
Estimating ToMMeR real precision with the PPI framework: 
using an LLM-as-a-Judge controlled with human judgement. 
GPT-4.1-mini does exhibit positive bias, human validation 

confirms it can be used as a reliable evaluator.

What does an LLM consider as an Entity ? 
Identifying which text spans refer to entities – mention detection – is both foundational for information extraction and 
a known performance bottleneck.

We introduce ToMMeR: a lightweight probing model (~300K parameters) extracting emergent mention detection 
capabilities from early layers representations of any frozen LLM backbone. Trained to generalize LLM annotated data 
(Pile-NER), ToMMeR achieves high Zero Shot recall across a wide set of 13 NER benchmarks.

Our work provides evidence that structured entity representations exist in early transformer layers and can be 
efficiently recovered with minimal parameters. 

Abstract

ToMMeR - Efficient Entity Mention 
Detection from Large Language Models

Victor Morand¹ Nadi Tomeh³ Josiane Mothe² Benjamin Piwowarski¹

¹ ISIR, Sorbonne Université ² IRIT, Université de Toulouse ³ LIPN, Sorbonne Paris-Nord

Extrinsic Evaluation – Extension to Full NER

morand @ isir.upmc.fr

Architecture 

Results

• High Recall Zero Shot on most NER benchmarks
• Exceptions e.g ACE 2005 with distinct schema.
• Generalize well to Latin scripts (85% avg.).

• Low Precision ? 
• Expected on typed benchmarks, ToMMeR only 

performs mention detection, not typing.
• Controlled LLM precision is satisfactory.

LLM as a Judge Precision Estimation 

• Given Wikipedia’s entity definition.
• Prediction Powered Inferences (PPI) corrects 

estimates with human calibrated judgements.

Micro-F1 scores when training a classification head on top of a ToMMeR model to perform full NER. Baselines 
are reported from Zaratiana et al. (2023) and Popovic and Färber (2024). We also report in parenthesis the 

transformer layers probed to perform mention detection.

ToMMeR Zero-Shot Evaluation on diverse NER benchmarks 
(Mention Detection: no typing) ToMMeR achieves high recall 

with controlled precision (LLM rows: LLM as a Judge).

Evaluation

DICE score between inference sets of ToMMeR trained on 
various LLM backbones on MultiNERD test set.
Backbones agree on a shared notion of Entity.

Analysis

We extend ToMMeR with an 
embedding head.
• Two-layer MLP embedding 

[first | last] tokens of span.
• Trained with Cross-Entropy.

Results 
• Beats previous LLMs probing 

models.
• Competitive with GliNER.

Overview of ToMMeR’s architecture, probing emergent 
mention detection capabilities from early LLM layers.

Key Properties

• ✅ Schema-agnostic.
•  ToMMeR-Llama-3.2-1B_L6_R64 is 264K Params. 
• 🪶 Equivalent to an additional attention head. 
• ⚡ 42× faster than prompting methods.
• ✅ Streaming inference compatible

Backbones Share the Notion of Entity

• We trained ToMMeR models on various backbones
• Pythia, Phi and Llama families
• Encoder-only models

• Entity inference sets show DICE scores > 75%, showing 
that the produced sets of spans are largely similar on 
diverse LLM backbones.

ToMMer computes span probability based on:

• Frozen hidden states extracted from early LLM layers.
• Matching Scores         QK products between tokens.
• individual Values         for each token.

Then aggregates into a logistic model:

We Introduce ToMMeR, a lightweight mention detection model extracting 
emergent mention detection capabilities from early LLM layers 


