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Abstract

Despite negation being one of the core element in any language, it remains a challenging phenomenon for
modern Large Language Models(LLMs). Recently, there have been growing efforts to evaluate how models handle
negation. However, the existing probing datasets are mostly English-centric. To facilitate evaluation for Indian
Languages especially Telugu, which has complex morphological features, we present NEGTEG benchmark. This
benchmark is a test suite that contains 5 tasks: Negation Detection, Negation Translation, Paraphrase Detection,
Sentiment Analysis and Polarity Flipping. The test suite is designed based on strong linguistic analysis and includes
annotations of different negation types. This helps us evaluate how models perform across various forms of
negation. We use the benchmark to probe the negation handling capabilities of multilingual language models at
different levels and our evaluation reveals that most of the models struggle significantly with Telugu negation across
all tasks.
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1. Introduction W e
Negation is a fundamental component of natural = P’°"‘I"s‘mmegmmmlss(a‘emw@ g LLM“::”"S; e
language and is used to express non-existence, : Nogaion Pesent 55505
denial, or contradiction. It can change the truth A (Prompt ®:) (LiMRsponse NED
value and can completely flip the meaning of a Trancias the Stzlement. | Wiy twong forteing e v X
sentence. Despite its significance, there is ample & oo o Negation missing after ransiaton
evidence showing that state-of-the-art NLP mod- w0 00 s 52 0 00 LLM Response OED
els struggle with processing negation effectively. e IO Yooty have same meaning X
In recent years, there has been a growing effort Why shauld e coneder i wrong just 37908 and 32506 are negated
to evaluate the LLMs’ capabilities to handle nega- o St same or drent?

tion. According to Truong et al. (2022), Khandel-
wal and Sawant (2020)_, models are insensitive to  Figure 1: Failures of LLMs' in detecting, preserv-
the presence of negation. Hossain et al. (2020),  ing, and misinterpretation of semantically opposite

Tang et al. (2021), Dobrovolska et al. (2024), Al-  {orms over negation in Telugu sentences.
shargabi et al. (2022), Abuhammad and Ahmed

(2024), Gupta and Joshi (2021), reports that the
presence of negation significantly impacts down-

stream task quality like Translation and Sentiment 2. Translation evaluates whether negation is ac-
Analysis. Truong et al. (2023), Bhattarai and Erk curately preserved when translating from the
(2024), She et al. (2023) evaluate how models source to the target Ie_anguage.
struggle when asked a logical composition includ- ~ 3- Paraphrase Detection evaluates whether
ing negation for NLI task. Though there are many models can distinguish between semantic
existing Benchmarks to evaluate, most of them are equwglencg ?”d meaning reyersal caused by
inclined towards English. Our work primarily fo- negation within sentence pairs.
cuses on the systematic evaluation of LLMs’ per- 4. Sentiment Classification evaluates whether
formance for morphologically rich language, Tel- models can corr_ectly determine the sentim_ent
ugu, where negation is not only expressed through of a sentence in the presence of negation,
words like no, not, never as in English, but is probing the model's understanding of how
also morphologically encoded. This linguistic com- negation shifts the sentiment of a sentence.
plexity motivated us to manually curate NEGTEG 5. Polarity Flipping requires models to rewrite
Benchmark: a test suite of 5 tasks that helps eval- a sentence by flipping the polarity of a speci-
uate models’ capabilities at different levels of lin- fied word or phrase, evaluating whether they
guistic and logical complexity. can mampulate the negation and not just un-
1. Negation Detection checks whether models derstand it.
can identify negation cues, evaluating basic In this paper, we address the lack of resources
syntactic awareness of negation. and evaluation frameworks for negation in Telugu.
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Task Input / Context Expected vs Model’s Response
Negation 20 5508508° ren VoWIEF0EE S &oKkS e Bveurr &o8. | Actual: NEGATED
Detection (mi anamdamld palu paficukdnémduku nénu umdané ani | Model: NOT NEGATED
diguluga umdi) B
| am sad that | will not be there to share in your happiness.
Translation D230 BV0S ST BiY) DD 9O oEIERE T, Expected Output:
(nijam ceppananta matrana tappu pani ani endukanukovali) | Why should one consider it wrong
Why should one consider it wrong just because the truth | Justbecause the truth was not told?
was not told? Model:
Why should one consider it a
wrong act just for telling the truth?
Paraphrase S1: T 5350 50 S1V0LKy T ero Bay) BoB. For S2 Paraphrase:
Detection (naku naccani pani césinanduku na aham debba timdi.) Actual: PARAPHRASE
My ego was hurt because | did work that | did not like. Model: PARAPHRASE
S2 (Paraphrase):
T 3080 58 Sofctoy T erosTeR8 oo EAR0S. For S2 Negated:
(naku istamléni pani céyadamvalla na ahamkaraniki bham- | Actual: NEGATED
gam kaligindi.) Model: PARAPHRASE
My pride was wounded by doing work | disliked.
S2 (Negated):
T B0 9D JDV0B T R0 Bey) HIS.
(naku naccani pani césinanduku na aham debba tinalédu.)
My ego was not hurt by doing work | disliked.
Sentiment 255§ OmrR8 S Fb gt Srme uSFanod Sed. Actual: POSITIVE
Classification | (smok free ninadaniki fayiv star hétallaku kida minahay- | Model: NEGATIVE
impu Iédu)
Even five-star hotels are not exempt from the smoke-free
initiative
Polarity B0 530D VIR DE3VT HY)0BIKITRR. Expected Output:
Flipping (nénu améni ctdanattu natistd tappifcukunnanu) I e SorEdgy  ISIT
| pretended not to see her and escaped. EROBEBes,
. . (tappincukolédu) didn’t escape
Verb to flip: &ayos05m)0 Model:
(tappincukunnanu) 3% Do Sy 3R
escaped o) 0BIEITR0.
(tappincukunnanu) escaped

Table 1: Example instances from each task in the benchmark, with Expected and Model’'s Response

We release the benchmark publicly’. Table 1 illus-
trates a sample for each task. To best of our knowl-
edge, this is the first work on evaluating LLMs on
downstream tasks for negation in Telugu. To this
end, our major contributions are:

1. We introduce a manually extracted and ver-
ified comprehensive list of Telugu negative
morphemes, covering the full range of nega-
tion patterns possible in Telugu.

2. We present NEGSEED, a manually curated
set of example sentences for each of the
above morphemes, serving as a foundational
resource for Telugu negation.

3. We present NEGTEG, a test suite of 5 tasks
designed to systematically probe LLMs’ capa-
bilities to handle negation across varying lev-

1https ://github.com/VennelaBairi/
NEGTEG
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els of linguistic and logical complexity.

4. We evaluate a diverse set of LLMs on this
benchmark, providing a thorough analysis of
how effectively the models process negation
in Telugu.

2. Related Work

Several works have investigated the negation
handling capabilities of models by creating task-
specific datasets and analyzing model outputs.
Negation Detection: Studies have exposed
how state-of-the-art NLP models fail to find nega-
tion cues. Khandelwal and Sawant (2020) re-
viewed previous literature including rule-based
systems, ML classifiers, CRF models, CNNs, Bil-
STMs. Okpala et al. (2022) demonstrated meth-
ods for detecting negations in a sentence by evalu-
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ating the lexical structure of the text via word-sense
disambiguation. Martinis et al. (2024) reviewed
how negation detection plays an important role
in understanding clinical documentation. Other
works highlighted the importance of detecting the
scope of negation for downstream tasks such as
sentiment analysis (Makkar et al., 2024) and also
in Information Extraction (Weller et al., 2024).Shah
and Pareek (2024) conducted a survey on nega-
tion detection in Hindi, exploring both BERT-based
and hybrid rule-based approaches, finding that the
complex syntactic structure of Hindi differs greatly
from English, making the direct application of En-
glish models inadequate.

Translation: Fancellu and Webber (2015) con-
ducted an error analysis while translating Chinese
into English, which involves negation. They found
that identifying the negation cue right is easier than
translating the event and scope correctly. Hossain
et al. (2020) reported that negation is often mis-
translated and has the potential to cause loss of in-
formation. Tang et al. (2021) similarly reports that
that negations are under-translated and according
to a qualitative analysis by Alshargabi et al. (2022),
students faced difficulty translating sentences con-
taining double negation

Paraphrase Detection: Work by Ettinger
(2020) on Pretrained Language models like BERT
and ELMo and extended work by Truong et al.
(2023) on autoregressive models state that models
are insensitive to the contextual impacts of nega-
tion. Anschitz et al. (2023) designed the CAN-
NOT Dataset for paraphrased or negated classi-
fication and fine-tuned a sentence transformer to
improve their negation sensitivity. Vahtola et al.
(2022) finds that LLMs underestimate the impact of
negations on how much they change the meaning
of a sentence. Rezaei and Blanco (2024) finds that
paraphrasing in affirmative terms improves the per-
formance of negation understanding. The bench-
marks constructed by Hartmann et al. (2021) and
So et al. (2025) evaluate how the models under-
stand and reason in the NLI task.

Sentiment analysis: Despite of having posi-
tive or negative keywords, the sentiment can be
easily flipped by inserting negations, making sen-
timent analysis challenging. The study by Ma-
matha Mylarappa et al. (2023), limawan et al.
(2024), Mukherjee et al. (2021) highlight the impor-
tance of considering negation in the text to improve
the performance of sentiment analysis. Cruz et al.
(2016)’s work on negation and speculation infor-
mation in review texts says that the correct identi-
fication of cues and scopes is vital for the task of
sentiment analysis and opinion mining systems.

Polarity Flipping: Experiments conducted by
Chen et al. (2023) and Ghasiya and Sasahara
(2026) reveal that LLMs frequently fail to gener-
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Negation Example Example Sentence
Explicit 5°¢0 [SL :)wvsg 5.
(kadu) (atanu vidyarthi kadu.)
is not He is not a student.
Morphological | 3% ©5),G8 3HK.
(vellaku) (akkadiki vellaku.)
do not go Do not go there.
Lexical G50 38 ©¢50.
(asadhyam) (idi asadhyam.)
impossible This is impossible.

Table 2: Types of negation in Telugu with illustra-
tive examples across four categories.

ate valid sentences grounded in negative common
sense knowledge. They further find that though
guided prompts improve the quality of generated
negatives, they often generate ambiguous state-
ments, or statements with negative keywords but
a positive meaning.

Pretrained Language Models like BERT, have
been shown to fail in distinguishing between
negated and non-negated sentences (Hosseini
et al.,, 2021), and automatic evaluation metrics
such as BERTScore are equally insensitive to
negation (Hanna and Bojar, 2021).

These observations, along with the lack of re-
sources for Indian languages, collectively motivate
the creation of a benchmark for evaluating down-
stream tasks in Telugu.

3. Benchmark Creation

3.1.

For creating the benchmark we used Telugu
Books dataset available on Kaggle® which con-
tains 25,000 books. This extensive collection of
original Telugu books in various genres ensures
that the benchmark captures the authentic nu-
ances and natural flow of the language. The In-
dic Sentence Tokenizer® was applied on the books
dataset to extract sentences.

Base Corpora Collection

3.2. Negation Types and Coverage

Languages express negation in different forms and
types. When separate negative words are used,
it is called Explicit Negation. When specific mor-
phemes are added to the words, it is called Mor-
phological Negation. Other ways include Lexi-
cal Negation, where certain words carry negative
meaning, such as impossible or unlikely. Table 2
illustrates types of negation with examples.
Telugu, being a morphologically rich language,
expresses negation not only through Explicit, Lex-

’https://www.kaggle.com/datasets/
sudalairajkumar/telugu-nlp

31'1ttps ://indic-nlp-library.readthedocs.
io/en/latest/indicnlp.tokenize.html
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ical forms, but predominantly by attaching nega-
tive morphemes directly to words, mostly verbs.
For example, for the verb 33)) (cheppu -to say),
adding negative morphemes such as _ es% (_aku)
and e (_anu) results in forms like 3:3% (cep-

paku) (do not say) and 3y (cheppanu) (*l will not
say”).

Morpheme Example
CLECTAN 3900 (ceppanatliu)
(ani_atlu) as if not said’
@ 39D (ceppani)
(ani) that which is not said
e 8% 3B (ceppalédu)
(a_lédu) did not say
ecso 8o 3odso (ceppadamlédu)
(adam_lédu) is not saying
O N By o (ceppanappudu)
(ani_appudu) when not saying
oD 0 39d0es (ceppananta)
(ani_anta) to the extent of not saying
& Ko BYsoecicsy (ceppakidadu)
(a_kadadu) must not say

Table 3: Telugu Negation Morphemes illustrated
with the root verb 33)) (cheppu) 'to say’.

In Telugu there are approximately 800 distinct
morpheme combinations (Dasari et al., 2023). We
examined this complete set to identify morphemes
that carry a negative meaning, as shown in Table 3.
Through manual extraction and cross-verification,
we identified 104 negative morphemes. Of these,
we used 94 in this study, excluding 10 traditional
forms that rarely appear in contemporary Telugu.

Building a dataset with this extensive negative
morpheme coverage required a hybrid collection
strategy. As a first step, we applied a Morpho-
logical Analyzer Dasari et al. (2023) to the tok-
enized sentences. This tool decomposes each
word form into its constituent morphemes, provid-
ing seven fields of information: Root, Lexical cate-
gory (Icat), Gender (gen), Number (num), and Per-
son (per), Case, Suffix(when Icat is noun)/Tense-
Aspect-Mood(TAM) (when Icat is verb). Table 4 il-
lustrates this analysis for two example words.

Word Root Icat Gen Num Per Case TAM
3B 3y Vo oany any any - o 8
3D By V n pl - )

Table 4: Morphological analysis of example nega-
tive verb forms (V- Verb and pl- plural)

Using the morphological decomposition pro-
duced by this analyzer, we matched the TAM field
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of each tokenized word against our list of 94 neg-
ative morphemes. This automatic extraction iden-
tified approximately 3,000 sentences that covered
54 of the 94 negative morphemes. From these, we
selected 270 sentences covering 5 sentences per
morpheme, ensuring diversity in sentence struc-
ture and coverage across Negative Polarity Items
(NPIs) DILIP and KUMAR (2019) (Table 10). All
selected sentences were reviewed by native Tel-
ugu speakers to verify the grammatical correct-
ness and naturalness.

The remaining 40 morphemes were underrepre-
sented in the extracted data, either because they
are relatively uncommon or because their mor-
phological variants made them difficult to capture
through pattern matching. For these, we employed
human annotators to generate sentences. An-
notators were provided with 800 sentences from
the Telugu Books dataset as reference and were
asked to modify them to incorporate the missing
negative morphemes. They were also given de-
tailed specifications for each morpheme, includ-
ing its morphological structure and example words.
This manual process yielded 200 sentences cover-
ing all 40 remaining morphemes.

Through this combined process of automatic ex-
traction (270 sentences), human generation (200
sentences), followed by validation by native speak-
ers, we compiled a final set of 470 negated
sentences, which we refer to as the NEGSEED
set. This set serves as the foundation for the
datasets used in each test suite of our benchmark.
NEGSEED is designed to comprehensively evalu-
ate whether LLMs can handle the full morphologi-
cal and syntactic range of Telugu negation. Since
sentences are sourced from authentic Telugu liter-
ature, NEGSEED reflects natural linguistic diver-
sity rather than artificially constructed examples.
It serves as a reusable reference that can be ex-
tended to other domains beyond book-based text,
including conversational, web, and task-specific
corpora.

3.3. Test Suite for Benchmark

To evaluate LLMs’ capabilities in understanding
and handling negation, we designed 5 tasks
at increasing levels of complexity, starting from
whether models can detect the presence of nega-
tion, how negation affects downstream tasks,
whether they could differentiate between the
negated and non-negated pairs, how well they rea-
son and understand when negation is involved,
how well models can flip the polarity of a sentence.
The following subsections describe how the data
for each task was prepared and Table 1 illustrates
a sample of each task.
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Figure 2: Pipeline for building NEGTEG, a negation-focused evaluation benchmark. NegSeed is first
constructed through corpus filtering and human validation, and subsequently expanded into four test
suites: NEGDETECT, NEGTRANSLATE, NEGDIFFER, and NEGFLIP.

3.3.1. NEGDETECT: Negation Detection

Our primary motive to include this task in the test
suite is to check whether the LLMs can at least
detect the presence of negation. This capability
is a prerequisite for more complex tasks. The
test set has 950 sentences in total with the la-
bels NEGATED and NON NEGATED. It consists
of 470 negated sentences from the NEGSEED set
and 480 non-negated sentences drawn from the
same Telugu Books corpus to ensure class bal-
ance. All non-negated sentences were validated
by annotators to confirm the absence of negative
morphemes and explicit negation words. The two
classes are defined as follows:

* NEGATED: Sentences that contain explicit
negative words and Negative morphemes.

+ NON-NEGATED: Sentences that have Lex-
ical negatives and other non-negated sen-
tences.

3.3.2. Translation

Translation is a very common task, but this test set
evaluates how well LLMs and translation models
preserve negation during translation. We used the
NEGSEED set as input. Each sentence was trans-
lated into English by human translators. They were
given explicit instructions to preserve the negation
in the target language rather than omitting or para-
phrasing it, ensuring that the negation is explicitly
reflected in the English translation and not merely
implied by the overall meaning.

3.3.3. Paraphrase Detection

This task evaluates whether the model can under-
stand how negation alters the meaning of a sen-
tence and the logical relationship between two sen-
tences. For this test set, a subset of 300 sentences
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from NEGSEED served as Sentence 1. For each
Sentence 1, two versions of Sentence 2 were man-
ually generated as follows:

* NEGATED S2: A sentence whose meaning is
reversed by flipping the polarity of the whole
sentence or a specific part of Sentence 1.

+ PARAPHRASED S2: A sentence that retains
the same meaning as Sentence 1 but uses
different words or structures.

Given Sentence 1 and Sentence 2, the model
should predict the correct label NEGATED or
PARAPHRASED. This task requires the model to
understand how negation alters the meaning and
logical relationship between statements.

3.3.4. Sentiment Task

To construct the benchmark, we utilized two pub-
licly available Telugu sentiment datasets: ACTSA
and SentiRama*. We utilized the complete ACTSA
dataset (Mukku and Mamidi, 2017). From Senti-
Rama, we consider only the Books Reviews and
Product Reviews subsets.

To keep the analysis straightforward, we consid-
ered only two classes: POSITIVE and NEGATIVE.
Samples labeled as NEUTRAL were discarded, as
binary classification provides a clearer understand-
ing for evaluating how negation shifts sentiment
polarity. This task directly tests whether models
understand the effects of negation on sentiment.
A model may correctly predict positive sentiment
for a word like ‘good’, but must also recognize that
the addition of negation, as in ‘not good’, reverses
the overall sentiment. A model that fails to account
for negation will likely misclassify such sentences.

4SentiRama:https://ltrc.iiit.ac.
in/showfile.php?filename=downloads/
sentiraama/
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This serves as a strong indicator of a model’s un-
derstanding of negation in a downstream task.

3.3.5. Polarity Flipping

This task evaluates the model’s ability to gener-
ate semantically opposite sentences through con-
trolled polarity flipping. Since a sentence can pro-
duce multiple valid negations depending on which
constituent is negated, we explicitly specify the
word or phrase whose polarity is to be flipped (Ta-
ble 5). Each sample in the dataset consists of
an input sentence, the target word or phrase to
be flipped, and a human-annotated reference sen-
tence with reversed polarity. Two annotators inde-
pendently annotated 150 samples each, followed
by cross-validation to ensure consistency in target
selection and reference quality.

Sentence: T°5 530 DR SD0LK T o Bayy
A0o4.

(ndku naccani pani césinamduku na aham
debba tindi)

My ego was hurt because | did work that | did
not like.

Word to be | Polarity Flipped Sentence
Flipped
3dB00% T INO DD Sahvososy e

(césinamduku)
‘because | did’

30 3 So8.

(naku naccani pani céyanam-
duku na aham debba tindi)

My ego was hurt because | did
not do the work | disliked

33Y0 T80 DD DD IVPV0LK F° @T°0
(naccani) By o8,
‘did not like’ (n@ku naccina pani césinam-

duku na aham debba tindi)
My ego was hurt because | did
work that [ liked

Table 5: Multiple valid negations of the original sen-
tence, each targeting a different constituent.

4. Evaluation and Results

4.1. Evaluating Negation Detection

This experiment evaluates whether the models can
identify the presence of explicit negation and neg-
ative morphemes in a sentence. This is a prelim-
inary, foundational check to assess whether the
models are sensitive to negation cues or tend to
overlook them. Models are explicitly prompted
to classify a sentence as NEGATIVE only if it
contains explicit negative words or negative mor-
phemes. Sentences conveying negation through
lexical as well as all affirmative sentences, must
be classified as NON_NEGATED(Appendix B.1).
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Table 6 reports Accuracy, Precision and Recall
for both NEGATED and NON_NEGATED classes,
and Macro F1. Larger models such as GPT-OSS
120b, GPT-OSS 20b, and Llama-3.3-70b-versatile
tend to achieve higher NonNegRecall but lower Ne-
gRecall. This indicates that out of all negatives,
fewer negated sentences are correctly identified
compared to non-negated ones. However, smaller
models with competitive accuracy, such as Meta-
Llama-3-8B, Nemotron-Cascade-8B, and Qwen3-
8B, exhibit higher NegRecall than NonNegRecall,
indicating a tendency to predict negation more lib-
erally. Models with relatively lower accuracy show
even more heavily skewed predictions, collapsing
almost entirely towards one class. Overall, most
models struggle to correctly identify both negated
and non-negated sentences, highlighting the diffi-
culty of recognizing negation in Telugu.

4.2. Evaluating Translation

We gave the models a simple prompt: "Translate
the following Telugu sentence to English.” This
prompt, without any additional guidance regard-
ing negation, is used to evaluate how negation
is handled in a downstream task without giving
any explicit instructions about the negation. The
idea behind this test set is to examine whether
the negation is semantically understood in a down-
stream task and translated from source to target
language.

Along with the LLMs used for all other tasks,
we also evaluated dedicated translation models
including Google Translate, Rotary-Indictrans2,
Bhashaverse (Mujadia and Sharma, 2024) and
Sarvam Translate. Although standard translation
metrics, such as BLEU, chrF++, METEOR, and
COMET (Table 7), measure the overall quality of
the translation, they do not specifically consider
whether the negation present in the source sen-
tence is preserved after translation. Therefore, we
employed human evaluators to validate if negation
is preserved after translating. The guidelines given
to evaluators are in Appendix A.1.

M Negation Translation Accuracy == BERTScore-F1

Figure 3: Human-Evaluated Negation Preserva-
tion Percentage Across Translation Models



Model Accuracy NegPrecision NonNegPrecision NegRecall NonNegRecall MacroF1
DeepSeek-R1-Qwen3-8B 57.53 53.93 83.49 95.94 20.04 50.69
Indic-gemma-7b-Navarasa  50.63 66.67 50.58 0.43 99.79 33.99
Meta-Llama-3-8B-Instruct 83.47 83.09 83.86 83.62 83.33 83.47
Nemotron-Cascade-8B 81.58 79.32 84.12 84.89 78.33 81.57
Qwen3-8B 79.26 74.86 85.29 87.45 71.25 79.15
Gemma-7b-it 59.16 80.60 55.64 22.98 94.58 52.91
GPT-OSS 120b 94.42 98.60 90.98 90.00 98.75 94.40
GPT-OSS 20b 91.54 97.85 85.09 87.02 97.48 91.49
Llama-3.3-70b-versatile 78.35 97.01 61.94 69.15 95.93 78.01
Sarvam-1 64.74 89.47 59.31 32.55 96.25 60.56
Gemini-2.5-flash 99.37 99.36 99.36 99.38 99.38 99.37

Table 6: Performance of LLMs on NEGDETECT, reporting Accuracy, Precision, Recall, and Macro F1

for NEGATED and NON_NEGATED classes.

Model BLEU chrF++ METEOR COMET
DeepSeek-R1-Qwen3-8B  12.48  34.72 0.39 0.68
Indic-gemma-7b-Navarasa 13.10  33.80 0.39 0.69
Meta-Llama-3-8B-Instruct 13.12 35.58 0.40 0.69
Nemotron-Cascade-8B 10.48 31.67 0.36 0.65
Qwen3-8B 19.05 41.07 0.47 0.74
Google Translate 33.47 53.27 0.60 0.80
GPT OSS 120b 2460 4719 0.55 0.76
GPT OSS 20b 23.41 46.06 0.54 0.76
Llama-3.3-70b-versatile 22.95 45.26 0.51 0.76
Rotary-Indictrans2 18.43  40.08 0.46 0.74
Sarvam Translate 11.65 33.13 0.38 0.71
Bhashaverse 15.61 35.88 0.41 0.68
Gemini-2.5-Flash 28.57 51.33 0.59 0.80

Table 7: Performance of LLMs and Translation models on the Translation task, evaluated using BLEU,

chrF++, METEOR, and COMET metrics.

From Figure 3, it is evident that models are
unable to accurately translate negation. Notably,
while the difference in BERTScore across models
is not substantial, the negation preservation accu-
racy varies significantly, suggesting that standard
metrics alone may not capture how well negation
is preserved (Hosseini et al., 2021). Our manual
qualitative analysis reveals some common error
patterns: the negation is completely omitted in the
translation, it is mistranslated, or the negation is
dropped from the intended word or phrase and in-
correctly applied to another (Appendix Table 11).

4.3. Evaluating Paraphrase Detection

In the Negation detection task, the objective was
relatively straightforward: given a single sentence,
determine whether it contains negation. In con-
trast, the paraphrase detection task is more chal-
lenging. Here, the model is provided with sentence
pairs, either a sentence paired with its negated
version or a sentence paired with its paraphrased
version. The models are prompted to determine
whether a given sentence pair conveys the same
meaning or opposite meaning (at least in part)
which helps distinguish between semantic equiv-

24

alence and contradiction introduced by negation.

Although overall accuracy scores are low for sev-
eral small models, the performance drop is primar-
ily driven by errors in negated pairs. Recall anal-
ysis (Table 8) shows that paraphrased instances
are identified with relatively high recall, whereas
negated pairs are detected much less reliably, in-
dicating difficulty in recognizing meaning reversal
caused by negation. Even when a negated sen-
tence appears alongside its original, models often
fail to capture the semantic contradiction. How-
ever, Larger models such as GPT-OSS 120B and
20B, and Llama-3.3-70B exhibit higher NegRecall
than ParaRecall, while smaller models show the
opposite trend. This suggests that smaller models
tend to treat most sentence pairs as semantically
equal though they are not.

4.4. Evaluating Sentiment Classification

We first categorize the sentiment test set into sen-
tences containing negation and sentences without
negation, using a morphological analyzer (Dasari
et al., 2023) to identify the presence of explicit neg-
ative words or negative morphemes. This catego-
rization allows us to directly compare model perfor-



Model Accuracy ParaPrecision NegPrecision ParaRecall NegRecall
DeepSeek-R1-Qwen3-8B 68.85 69.58 68.09 69.06 68.63
Indic-gemma-7b-Navarasa  53.89 52.24 61.86 86.88 21.13
Meta-Llama-3-8B-Instruct 51.77 50.82 86.67 99.29 4.58
Nemotron-Cascade-8B 62.19 57.00 93.75 98.23 26.41
Qwen3-8B 83.22 77.10 92.76 94.33 72.18
Gemma-7b-it 49.82 49.82 0.00 100.00 0.00
GPT-OSS 120b 88.16 90.26 86.29 85.46 90.85
GPT-OSS 20b 89.17 91.67 86.96 86.12 92.20
Llama-3.3-70b-versatile 87.10 96.86 80.76 76.60 97.54
Telugu-Llama2-7B-Instruct 49.82 49.82 0.00 100.00 0.00
Gemini-2.5-Flash 97.17 98.19 96.21 96.10 98.24

Table 8: Performance of LLMs on NEGDIFFER, reporting Accuracy, Precision, and Recall for PARA-
PHRASED and NEGATED classes.

Flip Quality Metrics Similarity Metrics
Model Correct (%) (5,4) (%) 3 (%) (2,1) (%) | BLEU BERTScore CharEdit,orm
DeepSeek-R1-Qwen3-8B 40.15 22.78 21.62 55.60 |0.6133  0.9007 0.3044
Indic-gemma-7b-Navarasa 20.45 15.24 10.41 7435 |0.5562 0.8966 0.2969
Meta-Llama-3-8B-Instruct 18.42 10.90 7.89 80.45 |0.6280 0.8975 0.2794
Qwen3-8B 58.58 4254 2276 34.70 |0.6640 0.9216 0.2169
Gemma-7b-it 1.14 0.76 1.14 98.11 |0.6209  0.9019 0.2836
GPT-o0ss-120b 58.21 47.76 20.15 32.09 |0.7056  0.9381 0.1641
GPT-0ss-20b 57.98 4747 1829 34.24 |0.6896  0.9325 0.1812
Llama-3.3-70b-versatile 70.00 55.93 23.33 20.74 |0.6898  0.9282 0.1860
Gemini-2.5-Flash 86.54 78.08 13.08 8.85 |0.7393 0.9492 0.1367

Table 9: Performance of LLMs on NEGFLIP, reporting Flip Quality metrics (percentage of correctly
flipped instances and distribution of Meaning scores ((5,4), 3, and (2,1))) and similarity metrics (BLEU,
BERTScore, and normalized character edit distance).
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mance across the sentences that contain explicit Y ST —
and morphological negations and others. From
Figure 4, it is observed that accuracy is higher for
sentences without negation. This suggests that
negation introduces additional complexity.

From Appendix Table 12, it is evident that, re-
call for the positive sentiment class under negated
conditions is consistently low across most models, °
indicating that models struggle to correctly identify
positive sentiment when negation is present. This
is likely because negation words pull the model to-
ward predicting negative sentiment directly, rather
than understanding the compositional meaning of
the negated sentence. Conversely, recall for the
negative sentiment class under negated condi-
tions remains high, suggesting that models asso-
ciate negation cues directly with negative senti-
ment rather than reasoning about the actual senti-
ment of the sentence.
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Figure 4: Comparison of overall sentiment classifi-
cation accuracy on sentences containing negation
and sentences without negation.

the Appendix A.2. The Results in Table 9 show
that Polarity Flipping is the hardest task in this
benchmark. Even large models like GPT-OSS
120b and GPT-OSS 20b achieve only 58% cor-
rectness, with only Gemini-2.5-Flash, Llama-3.3-
70b-versatile performing reasonably well. How-

4.5. Evaluating Polarity Flipping

This experiment assesses whether models can

generate a negated variant of a given sentence
by flipping the meaning of a specified target word
or phrase while preserving the rest of the sen-
tence’s structure and semantics. The human
evaluation guidelines for this task are detailed in

25

ever, models that fail to correctly flip the polarity
still achieve high BERTScores, meaning the gen-
erated sentences look similar to the input but do
not carry the intended opposite meaning highlight-
ing the inadequacy of automated metrics.



5. Conclusion

In this work, we present NEGTEG, a comprehen-
sive benchmark to evaluate negation handling in
Telugu on five tasks: Negation Detection, Nega-
tion Translation, Paraphrase Detection, Sentiment
classification, and Polarity flipping. Our evalua-
tion of models reveals that negation in Telugu re-
mains a persistent challenge even for state-of-the-
art models. Models tend to be biased toward non-
negative predictions, struggle to preserve nega-
tion in translation, and fail to distinguish seman-
tically inverted sentence pairs in paraphrase de-
tection. Furthermore, models struggle with down-
stream tasks in the presence of negation, partic-
ularly in sentiment classification and polarity flip-
ping. A recurring observation is that automated
metrics remain high even when models fail seman-
tically, underscoring the need for human evalua-
tion. Overall, larger models consistently outper-
form smaller ones, yet even the strongest models
struggle with deep compositional understanding of
negation in Telugu.

Limitations and Future Work

The benchmark covers only Telugu and does not
cover other Indian languages, limiting its general-
izability. Human evaluation, while necessary for
translation and polarity flipping tasks, is inherently
subjective and may introduce annotator bias de-
spite the provided guidelines. Finally, the bench-
mark evaluates models in a zero-shot setting, and
performance may vary with few-shot prompting or
fine-tuning on Telugu-specific data. Although our
evaluation reveals that models are insensitive to
negation in Telugu, the lack of sufficient training
data prevented us from fine-tuning the models to
address this limitation.

As future work, we plan to extend NEGTEG to
other Indian languages, especially Dravidian lan-
guages such as Tamil, Kannada, and Malayalam.
Since these languages are agglutinative and mor-
phologically rich like Telugu, this will help us eval-
uate whether the trends observed in Telugu hold
across similar languages.
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Appendix
A. Human Evaluation Guidelines

This appendix documents the guidelines provided
to human annotators for evaluation tasks. To en-
sure consistency and reliability, annotators were
briefed on these guidelines before beginning the
annotation process.

A.1. Guidelines for Negation

Preservation in Translation

Human Evaluation Guidelines for Negation
Preservation after Translation
Preserved:
» The negation present in the source sentence
is correctly translated.
» The scope of the negated verb or phrase is
accurately preserved.
Not Preserved:
» The negation is completely omitted in the
translation.
» The negation incorrectly modifies a different
word or scope.
» The negation is mistranslated due to incorrect
morphological agreement in gender or tense.

A.2. Guidelines for Polarity Flipping

Human Evaluation Guidelines for Polarity Flip-
ping
Polarity Check:

* |Is the polarity of the specified target correctly

flipped? (Yes / No)

Meaning Preservation Rating:

» 5—Perfect polarity reversal; meaning matches
the reference.
4 — Meaning is mostly preserved with minor
variation.
3 — Minor meaning change compared to the
reference.
2 — Major change in meaning; polarity not cor-
rectly flipped.
1 — Completely irrelevant or incorrect genera-
tion.

B. Prompts Used for Model Inference

B.1. Negation Detection Prompt

You are a Telugu linguistics expert.

Your task is to analyze the following Telugu sen-
tences and determine if they contain negation.

In Telugu, negation can be explicit (using words
like soe, 8, $¢) or morphological negation
where morphemes attached to verbs or clauses




(using suffixes like &, esass, ey e,
o5 2 8%, o &o&, and many more) or lex-
ical (@@vé?so, 308350, @°5a0o, Do)

Rules:

- NEGATED (if explicit negative or negated mor-
pheme is identified)

- NOT_NEGATED (if no explicit grammatical nega-
tion is present, regardless of whether the sentence
contains lexical negativity.)

Sentence: “{sentence}”

Return ONLY JSON:

{’label”.”’NEGATED"} or {"label”:"NOT_NEGATED"}

B.2. Paraphrase Detection Prompt

Your task is to determine if the sentence1 is a para-
phrased or negated version of the Sentence2 in Tel-
ugu.

Classify the relationship:

- PARAPHRASED: Sentencel conveys same
meaning as Sentence2, by different words or dif-
ferent sentence structure.

- NEGATED: The Sentencel contradicts or re-
verses the meaning of the Sentence2.

- If **any part** of the sentence is negated, polarity-
flipped, contradicted, or reversed (even partially),
you MUST classify it as **NEGATED**.

Given:

Sentence1l: “{sentencel}’

Sentence2: “{sentence2}”

Return ONLY a valid JSON object in this exact for-
mat:

{"label”.”’PARAPHRASED"} or {"label”.”’NEGATED"}
DO NOT include any explanation, text, or formatting
outside the JSON.

B.3. Sentiment Classification Prompt

Analyze the sentiment of the following text and clas-
sify it as either POSITIVE or NEGATIVE.

Text: “{text}”

Classification Guidelines:

- POSITIVE: Expresses favorable opinions, satis-
faction, happiness, praise, benefit, success, ap-
proval, progress, desirable situation, or optimistic
views

- NEGATIVE: Expresses unfavorable opinions, dis-
satisfaction, sadness, criticism, harm, failure, dan-
ger, loss, undesirable situation, or pessimistic
views

- If both positive and negative aspects appear,
choose the dominant one.

Return ONLY a valid JSON object in this exact for-
mat:

{’sentiment”: "POSITIVE"} or {"sentiment”: "NEGA-
TIVE”}

DO NOT include any explanation, text, or formatting
outside the JSON.
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B.4. Polarity Flipping Prompt

p

In Telugu, polarity is realized on the verb; flipping a
verb’s polarity can flip the sentence meaning.

If multiple verbs are present, flipping different verbs
yields different interpretations, so the target verb or
verbs are explicitly provided.

You are given a Telugu sentence where the speci-
fied verb(s) contain negative polarity markers.
Rewrite the sentence by flipping the polarity of
ONLY the specified verb(s).

Constraints:

- Flip the polarity of the specified verb(s), making
only the minimal inflectional adjustments (tense, as-
pect, mood, person, number, gender) required for
grammatical well-formedness

- If the original sentence contains NPIs (e.g., o2&,
50880, IS8, I5,E8, dSrgo, A9ye38), remove or ad-
just any that are no longer required after the polarity
flip.

Input:

Sentence: “{sentence}”

Target Verb(s): “{verb_to_negate}”

Output:

Return ONLY a JSON object in the format:
{"flipped_sentence”:"<sentence>"}

C. Negative Polarity ltems

Negative Polarity ltems (NPIs) are expressions
that are grammatically licensed only in the pres-
ence of negation. Table 10 presents examples of
NPI sentences from the dataset. Mishandling NPIs
in downstream tasks can lead to significant errors.
In the polarity flipping task, flipping a sentence con-
taining an NPI requires the model to ensure that
the NPI remains valid in the resulting sentence, or
task, sentences with and without NPIs should be
translated while preserving their negative mean-

ing.

D. Translation Error Analysis

To better understand how models fail at preserv-
ing negation during translation, we conducted a
qualitative error analysis on the model outputs. Ta-
ble 11 presents representative examples of trans-
lation errors, categorized by the type of negation
failure observed.

E. Additional Results

Table 12 reports detailed accuracy, precision and
recall for the sentiment classification task under
negated and non-negated instances.



Sentences with Negative Polarity Items (NPI)

FE0 0 BOSED I08.
naku émi teliyadani ceppindi
She said that she does not know anything.

KBS 68 50780 &5y 30820 8.
gadilé pata samanu tappa marémf Iévu
There is nothing else in the room except old furniture.

BIT°8 PINPOTT EPENNY ST 5508 JGET> BRH0G IS THOSITHED.
Sivaravuki abhimukhamga kdrcunna satyanamd eppudi lIénanta ekkuvaga tagutunnadu
Satyanand is drinking more than ever before.

& 5°3 DO S°0EE008. @03 & 5% DB SRS,
a rotte sariga kalakattumdi. amduké a rottenu evard tinalédu
That bread was not properly baked. That is why nobody ate that bread.

B0R)g D0 3.
nuvvu ém ceppoddu
You should not say anything.

3o e 95000 2568 IS0k,
nénu T visayam evariki ceppanumdgu
| will not tell this matter to anyone.

3588 Deroed Do Ssvowes 30588308,
akariki elamti sambodhana Iekumdané modallettindi
In the end, she started without any form of address at all.

ROBISET A3 368 ARgHeS0ed 8!
imtavarakd evard evariki ivvanatuvamti parti
A party the likes of which nobody has ever given to anyone!

AGET erosd 33 wond a8 I ), Fco.
iddaru alamti vallé ayite ika ceppané akkarllédu
If both are like that, there is no need to say anything at all.

208 22613 BIET, 20BS” Hdow® $58,B306?
imta proddunné Iévakana, imtild panamta cakkapettindi
Did she finish all the housework without even waking up this early?

S 5770 YOS® P8 SIS0, ETYTD) YD 98T,
atani mata imka parti kanélédu. kannaravu kevvumani aricagu
His words were not even complete. Kannarao screamed.

BT $0539) 0o SoBE Trer AepoB SEo8.
dénimida manassu lagnam céyaléka cala ibbandi padutundi
Unable to focus the mind on anything, one is in great difficulty.

&5 295°D DySooTe Se BoloS 0 Tod).
tand cillikanr pettakumda 1 ramgamloniki ravali
One must enter this field without spending a single penny.

OEI ST ANGH08 EPIg08008 Bogl?
adrasu kada ivvananta rahasyamémumdi dimtlo
What is so secret that you cannot even give the address?

AT BE;G 28 EEIT GOGEICE0.
iha ikkada okkaksanamaina umdakidadu
One should not stay here even for a single moment.

$08) 828 2.5, 5w RI5EO &55e!
malli 6sari okkapaisa kaga ivvaddu bharani
Do not give even a single penny again, Bharani!

Table 10: NPI sentences in the dataset with NPl words highlighted in blue
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Setence Model Tranlsations Error

@go 5940 ©3TSoaOT $0§) 98208, Bhashaverse: You haven't read it again. | Negation
ardham kanattu ayomayamga malli cadividhi. Indic-gemma-7b: She read it again to | shifted; omit-
Confused, she read again as if she didn’t under- | make sure it made sense. ted

stand.

2T SIS 908G Devs HiYew SO0, Llama-3.3-70b:  Mother scolded for | Negation omit-
baga custétappa akkada ciluka vunnatlu teliyadu. watching TV in the morning. ted; Mistrans-
Unless you don’t observe keenly, you GPT-0SS-20b: Mom scolded for not | lated

ey 500 238700 63D 35D B0,

amma kopamga poddastamanam tivi cudakani
tittindi.

Mom scolded me angrily and told me not to watch
TV all the time.

watching TV in the morning.

;S D TREDBIT, B 3G Job.

ekkuva nillu tagakapotégida, ila védi céstundi.
Even if you don’t drink much water, it makes you feel
this hot.

Bhashaverse: Even if you drink a lot of
water, it heats up.

Negation omit-
ted

T8 S0, SR> oS G0,
varé lenappudu, nénd undi undanu.
When they are not there, | would not be there either.

Meta-Llama-3-8B: When they are not
there, | will be.

Qwen3-8B: | will remain here when they
are not present.

One negation
omitted

To¢0 BoOE0ES ¥, ABgese!
vadu rendukanté ekkuva ivvadatal
He does not give more than two!

Most of the models: He gives more than
two!

Negation omit-
ted

BB DO SEDPS QRSB eeroed HO8BTON I, Model: If the work expected is not done, | Extra  nega-
anukuna pani kakapote migilédi alanti panikimalin | it's not funny. tion added
navve.

If the expected work does not happen, what remains

is only that useless smile.

SO WESHEGo SRS, ¥ o0l Fged® | Google Translate: He was not recog- | Negation on

HOEHeIES’ et Joueses M5B,

vayasu midapadadam valanano, |éka anékamandi
Sisyulald gurtu pattakano ayana modata gurtup-
pattalédu.

At first he could not recognize, either because of his
advancing age or he has too many disciples.

nized at first, either because of his advanc-
ing age or because many of his disciples
did not recognize him.

wrong subject

©0eB0 EHAGD WIR SIS0 SOSDT 0.
anduvalna jégayyani casi cddanatlu vadilésévagu.
Hence he pretended as if he didn’t see Jogayya.

GPT-0SS-20b: Therefore, Jogayyani
would leave as if he had not seen.

Negation on
wrong person

Table 11: Examples of negation translation errors made by models, categorized by error type.

Accuracy | Precision_pos | Recall_pos | Precision_neg | Recall_neg
Model NEG NOT | NEG NOT | NEG NOT | NEG NOT | NEG NOT
DeepSeek-R1-Qwen3-8B  0.767 0.720 | 0.923 0.985 | 0.257 0.536 | 0.752 0.594 | 0.991 0.988
Indic-gemma-7b-Navarasa 0.778 0.848 | 0.618 0.861 |0.720 0.883 | 0.867 0.828 | 0.804 0.798
Meta-Llama-3-8B-Instruct 0.797 0.857 | 0.665 0.891 | 0.695 0.865|0.861 0.811 |0.843 0.845
Nemotron-Cascade-8B 0.798 0.744|0.765 0.944 |0.502 0.605|0.807 0.621 |0.931 0.948
Qwen3-8B 0.833 0.840|0.848 0.962 |0.560 0.760|0.829 0.731 |0.955 0.957
Gemma-7b-it 0.739 0.758 |0.584 0.871 [0.537 0.695|0.800 0.656 |0.829 0.849
GPT-OSS 120b 0.841 0.870|0.789 0.954 |0.662 0.820|0.859 0.782 |0.921 0.943
GPT-OSS 20b 0.851 0.873|0.804 0.958 [0.685 0.822|0.868 0.785 |0.925 0.947
Llama-3.3-70b-versatile 0.867 0.884|0.837 0.970 |0.707 0.830|0.878 0.795 |0.938 0.962
Gemini-2.5-Flash 0.859 0.890|0.829 0.972 |0.685 0.839|0.869 0.804 |0.937 0.965

Table 12: Sentiment classification performance under negated (NEG) and non-negated (NOT) sentence
conditions.Precision_pos and Recall_pos refer to the positive sentiment class, while Precision_neg and
Recall_neg refer to the negative sentiment class.
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