neural Graphs

Figure 6: Latent representations learned
by both encoder variants. The stars rep-
resent weight-transformed, functionally
equivalent versions of the same INR.

We begin by visualizing the latent representations learned
by both the ScaleGMN and Neural Graphs encoders for
the INR experiments (see Figure 6). Using UMAP [21] to
reduce the dimensionality of latent representations across
the entire INR dataset, we observe that data points natu-
rally cluster by class (i.e., the digit they represent), despite
the autoencoder being trained solely for reconstruction
with functional equivalence rather than classification.

While the interpolation experiments presented in Sec-
tion 5.2 demonstrate that model merging can be achieved
in expectation without explicitly leveraging scaling sym-
metries, we further investigate the importance of address-
ing these symmetries within our autoencoder framework.

To assess the role of scaling symmetries, we plot the la-
tent representation of a reference data point alongside a
subset of its orbit generated with respect to the scaling
group. As shown in Figure 6, the ScaleGMN encoder
successfully collapses all orbit members to a single point
in the latent space, whereas the Neural Graphs encoder
fails to achieve this collapse. This difference has impor-
tant implications: since the ScaleGMN latent space aligns
all scale-equivalent networks to the same representation,
their decoded versions naturally correspond to the same
canonical representative in parameter space. In contrast,
the Neural Graphs encoder’s inability to collapse scale-
equivalent networks in the latent space prevents it from
producing canonicalized representations, making it impos-
sible to recover scale-equivalent canonical networks from
its outputs.

Therefore, while scale invariance may be less critical for
model merging tasks specifically, it becomes essential for
other latent space applications. Following approaches in
[20, 37], one could utilize these latent codes as network
proxies for downstream tasks such as performance pre-
diction, network classification, and INR-based generative modeling. For all such applications,
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having a latent representation where each point represents an entire family of functionally equivalent
networks—as achieved by our ScaleGMN encoder—would be highly beneficial.

6.2 Algorithmic complexity

The inference time complexity of the autoencoder scales linearly with the total number of parameters,
P , due to its main components: the ScaleGMN encoder and MLP decoder. All model opera-
tions—initialization, message computation, aggregation, node and edge updates, and readout—scale
with O(P ). The encoder is dominated by message passing, with complexity O(LgnnP ), where Lgnn

is the number of GNN layers. Both graph initialization and readout, as well as the MLP decoder,
scale linearly with P . Linear assignment using the Hungarian algorithm has complexity O(n3)

per iteration for an n × n cost matrix. In the worst case, n ≈
√
P , giving a cost of O(P 3/2) per

iteration. With T iterations, this becomes O(T · P 3/2), though in architectures with deep networks
and fixed-size weight matrices (e.g., CNNs with small kernels), the cost is reduced to O(T · P ).
Comparing both methods, Git Re-Basin is an iterative method that requires multiple assignments until
convergence and constitutes an approximation [26] to the original assignment problem (see more
in the Appendix, Section A), whereas ScaleGMN and Neural Graph autoencoders require model
training, which implies sufficient training iterations and data. In turn, they present a complexity of
O(P ) during inference, while Git Re-Basin presents O(T · P ) and O(T · P 3/2) in its best and worst
cases, respectively.

7 Conclusion

We address the challenging problem of model merging, which is often hindered by parameter-space
symmetries. Our approach introduces a symmetry-aware autoencoder framework that leverages
ScaleGMNs to respect the natural permutation and scaling symmetries inherent in neural networks.
Rather than explicitly solving a combinatorial assignment problem, the method learns to map
functionally equivalent networks to a single canonical representation in weight space.

At inference time, our framework canonicalizes unseen networks in a single forward pass, eliminating
the need for iterative optimization. Experiments demonstrate superior linear mode connectivity
compared to both naive interpolation and explicit alignment methods. Using a Neural Graphs encoder
as a comparative backbone, we further highlight the importance of incorporating scaling symmetries
alongside permutation symmetries on INRs and small CNNs. In addition, the learned latent space
exhibits well-structured properties, suggesting potential for downstream applications beyond model
merging.

This study primarily evaluates the framework on smaller-scale MLPs and CNNs, providing a con-
trolled setting in which to establish its effectiveness. A limitation of the approach is the requirement
to train the autoencoder on a representative dataset of networks—an upfront cost that enables efficient
canonicalization at inference time. Together, these aspects form a strong foundation for demonstrating
feasibility, while leaving open opportunities to extend the framework to larger and more complex
architectures, such as Transformers and Large Language Models [30]. We view this as an exciting
direction for future research, with the potential to enable practical, symmetry-aware canonicalization
at scale.
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A Generalized Git Re-Basin algorithm

As the authors in [1] state, the sum of a bilinear assignment problem is an NP-hard prob-
lem. Similarly, we approximate the linear assignment problem (LAP) using their same
formulation, where we also account for weight matching and a transformation consisting
of permutation and scale T = PQ. Equation (1) constitutes the starting objective for
approximating the LAP, where ⟨·⟩F denotes the Frobenius inner product. Equation (4)
then follows from the definition of the Frobenius inner product and properties of the trace.
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Defining P ℓ = (p
(ℓ)
ij )1≤i,j≤N and Qℓ = diag(q

(ℓ)
1 , . . . , q

(ℓ)
N ) and rewriting the objective function by

explicitly writing the transformation as T = PQ we obtain
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We now demonstrate that when the network’s activation functions are either sine or tanh, this
optimization problem admits an efficient solution within a single algorithm iteration. The key
insight is to decompose the problem into two sequential steps: first solve an approximate Linear
Assignment Problem (LAP) to obtain P ℓ, then determine Qℓ as an explicit function of both Cℓ and
the previously computed P ℓ.
Proposition 1. Suppose the activation functions of the network are either sin or tanh. Then, for
a fixed cost matrix Cℓ, the optimal transformation T ℓ = P ∗

ℓQ
∗
ℓ that maximizes the objective in

Equation (5) is given by:

· Q∗
ℓ = diag(q∗
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N ), where q∗
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i = sign((Cℓ)i,π∗(i)), and
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Proof. For an arbitrary transformation P ℓQℓ,
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π(i) ∈ {+1,−1} for all ℓ, i) (9)

= ⟨P ℓQℓ,Cℓ⟩F . (10)

Essentially, Proposition 1 shows that it suffices to perform weight matching considering only per-
mutations on the absolute value of the cost matrix and later defining Q∗

ℓ such that all terms in the

13



sum of the inner product ⟨P ∗
ℓQ

∗
ℓ ,Cℓ⟩F are positive, thus contribute to maximizing the objective.

This allows for an efficient weight matching approximation as opposed to considering the cartesian
product of the groups of permutations and scalings. It is important to note that P ∗

ℓQ
∗
ℓ are optimal

for a fixed cost matrix Cℓ, meaning that within a given iteration of the algorithm we can obtain the
optimal transformation, but this may not be optimal with respect to the true objective. Since Cℓ is a
function of P ℓQℓ, the obtained solution is an approximation, which we empirically show to have
considerable standard deviation but behaves adequately in expectation (monotonically increasing and
slightly convex LAP interpolation, Figure 3).

An easy counterexample to see how this method does not converge to the global optimum is to
consider two INRs, where one was generated by just permuting but not flipping signs, this is, Qℓ = I .
Now, Q∗

ℓ will not necessarily be I , since Cℓ can have negative entries, meaning the method will
unnecessarily flip the signs of the INR and thus not match both into the same basin. In this sense,
there is no preference for setting Qℓ = I , nor is the case for P ℓ = I .

Performing this process of optimization by fixing the cost matrices, Cℓ, intra-iteration and by updating
the transformations of one layer at a time and at random, we arrive at Algorithm 1.

Algorithm 1 PERMUTATION+SCALINGCOORDINATEDESCENT

Require: Model weights ΘA = {W (A)
1 , . . . , W

(A)
L } and ΘB = {W (B)

1 , . . . , W
(B)
L }.

Ensure: A set of layer-wise transformations {T 1, . . . , TL−1}, where each T ℓ = Qℓ P ℓ is a
composition of a permutation P ℓ and a diagonal scaling Qℓ, chosen so as to approximately
maximize vec(ΘA) · vec

(
T (ΘB)

)
.

1: Initialize T ℓ ← I for all ℓ = 1, . . . , L− 1.
2: repeat
3: for ℓ ∈ RandomPermutation(1, . . . , L− 1) do
4:

T ℓ ← SOLVELAP
(
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ℓ T ℓ−1
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+
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ℓ (b

(B)
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)
5: end for
6: until convergence

A critical analysis of parameter matching algorithms for model merging reveals fundamental trade-
offs between the generality of the transformation and the optimality of the optimization strategy. The
authors in [32] propose a matching methodology that is constrained by its sequential optimization
strategy, where rotation and rescaling symmetries are addressed in two separate, consecutive steps.
This decoupled approach is fundamentally a greedy, path-dependent algorithm; by first committing to
an optimal rotation matrix R, it constrains the subsequent search for a rescaling factor a. Consequently,
it does not guarantee convergence to a global optimum, as a different initial rotation might have
enabled a superior overall alignment. The authors of [32] acknowledge this deficiency, framing their
method as a practical approximation that trades theoretical optimality for computational tractability.

In contrast, our proposed approach addresses the related problem of matching models under trans-
formations composed of permutations and sign-flips. A crucial distinction lies in the optimization
strategy: whereas the former method is sequential, our approach intertwines the optimization of
permutations and scaling within each iteration. For a fixed cost matrix at a given step, it jointly
computes the optimal permutation and sign-flips. However, this method’s form of scaling is restricted
to discrete values of +1 and −1, a notable limitation compared to the arbitrary, continuous scaling
admitted by the former. The comparison highlights a central challenge in the field: one approach
handles a more general scaling problem with a suboptimal sequential strategy, while the other em-
ploys a more principled intertwined strategy for a more restricted problem, yet both ultimately yield
approximations. This underscores the need for a more general and powerful approach to model
merging that can accommodate arbitrary symmetries with formal guarantees of optimality, an effort
the authors of [32] note is non-trivial for their joint optimization problem.
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B Graph Metanetworks

Graph Metanetworks (GMNs) [12] process FFNNs as graphs using conventional GNNs,
leveraging permutation symmetries. The computational graph G = (V, E) uses i ∈ V
for neurons and (i, j) ∈ E for edges from j to i. Vertex features xV ∈ R|V|×dv (bi-
ases) and edge features xE ∈ R|E|×de (weights) are inputs. A T -iteration GMN is defined as:

h0
V (i) = INITV (xV (i)), h0

E(i, j) = INITE(xE(i, j)) (Init)

mt
V (i) =

⊕
j∈N(i)

MSGt
V (h

t−1
V (i),ht−1

V (j),ht−1
E (i, j)) (Msg)

ht
V (i) = UPDt

V (h
t−1
V (i),mt

V (i)), ht
E(i, j) = UPDt

E(h
t−1
V (i),ht−1

V (j),ht−1
E (i, j)) (Upd)

hG = READ({hT
V (i)}i∈V ) (Readout)

where READ is optional and is usually permutation-invariant (e.g. DeepSets).

Scale-Equivariant Message Passing: In order to respect scaling symmetries, Kalogeropoulos et
al. [9] replace MSG and UPD of the standard Graph Metanetwork framework with scale-equivariant
blocks. Define:

ScaleEq(x1, . . . , xn) =
[
Γ1x1, . . . ,Γnxn

]
⊙ ρ

(
canon(x1), . . . , canon(xn)

)
, (11)

ReScaleEq(y, e) = (Γy y) ⊙ (Γe e), (12)

where the canonicalization function canon(x) is chosen based on the underlying symmetry. For
sign symmetry, canon(x) = MLP(x) + MLP(−x) is used whereas for positive scalings, L2
normalization canon(x) = x/∥x∥ is used. The canon(x) function removes scale, thus making
ρ invariant, and Γi are learnable linear maps which are then combined with the scale invariant
component to achieve scale equivariance. Then

MSGSE(x,y, e) = ScaleEq
[
x,ReScaleEq(y, e)

]
, UPDSE(x,m) = ScaleEq

[
x,m

]
.

For any diagonal Dℓ ≻ 0, MSGSE(Dℓx, Dℓ−1y, Dℓ D
−1
ℓ−1e) = Dℓ MSGSE(x, y, e), and similarly

for UPDSE, thus satisfying equivariance for the scaling subgroup with respect to the central node x.
Combining these with the permutation-equivariant GMN yields a model equivariant to the full group
of scalings and permutations.

C Experimental details

C.1 Datasets and splits

Our experiments utilize the following dataset partitions. For the Implicit Neural Representation (INR)
models, the train/validation/test split was 55,000/5,000/10,000 samples. For the Convolutional Neural
Network (CNN) models, the splits varied by activation function: 5,976/1,465/7,433 for the Tanh
variant and 6,024/1,535/7,567 for the ReLU variant.

The CNN models’ functional loss—defined as the KL divergence between the output distributions of
the original and reconstructed networks—was computed using images from the CIFAR-10 dataset. To
ensure computational efficiency during training, we used a fixed, random subset of 10,000 CIFAR-10
images. For evaluation tasks such as generating interpolation lines, a distinct, held-out set of 10,000
images was used.

C.2 Hyperparameters

To ensure optimal performance, we conducted a comprehensive hyperparameter sweep for our primary
models. The search spaces for the key hyperparameters for our Implicit Neural Representation (INR)
and Convolutional Neural Network (CNN) autoencoder architectures are detailed in Table 3 and
Table 4, respectively. The final hyperparameter values chosen for our experiments, which yielded
the best performance on a smaller portion of the validation set, are indicated in bold. Further details
on the final graph neural network architectures and optimizer settings for both the INR and CNN
experiments are provided in Table 5 and Table 6.
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Table 3: Hyperparameters explored for INR experiments. The decoder hidden dimensions are
computed from a base hidden size of 128.

Hyperparameter Search Space
Decoder hidden layers [], [256], [256, 512], [256, 512, 1024]
Learning rate 0.01, 0.001, 0.0001

Table 4: Hyperparameters explored for CNN experiments. Decoder hidden dimensions are computed
from the base hidden size (128 or 256).

Hyperparameter Search Space
Temperature 0.5, 1.0, 1.5
Learning rate 0.001, 0.0005, 0.0001
Encoder Backbone hidden dimension 128, 256
Decoder hidden layers (base=128) [256, 512], [256, 512, 1024]
Decoder hidden layers (base=256) [512, 1024], [512, 1024, 2048]

Table 5: Final model and optimizer parameters for the INR experiments.

Hyperparameter ScaleGMN NeuralGraphs
Epochs 300 300
Optimizer AdamW AdamW
Learning Rate 1× 10−3 1× 10−3

Learning Rate Warmup Steps 1K 1K
Weight Decay 1× 10−2 5× 10−4

GNN Layers 4 4
Hidden Dimension 128 128
Readout Method Full graph Last-layer pooling
Decoder Hidden Layers [256, 512] [256, 512]
Decoder Activation SiLU SiLU

Table 6: Final model and optimizer parameters for the CNN experiments.

Hyperparameter ScaleGMN (ReLU) ScaleGMN (Tanh) NeuralGraphs
Epochs 300 300 300
Optimizer AdamW AdamW AdamW
Learning Rate 1× 10−3 1× 10−3 1× 10−4

Learning Rate Warmup Steps 1K 1K 1K
Weight Decay 1× 10−2 1× 10−2 5× 10−4

GNN Layers 4 4 4
Hidden Dimension 256 256 256
Readout Method Full graph Full graph Last-layer pooling
Decoder Hidden Layers [512, 1024] [512, 1024] [512, 1024]
Decoder Activation SiLU SiLU SiLU

D Additional results

This section presents additional results that support the claims made in this study. We also include a
complete set of experiments to provide a comprehensive view of the proposed method.
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D.1 INR interpolation without noise

The rationale behind introducing a noise perturbation is that the very design of a ScaleGMN encoder
ensures that functionally equivalent input networks differing only in a group action being applied
will be mapped to the same point. For completeness, we provide the results of performing the
interpolation experiment without noise for the INR setting in Figure 7. The observed behavior of the
ScaleGMN autoencoder aligns with theoretical expectations, as all three transformations are mapped
to an identical point in the latent space, yielding a flat interpolation. This invariance to permutations is
similarly an anticipated characteristic of Neural Graphs. Conversely, upon the introduction of scaling,
there is no guarantee that both models will be encoded to the same latent point, a phenomenon
illustrated in Figure 6. Nonetheless, it is empirically observed that the reconstructed models coincide
in practice (Figures 7b and 7c). This ability is attributed to the learning process guided by the
functional loss of the autoencoder architecture. Despite the model weights being sign-swapped, the
underlying functions they represent remain equivalent, and the autoencoder has consequently learned
to assign a common canonical mapping to both.
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(c) Permutations + Scaling

Figure 7: INR interpolation experiments without noise added.

D.2 INR interpolation in latent space

In Section 5, we focused on weight space interpolation, as typically done in the model merging
literature. However, latent space interpolation is also common practice, as demonstrated by Luigi
et al. [20]. Within the autoencoder framework, interpolation in weight space presents a notable
computational advantage over interpolation in latent space. The latter method requires generating a
sequence of N latent points, each needing a separate forward pass through the decoder. Consequently,
if the decoder’s computational complexity were super-linear with respect to the number of input
network parameters, this process would be markedly less efficient than weight-space interpolation,
which exhibits linear complexity. However, as we use an MLP decoder, its decoding cost is also
linear, thereby neutralizing this specific efficiency gain.

We therefore investigate interpolation directly in the latent space produced by our autoencoders. As
expected, Figure 8 shows that latent space interpolation on functionally identical INR pairs performs
on par with our canonicalized weight space interpolation (Figure 3). This demonstrates that our
learned latent representations are robust to perturbations in the encoded weights, which, as discussed
in Section 6.1, will prove valuable for downstream tasks beyond model merging.
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Figure 8: INR latent interpolation experiments.

D.3 CNN interpolation additional results

The interpolation results presented previously in Figures 4 and 5 were derived from Convolutional
Neural Networks (CNNs) selected for their high accuracy, as these represent the most performant
models and thus the most interesting for model merging in practical terms. However, given the
compact architecture, a significant portion of independently trained models from the SmallCNN
Zoo dataset achieve suboptimal performance, with accuracies on the CIFAR dataset falling as low
as 20%. In Figure 9 we present interpolation curves for randomly chosen model pairs to provide
a more realistic and comprehensive view of the interpolation behavior across a wider spectrum of
model quality. In contrast to the Implicit Neural Representation (INR) experiments, the observed
irregularities demonstrate that these CNNs constitute a more heterogeneous population of networks.
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(a) Models with ReLU activation.
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(b) Models with Tanh activation.

Figure 9: Interpolation curves for CNN models comparing different activation functions across 4
model pairs each. For each block, the top row displays accuracies and the bottom row displays losses.

19


	Introduction
	Related Work
	Preliminaries
	Implicit Neural Representations
	Permutation and scaling symmetries

	Neural Network Autoencoding for Canonicalization
	Experiments and results
	Experimental setup
	Results

	Discussion
	Importance of scaling symmetries
	Algorithmic complexity

	Conclusion
	Generalized Git Re-Basin algorithm
	Graph Metanetworks
	Experimental details
	Datasets and splits
	Hyperparameters

	Additional results
	INR interpolation without noise
	INR interpolation in latent space
	CNN interpolation additional results


