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Abstract
Negation is a common linguistic phenomenon in natural language. Thus, datasets and benchmarks focused on
negation are being constructed to evaluate the negation understanding abilities of language models. Negation is
especially crucial when estimating the semantic similarity between sentences because it inverses their meaning.
Although semantic textual similarity (STS) is one of the useful tasks to evaluate the abilities of large language
models (LLMs), few STS datasets focus on negation. In this research, we introduce JSTS-Neg, a new Japanese
STS dataset focusing on negation. Most instances in JSTS-Neg include negations and they are composed of
both clausal and sub-clausal negations to reflect a variety of negation types. Moreover, JSTS-Neg consists
of negation minimal pairs that only differ in the presence or absence of a negation cue. We evaluate the
performance of existing LLMs on JSTS-Neg using negation minimal pairs to explore their abilities and limitations in
understanding negation. LLMs tend to predict the similarity of two sentences ignoring negation cues in specific settings.

Keywords: Negation, Minimal Pair, Large Language Models, Semantic Textual Similarity

1. Introduction

Negation is a common linguistic phenomenon in
natural language. Processing negation correctly
is crucial for natural language processing sys-
tems because it inverses the meaning of sen-
tences, phrases, words, and other linguistic ele-
ments. Recent studies have shown that existing
large language models (LLMs) struggle with nega-
tion by evaluation on negation-focused datasets
and benchmarks (Hossain et al., 2022; Truong et al.,
2023; Garcia-Ferrero et al., 2023, inter alia).

Various datasets focusing on negation have been
created for natural language inference (NLI) (Hos-
sain et al., 2020; Hartmann et al., 2021), accept-
ability judgment (Someya and Oseki, 2023; Takta-
sheva et al., 2024), and question answering (QA)
(Ravichander et al., 2022; Garcia-Ferrero et al.,
2023). However, few datasets target semantic tex-
tual similarity (STS), despite being a fundamen-
tal task in natural language understanding to eval-
uate the abilities of LLMs. STS demands deep
understanding of the meaning of sentences and
thus allows to compare, analyze, and evaluate the
factuality of LLM responses (Wang et al., 2024).
Thus, STS datasets focusing on negation should be
constructed. Besides, regarding target languages,
most negation-focused datasets are in English,
while datasets in Japanese are found in few stud-
ies, such as Matsuyoshi et al. (2014); Uchida and
Nanjo (2024); Yoshida et al. (2025).

We introduce JSTS-Neg, a new Japanese STS

dataset focusing on negation'. To construct JSTS-
Neg, we adopt a similar approach to that devel-
oped by Yoshida et al. (2025), which creates NLI
instances with a negation cue from an existing one
without that. JSTS-Neg includes sufficient number
and variety of negations, as approximately 85%
of instances in JSTS-Neg include negation cues
involving both clausal and sub-clausal negations.
Moreover, JSTS-Neg consists of negation minimal
pairs that only differ in the presence or absence
of a negation cue. Evaluation based on negation
minimal pairs eliminates factors other than nega-
tion and unveils the negation understanding ability
solely by comparing the outputs between these
pairs.

We also evaluate the negation understanding
ability of existing LLMs on JSTS-Neg to explore
their current performance and limitations. The eval-
uation results show that LLMs tend to predict the
similarity of two sentences ignoring negation cues
in specific settings.

2. Related Work

This section describes existing datasets focusing
on negation. To clarify our contributions, we focus
particularly on Japanese and STS datasets.

'Our dataset and source code are publicly available
athttps://github.com/reiko-y/JSTS—Neg.
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https://github.com/reiko-y/JSTS-Neg

Table 1: Datasets focusing on negation

Dataset Task Minimal pair ~ Type of negation Language(s)
(Hossain et al., 2020) NLI v Clausal EN
(Hartmann et al., 2021) NLI v Clausal and sub-clausal  EN, BG, DE, FR, ZH
RuBLiMP (Taktasheva et al., 2024) Acceptability judgment v Clausal and sub-clausal ~ RU
CONDAQA (Ravichander et al., 2022) | QA Clausal and sub-clausal ~ EN
(Garcia-Ferrero et al., 2023) QA v’ (partly) Clausal and sub-clausal ~ EN

N-JSNLI (Uchida and Nanjo, 2023) NLI v (partly) Clausal JA
JNLI-Neg (Yoshida et al., 2025) NLI v Clausal and sub-clausal ~ JA

JBLIMP (Someya and Oseki, 2023) Acceptability judgment v Clausal JA

N-JSTS (Uchida and Nanjo, 2024) STS Clausal JA
JSTS-Neg (Ours) STS v Clausal and sub-clausal ~ JA

2.1.

Several datasets focusing on negation have been
constructed to evaluate the negation understand-
ing ability of language models, as listed in Table 1.
For example, Hossain et al. (2020) constructed a
benchmark for NLI in which negation played a criti-
cal role. Hartmann et al. (2021) created a multilin-
gual (i.e., English, Bulgarian, German, French, and
Chinese) negation-focused benchmark collection
for NLI. Someya and Oseki (2023); Taktasheva et al.
(2024) developed acceptability judgment datasets
focusing on linguistic minimal pairs including nega-
tion. Ravichander et al. (2022) constructed an
English reading comprehension dataset requiring
reasoning about the implications of negated state-
ments in paragraphs. Garcia-Ferrero et al. (2023)
semiautomatically generated a large QA dataset
about commonsense knowledge, in which negation
appeared in approximately two-thirds of the corpus
in different forms. However, few STS datasets focus
on negation.

Datasets Focusing on Negation

2.2. Japanese Datasets Focusing on
Negation

Few Japanese datasets focus on negation. Rep-
resentative Japanese datasets, such as JaNLlI
(Yanaka and Mineshima, 2021), JGLUE (Kurihara
et al., 2022), and JSICK (Yanaka and Mineshima,
2022) remain insufficient to evaluate the negation
understanding ability of language models because
they include less negation (Uchida and Nanjo,
2023; Yuasa et al., 2025). Although N-JSNLI
(Uchida and Nanjo, 2023), JNLI-Neg (Yoshida et al.,
2025), and JBLIMP (Someya and Oseki, 2023) ad-
dress this issue, they are not intended to evaluate
STS.

2.3. Japanese STS Datasets Including
Negation

Uchida and Nanjo (2024) automatically constructed
N-JSTS, a Japanese STS evaluation dataset includ-
ing negation from JSTS (Kurihara et al., 2022). New
STS instances including negation were generated
by inserting a negation cue to the end of both sen-
tences of STS instances. However, N-JSTS did not

sl EICW< OB WILAH B,
(There are some white plates on the table.)
sy Mo Eicma s 3,
(There are plates on the table.)
NoLIcWL<2ADAVIADH B,
(There are some white plates on the table.)

I:4

lRuIe—based Insertion

HOEICWL2HDALEVIAD B,
(There are some white plates on the table.)
oLV 2hDAWVIA

(There are some white plates on the table.)

st D EICWL K 2H DAL mA%H 5,
(There are some white plates on the table.)
s O EICMASH B, 4
(There are plates on the table.)

well-formed

K ill-formed

3-4-4

annotator scores

Figure 1: Dataset construction flow

user: XD HARGEN SIER - FEIRIIZIE L

WRESREHELTLEIT Y, ELWE

AlE TIELW] ( 25 TAHRWVWEAEIEX TIEL
<Zpwn] AL TLSZEIw,  TIELW]
[ELL W] owTFndrosrz 55

T RETFLTLZI N,

user: {Original JSTS sentence}

assistant: IEL \»

user: {Generated sentence}

user: Check the grammatical and semanti-
cal well-formedness of the following Japanese
sentence. If the sentence is well-formed,
output "Well-formed", otherwise output "llI-
formed". Please strictly follow the instruction
to output either "Well-formed" or "lll-formed".
user: {Original JSTS sentence}

assistant: Well-formed

user: {Generated sentence}

Figure 2: Well-formedness prompt (The original
prompt is shown above, and its translation is pro-
vided below.)

include negation minimal pairs because the nega-
tion cues were added to both sentences of every
instance. Thus, the negation understanding ability
was difficult to solely evaluate using this dataset.

In addition, the negation cue only appeared in
the main clause, and negation was assumed to be
clausal (in Japanese, the end of sentence is always
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Figure 4: Score distribution of between the control
and treatment groups of the training portion of min-
imal pairs

the verb of the main clause). Consequently, the
variety of negation types was insufficient.

3. Constructed JSTS-Neg

We construct JSTS-Neg from JSTS (Kurihara et al.,
2022), as detailed in this section. We adopt the
method proposed by Yoshida et al. (2025), in
which new instances consisting of negation minimal
pairs are generated from an existing Japanese NLI
dataset. Two Japanese representative negative
morphemes, namely, "72\\" and "3, are the tar-
get negation cues, and we do not consider neither
the affixal negation nor double negation.

3.1. Dataset Requirements

JSTS-Neg is intended to satisfy the following re-
quirements:

1. All instances consist of negation minimal pairs.

2. The dataset includes clausal and sub-clausal
negations.

10001
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Figure 5: Score distribution of the control and treat-
ment groups of the training portion of negation min-
imal pairs with important negation cues
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Figure 6: Score distribution of the training portion of
negation minimal pairs with unimportant negation
cues?

3. Sentences are constructed originally in
Japanese (i.e., they are not translations from
other languages).

These requirements agree with those imposed
by Yoshida et al. (2025). Requirements 1 and 2
are satisfied during dataset construction. Require-
ment 3 is satisfied by using JSTS (Kurihara et al.,
2022) as the source dataset, whose sentences are
originally constructed in Japanese.

3.2. Dataset Construction Procedure

JSTS-Neg was constructed following two main pro-
cesses, and its construction flow is illustrated in
Figure 1.

1. Insert a negation cue into a sentence.

(a) Rule-based insertion: Insert a negative
morpheme, either "72\" or "3, into a
verb, adjective, or adjectival noun.

2The gold similarity scores remain unchanged be-
tween the control and treatment groups of negation mini-
mal pairs with unimportant negation cues.
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Table 2: Evaluated open LLMs

Language Model Name on Hugging Face °
IIm-jp-3.1-1.8B-instruct4 (Aizawa et al., 2024) IIm-jp/lim-jp-3.1-1.8b-instruct4
lIm-jp-3.1-13B-instruct4 (Aizawa et al., 2024) lIm-jp/lim-jp-3.1-13b-instruct4
Llama 3.1 Swallow 8B Instruct v0.5 (Fujii et al., 2024; Okazaki et al., 2024) tokyotech-lim/Llama-3.1-Swallow-8B-Instruct-v0.5

Japanese Gemma-2-Llama Swallow 2B IT v0.1 (Fuijii et al., 2024; Okazaki et al., 2024) tokyotech-llm/Gemma-2-Llama-Swallow-2b-it-v0.1
Gemma-2-Llama Swallow 9B IT v0.1 (Fujii et al., 2024; Okazaki et al., 2024) tokyotech-llm/Gemma-2-Llama-Swallow-9b-it-v0.1
Swallow-MS 7B instruct v0.1 (Fujii et al., 2024; Okazaki et al., 2024) tokyotech-llm/Swallow-MS-7b-v0.1
Llama 3 Youko 8B Instruct (Sawada et al., 2024) rinna/llama-3-youko-8b-instruct
Gemma 2 Baku 2B Instruct (Sawada et al., 2024) rinna/gemma-2-baku-2b-it
Llama 3.1 8B Instruct meta-llama/Llama-3.1-8B-Instruct
Llama 3 8B Instruct meta-llama/Meta-Llama-3-8B-Instruct
Mistral 7B Instruct v0.3 (Jiang et al., 2023) mistralai/Mistral-7B-Instruct-v0.3
Ministral 8B Instruct mistralai/Ministral-8B-Instruct-2410
Mistral Nemo Instruct mistralai/Mistral-Nemo-Instruct-2407

- Gemma 3n E2B instruct google/gemma-3n-E2B-it
multilingual

Gemma 3n E4B instruct

Gemma 3 270M instruct (Kamath et al., 2025)
Gemma 3 1B instruct (Kamath et al., 2025)
Gemma 3 4B instruct (Kamath et al., 2025)
Gemma 2 2B Instruct (Riviére et al., 2024)
Gemma 2 9B Instruct (Riviére et al., 2024)

google/gemma-3n-E4B-it
google/gemma-3-270m-it
google/gemma-3-1b-it
google/gemma-3-4b-it
google/gemma-2-2b-it
google/gemma-2-9b-it

(b) Check the grammatical and semantical
well-formedness of the obtained sen-
tences using an LLM and discard the sen-
tences judged as ill-formed.

2. Create a new STS instance from another STS
instance.

(a) Make a sentence pair from an STS in-
stance either by keeping one sentence
unchanged and inserting a negation cue
to the other or by inserting a negation cue
to both.

(b) Manually assign a similarity score to the
sentence pair.

We represent similarity score [ between sentences
s1 and sq as (s1, s2,1) and call it an STS instance.

3.2.1. Negation Cue Addition

We create sentences with a negation cue according
to the method proposed by Yoshida et al. (2025).
In detail, we append negation cue "7\ " or "3
to a verb, adjective, or adjectival noun and inflect
surrounding morphemes if necessary. If a sen-
tence has multiple candidates to insert a negation
cue, the sentence is duplicated for each candidate,
and a single negation cue is added per candidate.
That is, if a sentence has n candidates to insert
a negation cue, n sentences with a negation cue
are created. Note that every sentence with a nega-
tion cue and its original sentence form a negation
minimal pair.

After cue addition, the well-formedness of the
generated sentences is automatically checked to re-
move ill-formed sentences. Semantically ill-formed
sentences are sometimes created because rule-
based insertion only considers morphological infor-
mation. For example, the following sentence (1),
which is created from sentence (2), is semantically
ill-formed:

(1) BRI VTRMEL 22\,
(There are crowds, and it is not congested.)

(2) BERMPWTIRMET 5,
(There are crowds, and it is congested.)

Checking the well-formedness of sentences is
based on in-context learning of an LLM*. The
prompt shown in Figure 2 follows Yoshida et al.
(2025). Here, we give the original sentence as
an example of a well-formed sentence (one-shot)
to make the model consider only the effect of the
added negation cue. Only sentences judged as
well-formed are used, while those judged as ill-
formed are discarded from the dataset.

3.2.2. New STS Instances with Negation Cue

For an STS instance i = (s1, s2,1), we create new
instances by adding negation cues. Let S] and
S’ be the sets of sentences obtained by adding a
negation cue to s; and s,, respectively. If i satisfies
[S1] > 0,155 > 0, neg(s1) = 0, and neg(s2) = 0,
then create a set of STS instances, D,,.(i), where
neg(s) denotes the number of negation cues in s°.
D¢ (1) is defined as

Dncg(i) = D1 (Z) U DQ(Z) U DLQ(Z‘) y
Dy (i) = {(s},s2,0')]s} € 51},
D2(7’) = {(Sl,S/g,l/”Sé € Sé} s
D1 5(i) = {(s},s5,1')|s) € S} AsheE S}

In addition, !’ is the gold similarity score obtained
from annotators’ scores. Three annotators as-
signed a score to each sentence pair according to

Shttps://huggingface.co/

“The verification model is gpt-4.1-2025-04-
14 by OpenAl API (https://openai.com/index/
openai-api/).

®We use the negation cue detector made by Yuasa
et al. (2025) to calculate neg(s).
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BENRRKENIE 200 IIBTHET,
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We provide instructions describing the task,
paired with contextual input. A response should
adequately fulfills the requirement.

### Instructions:

Rate the similarity between the two sentences
on a scale from 0 to 5.

A higher value indicates more similarity between
the sentences.

The following indicators are intended to support
scoring:

[Similarity: 5]
The two sentences completely match in mean-
ing.

[Similarity: 4]
The two sentences are almost identical in mean-
ing but differ in minor details.

[Similarity: 3]
The two sentences are somewhat similar in
meaning but differ in important details.

[Similarity: 2]
The two sentences have different meanings but
have some commonalities.

[Similarity: 1]
The two sentences have different meanings but
share a common topic.

[Similarity: 0]
The two sentences have completely different
meanings, sharing neither topic nor vocabulary.

Figure 7: Task guideline prompt (The original prompt is shown on the left, and its translation is provided

on the right.)

the guideline of JSTS, and the median across their
three scores was used as the gold score.

3.3. Dataset Construction

We created STS instances with negation by apply-
ing the procedure described in Section 3.2 to the
JSTS dataset.

First, we randomly reordered instances in the
training, validation, and test sets of JSTS and cre-
ated new instances from the top. We repeated
instance creation until the number of created in-
stances exceeded 4,000, 1,000, and 1,000 in the
training, validation, and test sets, respectively. For
the sampled original instances (672, 167, and 170
instances from the training, validation, and test sets,

respectively), the similarity scores were reassigned
by the same annotators®. We calculated Fleiss’
kappa (Fleiss, 1971) using the set consisting of
both the sampled original instances and newly cre-
ated ones. The kappa score of the three annotators
was 0.59, indicateing moderate agreement.

®In STS, the similarity scores are ordinal rather than
interval scales. However, JSTS only includes average
scores being treated as interval scales. As the scores are
regarded as ordinal scale values, we decided to reassign
them.
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Table 3: AccChg results in zero-shot setting

Model M M My

Acc  Acc’ AccChg | Acc Acc” AccChg| Acc Acc’ AccChg
lIm-jp-3.1-1.8B-instruct4 50.58 51.27 0.69 | 40.75 41.29 0.54 | 53.97 54.70 0.74
lIm-jp-3.1-13B-instruct4 47.22 48.04 0.82 | 29.49 38.34 8.85 | 53.32 51.38 -1.94
Llama 3.1 Swallow 8B Instruct v0.5 | 30.89 37.61 6.73 | 43.16 52.28 9.12 | 26.66 32.56 5.90
Gemma-2-Llama Swallow 2B IT v0.1 | 41.46 40.01 -1.44 | 31.37 20.64 -10.72 | 44.93 46.68 1.75
Gemma-2-Llama Swallow 9B IT v0.1 | 46.47 54.56 8.10 | 63.81 64.08 0.27 | 40.50 51.29 10.79
Swallow-MS 7B instruct v0.1 55.18 49.62 -5.56 | 58.71 37.00 -21.72|53.97 53.97 0.00
Llama 3 Youko 8B Instruct 37.61 44.61 7.00 | 56.57 48.79 -7.77 | 31.09 43.17 12.08
Gemma 2 Baku 2B Instruct 63.56 59.57 -3.98 | 56.57 35.66 -20.91 | 65.96 67.80 1.85
Llama 3.1 8B Instruct 45.37 50.79 5.42 | 56.84 58.98 2.14 | 41.42 47.97 6.55
Llama 3 8B Instruct 1.85 3.02 1.17| 054 3.75 3.22| 231 277 0.46
Mistral 7B Instruct v0.3 40.97 47.15 6.18 | 45.04 52.01 6.97 | 39.58 45.48 5.90
Ministral 8B Instruct 58.54 47.01 -11.53 | 35.39 18.77 -16.62 | 66.51 56.73 -9.78
Mistral Nemo Instruct 62.73 62.18 -0.55 | 64.08 45.31 -18.77 | 62.27 67.99 5.72
Gemma 3n E2B instruct 35.83 40.91 5.08 | 48.79 50.67 1.88 | 31.37 37.55 6.18
Gemma 3n E4B instruct 36.51 40.01 3.50 | 46.92 46.92 0.00 | 32.93 37.64 4.70
Gemma 3 270M instruct 55.18 49.62 -5.56 | 58.71 37.00 -21.72 | 53.97 53.97 0.00
Gemma 3 1B instruct 3.84 5.63 1.78 1 10.99 16.09 5.09| 1.38 2.03 0.65
Gemma 3 4B instruct 38.02 39.74 1.72 | 32.71 39.95 7.24 | 39.85 39.67 -0.18
Gemma 2 2B Instruct 52.85 51.27 -1.58 | 31.37 19.57 -11.80 |60.24 62.18 1.94
Gemma 2 9B Instruct 24.43 29.92 5.49 | 32.44 40.21 7.77 | 21.68 26.38 4.70
GPT-5-nano 31.09 35.42 4.32 | 30.03 41.82 11.80 | 31.46 33.21 1.75
GPT-5-mini 42.35 51.61 9.27 | 44.77 49.87 5.09 | 41.51 52.21 10.70
GPT-5 54.08 62.94 8.85 | 62.47 54.69 -7.77 | 51.20 65.77 14.58
GPT-4.1-nano 52.78 54.98 2.20 | 41.55 39.14 -2.41 | 56.64 60.42 3.78
GPT-4.1-mini 50.31 51.20 0.89 | 46.92 37.00 -9.92 | 51.48 56.09 4.61
GPT-4.1 48.80 51.54 2.75|58.18 4531 -12.87 | 45.57 53.69 8.12

Both Acc and Acc’ are presented as percentages, and AccChg is presented as percent points.

" Values in bold are negative.

JSTS-Neg, or Djgrs-neg, IS defined as

DJSTS-Neg = Dorig U Dneg ;
Dneg = |J Duegli) -

1€ Dorig

where D,,;, denotes the set of sampled JSTS in-
stances. JSTS-Neg consists of a set of negation
minimal pairs M defined as

M = Mgngle U Myotn ,
Mingle = {(4,i")|i € Doyig Ai" € D1(i) U Da(4)},
Myotn = {(#',4")|3i € Dorig((i/ € Di(i)A
i" € Da(i')) vV (i' € Da(i) Ni" € D1(i)))} .

Mging1e denotes the set of negation minimal pairs
consist of ¢ from D,,;; and ¢ made by inserting a
negation cue to either s; or sy of i. My, denotes
the set of negation minimal pairs consist of i" made
by inserting a negation cue to s; of ¢ and i/ made
by inserting a negation cue to s, of i/, and vice
versa.

For minimal pair m = (i,7") € M, we call i and
¢’ control and treatment instances of m, respec-
tively. The treatment instance is a version obtained
by adding a negation cue to one sentence of the
control instance.

M can be divided into sets M; and M,,, with M;
and M, being sets of negation minimal pairs con-
structed using important and unimportant negation
cues, respectively. The definition of this division is
based on Hossain et al. (2022) as follows:

Ml = {((517827Z)7 (5/178/27l/)) € M|l 7& l/} )
M, = {((s1,82,1), (51,85, 1') e M|l =1"} .

3.4. Score Distribution

Figure 3 shows the STS score distribution of the
training set of Dg;. As the training set of Dg,,
is randomly sampled from the JSTS dataset, its
statistical properties are retained. The distribution
shows the imbalance of JSTS.

Figure 4 shows the STS score distribution be-
tween the control and treatment groups of negation
minimal pairs. Figures 5 and 6 show the STS score
distribution between negation minimal pairs with
important and unimportant negation cues, respec-
tively. According to Figures 4 and 5, the STS score
distributions are similar between the control and
treatment groups.
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Table 4: AccChg results in 4-shot setting

Model M M My

Acc  Acc’ AccChg | Acc Acc” AccChg| Acc Acc’ AccChg
lIm-jp-3.1-1.8B-instruct4 44.49 4421 -0.27 | 29.65 31.69 2.04 | 49.59 48.52 -1.07
lIm-jp-3.1-13B-instruct4 47.59 46.07 -1.52 | 27.35 29.60 2.25 | 5456 51.73 -2.82
Llama 3.1 Swallow 8B Instruct v0.5 31.93 31.43 -0.49 | 23.32 25.79 2.47 | 34.89 33.38 -1.51
Gemma-2-Llama Swallow 2B IT v0.1 | 52.86 49.62 -3.24 | 46.60 34.42 -12.17 | 55.02 54.85 -0.17
Gemma-2-Llama Swallow 9B IT v0.1 | 37.30 40.56 3.27 | 30.94 34.26 3.32 | 39.48 42.73 3.25
Swallow-MS 7B instruct v0.1 32.13 30.87 -1.26 | 23.22 19.95 -3.27 | 35.20 34.63 -0.57
Llama 3 Youko 8B Instruct 39.85 36.25 -3.60 | 27.40 20.91 -6.49 | 44.13 41.53 -2.60
Gemma 2 Baku 2B Instruct 43.83 44.57 0.74 | 34.80 33.46 -1.34 | 46.94 48.39 1.46
Llama 3.1 8B Instruct 28.51 26.84 -1.67 | 17.91 18.02 0.11 | 32.16 29.87 -2.29
Llama 3 8B Instruct 22.25 23.23 0.97 | 10.78 13.08 2.31 |1 26.20 26.72 0.52
Mistral 7B Instruct v0.3 29.86 32.34 2.48 | 20.97 24.77 3.81 | 32.92 34.94 2.03
Ministral 8B Instruct 41.22 40.85 -0.37 | 27.67 24.72 -2.95 | 45.89 46.40 0.52
Mistral Nemo Instruct 34.47 34.85 0.38 | 27.83 28.69 0.86 | 36.75 36.97 0.22
Gemma 3n E2B instruct 33.99 36.21 2.22 | 23.59 27.83 4.24 | 37.56 39.10 1.53
Gemma 3n E4B instruct 37.68 38.52 0.84 | 30.67 35.66 4.99 | 40.09 39.50 -0.59
Gemma 3 270M instruct 21.66 20.99 -0.67 | 12.65 8.74 -3.91 | 24.76 25.20 0.44
Gemma 3 1B instruct 14.74 13.33 -1.41 | 20.00 18.02 -1.98 | 12.93 11.72 -1.22
Gemma 3 4B instruct 39.81 40.80 0.99 | 21.72 21.88 0.16 | 46.03 47.31 1.27
Gemma 2 2B Instruct 47.01 46.55 -0.47 | 30.99 27.51 -3.49 | 52.53 53.10 0.57
Gemma 2 9B Instruct 22.03 23.90 1.87 | 18.12 28.47 10.35 | 23.38 22.32 -1.05
GPT-5-nano 40.82 46.71 5.89 | 38.82 41.72 2.90 | 41.51 48.43 6.92
GPT-5-mini 46.45 54.07 7.62 | 47.40 48.42 1.02 | 46.13 56.01 9.89
GPT-5 54.14 61.88 7.74 | 58.61 53.24 -5.36 | 52.60 64.85 12.25
GPT-4.1-nano 47.06 47.03 -0.03 | 32.87 29.44 -3.43 | 51.94 53.08 1.14
GPT-4.1-mini 43.54 42.79 -0.75 | 40.70 29.33 -11.37 | 44.52 47.42 2.90
GPT-4.1 53.21 56.16 2.95 | 56.41 49.22 -7.18 | 52.10 58.54 6.44

Both Acc and Acc’ are presented as percentages, and AccChg is presented as percent points.
The averages across five trials with different random seeds are shown.

" Values in bold are negative.

4. Experiment

We evaluated a wide range of LLMs on JSTS-Neg
to explore their ability to correctly understand nega-
tion.

4.1. Experimental Setup

We evaluated Japanese and Japanese-supporting
multilingual LLMs. The first eight models listed
in Table 2 are Japanese LLMs, while the rest are
multilingual LLMs. We also evaluated generative
pretrained transformer (GPT) models via the Ope-
nAl API”.

Following the approach by Han et al. (2024), we
provided prompts including a task guideline to the
evaluated LLMs and let them solve STS. The exper-
iment involved zero- and few-shot settings. In the
zero-shot setting, only a task guideline was given
as a prompt to every LLM. The prompt shown in

"We used gpt-5-nano-2025-08-07,
mini-2025-08-07, gpt-5-2025-08-07,
4.1-nano-2025-04-14, gpt—-4.1-mini-2025-
04-14, and gpt-4.1-2025-04-14 available at
https://openai.com/index/openai-api/.

gpt—-5-
gpt-

Figure 7 follows llm-jp-eval®, except for the instruc-
tions. The instruction adhered to the task guideline
of JSTS (Kurihara et al., 2022) to ensure the same
conditions used for with human annotation. In ad-
dition, we used four- and 11-shot prompts. In the
four-shot setting, we randomly provided two exam-
ples as shots from the training sets of D,,;; and
Die. Inthe 11-shot setting, we provided five exam-
ples from the training set of D, and six examples
from that of D,., as shots. The shots from one
dataset had different gold similarity scores (i.e., the
prompt always contained STS instances with all
gold similarity scores ranging from 0 to 5.)°. In both
few-shot settings, we evaluated five patterns of dif-
ferent random seeds and calculated their average
as the final evaluation result. The examples sam-
pled in one trial were fixed for all instances. The
test set of JSTS-Neg was then used for evaluation
in every experimental setting.

8https://github.com/1llm-jp/llm-jp-eval

®We did not evaluate a 12-shot setting with six ex-
amples per dataset because no STS instance with gold
similarity score is 5 appeared in the training set of Dyig.
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Table 5: AccChg results in 11-shot setting

Model M M My

Acc  Acc’ AccChg | Acc Acc” AccChg| Acc Acc’ AccChg
lIm-jp-3.1-1.8B-instruct4 4714 4714 0.00 | 38.23 39.03 0.80 | 50.20 49.93 -0.28
lIm-jp-3.1-13B-instruct4 54.29 54.93 0.65 | 43.06 45.52 2.47 | 58.15 58.17 0.02
Llama 3.1 Swallow 8B Instruct v0.5 | 47.43 48.84 1.41 | 36.89 33.03 -3.86 | 51.05 54.28 3.23
Gemma-2-Llama Swallow 2B IT v0.1 | 55.32 55.29 -0.03 | 52.49 40.00 -12.49|56.29 60.55 4.26
Gemma-2-Llama Swallow 9B IT v0.1 | 51.42 55.88 4.46 | 50.29 46.11 -4.18 | 51.81 59.24 7.44
Swallow-MS 7B instruct v0.1 37.25 35.70 -1.55 | 25.90 18.87 -7.02 | 41.16 41.49 0.33
Llama 3 Youko 8B Instruct 40.41 45.93 5.52 | 31.47 35.39 3.91 | 43.49 49.56 6.07
Gemma 2 Baku 2B Instruct 43.20 42.53 -0.67 | 39.62 34.10 -5.52 | 44.43 45.42 1.00
Llama 3.1 8B Instruct 35.87 32.81 -3.06 | 17.27 14.85 -2.41 | 42.27 38.99 -3.28
Llama 3 8B Instruct 37.63 37.08 -0.55 | 17.80 15.07 -2.73 | 44.45 44.65 0.20
Mistral 7B Instruct v0.3 34.73 35.13 0.40 | 21.82 25.15 3.32 | 39.17 38.56 -0.61
Ministral 8B Instruct 42.80 44.32 1.52 | 32.06 29.44 -2.63 | 46.49 49.45 2.95
Mistral Nemo Instruct 45.23 51.89 6.66 | 36.84 33.89 -2.95 | 48.12 58.08 9.96
Gemma 3n E2B instruct 25.05 26.05 1.00 | 15.07 16.73 1.66 | 28.49 29.26 0.77
Gemma 3n E4B instruct 34.82 34.98 0.15| 27.56 26.06 -1.50 | 37.32 38.04 0.72
Gemma 3 270M instruct 18.41 18.61 0.21 | 18.66 16.46 -2.20 | 18.32 19.35 1.03
Gemma 3 1B instruct 21.95 20.56 -1.39 | 37.59 35.28 -2.31 | 16.57 15.50 -1.07
Gemma 3 4B instruct 40.78 40.48 -0.30 | 29.81 28.69 -1.13 | 4456 44.54 -0.02
Gemma 2 2B Instruct 48.62 47.39 -1.24 | 34.75 27.88 -6.86 | 53.39 54.10 0.70
Gemma 2 9B Instruct 47.80 47.91 0.11 | 46.70 44.66 -2.04 | 48.17 49.02 0.85
GPT-5-nano 34.02 39.09 5.08 | 28.26 36.46 8.20 | 36.00 40.00 4.00
GPT-5-mini 46.64 53.40 6.75 | 48.63 48.31 -0.32 | 45.96 55.15 9.19
GPT-5 56.12 64.34 8.22 | 59.84 57.96 -1.88 | 54.83 66.53 11.70
GPT-4.1-nano 44.16 44.91 0.75|30.83 26.17 -4.66 | 48.75 51.37 2.62
GPT-4.1-mini 45.93 45.37 -0.56 | 46.43 33.89 -12.55|45.76 49.32 3.56
GPT-4.1 54.55 54.67 0.12 | 62.57 50.40 -12.17|51.79 56.14 4.35

Both Acc and Acc’ are presented as percentages, and AccChg is presented as percent points.
The averages across five trials with different random seeds are shown.

" Values in bold are negative.

4.2. Evaluation Metrics

As we defined STS as a six-value classification task,
we adopted the accuracy as the main evaluation
metric. To evaluate the performance toward nega-
tion, we used the accuracy change (AccChg) that
measures the change in accuracy among negation
minimal pairs as follows:

AccChg = Acc’ — Acc,

1 ~
ACC = M l[l = l] y
((s1,82,1),(s%,85,l"))eM
1 N
ACC/ = W Z 1[[’ = l/] .

((s1,82,0),(s7,85,1")) €M

where [ and I’ are the predicted similarity scores of
STSinstances (s1, s2,1) and (s}, s5,1'), respectively.
AccChg is the subtraction of Acc’ and Acc, which
are the accuracies for the treatment and control
groups, respectively. The change in performance
toward negation can be evaluated using this metric.
AccChg ranges from —1 to 1, with a value closer to
0 indicating a smaller change in performance owing
to negation and a value closer to —1 indicating a
poorer performance on the treatment group than
on the control group.

4.3. Results

The experimental results are listed in Tables 3, 4
and 5.

In the zero- and four-shot settings, AccChg varies
across models. Inthe 11-shot setting, many models
show negative AccChg values on M;, indicating
that these models cannot capture the change in
gold similarity score caused by a negation cue. In
contrast, AccChg on M, tends to be positive in
the same setting. This suggests that many models
ignore a negation cue that does not change the gold
similarity score. In particular, the GPT series show
this tendency regardless of the settings. These
results indicate that LLMs that are given many shots
or closed LLMs predict similarity ignoring negation
cues.

5. Conclusion and Future Work

In this study, we developed JSTS-Neg, a Japanese
STS dataset for evaluating the negation understand-
ing ability of language models. We evaluated var-
ious LLMs on JSTS-Neg to analyze their perfor-
mances to negation. Closed LLMs or LLMs with
many shots tended to ignore negation cues in STS.
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In future work, we will evaluate the performance of
models more extensively on JSTS-Neg. In addition,
we plan to expand JSTS-Neg with affixal negation
cues and double negation, which are not covered
in its current version.
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