
⚛ On the vast web of knowledge, entities are the atoms: the fundamental units that everything else builds 
upon. Although some clues emerge from mechanistic interpretability, how auto-regressive LLMs encode and 
retrieve these entities remains a mystery.
Ø Previous work [3,4] hypothesize that best entity representation are found in middle-layer representations 

of the last token of their mention. Following them, we posit that LLMs compute layer-agnostic entity 
representations that can be isolated and manipulated. Our primary objective is to establish a direct 
association between these internal representations and named entities.

Ø To evaluate this association, we measure how accurately the corresponding mention can be generated 
from the representation at hand.

Introduction

Common Entities are almost part of LLMs vocabulary
9 ⋅ 107

4 ⋅ 106

2 ⋅ 105

9 ⋅ 103

4 ⋅ 102

2 ⋅ 101

0

En
tit

y 
co

un
ts

in
 th

e 
Pi

le

Number of tokens in entity mention Number of tokens in entity mention Number of tokens in entity mention

Uncontextual mention generation performance is higher for more frequent entities. Performance is 
analysed by entity length and mention frequency in the Pile [1]. For each model, we chose the layer 
with best exact match on the test set. Empty cells indicate fewer than five samples.

The Entity Lens
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1⃣ LLMs do compute layer-agnostic entity representations that can be 
isolated and manipulated.

2⃣ Common entity mentions are (almost) part of the Vocabulary. They 
can be fully recovered from middle-layer representations of their last 
token. Still, uncommon mentions aren't fully encoded this way but 
rather retrieved from the context.

3⃣ By successfully learning "Tasks Vectors" steering the model to 
reconstruct the mention, we uncover new evidence that LLMs form 
dedicated internal circuits to represent and manipulate multi-token 
entities.

Conclusions

Research Questions

• RQ 1 : How well can entity mentions be decoded from their 
representation?

• RQ 2 : Can we find better representations than the last token 
representations from LLMs?

• RQ 3 :  Does the structure of the entity representation space 
capture (relational) knowledge?

morand [@] isir.upmc.fr

The Entity Lens enables to see about which entity the LLM is thinking across tokens and layers, extending the 
logit-lens [5] to multi token mentions, (logit lens output is also shown in grey for comparison). When reading “The 
City of Lights iconic landmark”, PHI-2 associates “City of Lights” with Paris, “landmark” with the Eiffel Tower.

• Very frequent entities are exactly reconstructed, regardless of their length. 
• Mention Frequency has greater impact on reconstruction than token length.
• Bigger models “remember” more entities.

Method – Mention Reconstruction with learned Task Vectors
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Results

Mention Reconstruction performance across Models and Layers

Uncontextual entity mention decoding:  The 
entity representation 𝐳ℓ at layer ℓ is extracted 
in context (left, green). The LLM is then 
prompted to to generate the mention from 
𝐳ℓ only, using a learned task vector θℓ .

We also experiment with a Contextual entity 
mention decoding, where the LLM can attend 
to the context when generating the mention.

Mention reconstruction (Exact Match) across model and layers.

• Up to 64% of mentions from CoNLL2003 [2] are exactly recovered.
• If we let the model attend to the context, if goes up to 93%.
• LLM do not in general store the whole mention in the last token.


