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1.  Introduction 

Machine learning interatomic potentials 
(MLIPs) offer a powerful tool to accelerate the 
inference of energy (E), forces (F), and stresses 
(σ) in atomistic structures. The development of 
MLIPs has evolved from early data-fitting 
approaches using crystal graphs to recent 
architectural designs incorporating atom-
centred expansions with high body-order, 
message passing and equivariance1-7.  In this 
work, we demonstrate that foundation MLIPs 
converge toward a shared, architecture 
independent latent geometry, termed the 
Platonic representation. 

2. Main findings 

We introduce an anchor based projection 
framework to unify the embeddings of various 
foundation models, enabling interoperability 
that is otherwise mathematically inaccessible. 
Using this unified space, we apply cross-model 
optimal transport analysis to quantify the 
geometric distance between pre-trained 
potentials. Furthermore, we develop an 
embedding arithmetic scheme that consistently 
represents materials and reactions across 
different architectures. Finally, we suggest that 
deviations from this Platonic geometry can 
potentially serve as a diagnostic tool, effectively 
highlighting training divergence and physical 
inconsistencies. 

3. Methodology 

Aligning incompatible representations We 
chose seven foundation MLIPs representing 
distinct architectures, datasets, and approaches 
to equivariance and energy conservation. These 
include three MACE-MP-0 variants (Large, 
Medium, and Small) trained on the Materials 
Project Trajectory Dataset (MPtrj); two 
OMat24-based models (MACE-omat and Seven-
omat); and two Orb-v3 models (Orb-v3-con-
omat and Orb-v3-dir-omat), which differ in 
their treatment of force conservation. For each 
model, we extracted 282,847 atomic 
embeddings across 27,136 structures from the 
MP-20 dataset. We applied principal component 
analysis (PCA) to project these embeddings into 
a two-dimensional space, where the first two 

principal components (PCA1 and PCA2) capture 
the directions of greatest variance. While we 
also examined nonlinear visualisation 
techniques such as uniform manifold 
approximation and projection (UMAP) , but 
they distort global geometry and reconfigure 
relative distances. We found that original 
representations act as arbitrary coordinate 
systems learned by each model architecture.  

 
Fig. 1: Model-specific embeddings are 
incompatible before transformation. 2DPCA 
projections of atomic embeddings from seven 
foundation MLIPs reveal distinct variance 
directions and element clustering patterns. 
Although all models are trained to predict the 
same physical quantities for overlapping 
material sets, they learn embeddings in 
incompatible coordinate systems. 
 
Convergence to a shared chemical geometry 
For alignment, we first project the model-
specific embeddings into a unified latent space. 
We achieve this using the relative 
representation strategy proposed by Moschella 
et al.8, establishing a common coordinate frame 
independent of the original architecture. We 
use cosine similarity instead of distance 
functions (Euclidean L2 or Manhattan L1) as it 
provides scale invariance—critical when 
comparing embeddings with varying norms. We 
select a set of K anchor vectors, {a1, a2, . . . , aK}, 
from the embedding manifold. The Platonic 
transformation, T(ei), projects an embedding 
(ei) into the anchor-defined space based on its 
cosine similarity to these reference points. The 
resulting vector zi ∈ RK constitutes the 
embedding in the unified Platonic space. 
 
As shown in Fig. 2, anchors act as stable 
reference points defining a shared coordinate 
system. Once the principal geometric 
relationships are pinned to these anchors, the 
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remaining embeddings naturally align, 
reflecting the same underlying physical drivers 
regardless of the model origin. Furthermore, 
the evolution of the embedding topology with 
increasing K reveals a hierarchical organisation 
within the chemical space. While a small 
number of anchors captures the coarse global 
structure, increasing the anchor density 
resolves finer structural details. 

 
Fig. 2: Variation of transformed representations 
with anchor set size and sampling strategy. (a) 
Transformed representations as a function of 
anchor set size (K = 3 to 400). (b) 2D PCA 
projections of converged representations using 
100 randomly sampled anchors. (c) Projections 
using 100 DIRECT-sampled anchors. Despite 
architectural diversity, all models transformed 
with DIRECT sampling show substantial 
alignment. Non-equivariant models (Orb-v3) 
exhibit systematic skewness. The Dummy 
model (untrained, random weights) displays no 
chemical structure, confirming that alignment 
reflects learned physical knowledge. Colourmap 
follows the labelling in Fig. 1. 

3.1 Related work 
Edamadaka et al. reported universally 
converging representations of matter across 
scientific foundation models using statistical 
analysis, and Chorna et al. compared the latent 
features  of models focusing on the 
dissimilarity9-10. These two works appear 
almost simultaneously with our work, 
indicating a global research attention on the 
convergence of neural networks for materials. 
This work provided a special angle to unify the 
representations, presenting the converged 
picture and also applying the Platonic 
representation in model stitching and cross-
model arithmetic.   

3.2 Algebraic consistency and model stitching 

A potential utility of a Platonic representation is 
embedding arithmetic across different models. 
By mapping into a unified coordinate system, 
vector operations can be performed. We 
evaluate this through three case studies: a 
complex oxide (Na3MnCoNiO6 ), a symmetry 
sensitive polymorphic pair of TiO2 , and a solid-
state reaction to synthesise BaTiO3 . 
 
Table 1: Cross-model embedding arithmetic. 
Vector norms (l) and cosine similarities (c-sim, 
relative to MACE-large) for: (i) Na3MnCoNiO6 
material embeddings; (ii) TiO2 polymorph 
differences; and (iii) BaTiO3 formation reaction 
vectors (standard vs. zero-shot stitched). i-sim 
denotes intra-model similarity between 
polymorphs. 

 
For example, We define the reaction embedding 
as zReact = zproducts − zreactants. For the formation of 
BaTiO3 from its binaries, we observe 
consistency across models (∼> 0.7 c-sim, except 
the Orb-v3-con model). Embedding 
compatibility can support zero-shot model 
stitching. This allows us to algebraically 
substitute the product state representation of 
one model with that of another, treating them 
as compatible vectors within the shared 
geometry. We constructed a hybrid reaction 
embedding, zReact−stitch, by pairing reactant 
embeddings from MACE-large with product 
embeddings from other models. As detailed in 
Table 1, inter-model compatibility is high. 
MACE-MP-0 variants show strong agreement (> 
0.88). Surprisingly, Orb-v3-con-omat exhibits 
higher stitchability with MACE-large (0.82) 
than the other OMat24 trained models. This 
demonstrates that models trained on non-
overlapping datasets (MPtrj vs. OMat24) can be 
algebraically combined to yield geometrically 
reasonable embeddings, opening potential 
routes for modular reuse of pre-trained 
foundation potentials. 

Notes 

Preprint: Zhenzhu Li and Aron Walsh, 
https://arxiv.org/abs/2512.05349.  
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