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Abstract

Negation is a common and important semantic
feature in natural language, yet Large Language
Models (LLMs) struggle when negation is in-
volved in natural language understanding tasks.
Commonsense knowledge, on the other hand,
despite being a well-studied topic, lacks inves-
tigations involving negation. In this work, we
show that commonsense knowledge with nega-
tion is challenging for models to understand.
We present a novel approach to automatically
augment existing commonsense knowledge cor-
pora with negation, yielding two new corpora
containing over 2M triples with if-then rela-
tions. In addition, pre-training LLMs on our
corpora benefits negation understanding.

1 Introduction

Negation is a common and important semantic
feature in natural language, appearing in approxi-
mately 25% of English sentences (Hossain et al.,
2020). Despite the recent success of large lan-
guage models (LLMs) across various natural lan-
guage processing tasks (Achiam et al., 2023; Tou-
vron et al., 2023), their understanding of nega-
tion remains unclear. Previous work has demon-
strated that language models struggle with mul-
tiple natural language understanding tasks when
negation is involved (Dobreva and Keller, 2021;
Jang et al., 2022). However, these investigations
have been limited to encoder-based models such as
BERT (Devlin et al., 2019) and earlier LLMs such
as GPT-3 (Brown et al., 2020).

Commonsense knowledge has been extensively
studied, with numerous efforts focused on building
commonsense knowledge bases (Speer et al., 2017;
Sap et al., 2019). Commonsense reasoning has also
been investigated through tasks such as question
answering (Talmor et al., 2019). Despite these
extensive efforts, the intersection of commonsense
knowledge and negation remains underexplored.

Euler successfully 
applied for a Physics 
professorship

Intention of
Euler

teach in Physics

not teach in Physics

Euler unsuccessfully 
applied for a Physics 
professorship

Euler successfully 
applied for a non-
Physics professorship

if event then event

not join Math
department

Relation

Figure 1: A commonsense knowledge triple with the In-
tention relation. Negations are added to both if and then
events. Adding different negation cues results in new
triples that align (same color on both sides) or conflict
with (different colors) commonsense knowledge.

ATOMIC (Sap et al., 2019) is one of the largest
commonsense knowledge corpora with if-then re-
lations, representing commonsense knowledge as
a triple <A, R, B>, where A represents the if event,
R represents the relation, and B represents the then
event. For example, <the person is hungry, the
person wants to, eat food> represents the com-
monsense knowledge that “if the person is hungry,
then the person wants to eat food.” To our knowl-
edge, ANION (Jiang et al., 2021) is the only work
that develops a commonsense knowledge base with
negation, built on top of ATOMIC. However, their
approach only negates the if event and generates a
new then event via human annotation, resulting in
a new triple <¬A, R, B′>. This is limited because
it does not consider negating the then event and
requires significant human annotation effort.

In this work, we present a novel approach to au-
tomatically augment existing commonsense knowl-
edge corpora with negation. Our method is moti-
vated by the observation that negating either the
if event, the then event, or both can sometimes
produce new triples that still align with common-
sense knowledge. As shown in the example in
Figure 1, negating the if event “Euler unsuccess-
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fully applied for a position in Physics” implies
that the intention of Euler was to “teach in Physics.”
In contrast, negating the then event “not teach in
Physics” yields a triple that conflicts with com-
monsense knowledge (green if event and red then
event). This observation motivates us to augment
both if and then events with negation, expanding
existing commonsense knowledge corpora by up
to three times (negating the if event, the then event,
or both). In addition, our approach avoids relying
on human effort to generate new events such as

“not join Math department”. We further propose an
automatic validation method to verify whether the
new commonsense triples with negation align with
commonsense knowledge. More importantly, we
demonstrate that they benefit LLMs’ understand-
ing of negation in general-purpose tasks. The main
contributions of this paper are:1

• A novel approach to develop two common-
sense knowledge corpora with over 2M triples
containing negation.

• An automatic method to validate common-
sense triples with negation.

• Evaluation on multiple models across five
benchmarks, demonstrating that our corpora
improve LLMs’ understanding of negation.

2 Related Work

Commonsense knowledge bases (CSKB) have
been developed across multiple works with differ-
ent focuses. ConceptNet (Speer et al., 2017) rep-
resents taxonomic commonsense knowledge as a
graph, where each concept (i.e., word or phrase) is
connected by a relation. For example, a net is used
for catching fish. Sap et al. (2019) focus on rela-
tions between events rather than concepts, propos-
ing nine if-then relations representing inferential
knowledge. For example, if X pays Y a compli-
ment, then Y wants to return the compliment. To
our knowledge, ANION (Jiang et al., 2021) is the
only work that investigates commonsense knowl-
edge with negation. It is built by negating the if
event from ATOMIC and manually annotating a
new then event. For example, if X does not pay Y
a compliment, then the effect on Y is upset. This
approach limits the possibility of negating the then
event and requires significant human annotation
effort. Arnaout et al. (2022) develop a method
to identify informative negations of commonsense

1Code and dataset available at https://github.com/
wang-zijie/commonsense_with_negation

concepts. The dataset complements existing CSKB
as they often do not capture any negative concepts
such as “gorillas are not territorial.” The UNcom-
monsense dataset (Zhao et al., 2024) collects data
involving unusual, unexpected, and unlikely situ-
ations, namely uncommonsense knowledge. The
primary task asks LLMs to generate reasonable
explanations given contexts with uncommon out-
comes. Beyond manual efforts to create CSKB,
Bosselut et al. (2019) propose COMET, a system
that trains a transformer model to automatically
generate the then event given the if event and rela-
tion. West et al. (2022) distill commonsense knowl-
edge from LLMs to train a transformer for com-
monsense graph generation. Unlike existing works,
we propose a novel approach to incorporate nega-
tion into existing CSKB. Our approach generates
large-scale commonsense knowledge triples with
negation while requiring no human effort.

Commonsense Knowledge for Downstream
Tasks Commonsense knowledge has been shown
to benefit many downstream tasks. Talmor et al.
(2019) present a question answering dataset called
CommonsenseQA that involves reasoning over
commonsense knowledge. They develop multiple-
choice questions based on the concept-relation
graph from ConceptNet. Lal et al. (2022) observe
that answering why-questions often requires com-
monsense reasoning and leverage COMET to gen-
erate relevant commonsense knowledge for this
task. Guan et al. (2020) pre-train a Transformer
model on external commonsense knowledge bases
to improve story generation. In this work, we lever-
age augmented commonsense knowledge corpora
with negation to improve LLMs’ understanding of
negation, with experimental results across three
tasks demonstrating its effectiveness.

Improving Models’ Negation Understanding
Prior work has shown that LLMs struggle with nat-
ural language understanding tasks involving nega-
tion (Dobreva and Keller, 2021; Jang et al., 2022),
motivating efforts to address this limitation. Hos-
seini et al. (2021) leverage unlikelihood training
and synthetic data generation to improve BERT’s
understanding of negation. Singh et al. (2023) mod-
ify BERT’s next sentence prediction task by in-
corporating negation cues rather than random sen-
tences. Rezaei and Blanco (2024) show that incor-
porating affirmative interpretations improves per-
formance on negation understanding benchmarks.
In this work, we demonstrate that state-of-the-
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art LLMs still lack robust negation understanding
and develop two commonsense knowledge corpora
augmented with negation. More importantly, pre-
training on our corpora improves performance on
multiple tasks requiring negation understanding.

3 Augmenting Commonsense Knowledge
Triples with Negation

We propose a novel approach to automatically aug-
ment existing commonsense knowledge corpora
with negation. Building on ATOMIC (Sap et al.,
2019) and ANION (Jiang et al., 2021), we de-
velop two new commonsense knowledge corpora:
¬ATOMIC and ¬ANION. We further introduce
an automatic validation method that categorizes
the generated commonsense triples as either Valid
(aligned with commonsense knowledge), Invalid
(conflicting with commonsense knowledge), or Am-
biguous (neither). Our resulting corpora contain
over 2M commonsense triples with negation.

Negating Commonsense Knowledge Triples
As discussed in Section 2, ATOMIC consists of com-
monsense knowledge triples with if-then relations
connecting two events. ANION extends ATOMIC

by negating the if event and manually annotating
a new then event; however, it does not consider
negating the then event. Unlike these approaches,
we incorporate negation into the if event, the then
event, and both. Specifically, given a commonsense
triple <A, R, B> from ATOMIC, where A is the if
event, R is the relation, and B is the then event, we
leverage an LLM to add the logical negation cue
not to A, B, and both, generating three new triples:
<¬A, R, B>, <A, R, ¬B>, and <¬A, R, ¬B>. For
a commonsense triple <¬A, R, B′> from ANION,
where B′ is a new then event distinct from B, we
negate only B′ to generate <¬A, R, ¬B′>. We do
not negate ¬A, as doing so would yield the same
if event as in ATOMIC. Note that we use only the
training split to generate these triples.

To perform negation, we add the negation cue
not to (1) the main verb of the event (e.g., “the
person does not take a picture”, “not look at the
picture”), or (2) the modifier when the verb is ab-
sent (e.g., “not excited”). Using manually curated
exemplars, we prompt Llama 3.1 70B to generate
the negated events. A manual evaluation of 200
instances confirms 99% syntactic correctness.

3.1 Validating New Triples

It remains unknown whether the automatically gen-
erated triples with negation align with or conflict
with commonsense knowledge. We use Valid and
Invalid to denote these cases, respectively. In addi-
tion, we observe two scenarios when the triples are
considered Ambiguous: (1) the validity is context-
dependent—for example, “If the sun is not shining,
then it is daytime” can be either Valid or Invalid
because “the sun is not shining” could indicate
heavy clouds during daytime or simply nighttime;
(2) the triple lacks a clear causal connection and
thus has ambiguous semantics—for example, “If
Person A does not get a gift, then it causes Person
A to feel joy.”

Recent work leverages LLM-as-a-judge to eval-
uate LLM outputs such as synthetic datasets (Li
et al., 2024). However, we demonstrate that state-
of-the-art LLMs, including GPT-4o and Claude
Sonnet 4, lack the ability to evaluate the valid-
ity of commonsense knowledge triples with nega-
tion. We address this limitation by training a task-
specific LLM to automatically validate common-
sense triples.

We train LLMs using supervised fine-tuning
with three types of data: (1) Valid triples from exist-
ing commonsense corpora (ATOMIC and ANION),
(2) Ambiguous triples created by randomly com-
bining if events, then events, and relations from
existing triples, similar to (Fang et al., 2022), and
(3) Invalid triples constructed by prompting GPT-
4o to generate then events from existing if events.
Note that the training data are considered noisy
without any manual inspection. For evaluation, we
construct a benchmark comprising 200 triples per
relation type from ATOMIC along with their three
negated variations (7,200 triples total). We recruit
two annotators to label each triple as Valid, Invalid,
or Ambiguous, achieving an inter-annotator agree-
ment of 0.62, indicating substantial agreement (Art-
stein and Poesio, 2008). Note that the training and
evaluation data do not overlap, as they are sam-
pled from the original training and test splits, re-
spectively. Appendix A provides more details on
benchmark creation and annotation.

We experiment with Llama 3.1 8B and 70B us-
ing three training data variations—differing only
in whether Valid and Ambiguous triples come from
ATOMIC, ANION, or both; Invalid triples are al-
ways synthesized via an LLM. Regardless of the
training corpus source, the models are trained on
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Valid Invalid Ambiguous Overall

P R F1 P R F1 P R F1 P R F1 Acc

Few-shot learning
Llama 3.1 8B 0.56 0.58 0.57 0.40 0.71 0.52 0.54 0.07 0.13 0.45 0.45 0.37 0.44
Llama 3.1 70B 0.73 0.54 0.62 0.50 0.73 0.59 0.48 0.38 0.43 0.56 0.55 0.53 0.53
GPT-4o 0.71 0.48 0.51 0.54 0.65 0.59 0.51 0.54 0.51 0.53 0.54 0.52 0.54
Claude Sonnet 4 0.83 0.38 0.53 0.51 0.63 0.56 0.46 0.64 0.54 0.61 0.56 0.56 0.56

Fine-tuning
Llama 3.1 8B 0.57 0.80 0.67 0.67 0.48 0.56 0.53 0.45 0.48 0.58 0.57 0.55 0.56
Llama 3.1 70B 0.70 0.76 0.73 0.79 0.48 0.59 0.51 0.68 0.58 0.65 0.63 0.63 0.64

Table 1: Results of validating commonsense triples with negation via (1) few-shot learning with Llama 3.1 8B, 70B,
GPT-4o, and Claude Sonnet 4, and (2) fine-tuning Llama 3.1 8B and 70B. We report Precision (P), Recall (R), and
F1 for each label and overall, along with overall Accuracy (Acc). Only the best fine-tuning results are reported
across variants of whether Valid and Ambiguous training instances come from ATOMIC, ANION, or both; Invalid
training data is synthesized using GPT-4o. Full results are reported in Appendix B.1.

Dataset # Triples (%)
# w/o Neg. (%) # with Negation (%)

⟨A,R,B⟩ ⟨¬A,R,B⟩ ⟨A,R,¬B⟩ ⟨¬A,R,¬B⟩
Existing Corpora

ATOMIC∗ 449k 449k — — —
ANION∗ 142k — 142k — —

Our Corpora
¬ATOMIC 1,798k (100.0) 449k (100.0) 449k (100.0) 449k (100.0) 449k (100.0)

Valid 681k (37.9) 376k (83.7) 47k (10.5) 42k (9.2) 216k (48.0)
Invalid 463k (25.8) 8k (2.0) 128k (28.5) 286k (63.6) 41k (9.1)
Ambiguous 652k (36.3) 64k (14.3) 274k (61.0) 122k (27.2) 192k (42.9)

¬ANION 285k (100.0) — 142k (100.0) — 142k (100.0)
Valid 104k (36.4) — 77k (53.9) — 27k (18.9)
Invalid 46k (16.1) — 8k (5.6) — 38k (26.6)
Ambiguous 135k (47.5) — 58k (40.5) — 77k (54.5)

Benchmark (¬ATOMIC) 7,200 (100.0) 1,800 (100.0) 1,800 (100.0) 1,800 (100.0) 1,800 (100.0)
Valid 2,329 (32.3) 1,287 (71.5) 113 (6.3) 118 (6.5) 811 (45.1)
Invalid 2,150 (29.9) 41 (2.3) 823 (45.7) 1,184 (65.8) 102 (5.6)
Ambiguous 2,721 (37.8) 472 (26.2) 864 (48.0) 498 (27.7) 887 (49.3)

Table 2: Statistics of commonsense triples in existing corpora, our corpora, and the benchmark. ATOMIC contains
no triples with negation, and ANION negates only the if event. ∗ denotes subsets of the datasets: training splits from
each corpus, excluding underspecified triples from ATOMIC and using only the logical negation split from ANION.

5,400 training triples (200 triples per relation per
label) using QLoRA (Dettmers et al., 2023) with 4-
bit quantization. Both training and evaluation data
are verbalized from commonsense triples to natural
language if-then statements. Further experimental
details including the verbalization mapping can be
found in Appendix B.

Table 1 reports the validation results on our
benchmark. Claude Sonnet 4 outperforms the other
LLMs, though it achieves only 0.56 F1 score over-
all. Fine-tuned Llama 3.1 70B model outperforms
all proprietary models (F1 score: 0.63 vs. 0.56; Ac-
curacy: 0.64 vs. 0.56). Llama 3.1 8B shows lower
performance, as expected for a smaller model. We
consider precision for Valid and Invalid triples the
more critical metric, as only triples with these two

labels are used for training (Section 4). Lower
recall is tolerable since it only reduces training
set size. Our best LLM judge achieves 0.70 and
0.79 precision for Valid and Invalid triples, respec-
tively. Moreover, empirical experiments (Section 5)
demonstrate that the commonsense corpora synthe-
sized using our LLM judge effectively improve
LLMs’ negation understanding.

3.2 Analysis of Commonsense Knowledge
Corpora with Negation

We develop two new corpora with negation,
¬ATOMIC and ¬ANION, which are validated by
our LLM judge (Table 1, the last row) with three
labels, Valid, Invalid, and Ambiguous. Table 2
presents statistics for the existing corpora (ATOMIC
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and ANION), our corpora, and our benchmark.
We use only a subset of the existing corpora:

the training split, excluding underspecified triples
(e.g., PersonX sees ___ in the water) from ATOMIC

and using only the logical negation split from AN-
ION. Our approach augmenting commonsense
triples with negation is effective: 37.9% of the
commonsense triples from ¬ATOMIC (36.4% from
¬ANION) are identified as Valid, aligning with
commonsense knowledge, while fewer triples are
identified as Invalid (¬ATOMIC: 25.8%; ¬ANION:
16.1%). More importantly, they are augmented
with negation. As we demonstrate in Section 5,
both Valid and Invalid triples improve LLMs’ abil-
ity to understand negation.

4 Commonsense Knowledge with
Negation for Downstream Tasks

We have presented a novel method to automati-
cally augment existing commonsense knowledge
corpora with negation. Our two corpora, ¬ATOMIC

and ¬ANION, contain over 2M commonsense
knowledge triples augmented with negation, vali-
dated by an LLM judge. Beyond this contribution,
we demonstrate that our corpora improve LLMs’
ability to understand negation. Specifically, we
evaluate on five benchmarks across three tasks:
question answering (QA), natural language infer-
ence (NLI), and information retrieval (IR).

4.1 Benchmarks Evaluating LLMs’ Negation
Understanding

CondaQA (Ravichander et al., 2022) is a con-
trastive QA dataset requiring understanding of
negation cues in passages to answer questions.
Each question is paired with a passage contain-
ing the answer, with answers being either Yes, No,
Don’t know, a span in the question, or a span in
the context. Following Ravichander et al. (2022),
we evaluate CondaQA using two metrics: accuracy
and group consistency. The term group refers to the
original passage and either all three or one of the
edited passages. Group consistency measures the
percentage of questions answered correctly for all
passages in a group, which is arguably more impor-
tant than accuracy, as robustness against negation
requires correctly answering questions with both
original and negated passages.

NLI with Negation is introduced by Hossain
et al. (2020). It contains three NLI benchmarks
developed from existing benchmarks: RTE (Dagan

et al., 2005), SNLI (Bowman et al., 2015), and
MNLI (Williams et al., 2018). The authors show
that existing NLI benchmarks contain few negation
cues and develop new benchmarks by negating the
main verbs in premises and hypotheses to create
three new pairs from each original pair. The new
pairs are manually annotated to obtain labels.

NevIR (Weller et al., 2024) addresses the weak-
ness of neural information retrieval (IR) models in
understanding negation. The dataset is constructed
using contrastive query-document pairs from Con-
daQA, where each pair of queries and documents
is nearly identical except for a crucial negation. An
IR model is expected to rank documents based
on queries by correctly understanding negation.
Pairwise accuracy serves as the evaluation met-
ric: the model must correctly rank documents for
both queries, flipping the ranking when given the
negated query. Although the dataset’s primary pur-
pose is to evaluate IR model performance, it is
essentially a binary classification task, as only two
documents are provided for each query. Still, it is
considered a challenging benchmark as models are
required to understand negation from long context
(documents).

4.2 Training LLMs with Commonsense
Knowledge with Negation

Although over half of our generated triples are iden-
tified as Invalid (Table 2), meaning they conflict
with commonsense knowledge, they remain useful
for teaching LLMs to understand negation. Specif-
ically, we design a training objective that enables
models to learn from both Valid and Invalid triples,
and how negating the if or then event affects triple
validity. We construct training corpora by selecting
contrastive triples from ¬ATOMIC following the
patterns below. We select triples if:

• the original triple <A, R, B> is Valid, <¬A, R,
B> is Invalid, and <A, R, ¬B> is Valid;

• the original triple <A, R, B> is Valid, <¬A, R,
B> is Valid, and <A, R, ¬B> is Invalid;

• the original triple <A, R, B> is Invalid, <¬A,
R, B> is Valid, and <A, R, ¬B> is Invalid; or

• the original triple <A, R, B> is Invalid, <¬A,
R, B> is Invalid, and <A, R, ¬B> is Valid.

For ¬ANION, we select triples where the origi-
nal and negated triples have different labels. This
approach balances the distribution of Valid and In-
valid triples and, more importantly, highlights two
patterns for models to compare: (1) negating either
the if or then event keeps the new triple’s validity
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Group Consistency

# Params. Accuracy (∆%) All Par. Sco. Aff.

Fully supervised
UnifiedQA-v2-large (Ravichander et al., 2022) 770M 66.7 30.2 64.0 43.7 46.5
RoBERTa-large 355M 64.9 29.6 61.9 41.4 45.8

Pre-trained with
ATOMIC + ANION 67.0 (+3.2) 32.9 65.6 46.3 48.1
Best of (¬ATOMIC, ¬ANION) 68.5 (+5.5) 34.3 66.4 47.6 50.1

In-context learning
Zero-shot

OpenAI o1 — 65.3 24.9 67.4 43.8 38.6
Few-shot

InstructGPT + COT (Ravichander et al., 2022) — 66.3 27.3 64.2 45.1 44.9
GPT-4o — 72.9 34.4 78.7 52.6 47.9
Llama 3.1 70B 70B 77.5 43.3 83.7 61.8 54.9
Llama 3.1 8B 8B 68.7 31.5 69.0 48.1 44.4

Pre-trained with
ATOMIC + ANION 67.6 (-1.6) 27.5 69.5 44.3 41.4
Best of (¬ATOMIC,¬ANION) 71.5 (+4.1)∗ 33.5 72.9 48.7 46.4

Qwen2 7B 7B 65.1 24.9 65.9 39.7 39.2
Pre-trained with

ATOMIC + ANION 64.1 (-1.5) 22.8 65.2 38.4 37.7
Best of (¬ATOMIC, ¬ANION) 69.7 (+7.1)∗ 32.7 71.2 46.3 45.5

Table 3: Results evaluating CondaQA with two settings: fully supervised (top) and in-context learning (bottom).
The best result for each model is in bold. Delta (∆) indicates the percent change in accuracy compared to the
off-the-shelf model. An asterisk ∗ indicates a statistically significant improvement (McNemar’s test (McNemar,
1947), p < 0.05) over both the off-the-shelf model and the model trained with existing corpora.

(either Valid or Invalid), and (2) negating either the
if or then event flips the new triple’s validity. We
do not include <¬A, R, ¬B> as double negations re-
sult in more complex semantics. The final training
set consists of 89k triples from ¬ATOMIC and 76k
triples from ¬ANION. Finally, the model is trained
to predict whether a triple is Valid or Invalid, using
the validation results (Section 3.1) as ground truth.

As a baseline, we also construct a training
dataset without augmented negation. This is
done by sampling the commonsense triples from
ATOMIC and ANION as Valid instances, while
reusing the Invalid triples synthesized by an LLM
(Section 3.1). Although ANION contains triples
with negated if events, they differ significantly
from our corpora as they do not preserve the orig-
inal then event. Note that we always sample the
same number of triples from ATOMIC and ANION

as ¬ATOMIC and ¬ANION.

5 Experiments

We evaluate our corpora on negation understanding
using an encoder-based model (RoBERTa-large)
and two LLMs (Llama 3.1 8B and Qwen2 7B)
across three tasks: (1) CondaQA, a QA task (Sec-
tion 5.1); (2) NLI with Negation, an NLI task (Sec-
tion 5.2); and (3) NevIR, an IR task (Section 5.3).

All three models are first pre-trained on our
commonsense corpora, ¬ATOMIC, ¬ANION, or
both. As a baseline, models are pre-trained on ex-
isting corpora (ATOMIC and ANION). We then
evaluate on downstream tasks in two settings: (1)
fully-supervised fine-tuning on the downstream
task’s training split for encoder-based models, and
(2) zero-shot and few-shot in-context learning for
LLMs. Following standard practices, we use a
zero-shot prompt with the OpenAI o1 model and
a few-shot prompt with GPT-4o and open-source
LLMs. Pre-trained LLMs are trained and evaluated
locally using QLoRA (Dettmers et al., 2023) due
to computational resource limitations. Appendix C
reports experimental details including the prompts
and hyperparameters.

5.1 Evaluating with CondaQA

Table 3 reports results on CondaQA using two met-
rics: accuracy and group consistency (Ravichander
et al., 2022). For pre-trained models, we report only
the best results among three corpus configurations.
Appendix D.1 provides the complete results.

RoBERTa-large benefits from pre-training on
both existing and our commonsense corpora,
with our corpora yielding higher performance.
Pre-training on our corpora also outperforms
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# Params.
NLI with Negation

NevIR
RTE-Neg SNLI-Neg MNLI-Neg

Fully supervised
BERTNOT (Hosseini et al., 2021) 110M 74.5 46.0 60.9 —
RoBERTa-large-NSP (Rezaei and Blanco, 2025) 355M 87.2 56.5 69.9 —
stsb-roberta-large (Weller et al., 2024) 355M — — — 24.9
MonoT5 3B (Nogueira et al., 2020) 3B — — — 50.6
RoBERTa-large 355M 84.7 56.0 69.9 24.5

Pre-trained with
ATOMIC + ANION 86.2 56.5 69.4 29.1
Best of (¬ATOMIC, ¬ANION) 88.1∗ 58.3 69.7 34.3∗

In-context learning
Zero-shot

OpenAI o1 — 87.5 75.9 74.6 59.7
Few-shot

GPT-4o — 86.9 74.8 75.0 61.7
Llama 3.1 70B 70B 78.9 69.1 65.9 58.8
Llama 3.1 8B 8B 60.0 54.4 47.0 30.6

Pre-trained with
ATOMIC + ANION 65.3 57.5 51.1 37.9
Best of (¬ATOMIC, ¬ANION) 81.3∗ 68.2∗ 63.9∗ 42.2∗

Qwen2 7B 7B 71.7 60.7 59.5 29.8
Pre-trained with

ATOMIC + ANION 78.3 66.5 63.0 33.8
Best of (¬ATOMIC, ¬ANION) 82.3∗ 72.4∗ 67.5∗ 39.8∗

Table 4: Results evaluating three NLI benchmarks with negation cues (accuracy) and NevIR (pairwise accuracy) in
two settings: (1) fully supervised (top) and (2) in-context learning (bottom). The best results for each model are in
bold. An asterisk ∗ indicates a statistically significant improvement (McNemar’s test (McNemar, 1947), p < 0.05)
over both the off-the-shelf model and the model trained with existing corpora.

UnifiedQA-v2-large (Ravichander et al., 2022), de-
spite the latter being a larger model (770M vs.
355M). Surprisingly, proprietary models (OpenAI
o1 and GPT-4o) yield worse results than the less
powerful open-source Llama 3.1 70B (65.3 vs. 72.9
vs. 77.5). We hypothesize that OpenAI o1 with a
few-shot prompt may achieve higher performance,
though at significantly greater token cost. The two
LLMs pre-trained on our corpora consistently out-
perform the base model, with Llama 3.1 8B out-
performing Qwen2 7B. Pre-trained Llama 3.1 8B
even achieves competitive performance with GPT-
4o (71.5 vs. 72.9). More importantly, most im-
provements from our corpora are statistically sig-
nificant over both the off-the-shelf baseline and
models trained with existing corpora (indicated
with ∗ in Table 3). In contrast, pre-training on
existing corpora yields worse results than the off-
the-shelf baseline. Note that the baseline with ex-
isting corpora uses a single configuration: Valid
triples from ATOMIC and ANION, and synthesized
Invalid triples.

Importantly, pre-training on our corpora does not
degrade performance with non-negation instances.
The Affirmative Edit setting in CondaQA (column

Aff.) requires the model to reason over passages
with negation removed, and we observe no drop
in performance, indicating that pre-trained models
remain capable of handling affirmative text. Ap-
pendix D.2 provides extra results with Common-
senseQA (Talmor et al., 2019), a standard common-
sense benchmark, further confirming this finding.

5.2 Evaluating with NLI Benchmarks

We further evaluate on three NLI benchmarks with
negation: RTE-Neg, SNLI-Neg, and MNLI-Neg.
We include additional fully-supervised baselines:
BERTNOT (Hosseini et al., 2021), RoBERTa-
large-NSP (Rezaei and Blanco, 2025), stsb-
roberta-large (Weller et al., 2024), and MonoT5
3B (Nogueira et al., 2020). Table 4 (NLI with
Negation) reports results using accuracy. Pre-
training RoBERTa-large on our corpora yields the
best results among all models and outperforms all
baselines. However, only one result yields statisti-
cally significant improvement over the off-the-shelf
baseline. We hypothesize this is due to potential
overfitting—models are further fine-tuned on each
benchmark’s training split when the tasks are as
simple as classification. Moreover, the off-the-shelf
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CondaQA NLI with Negation
NevIR

(Accuracy) RTE-Neg SNLI-Neg MNLI-Neg

Llama 3.1 8B 68.7 60.0 54.4 47.0 30.6
Pre-trained with
¬ATOMIC 70.6 81.2 68.5 63.8 38.1

<¬A, R, B> 69.3 76.8 64.0 53.5 34.3
<A, R, ¬B> 67.6 74.0 65.5 54.6 35.6

¬ANION 71.3 81.3 68.2 63.9 42.2
<¬A, R, ¬B> 68.7 70.2 62.9 51.6 35.3

Qwen2 7B 65.1 71.7 60.7 59.5 29.8
Pre-trained with
¬ATOMIC 69.7 82.3 72.4 67.5 39.8

<¬A, R, B> 65.8 74.1 65.5 65.1 35.8
<A, R, ¬B> 64.3 75.7 68.3 62.4 34.4

¬ANION 69.2 78.9 66.1 62.5 36.3
<¬A, R, ¬B> 65.4 71.0 54.3 52.5 30.1

Table 5: Ablation results evaluating CondaQA, NLI, and NevIR, with pre-trained LLMs on different types of
negations: if event, then event, or both.

models already achieve strong results.
In-context learning with LLMs shows more ex-

pected trends. The OpenAI o1 model achieves
the highest results overall, followed by GPT-4o.
LLMs pre-trained on our corpora demonstrate sta-
tistically significant improvements over both the
off-the-shelf baseline and models pre-trained on ex-
isting corpora across all three benchmarks. Notably,
Qwen2 7B even outperforms the larger Llama 3.1
70B model. Unlike CondaQA, pre-training on ex-
isting corpora also yields benefits, despite being
significantly smaller than our corpora. Note that the
existing corpora include negated triples from AN-
ION, which benefit models’ negation understanding
on the simpler NLI task.

5.3 Evaluating with NevIR

Following Weller et al. (2024), we perform fully-
supervised fine-tuning with RoBERTa-large on
STS-B (Cer et al., 2017) instead of NevIR’s train-
ing split. Table 4 (NevIR) reports the results using
pairwise accuracy—the model needs to correctly
rank documents for both queries (with and without
negation). Although NevIR is a retrieval task, it
only requires ranking between two documents for
each query and essentially becomes binary clas-
sification. In fact, RoBERTa-large pre-trained on
our corpora outperforms a customized IR model
baseline (stsb-roberta-large (Weller et al., 2024),
34.3 vs. 24.9). Again, pre-training on our corpora
yields statistically significant improvements over
off-the-shelf models and models trained with exist-
ing corpora. The results are consistent across all

three models. All our models significantly under-
perform OpenAI o1, GPT-4o, and even MonoT5
3B (Nogueira et al., 2020). We hypothesize that
pre-training a retrieval model with our corpora as a
starting point would yield greater benefits.

5.4 Ablation Studies

Pre-training with Individual Negation Types
We further investigate whether training with in-
dividual negation types contributes differently to
performance improvements. For ¬ATOMIC, we
compare the complete corpus against training with
triples that only negate the if event (<¬A, R, B>)
or the then event (<A, R, ¬B>). For ¬ANION, we
compare against training with triples that negate
both events (<¬A, R, ¬B>).

Table 5 reports the results with two LLMs. Note
that results with the complete corpus are not di-
rectly comparable to Table 3 and 4, which report
only the best configuration. Training with individ-
ual negation types consistently underperforms the
complete corpus across all benchmarks, demon-
strating that the patterns within our corpora are crit-
ical (Section 4.2). Notably, negating the if event
alone yields higher results than the off-the-shelf
model, suggesting that certain negation types still
provide partial benefits for negation understanding.

For ¬ANION, training with triples negating both
events yields substantially worse performance than
the complete corpus. We hypothesize that double
negation alone is insufficient, as models benefit
from first learning simpler single-negation patterns
before generalizing to more complex negations.
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# Triples CondaQA NLI with Negation
NevIR

(Accuracy) RTE-Neg SNLI-Neg MNLI-Neg

Llama 3.1 8B n/a 68.7 60.0 54.4 47.0 30.6
Pre-trained with
¬ATOMIC + ¬ANION 1K + 1K 67.7 70.8 57.1 53.5 31.8

10K + 10K 69.3 81.0 67.7 62.9 34.5
89K + 76K 71.5 81.3 67.9 63.7 38.2

Qwen2 7B n/a 65.1 71.7 60.7 59.5 29.8
Pre-trained with
¬ATOMIC + ¬ANION 1K + 1K 65.2 76.0 65.2 63.1 34.9

10K + 10K 66.6 81.7 72.2 67.4 36.0
89K + 76K 66.6 82.1 72.2 67.5 38.5

Table 6: Ablation on training dataset size. We train Llama 3.1 8B and Qwen2 7B with two subsets of ¬ATOMIC +
¬ANION: (1) 2K triples (1K from each dataset) and (2) 20K triples (10K each). Training with the 2K subset yields
significantly worse performance than the complete dataset, while training with the 20K subset shows substantial
improvement and tends to saturate on simpler tasks such as NLI.

Pre-training with Different Data Sizes Our
full training dataset consists of 89k triples from
¬ATOMIC and 76k triples from ¬ANION (Sec-
tion 4.2). We conduct two ablations on the ef-
fect of training data size on downstream task per-
formance: (1) training with a 2,000-triple sub-
set (randomly sampled and balanced with 1,000
triples each from ¬ATOMIC and ¬ANION), and (2)
training with a 20,000-triple subset (10,000 each).
Table 6 reports the results compared to off-the-
shelf models and models trained with the complete
dataset. Similarly, Table 3 and Table 4 only re-
port the best result among ¬ATOMIC, ¬ANION, or
both. Appendix D reports comparable results with
[¬ATOMIC + ¬ANION].

Training with only 2K triples already improves
over the off-the-shelf models on NLI tasks, though
the gains are modest. Scaling to 20K triples yields
substantial improvements, with NLI performance
approaching that of the full dataset (e.g., RTE im-
proves from 70.8 to 81.0 for Llama 3.1 8B, com-
pared to 81.3 with the full training set). How-
ever, NevIR continues to benefit from additional
training data beyond 20K (34.5 → 38.2 for Llama
3.1 8B, 36.0 → 38.5 for Qwen2 7B), suggesting
that more complex negation reasoning tasks benefit
from larger training sets.

Pre-training with Randomly Labelled Data
We further validate the importance of our LLM
judge by training models on randomly labelled data.
Training with randomly labelled data substantially
degrades performance compared to LLM-validated
data, particularly on NevIR where performance
drops well below the off-the-shelf baseline. Due
to space limitations, we report the full results and

analyses in Appendix D.3; Appendix E further pro-
vides an error analysis categorizing improvements
by negation type (Hossain et al., 2020) and case
studies illustrating specific reasoning patterns im-
proved by our approach.

6 Conclusion

Negation and commonsense knowledge are both
common and important in human language. Previ-
ous work shows that models struggle when nega-
tion appears in natural language understanding
tasks. However, few works have investigated com-
monsense knowledge with negation.

We present an approach to automatically aug-
ment existing commonsense knowledge corpora
with negation, contributing over 2M commonsense
knowledge triples with negation. We show that
pre-training models with our corpora is beneficial
in understanding negation. This holds true across
three models and five benchmarks. We further con-
duct ablation studies and analyses that provide ad-
ditional evidence and insights into the performance
improvements.

Limitations

We work on two existing commonsense knowledge
corpora with limited focus—they only contain if-
then relations. It would be more comprehensive to
investigate commonsense knowledge in different
forms. In addition, we only consider the logical
negation cue not. Future work should consider
various negation cues, including semantic negation.

We only experiment with two relatively small
LLMs (a 7B and an 8B model) to study the ben-
efit of our corpora for improving negation under-
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standing. Due to limited computational resources,
we choose not to conduct experiments with larger
LLMs (e.g., 70B). Moreover, the LLMs are trained
and evaluated with 4-bit quantization due to the
same resource limitation.

NevIR was developed to evaluate information
retrieval tasks involving negation. We experiment
with NevIR as a classification task using either
classifier models or general-purpose LLMs. Future
work should consider models specifically designed
for information retrieval.
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A Details for Creating and Annotating
the Benchmark

We create the benchmark by sampling 200 triples
per relation (9 relations in total) from ATOMIC’s
test split. The benchmark includes 7,200 triples
augmented with three types of negation per original
triple (negating the if event, then event, or both).
We ask two annotators, one graduate student and
one with a PhD degree, to validate each triple using
three labels: Valid, Invalid, and Ambiguous. Table 7
shows the instructions we provide to annotators.

B Details for Validating Commonsense
Knowledge Triples

We train a task-specific LLM to validate augmented
commonsense triples. The model is trained with
the same amount of data regardless of the corpus
source. Specifically, we sample 1,800 triples per
label from the training split of each source corpus
(in total 5,400). For Valid and Ambiguous triples,
we sample 100 triples per relation per corpus if
the sources are ATOMIC and ANION; otherwise,
we sample 200 triples per relation from the single
corpus.

For Invalid triples, we use GPT-4o to generate
then events given sampled if events from ATOMIC

and ANION to construct Invalid triples. Table 8
provides the prompt.

We train the task-specific LLM judge based
on Llama 3.1 Instruct 8B and 70B using
QLoRA (Dettmers et al., 2023) with 4-bit quan-
tization, which are hosted locally on two H100
GPUs with a total of 160 GB memory. Llama 3.1
8B is trained for 5 epochs with a learning rate of
5e-6 with 1 hour of training time, while Llama 3.1
70B is trained for 1 epoch with a learning rate of
2e-5 with 16 hours of training time.

Table 9 lists the mapping we use to convert com-
monsense knowledge triples to natural language
if-then statements. The models are trained and
evaluated with the if-then statements instead of the
triples.
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Given a triple <A, R, B> and its three negated varia-
tions <¬A, R, B>, <A, R, ¬B>, and <¬A, R, ¬B>, the
annotation task is to determine if each triple aligns with
real-world commonsense knowledge. We use label Valid
to represent a triple that always aligns with real-world
commonsense knowledge; label Invalid to represent a
triple that always conflicts with real-world commonsense
knowledge; and label Ambiguous to represent a triple
for two cases: (1) the interpretation of the triple is am-
biguous, meaning it can either align or conflict with
real-world commonsense knowledge, or (2) the if event
does not relate to the then event by the relation.

Below are some examples.
Valid: If PersonX takes a picture, then PersonX wants to
look at the picture.
Invalid: If PersonX takes a picture, then PersonX wants
to not look at the picture.
Ambiguous: If PersonX takes a picture, then PersonX
wants to take a nap.
Ambiguous: If PersonX opens the window, then PersonX
wants to breathe.

Table 7: Annotation instructions for the benchmark.

You are an expert in commonsense reasoning and knowledge
generation. Your task is to generate a then event complement-
ing the given if event so that the if-then statement conflicts
with commonsense knowledge.
These invalid statements should be clearly wrong or illogical
based on everyday commonsense knowledge.

Given the following incomplete if-then statement:
Statement: If event, then relation ...
Generate the then event within a phrase.

Table 8: Prompt to generate if-then statements that con-
flict with commonsense knowledge. They are consid-
ered Invalid triples for the validation task and down-
stream task.

Relation Verbalization

oEffect the effect of {object} is
oReact the reaction of {object} is
oWant {object} want
xAttr the attribute of PersonX is
xEffect the effect of PersonX is
xIntent the intention of PersonX is
xNeed PersonX needs
xReact the reaction of PersonX is
xWant PersonX wants

Table 9: The mapping from commonsense knowledge
triples with nine if-then relations to natural language
statements. {object} indicates the object in the if event.

B.1 Additional Results on Validating
Commonsense Knowledge Triples

Table 12 reports additional results for validat-
ing commonsense triples with negation, including
F1 for each relation and overall Accuracy (Acc).
Among individual relations, xIntent and xAttr con-

You are a helpful assistant. In this task, you are expected
to write answers to questions involving reasoning about
negation.
The answer to the question should be "yes", "no", "don’t
know", or a phrase in the passage. Questions can only
have one correct answer.
Only output [YES], [NO], [DON’T KNOW] or a short
phrase in the passage.

{4 exemplars sampled from the few-shot learning split of
CondaQA}

Table 10: 4-shot prompts to evaluate LLMs with Con-
daQA. We randomly sample 4 exemplars from the
few-shot learning split provided by Ravichander et al.
(2022).

Learning Rate Batch Size Epochs

RTE-neg 2e-5 8 15
SNLI-neg 2e-5 32 3
MNLI-neg 2e-5 64 4

Table 11: Hyperparameters for fully-supervised fine-
tuning with three NLI benchmarks: RTE-neg, SNLI-
neg, and MNLI-neg.

sistently yield higher F1 across models, while oEf-
fect and oReact are more challenging. Fine-tuning
with ATOMIC generally outperforms ANION as the
source of Valid and Ambiguous training data.

C Experimental Details for Downstream
Tasks

We train three models with either existing cor-
pora or our commonsense knowledge corpora.
RoBERTa-large (Liu et al., 2019) is further fine-
tuned with the training split of the specific down-
stream task, using a batch size of 128, a learning
rate of 1e-6, and early stopping with patience of 3
epochs and a maximum of 5 epochs.

For the two LLMs (Llama 3.1 8B (Grattafiori
et al., 2024) and Qwen2 7B (Yang et al., 2024)), we
adopt a standard instruction fine-tuning paradigm,
where the training input is formatted as: [instruc-
tion, verbalized commonsense triple, output label],
and the model is trained using the causal language
modeling objective. Specifically, they are trained
for 2 epochs using a batch size of 16; Llama 3.1 8B
uses a learning rate of 5e-6 and Qwen2 7B uses 2e-
5. We also use QLoRA (Dettmers et al., 2023) with
4-bit quantization for both models. Each model
takes approximately 4 hours to train on one H100
GPU with 80 GB memory. They are further evalu-
ated using few-shot prompting. GPT-4o is called
via OpenAI’s API and Claude Sonnet 4 is called
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oEffect oReact oWant xAttr xEffect xIntent xNeed xReact xWant All Relations

F1 Acc

Few-shot learning
Llama 3.1 8B 0.34 0.38 0.34 0.39 0.35 0.50 0.31 0.34 0.36 0.37 0.44
Llama 3.1 70B 0.48 0.45 0.53 0.56 0.56 0.56 0.42 0.52 0.57 0.53 0.53
GPT-4o 0.52 0.46 0.54 0.54 0.44 0.57 0.51 0.54 0.57 0.52 0.54
Claude Sonnet 4 0.40 0.37 0.57 0.66 0.59 0.61 0.56 0.54 0.63 0.56 0.56

Fine-tuning
Llama 3.1 8B with

ATOMIC 0.51 0.57 0.49 0.63 0.53 0.62 0.50 0.53 0.52 0.55 0.56
ANION 0.52 0.56 0.50 0.59 0.51 0.59 0.45 0.56 0.50 0.53 0.55
ATOMIC + ANION 0.38 0.44 0.46 0.57 0.47 0.56 0.48 0.51 0.47 0.48 0.51

Llama 3.1 70B with
ATOMIC 0.59 0.60 0.61 0.72 0.62 0.69 0.59 0.62 0.63 0.63 0.64
ANION 0.54 0.54 0.56 0.68 0.51 0.60 0.43 0.50 0.55 0.55 0.56
ATOMIC + ANION 0.56 0.58 0.61 0.71 0.60 0.66 0.57 0.62 0.63 0.62 0.62

Table 12: Complete results of validating commonsense triples with negation. We report F1 for each relation and
overall, along with overall Accuracy (Acc). We further report the complete fine-tuning results across variants that
differ in whether Valid and Ambiguous instances come from ATOMIC, ANION, or both. The results complement
Table 1 in the main paper.

via the AWS Bedrock API.

C.1 Experimental Details for CondaQA

For fully-supervised evaluation, we train LLMs
with CondaQA’s training split using a batch size of
8 and a learning rate of 1e-5. We use early stopping
with a patience of 3 epochs and a maximum of 5
epochs.

Table 10 reports the 4-shot prompts for evaluat-
ing LLMs with CondaQA. We reuse the prompts
with minimal edits and sample 4 exemplars from
the few-shot learning split provided by Ravichan-
der et al. (2022).

C.2 Experimental Details for NLI
Benchmarks

Table 11 reports the hyperparameters for fully-
supervised fine-tuning LLMs with NLI datasets.

Table 13 reports the 4-shot prompts used to eval-
uate LLMs with RTE-neg dataset, and Table 14 re-
ports the 4-shot prompts for evaluating with MNLI-
neg and SNLI-neg datasets. All exemplars are sam-
pled from their training split.

C.3 Experimental Details for NevIR

As NevIR does not provide any training data, fol-
lowing Weller et al. (2024), we perform fully-
supervised fine-tuning with LLMs on STS-B (Cer
et al., 2017) using a learning rate of 2e-5 and a
batch size of 32 for 4 epochs.

Table 15 reports the 4-shot prompts for evaluat-
ing with NevIR.

D Additional Results on Downstream
Tasks

D.1 Complete Results for Downstream Tasks

Table 3 and Table 4 report only the best results
among three training corpora configurations using
either ¬ATOMIC, ¬ANION, or both. Table 16 and
Table 17 provide complete results for all three con-
figurations.

D.2 Evaluation on CommonsenseQA

We evaluate off-the-shelf and pre-trained models
on CommonsenseQA (Talmor et al., 2019), a stan-
dard commonsense reasoning benchmark without
negation, to verify that pre-training on our negated
corpora does not degrade general commonsense
reasoning ability. Table 18 reports the results. Both
models maintain comparable performance after pre-
training, with Llama 3.1 8B slightly improving
(71.8 → 72.7) and Qwen2 7B showing a minor
decrease (80.7 → 79.5). These results demonstrate
that pre-training on negated corpora does not lead
to catastrophic forgetting of general commonsense
knowledge.

D.3 Ablation on Randomly Labelled Data

Although our LLM judge achieves relatively high
precision on validating commonsense triples with
negation, the resulting data are still noisy. To quan-
tify the impact of data quality, we train models on
a noisier dataset—with randomly assigned labels—
where the validation accuracy for Valid and Invalid
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You are a helpful assistant. You are given a pair of sentences: a premise and a hypothesis. Your task is to determine the
relationship between the two sentences.
## [entailment]: The premise guarantees the truth of the hypothesis.
## [not_entailment]: The premise does not guarantee the truth of the hypothesis.
Format your answer by only outputting [entailment] or [not_entailment].

## Premise: Edward VIII became King in January of 1936 and abdicated in December.
## Hypothesis: King Edward VIII abdicated in December 1936.
## Response: [entailment]

## Premise: Oil prices fall back as Yukos oil threat lifted.
## Hypothesis: Oil prices rise.
## Response: [not_entailment]

## Premise: World Bank programs have been heavily criticized for many years for resulting in poverty.
## Hypothesis: The World Bank is criticized for its activities.
## Response: [entailment]

## Premise: The cost of the consumer of the United States fell in June.
## Hypothesis: U.S. consumer spending dived in June.
## Response: [not_entailment]

Table 13: 4-shot prompts for evaluating LLMs with RTE-neg dataset. The exemplars are chosen from the training
split.

You are a helpful assistant. You are given a pair of sentences: a premise and a hypothesis. Your task is to determine the
relationship between the two sentences.
## [entailment]: The hypothesis is definitely true given the premise.
## [contradiction]: The hypothesis is definitely false given the premise.
## [neutral]: It is not possible to determine whether the hypothesis is true or false just from the premise.
Format your answer by only outputting [entailment], [contradiction], or [neutral].

## Premise: One of our number will carry out your instructions minutely.
## Hypothesis: A member of my team will execute your orders with immense precision.
## Response: [entailment]

## Premise: Fun for adults and children.
## Hypothesis: Fun for only children.
## Response: [contradiction]

## Premise: He turned and smiled at Vrenna.
## Hypothesis: He smiled at Vrenna who was walking slowly behind him with her mother.
## Response: [neutral]

## Premise: The famous tenements (or lands) began to be built.
## Hypothesis: The land remained deserted.
## Response: [contradiction]

Table 14: 4-shot prompts for evaluating LLMs with SNLI-neg and MNLI-neg datasets. The exemplars are chosen
from the training split.

triples is approximately 0.50.

Table 19 reports the results. Training with ran-
domly labelled data substantially degrades perfor-
mance compared to LLM-validated data across all
tasks. Most notably, NevIR drops well below the
off-the-shelf baseline for both models (18.9 vs. 30.6
for Llama 3.1 8B; 12.0 vs. 29.8 for Qwen2 7B), in-
dicating that noisy labels can be actively harmful
for complex negation reasoning. For NLI tasks,
randomly labelled data still yields some improve-

ment over the baseline (e.g., RTE: 70.8 vs. 60.0 for
Llama 3.1 8B), suggesting that the model learns
partial negation patterns from the triple structure
itself. However, the gains are far smaller than with
validated data (e.g., RTE: 70.8 vs. 81.3). These
results validate the importance of our LLM judge:
even imperfect labels substantially outperform ran-
dom ones.
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You are a helpful assistant. You are given a query and two documents. Your task is to choose the document that has the
answer for the query.
Output [Doc1] if the first document has the answer for the query, or [Doc2] if the second document has the answer.

## Query: Which mayor did more vetoing than anticipated?
## Doc1: In his first year as mayor, Medill received very little legislative resistance from the Chicago City Council. While
he vetoed what was an unprecedented eleven City Council ordinances that year, most narrowly were involved with specific
financial practices considered wasteful and none of the vetoes were overridden. He used his new powers to appoint the
members of the newly constituted Chicago Board of Education and the commissioners of its constituted public library. His
appointments were approved unanimously by the City Council.
## Doc2: In his first year as mayor, Medill received very little legislative resistance from the Chicago City Council. While
some expected an unprecedented number of vetoes, in actuality he only vetoed eleven City Council ordinances that year,
and most of those were narrowly involved with specific financial practices he considered wasteful and none of the vetoes
were overridden. He used his new powers to appoint the members of the newly constituted Chicago Board of Education and
the commissioners of its constituted public library. His appointments were approved unanimously by the City Council.
## Response: [Doc1]

## Query: Which mayor did less vetoing than anticipated?
## Doc1: In his first year as mayor, Medill received very little legislative resistance from the Chicago City Council. While
he vetoed what was an unprecedented eleven City Council ordinances that year, most narrowly were involved with specific
financial practices considered wasteful and none of the vetoes were overridden. He used his new powers to appoint the
members of the newly constituted Chicago Board of Education and the commissioners of its constituted public library. His
appointments were approved unanimously by the City Council.
## Doc2: In his first year as mayor, Medill received very little legislative resistance from the Chicago City Council. While
some expected an unprecedented number of vetoes, in actuality he only vetoed eleven City Council ordinances that year,
and most of those were narrowly involved with specific financial practices he considered wasteful and none of the vetoes
were overridden. He used his new powers to appoint the members of the newly constituted Chicago Board of Education and
the commissioners of its constituted public library. His appointments were approved unanimously by the City Council.
## Response: [Doc2]

## Query: Which Swiss cantons do not have official churches?
## Doc1: Switzerland has no official state religion, though most of the cantons (except Geneva and Neuchâtel) recognise
official churches, which are either the Roman Catholic Church or the Swiss Reformed Church. These churches, and in some
cantons also the Old Catholic Church and Jewish congregations, are financed by official taxation of adherents.
## Doc2: Switzerland has no official state religion, though most of the cantons (except Neuchâtel) recognise official
churches, which are either the Roman Catholic Church or the Swiss Reformed Church. These churches, and in some cantons
also the Old Catholic Church and Jewish congregations, are financed by official taxation of adherents.
## Response: [Doc1]

## Query: Which Swiss canton does not have official churches?
## Doc1: Switzerland has no official state religion, though most of the cantons (except Geneva and Neuchâtel) recognise
official churches, which are either the Roman Catholic Church or the Swiss Reformed Church. These churches, and in some
cantons also the Old Catholic Church and Jewish congregations, are financed by official taxation of adherents.
## Doc2: Switzerland has no official state religion, though most of the cantons (except Neuchâtel) recognise official
churches, which are either the Roman Catholic Church or the Swiss Reformed Church. These churches, and in some cantons
also the Old Catholic Church and Jewish congregations, are financed by official taxation of adherents.
## Response: [Doc2]

Table 15: 4-shot prompts to evaluate LLMs with NevIR.

E Error Analysis

We conduct a detailed error analysis comparing
the off-the-shelf Llama 3.1 8B with the model pre-
trained on ¬ATOMIC + ¬ANION across all down-
stream tasks. Our analysis categorizes the types
of negation reasoning errors that are corrected by
training with our augmented corpora.

E.1 Error Types in NLI with Negation

We examine all 940 examples across RTE-Neg,
SNLI-Neg, and MNLI-Neg where the pre-trained
model answers correctly but the off-the-shelf model
does not. Following the negation taxonomy of Hos-

sain et al. (2020), we categorize these improve-
ments by negation type in Table 20.

Verbal Negation in Premise Only (34.4%) In
these cases, the premise contains an explicit verbal
negation cue (e.g., not, never, no) but the hypothe-
sis does not. The off-the-shelf model often treats
the negated premise as if the negation were absent.
For example, given the premise “The prosecutor
did not tell the court that the incident had caused

‘distress’ to one of the children.” and the hypothesis
“The prosecutor told the court that ‘distress’ in one
of the children is associated with the incident.”, the
off-the-shelf model predicts entailment, ignoring
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Group Consistency

# Params. Accuracy (∆%) All Par. Sco. Aff.

Fully supervised
UnifiedQA-v2-large (Ravichander et al., 2022) 770M 66.7 30.2 64.0 43.7 46.5
RoBERTa-large 355M 64.9 29.6 61.9 41.4 45.8

Further pre-trained with
Original commonsense triples from

ATOMIC + ANION 67.0 (+3.2) 32.9 65.6 46.3 48.1
Negated commonsense triples from
¬ATOMIC 67.7 (+4.3) 32.8 66.1 46.3 48.6
¬ANION 67.9 (+4.6)∗ 33.3 66.0 45.8 50.1
¬ATOMIC + ¬ANION 68.5 (+5.5)∗ 34.3 66.4 47.6 50.1

In-context learning
Zero-shot

OpenAI o1 — 65.3 24.9 67.4 43.8 38.6
Few-shot

InstructGPT + COT (Ravichander et al., 2022) — 66.3 27.3 64.2 45.1 44.9
GPT-4o — 72.9 34.4 78.7 52.6 47.9
Llama 3.1 70B 70B 77.5 43.3 83.7 61.8 54.9
Llama 3.1 8B 8B 68.7 31.5 69.0 48.1 44.4

Further pre-trained with
Original commonsense triples from

ATOMIC + ANION 67.6 (-1.6) 27.5 69.5 44.3 41.4
Negated commonsense triples from
¬ATOMIC 70.6 (+2.8) 32.8 71.8 48.6 45.0
¬ANION 71.3 (+3.8)∗ 33.4 72.5 49.6 45.7
¬ATOMIC + ¬ANION 71.5 (+4.1)∗ 33.5 72.9 48.7 46.4

Qwen2 7B 7B 65.1 24.9 65.9 39.7 39.2
Further pre-trained with

Original commonsense triples from
ATOMIC + ANION 64.1 (-1.5) 22.8 65.2 38.4 37.7

Negated commonsense triples from
¬ATOMIC 69.7 (+7.1)∗ 32.7 71.2 46.3 45.5
¬ANION 69.2 (+6.2)∗ 29.9 68.8 45.4 44.1
¬ATOMIC + ¬ANION 66.6 (+2.3) 28.7 68.8 43.7 40.8

Table 16: Complete results evaluating CondaQA with two settings: fully supervised (top) and in-context learning
(bottom). We experiment with three training configurations on our corpora. The best result for each model is in bold.
Delta (∆) indicates the percent change in accuracy compared to the off-the-shelf model. An asterisk ∗ indicates
a statistically significant improvement (McNemar’s test (McNemar, 1947), p < 0.05) over both the off-the-shelf
model and the model trained with existing corpora.

“did not” in the premise. The pre-trained model
correctly predicts not_entailment.

Verbal Negation in Hypothesis Only (23.4%)
These examples contain verbal negation in the
hypothesis but not in the premise. The off-the-
shelf model struggles to determine whether a non-
negated premise supports or contradicts a negated
hypothesis.

Negation Interaction (41.3%) The largest cate-
gory involves examples where both the premise and
hypothesis contain negation, requiring the model
to reason about the interaction between multiple
negation cues. For instance, given “This growing
number of titles does not leave publishing houses
with less time and attention to edit and market
books.” and “Publishing houses cannot give less

attention to editing books.”, the off-the-shelf model
predicts entailment. However, the correct label is
neutral, as the negated premise no longer supports
the negated hypothesis. The pre-trained model cor-
rectly identifies this relationship.

Affixal Negation and Other (0.9%) A small
fraction of improvements involve affixal negation
(e.g., un-, dis-) or other negation types. This low
proportion reflects the dominance of verbal nega-
tion cues in NLI benchmarks (Hossain et al., 2020).

E.2 Analysis by Negation Cue Type in
CondaQA

CondaQA annotates each example with a nega-
tion cue word. Following the negation taxonomy
of Hossain et al. (2020), we categorize these cues
into five linguistic types and report accuracy for

11931



# Params.
NLI with Negation

NevIR
RTE-Neg SNLI-Neg MNLI-Neg

Fully supervised
BERTNOT (Hosseini et al., 2021) 110M 74.5 46.0 60.9 —
RoBERTa-large-NSP (Rezaei and Blanco, 2025) 355M 87.2 56.5 69.9 —
stsb-roberta-large (Weller et al., 2024) 355M — — — 24.9
MonoT5 3B (Nogueira et al., 2020) 3B — — — 50.6
RoBERTa-large 355M 84.7 56.0 69.9 24.5

Further pre-trained with
Original commonsense triples from

ATOMIC + ANION 86.2 56.5 69.4 29.1
Negated commonsense triples from
¬ATOMIC 81.5 56.6 70.9 29.8
¬ANION 85.2 57.1 69.3 30.5
¬ATOMIC + ¬ANION 88.1∗ 58.3 69.7 34.3∗

Zero-shot
OpenAI o1 — 87.5 75.9 74.6 59.7

Few-shot
GPT-4o — 86.9 74.8 75.0 61.7
Llama 3.1 70B 70B 78.9 69.1 65.9 58.8
Llama 3.1 8B 8B 60.0 54.4 47.0 30.6

Further pre-trained with
Original commonsense triples from

ATOMIC + ANION 65.3 57.5 51.1 37.9
Negated commonsense triples from
¬ATOMIC 81.2∗ 68.5∗ 63.8∗ 38.1
¬ANION 81.3∗ 68.2∗ 63.9∗ 42.2∗

¬ATOMIC + ¬ANION 81.3∗ 67.9∗ 63.7∗ 38.2

Qwen2 7B 7B 71.7 60.7 59.5 29.8
Further pre-trained with

Original commonsense triples from
ATOMIC + ANION 78.3 66.5 63.0 33.8

Negated commonsense triples from
¬ATOMIC 82.3∗ 72.4∗ 67.5∗ 39.8∗

¬ANION 78.9 66.1 62.5 36.3
¬ATOMIC + ¬ANION 82.1∗ 72.2∗ 67.5∗ 38.5∗

Table 17: Complete results evaluating three NLI benchmarks with negation cues (accuracy) and NevIR benchmark
(pairwise accuracy) in two settings: (1) fully supervised (top) and (2) in-context learning (bottom). We experiment
with three training configurations on our corpora. The best result for each model is in bold. An asterisk ∗ indicates a
statistically significant improvement over both the off-the-shelf model and the model trained with existing corpora.

CommonsenseQA

Llama 3.1 8B 71.8
Pre-trained with
¬ATOMIC + ¬ANION 72.7

Qwen2 7B 80.7
Pre-trained with
¬ATOMIC + ¬ANION 79.5

Table 18: Results on CommonsenseQA (accuracy), a
non-negated commonsense reasoning benchmark. Pre-
training on our negated corpora does not degrade perfor-
mance.

the off-the-shelf and pre-trained Llama 3.1 8B in
Table 21.

Pre-training with our corpora yields the largest
improvement for verbal negation cues (+6.5 points),
which aligns with our training data where nega-

tion is introduced by adding not to events. Affixal
negation also shows substantial gains (+5.9 points),
indicating effective transfer from explicit to mor-
phological negation. Diminisher cues (e.g., rarely,
barely, few) improve by +2.3 points, suggesting
that learning explicit negation patterns helps mod-
els better handle attenuated assertions. Implicit
negation cues show a modest improvement (+1.8
points), indicating that implicit negation such as
lack or prevent partially benefits from explicit nega-
tion training but may require additional training
signals. The Other category (n=24) is too small for
reliable estimates.

E.3 Case Studies

We present representative case studies illustrating
specific reasoning patterns improved by our ap-
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CondaQA NLI with Negation
NevIR

(Accuracy) RTE-Neg SNLI-Neg MNLI-Neg

Llama 3.1 8B 68.7 60.0 54.4 47.0 30.6
Pre-trained with

Randomly labelled ¬ATOMIC + ¬ANION 67.1 70.8 57.5 50.9 18.9
¬ATOMIC + ¬ANION 71.5 81.3 67.9 63.7 38.2

Qwen2 7B 65.1 71.7 60.7 59.5 29.8
Pre-trained with

Randomly labelled ¬ATOMIC + ¬ANION 65.2 76.1 62.0 61.9 12.0
¬ATOMIC + ¬ANION 66.6 82.1 72.2 67.5 38.5

Table 19: Ablation on randomly labelled training data. We train Llama 3.1 8B and Qwen2 7B with randomly
labelled ¬ATOMIC + ¬ANION. While the randomly labelled dataset demonstrates marginal benefits on CondaQA
and NLI tasks, training with the validated dataset significantly outperforms. In addition, randomly labelled data is
detrimental to NevIR performance.

Error Type Count Percentage

Verbal negation in premise only 323 34.4%
Verbal negation in hypothesis only 220 23.4%
Negation interaction (both P & H) 388 41.3%
Affixal negation 2 0.2%
Other 7 0.7%

Table 20: Distribution of error types corrected by pre-
training with our commonsense corpora, across 940
improved NLI examples (Llama 3.1 8B). Categories
follow the negation taxonomy of Hossain et al. (2020).

proach.

Case 1: Negation Scope in NLI

Premise: “A barefoot young girl in a pink gown
is not asleep on a hard wood floor cuddling her
baby doll.”
Hypothesis: “A girl is playing with her doll out-
side.”
Gold: neutral
Off-the-shelf: contradiction
Pre-trained: neutral

The off-the-shelf model interprets “not asleep” as
contradicting “playing outside”, failing to recog-
nize that negating asleep does not specify what the
girl is doing or where she is. The pre-trained model
correctly identifies that the negated premise leaves
the hypothesis unresolved.

Case 2: Negation and Entailment Direction

Premise: “Organic fertilizers like vermi compost
are not used for increasing the quality, fertility
and mineral content of the soil.”
Hypothesis: “Organic fertilizers are used as soil
enhancers.”
Gold: not_entailment
Off-the-shelf: entailment
Pre-trained: not_entailment

The off-the-shelf model associates organic fertiliz-
ers with soil enhancers based on world knowledge,

completely ignoring the negation in the premise.
Pre-training on commonsense triples with negation
teaches the model that a negated if event does not
entail the original then event.

Case 3: Affixal Negation in CondaQA

Cue: unmyelinated
Question: “Does the wording of the passage sug-
gest that axons have myelin sheaths while neurons
typically do not?”
Gold: No
Off-the-shelf: Yes
Pre-trained: No

The prefix un- in unmyelinated reverses the mean-
ing, and the pre-trained model correctly identifies
that the passage does not support the hypothesis.

Case 4: Negation in Information Retrieval
(NevIR)

Q1: “Whose ship is attacked by unfamiliar ene-
mies?”
Q2: “Whose ship is attacked by familiar ene-
mies?”
Expected: Q1→Doc1, Q2→Doc2

NevIR requires the model to distinguish between
a query and its negated counterpart. The model
must identify which document contains informa-
tion matching the specific polarity of each query—a
task that directly requires understanding whether
an event is negated.
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Category Examples Count Off-the-shelf Pre-trained

Verbal not, never, no, none 1,902 67.6 74.1
Affixal un-, in-, dis-, -less 3,553 62.1 68.0
Implicit lack, without, prevent 1,502 67.9 69.7
Diminisher rarely, barely, few 259 66.0 68.3
Other 24 79.2 75.0

Table 21: CondaQA accuracy by negation cue category (Llama 3.1 8B). Categories follow the negation taxonomy
of Hossain et al. (2020): Verbal: explicit negation words; Affixal: morphological negation (prefixes/suffixes);
Implicit: words conveying negation without explicit markers; Diminisher: words that reduce the degree of an
assertion.
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