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The Platonic Representation Hypothesis
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Huh et al. ICML 2024



Looking for the semantic core
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A dog is playing with a frisbee by the seaside.      Hay un perro jugando con un frisbee junto al mar.
On the beach, a dog tosses a frisbee around.       En la playa, hay un perro que va tirando un frisbee.

The dog enjoys a game of frisbee on the shore.     El perro se lo pasa bien jugando al frisbee en la playa.
A playful dog chases a frisbee along the beach.    Un perro juguetón persigue un frisbee por la playa.



• What are the properties of the semantic core across networks, 
network layers, modalities and inputs?

• How is information about the world represented in the semantic 
core? Are convergent properties entirely explained by the external 
world, or are there further constraints coming from how the networks 
represent information? 

• Can the study of semantic representations in LLMs and other deep 
nets tell us something about semantic representation in the 
human/animal brain?
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we are (hardly) here!



Measuring representational convergence

• We want to compare representations that will typically live in 
different spaces
• Different layers of different LLMs, different modalities, different languages…

• We compare similarity structures
• Two representational spaces in which dog is nearer to cat than to cow are 

more similar to each other than to one in which dog is nearer to cow

• Several measures to quantify this: Representational Similarity 
Analysis, Neighborhood Overlap, Information Imbalance…
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The Information Imbalance

9

Glielmo et al. PNAS Nexus 20222



The Information Imbalance

10

Space A is predictive 
of Space B if the 
nearest neigbours of 
the points in Space A 
also tend to be their 
nearest neighbours in 
Space B



The Information Imbalance
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Local measure: only near 
neighbours matter

cf. Gröger et al. arXiv 
2026: the “Aristotelian” 
representation 
hypothesis 



The Information Imbalance
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Space A

Space B

reference point x

1st nn in B
5th nn in A

1st nn in A
44th nn in B

Asymmetric measure: one space 
might be more informative about 
the other than the opposite!



The Information Imbalance
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• In each space, compute distances between all pairs of points dij

• From dij  compute the rank  rij

• For two different spaces A and B, we get rank matrices 𝑟𝑖𝑗
𝐴  and  𝑟𝑖𝑗

𝐵

if j is the first neighbour of i, then rij =1

If j is the second neighbour of i, then rij =2

…

The information imbalance between A and B,  𝜟 𝑨 → 𝑩 , is the 

average of the ranks in Space B of the first neighbors in 

Space A

𝜟 𝑨 → 𝑩  approaches 0 if A is highly predictive of B, 1 if it is not predictive at all 



The Information Imbalance

• Has some nice information-theoretic properties (Del Tatto et al. PNAS 
2024)

• Convergent evidence that it is a better LLM/deep-net-similarity 
measure than alternatives such as Neighborhood Overlap, both in 
simulations and in empirical studies (Cheng et al. ICLR 2025, Acevedo 
et al. arXiv 2026)

• Implemented in the DADApy toolkit:

https://dadapy.readthedocs.io/en/latest/
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https://dadapy.readthedocs.io/en/latest/
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A quantitative analysis of semantic information in 
deep representations of text and images

To appear in TMLR
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Santiago Acevedo Andrea Mascaretti Mateo MahautRiccardo Rende Alessandro Laio



Semantic convergence of translations
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(Roughly estimated) amount of training data 
dominates  convergence strength
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Convergence across models (English data)
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Visual model convergence (for spaces 
populated by same-class image pairs)
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Images and their descriptions in (un)related 
visual and language models
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Ad-interim summary

• Robust emergence of a semantic core where information is encoded 
similarly across languages and models in middle layers of LLMs

• Convergence observed also in vision models and across language and 
vision (even for models not trained across modalities)

• Clarity of signal might depend on amount of training data, quality/size 
of models

• Middle-layer dominance might depend on training objective
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Differential syntactic and semantic encoding 
in LLMs

to appear at ICML 2026
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Santiago Acevedo Alessandro Laio



Disentangling syntax and semantics

• Datasets of syntactically matched sentences (“syntax twins”, 
sentences with same syntactic structure) and semantically matched 
sentences (paraphrases)
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Disentangling syntax and semantics
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Disentangling syntax and semantics

• Datasets of syntactically matched sentences (“syntax twins”, 
sentences with same syntactic structure) and semantically matched 
sentences (paraphrases)

• Average of syntax twins (“syntactic centroid”) as proxy to sentence 
syntactic representation

• Average of translations (6 languages) as proxy to sentence semantic 
representation

• Ablate syntax/semantics by subtracting sentence projection onto 
syntax/semantic centroid direction
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Disentangling syntax and semantics
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Disentangling syntax and semantics
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Disentangling syntax and semantics
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This sounds pretty naïve and like it could 
not possibly work, right?



Syntactic similarity and syntax ablation
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Here and below, 
DeepSeek-V3 
results, also 
replicated with 
other LLMs  

Information 
Imbalance 
symmetrized



Semantic similarity and semantic ablation
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Syntactic similarity and semantic ablation
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Semantic similarity and syntactic ablation
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Syntactic and semantic centroid contribution 
to squared norms across layers

39



Syntactic and semantic centroid contribution 
to squared norms during training
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Here, we 
switched to 
Pythia-6.9b



Main takeaways

41

• We confirm the emergence of a semantic core in the central layers of 
the model

• The representation of this semantic core is clearly distinguished from 
the representation of syntactic information in its cross-layer profile 
and training-time development

• While syntax can be completely disentangled from semantics, 
ablating syntax does partially disrupt semantic similarity

• A non-negligible proportion of semantic and syntactic information is 
represented in a remarkably simple linear way in the layers of LLMs
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Collect latent representations 

corresponding to images, 

paraphrases and translations with 

the same meaning in different 

neural networks 

find the activations 

which are “shared” 

between those 

representations

Map the shared 

activations to a 

common space, the 

semantic manifold

Now that we found the semantic core, 
what do we do with it?
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Now that we found the semantic core, 
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Decompose the 
meaning vectors in 

blocks

Decoding the 
semantic blocks

My dog
حيوان أليف
A pet
一只狗

Characterize the relations  
between semantic blocks



THANK YOU!!!

https://marcobaroni.org/alien/
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