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Large Language Models are awesome : while trained on language
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Abstract

What does an LLM consider as an Entity ?
ldentifying 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.
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modeling , they exhibit emergent abilities that make them suitable for
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a wide range of tasks , including mention detection .
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GOLD Ground truth entity mentions from LLM-labeled data

PRED Predicted entity mentions by ToMMeR

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

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

Analysis
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Key Properties

Pythia-pythia-14m
Pythia-pythia-31m
Pythia-pythia-70m
Pythia-pythia-160m
Pythia-pythia-410m
Pythia-pythia-1b
Pythia-pythia-1.4b
Pythia-pythia-2.8b
Pythia-pythia-6.9b
Pythia-pythia-12b
Phi-1 5

Phi-2

Phi-4
LLaMA-3.2-1B

ToMMer computes span probability based on: Sch t
o chema-agnostic.

* (¥ ToMMeR-Llama-3.2-1B L6 R64 is 264K Params.
» ¥ Equivalent to an additional attention head.

. 42x faster than prompting methods.

Streaming inference compatible
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* Frozen hidden states extracted from early LLM layers.
* Matching Scores 11;; QK products between tokens.
* individual Values U, for each token.
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Then aggregates into a logistic model: . .
Backbones Share the Notion of Entity

mz . LLaMA-3.2-3B
J LLaMA-3.1-8B 0.6
max{mg; }i<k<; * We trained ToMMeR models on various backbones L MistalTb '
. oaern -base
Dij = 0 - | min{mg; }ick<; * Pythia, Phi and Llama families BERT-base
v, * Encoder-only models RoBERTa-base 05
| * Entity inference sets show DICE scores > 75%, showing R
Uj+1 . SIS
that the produced sets of spans are largely similar on ALEETAES
o &)\\)\\)\ \(/bf v
diverse LLM backbones. TS

DICE score between inference sets of ToMMeR trained on
various LLM backbones on MultiNERD test set.

Extrinsic Evaluation — Extension to Full NER Backbones agree on a shared notion of Entity.

We extend ToMMeR with an Model Backbone #Trained Params CoNLL 2003 GENIA MultiNERD OntoNotes ncbi .
embedding head. GLiNER (2023) deBERTa-v3 209M 88.7 78.9 93.8 89.0  87.8 O dIl'x1lV
* Two-layer MLP embedding  EMBER (2024) GPT2-x1 (0-47) 11.5M 85.1 - - 79.3 -
[first | last] tokens of span. LLaMA-3.2-1B (£6) 7.6M 84.8 66.5 92.2 804  78.1
 Trained with Cross-Entropy. ToMMeR (ours) LLaMA-3.2-3B (¢5) 7.7M 86.8 69.3 93.3 81.7 82.1 E - E
LLaMA-3.1-8B (¢5) 7.9M 85.0 70.1 92.4 80.0 80.8
+ span embed (/11) -
Results RoBERTa-base (£5) 7.4M 87.3 67.8 92.6 854 748
* Beats previous LLMs probing BERT-base (¢3) 7.4M 85.0 66.5 90.4 82.1 77.3 .
models.

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 Farber (2024). We also report in parenthesis the
transformer layers probed to perform mention detection.
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« Competitive with GliNER.
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