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NAACL 2025

 NAACL: Annual Conference of the Nations of the Americas
Chapter of the Association for Computational Linguistics

« X, BRIEFSUEIE N2 —, CCFBE=W
« 2025F AR FEMITMNA/R{ATE,; 4.29-5.4
* https://2025.naacl.org/

* https://aclanthology.org/events/naacl-2025/
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| NAACL 2025 Overview

Review Statistics for NAACL

ARR 2024/10

3185 submissions

~3000 reviewers, ~550 area chairs assigned
82 submissions: additional ethics review

Big thanks to ARR team, esp. Viviane Moreira,
Anna Rogers, Michael White

No. of Reviews —

Avg. Review Scores per Paper —

2025-5-25

NAACL Commitment

1647 submissions

91% from ARR 2024/10

Ranked by 98 senior area chairs

-

Accepted: 719 Main Conference & 477 Findings

No. of Meta Reviews —s

Ly

-

Meta Review Scores per Paper —




NAACL 2025 Overview

Acceptance Rate for Main Conference Papers

Multi-stage ARR review + commitment
Following precedents in *ACL conferences, we used:

Acceptance rate = (#accepted) / (#contenders)

#contenders =
o submissions to ARR 2024/10 that specified NAACL as preferred venue, no preferred
venue, or committed to NAACL (3099 submissions) N
o+ committed to NAACL from previous cycles (147 submissions)

Acceptance rate = 719/ 3246 = 22.15%

= BAsp A
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NAACL 2025 Overview

NAACL: Growth in number of papers

= == Total Submissions == Accepted to Main Conference
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| NAACL 2025 Overview

Paper commitments by track
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Largest tracks by submissions in

2024: NLP Applications, Resources/Evaluation, Interpretability, Efficiency/Low-Resource

2021: NLP Applications, Machine Learning, Information Extraction, Dialogue

2018: Information Extraction, Semantics, Machine Translation, Summarization

0
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Special Theme

Special Theme: NLP in a Multicultural World

e Representative topics (not an exhaustive list):
Cultural localization of language models.
New NLP applications to support people from diverse cultures.
Analysis of cultural biases in language models.
e We received 71 theme track submissions this year
31 papers accepted to the main conference
23 accepted to “Findings”
2 paper awards (best theme paper and runner up)
e Special Theme Sessions:
ST.1: Today - 2pm to 3:30

ST.2: Tomorrow - 2pm to 3:30

2025-5-25




Three Keynotes

Keynote Speaker: Rada Mihalcea

LOCATION: BALLROOMA -C

Title: The Power of Many: How Cross-Cultural NLP Will Drive Innovation and Lead to Better Systems

Abstract: In recent years, NLP has made remarkable strides, with language and language-vision models transforming applications across a wide range of domains—including
healthcare, education, social sciences, humanities, the arts. Yet, many of these models and the datasets they rely on reflect only a small fraction of the world’s population, which
often leads to gaps in performance, biases, and missed opportunities for impact. In this talk, I will draw on insights from over a decade of cross-cultural research to highlight key
limitations in current benchmarks and models, from their narrow linguistic and cultural scope to challenges in evaluation and application design. I will share key lessons learned
along the way and make the case for cross-cultural NLP—one that more effectively captures the diversity of behaviors, beliefs, and linguistic expressions across different
communities—not only as a way to build stronger and more robust systems but also to foster an even more innovative research community.
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Keynote Speaker: Mike Lewis

LOCATION: BALLROOMA -C

Title: Science and Scaling: How (really) to Pre-train a Llama

Abstract: Pre-trained language models form the basis for much of modern NLP, and while the basic pre-training recipe is well known, many details of model development are
hidden in secretive research labs. Based on experience training Meta’s Llama models, I will shed light on the evolving science of pre-training. The central challenge of pre-training
research is in designing small scale experiments that can confidently be extrapolated to main training runs at orders of magnitude greater scale - which has led to an approach
that differs from much of academic research. While careful experiments can disentangle many of the factors that do and don’t matter for large scale training, I will also discuss
gaps in the science that mean researcher judgements and intuitions remain critical to decision making.

Scaling Intelligence the Human Way

Josh Tenenbaum
MIT

2025-5-25




Other interesting papers

« Keywords: Semantics, meaning,
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Rethinking Word Similarity:
Semantic Similarity through Classification Confusion

Kaitlyn Zhou, Haishan Gao, Sarah Chen, Dan Edelstein, Dan Jurafsky, Chen Shani
Stanford University
{katezhou, hsgao, sachen, danedels, jurafsky, cshani}@stanford.edu

NAACL 2025, Long main
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About the authors

 Kaitlyn Zhou, 6-year-old phd in Stanford, incoming AP at Cornell

» focus on: model overconfidence; context-aware evaluation:
human-LM interactions

 supervisor: Dan Jurafsky

* Professor both in Humanities (Linguistics) and Computer
Science

« Standford NLP
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Professors

Chris Manning

Linguistics & Computer Science

Tatsunori Hashimoto

Computer Science

2025-5-25

Dan Jurafsky

Linguistics & Computer Science

Monica Lam

Computer Science

- E5HE

S

H

S

Percy Liang

Computer Science

Diyi Yang

Computer Science

Chris Potts

Linguistics

Yejin Choi

Computer Science & HAI
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RIZTEER RR 4

s HF L TX#HAST Iﬁli’]ﬂﬁﬁﬂﬂl’i (anisotropy) , FRZARMUE
AWML ‘REEE TES

« EEHAEST IETJ EI’] 2N X 18 (Timkey and Van Schi- jndel, 2021; Ethayarajh, 2019)

o RS sMTRIAY FEUE (zhou et al., 2022a)
EFIEIE X KRR FRIE (vilnis and McCallum, 2014)
« JMENIRIFBILE Lt SIIAERIAERIE EX
o B ABEULHEL A ZEBYTE X FI T (Nematzadeh et al., 2017,Sitikhu et al., 2019).
s O RREMESS, MUAHIER T E GEXHE) AYFREUE rversky,

1977; Ettinger and Linzen, 2016; Zhou et al., 2022a, inter alia)

- BN EEMTE “TRA TEAR, BRERSLEAE
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s EFTIRE — T EEMRRIENTTA
- 7’R/%& (word confusion) 75T JRBFBFAMTIMIANRE, R
EREFEREE (RIESRIBRRFRTIEIRIZE)
* | like a cat. -> | like a {dog, animal, table...}.
« FHLIA): HFE
o ARV MEENEBUR FHFE R AH B A2 i 1%
s HEELR EFHITRIIE
« SRZXMAELIEFHITXIEL
« EESLAMAL D TEESE LTI UE
« — 1B XFERY [E & LY SEA
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RPN ﬂ JEEIB
s FH1RIEE : BFE/FPF1Rl. f5140{red, green, blue}
- HEria: BEMHRIAXHIE, AIUEFIAERR, tWAlAARE
. ﬁ\%é%ﬁwllﬁ

- WEIFrEFIHIRAIERRTEN L TX

. T%HM:T?FE?%?WU%%‘%%%%M\

s I AFIIIMEXNNEIE, B— RN — 15

« DMK BEMES (CR{IFBERTHHEETUNES)
o TP B

- REIBIRAAEL TS, SRR

NEPIIGH B S BIMAAB/R, HIMMENEH SRR “FabE
AR HIREERE AR RARRIN
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Training
S, = The sunset painted the sky a brilliant shade of red

CLS The  sunset e HSEP
D S S —
Encoder
I | } I }
EJS, E|S, E2|Si Elei En|si_

CLF( E s D P(red) \ P(green) \ P(blue) \

(a) Training Word Confusion: The classifier is trained in
a self-supervised manner, after selecting the desired features
(in this example the classes red, green blue). We extract
sentences containing those 3 “feature” words. The input
to the classifier is the contextual embedding of the class
token, e.g., the BERT embedding of the word *“red” in the

sentence “The sunset painted the sky a brilliant shade of red”.

The classifier is trained to predict a class (“red”) from that
contextual embedding.

2025-5-25

Inference

S, = Burggndy is a deep reddish-brown shade inspired by wine |

e —
~— o
T— S i

—a

CLS H Burgundy | is wine SEP ‘
l [ . l |

‘. Encoder ‘

- | | ——

Eulsi E,IS, _Ezlsi En-1lsi, EIS;

CLF( E,IS, )

(b) Wword Confusion inference: We are given the classi-
fier and the predetermined set of classes, which will act as
features, in this case red, green, blue. Given a target word in a
sentence, e.g., “burgundy”, we extract its contextual embed-
ding in that sentence €pyroundy and compute P(w;|€purgundy )
for each class 7. The classifier’s confusion matrix then define
the similarity of the burgundy with each class. The input
word can be one of the feature words (red, green, blue) or
not (burgundy).

P(red) ‘ ] P(green) H P(blue) ‘




Decision Surface
(Logistic Regression) MLP Classifier

Cosine Similarity

P 4

N Word Confusion
j.[: 5 15 N
AN

-10 0 10 20

-10 0 10 20

Figure 2: Differences in decision boundaries between Word Confusion and cosine similarity. The x and y axes
represent two dimensions of an artificially constructed set of data points. Note how cosine similarity’s boundaries
originate from the origin whereas Word Confusion’s are not limited in the same way.

 IEXTIRIE
- A FRREIE

 school: {positive, negative}, or {fun, work}
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AL,

« MEN: 3000 word pairs
annotated by 50 humans. for
example, {berry, seed}, {game,
hockey}, and {truck, vehicle}
with 1-7 scores, 0.68

* WordSim353 (WS353): 2000
pairs, 84% ITA

» SimLex 1000 word pairs, 0.67

2025-5-25

Dataset ;
m MEN WS353 SimLex

Cosine 0.59 0.54 0.39

Word
: 0.66 0.67 0.44
Canfusion
Table 1: Spearman’s p correlation between Word

Confusion and cosine similarity results as compared
to humans. These three benchmarks focus on slightly
different aspects of word similarity. We measure the
correlation between human scores and cosine similarity
between the language model embeddings versus Word
Confusion’s similarity scores. As can be seen, our
method slightly outperforms cosine similarity.




ZES

>
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B
=
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. FhFiR{positive, negative}

- VEAMERIS K
« “flower” is feminine in French and masculine in Italian.
e [talian and French nouns (Sahai and Sharma, 2021)

« TEX KA
« ConceptNet class
« Fashion-Gaming; Sea-Land
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+ EF
ZAZKN

Experiment Word Confusion Cosinel Cosine2 Cosine3 Ave. Cosine
Sentiment Classification 0.79 0.75 0.71 0.84 0.73
Grammatical Gender (Italian) 0.93 0.80 0.80 0.71 0.77
Grammatical Gender (French) 0.85 0.86 0.86 0.83 0.85
ConceptNet Domain (Fashion-Gaming) 0.90 0.93 0.93 0.90 0.92
ConceptNet Domain (Sea-Land Animals) 0.83 0.79 0.80 0.61 0.73
Average 0.86 0.83 0.82 0.76 0.80

Table 2: Macro-F1 for Word Confusion and cosine similarity across a variety of feature classification tasks. We
operationalize cosine similarity in three ways: 1) the distance between the centroids of the seed words and the target
words 2) the average distance each of the target word to the centroid of the seed words 3) the average distance of
each target word to each seed word (no centroids).
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w 1789
SCIS=: What Is A o
Revolution?

Revolution Counter-Revolution

1792

[:¥]
=]

» RevolutionTE3£1E Xk F3EEH K
FafeRETIEXET
« —HFIREMARIEXTHX
s ZIE¥ERRE] T BUR
. FhF£{people, government}
« B¥riA]: revolution & counter-r _ |

o ~J g{\—\ /13’% HH - T7=60 =40 -0 O 20 40 60
S Y . First principal component
S A A Q/Z
° -L.IE HH T J:]jzﬂl:l TI Figure 3: In 1789, the word “revolution” was primarily
S I associated with popular action (represented in orange).
¢ ﬁim T ; | ﬁl:l gOVG ' ment 5 | ,%D }i -E- In 1792 “revolution” was now also seen as something
A 9? ? T ]:!E_ E/] ( ) that the government should lead (represented in blue)
Flp E N j: a ' neW found in the “counter-revolution” cluster. In 1793, this
new governmental meaning had spread back to the word
“revolution” itself.
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Embedding derived animacy rankings offer insights into the sources of
grammatical animacy

Vivian G. Li
Yale University, New Haven, CT, USA
liguo.vivian@gmail.com

NAACL’'25 Long
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« £ E %L (grammatical animacy) EHEFH— P EIF
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s PHMEANEGEFR - 1E5RE
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| HE% Tt

']¢J><H%U%T75
o BT IR EERY 5 AT PAFRIESEEE 55 & (Mikolov et al., 2013)

o AMUNFRREREVEFE, BAARSRITPESIEXSE (FlEIR/N &
&ﬁifrh) Q*f:jrﬁg/\ftﬂpsz—tli

« AT AT /\E’]’L- wEEFR
« £ E: EAR. BJLUSENEE & JE %5 (VanArsdall et al., 2017; VanArsdall and

Blunt, 2022)
o AEBHITIES (Radanovic et al. (2016) 126437, VanArsdall and Blunt (2022) 1200413)

o BMA&HER: Animals > Humans > Inanimate Entities
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Animate

\ Human Nonhuman Inanimate
ENRC S

Table 1: Animacy modulates plural marking in the Gu-
dandji dialect of Wambaya (Aguas, 1968:5-6; cited in

:—1IZI *+ %JL,I)_“J EI/] H 4 - A B = & Q))‘i Santazilia, 2020: Table 7)
« H—EESRAREE D rT%%%THMﬁHE [B1 At &= =2 M P 20 A%

AR —&L liv(Corbett, 2006, 2012; Comrie, 1989; Croft, 1990; Ortmann, 1998; Santazilia,
2019, 2020; Silverstein, 1976; de Swart et al., 2008, a.0.)

- —EEEHEREEN, FRESHMEMHNES M

- FlUNERIER, BEZENERMLTFER's, o4 2R U{E Hof

s BEARIEELIEFTHUMNE, TEZAETENEERNNE, WRT
A 2RI E EARRE, EEFEREE

- FF51:

I-ﬁ]]j:

Speaker (1*' person pronoun) >

Addressee (2™ person pronoun) > 3™ person >

Kin > Human > Animate > Inanimate
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« RITOM
- ZREHFM
» Kruskal-Wallis tests and performed post-hoc Dunn’s tests with
Benjamini- Hochberg correction
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Layer
Figure 3: Line graph showing mean and standard devia-

tion (error bars) of animacy scores of categories animals,
humans and objects, averaged across words. Within

" each panel, the lower the score, the higher the animacy.



BERT

Animacy
8

Layer

4
a

-4
8

Animacy

-

Layer

Figure 1: Heatmap showing animacy scores for all words used in the analyses across all layers in BERT (top) and
GPT-2 (bottom). The vertical black lines in both panels demarcate different word categories, arranged from left to
right: animals, humans, first-person pronouns, second-person pronouns, third-person pronouns, and objects. In both

panels, the blue end of the color spectrum represents the highest level of animacy. The full list of words analyzed
can be found in Appendix A.l.
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Layer

Figure 2: Line graph showing animacy scores of all

target words used in the analyses across all layers in

BERT (top) and GPT-2 (bottom). Categories (animals,

humans, pronouns, objects) are color-coded. Within
each panel, the lower the score, the higher the animacy.
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Figure 4: Line graph showing mean and standard devia-

tion (error bars) of animacy scores of first-, second-, and

third- person pronouns, averaged across words. Within
cach panel, the lower the score, the higher the animacy.
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LA At e B RIE XCRTTR

e BA[O] vs. NG
- BORBMFIMWBL, AJESESLEERERFEX
BRER
- MEHRBIAXER, aERELTXER
* For example, in both models, ant was more animate than other animal

words, whereas rattlesnake(s) and grasshopper were comparatively
less animate

* GPT2HERE KX, ERSHXEMMBNZI, £1%. BHNEER
s A—PMAENENREZANEER
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7zc\< Grammatical Gender in French and Italian
= % Experiment 1:

e Task: Classifying concepts by the grammati-
B.1 Seed and Target Words Used cal gender of nouns.

Sentiment Classification
e Corpus: Latest Italian Wikipedia abstracts
from DBPedia. We removed sentences shorter

than 20 tokens and longer than 100 tokens.

» Task: Classifying concepts based on senti-
ment by using the NRC corpus (Mohammad
et al., 2013). Target words: 98 positive and 98
negative words. Seed words: “positive”” and

” . o e Sampling: Target words: 140 Italian nouns.
negatlve ;

Seed words: 59 Italian masculine and fem-

* Corpus: wikitext-103-v1 from HuggingFace. inine adjectives. For each target word, we

We remove sentences that are shorter than 15 sample 30 occurrences. For each seed word,
tokens and longer than 200 tokens.

we sample 20 occurrences. Seed and target

e Sampling: We sample 1000 occurrences of words have been filtered with respect to fre-
“positive” and 1000 occurrences of “negative”. quency. Data comes from Flex-IT (Pescuma
For each target word, we sample 30 occur- et al., 2021).
rences.

Experiment 2:
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BERT Concept Net Classification Land-Sea

* Task: Classifying concepts by classes based
on the ConceptNet dataset (Dalvi et al., 2022),
predicting if an animal is a sea or land animal.

* Corpus: wikitext-103-v1 from HuggingFace.
We remove sentences that are shorter than 15
tokens and longer than 200 tokens.

» Sampling: Target words: 64 land or sea an-
« Task: Classifying concepts by the grammati- imals. Seed words: category names: “land”
and “sea”. We sample 1000 occurrences of
cal gender of nouns. each seed word. For each target word, we
sample 30 occurrences.
* Corpus: Latest French Wikipedia abstracts L _
BERT Concept Net Classification Fashion-

from DBPedia. We removed sentences shorter Gaming

than 20 tokens and longer than 100 tokens. -
» Task: Classifying concepts by classes based
on the ConceptNet dataset (Dalvi et al., 2022),

¢ Sampllng : Target words: 201 French nouns. predicting if a concept comes from the fashion

Seed words: 65 French masculine and femi- domain or the design domain.
nine adjectives. Seed and target words have « Corpus: wikitext-103-v1 from HuggingFace.
been filtered with respect to frequency. Data We remove sentences that are shorter than 15

tokens and longer than 200 tokens.

comes form Lexique383 (New et al., 2004).

e Sampling: Target words: 29 terms related
to fashion or gaming. Seed words: cate-
gory names: “fashion, clothes” and “gaming,
games”. We sample 500 occurrences of each

L e v seed word. For each target word, we sample
30 occurrences.




