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Abstract

We study how large language models (LLMs) perform at assigning review areas, specifically for the Association of
Computational Linguistics (ACL) Rolling Reviews (ARR), using titles and abstracts from 2020-2025. We compare
multiple LLMs and prompting schemes (zero/few-shot; with/without ARR keywords; each-category variants) and
analyze per-area scores, error overlap, and confusion matrices. One-shot prompting (with OpenAl-gpt-oss-20b)
tends to perform best, while injecting ARR keywords often lowers accuracy. Task-bounded areas (e.g., MT, IE, QA,
Summarization) are predicted more reliably, whereas broad, cross-cutting labels (e.g., Resources and Evaluation,
NLP Applications) are frequently conflated, indicating taxonomy ambiguity rather than solely model limitations.
We recommend hierarchical or primary-plus-secondary labels to work towards reducing ambiguity and improving
reviewer matching in the future. Our dataset, methods, and findings offer a reproducible baseline for area selection
support in conference workflows such as for ACL.

Keywords: LLM benchmarking, Zero-/few-shot prompting evaluation, ACL area classification

1. Introduction the Toronto Paper Matching System (TPMS)) and
chair policies, so misalignment between an arti-
A known problem in the academic community for  cle’s content and its declared area can influence
reviewer assignment is to generate a system of ar-  poth the reviewer pool and evaluation outcomes.
eas to match reviewer expertise. As thisis nota  Moreover, human-curated keywords may incom-
trivial task, given that the choice directly affects re- p|ete|y Capture area semantics and can again over-
viewer assignment to papers, keywords have been  |ap across areas (see arr (2025b,a); emn (2025),
established to help authors select the right areafor ¢ g., evaluation as a keyword across areas), poten-
their papers. In this paper, we run a pilot test to tially biasing both manual choice and automated
assess whether the application of large language  matching.
models (LLMs) might indicate insights on area as-  |n this paper, we ask whether given paper titles
signment and its development over time. For this,  and abstracts, LLMs would classify papers to the
we run a case study on papers from the Associ-  chosen ACL areas. Prompted LLMs could pro-
ation for Computational Linguistics (ACL), a long-  vide a complementary signal: given the same
running, richly studied scholarly ecosystem. Quite  title and abstract string available at submission
some endeavours have been going into updating  time, they operationalize a content-driven mapping
keywords, areas, and tracks in order to match the  into the ARR taxonomy. By benchmarking differ-
ever changing landscape of ACL' and related con-  ent prompting schemes against author-declared
ferences® (Rogers et al., 2023). Since 2021, the  areas, we can (i) estimate attainable agreement
ACL Rolling Review (ARR) introduced a common,  from content alone, and (ii) identify systematic con-
evolving area taxonomy with public area descrip-  fusions that may indicate where areas are semanti-
tions and keywords to standardize reviewer match-  cally conflated or keywords mis-specify scope. For
ing across ACL-family conferences. Statistics (see  this, we use the main conference titles and ab-
Rogers et al. (2023) Table 1) show that while some  stracts from the ACL, EACL and NAACL venues
areas are relatively specific and rather small, ar-  from 2020 up to 2025 with 558 papers in total.
eas with less topical focus such as Resources and  We compare the results of different LLMs given
Evaluation or NLP Applications act as collective also differing prompting strategies (e.g., with and
bins for various topics, making reviewer assign-  without keywords). Results show how general ar-
ment more problematic. ThUS, area labels can be eas, especia"y’ NLP app”cations’ encompasses
coarse and partially overlapping, creating ambigu-  papers, which would well fit other areas, as well

ity for authors and area chairs. Also, area choice as how areas m|ght actua”y be C|03e|y related and
interacts with automated affinity matching (suchas  ¢ould be conflated.

1https ://aclrollingreview.org/areas
thtps ://2025.emnlp.org/track-changes/
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2. Theoretical Background

Our study connects to two strands of prior work: (i)
the use of LLMs to support topic selection and doc-
ument triage in scientific workflows and (ii) prompt-
based control of LLMs for classification.

2.1. LLMs for Topic Selection and

Scholarly Triage

LLMs are increasingly used as high-recall screen-
ers and labelers over titles and abstracts in system-
atic reviews and literature audits, offering substan-
tial efficiency gains while maintaining competitive
recall when prompts and consensus protocols are
carefully designed (Dennstédt et al., 2024; Joos
et al., 2024). Beyond screening, LLMs have been
shown to support structured topic and label as-
signment: Kuzman and Ljubesi¢ (2025) propose
a teacher—student framework for news topic clas-
sification in under-resourced languages, demon-
strating that LLM-generated labels can effectively
train downstream classifiers within the IPTC hier-
archical taxonomy (e.g., politics, economy, soci-
ety). Similarly, Zhu et al. (2025) use LLM-derived
representations for hierarchical taxonomy induc-
tion and scientific paper clustering, achieving state-
of-the-art taxonomy coherence and interpretability.
Together, these findings support the feasibility of
LLM-driven constrained topic assignment in struc-
tured label spaces.

In the area of NLP, Ahmad et al. (2024a) created
a hierarchical taxonomy and manually annotated
1500 ACL Anthology publications with their main
contributions using CL/NLP topics and sub-topics.
They then compare two different approaches for
classifying publications with a fine-tuned SciNCL
model (Ahmad et al., 2024b). The weakly super-
vised X-transformer model outperforms the com-
peting approach as well as the baseline, reaching
a micro precision of 0.4391. This suggests that
models are able to correctly assign labels in an
extreme multi-label classification task focusing on
the area of NLP and the ACL anthology while also
highlighting the difficulty of such a task with limited
training data.

In scenarios with no or very limited data for fine-
tuning, generative LLMs offer an accessible alter-
native for label generation and classification. Kuz-
man et al. (2023) report promising results using
GPT-3.5 for genre identification, while Saily et al.
(2025) evaluate newer GPT models for generating
genre labels for novels in the Corpus of Histori-
cal American English. Focusing on scientific texts
in contemporary English and German, the second
LLMs4Subjects shared task (D’souza et al., 2025)
included a subtask on automatic domain identifi-
cation, requiring systems to assign one or more la-
bels from 28 predefined categories (Ho, 2025; Shi-
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rali et al., 2025).

2.2. Prompting Strategies

For improving the output of LLMs, prompt engi-
neering has proven to be an effective tool. The
modification of the input prompt is a relatively sim-
ple way in comparison to other techniques used to
increase the performance as it does not require the
retraining or fine-tuning of models. Therefore, it is
often accessible to users without coding abilities
as the prompts are written in natural language (Sa-
hoo et al., 2024). Thus, prompt engineering has
become a primary lever for steering LLM behav-
ior without parameter updates, with established
families including zero-shot, few-shot, instruction-
style prompting, and variants that manipulate for-
mat, label space exposure, and task decomposi-
tion (Schulhoff et al., 2024; Sahoo et al., 2024).
A prompt template typically consists of some con-
text or input and the desired output. This tem-
plate is then repeated n-times with n>0 for few-shot
prompting and n=0 for zero-shot prompting (Brown
et al., 2020). Zero-shot prompting solely contains
a description of the task with no additional exem-
plary input data. Therefore, the LLM relies only on
pre-existing knowledge and understanding to per-
form the required action (Sahoo et al., 2024). Few-
shot prompting operationalizes in-context learning
(ICL), where models condition on a small set of
input—output exemplars (also called demonstra-
tions) to induce a task-specific mapping at infer-
ence time (Brown et al., 2020). Subsequent work
has refined our understanding of why demonstra-
tions help: accurate labels are not always neces-
sary, while exposure to the label inventory, input
distribution, and output format often accounts for
much of the ICL gains (Min et al., 2022). These
findings motivate our controlled variants that (a)
vary the number and coverage of demonstrations
across ARR areas and (b) expose or hide area key-
words to test whether lexical cues aid or distract
models during area selection.

One disadvantage of few-shot prompting is the
potential inclusion of biases in the input prompt,
which then are reflected in the output of the LLM.
Therefore, the wording of the input can have signif-
icant influence on the model’s behaviour. Another
is the lengthening of the input prompt that can oc-
cur with multiple examples, which then can exceed
the input token limit or increase the runtime (Sa-
hoo et al., 2024). We try to account for this by con-
sidering varying numbers of examples provided in
the prompt, which clearly affect the length of the
prompt.

For taxonomy-based classification, two design
choices matter.  First, demonstrations should
represent the label space broadly enough to re-
duce class-imbalance artifacts in ICL (Min et al.,



2022). Second, prompt content can introduce
shortcut features (e.g., area-specific keywords)
that improve surface matching but may reduce
robustness when areas overlap semantically;
our “with/without keywords” comparison explicitly
probes this trade-off (Schulhoff et al., 2024; Sahoo
et al., 2024).

3. Data

3.1. Data Compilation

To conduct our experiments, we compile a corpus
in English of the relevant data of the ACL, EACL,
NAACL main conferences from 2020 to 2025 using
the ACL Anthology?®.

2023 2024 2025 Total
ACL 29 289 5 323
EACL 3 49 0 52
NAACL 0 180 3 183
Total 32 518 8 558

Table 1: Number of papers in the corpus per year
and conference that were successfully matched to
an ARR area.

In a first step, we download the proceedings.
These HTML files encompass all papers from the
proceedings for a single event. We only focus on
the main conference given that it is the one oper-
ating strictly on the ARR area classification for re-
viewer assignment. We use a Python script to ex-
tract the relevant papers (excluding e.g. workshop
proceedings).

As the goal of our research is to measure the
performance of different LLMs in assigning the dif-
ferent ARR areas, we require a second file with the
officially assigned areas as a baseline for compari-
son. Therefore, in a second step, we download the
data of the category Anonymous Pre-prints from
Open Review Rolling Reviews* for the years from
2021 to 2025. For 2020, there is no data avail-
able. The areas are chosen by the authors during
the submission process. We use a second Python
script that compares the titles of the data down-
loaded in the first step to the titles in these files. We
repeat this step for three years for each event/year
combination: The year of the conference, as well
as the two years before that. For instance, the data
for ACL 2024 is compared to the Open Review
Rolling Reviews data for 2022, 2023 and 2024. If a
match occurs, the area is added to the other meta-
data (See Table 2) and saved in a separate file. In

Shttps://aclanthology.org/

*https://openreview.net/group?id=aclweb.org/ACL/ARR
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total, our data set contains 558 abstracts success-
fully matched to an area®

Due to incomplete availability of OpenReview
metadata and imperfect title matching, only 558 pa-
pers (out of 8,905 papers published, 6%) could be
successfully aligned with ARR area labels. This
constitutes a limitation of our dataset and likely
under-represents the full set of conference papers.
Consequently, our study should be viewed as a
preliminary investigation into the feasibility and
performance of LLM-based ARR area assignment,
rather than a definitive large-scale evaluation.

Table 1 reports the number of papers success-
fully matched to an ARR area per conference and
year. As shown, there is a large discrepancy in
the number of papers across years: ACL 2024 ac-
counts for 518 papers, while 2023 and 2025 only
have 32 and 8 papers, respectively. This differ-
ence is primarily due to the inhomogeneous avail-
ability of ARR metadata in OpenReview for differ-
ent years.

3.2. ARR Areas

As stated above, we successfully assigned an
ARR area® to 558 papers from our data set. The
first list of areas and keywords was published in
2023 and then updated in 2024 and 2025. Thus,
our data includes 23 areas from different versions,
which we combine into a single list. Additionally,
we also merge two areas, the two ACL ’23 ar-
eas Semantics: Lexical and Semantics: Sentence-
level Semantics, Textual Inference, and Other Ar-
eas under the new label Semantics, as the 2025
version contains a single area with this thematic
focus. The keywords were selected by the senior
area chairs of each area, based on their knowl-
edge of the area. The ARR states that the list is
not exhaustive, but an overview of the most com-
mon themes.

Two of the 25 ACL areas we chose to include,
namely Human-centered NLP and Language Mod-
eling, are not included in our data set, likely be-
cause they were only present in 2024. We still
chose to include the areas in nine of our ten
prompting strategies as one minor goal of the eval-
uation task is to test the accuracy of the tag cho-
sen by the respective paper’s authors. Papers that
are assigned the area Special Theme Track are ex-
cluded from the data, as this label is not transpar-
ent and changes for each conference. Therefore,
a thematic classification is not possible and no key-
words are available.

The areas vary in size, the smallest areas Syn-
tax: Tagging, Chunking and Parsing and Phonol-
ogy, Morphology and Word Segmentation consist-

Shttps://github.com/eilebin/acl-task-data
®https://aclrollingreview.org/areas



Category Example

ID Borenstein_Arora_Kaffee_Augenstein_NAACL_2025

Title Investigating Human Values in Online Communities

Authors Nadav Borenstein, Arnav Arora, Lucie-Aimée Kaffee, Isabelle Augenstein
Year 2025

Event naacl

Type long

Abstract  Studying human values is instrumental for cross-cultural research [...]
Area Computational Social Science and Cultural Analytics

Table 2: Example of the extracted data for each paper. The ID is in a BibTeX-like format, consisting of a
maximum of five authors, the event, and year. Its purpose is the identification of the paper.

ing of 3 papers, whereas the biggest area Re-
sources and Evaluation encompasses 68 papers.
Figure 1 displays the number of papers in each
area.

Syntax: Tagging, Chunking and Parsing

E G E

Computational Social Science an
Cultu

nnnnnn

Figure 1: Number of papers across the different
ARR areas in the data set.

4. Methodology

4.1. Models

We evaluate the performance of three different
models on our dataset. Given that our data set is
limited in size, we chose to focus on existing mod-
els rather than train an encoder model.

Hermes 2 Pro - Llama-3 8B Hermes 2 Pro -
Llama-3 8B’ (Teknium et al., 2024) was released
as an upgrade of Nous Hermes 2, based on Llama-
3 (8 billion parameters).

"https://huggingface.co/NousResearch/Hermes-2-
Pro-Llama-3-8B
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Qwen3-32B Qwen3-32B (Qwen Team, 2025).
The model® is a 32.8B-parameter causal language
model with 64 layers and grouped-query attention
(64 query heads and 8 key-value heads). It offers
both a thinking and a non-thinking mode, which we
indicate by the addition of _Think.

OpenAl-gpt-oss-20b  OpenAl-gpt-0ss-20b°
(OpenAl, 2025) is an autoregressive Mixture-of-
Experts transformer with 24 layers and 20.91B
parameters, released on 5 August 2025. OpenAl-
gpt-0ss-20b was trained on a text-based data
set, focusing on science, code and general world
knowledge.

All models were run locally using the Hugging
Face Transformers library with automatic GPU
device placement. Inference was conducted in
bfloat16 precision without additional quantization.
Prompts were formatted using the models’ native
chat templates, and deterministic decoding was
used to ensure reproducibility. No sampling-based
hyperparameters were added. The generated out-
puts were saved as YAML files without further post-
processing.

4.2. Prompting Strategies

As stated in Section 2, we test different prompting
techniques on the models, both with and without
human-curated keywords. In all cases, the prompt
includes a description of the task and the structure
of the input data.

» zero-shot: For this, we offer the model an ex-
ample output with no additional material.
Example Output (in YAML format):
article_id:
acl_area:

one shot, three shot, five shot: This prompt
encompasses one (three, five) randomly cho-
sen examples in an input and the required out-
put format. An example consists of the data in

8https://huggingface.co/Qwen/Qwen3-32B
®https://huggingface.co/openai/gpt-oss-20b



Table 2 as the Example Input, as well as the
article_id and the area in the Example Output.

each category: In this prompt, we include
one example for each category that is in-
cluded in our curated list of ARR areas.

each category_v2: Here, we only include the
ARR areas that are represented in the data
in the list of possible areas the models can
choose from. Therefore, the number of areas
is reduced from 25 to 23, as the areas Human-
centered NLP and Language Modeling are not
included in our data set.

each category_three: In this prompt, we in-
clude three examples for each area in the data.
However, due to the necessity to reduce the
length of the prompt, we only give the exam-
ple output.

keywords_zero shot, keywords_one shot,
keywords_three shot, keywords_five shot:
In addition to the previous information, the
keywords provided by the ARR are added to
the prompt.

In Appendix A, we provide the prompt used in
the one-shot experiment to illustrate our prompting
strategy.

5. Evaluation of Different Prompting
Strategies

5.1.

As Figure 2 portrays, the accuracy of 2 of the 4
models, i.e. Hermes2Pro and the non-thinking ver-
sion of Qwen3-32B, increases with a higher num-
ber of examples in the prompt.

Considering Table 3, Hermes2Pro gradually in-
creases its performance with the inclusion of more
examples into the prompt. Initially, at zero-shot
prompting, it classifies 174 papers correctly. It
then peaks at five-shot with 196 papers, a 12.64
% increase. The non-thinking version of Qwen3-
32B mirrors this behaviour. At zero-shot, the label
for 224 papers is correctly selected. This value ex-
pands by 14.73 % to 257 at five-shot.

However, for OpenAl-gpt-oss-20b offering more
examples does not improve the performance of
the LLM. This model peaks at one-shot prompt-
ing with 309 correctly classified papers, the high-
est value in our data, and then declines as more
examples are added. At five-shot prompting, 299
areas could be correctly assigned to the papers,
a 3.24 % decrease. Similarly, Qwen3-32B_Think
reaches its best output performance with only one
example in the prompt at 284 papers.

Zero-Shot vs. Few-Shot Prompting
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variable [ll Precision [ Recall
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Figure 2: Performance of the four models in
terms of macro-averaged precision, recall, F1-
score, and accuracy across different prompting
strategies without keywords.
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The highest recall (0.560) is achieved by
OpenAl-gpt-oss-20b at one-shot prompting, re-
flecting the high accuracy of this specific prompting
and model combination. In contrast, Hermes2Pro
at three-shot has the lowest recall with 0.312. No-
tably, the model and few-shot combination with
the highest accuracy does not reach the high-
est macro-averaged precision. Qwen3-32B_Think
reaches a precision of 0.597 at five-shot, whereas
the best performing OpenAl-gpt-oss-20b achieves
a precision of 0.5899 at one-shot.

5.2. All Area Coverage

For the previous experimental setup, we only of-
fered a fixed number of examples in the prompt in
total, so not every area was represented. In this
step, we increase the number of examples signifi-
cantly to 23 and 69 respectively, covering all of the
areas in the data set.

Considering again Table 3, three of the four mod-
els do not display an increase in correctly assigned
areas for the each-category prompt. Only the
non-thinking version of Qwen3-32B performs bet-
ter than at zero-shot and few-shot with 271 papers.
Compared to five-shot, the best performing exper-
imental set-up for our initial testing, the model in-
creases its correct output by 5.45 %.

Additionally, the exclusion of the two supplemen-
tary areas (Human-centered NLP and Language
Modeling) has a positive impact on the perfor-
mance of all models. The non-thinking version of
the Qwen3 model again outperforms its previous
results with 276 papers.

As with the previous set-up, OpenAl-gpt-oss-
20b does not achieve a rise in correct answers
as more examples are added to the prompt. For
each category_three, the model even reaches the
second-lowest resultin total, with 293 papers. This
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Qwen3

Qwen3_Think OpenAl

Prompts without keywords

zero-shot 174 (31.18 %)
one-shot 178 (31.90 %)
three-shot 186 (33.33 %) 253
five-shot 196

186 (33.33 %)
193 (34.59 %)
226 (40.50 %)

each category
each category_v2

(
(
(
(35.13 %)
(
(
each category_three (

224 (40.14 %)
236 (42.29 %)
(45.34 %)

257 (46.06 %)
)

)

271 (48.57 %
276 (49.46 %
293 (52.51 %)

269 (48.21 %
284 (50.90 %
273 (48.92 %
(
(

) 294 (52.69 %)
)
)
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)
)
)

309 (55.38 %)
304 (54.45 %)
299 (53.58 %

)

277 (49.64 %) 291 (52.15 %)
280 (50.18 % )
)

306 (54.84 %

300 (53.76 %
293 (52.51 %

Prompts with keywords

keywords_zero-shot 205 (36.74 %) 219 (39.25%) 239 (42.83 %) 238 (42.65 %)
keywords one-shot 169 (30.29 %) 223 (39.96 %) 251 (44.98 %) 265 (47.49 %)
keywords_three-shot 187 (33.51 %) 230 (41.22 %) 260 (46.59 %) 271 (48.57 %)
keywords_five-shot 196 (35.13 %) 258 (46.24 %) 283 (50.72 %) 292 (52.33 %)

Table 3: Model Performance Comparison

variable [ll Precision Il Recall || F1 [l Accuracy

] d | |

Figure 3: Performance of the four models in
terms of macro-averaged precision, recall, F1-
score, and accuracy across different prompting
strategies with coverage of all areas (each cate-

gory)
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Hermes2Pro,

drop is again contrary to the behaviour of the other
models that show a positive correlation between
the number of examples in the prompt and the per-
formance. Qwen3_Think correctly classifies 306
papers, a 7.75% rise compared to one-shot. Her-
mes 2 Pro - Llama-3 8B reaches a surge of 15.31%
from 196 at five-shot to 226.

In total, the reduction of class-imbalance in the
prompt seems to only aid the models if multiple
examples for each area are added, as seen in Fig-
ure 3. The data for three out of four LLMs suggests
that ICL improves with a higher number of exam-
ples.

5.3. Prompts with keywords

The inclusion of keywords into the prompt de-
creases the performance for three of the four mod-
els for zero shot, one shot and three shot prompt-
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ing (see again Table 3). For all of the four vari-
ants of shots, the biggest drop can be seen for
OpenAl-gpt-0ss-20-b model with a decrease of
19.05% for zero shot, 14.24% for one shot, 10.86%
for three shot and 2.34% for five shot. Only the
Hermes2Pro model reaches better results in two
cases, for zero shot and three shot. Additionally,
both versions of the Qwen3 model display a better
performance for the five shot prompts.

When adding keywords, as presented in Fig-
ure 4, the Qwen3 and OpenAl models increase
their performance with more examples, a be-
haviour which is contrary to the results of the ex-
perimental setup without keywords for OpenAl-gpt-
0ss-20b and Qwen3-32B_Think (see Section 5.1).
For instance, Qwen3-32B_Think correctly selects
the areas of 239 papers for zero-shot prompting.
For five-shot its accuracy rises by 18.41% to 283
papers, with no drop for one-shot and three-shot.
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Figure 4: Performance of the four models in
terms of macro-averaged precision, recall, F1-
score, and accuracy across different prompting
strategies with human-curated keywords.

Despite the lower performance in general,



OpenAl-gpt-oss-20b outperforms the other mod-
els for one shot, three shot and five shot. With 292
out of 558 (52.33%,) correctly classified papers, it
reaches the best results for this experimental setup
at five shot prompting. For zero-shot, the Qwen
3-Thinking model displays a better performance,
with a one paper difference.

In total, the inclusion of keywords seems to not
aid the models in the area selection task. This
could be due to the human-curated nature of the
keywords which might not accurately and fully
represent the respective areas. Some keywords
are included in multiple areas. For instance, the
keyword “human-in-the-loop” is used for the ar-
eas Dialogue and Interactive Systems and Human-
Centered NLP. Additionally, for the area Linguistic
Theories, Cognitive Modeling, and Psycholinguis-
tics the only keywords are the three parts of the
area name.

When comparing our results with previous
work, we observe that state-of-the-art perfor-
mance varies considerably depending on the tax-
onomy and language. Results reported for the
LLMs4Subjects shared task (Ho, 2025; Shirali
et al., 2025) are relatively lower than those ob-
tained for our specific task, while Kuzman et al.
(2023) report F1 scores above 70 for under-
resourced languages. Our task is particularly chal-
lenging, as it involves identifying fine-grained re-
search areas within a single scientific field, where
substantial inter-topic overlap is likely. Further-
more, the labels are derived from authors’ self-
assessments, which may introduce subjective bias
and additional noise into the training and evalua-
tion data.

6. Evaluation of Results per Area

To assess the performance differences between
the areas, we now focus on a micro-level analysis
of the results for OpenAl-gpt-oss-20b at one-shot
prompting, the best performing model and prompt-
ing technique combination in our data (see Figure
5). Additionally, we examine a confusion matrix of
the results to trace the discrepancy between de-
clared and assigned areas (see Figure 6).

Figure 5 illustrates the results of the selection
task divided by area. Notably, for two areas, Com-
putational Social Science and Cultural Analytics
and Phonology, Morphology and Word Segmenta-
tion, the model reaches a perfect precision score.
However, for the latter category, this result is only
based on one successfully assigned paper. For
both areas, this is not reflected in the recall score.
The lowest precision scores are noted for the ar-
eas Syntax: Tagging, Chunking and Parsing and
Semantics. Similarly, the recall for Semantics is
also the lowest, along with NLP Application. As
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Figure 6 shows, a higher number of papers from
NLP Applications were marked as Generation in-
stead of the correct area. Seven papers from Se-
mantics were categorized as Machine Learning for
NLP, while four were given the correct area. The
highest recall is reached for Machine Translation
and Summarization. Machine Translation also has
the highest F1-score.

The confusion matrix gives us a more detailed
breakdown. Task-bounded areas show a crisp di-
agonal (e.g., machine translation, information ex-
traction, question answering, summarization), indi-
cating balanced precision and recall. By contrast,
broad or cross-cutting areas behave as catch-
alls and create asymmetric errors. Resources
and Evaluation and Language Modeling attract
many false positives (papers from other areas pre-
dicted as these), lowering precision, while simulta-
neously losing in-area papers to neighbouring la-
bels (lower recall). We also see predictable ad-
jacency confusions: a) Generation with Summa-
rization with Dialogue/QA, b) MT with Multilingual-
ity, c) IR/text mining with Information Extraction,
d) Semantics with Discourse/Pragmatics, reflect-
ing shared methods and datasets. Taken together,
these patterns indicate that the current area set
overaggregates meta roles and underspecifies
boundaries for broad scopes; as a result, precision
and recall degrade exactly where labels are vague
or semantically similar in terms of topics covered.
A hierarchical or primary plus secondary label-
ing (task/domain as primary; role/method such as
“resources” “ethics” or “human-centered” as sec-
ondary) could be a way to reduce these system-
atic confusions and aid authors to select areas in
a more systematic way.

7. Evaluation of Incorrectly
Classified Data

Not only the analysis of the correctly classified pa-
pers offers insights, but also the incorrectly clas-
sified data points. In some instances, the models
select the same area for one paper that does, how-
ever, not correspond to the one listed on Open Re-
view.

For this, we filtered out the correctly classified
papers and then compared the output of the mod-
els. As shown in Table 4, the each category
prompting offers the most overlapping falsely clas-
sified papers, whereas one-shot prompting pro-
vides the least data points. This classification,
therefore, is largely influenced by the performance
of OpenAl-gpt-oss-20b.

Due to its low performance in the classification
task, we filtered out the Hermes2Pro model for a
second comparison, focusing on the two versions
of the Qwen3-32B model and OpenAl-gpt-oss-20b.
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Figure 5: Performance of OpenAl-gpt-oss-20b in terms

different areas at one-shot prompting.

The assigned label is the same for the three mod-
els in 114 cases for each category. This is equal
to 20.43 % of the data set, the highest result of the
five.

All models  Qwen3—-OpenAl
zero shot 51 96
one shot 50 91
three shot 59 101
five shot 63 104
each category 66 114

Table 4: Incorrectly classified but overlapping data

This comparison shows that the areas selected
by the authors for the paper might not encompass
the content correctly. This could be due to the dif-
ficulty of choosing an appropriate area. Table 4
illustrates an example of such a paper. The au-
thors chose the broader category "Resources and
Evaluation”, whereas all LLMs selected the area
"Semantics”. OpenAl-gpt-0ss-20b provides a rea-
soning for its selection, in which it is stated that "the
paper is about noun-noun compounds interpreta-
tion, semantic relations, linguistic study” and that
"the focus is semantics”. In this case, the area cho-
sen by the LLMs might represent the content more
accurately than the label chosen by the authors as
might be inferred from the abstract (See Appendix
B) of the paper which indicates a strong focus on
semantics rather than providing a new resource.

It could also be interpreted as an indication that
the areas offered by the ACL are not transparent,
neither to the authors using the ARR area key-
words to select an area or in general. The over-
lap of keywords across different areas might in-
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of precision, recall, and F1-score across the

Article ID: | Rambelli_Chersoni...
Authors: Resources and Evaluation
LLMs: Semantics

Table 5: Example of a paper assigned a different
area by all four LLMs than the one chosen by the
authors. Metadata and abstract are in Appendix
B.

crease this effectas it becomes harder to distin-
guish the different areas if they encompass similar
subtopics.

8. Conclusion

In this paper, we compared the ability of different
LLMs to accurately assign the thematic areas of
ACL papers (ARR areas), using different prompt-
ing strategies (one-shot vs. few shot, prompting,
inclusion of area-specific keywords). For this, we
compiled a data set of 558 papers from ACL, EACL
and NAACL, spanning from 2020 to 2025.

Our analyses of different prompting techniques
do not fully conform to previous findings (Brown
et al., 2020), which report higher accuracy with
an increased number of in-context examples. In
our experiments, the highest overall accuracy was
achieved with one-shot prompting, suggesting that
adding more examples does not necessarily ben-
efit classification performance. Similarly, broad-
ening the prompt to include all ARR areas in the
dataset did not consistently improve model accu-
racy, with only one model showing performance
gains. We also observed a substantial number of
instances in which all models selected areas that
differed from the authors’ labels; in such cases, the
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Figure 6: Confusion matrix for paper to area classification by the OpenAl-gpt-oss-20b model

models’ predictions may be more thematically ac-
curate than the authors’ self-assigned areas. Over-
all, our results suggest that authors may experi-
ence difficulties in selecting thematically appropri-
ate areas, potentially due to ambiguity in the area
names and associated keywords.

Including the ARR’s human-generated key-
words, did not aid the models in the classification
task. This might be due to the overlap of keywords
in different areas. The keywords might not reflect
the content of the papers in the area, contrasting
with the semantic knowledge of the LLM.

The area labelling and keyword assignment is
a dynamic process within ACL. Given our results,
we suggest not only constant area revision aided
by similar analyses to reflect the changing ACL
landscape (as done in Rogers et al. (2023)), but
also to install selection procedures of areas that
reduce systematic confusions and aid authors to
select areas in more systematic ways. An ex-
ample could be hierarchically structured areas or
the selection of a primary plus secondary labelling
(e.g., task/domain as primary; role/method such
as "resources” “ethics” or "human-centered” as
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secondary or vice versa).

9. Limitations

This work has several limitations. First, the num-
ber of LLMs evaluated was small. Although
we tested various prompting strategies, including
zero- and few-shot approaches with or without key-
words, results may differ with other state-of-the-art
or proprietary models. More advanced prompting
and stronger LLMs could improve performance.

Second, the evaluation dataset was limited to
558 papers with uneven coverage across ARR re-
search areas. This may have influenced perfor-
mance differences and limits generalisability. Ex-
panding the dataset and revising the ARR taxon-
omy, for example, using hierarchical or multi-label
schemes, could reduce sampling bias, clarify label
ambiguities, and better capture research complex-
ities.
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A. Prompt template

Role:

Act as a librarian and organize a col-
lection of articles from the Associa-
tion for Computational Linguistics (ACL),

published between 2020 and 2025.
Objective:

Your task is to read, analyze, and organize a
corpus of abstracts for papers from the following

events:

+ Association for Computational
(ACL)

Linguistics

+ European Chapter of the Association for Com-
putational Linguistics (EACL)

+ Nations of America Chapter of the Association
for Computational Linguistics (NAACL)

In general, the Association for Computational
Linguistics focuses on the study of computational
linguistics and natural language processing. Your
goal is to create a comprehensive and structured
database that facilitates search, and retrieval of
these articles by researchers, and scientists.

Input:

You will be provided with instances from a dataset
of astracts from the Association of Computational
Linguistics. The dataset will consist of the ab-
stracts of the original articles, along with some of
their corresponding metadata:

* bibtex-style id
. title
author(s)

publication year

event (ACL, EACL, NAACL)

paper type (long or short)
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Tasks:
A. Read and analyze the provided article to under-
stand its core contribution and research context.
B. Identify the area of the paper. Areas describe
the main idea of the paper and are used in the
reviewing process for reviewer assignment. You
should choose an area that: - accurately repre-
sents the content of the provided abstract

The area should exclusively be from this list of
official areas:

1. Computational Social Science and Cultural

Analytics

Dialogue and Interactive Systems
Discourse and Pragmatics
Efficient/Low-Resource Methods for NLP
Ethics, Bias, and Fairness

Generation

Human-Centered NLP

Information Extraction

Information Retrieval and Text Mining

© © © N o o ~ @D

—_

Interpretability and Analysis of Models for NLP

—_
—_

. Language Modeling

"y
\o}

. Linguistic Theories, Cognitive Modeling, and
Psycholinguistics

13. Machine Learning for NLP

14. Machine Translation

15. Multilinguality and Language Diversity

16. Multimodality and Language Grounding to Vi-

sion, Robotics and Beyond

17. NLP Applications

18. Phonology, Morphology, and Word Segmen-
tation

19. Question Answering

20. Resources and Evaluation

21. Semantics

22. Sentiment Analysis, Stylistic Analysis, and Ar-
gument Mining

23. Speech Recognition, Text-to-Speech and
Spoken Language Understanding

24. Summarization

25. Syntax: Tagging, Chunking and Parsing


https://huggingface.co/NousResearch/Hermes-2-Pro-Llama-3-8B
https://huggingface.co/NousResearch/Hermes-2-Pro-Llama-3-8B

Do not use external sources such as the internet
for this task.

Example Input:

ID: Sicilia_Gates_Alikhani_EACL_2024

Title: HumBEL: A Human-in-the-Loop Approach
for Evaluating Demographic Factors of Language
Models in Human-Machine Conversations
Authors: Anthony Sicilia, Jennifer Gates, Malihe
Alikhani

Year: 2024

Event: eacl

Type: long

Abstract: While demographic factors like age
and gender change the way people talk, and in
particular, the way people talk to machines, [...].

Example Output (in YAML format):
article_id:  "Sicilia_Gates_Alikhani_ EACL 2024"
acl_area: ’"Dialogue and Interactive Systems”

Ensure that you output is a valid YAML file that fol-
lows the format provided above. No additional text
output besides the YAML is required. Respect this
rule and you will be rewarded accordingly.

B. Example of incorrectly classified

paper

Article ID: ’Rambelli_Chersoni_Collacciani_Bolognesi
_ACL_2024’

Title: ’'Can Large Language Models Interpret

Noun-Noun Compounds? A Linguistically-
Motivated Study on Lexicalized and Novel
Compounds’

Event: 'acl’

Year: '2024’

Author: ’Giulia Rambelli, Emmanuele Chersoni,
Claudia Collacciani, Marianna Bolognesi’
Abstract: ’Noun-noun compounds interpretation
is the task where a model is given one of such
constructions, and it is asked to provide a para-
phrase, making the semantic relation between the
nouns explicit, as in carrot cake is “a cake made
of carrots.” Such a task requires the ability to
understand the implicit structured representation
of the compound meaning. In this paper, we test
to what extent the recent Large Language Models
can interpret the semantic relation between the
constituents of lexicalized English compounds
and whether they can abstract from such seman-
tic knowledge to predict the semantic relation
between the constituents of similar but novel
compounds by relying on analogical comparisons
(e.g., carrot dessert). We test both Surprisal met-
rics and prompt-based methods to see whether
i.) they can correctly predict the relation between
constituents, and ii.) the semantic representation
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of the relation is robust to paraphrasing. Using a
dataset of lexicalized and annotated noun-noun
compounds, we find that LLMs can infer some
semantic relations better than others (with a
preference for compounds involving concrete con-
cepts). When challenged to perform abstractions
and transfer their interpretations to semantically
similar but novel compounds, LLMs show serious
limitations.’
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