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Abstract

Identifying which text spans refer to entities
—mention detection— is both foundational for
information extraction and a known perfor-
mance bottleneck. We introduce ToMMeR, a
lightweight model (<300K parameters) prob-
ing mention detection capabilities from early
LLM layers. Across 13 NER benchmarks,
ToMMeR achieves 93% recall zero-shot, with
an estimated 90% precision under a human-
calibrated LLM-judge protocol, showing that
ToMMeR rarely produces spurious predictions
despite high recall. Cross-model analysis re-
veals that diverse architectures (14M-15B pa-
rameters) converge on similar mention bound-
aries (DICE >75%), confirming that mention
detection emerges naturally from language
modeling. When extended with span classi-
fication heads, ToMMeR achieves competitive
NER performance (80-87% F1 on standard
benchmarks). Our work provides evidence that
structured entity representations exist in early
transformer layers and can be efficiently recov-
ered with minimal parameters.

©) https://github.com/VictorMorand/11m2ner

1 Introduction

Information extraction (IE) pipelines start with a
fundamental task: mention detection—identifying
text spans that refer to entities or concepts worth
tracking. These mentions range from specific ref-
erential entities (Marie Curie, Tesla Inc.) to ab-
stract concepts (philosopher, oxidation process),
typically realized as noun phrases. Despite its im-
portance, mention detection remains a recognized
bottleneck in NER systems (Popovic and Férber,
2024), yet it is almost always conflated with entity
typing in a single joint task. This conflation ob-
scures a key question: Where and how do models
learn to detect span boundaries?

In contrast with entity labels, mention bound-
aries are fundamentally schema-invariant, decou-
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Figure 1: ToMMeR, a lightweight model probing emer-
gent mention detection capabilities from early layers
representations of any LLM backbone. Trained to gen-
eralize LLM annotated data, ToMMeR achieves high
Zero-Shot recall across a wide set of NER benchmarks.

pling detection from typing could then be key to
building IE systems that transfer better. While
NER models typically employ hundreds of millions
of parameters trained on task-specific annotations
(Zaratiana et al., 2023), evidence from mechanistic
interpretability suggests that Large Language Mod-
els (LLMs) may already encode entity spans dur-
ing pretraining (Feng and Steinhardt, 2024a; Geva
et al., 2023; Morand et al., 2025). If mention detec-
tion emerges from language modeling objectives,
it should be recoverable from LLM representations
with minimal additional parameters.

We propose ToMMeR (Token Matching for Men-
tion Recognition), a lightweight architecture (under
300K parameters, trainable in hours) that scores
spans from early layers of frozen LLM backbones,
using only one (partial) forward pass—no prompt-
ing, no schema specification, no text generation
(42 faster than prompting methods, cf App B).
We train ToMMeR using only span boundaries
from Pile-NER—GPT-3.5 annotations on samples
from The Pile (Zhou et al., 2023b; Gao et al.,
2020a). Because typed NER benchmarks under-
label many legitimate mentions (nested, generic,
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etc.), “precision” against gold often penalizes cov-
erage, we thus complement initial benchmark an-
notation by estimating ToMMeR’s precision with
human-calibrated LLM judges. Across 13 NER
benchmarks, ToMMeR achieves 93% recall with
precision estimated over 90%, while also show-
ing strong multi-lingual transfer on Latin scripts
(Table 1). Cross-model analysis reveals that di-
verse LLLM architectures (14M to 15B, both auto-
regressive and encoder-only) converge on similar
mention boundaries (DICE scores >0.75), suggest-
ing mention detection is a shared, emergent capa-
bility rather than a dataset artifact.

While various systems perform untyped mention
detection, most rely on supervision tied to specific
datasets or annotation schemes. Coreference mod-
els rank spans but inherit conventions from their
training data (Lee et al., 2017). Weakly supervised
approaches prioritize high-recall proposals when
gold annotations are incomplete (Miculicich and
Henderson, 2020), and span-based event systems
detect untyped triggers before clustering (Lu and
Ng, 2021). In all cases, span scorers remain shaped
by benchmark-specific schemas and do not trans-
fer cleanly across domains or annotation guide-
lines. Closer to our work, EMBER (Popovic and
Firber, 2024) trains NER models over LLM at-
tention scores and hidden states, but requires la-
beled data for each schema, thus remaining tailored
to specific datasets. Generalist extractors such as
GLIiNER broaden coverage, supporting zero/low-
shot transfer, yet require an input schema at in-
ference time, reintroducing task specification and
alignment costs (Zaratiana et al., 2024).

Our contributions are threefold: (i) a simple, ef-
ficient probing architecture that recovers mention
spans from a single forward pass of early layers;
(ii) empirical evidence that mention boundaries are
robustly encoded across layers, models, scales, and
architectural families, with consistent cross-model
predictions despite no shared supervision; and (iii)
we release ToMMeR models and demonstrate a
straightforward extension to full NER via span
classification, achieving competitive performance
(80-87% F1) on standard benchmarks and enabling
modular, schema-agnostic extraction pipelines.

2 ToMMeR

Entity Mentions in Transformers. In
transformer-based language models (Vaswani
etal., 2017), a text is tokenized into a sequence of
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Figure 2: The ToMMeR architecture. We extract the
mention detection capabilities of any frozen LLM back-
bone with less than 300K additional parameters, com-
putationally equivalent to an additional attention head.
We leverage Matching scores m;; between tokens t;
and ¢; and individual values v;, all probed from LLM
representations at layer £.

tokens (t1,...,t,) € V", with V the vocabulary
used by the tokenizer. These tokens are embedded
into a sequence of initial representations that are
sequentially processed through the transformer
layers. Each layer ¢ € {0, ..., N; — 1} generates
a new series of representations (2¢, ..., z) € RY
from the representations of the preceding layer.
For each sentence ({i,...,t,) € V", we
consider the set of Ng entity mentions E =
{(sk.ex) € [1,n]**NE} with sj, and ey respec-
tively the start and end foken indexes of entity
mention k, constrained in this work to contiguous
spans of length < 25 tokens, covering the major-
ity of mentions!. This limit reduces the quadratic
complexity of span enumeration while preserving
most linguistically valid mentions. The task is then
framed as binary classification: for each span, de-
termine whether it constitutes a valid mention.

Architecture. We design ToMMeR as a prob-
ing classifier—a small neural network trained on
frozen representations to recover latent capabilities.
Unlike fine-tuning, probing preserves the backbone

"More details on the dataset in Section A.2
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model and requires minimal parameters. More
specifically, we ground our approach on the bind-
ing ID framework from mechanistic interpretabil-
ity (Feng and Steinhardt, 2024b), which posits
that transformers dynamically bind related tokens
through learned signals, enabling later retrieval via
attention. Extending this idea, we hypothesize that
LLM:s implicitly group entity-mention tokens using
analogous binding mechanisms—effectively encod-
ing mention boundaries within their hidden states.
ToMMeR leverages these latent binding signals to
extract mention spans directly from representations
of a frozen LLM, requiring no modifications to the
backbone model. For each pair (2, Z?)lgigjgn
of token representations at layer ¢, the Matching
score m;; € R quantifies this association.

Matching Score. To detect entity bindings,
we adapt the transformer’s attention mechanism,
which measures token similarity via dot products
between query and key vectors. While standard
attention computes a probability distribution over
tokens, our goal is to capture binary token-to-token
matching. Thus, we replace softmax with /5 nor-
malization which proved to be stable across back-
bones, yielding cosine similarity as our matching
metric. Formally, we compute pairwise scores us-
ing learned projections on a rank 7 query-key sub-
space (W, Wg) € R4,

mij = cos(Wozj , Wiz)) €[0,1] (D)
N——"

SN

We also explore other normalization functions
and formulations for the matching score, probing
different transformer components in Appendix E.

Token Values and Span Probability. To com-
plement pairwise matching scores, which capture
inter-token bindings but lack boundary and an-
chor information, we incorporate token-level in-
formation with a learned linear layer (or probe)
v; = szf € R. These values leverage the obser-
vation that LLMs concentrate entity information
in its final token representation (Meng et al., 2022;
Geva et al., 2023), providing critical cues for au-
toregressive models. The final span probability
Pij =~ p((i,7) € E) is predicted with a logistic
model, with parameters # € R®, and inputs the
matching scores and individual values around the
mention’s last token. The model is given by equ. 2.

mi;
max{mkj}i<k§j
min{my; tick<; 2

vj

Vj+1
where max/min pooling over intermediate match-
ing scores my;; captures the strength of internal
token bindings within the span, and v;,v;41 pro-
vide information about the span’s last token and its
immediate context (See architecture Figure 2).

pij =0 -

2.1 Training on Span Detection

Data. We use Pile-NER (Zhou et al., 2023c¢), a
dataset of 45,889 samples from The Pile (Gao et al.,
2020b), annotated with fine-grained entity types
using GPT-3.5. While originally designed for zero-
shot NER systems like UniversaNER (Zhou et al.,
2023c) and GLINER (Zaratiana et al., 2023), its
broad semantic coverage and diverse mention types
make it ideal for studying mention detection. Addi-
tional dataset statistics are provided in Appendix A.

Loss. ToMMeR’s parameters are optimized end-
to-end on binary span classification (valid/invalid).
Mention detection however faces severe class im-
balance, as non-entity spans (negative examples)
vastly outnumber entity mention spans (positive
examples), even in Pile-NER. To address this, we
employ Balanced Binary Cross-Entropy (BBCE),
which reweights the standard BCE loss using a dy-
namic factor a. This ensures equal contribution
from both classes regardless of their imbalance:
For each batch, the loss is computed as:

—1

BBCE(p, y) =

> ayij log(piy)
o £ 3)

+ (1 = yij) log(1—pi;)

where p;; is the predicted probability, y;; is the
gold binary label, « is the balanced class weight,
computed for each batch as o = iﬁgf and #o is

the total number of spans in the batch.

Distillation. Although it has been generated with
an LLM, and already contains an important number
of fine-grained entity types, Pile-NER also suffers
from incompleteness. Nested mentions are for in-
stance not labeled. Moreover, even when mentions
are extracted by the LLM, the labels may not fully
reflect the internal notion of mention detection. To
mitigate these limitations, we adopt a two-stage
training strategy: after a first fit on the available
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annotations, we use the learned model to augment
the training dataset with new mentions that were
not annotated in the data, thus reducing the number
of false negatives. See Appendix C for detailed
hyper-parameters.

3 Related Work

Mechanistic and Algorithmic Structure. Mech-
anistic studies suggest specific circuits for
entity-related behavior: Binding ID capture ab-
stract entity via activation directions (Feng and
Steinhardt, 2024a); induction heads implement
copy/coreference-like mechanisms (Olsson et al.,
2022); attention heads bracket NPs or track an-
tecedents (Clark et al., 2019); and modular sub-
graphs compose across subtasks (Mondorf et al.,
2025). Complementarily, probing/theoretical work
recovers tree or chart-like structure from hidden
states (e.g., Inside-Outside/CKY signals) (Zhao
et al., 2023; Tenney et al., 2019), and Allen-Zhu
and Li (2023) show causal autoregressive models
can learn formal grammars, with hidden states lin-
early encoding boundaries and attention flows mim-
icking dynamic programming. Recent work also
studies entity identification directly in language-
model representations, showing that entity informa-
tion is highly linearly separable and concentrated in
low-dimensional subspaces of early layers (Sakata
et al., 2025). These findings support the view that
the allocation of probability over spans is a natu-
ral byproduct of next-token prediction; we connect
this to the detection of untyped mentions extracted
from early layers.

Embedded/Probing Detectors and Span Bound-
ary Models. Low-latency extraction can be
achieved with probes on frozen LLMs. Popovic
and Firber (2024) predict token and span-boundary
signals from hidden states and attention during gen-
eration. While EMBER targets schema-specific
NER with supervised training, we extract a schema-
agnostic notion of mention that generalizes zero-
shot. Classic probing shows entity/span informa-
tion concentrates in intermediate layers, and struc-
tural probes reveal linear syntax/span structure
(Tenney et al., 2019; Hewitt and Manning, 2019);
probes have also tested entity state tracking (Kim
and Schuster, 2023). Orthogonally, pointer/bound-
ary decoders focus on detecting mention as the
bottleneck for Information Extraction/Entity Link-
ing (Li et al., 2019; Shang et al., 2018; Bian et al.,
2023).

Open-Schema IE and Generalist NER. A
broad line of work targets ontology-agnostic
IE via generalist or instruction-driven interfaces.
GLiNER and GLiNER?2 support schema-driven ex-
traction and zero/low-shot transfer (Zaratiana et al.,
2024, 2025); UniversalNER distills LLM capabili-
ties into smaller models for open NER (Zhou et al.,
2023d). Unified text-to-structure frameworks and
instruction-tuned systems (UIE, USM, InstructUIE,
RAIT, YAYI-UIE, PIVOINE, RUIE, InstructlE,
TRUE-UIE) expand this paradigm with retrieval
and prompting strategies (Lu et al., 2022; Lou et al.,
2023; Wang et al., 2023; Xie et al., 2024; Xiao et al.,
2024; Lu et al., 2023; Liao et al., 2025; Jiao et al.,
2023; Wang et al., 2024). Recent LLM-based NER
work also improves in-context extraction without
parameter updates through label-guided demonstra-
tion retrieval and targeted error reflection (Bai et al.,
2025). Retrieval-based mention retrieval further en-
ables zero-shot typing (Shachar et al., 2025). We
differ by probing early layers of frozen LLMs to
recover a model-internal notion of entity mention
with minimal additional parameters, rather than
training a new generalist encoder or relying on in-
context demonstrations at inference time.

Distillation, Pseudo-Labels, and Evaluation.
Distillation from LLM to small models aids
broad-coverage information extraction (Zhou et al.,
2023c); self-training and confidence-based pseudo-
labeling mitigate annotation gaps (Sohn et al.,
2020), alongside prototype/contrastive approaches
and pseudo-label refinement (Zhou et al., 2023a;
Zhang et al., 2023). Relatedly, weakly super-
vised few-shot domain adaptation methods lever-
age small labeled support sets together with unla-
beled target-domain data, for instance through joint
constrained k-means and discriminative subspace
selection for NER (Hammal et al., 2025). Our ap-
proach complements these methods by revealing
that LLMs already encode a rich, generalizable no-
tion of entity mentions—effectively distilling and
amplifying this latent knowledge with minimal pa-
rameter overhead.

4 Mention detection Task Evaluation

To evaluate ToMMeR’s ability to detect entity
mentions without fine-tuning, we assess its perfor-
mance across three dimensions: (1) zero-shot trans-
fer to common english NER benchmarks, (2) pre-
cision validation using LLM-based judgment, (3)
Multi-lingual transfer. Our findings demonstrate
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Threshold decoding | Greedy (flat) decoding
Dataset R P F1 R P Fl #samples #entities Nested
MultiNERD 98.6 21.7 355 940 30.0 45.5 154 144 23,8005 X
CoNLL 2003 94.8 336 496 864 447 58.9 16 493 3,4761 X
CrossNER politics 97.0 324 486 84.2 545 66.5 1389 8,838 X
= CrossNER AT  97.0 350 515 872 512 64.5 879 3,776 X
K CrossNER literature 94.4 40.3 56.5 85.9 56.6 68.3 916 4,749 X
% CrossNER science 95.7 382 546 859 55.1 67.1 1193 6,318 X
g CrossNER music  95.5 44.1 60.3 86.7 61.7 72.1 945 6,420 X
5 nchi 919 12. 222 660 17.1 27.2 3952 6,808 X
g FabNER 73.6 30.1 428 49.0 39.7 43.9 13 681 64,761 X
2 WikiNeural 97.8 20.7 341 90.8 282 43.1 92 672 149,005 X
3 Ontonotes 73.0 25.5 37.8 59.0 31.4 40.9 42193 103,956 X
ACE 2005 42.0 287 341 325 319 322 8230 30,778 v
GENIANER 95.7 248 394 720 346 46.6 16 563 55,968 v
Aggregated 92.6 232  37.1 84.0 31.2 5. 353250 714,143
Average 882 29.8 426 753 413 52.1 353250 714,143
- WikiANN -en 842 334 478 755 462 57.3 40 000 56 035 X
z WikiANN -es 853 349 495 741 53.0 61.8 40 000 49 280 X
E WikiANN - fr 86.8 385 534 758 56.1 64.5 40 000 52972 X
§ WikiANN -de 91.3 338 493 83.6 4806 61.5 40 000 55329 X
WikiANN - zh  40.7 63 109 240 838 12.9 40 000 50033 X
= MultiNERD-gpt-4.1-mini  71.1 92.8 80.5 50.7 959 66.3 1064 8,915 v
ﬂ GENIA-gpt-4.1-mini 684 923 78.6 37.5 949 53.7 512 8,704 v

Table 1: Zero-shot mention detection performance of ToMMeR (plugged at layer 6 of LLAMA3.2-1B, 274K
parameters only), on various NER benchmarks. Precision (P), Recall (R) and Fl-scores for threshold and greedy
(flat) decoding. Precision and F1 in gray stress that low precision is expected when evaluating a schema-agnostic
mention detection model on typed data. Top sub-table shows results on standard english benchmarks, followed by
aggregated and mean values. The middle sub-table shows generalization on multi-lingual data, showing transfer to
other Latin languages, while bottom rows shows results on LLM-annotated (LLM) datasets. ToMMeR yields high
recall on most common NER datasets in a zero-shot setup; while real precision is controlled with LLM judged data.

that ToMMeR achieves high recall (92.6%) with
minimal parameters (274K), while LLM-judged
precision (92%) confirms alignment with a broad
notion of entities.

4.1 Zero-shot Mention Detection

Datasets and Metrics. We evaluate ToMMeR on
13 NER corpora spanning news, Wikipedia, scien-
tific/biomedical and industrial domains, and multi-
genre resources, as well as multi-lingual data. We
detail all datasets in Appendix H, and provide a
comparison of schemas and annotation methods
in Appendix I. We report recall, precision, and F1
scores on mention detection. We target high recall
to capture all potential entity mentions, while lower
precision is expected as TOMMeR detects mentions
beyond standard benchmark types (Precision and
Recall in gray in Table 1).

Results. In this zero-shot setup, ToMMeR con-
sistently achieves high recall across most of the
13 tested benchmarks (See Table 1 upper part and
average), demonstrating strong coverage of entity
mentions and general alignment with the notion of
entity captured in these datasets (up to 98.6% re-

call on MultiNERD). Precision is as expected lower
on gold data due to non-nested and limited scope
of annotated entities. One exception is on ACE
2005 (40% recall vs. 88.2% in average), due to a
distinct notion of entity mention learned on Pile-
NER. ACE include both determiners (e.g., “the
president”), which differs from the patterns ToM-
MeR learned (e.g. “president”) and pronouns (for
coreference resolution, not annotated in Pile-NER),
which ToMMeR didn’t learn to detect’. ToMMeR
also transfers well on Latin languages, achieving
86% average recall on French, Spanish, and Ger-
man when evaluated on WikiANN. Performance
however drops on Chinese (41% recall), likely due
to significant differences in tokenization and syntax
encoding in the English-centric Llama backbone.

Flat (Non-Nested nor Overlapping) Decoding
By design, ToMMeR can predict any continuous
span, which naturally produces many nested en-
tities under our criteria. Since most applications
require flat annotations, we can choose to post-

%A comparison of those schemas is provided in appendix,
fig. 15, as well as random ACE samples with ToMMeR’s
predictions in App A.3. More details in App. H and I.
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process the predictions to obtain a non-overlapping
segmentation of the text. Additionally, by adjusting
the decision threshold, ToMMeR offers a flexible
trade-off between precision and recall, depending
on the application’s needs. To evaluate flat (non-
nested nor overlapping) segmentation, we imple-
ment a greedy decoding algorithm that iteratively
select the highest scored span that does not over-
lap with previously chosen ones. Constraining the
model to produce non-overlapping mentions on flat
NER datasets further improves precision, increas-
ing the average from roughly 30% to 40%. (See
greedy decoding columns in Table 1).

4.2 Evaluating precision — LLM as a Judge

To better evaluate ToMMeR precision, we must
determine whether predicted spans that are not la-
beled in the dataset are false positives. We use
an LLM-as-a-judge evaluation to create two LLM-
judged datasets, and cautiously validate them with
human judgments to address circularity risks and
control biases.

LLM Annotation. We consider MultiNERD
(commonsense) and GENIA (domain-specific)
benchmarks. We first generate as many candidate
mentions as possible using the ToMMeR model
with highest recall on validation data, ensuring we
capture the broadest possible set of entity spans.
Then, given a span predicted by ToMMeR, we
prompt gpt-4.1-mini (OpenAl, 2025) to assess
whether it qualifies the predicted span as an entity
according to the Wikipedia definition (Wikipedia
contributors, 2025). The complete prompt is pro-
vided in the appendix Figure 13. We sample 10,000
spans, providing sufficient coverage to produce re-
liable precision estimates while limiting inference
costs. After removing spans deemed invalid by the
LLM judge, we obtain curated datasets containing
a high number of nested entity mentions. This ap-
proach allows us to capture the precision of our
model beyond the limitations of existing bench-
mark annotations, including nested and otherwise
unannotated mentions and providing a more com-
prehensive and realistic measure of performance.
On these curated datasets, ToMMeR reaches a pre-
cision of 92% (two LLM rows Table 1), demon-
strating that while the model captures nearly all
mentions, it rarely produces spurious predictions.

Human validation of LLM judgments. We first
verify that the entities accepted by the LLM cover
the gold-annotated ones: This is the case in more

Data MultiNERD GENIA Aggregated

Judged Precision 92.8 923 92.55

Human Agreement 91.5 % 78.5 % 87.17 %
Support 1200 600 1800
Cohen’s k 0.449 0.239 0.359

Bias Correction -2.00% -5.17% -3.06%
Rectified Precision 90.80 87.13 89.49
95% Lower Bound 89.42 84.03 88.11

Table 2: Estimating ToMMeR real precision with the
PPI framework: using an LLM-as-a-judge, controlled
with human annotation. While gpt-4.1-mini does ex-
hibit positive bias, human validation confirms that it can
be used as a reliable evaluator. More details in App. D.

than 99% of the cases. We then quantify the posi-
tive bias (Thakur et al., 2025) of our judge, which
potentially overestimate precision. We collected
human annotations on predicted spans sampled
from LLM-judged data across GENIA (600 spans)
and MultiNERD (1,200 spans). Annotations were
performed by 5 CS researchers following iden-
tical instructions as the LLM judge, with strict
blinding to both LLM predictions and other an-
notators’ judgments (full protocol in Appendix D).
For MultiNERD, human-LLM agreement reaches
91.5% (k = 0.449), indicating substantial con-
sensus on common-sense entities. For GENIA,
agreement drops to 78.5% (x = 0.239), reflecting
genuine ambiguity in technical biomedical enti-
ties rather than simple judge failure—both non-
expert human annotators and the LLM struggle
with domain-specific boundaries.

To obtain unbiased precision estimates, we ap-
ply the Prediction-Powered Inference (PPI) frame-
work (Angelopoulos et al., 2023). It uses a small
human-labeled sample to adjust predictions from a
larger LLM-labeled set: providing a scalable, cost-
effective method for precision estimation. This
yields a corrected precision of 90.8 + 2% for Multi-
NERD and 87.1 + 5% for GENIA with 95% con-
fidence (instead of raw LLM-judged precisions of
92.8 and 90.3 respectively), substantially exceeding
the low precision using the gold-annotation from
standard benchmarks (23.2%). This confirms that
most ToMMeR predictions rejected by benchmarks
are genuine entities outside the annotation scope
rather than false positives. Details, including Co-
hen’s k scores, are reported in table 2. More details
are reported in Appendix D.

This approach ultimately captures ToMMeR’s
performance beyond incomplete benchmark anno-
tations. Even if the GENIA results show higher
uncertainty due to domain complexity and anno-
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tator expertise limitations, results are consistent
across both datasets: high agreement between hu-
man and LLM judge, modest positive bias, and
strong PPI-corrected precision.

indicating strong agreement in their learned no-
tion of mentions. This suggests that diverse
LLMs—despite differences in scale or train-
ing data—develop a convergent and architecture-

agnostic representation of entity boundaries.
Encoder-only models predictions slightly differ
from decoder-based architectures (Dice drop of
~ 10%). From the results, we hypothesize that
they predict less nested entities due to their bidirec-
tional attention mechanism, which may suppress
overlapping spans in favor of flat, non-hierarchical
segmentation. More results in Appendix Figure 12.

4.3 Deeper Analysis

1.0
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Figure 3: DICE score between inference of ToMMeR
trained on various LLMs on MultiNERD test (Results
for GENIA are similar, see Appendix A, fig. 8).

LLMs share a common Notion of Entity Men-
tion. If two models capture the same underly-
ing notion of entity, their predicted entity men-
tion sets should exhibit a high degree of over-
lap. We measure this similarity by computing the
Serensen—Dice coefficient (Dice, 1945) for men-
tion predictions across all tested LLMs (See Fig-
ure 3). We consider LLMs ranging from 14M to
15B parameters, providing a broad basis to study
the effect of scale while keeping resource use man-
ageable. For decoder-only models, we use the
Pythia family, which offers a controlled size sweep
for systematic scaling studies. We also include
LLaMA 3 models (1B, 3B, and 8B) and MISTRAL-
7B, representing recent state-of-the-art open LLMs.
We further include the PHI family —trained with
textbook-style synthetic data— (see in appendix,
Table 6 for details about all the models consid-
ered). To test transferability beyond decoder-only
settings, we additionally evaluate encoder-only ar-
chitectures, including BERT and RoBERTa as es-
tablished NER baselines, and ModernBERT as a
more recent encoder. We observe that BERT fam-
ily offers the best model size-F1 trade-off when
considering the aggregated on the 13 benchmarks.

Auto-regressive backbones (excluding small
Pythia models with <160M p.) reach Dice >75%,

Mention detection capabilities through layers.
To localize where mention detection capability
emerges within the network, we train a ToMMeR
model on the hidden representations extracted from
each layer of the backbone LLLM (here LLAMA -
3.2-1B). Maximum performance is nearly reached
after the first layer of the transformer (Figure 5).
This suggests that mention-detection signals are es-
tablished very early in the model’s computation and
remain largely stable across intermediate layers.

We nonetheless observe a noticeable loss at the
final layer, where the model likely discards these
signals to prioritize next-token prediction. We also
show the Dice similarity scores across layers in ap-
pendix (fig. 6), showing that entity-related signals
are not only learned early in the network but also
remain largely consistent across layers.

5 Full NER via Span Classification

To further assess the utility of ToMMeR as a gen-
eralist mention detection framework, we conduct
an extrinsic evaluation by applying it within a com-
plete NER pipeline that includes entity typing.

Approach. For each NER benchmark, we first
finetune ToMMeR to align with its notion of entity
mention, ensuring high recall on the benchmark.
Then, for each predicted mention, we compute a
d-dimensional span embedding used for classifica-
tion: Following Zaratiana et al. (2023), we compute
this embedding by passing the concatenation of the
spans first and last tokens representations through
a two-layer perceptron (MLP) of hidden dimen-
sion 1024. We train this representation layer on the
benchmark schema using standard Cross-Entropy
loss, an additional @ (not-entity) label is added to
filter mentions detected by ToMMeR but not in the
benchmarks schema. This lightweight architecture
(7.4M params) enables us to adapt our ToMMeR
model (using LLAMA-3.2-1B representations) to
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Figure 4: F1 Score of ToMMeR Models —aggregated on the 13 benchmarks considered in this work- versus number
of parameters of LLM backbone. We also plot the precision versus recall for all those models in appendix Figure 12.

Model Backbone #Trained Params CoNLL 2003 GENIA MultiNERD OntoNotes ncbi
GLiNER (2023) deBERTa-v3 209M 88.7 78.9 93.8 89.0 87.8
EMBER (2024) GPT2-x1 (0-47) 11.5M 85.1 - - 79.3 -
LLaMA-3.2-1B (¢6) 7.6M 84.8 66.5 92.2 80.4 78.1
LLaMA-3.2-3B (¢5) 7.M 86.8 69.3 93.3 81.7 82.1
ToMMeR (ours) =y 1% \ia 3 188 (¢5) 7.9M 85.0 70.1 92.4 800 808
+ span embed (¢11)
RoBERTa-base (¢£5) 7.4M 87.3 67.8 92.6 85.4 74.8
BERT-base (¢£3) 7.4M 85.0 66.5 90.4 82.1 71.3

Table 3: 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 Férber (2024). We also report in parenthesis the

transformer layers probed to perform mention detection.
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Figure 5: Layer-wise Performance on LLAMA3.2-1B.
Recall, precision and F1 Score of ToMMeR probing rep-
resentations across the 16 layers (0-15) of LLAMA3.2-
1B. Performance is nearly optimal from layer O onward.

CoNLL in less than 20 minutes on a V100-32Gb.

Results. We benchmark ToMMeR using a range
of backbone LLMs, and report the results in Ta-
ble 3. Despite being attached to autoregressive
models that cannot exploit right-side context, ToM-
MeR achieves near SOTA performance on mul-
tiple datasets. On OntoNotes, for instance, the

LLAMA-3.2-1B-based ToMMeR reaches an F1
score of 80.4%, even though its initial zero-shot
mention detection recall was only 73% (Table 1).
This shows ToMMeR can effectively adapt to a
dataset-specific notion of entity mention during
fine-tuning. In comparison to EMBER (Popovic
and Firber, 2024) —trained end-to-end on the NER
task and identifying mention detection as the main
performance bottleneck— ToMMeR achieves com-
parable performance. This further supports our
approach of probing existing mention detection ca-
pabilities in LLMs and demonstrates their utility
for downstream NER tasks. We extend our analysis
to encoder-only architectures, which are both more
parameter-efficient and well-suited for NER due to
their bidirectional attention mechanisms. Interest-
ingly, these models do not consistently outperform
their autoregressive counterparts under the ToM-
MeR + typing setup, suggesting that entity-level
representations may emerge differently across ar-
chitectural families. Moreover, larger LLMs may
also encode a broader spectrum of entity types.
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6 Conclusion

We showed that mention detection capabilities
—crucial for information extraction— can be ef-
ficiently probed from early LLM layers using less
than 300K parameters. Our work provides both
practical and conceptual contributions: practically,
it offers a lightweight, transferable method for high-
coverage mention detection that can be plugged
into any LLM; conceptually, it provides evidence
that LLMs develop structured mention represen-
tations in their early layers that can be recovered
through simple probing mechanisms. ToMMeR
achieves 93% recall across 13 diverse NER bench-
marks, transfers well zero-shot to other latin lan-
guages, while maintaining an estimated 90% preci-
sion using a single partial forward pass, enabling
real-time streaming deployment with minimal over-
head (Efficiency analysis in Appendix B). Across
models from 14M to 15B parameters, we find
that diverse architectures converge on a shared no-
tion of entity mention, producing highly consistent
spans. This suggests mention tracking emerges as
a byproduct of language modeling rather than as
an artifact of a particular architecture. When ex-
tended with a typing head, ToMMeR achieves com-
petitive full NER performance despite using auto-
regressive models lacking right-side context. Un-
like costly prompt-based extraction methods, ToM-
MeR reduces costs by orders of magnitude (42 x
faster than prompting) while maintaining flexibil-
ity to adapt to any downstream schema or knowl-
edge base. ToMMeR’s schema-agnostic design
integrates naturally into modern RAG/IE pipelines
as a first-stage mention filter, enabling entity-aware
document chunking, or providing spans for down-
stream typing and linking.

Limitations

Lack Ground Truth for Untyped Mention De-
tection. The fundamental challenge in evaluating
our approach is the lack of established ground truth
for untyped mention detection. While typed NER
benchmarks provide gold annotations, they only
label entities from specific ontologies (e.g., person,
location, organization), making it unclear whether
unlabeled spans are true negatives or simply out-
of-scope entities. We address this by using LLM-
based judgment aligned with Wikipedia’s entity
definition, but this introduces its own limitations:
(1) gpt-4.1-mini is slightly biased towards posi-
tive judgements (see Section D) (2) the Wikipedia

definition is broad and potentially ambiguous in
edge cases. While human validation shows reason-
able agreement with the LLM judge (87.7% agree-
ment on 1800 annotated mentions ), comprehensive
human annotation would be needed to definitively
establish ToMMeR precision. Our PPI analysis
however bounds the true underlying precision to
above 89%.

Architectural Constraints. Our focus on contin-
uous spans excludes discontinuous entities (e.g.,
"New York" and "City" separated by other to-
kens), which appear in some linguistic phenom-
ena and specialized domains. Additionally, our
auto-regressive models lack access to right-side
context, potentially missing boundary information
that bidirectional encoders naturally capture. While
Section 5 shows that competitive full NER perfor-
mance is still achievable, this architectural limita-
tion may impact mention detection quality com-
pared to encoder-only approaches.

Dataset and Training Limitations. Training on
Pile-NER, despite its broad coverage, inherits the
biases and gaps of GPT-3.5’s annotations from
2023d. The distillation strategy, while mitigating
some incompleteness, risks amplifying systematic
biases present in the initial annotations.

Schema Generalization. While we evaluate
across 13 benchmarks (spanning news, biomed-
ical and general domains) and obtain strong av-
erage recall. The ACE 2005 results (42% recall)
demonstrate that our models struggle with anno-
tation conventions that differ substantially from
Pile-NER, such as including determiners in entity
spans. This suggests that while the learned no-
tion of mentions generalizes well across most do-
mains, it may not align with all possible annotation
schemes, although we also show that ToMMeR can
easily further be tuned to fit to such schemes.
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A Additional Examples and Figures

A.1 Figures

Figure 6 presents the DICE score between the
sets of entities inferred on the MultiNERD (test
split) for ToMMeR using all possible layers of
LLAMA3.2-1B. Figure 7 presents the results for
GENIA. Figure 8 is also the twin figure of Figure 3
in the same Sub-section.
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Figure 6: DICE score between the sets of entities in-
ferred on the MultiNERD (test), for ToMMeR models
probing each layer of LLAMA3.2-1B. Results for GE-
NIA are similar, and available in appendix, Figure 7.

A.2 Pile-NER statistics

Figure 9 reports the distribution of texts token-
length of in Pile-NER used in ToMMeR entity men-
tion boundary training. While Figure 10 reports the
distribution of entity mention lengths.

A.3 Qualitative examples

We provide in Section A.3 some qualitative exam-
ples of our models prediction on the ACE bench-
mark, where ToMMeR has lower zero-shot recall
as discussed in Section 4.1, suggesting that ToM-
MeR learned a slightly different notion of entity
mention from Pile-NER.
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Figure 7: DICE score between inference for models
using all possible layers of LLAMA3.2-1B, on the full
GENIA dataset, results are similar to those in Figure 6.
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Figure 8: DICE score between inference of ToMMeR
trained on various existing LLMs on GENIA test.

B Complexity and efficiency analysis

Complexity Unlike prompting methods that re-
quire auto-regressive generation (O(N - M) com-
plexity where M is output length), ToMMeR clas-
sifies spans in a single parallelizable pass (O(N)).
It is computationally equivalent to one additional
attention head. On a standalone usage, ToMMeR is
faster than one backbone forward pass. As we can
cut the computation to at a lower layer (e.g layer
6 / 16 for Llama3-1B gives a = 2,6x speedup).
And even faster when compared with prompting
methods using several forward passes for genera-
tion. It furthermore allows for "streaming extrac-
tion"—identifying entities as the LLM generates
text with almost zero latency penalty (as shown
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Figure 9: Sample token length distribution in Pile-NER
(Zhou et al., 2023c) using LLAMA tokenizer.
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Figure 10: Entity mention length distribution in Pile-
NER (Zhou et al., 2023c) using LLAMA tokenizer. We
use a sliding window of 25 tokens, which includes
99.8% of mentions annotated in Pile-NER.

by Popovic and Férber). This is can be useful for
real-world RAG pipelines where re-prompting the
LLM for extraction doubles the cost and latency.

Quantitative Runtime comparison To com-
pare with a prompting baseline, we applied the
prompt from UniversaNER (Zhou et al., 2023d)

"Given a passage, your task is to
extract all entities and identify their
entity types. The output should be
in a list of tuples of the following
format: [("entity 1", "type of entity
1"), ... ]. Passage: passage” with llama3.2-
1B. Running it on the passage "Large language
models are awesome. While trained on
language modelling, they exhibit emergent
abilities that make them suitable for
a wide range of tasks, including Named
Entity Recognition (NER)." took 3.21 seconds
(24Bg GPU, using HF transformers, 100max to-
kens generation), While ToMMeR inference took
only 0.077 seconds, which makes a 42x improve-
ment.

C Reproducibility Statement

For complete reproducibility, we publish both code
at ©) https://github.com/VictorMorand/11lm2ner, con-
taining detailed hyperparameters and experimental
pipeline, and trained ToMMeR models on huggin-
face. We also list in this section the most important
hyper-parameters used in our main experiments.

C.1 Layer experiment

Table 4 details the hyperparameters used in the
layer experiment described in Section 4.3, where
we train ToMMeR models at each layer of LLAMA-
3.2-1B, showing that mention detection signals are
computed as early as layer 0 in the transformer.

C.2 Hardware settings

Training the rank 64 ToMMeR model using repre-
sentations from layer 6 of LLAMA-3.2-1B takes 4
hours on a NVIDIA-H100-80Gb GPU (though it
could be run on smaller GPUs, peak GPU memory
being only 6GBs) using hyperparameters described
in Section C.1. We also leveraged V100-32Gb for
evaluations and inference.

C.3 Model experiment

The goal of the model experiment is to compare
ToMMeR performance across LLM backbones. To
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Figure 11: Qualitative examples comparing model predictions and gold annotations, randomly sampled from ACE
2005 Dataset where our ToMMeR model has a surprisingly low Zero Shot Recall ( 42%, Cf Table 1).

moderate variance, we trained several models, us-
ing representations from different layers, we keep
the best performing ToMMeR model for each back-
bone. Hyper-parameters are detailed in Table 5

Models considered in this work We detail all
models architecture parameters in Table 6. Please
also find in Figure 12 the precision versus recall
curve for those models.

D LLM as a Judge

D.1 LLM-as-a-judge

As described in Section 4.2, the goal of this ex-
periment is to have an idea of the real precision of
ToMMeR. Given a span predicted by ToMMeR, we
prompt gpt-4.1-mini (via the OpenAl API (Ope-
nAl, 2025)) to assess whether it qualifies the pre-

dicted span as an entity according to the Wikipedia
definition (Wikipedia contributors, 2025). While it
is hard for the model to predict directly the correct
true/false tokens when given the context, we find
that letting the model generate a small explanation
before answering greatly improves accuracy. The
complete prompt is provided Figure 13 along with
an example answer.

The prompt used to judge the inference of our
ToMMeR models can be found Figure 13. We now
give more details on the human validation study.

D.2 Human validation

Human Annotation Protocol. We recruited
five annotators from among the authors and col-
leagues—all informatics researchers, though not
all NLP specialists. To ensure consistency, anno-
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Table 4: Hyperparameter configuration for the layers experiment.

Parameter Value description
model_name Llama-3.2-1B LLM backbone
rank 64 rank r of the ToMMeR model
optimizer AdamW optimizer to use
epochs 8 number of epochs
batch_size 16 batch size
sliding_window 25 Sliding window
1r le-2 learning rate
patience 5000 patience for Ir scheduler
accumulation_steps 1 1 for no accumulation
grad_clip 2.0 0 for no clipping
val_metric "f1" metric to use for validation
self_distillation_phases 1 number of self-distillation phases
reset_student_weights true whether to reset student weights
sparse_distill_loss true whether to use sparse distillation loss
teacher_thr_prob 0.90 teacher threshold probability

tators followed identical instructions to the LLM
judge, augmented with clarified examples from
author-annotated data. The annotation process fol-
lowed strict blinding protocols: annotators had no
access to (1) other annotators’ judgments or (2)
the LLM’s predictions, preventing potential biases.
Complete inter-annotator agreement metrics and
Cohen’s k statistics are presented in table 7, includ-
ing per-dataset disagreements breakdowns.

E Architecture variants

Along with the ToMMeR architecture for comput-
ing our matching scores m;;, we explored other
variants.

Normalization function In Equation 1, we nor-
malize the dot product between query and key pro-
jections using cosine similarity (via {3 normaliza-
tion), which naturally bounds matching scores to
[0, 1]. We also experimented with alternative acti-
vation functions to normalize the raw dot products:
arctan(-) and logo(-) (log-sigmoid). However,
both alternatives yielded inferior performance in
preliminary experiments. Cosine similarity proved
most effective, likely because: (1) it provides scale-
invariant matching that is robust to variations in
representation magnitudes across layers and mod-
els, and (2) its geometric interpretation as angular
similarity aligns well with the binding hypothe-
sis—tokens that belong to the same mention should
have aligned representations in the learned query-
key subspace. All reported results use cosine simi-

larity unless otherwise specified.

Linear Transformation of Queries and Keys
(LTQK) Since the transformer model already
computes query and key vectors {qzh, kf} hi € R
for each attention head h € [1, Nj] with dimen-
sion dp, we can use them directly instead of the
representations for the residual stream to compute
new queries and keys for our model. The matching
score m;; is then computed as:

Np
mij = Z cos Wg Q| wh k‘jh €10,1] 4)

With Wg, Wl’é L € R™*% as the query and key
matrices, the model’s queries and keys are already
in a lower-dimensional space, making computa-
tions lighter and keeping the number of trainable
parameters low. For example, using rank » = 16
results in only 68K parameters.

Using existing Attention scores (LCAttn) Even
further, we can directly leverage the model’s atten-
tion scores azhj = (q"| k;’>

Np,Np

Z wﬁl a?j eR
1=0,h=1

&)

m;; = logo

This approach treats attention as a natural proxy
for token binding, and have closely been explored
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Table 5: Hyperparameter configuration for the model experiment.

Parameter Value description
model_name Llama-3.2-1B LLM backbone
layer [1, 3, 5]. layers [ of the LLM to extract
rank 64 rank r of the ToM model
optimizer AdamW optimizer to use
epochs 8 number of epochs
batch_size 16 batch size
sliding_window 25 Sliding window
1r le-2 learning rate
accumulation_steps 1 1 for no accumulation
grad_clip 1.0 Gradient clipping
val_metric "f1" metric to use for validation
self_distillation_phases 1 number of self-distillation phases
reset_student_weights true whether to reset student weights
sparse_distill_loss true whether to use sparse distillation loss
teacher_thr_prob 0.90 teacher threshold probability

in (Popovic and Férber, 2024) assuming that some
heads are already specialized for mention detection
and that a linear combination of their scores can
recover this capability from the model.

Comparing Architectures Aggregated results
for LLAMA-3.2-1B (Table 8) show that while
LCAttn use far fewer parameters, it fail to match
ToMMer’s overall performance. LTQK maintains
high recall but loses precision, while LCAttn’s pre-
cision drops dramatically. This highlights a clear
tradeoff: extreme parameter reduction can preserve
recall, but strong precision requires more capacity.

F Supplementary Ablation Studies
F.1 Impact of Rank

We show Figure 14 the precision-recall balance
when varying rank 7 as defined in Section 2, we
chose a final rank of 64 in our other experiments,
as it is a good balance between recall and precision,
while maintaining a small number of parameters in
ToMMeR.

G Multi-Head Self Attention Model

In transformer-based language modeling, Multi
Head Self Attention (MHSA) is the (Vaswani et al.,
2017) main mechanism used to transfer informa-
tion between token representations. We also tried
to use a key and query model using an MHSA layer
rather than raw projections, enabling to model con-
texual cues into queries and keys. We compute the

entity span logit probability m;; as :

mi; = MHSAQ(Zi) . MHSAK(ZJ') (6)

However, training was much longer and perfor-
mance metrics were lower than using the probabil-
ity in Section 2 of this paper.

H Dataset descriptions

H.1 MultiNERD

Languages and domains. MultiNERD (Tedeschi
and Navigli, 2022) is a language—agnostic dataset
that automatically annotates texts from Wikipedia
and WikiNews in ten languages (Chinese, Dutch,
English, French, German, Italian, Polish, Por-
tuguese, Russian and Spanish). Entity types. It
provides fine—grained annotation for 15 entity cate-
gories (person, location, organization, animal, bio-
logical entity, celestial body, disease, event, food,
instrument, media, plant, mythical entity, time and
vehicle) and adds disambiguation links to the corre-
sponding Wikipedia pages (Tedeschi and Navigli,
2022). The annotations are created by combin-
ing WikiNEuRal silver-data creation and NER4EL
fine—grained labeling, resulting in a high-quality
multi-genre resource.

H.2 CoNLL-2003

The CoNLL-2003 shared task (Tjong Kim Sang
and De Meulder, 2003) provides a benchmark for
language—independent named entity recognition.
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Figure 12: Aggregated precision vs recall of ToMMeR Models versus number of parameters of LLM backbone.

It contains English and German newswire articles
taken from Reuters and Frankfurter Rundschau.
Four entity classes (person, location, organization
and miscellaneous) are annotated. The English
portion comprises 946 training articles, 216 de-
velopment articles and 231 test articles, while the
German portion contains 518 training, 52 develop-
ment and 342 test articles (Tjong Kim Sang and
De Meulder, 2003).

H.3 CrossNER

CrossNER (Liu et al., 2020) is a cross-domain NER
dataset covering five specialist domains: politics,
artificial intelligence, music, literature and science.
Each domain contains a small labelled training set
(100-200 documents) and roughly 1,000 develop-
ment and test sentences. Entity types are tailored
to each domain (e.g., politician, election, software,
research field), and unlabeled domain-specific cor-
pora are provided for domain adaptation. This re-
source is used to evaluate whether models gener-
alise across domains with distinct entity inventories
(Liu et al., 2020).

H.4 NCBI Disease corpus

The NCBI disease corpus (Islamaj Dogan et al.,
2014) contains 793 PubMed abstracts that are fully

annotated at both the mention and concept levels
for disease names. Manual annotation produced
6,892 disease mentions mapped to 790 unique dis-
ease concepts. Approximately 88 % of concepts
link to a MeSH entry and 91 % of mentions cor-
respond to a single concept (Islamaj Dogan et al.,
2014). The corpus is split into training, develop-
ment and test sets and serves as a benchmark for
biomedical NER and concept normalisation.

H.5 FabNER

FabNER (Kumar and Starly, 2021) is a manufactur-
ing domain corpus containing over 350,000 words
of scientific abstracts from the Web of Science.
Each word is labelled with one of 12 categories cov-
ering materials (MATE), manufacturing processes
(MANP), machines/equipment (MACEQ), applica-
tions (APPL), features (FEAT), mechanical prop-
erties (PRO), characterisation techniques (CHAR),
parameters (PARA), enabling technology (ENAT),
concepts or principles (CONPRI), manufacturing
standards (MANS) and biomedical concepts (BIOP)
(Kumar and Starly, 2021). Annotations follow the
BIOES tag scheme.
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Model name #Params N layers Model dim Context length N Vocab
EleutherAl/pythia-14m 1.2M 6 128 2048 50304
EleutherAl/pythia-31m 4.7 6 256 2048 50304
EleutherAl/pythia-70m 19M 6 512 2048 50304

EleutherAl/pythia-160m 85M 12 768 2048 50304
EleutherAl/pythia-410m 302M 24 1024 2048 50304
EleutherAl/pythia-1b 805M 16 2048 2048 50304
EleutherAl/pythia-1.4b 1.2B 24 2048 2048 50304
EleutherAl/pythia-2.8b 2.5B 32 2560 2048 50304
EleutherAl/pythia-6.9b 6.4B 32 4096 2048 50432
EleutherAl/pythia-12b 11B 36 5120 2048 50688
meta-llama/Llama-3.1-8B 7.8B 32 4096 2048 128256
meta-llama/Llama-3.2-1B 1.1B 16 2048 2048 128256
meta-llama/Llama-3.2-3B 3.2B 28 3072 2048 128256
mistralai/Mistral-7B-v0.1 7.8B 32 4096 2048 32000
microsoft/phi-1_5 1.2B 24 2048 2048 51200
microsoft/phi-2 2.5B 32 2560 2048 51200
answerdotai/ModernBERT-base 149M 22 768 8192 50368
FacebookAl/roberta-base 125M 12 768 512
google-bert/bert-base-uncased 85M 12 768 512 30522

Table 6: Architecture characteristics of the LLMs considered in this work.

Human=True Human=False

9,
Dataset Agreement Correct / Total  Cohen’s x LLM=False LILM=True
Rate (%)
GENIA 78.50 471 /600 0.239 49 80
MultiNERD 91.50 1098 / 1200 0.449 39 63
Aggregated 87.17 1569 / 1800 0.359 88 143

Table 7: Agreement rates and disagreement analysis between human annotators and the LLM across datasets. While
the model exhibits a tendency toward slight over-prediction, it can be regarded as a reasonably reliable evaluator.

type layer AggR AggP AggFl LLMP #params

ToM 6 92.6 23.2 371 92.5 264198

LTQK 0 94.4 17.6 29.7 78.8 165 894
LCAttn 0-10 943 9.8 17.8 442 2279

Table 8: Comparison of all tested architectures (all mod-
els are trained on LLAMA-3.2-1B). We report the Pre-
cision (P) Recall (R) and F1 (F1) aggregated on all 13
tested benchmarks. LLM P is the mean precision on
LLM annotated data splits.

H.6 WikiNEuRal

WikiNEuRal (Tedeschi et al., 2021) generates
silver-standard NER training data by combining
neural models and the BabelNet knowledge base.
It produces automatically labelled corpora for nine
languages (Dutch, English, French, German, Ital-
ian, Polish, Portuguese, Russian and Spanish) us-
ing Wikipedia articles. The method improves
span-based F1 scores by up to six points over previ-
ous approaches for multilingual silver data creation

(Tedeschi et al., 2021).

H.7 OntoNotes 5.0

OntoNotes 5.0 (Weischedel et al., 2013) is a large
multi-layer corpus containing annotations for syn-
tax, predicate—argument structure, word sense,
coreference and named entities across English,
Chinese and Arabic. The NER layer defines 18
categories, including PERSON, NORP, FACIL-
ITY, ORGANIZATION, GPE, LOCATION, PROD-
UCT, EVENT, WORK OF ART, LAW, LANGUAGE,
DATE, TIME, PERCENT, MONEY, QUANTITY,
ORDINAL and CARDINAL (Weischedel et al.,
2013). The English portion comprises approxi-
mately 300 k words of newswire, 200 k words
each of broadcast news and broadcast conversa-
tion, 200 k words of web text and 100 k words of
telephone conversations (Weischedel et al., 2013).
Similar corpora are provided for Chinese and Ara-
bic, making OntoNotes one of the largest resources
for multi-genre NER.
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[System:]

You are an expert in entity mention annotation.

A mention is defined as "something that exists as itself. It does not need to be
of material existence.”
In particular, abstractions and legal fictions are usually regarded as entities. In

general,
may refer to animals;
such as tables;
contrivances such as laws,

there is also no presumption that an entity is animate,
natural features such as mountains;
numbers or sets as symbols written on a paper;
corporations and academic disciplines; or

or present. It
inanimate objects
human

supernatural beings such as gods and spirits.”

## Instructions

- For each text span provided in [[...1],
as defined above, regardless of its
not a fragment.

- Briefly explain in one concise sentence
answer with a clear "yes" or "no".

[User:]

"...here that she met her future [[second

[Answer: 1]

"The span "second husband”
the definition of a mention.

Parsed answer: TRUE

Yes"

whether the span fits the definition.

husband]l] ,

refers to a specific person as a distinct entity,

quickly determine if it is a valid mention
type,

length, or style, but ensuring it is

Then

n

Gottfried Lessing

fitting

Figure 13: Prompt used to annotate our NER inference data using OpenAl API (gpt-4.1-mini, accessed September
2025) (OpenAl, 2025). we use the definition of entity from Wikipedia (Wikipedia contributors, 2025), more details

in Section D.

Rank Experiment on LLama 3.2-1b
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15.04| @ 128 ®
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Aggregated Recall

Figure 14: Aggregated precision vs recall of ToMMeR
Models accross ranks r as defined in Section 2. We
choose 64 for other experiments, yielding a good bal-
ance between recall and precision, while maintaining a
small number of parameters in ToMMeR.

H.8 ACE 2005

The Automatic Content Extraction (ACE) 2005 cor-
pus (Walker et al., 2006) contains around 1,800 doc-
uments in English, Chinese and Arabic drawn from
newswire, broadcast news, broadcast conversation,
weblogs, discussion forums and conversational tele-
phone speech (Walker et al., 2006). Entities are
annotated with seven types—person, organization,

geo-political entity (GPE), location, facility, vehi-
cle and weapon—and each entity may have multi-
ple mentions (names, nominals or pronouns) in a
document (Grishman, 2005). The corpus also in-
cludes annotations for relations and events, but we
only use the entity annotations in our experiments.

H.9 GENIA

The GENIA corpus version 3.02 (Kim et al., 2004)
consists of 2,000 MEDLINE abstracts selected us-
ing the MeSH keywords ‘human’, ‘blood cells’
and ‘transcription factors’ and annotated with a
fine-grained taxonomy of 36 entity classes (Kim
et al., 2004). For the INLPBA shared task the
36 classes were mapped to five coarse categories:
protein, DNA, RNA, cell line and cell type. An ad-
ditional 404 abstracts were annotated for testing,
giving a total of 2,404 abstracts with over 100,000
tokens (Kim et al., 2004).

I Schema comparison

ACE2005, MultiNERD, and PileNER differ mainly
in what they treat as an entity mention. ACE2005
uses an entity-centric annotation scheme with a
small closed ontology, but a broad notion of men-
tion: it annotates seven core entity types, distin-
guishes named, nominal, and pronominal mentions,
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ACE 2005

Comprehensive schema explicitly
annotating pronouns and nominals for
coreference resolution and relation
extraction.

But the air power and the air package

GOLD
that we take to the fight , we continue to
GOLD

be effective .

At that point , we ' re either in or fucked
GOLD
and either way , | ' m writing about it
GOLD

once then , and that will be it ) .

That' s evidence enough thatit's
underpriced ; the market usually reacts
to a downgrade by dropping the stock a
percent or two , butlcan'thelpit--1

LD GOLI

MultiNERD

Silver-standard, built via tag
propagation and BabelNet concept-vs-
entity scoring for fine-grained entity
detection and disambiguation.

Its lower course forms part of the
Intracoastal Waterway .
GOLD

In June 2005 , for example ,
classicists at the University of
GOLD

Oxford worked on a joint project with

Brigham Young University , using
GOLD

multi - spectral imaging technology to
retrieve previously illegible writing (
see References ) .

He arranged that a large number of
useful trees and plants should be sent
out in the supply ship , which was
unfortunately wrecked , as well as

Ontonotes

Multi-layered, shallow semantic parsing
corpus interlinking syntax (Treebank),
predicate-argument structures (PropBank),
and broad concept indexing.

it's just that we have to guarantee them

fifteen minutes ,
GOLD

FEDERAL NATIONAL MORTGAGE

IG\%QOCIATION ( Fannie Mae ) : Posted

yields on 30 year ‘:r?;?'tgage commitments

for deliver?/o\;/nithin 30 days ( priced at par )

.9.80 %, standardazlgnventional fixed -

rai:L:noﬁgages ; 8.75 % , 6/2 rate capped
GOLD GOLD

one - year adjustable rate mortgages .
GOLD

The anti - Wal - Mart film depicts Wal -
GOLD GOLD

Mart as consumed with keeping wages

and benefits down and unions out by flying
in executives and installing cameras to

Pile-NER

Open-domain, instruction-tuned  generative
dataset created by prompting GPT-3.5,
prioritizing extreme entity diversity and zero-shot
generalization.

Zuck Testified Before House Financial Services
GOLD
Committee and It Did n't Go Well - MBCook

https://pxInv.com/linklog/zuck-testifies-again/ = =
= = = = basseq Naive question : why does
Zuckerberg keep doing these ? They _ never _
GoLD

go well, and bluntly , there 's really no chance
they would . A lot of it is political ...

2000 NCAA Division | Men 's Tennis
GOLD

GOLD GOLD
Championships The 2000 NCAA Division |
GOLD

GOLD
Men 's Tennis Championships were the 54th

GOLD
annual championships to determine the national

champions of NCAA Division I men 's singles ,
GOLD

doubles , and team collegiate tennis in the

United States . Stanford defeated Virginia

GOLD GOLD GOLD

Commonwea ...

It 's that time of the year again ! Candy ,

t! and creepy s ... Hall is
GOLD GOLD GOLD
literally knocking at your door . And though the

fun and excitement outside the house can be
GOLD GOLD

° other ships ; many of these were
supplied by Hugh Ronalds from his
GOLD

Gol
presume most of these downgrades
arose from the classic " Well , what
does your analyst think ? " nursery in Brentford .
GOLD GOLD

GoLD

monitor employees as soon as there 's a
hint that workers may be organizing .

entertaining , there 's also a multitude of scary
GOLD
splendor to be had from the comfort of your

couch . In the mood for blood ...
GOLD GOLD

Figure 15: A comparative visualization of gold-standard annotations across four distinct benchmarks. The examples
illustrate shifting definitions of what constitutes an "entity": ACE 2005 emphasizes structural tracking by tagging
pronouns (e.g., "his opponent”) and broad nominals (e.g., "nearly everyone") for coreference. MultiNERD focuses
on traditional, well-defined proper nouns mapped to fine-grained taxonomy. OntoNotes extends beyond standard
names to heavily index nested entities and precise numerical or temporal values (e.g., "fifteen minutes", "9.80
%"). Finally, Pile-NER demonstrates its generative, open-domain capabilities by extracting highly contextual,
non-traditional concepts (e.g., "creepy crawlers", "fun", "blood") alongside complex overlapping spans.

marks the full noun-phrase extent together with a
head, and includes mention classes such as spe-
cific, generic, negative, and underspecified. As
a result, ACE2005 contains many common-noun
and pronoun mentions that would not be anno-
tated in standard flat NER. MultiNERD is much
closer to conventional named-entity tagging: it
uses flat BIO spans and a fixed inventory of 15
fine-grained classes, and its annotations are de-
rived from Wikipedia/Wikinews links plus exact-
match/synonym propagation within the document.
Compared with ACE2005, it is narrower in men-
tion inclusion because it mainly targets linked sur-
face mentions rather than nominal/pronominal ref-
erences, but broader in semantic coverage because
it adds categories such as ANIM, BIO, CEL, DIS,
FOOD, MEDIA, MYTH, TIME, and VEHL. It also
explicitly relaxes strict “entity” status for some
classes, keeping concept-like items such as animals,
plants, foods, and diseases when needed. PileNER
differs most sharply from both: it does not use
a fixed ontology at all, but an open-world setup
in which GPT-3.5 was prompted to “extract all

entities and identify their entity types,” producing
45,889 examples with about 240k spans and 13,020
distinct type names. We provide an overview of
schemas as well a some sampled examples in Fig-
ure 15.
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