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Abstract

In specialized domains that require expert an-
notators and high inter-annotator agreement,
high-quality datasets with span-bound seman-
tic concept annotations remain expensive to de-
velop. Substantial resources are typically spent
on unitizing, the task of identifying precise span
boundaries for entity mentions. Unitizing is a
significant source of inter-annotator disagree-
ment, a poor use of expensive domain exper-
tise, and very time-consuming. We propose a
lighter annotation procedure that concentrates
manual efforts on typed position annotations,
marking positions in the text that overlap with
mentions of each entity type, abstracting away
span boundary decisions. With as few as 100-
200 example sentences, we train span boundary
detection models to unitize typed position anno-
tations. Through evaluation over three datasets:
CRAFT (biomedical), GENIA (molecular biol-
ogy), and POLIANNA (climate/energy policy
text), we demonstrate that (1) annotating typed
positions in the text instead of full concept an-
notation is a more efficient use of time in low-
resource settings, and (2) model-inferred span
boundaries result in higher agreement at both
the annotator training and corpus annotation
phases, without sacrificing utility.

1 Introduction

Semantic concept annotation refers to the extrac-
tion of span-bound mentions of concepts, which
can broadly refer to concrete classes in ontologies,
named entities, or abstract themes and characteris-
tics. High quality concept annotations for special-
ized domains are expensive (Kim et al., 2003; Li
et al., 2016; Krallinger et al., 2015). It took thou-
sands of hours to annotate concepts for the CRAFT
biomedical article dataset (Bada et al., 2012). For
the POLIANNA policy design dataset, Sewerin
et al. (2023) report over 600 hours of annotation.
To reduce the cost of concept annotation, LLMs
have been proposed as a sufficient substitute for
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Figure 1: We propose an annotation procedure with manual hu-
man effort focused on identifying typed positions, augmented
by model-detected span boundaries (right), as an alternative
to full concept annotation (left). Decomposing the task in this
way is a more efficient use of manual annotation time (dashed
lines), achieving higher accuracy in less time compared to full
annotations (solid line). We further find that model-inferred
span boundaries result in higher consistency between pairs of
annotators.

manual annotation, where models are prompted to
extract typed entities (Katz et al., 2023). Large
LLM-generated NER datasets such as PileNER
(Zhou et al., 2023) and NuNER (Bogdanov et al.,
2024) are widely used. This approach, however, of-
ten does not transfer to specialized domains where
LLMs under-perform in few-shot settings (Golde
et al., 2025; Volkanovska, 2025; Jimenez Gutier-
rez et al., 2022). High-performing model-based
annotation for specialized domains with large label
spaces demand hundreds of annotated examples
(Zhou et al., 2023; Sainz et al., 2023).

Traditionally, the high cost of developing a
dataset is distributed between two phases: (1)
obtaining high consistency among annotators for
a subset of documents, and (2) annotators inde-
pendently annotating the remainder of the corpus
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(Stubbs, 2012; Hovy et al., 2006). For concept
annotation, manual efforts are spent on identify-
ing mentions of entity types and identifying span
boundaries for each mention or unitizing (Artstein
and Poesio, 2008; Krippendorff, 2004). Unitiza-
tion is a documented source of inter-annotator dis-
agreement, bottlenecking the first phase (Reiss
et al., 2020; Krallinger et al., 2015). Subjective
span boundary decisions (i2b2, 2010; Kim et al.,
2003) can be reduced through detailed specifica-
tion of how to select boundaries (Bada et al., 2010;
Krallinger et al., 2015), but this may represent addi-
tional overhead for annotators. In the second phase,
unitizing is an expensive, time-consuming sub-task
(Finin et al., 2010; Andrade et al., 2024; Fort et al.,
2012). Further, adherence to complex rules about
which case modifiers or supporting phrases should
be included in a span is poor use of expensive do-
main expertise. While linguistic principles are crit-
ical for developing high-quality datasets, they are
not necessarily well-aligned with domain expertise
of annotators. At the same time, LLMs can fol-
low linguistic rules (Zhang et al., 2024), suggesting
that the unitization sub-task may be better suited to
perform with a model.

In this work, we demonstrate that decompos-
ing the concept annotation task into typed position
identification and unitization results in more effi-
cient use of manual annotation time. We develop an
alternate annotation procedure, concentrating man-
ual effort for a given example where it provides the
most utility, annotating typed positions, rather than
the complete annotation of type and span bound-
aries (Figure 1). We show that a relatively cheap
model for span boundary detection, using at most
200 annotated sentences as training data, is suf-
ficient to automate span boundary detection with
adequate performance across most settings. The
small amount of noise in inferred silver span bound-
aries is outweighed by the additional examples that
we can afford to annotate with our decomposed
procedure.

Our evaluation focuses on expensive datasets
that required domain expertise to annotate:
Biomedical research articles in CRAFT (Badaet al.,
2012), biology abstracts in GENIA (Ohta et al.,
2002), energy and climate policies in POLIANNA
(Sewerin et al., 2023). In simulated annotation over
these datasets, we demonstrate that in settings with
adequate span boundary detection performance, the
additional data that we can afford to annotate with
typed positions instead of full concepts results in

stronger performing concept annotation models.
For example, if we spend the time required for
full concept annotation of 100 additional CRAFT
sentences on annotating typed positions instead,
we observe a 2.7 point performance improvement.
We also measure consistency of our procedure at
the annotator training phase and corpus annota-
tion phase, which we are able to simulate using
unreleased single-blind raw annotator files from
annotator training sessions for CRAFT and pub-
lic double-blind corpus annotation data for PO-
LIANNA. At each phase of annotation, we find
that model-inferred spans are significantly more
consistent than manually annotated spans. Addi-
tionally, we describe a utility-aligned modification
to conventional relaxed concept annotation evalua-
tion for settings with a higher tolerance for noisy
span boundaries.

While our results on time-efficiency and inter-
annotator agreement are restricted to concept an-
notation, we believe that task decomposition is a
natural strategy for optimally distributing annota-
tion efforts between humans and models. We argue
that inspecting sub-tasks along the axes of time-
efficiency, accuracy, and consistency for models
and humans can clarify how to best reduce manual
effort for challenging annotation tasks generally.

2 Concept Annotation Procedure

We design an annotation procedure that is both (1)
an efficient use of expensive domain expert time
and (2) results in consistent and accurate concept
annotations. Our decomposed annotation proce-
dure achieves this by concentrating manual annota-
tion effort on annotating typed positions in the text
instead of complete concept annotations, as we find
that unitizing spans with a model both saves man-
ual annotation effort and leads to more consistent
annotations.

2.1 Formalization

Given a corpus C and a fixed manual annotation
budget B, the annotation procedure produces a set
of concept annotations over a subset of the corpus,
exhausting B.

The annotation procedure design should be se-
lected to maximize the number of annotated docu-
ments at sufficiently high annotation quality. We
assume a low-budget setting where B is insuffi-
cient to annotate the entire corpus. The budget
is distributed over the following annotation tasks,
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and we refer to the set of documents that can be
annotated for task ¢ with B resources as Cl. B
represents a time or money resource, with |C|
indicating the number of examples that can be an-
notated for that task under that resource constraint.

We assume that all approaches additionally in-
volve annotating a held out set of examples for
evaluation, which is not impacted and is therefore
omitted from this discussion for brevity.

2.2 Annotation Tasks

Full Concept Annotation. For a closed set of
concepts, we extract for each document a list of tu-
ples, where each tuple contains a concept and span
boundaries (start and end indices). In this work
we restrict our analysis to flat concept annotation
where spans do not overlap. The task is denoted
with superscript/ .

Typed Position Annotation. Similar to concept
annotation, typed position annotation extracts for
each document a list of tuples, where each tuple
contains a concept and an index specifying the
where an instance of the specified concept appears
in the document. There is no restriction on which
position in the span is selected as the index. The
task is denoted with superscript?.

Span Boundary Detection. Given a typed posi-
tion tuple and a document, span boundary detection
produces start and end indices representing a span
of the specified concept. The task is denoted with
superscriptP?s,

2.2.1 Performing Annotation Tasks

Annotation tasks are performed by either a human
annotator, A, or a model, .A. We assume that model
annotators make use of task-specific training data,
either as in-context exemplars (Brown et al., 2020)
or as finetuning training data (Gururangan et al.,
2020) for a large language model.

2.3 Baseline Manual Annotation

For a set of annotators Ay, ..., Ay, part of the
budget B is spent obtaining annotators that can
produce concept annotations that meet a quality
threshold representing either inter-annotator agree-
ment for each pair of annotators (double-blind) or
agreement between annotators and a curator anno-
tator (single-blind). Once this threshold is met, the
remainder of the budget is exhausted on indepen-
dent annotation effort, where each annotator A;
annotates disjoint subsets of the corpus for the full

concept annotation task. This procedure results in
]C’};\ gold annotated documents.

2.4 Baseline Model-based Annotation

In model-based annotation, B is exhausted by ob-
taining |C' £| gold annotated documents using man-
ual annotation (§2.3). A model A7 is trained to
perform concept annotation using the gold doc-
uments. This procedure results in |C};\ gold an-
notated documents and silver concept annotations
over the remainder of the corpus. We select this
baseline as our focus is on tasks where zero-shot
LLM performance is insufficient, requiring addi-
tional expert input to clearly define the task. In
this setting, full concept annotations are commonly
used as gold exemplars in model-based annotation
(Naraki et al., 2024; Goel et al., 2023).

2.5 Decomposed Annotation

We introduce a modification to the baseline model-
based annotation procedure to minimize manual
unitizing effort. A subset of the budget, By, is
spent obtaining gold-standard concept annotations
over a small sample of the corpus C’f;l (which we
empirically find to be between 100-200 sentences;
see §4.1). Over Cf L we insert a special character
4 at a random position on each gold annotated
span to indicate a typed position annotation. Then,
we train a model .AP?* for the span boundary detec-
tion task over the typed position augmented C};l
sample.

The remainder of the budget, B>, is spent anno-
tating gold typed positions over unannotated doc-
uments in the corpus, resulting in |C’; | annotated
documents. Using .AP?*, we infer span boundaries
over C% ,» resulting in gold-like concept annota-
tions over the sample C’%Q. Since typed positions
are necessarily cheaper than full concept annota-
tion, |C’lf3] < |C’£1| +|C’, |. Finally, C’él UCp, is
used as training data for A/, This procedure results
in |C};1 | gold documents, |C, | gold-like docu-
ments with concept annotations, and the remainder
of the corpus annotated with silver concepts.

3 Experimental Results

We compare the quality of data resulting from
typed position annotation and full concept annota-
tion for varying annotation budgets. Specifically,
we measure: (1) the utility of annotated data as
the accuracy of models that can be trained with
the number of annotations (§3.3), and (2) inter-
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annotator agreement calculated over the annota-
tions (§3.4) at both the annotator training phase
and corpus annotation phase.

3.1 Datasets

POLIANNA The policy design annotations (PO-
LIANNA) dataset is a collection of EU directives
and regulations on climate mitigation and renew-
able energy. The corpus contains 412 EU legal acts
spanning 18 policies. 20,577 spans are annotated
using a hierarchical scheme of 42 entity types (Sew-
erin et al., 2023). In addition to a curated set of
annotations, POLIANNA includes raw annotations
performed by 6 individual annotators, where each
article is doubly annotated.

CRAFT The Colorado Richly Annotated Full
Text Corpus (CRAFT) contains 97 biomedical re-
search articles (Bada et al., 2012). The docu-
ments are annotated for concepts from 11 separate
biomedical ontologies. We specifically run experi-
ments with the annotations from the Sequence On-
tology (SO), NCBI Taxonomy (NCBITaxon), Gene
Ontology Biological Process (GO BP), Gene Ontol-
ogy Molecular Function (GO MF), and Chemical
Entities of Biological Interest (CHEBI), where our
primary experiments are focused on NCBITaxon,
SO, and GO BP. We select these ontologies to rep-
resent a wide range of inter-annotator agreement as
reported in Bada et al. (2012).

We additionally obtained raw annotation data for
individual annotators during the course of annota-
tor training. We consider a subset of ontologies
that was annotated single-blind, where a curator
corrected annotations performed by other anno-
tators: GO BP, GO MF, SO, and CHEBI. These
ontologies were most challenging to achieve sat-
isfactory agreement, with the highest number of
training sessions and the lowest initial consistency.

GENIA GENIA 1.0 is a set of research article
abstracts from the molecular biology domain con-
taining 18,546 sentences (Ohta et al., 2002). Five
entity types are annotated: cell line, cell type, DNA,
RNA and protein.

3.2 Models

We experiment with instruction-tuned autoregres-
sive language models including Llama-3.1-8B-
Instruct, Qwen3-8B-Instruct, Mistral-7B-Instruct-
v0.3, Llama-3.2-1B-Instruct, and Falcon3-10B-
Instruct. We primarily report finetuning results,
as we found that in-context learning performs on

average 27 points below finetuning in preliminary
experiments with Llama-3.1-8B-Instruct, likely a
result of the large amount of entity types (Milios
et al., 2023). In this preliminary experiment, we
used k-NN (Liu et al., 2022) to order exemplars as
is standard for in-context NER (Wang et al., 2025;
Berger et al., 2025; Monajatipoor et al., 2024). For
finetuning, We adopt the task formulation UniNER-
7B-all-in-one as presented in UniversalNER with
multi-turn chat format (Zhou et al., 2023). All fine-
tuning results are reported over 10 random seeds.

3.3 Measuring Data Efficiency

We compare the data quality resulting from concen-
trating manual effort on typed positions (§2.5) and
full concept annotation (§2.4).

Data Splits. We divide the corpus into gold, sil-
ver, and test splits. All manual annotation efforts
are focused on the gold split, and we report results
varying the size of the gold split with all other data
splits fixed. The human-annotated gold split is used
as training data for a model. Then we perform in-
ference with the model over the silver split. We
train a second model with the inferred annotations
in the silver split. We focus our analysis on results
over the test split as a utilitarian measure of silver
data quality. We report standard NER metrics for
strict (Tjong Kim Sang and De Meulder, 2003) and
relaxed string matching (Bossy et al., 2013).

Annotation Procedure. For the baseline proce-
dure (§2.4), we take the human annotations over
the gold split as concept annotations (C};). To sim-
ulate our decomposed annotation procedure (§2.5),
the complete gold split is annotated with typed po-
sitions (C%)), and a small sample is augmented with
span boundaries (C’f;l). In our experiments, we se-
lect a position uniformly at random from within the
range of the curated span boundaries as we did not
find a significant benefit from more elaborate sam-
pling strategies (see Figure 2). The augmented gold
sample is used as training data for a span boundary
detection model, and this model infers the remain-
der of the gold split resulting in gold-like concept
annotations over the complete gold split.

We select 100 as gold split sample size for the
CRAFT datasets, and 200 for GENIA and PO-
LIANNA. For CRAFT datasets and GENIA, we
sample 1500 examples for the test split and for
POLIANNA, we sample 1000 due to limitations
in corpus size. We vary the size of gold split to

34619



represent at most 500 time units.! We define one
unit of time as the amount of time required to fully
annotate one sentence for typed spans.

Note that in this work, we do not measure how
much faster it is to annotate typed points than an-
notating typed spans, as this speed-up is dataset
dependent. Based on previous work performing an
empirical study over Japanese clinical notes and the
high inferential load of span boundary annotation
(Andrade et al., 2024; Finin et al., 2010; Fort et al.,
2012), we report results for a range of reasonable
speed-ups m € {1.3,1.5,2.0,3.0}. With n units
of time, an annotator could annotate n sentences
for concepts or n’ +m(n —n') sentences for typed
positions, where a small subset of the gold split
(n/ sentences) is annotated for concepts to train the
span boundary detection model and the remaining
n — n’ sentences are annotated with typed posi-
tions. Across all experiments, we fix n’ as 100
for CRAFT ontologies and 200 for GENIA and
POLIANNA, based on experimental results for the
span boundary detection task (Figure 2).

3.4 Measuring consistency

We measure how annotating positions instead of
spans affects inter-annotator agreement at both the
annotator training and corpus annotation stage.

We compare consistency at the annotator train-
ing stage with a subset of CRAFT ontologies for
which we obtained raw annotator files from train-
ing sessions conducted between 2008-2010. For
the first d documents annotated by both the cura-
tor and trainee annotator in the training sessions,
we simulate typed position annotation, where the
curation span boundaries are taken as the output
for a given typed position. We train Llama-3.1-
8B-Instruct models for span boundary detection
over these documents. Then, we perform infer-
ence over the remainder of the documents. For
d € {5,10,20}, we report consistency for span
match F1, where true positives are the instances of
identical span boundaries for each pair of annota-
tors. This is a relaxed version of the span and entity
type match metric used in Bada et al. (2012).2

We additionally compare consistency at the cor-
pus annotation stage using double-blind raw an-
notations for POLIANNA. For each annotator, we
simulate uniformly random typed position annota-

'Across the domains, 500 sentences make up between
1.7-18% of the dataset, representing a low-resource setting.

The metrics originally computed with Knowtator annota-
tion tool (Ogren, 2006) were re-implemented in Python.
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Figure 2: Llama-3.1-8B-instruct span boundary detection F1
over an increasing amount of annotated sentences. For PO-
LIANNA and GENIA, performance tends to plateau at 200
sentences, and CRAFT requires 100 annotated sentences for
at least .75 strict F1.

tion based on the individual annotator’s span bound-
ary annotation. We train a Llama-3.1-8B-instruct
model on a sample of 100 sentences for the span
boundary identification task where we take the cu-
ration span boundaries as the output for a given
typed position. We use the span boundary detec-
tion model to infer span boundaries for each indi-
vidual annotator’s synthetic position annotations.
We then compute agreement metrics for each pair
of annotators, comparing the setting where span
boundaries are marked by the model and the setting
where span boundaries are marked by individual
annotators. We report a suite of consistency met-
rics including F1, boundary accuracy, Levenshtein
distance (Levenshtein et al., 1966), and Krippen-
dorff’s unitizing alpha (Artstein and Poesio, 2008).

4 Results and Analysis

4.1 Span Boundary Inference is Cheap

In Figure 2, we measure the cost of developing a
span boundary detection model. Using a Llama-
3.1-8B-Instruct model, we observe that for all do-
mains, we can achieve 0.7 strict F1 with at most
200 annotated sentences. Further, there is a negli-
gible difference between marking positions at ran-
dom on the span (Uniform) and closer the center
(Gaussian). This suggests that models are robust to
the precise position selected, further reducing the
annotator overhead.

In Figure 2, we also observe that the CRAFT
domains tend to have the strongest span boundary
detection performance followed by GENIA and
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Figure 3: For varying amounts of annotator time, we report
strict F1 where annotation time is spent on typed positions or
full concept annotation. We project the performance improve-
ment for varying speedups ( s , 2X, 3X) resulting
from annotating positions instead of spans.

finally POLIANNA. There may be a relationship
between average span length and the span bound-
ary identification strict F1. The longest spans are in
POLIANNA (~21 characters), followed by GENIA
(~15 characters), and finally the CRAFT domains
(~8 characters). This is consistent with previous an-
notation studies noting lower segmentation agree-
ment for longer units of discourse (Hearst, 1997;
Reynar, 1999; Ries, 2001).

4.2 Annotating Positions is More Efficient

In Table 4, we report strict F1 over the test split,
and we compare between spending 100 additional
units of time on typed position annotation and con-
cept annotation, assuming that typed positions can

be annotated twice as fast as full concepts. For
our strongest performing models Llama-3.1-8B and
Mistral-7B, typed position annotation performs bet-
ter than full concept annotation on average. The
largest performance improvements from typed po-
sition annotation are focused on CRAFT domains,
and this is likely a result of low span boundary
noise relative to POLIANNA and GENIA (Fig-
ure 2). For GO BP, for example, there is a 3-7
point difference in F1 when annotating typed po-
sitions instead of concepts. The performance for
our smallest model (LLlama-3.2-1B-Instruct) is es-
pecially sensitive to lower performance over the
silver split, resulting in more instability than the
larger models over the test split. Similar to Bai et al.
(2025), we find that the Qwen3-7B-Instruct model
tends to under-perform for concept annotation.

For our best performing models, we vary the an-
notation budget beyond 100 additional units of time
in Figure 3. We plot test split performance for man-
ual time spent on full concept annotation and typed
positions for multiple potential speed-ups. Across
potential speed-ups, the performance improvement
from annotating typed positions is highest when
there are fewer than 350 units of time available, but
the improvement is negligible or negative for larger
budgets. This results from inferred span boundary
errors outweighing the benefit of additional data
that we can afford to annotate. For low annotation
resource settings however, annotating typed points
results in stronger performance than full concept
annotation.

4.3 Inferred Span Boundaries are More
Consistent

For CRAFT, we compare in Figure 4 the span
boundary agreement resulting from inferred span
boundaries and manual concept annotation. With
as few as five annotated documents, the trained
span boundary detection model results in a 3-20
point improvement in agreement in the first train-
ing session that it would be deployed. We found
that for GO BP + GO MF? (p-value < .001) and
SO (p-value < .05), inferred span boundaries are
more consistent than manual concept annotation
over five documents. This is especially the case
for both ontologies in the first third of training
sessions (p-value < .01). In general, the inferred
span boundaries tend towards less extreme valleys
than manual concept annotation. The results are

3GO BP and GO MF are combined, as both ontologies
were annotated together.
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Model Manual Annotation GO BP NCBITaxon SO GENIA POLIANNA  Average
Llama-32-1  Full Concept 0.22550.108  0.56540215 05010046 0.48310.030  0.144.0.030 0.384
: Typed Position 0-299i0.083 0.690:&0,041 0.518:&0,035 0.496;&0,049 0.151;&0,047 0.431
QWCH3—8B Full COnCept 0~305i0.118 0.753:&0,047 0.324:&0,197 0.584i0_019 0.269i0_017 0.447
Typed Position 0.366:&0,076 0.789:&0,040 0.383:&0,138 0.585;&0,022 0.289?;5_017 0.482
Falcon-3-108  Yull Concept 0.37110.01s  0.78510.033  0.56910.030 0.61210.015  0.27810.012 0.523
Typed Position 04220048  0.79710.025 057710034 058910026 0.27910.022 0.533
Llama-3.1-8B Full COnCept 0.391:&0,054 0.853:&0,021 0.645:&0,026 0.623;&0,010 0-310i0.016 0.564
: Typed Position 0.452%% o 0.875%F . 0.678%% ., 0.633%, ., 0325%,..  0.593
Mistral-7B Full COnCept 0-455i0.016 0.837:&0,024 0.687:&0,028 0.627;&0,011 0-350i0.008 0.591
Typed Position 0.485%% & 0.846.0.016 0.695.005; 0.638%, 00 035610000  0.604

Table 1: Strict F1 scores comparing utility resulting from 100 additional units of time on differing annotation tasks (§2.2).
Here, we assume annotating typed positions is twice as fast as full concept annotation; see Figure 3 for alternate projected
speed-ups. We report mean and standard deviation across 10 seeds. Concentrating manual effort on typed position annotation is
a significantly better use of time on average than full concept annotation for our best-performing models over domains with high
span boundary detection performance. *and **denote statistical significance with p < .05 and p < .01.

Metric Manual Model Model-Manual
1 NER relaxed F1 ~ 0.6697  0.8420  0.1723™**

1 NER strict F1 0.6023  0.7559  0.1536™**

4 Start accuracy 0.7298  0.8677 0.1379™**

1 End accuracy 0.7719 0.7988  0.0269

I Levenshtein dist 123619  5.7474  -6.6145™**

1 Krippendorff’s @~ 04308  0.5997  0.1689**

Table 2: For POLIANNA, we compare agreement for manual
concept annotation with manual typed positions and model-
inferred spans using a Llama-3.1-8B-Instruct model, averaged
over annotator pairs. Inferring span boundaries improves
consistency across all metrics. **and ***denote statistical
significance with p < .01 and p < .001. respectively.

mixed for CHEBI, where inferred span boundaries
under-perform manual annotation for fewer than 20
annotated documents in the first half of the training
sessions.

Overall, the results suggest that there is on aver-
age no loss in span boundary consistency when an-
notation trainees concentrate their efforts on learn-
ing to annotate entity types correctly, rather than the
span boundaries. When we consider span boundary
agreement in isolation, we reach acceptable lev-
els of agreement in fewer training sessions with
inferred span boundaries. In addition to the consis-
tency gains, there are time savings from annotating
typed positions over the remaining documents in-
stead of full concept annotations.

We report pairwise consistency averaged over
6 annotators for POLIANNA in Table 2, compar-
ing typed position annotations with inferred span
boundaries and manual concept annotations. We
find that typed point annotation results in higher
consistency than full concept annotation across all
metrics. Inspecting scores for each annotator pair,
we found that the consistency improvement result-

ing from the use of the model is especially large
in cases of low human agreement. For example,
for the least consistent annotator pair, inferring
span boundaries improves the Krippendorft’s alpha
score by 0.399.

Sample Size Strict PoG Strict Relaxed PoG Relaxed

250 0.296 0.313 0.324 0.329
300 0.309 0.327 0.340 0.344
500 0.341 0.360 0.372 0.378

Table 3: Alternative pool-of-gold metrics (PoG) with strict
and relaxed F1 for a Llama-3.1-8B-instruct model over PO-
LIANNA for varying amounts of full concept annotations.

4.4 Implications for Evaluation

To better align with utility-based evaluation (Tsai
et al., 2006; Herman Bernardim Andrade et al.,
2023), we report alternative pool-of-gold metrics in
Figure 7, where predicted spans are matched with
any human annotated span overlapping with the set
of curated spans. We observe a 1.8% performance
improvement with pool-of-gold metrics for strict
F1 and a smaller 0.05% improvement for relaxed
F1. Relaxed F1, which is based on thresholded
edit-distance, is designed to represent the pool-of-
gold strict F1, and the performance gap between
them is likely a result of insufficient candidate an-
notated spans for each curated span, as documents
in POLIANNA are annotated by only two annota-
tors. As we move towards a generative paradigm
in information extraction, relaxed string matching
is an exceedingly natural choice for extrinsic eval-
uation (Herman Bernardim Andrade et al., 2023),
and rather than relying on edit distance, the met-
ric could be made more accurate by constructing
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Figure 4: Span boundary F1 representing concept annotation agreement and typed position annotation with inferred boundaries

agreement. The first 5 ( ), 10 (

), or 20 (dark blue) annotated documents are used to train a Llama-3.1-8B-

Instruct model to infer span boundaries. For the first third of training sessions, we observe stronger consistency boundaries
from inferred spans for GO BP + GO MF (p-value < .001) and SO (p-value < .01) for as few as 5 training documents for span

boundary detection.

semantically equivalent, text-bound span sets for
each curation span.

5 Related Work

Concept annotation disagreement has been linked
to span length (Amigo et al., 2025; Artstein and
Poesio, 2008), large label spaces (Papay et al.,
2020; Fort et al., 2012), and ambiguity in anno-
tation schema (Peng et al., 2024). To mitigate
disagreement, annotation efforts often reduce task
scope (Hovy et al., 2006) or introduce increasingly
detailed guidelines (Bada et al., 2010), which can
limit task utility or increase annotator burden. In
contrast, we reduce disagreement by modifying
the annotation task itself, removing span boundary
selection as a source of disagreement.

Recent work has explored using off-the-shelf
large language models and few-shot learning to re-
duce manual effort in concept annotation. For NER,
this includes generating synthetic data via para-
phrasing (Sharma et al., 2023), prompt-engineering
(Tang et al., 2023; Santoso et al., 2024), and in-
context learning (Berger et al., 2025). However,
few-shot performance is highly sensitive to re-
trieved examples (Sainz et al., 2023), and improve-
ments based on retrieval modules (Wang et al.,
2025) or label statistics (Bai et al., 2025) still re-
quire large pools of high-quality annotations.

Decomposition has been suggested as a gen-
eral strategy to reduce annotation burden (Stubbs,
2012; Gandhi et al., 2023). For example, Wang
et al. (2021); Ma et al. (2022); Wang et al. (2022);
Morand et al. (2025) decompose NER to span ex-
traction and entity typing, and Xie et al. (2023)
elicit mentions of each entity type one-by-one. The

value of these decompositions have been demon-
strated to improve model performance, but it re-
mains unclear if the decomposition translates to
time savings for expert annotators. Our work dif-
fers by selecting a decomposition that has been em-
pirically shown to be cheap (Andrade et al., 2024).

Task decomposition is relevant to partial anno-
tation of structured representations, where manual
annotation effort is reserved for highly informa-
tive sub-structures rather than complete examples
(Zhang et al., 2023). Example instances of partial
annotation include Zhang et al. (2020); Lin et al.
(2019), where span-bound annotation tasks have
are decomposed into head word identification fol-
lowed by unitization.

Manual annotation efforts can also be reduced
with interface design (Giachelle et al., 2021; Kum-
merfeld, 2019), pre-annotation in well-resourced
domains (Roberts et al., 2008), active learning (Liu
and Wong, 2024), or incorporating LL.Ms (Goel
et al., 2023; Naraki et al., 2024). As our work is
focused on reducing annotation costs for a given
example, these approaches to reduce the number
of necessary examples in combination with our
decomposed annotation procedure would reduce
annotation costs further.

6 Conclusion

We demonstrate that it is a better use of annotator
time to mark positions in the text overlapping with
mentions instead of span boundaries. The addi-
tional examples that we are able to cover with posi-
tion annotations outweigh the errors resulting from
inferred span boundaries in low-resource settings.
We additionally find that inferred span boundaries
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are more consistent at both the corpus annotation
and annotator training phases. Considering the low
cost of span boundary detection, a direction for fu-
ture work could be in distributing span-bound con-
cept annotations as typed positions, where custom
span lengths are configured with a small amount
of lightweight annotation. As low-resource con-
cept annotation performance improves asymmet-
rically for different domains (Jimenez Gutierrez
etal., 2022; Nagar et al., 2025; Volkanovska, 2025),
it may better serve end-users to routinely evaluate
what sub-tasks we still need to manually annotate,
as opposed to whether we should annotate at all.

Limitations

We find that annotating typed points is most ef-
fective in settings where the span boundary de-
tection model is high-performing (at least 0.85
strict F1). Our strongest results were focused on
high-consistency datasets (CRAFT sub-domains),
whereas results were mixed over POLIANNA.
Span boundary detection performance is likely par-
tially a result of inter-annotator consistency. Users
may be able to a priori estimate this level of agree-
ment in advance using crude heuristics such as span
length.

Another limitation of this work is that we do not
measure the speed-up that results from replacing
concept annotation with typed position annotation.
For a new domain, it would be necessary to esti-
mate (1) whether span boundary detection perfor-
mance is strong and (2) what the speed-up resulting
from typed position annotation is.

Most annotation software, particularly for con-
cept annotation is not designed for position annota-
tion. This is additional infrastructure that would be
necessary to develop in future work.

In this work, we primarily develop models for
annotation using supervised finetuning instead of
training-free approaches to NER such as in-context
learning. This decision is based on empirical re-
sults about the performance of finetuning, but it
may be a limitation for use in settings with low
compute access. We also do not inspect the poten-
tial of models with fewer than 1B parameters for
span boundary detection in this work.

Relatedly, we restrict our notion of cost to man-
ual annotation resources, without considering the
cost of finetuning. In future work, the scope could
be broadened to corpus development cost more
generally.

We do not include discontinuous or nested spans
in our analysis. While our decomposed procedure
is not incompatible with such spans, it is unclear to
what extent our results would generalize.
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A Appendix

A.1 Implementation Details

Finetuning Models are trained over 15 epochs
with a learning rate of 2e-4. We perform quantized
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User: Member states shall bring into force the laws,
regulations and administrative provisions necessary
to comply with this directive by 5 December 2010

Assistant: I’ve read this text.

User: 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") ...

Assistant: [("5 December 2010","Compli-
ance time"), ("regulations","Regulatory instrument"),
("administrative provisions","Unspecified instru-
ment"), ("member states","Default addressee")]

\

Figure 5: Task format for NER to extract the entity types and
spans given a sentence.

e 1

User: Figure 9 #Expression in Precursors Is Not
Sufficient for the Emergence of OT/VS Neurons
(A-C) X-gal staining of coronal sections ...

Assistant: I’ve read this text.

User: Extract the span marked by ¢ that de-
scribes gene expression.

Assistant: Expression

\. J

Figure 6: Task format for span boundary identification to
extract the span covering the special character 4 of a specified
entity type.

low-rank adaptation finetuning for target modules:
"gq_proj", "v_proj". We used L40S GPUs for our
experiments. Finetuning our strongest performing
models (Llama-8B, Mistral-7B) with a single L40S
GPU for unitization was on average 25 minutes.
This would cost under $4 per hour*, so we expect
the additional cost of finetuning a unitization model
to be negligible compared to that of manual anno-
tation costs.

Pre-processing We split documents for CRAFT
and POLIANNA into sentences. For CRAFT, this
results in high mention sparsity, so we downsam-
ple examples without entities in the training data,
preserving only 20% of negative examples. We ad-
ditionally restrict our analysis to contiguous spans
and we filter out discontinuous mentions in the
CRAFT dataset.

A.2 Extended Results

In Table 5, we report pairwise consistency metrics
for POLIANNA corpus annotation. We find that

“Based on estimates from https: //getdeploying.com/
gpus/nvidia-140s

the consistency improvement resulting from the
use of the model is especially large in cases of low
human agreement. For least consistent annotator
pairs A-C and C-F, we can observe high Leven-
shtein distance and low Krippendorff’s alpha for
traditional NER annotation, but when the model
is used to infer span boundaries over the synthetic
points, we can observe much stronger metrics. This
improvement is smaller for pairs of annotators that
exhibit high agreement for traditional NER annota-
tion. This suggests that using a model to identify
span boundaries could be especially useful for set-
tings where boundary agreement is harder to obtain
or human annotators are less consistent with one
another.

In Figure 8, we examine mention classification
performance. Decomposing concept annotation
as mention identification and typing has been pro-
posed as an alternative decomposition for concept
annotation. In this work, we study decomposing
concept annotation into typed position annotation
and unitization, since there exists timed annota-
tion experiments ablating the typed position an-
notation sub-task (Andrade et al., 2024). How-
ever, further timed annotation experiments plausi-
bly suggesting mention annotation to be a cheap
sub-task could make mention annotation and typ-
ing a strong candidate decomposition as well, espe-
cially for domains with fewer entity types, such as
CRAFT:NCBITaxon and GENIA.
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Model Manual Annotation GO BP NCBITaxon SO GENIA POLIANNA  Average

Llama-3.2-1B Full Concept 0.00940.010 0.57510.07a 0.15510.250 0.50310.013 0.053+0.056 0.259
: Typed Position 0.288i0‘083 0.578i0‘000 0.507i0‘03g O~284i0.246 0-148i0.028 0.361
QWC]’I3-8B Full COHCCpt 0.373;(:0_025 0.642:{;0_082 0.176:{;0_276 0.563:(:0_015 0.213:&0_055 0.393
Typed Position 0.363i0,000 0.547i0,201 0.339i0,150 0.567;&0,005 0.271;&0,011 0.417
Falcon—3—10B Full COHCCpt 0-320i0,074 0-775io,031 0.548io,052 0-598i0_017 0~225i0.021 0493
Typed Position 0.386.0.0s5 0.814.:0.020 0.568.0.060 0.57310.000 0.25510.012 0.519
Full COnCept 0.361:&0,030 0.799:&0,030 0.632:&0,012 0.610i0.015 0-271i0.016 0.535
Llama-3.1-8B 5 ¥ * *

Typed Position 04375 0ss 08715, 010 0.675%0 0 0.61840.00 029740001 0.580
. Full Concept 0.45040.01s  0.80910.011  0.627 10014 0.594:0.016 032310011 0.561

Mistral-7B . ¥ ¥ ok
Typed Position 047520050 0.838%, 010 0.688%, 0  0.627:1000s  0.346%F,,,  0.595

Table 4: Strict F1 scores comparing utility resulting from 100 additional units of time on differing annotation tasks (§2.2), where
the exemplar set for unitization is divided in half (n" = 50 for CRAFT ontologies and n" = 100 for POLIANNA and GENIA).
Here, we assume annotating typed positions is twice as fast as full concept annotation. Concentrating manual effort on typed
position annotation is a significantly better use of time on average than full concept annotation for our best-performing models
over domains with high span boundary detection performance. *and **denote statistical significance with p < .05 and p < .01.

0381
036 1
£ 0341
Q
w
=
0321
030
Strict
—— Relaxed
0284 | ---- Pool of Gold
250 300 350 400 450 500

Number of Examples

Figure 7: We report alternative pool-of-gold metrics: strict and relaxed F1 for a Llama-3.1-8B-Instruct model over POLIANNA.
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Annotators  Metric Human Model A (Model - Human)
F-B 1 NER relaxed F1 0.705940.0076  0.870610.0050 0.1647***
1 NER strict F1 0.6227+0.0077  0.790440.00s3 0.1678™**
1 Start boundary accuracy  0.7995+0.0003 0.870540.026s 0.0710*
1 End boundary accuracy 0.834510.0031 0.7767+0.0337 -0.0578
| Levenshtein distance 7.6011+0.0650 7.064040.7488 -0.5372
T Krippendorff’s alpha 0.5586i0,0038 0.5726:‘:0,0316 0.0140
A-F 1 NER relaxed F1 0.693910.0031  0.845010.0264 0.1510**
T NER strict F1 0.655610,0031 0-7740:t0,0340 0.1 184*4<
1 Start boundary accuracy  0.7868+0.003s  0.8743+0.0261  0.0875™*
1 End boundary accuracy 0.8150+0.0012 0.8077+0.0156 -0.0073
| Levenshtein distance 7.772040.0080  4.741810.8080 -3.0302**
1 Krippendorftf’s alpha 0.5454 1+ 0.0054 0.632410.0282 0.0871 *
A-B 1 NER relaxed F1 0.670210.0012  0.861810.0208 0.1916***
4 NER strict F1 0.589010.0018  0.770240.0208 0.1812***
1 Start boundary accuracy  0.7488.+0.0003  0.8786+0.0180  0.1298***
T End boundary accuracy 0.843510_0008 0.8532i0,0542 0.0097
| Levenshtein distance 9.422610.1031 5439141 6521 -3.9835*
1 Krippendorft’s alpha 0.5211+0.0010 0.6711+0.0861 0.1501
C-B 1 NER relaxed F1 0.6908-0.0000  0.8365:0.0164 0.1457***
1 NER strict F1 0.6056+0.0105  0.753940.0225  0.1483**
T Start boundary accuracy 0.7765+0.0100 0.9074+0.0730 0.1309
1 End boundary accuracy 0.8021+0.0079 0.85490.0883 0.0528
| Levenshtein distance 9741510 4642 3.2225116500 -6.5189™*
T Krippendorff’s alpha 0-487110.0188 07205:{:0.1698 0.2334
C-F 1 NER relaxed F1 0.638810.0026 0.808610.0128 0.1698***
4 NER strict F1 0.589810.0022  0.730410.0037  0.1406***
1 Start boundary accuracy  0.711640.0015 0.814610.0820 0.1030
1 End boundary accuracy 0.7279+0.0017 0.7862+0.0280 0.0583*
| Levenshtein distance 141821101370 6.917840.6260 -7.2643™**
1 Krippendorft’s alpha 0.3705+0.0032 0.5002+0.1462 0.1297
A-C 1 NER relaxed F1 0.618710.0018  0.829410.0102 0.2107***
1 NER strict F1 0.551140.0015 0.716440.0183 0.1653***
1 Start boundary accuracy  0.5556+0.0011  0.8606+0.0376  0.3051%**
1 End boundary accuracy  0.6085+0.0010  0.714040.0130  0.1055™**
| Levenshtein distance 254523404212 7.099441 9446  -18.3529***
4 Krippendorff’s alpha 0.102310.0011  0.501610.0420 0.3993***

Table 5: Annotator-pair performance metrics sorted by Human Krippendorff’s alpha (descending). We observe larger model
improvements for annotator pairs with lower human agreement, particularly for NER F1 scores and Levenshtein distance.
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Figure 8: We report span classification performance for a Llama-3.1-8B-Instruct model over an increasing amount of annotated
sentences. We can observe high variance across datasets for both Micro and Macro F1.

Trivial Span Boundary Annotation Conflict Examples

... bioliquids or biomass fuels produced from food and feed
crops for which a significant expansion of the production ...

... with copies of the national communications and biennial
reports submitted to the unfccc secretariat.

. an assessment of their implementation respectively in
their integrated national energy and climate plans and
progress reports pursuant to regulation (eu) 2018/1999.

... voluntary financial payment to the union renewable energy
financing mechanism set up at union level, contributing to
renewable ...

... change-risk biofuels, bioliquids or biomass fuels produced
from food and feed crops for which a significant expansion
of the production ...
... commission with copies of the national communications
and biennial reports submitted to the unfccc secretariat.
... assessment of their implementation respectively in their
integrated national energy and climate plans and progress
reports pursuant to regulation (eu) 2018/1999.

. making a voluntary financial payment to the union re-
newable energy financing mechanism set up at union level,
contributing to renewable ...

Meaningful Span Boundary Annotation Conflict Examples

... — including electricity from renewable sources, electric-
ity from coal and lignite, and cogeneration of electricity and
useful ...

... before 30 april each year statistics on national electricity
and heat production from high and low efficiency ...

... gas, electricity — including electricity from renewable
sources, electricity from coal and lignite , and cogeneration
of electricity and useful heat ...

... before 30 april each year statistics on national electricity
and heat production from high and low efficiency cogenera-
tion, in ...

Table 6: Examples of span boundary conflicts for overlapping spans labeled with the same entity type. In some examples, span
boundary conflicts represent conflicting meanings wrt the entity type, while in other examples the span boundary conflicts are
produced by inclusion of an adjective or article. Sometimes, the boundary conflicts are meaningful.
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