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Abstract

We investigate the robustness of fine-tuned
Large Language Models (LLMs) for the task of
Natural Language Inference (NLI), finding that
the in-distribution gains from fine-tuning cor-
respond to a large drop in out-of-distribution
(OOD) performance. Despite the widespread
use of closed-source LLMs, there are no robust-
ness mitigation methods that work under their
API fine-tuning constraints. Existing methods
to improve robustness typically require chang-
ing the fine-tuning process or large-scale data
augmentation, methods that are infeasible or
cost prohibitive for closed-source models. To
address this, we propose strategically selecting
the NLI fine-tuning data, prioritising more com-
plex examples or replacing existing training ex-
amples with LLM-generated data. Prioritising
more complex training examples improves per-
formance on challenging OOD NLI datasets,
while training with synthetic data leads to sub-
stantial improvements on easier OOD datasets.
We find that synthetic examples are often too
simple, and by prompting LLMs to create more
complex synthetic data we can improve per-
formance on both easy and challenging OOD
datasets. Finally, we show that recent autore-
gressive LLMs are substantially more robust to
distributional shifts compared to encoder mod-
els, and should be a preferred baseline for fu-
ture research.1

1 Introduction

Large Language Models (LLMs) now perform im-
pressively across a range of natural language un-
derstanding tasks (OpenAI et al., 2024; Team et al.,
2024; Cohere et al., 2025), with models learning
from in-context examples in the prompt (Brown
et al., 2020). While fine-tuning LLMs often re-
sults in further in-distribution improvements (Al-
izadeh et al., 2025; Luo et al., 2025; Wang et al.,

1Project code: https://github.com/joestacey/LLM_
robustness_NLI

2025a), it is less clear what effect fine-tuning has
on out-of-distribution (OOD) performance. We in-
vestigate this effect, finding that fine-tuning often
causes large OOD performance drops alongside the
in-distribution performance gains. Surprisingly, de-
spite the recent popularity of closed-source LLMs,
there are no existing methods to mitigate the loss in
robustness2 for these models. We aim to improve
the OOD performance of closed-source LLMs on
the task of Natural Language Inference (NLI), fol-
lowing a large body of prior work improving model
robustness on this task (see Appendix A).

Improving the OOD performance of fine-tuned
models has been extensively studied for smaller-
scale open-source models (Ravichander et al.,
2023; Mahabadi et al., 2020; McCoy et al., 2019;
Clark et al., 2019; He et al., 2019; Belinkov et al.,
2019a; Gururangan et al., 2018; Poliak et al., 2018),
but these methods are not yet compatible with
closed-source LLMs which are often state-of-the-
art. In particular, closed-source models do not al-
low for any modification of the training process,
and training closed-source models with more data
is more expensive, making large-scale data aug-
mentation cost prohibitive. To address these lim-
itations, we investigate data-centric strategies for
fine-tuning, using a fixed training budget of 10,000
instances. Our approach involves strategically se-
lecting which examples to use for fine-tuning, with
the aim of mitigating the loss in OOD performance
while keeping the in-distribution gains.

The data selection methods we investigate in-
volve: 1) selecting more challenging annotated ex-
amples in the training set, and 2) leveraging the few-
shot capabilities of LLMs to generate new training
instances from different domains. We investigate
the effectiveness of replacing small quantities of
training data with synthetic data to maintain a fixed

2We use the term robustness to refer to the model perfor-
mance on unseen OOD test sets.
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training budget, contrasting with previous work
which relies on costly large-scale augmentation
(Hosseini et al., 2024; Banerjee et al., 2024; Wang
et al., 2023b; Chen et al., 2023; Wu et al., 2022;
Liu et al., 2022). To the best of our knowledge, this
is the first work to investigate methods to improve
robustness which are applicable for closed-source
models within a realistic training budget.

Our contributions are as follows:

1. We show that fine-tuning autoregressive
LLMs leads to substantial performance im-
provements in-distribution. However, this
comes at the cost of significantly lower perfor-
mance on challenging OOD datasets (Section
5.1).

2. We demonstrate that LLMs consistently out-
perform encoder models on OOD benchmarks
for NLI, even when using less than 2% of the
training data. We suggest that encoder models
are no longer appropriate baselines, despite
their continued use (Section 5.1).

3. We propose strategies to increase the represen-
tation of challenging examples in the training
data. This improves robustness on complex
OOD datasets while retaining performance on
less complex OOD data (Section 5.2).

4. We investigate training with LLM-generated
synthetic data, finding that replacing a subset
of the training data with LLM-generated ex-
amples leads to large improvements on less
complex OOD data. Creating more complex
synthetic data leads to further improvements,
with better performance on both challenging
and less challenging OOD data (Section 5.3).

2 Related Work

There is limited and sometimes conflicting evi-
dence about the effect of fine-tuning on OOD per-
formance. Mosbach et al. (2023) compare models
fine-tuned with just 16 examples to models that use
in-context learning with 16 examples in the prompt,
finding that fine-tuning leads to better OOD per-
formance for larger models. In contrast, contem-
poraneous work by Lampinen et al. (2025) finds
that fine-tuning is less robust than in-context learn-
ing on reversals (Berglund et al., 2024) and other
rule-based generalisations. Rather than consider-
ing specific rule-based generalisations, we evaluate
performance across a wide range of different out-
of-distribution NLI benchmarks.

For NLI, OOD performance is often improved
by debiasing models to mitigate either known (Ma-
habadi et al., 2020; Utama et al., 2020a; Clark et al.,
2019; He et al., 2019) or unknown (Utama et al.,
2020b; Cheng and Amiri, 2024; Clark et al., 2020;
Sanh et al., 2021) dataset biases. This typically in-
volves weighting the loss of more biased examples
(Mahabadi et al., 2020; Clark et al., 2019, 2020),
or incorporating soft predictions from an intention-
ally biased model during training (Mahabadi et al.,
2020; Utama et al., 2020a). However, debiasing
against one type of bias can inadvertently increase
a model’s reliance on other biases (Ravichander
et al., 2023). Alternatively, OOD performance can
be improved by augmenting with additional minor-
ity examples3 during training, which are identified
via model misclassifications on the training data
(Liu et al., 2021), high variance across pruned sub-
networks (Du et al., 2023a), or label flips during
training (Yaghoobzadeh et al., 2021). Inspired by
these methods, we aim to make more challenging
examples better represented when training closed-
source LLMs.

The rise of LLMs has made data augmentation
a popular strategy for improving performance and
robustness (Wu et al., 2022; Liu et al., 2022; Wang
et al., 2023b; Chen et al., 2023; Hosseini et al.,
2024; Banerjee et al., 2024). However, despite the
recent rapid advances in LLMs, few-shot labelling
for NLI remains a challenging task (Hosseini et al.,
2024; Lu et al., 2023). This limitation is sometimes
addressed through additional fine-tuning of the gen-
eration model (Hosseini et al., 2024), human anno-
tation (Liu et al., 2022; He et al., 2023b), teacher
models that estimate label distributions (Stacey and
Rei, 2024), or applying gradient surgery (Guo et al.,
2024). Such large-scale data augmentations are
inefficient, and are often cost prohibitive when
fine-tuning closed-source LLMs. Therefore, in
this work we instead consider a fixed training bud-
get, where we replace existing human-annotated in-
stances with LLM-generated synthetic data. Prior
work finds that replacing human-annotated data
with synthetic data can reduce in-distribution per-
formance (Ashok and May, 2024), but without con-
sidering OOD performance which is the main focus
of this work.

For a more comprehensive review of NLI robust-
ness work, see Appendix A.

3Minority examples are those that counter frequent spuri-
ous patterns in the dataset (Tu et al., 2020)
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🔄 Concat Hypothesis 
Sampling

A girl wearing colored striped pants 
brushing her teeth next to a white couch.

A girl is brushing her teeth next to a white 
couch while wearing colored striped pants

A girl brushes her teeth.

A girl is brushing her teeth and getting 
ready to sleep.

Label: Neutral

The model must consider each hypothesis 
sentence to determine the class.

Premise

Hypothesis

🚫 Misclassified 
     Sampling

Two men are at a repair shop.

Label: Entailment

🧠 Difficulty Score 
 Sampling

A little girl is taking a picture outside.

A young child is shooting a photograph 
outdoors of a ceiling fan.

Label: Contradiction

The difficulty score of 7/10 was the 
highest score awarded by the LLM.

Premise

Hypothesis

Example of an unhelpful instance, 
where the model’s prediction of  

neutral is also valid.

A young man with pink hair and an older 
man work to fix a vacuum cleaner.

Premise

Hypothesis

❓Uncertainty 
Sampling

A person with a long ponytail walks along 
a waterway under a tunnel.

The long haired man was walking.

Label: Neutral

Premise

Hypothesis

🤔 Data Generation: 
Long/Complex

It is acceptable to turn on the device even if the power cord is not 
securely plugged in, as long as the voltage used is appropriate

Label: Contradiction

😎 Data Generation: 
Short/Simple

I'll never forget what happened here 
tonight.

It was an unforgettable experience.

Label: Entailment

The short and simple data generations can 
be trivial, such as the example above.

Premise

Hypothesis

Despite efforts to add complexity, the 
hypothesis remains relatively simple.

Ensure the power cord is securely plugged into an 
electrical outlet before turning on the device.

Premise

Hypothesis

Model incorrectly predicts entailment, 
but with low confidence.

🤖

Do not operate the item in wet or damp conditions to prevent 
electrical hazards.

Always use the recommended voltage to avoid 
damaging the equipment.

If the item shows signs of damage, discontinue use 
immediately and consult customer service.

Difficulty score: 7 out of 10

Figure 1: Examples of a training instance in Dup from our different methods.

3 Methods

We aim to improve the robustness of a closed-
source LLM, M, under a fixed training budget by:
1) increasing the proportion of challenging training
examples, and 2) replacing a subset of the origi-
nal training data with LLM-generated data from
different domains. Our experiments show that tar-
geted replacement is sufficient to achieve strong im-
provements in OOD robustness, and that replacing
fewer training examples can lead to larger improve-
ments (see Appendix D.4). Partial replacement
also minimises inference costs when generating the
synthetic data.

3.1 Definitions
Let D = {(x1, y1), . . . , (xn, yn)} denote a large
NLI dataset, where each xi is a premise–hypothesis
pair and yi ∈ {entailment, neutral, contradiction}.
We define an initial training subset Dinit ⊂ D of
size m, which is used to fine-tune M, resulting
in a baseline model Mbase. We then construct
two additional subsets: Dup, representing new,
challenging examples to include in the training
set, and Ddown ⊂ Dinit, representing existing ex-
amples to remove such that the final training set
(Dinit ∪ Dup) \ Ddown maintains size m. To avoid
confounding effects from shifts in the label distri-
bution, we ensure |Dc

up| = |Dc
down| ≤ K for each

label c, where Dc
up denotes the examples in Dup

with label c. When inference is required to select
examples from outside Dinit, we define a candidate
pool Dpotential ⊂ D \ Dinit with |Dpotential| = m to
reduce cost. While inference is cheaper than fine-
tuning, performing inference over the full dataset
is still computationally expensive.

We now describe a range of different methods
for constructing Dup, which either involve selecting
challenging training examples, or using LLMs to
generate new synthetic examples.

3.2 Uncertainty Sampling

The confidence of model predictions can suggest
how challenging an instance is, with high confi-
dence in the correct class suggesting a lack of diffi-
culty, while high confidence in the wrong class may
instead suggest annotation errors (Swayamdipta
et al., 2020). We therefore choose examples based
on maximising the uncertainty of the model pre-
dictions, choosing Dc

up as the top K examples in
Dc

potential with the highest entropy over the soft
predictions from Mbase. This assumes the avail-
ability of the model output probabilities.4 Unlike
Swayamdipta et al. (2020); Liu et al. (2022), we

4These output probabilities are available for GPT-4o-mini,
but not the closed-source Gemini and Command R models
that we experiment with
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are unable to identify any changes in predictions
during training due to the closed-source nature of
the models.

3.3 Difficulty Score Sampling
We aim to exploit the wide-ranging capabilities of
few-shot LLMs, using the models to assess the dif-
ficulty of each instance in the training set, before
using this information to help improve the robust-
ness of the fine-tuned LLM. To achieve this, we
prompt M to assess the difficulty of each labelled
instance in Dpotential, providing a score from 1 to 10,
before choosing the top K scored examples from
Dc

potential. We also experiment with finding scores
for the label correctness, plausibility and fluency
of each example.

3.4 Misclassified Sampling
Inspired by prior work upsampling minority exam-
ples (Liu et al., 2021; Yaghoobzadeh et al., 2021),
we use our baseline model Mbase to make predic-
tions on Dpotential, choosing K examples for each
class that were misclassified. As fewer than K ex-
amples may be misclassified for a particular class,
we have |Dc

up| = |Dc
down| ≤ K. While the resulting

training data may contain examples with incorrect
labels, the average difficulty of the training sample
is also likely to be greater.

3.5 Concatenative Hypothesis Sampling
Rather than selecting Dup as a subset of D \ Dinit,
we experiment with deriving more complex in-
stances using the examples in D \ Dinit.5 Specifi-
cally, we identify instances with the same premise,6

and concatenate their corresponding hypotheses to
create more challenging examples.

To assign a label to these new instances, we use
the following simple rules: if any single hypothesis
is a contradiction, then the combined hypothesis is
a contradiction. Otherwise, if any single hypothesis
is neutral, then the combined hypothesis is neutral.
If there is no contradiction or neutral hypothesis,
then the combined hypothesis must be entailment.
This strategy allows us to create more challenging
instances out of the existing NLI training data. We
choose Dc

up by randomly selecting K instances that
concatenate H hypotheses, where the concatenated
hypotheses belong to class c.

5As no inference is required, we do not need to restrict this
method to using Dpotential

6It is common for large-scale NLI datasets to involve
instances with repeated premises (Bowman et al., 2015;
Williams et al., 2018; Nie et al., 2020)

SNLI (ID) Challenge-OOD Standard-OOD

GPT-4o-mini:
Without fine-tuning 85.02 64.75 83.03
With fine-tuning (10k) 92.47↑ 59.62↓ 79.63↓
Gemini-2.0-Flash:
Without fine-tuning 82.39 76.85 79.15
With fine-tuning (10k) 92.61↑ 65.90↓ 81.38↑

Table 1: Accuracy of both GPT-4o-mini and Gemini-
2.0-Flash both before and after fine-tuning with 10,000
training instances. Fine-tuning substantially improves
in-distribution (ID) performance on SNLI, but at the ex-
pense of OOD performance on challenging NLI datasets.
See Appendix D.1 for the full results for each dataset.

3.6 Few-Shot LLM Data Generation

We generate additional, synthetic data using M,
our LLM before the fine-tuning, without relying
on any external models. This data is produced
in a zero-shot setting across a range of domains
(see Appendix F), with each instance containing a
single-sentence premise and hypothesis (Short &
Simple Generation). We also use M to label unla-
belled data generated for the MNLI (Williams et al.,
2018) training domains provided by Stacey and
Rei (2024)7 (MNLI Domains Generation), which
was generated by an older text-curie-001 GPT-
3 model. To increase data complexity, we prompt
the LLM to generate a new four-sentence premise
(Long & Simple Generation). To further raise the
difficulty, we also prompt the LLM with guidance
about how the hypothesis should relate to multiple
parts of the premise, resulting in more contextually
dependent examples (Long & Complex Generation
- see Appendix F for details).

Finally, we investigate whether label quality can
be improved, given that LLMs are known to be
unreliable annotators. Models trained on LLM-
generated labels can underperform compared to
those trained on human annotated data (Mohta
et al., 2023), with previous work cautioning against
fully relying on LLMs for annotation (Ahmed
et al., 2024; Brassard et al., 2022). While few-
shot LLM annotation has shown promise for some
tasks (Calderon et al., 2025; Gilardi et al., 2023;
Törnberg, 2023), it remains unreliable for NLI (Lu
et al., 2023; Hosseini et al., 2024). Inspired by the
if in doubt, discard approach from task-oriented
dialogue (Stacey et al., 2024a), we generate eight
few-shot predictions from M per instance, and re-
tain only those for which all predictions agree.

7See Appendix F for the additional filtering we do on this
data to improve the quality
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Challenge-OOD Standard-OOD

SNLI r1 r2 r3 COPA INLI-I WANLI Avg. MNLI-m MNLI-mm FEVER Scitail INLI-NLI Avg.

Encoder models (full training data)
RoBERTa-large 92.63 42.90 29.36 28.28 51.12 47.72 56.32 42.62 85.82 85.26 66.41 71.07 76.04 76.92
DeBERTa-base 92.64 40.34 34.08 31.82 50.92 36.88 57.91 41.99 84.68 85.25 63.68 75.82 72.17 76.32
DeBERTa-large 93.13 53.15 41.53 37.13 51.38 45.80 61.55 48.42 87.75 88.02 68.42 74.93 78.49 79.52

LLMs (with 10,000 training instances)
Command R 91.14↓ 63.58 55.78 52.88 56.60 66.84 61.21 59.48↑† 86.99 87.02 70.37 85.84 82.35 82.51↑†
Gemini-2.0-Flash 92.61↓† 72.68 64.10 61.45 75.76 58.82 62.61 65.90↑† 88.30 88.54 71.56 73.42 85.09 81.38↑†
GPT-4o-mini 92.47↓† 65.98 58.10 55.38 56.20 61.42 60.62 59.62↑† 86.93 87.24 71.21 72.55 80.21 79.63↑

Table 2: The performance of RoBERTa (Liu et al., 2019) and DeBERTa (He et al., 2021, 2023a) models fine-tuned
on the full SNLI training set are compared to Command R, Gemini-2.0-Flash and GPT-4o-mini models fine-tuned
with just 10,000 instances. Accuracy is tested across a range our challenging NLI test sets (Challenge-OOD) and
our other NLI test sets (Standard-OOD). The best results from fine-tuned models are in bold. ↑ and ↓ show better or
worse average performance compared to the DeBERTa-large baseline. † represents results where p < 0.05, using
two-tailed bootstrapping statistical testing (Efron and Tibshirani, 1993)

4 Experiments

We evaluate M, Mbase, and each proposed method
on a diverse range of out-of-distribution NLI
datasets: WANLI (Liu et al., 2022), ANLI (r1, r2
and r3) (Nie et al., 2020), Scitail (Khot et al., 2018),
MNLI (Williams et al., 2018), and INLI (includ-
ing the implied entailment subset, INLI-I, and the
remainder, which we describe as INLI-NLI) (Haval-
dar et al., 2025). We further include FEVER-NLI
(Thorne et al., 2018; Nie et al., 2019), a fact ver-
ification dataset converted to NLI, and introduce
COPA-NLI, a challenging NLI test set constructed
from Balanced-COPA (Kavumba et al., 2019; Gor-
don et al., 2012) (see Appendix C).

We categorise each NLI dataset as ei-
ther Challenge-OOD or Standard-OOD, defining
Challenge-OOD as any dataset where the GPT-4o-
mini baseline achieves below 70% accuracy. Using
this threshold, we find that the resulting Challenge-
OOD datasets are either intentionally designed to
be challenging (Nie et al., 2020; Havaldar et al.,
2025) or are constructed using more difficult train-
ing examples (Liu et al., 2022).

We test the robustness of three models avail-
able for fine-tuning as closed-source models: GPT-
4o-mini (gpt-4o-mini-2024-07-18),8 Command R
(base_type_chat),9 and Gemini-2.0-flash (gemini-
2.0-flash-001).10 Unless stated otherwise, our ex-
periments use GPT-4o-mini as a baseline. To miti-
gate the high variance in OOD predictions (McCoy
et al., 2020), each result is an average from fine-
tuning five models using different random seeds.

8https://platform.openai.com/docs/models/gpt-4o-mini
9https://cohere.com/blog/commandr-fine-tuning

10https://cloud.google.com/vertex-ai/generative-
ai/docs/models/gemini/2-0-flash

Each of the proposed methods assume no access
to OOD data for hyper-parameter tuning. In our
experiments, we set K to 5% of the training sample
size, and fix m at 10,000 training instances. We
set H to be 3 for our Concatenative Hypothesis
Sampling. When training the encoder models, we
train the models with the full SNLI training data,
in line with common practice. See Appendix C for
more detail about hyper-parameter choices. As a
baseline, we also include Random Sampling, where
we choose Dc

up as K randomly selected examples
from Dc

potential. We use SNLI (Bowman et al., 2015)
as our training data, with additional experiments
using MNLI training data in Appendix D.2.

Finally, while some of the methods for identify-
ing examples in Dup can also be used to identify
examples for Ddown, this is not possible for all meth-
ods. Therefore, for comparability across methods,
we choose Ddown by random sampling from Dinit,
avoiding making further changes to the training dis-
tribution. In Appendix D.4, we explore the effect
of using alternative strategies for Ddown.

In total, we fine-tune 200+ models and evalu-
ate each on 12 datasets, totalling 2,400+ different
model-dataset evaluations.

5 Results

5.1 Baselines

Naive fine-tuning reduces OOD performance.
We find that the fine-tuned model Mbase has sub-
stantially worse performance compared to the few-
shot predictions from M on challenging OOD
datasets. After fine-tuning, Challenge-OOD per-
formance drops by 5.13% for GPT-4o-mini and by
10.95% for Gemini-2.0-Flash (Table 1). The fine-
tuning also results in large in-distribution improve-

5382



Challenge-OOD Standard-OOD

SNLI r1 r2 r3 COPA INLI-I WANLI Avg. MNLI-m MNLI-mm FEVER Scitail INLI-NLI Avg.

Fine-tuning Baselines
Baseline (10k) 92.47 65.98 58.10 55.38 56.20 61.42 60.62 59.62 86.93 87.24 71.21 72.55 80.21 79.63
Random Sampling 92.55↑ 65.80 58.66 55.37 56.48 60.60 60.15 59.51↓ 86.94 87.00 71.17 69.56 81.15 79.16 ↓

Sampling Methods
Misclassified Sampling 92.32↓ 65.48 57.98 52.73 62.94 56.88 60.32 59.39↓ 86.87 87.06 71.85 67.52 79.80 78.62 ↓
Concat Hypothesis Sampling 92.56↑ 65.72 58.14 55.88 62.84 62.04 60.00 60.77↑ 86.55 86.69 70.81 69.88 80.71 78.93 ↓
Difficulty Score Sampling 92.66↑† 67.48 59.10 56.42 58.84 59.54 61.40 60.46↑ 87.64 87.66 71.61 71.88 80.81 79.92 ↑
Uncertainty Sampling 92.80↑† 67.42 58.60 55.12 63.68 60.60 60.99 61.07↑ 88.14 88.24 71.57 71.47 82.01 80.28 ↑

Generated Data
MNLI Domains Generation 92.59↑ 67.72 57.96 54.00 54.80 56.04 62.89 58.90↓ 87.79 88.34 72.97 80.98 85.90 83.20 ↑†
Short & Simple Generation 92.47 68.88 58.14 53.43 56.28 52.02 64.11 58.81↓ 87.88 88.66 73.48 81.67 84.76 83.29 ↑†
Long & Simple Generation 92.53↑ 69.62 60.40 52.58 55.22 50.00 62.75 58.43↓ 88.08 88.88 73.05 78.97 83.33 82.46 ↑†
Long & Complex Generation 92.26↓ 69.34 60.28 57.42 55.90 61.42 60.86 60.87↑† 87.74 88.07 72.85 76.72 85.83 82.24 ↑†

Table 3: Accuracy of GPT-4o-mini, fine-tuned with 10,000 training instances, compared to our sampling and
synthetic methods for improving the robustness of this closed-source model. ↑ and ↓ show better or worse average
performance compared to the baseline, with † represents results where p < 0.05, using two-tailed bootstrapping
statistical testing (Efron and Tibshirani, 1993). The best results from fine-tuned models are in bold. See Appendix F
for standard deviations.

ments for both models. These results highlight how
fine-tuning can lead to large in-distribution im-
provements, but also substantially worse perfor-
mance on challenging OOD datasets. To the best
of our knowledge, this is the first work to explicitly
highlight this trade-off between in-distribution and
OOD performance when fine-tuning LLMs instead
of using in-context learning.

Autoregressive LLMs are far stronger baselines
than encoder models. Closed-source autoregres-
sive LLMs substantially outperform smaller en-
coder models on OOD datasets (Table 2). This
gap is particularly noticeable for the Challenge-
OOD datasets, where autoregressive LLMs outper-
form encoder models by more than 10 percentage
points. Notably, this robustness is achieved us-
ing only 10,000 training instances, which is less
than 2% of the 550k examples used to train each
encoder model. Surprisingly, despite the large im-
provements in OOD performance, encoder models
maintain strong performance on the in-distribution
SNLI test set. Our findings suggest that smaller
encoder models are no longer appropriate base-
lines for measuring model robustness, despite the
continued use of these models in recent work (Ko-
rakakis et al., 2025; Wang et al., 2025b; Cheng and
Amiri, 2024; Honda et al., 2024; Koulakos et al.,
2024; Stacey and Rei, 2024; Zang and Liu, 2024).

5.2 Sampling Methods Lead to Improvements
on Challenging OOD datasets

Sampling more complex training examples leads
to better performance on more challenging OOD
datasets. Out of the methods tested, Uncertainty

Sampling performs best, improving performance
on Challenge-OOD by an average of 1.45% (see
Table 3). Further experimentation shows improve-
ments from Uncertainty Sampling when using ei-
ther MNLI training data (Appendix D.2), or when
the method is applied to challenging maths datasets
(Appendix E). These improvements align with the
intuition that instances with high prediction en-
tropy represent challenging and under-represented
cases in the training data. The inclusion of these
examples helps models to generalise better to other
challenging OOD instances.

The other sampling methods result in smaller
improvements. Concatenative Hypothesis Sam-
pling improves performance on Challenge-OOD by
1.15%, while Difficulty Score Sampling improves
performance on Challenge-OOD by 0.84%. On
the other hand, Misclassified Sampling does not
improve performance on Challenge-OOD, with a
qualitative analysis showing a large number of an-
notation errors when upsampling the misclassified
training examples (see Section 5.4).

We find that the improvements from these meth-
ods are only observed on more challenging OOD
datasets. For Standard-OOD, the Uncertainty Sam-
pling and Difficulty Score Sampling methods have
similar performance to the baseline, contrasting
with their improvements on Challenge-OOD. To
further assess how our methods perform across
test sets with varying levels of difficulty, we anal-
yse the easy, ambiguous and hard MNLI-matched
splits from Cosma et al. (2024). Each sampling
method has the largest improvement relative to the
baseline on either the hard or the ambiguous splits
(Appendix D.2). We conclude that choosing more

5383



MNLI-m MNLI-mm
Method Baseline Acc Imp Acc Imp

Baselines (with OOD hyper-parameter tuning)
Hyp-only adversary1 LSTM 47.24 +1.38 49.24 +1.67
Ensemble-adversaries2 LSTM 54.18 +0.80 52.81 (0.10)
Product of Experts3 BERT 73.61 (0.79) 73.49 (0.49)
Debiased Focal Loss3 BERT 73.58 (0.82) 74.00 +0.02

Baselines (no OOD hyper-parameter tuning)
ATA, EBD-Reg4 BERT 72.51 +0.38 73.25 +0.85
Rationale supervision5 BERT 73.19 +0.91 73.36 +0.84
NILE6 RoBERTa 77.07 (2.22) 77.22 (2.07)
LIREx7 RoBERTa 79.85 (0.27) 79.79 +0.06
DTAens

8 DeBERTa 85.77 +1.21 86.18 +1.40

Our best methods
Uncertainty Sampling GPT-4o-mini 88.14 +1.21 88.24 +1.00
Short & Simple Generation GPT-4o-mini 87.88 +0.95 88.66 +1.42
Long & Complex Generation GPT-4o-mini 87.74 +0.81 88.07 +0.83

Table 4: Our most successful methods compared to
improvements from prior work. 1Belinkov et al. (2019a),
2Stacey et al. (2020), 3Mahabadi et al. (2020), 4Zang
and Liu (2024), 5Stacey et al. (2022a), 6Kumar and
Talukdar (2020), 7Zhao and Vydiswaran (2021), 8Stacey
and Rei (2024).

challenging training examples leads to better
performance on challenging OOD datasets, but
these improvements do not translate to less chal-
lenging OOD datasets.

While the improvements from the sampling
strategies are not significant when using 5 seeds
(see Table 3), we find that this is a result of the
low sample size (and the high variance in OOD
predictions from the sampling methods). Instead,
when testing the best performing method, Uncer-
tainty Sampling, with 20 seeds, we find statistically
significant improvements on Challenge-OOD (see
Appendix D.3). To better understand the magnitude
of our improvements, we also compare the improve-
ments from our methods to prior work training on
SNLI and evaluating on MNLI, a popular robust-
ness setting (Table 4). Despite using a much better
performing baseline, our improvements on MNLI
are comparable in magnitude to previous work.

Finally, we explore variants of the best-
performing methods. For Difficulty Score Sam-
pling, we test alternative scoring functions, and for
Uncertainty Sampling, we restrict upsampling to
correctly predicted but uncertain examples. Nei-
ther adaptation further improves performance (see
Appendix D.4).

5.3 Data Generation Methods Improve
Performance on Less Challenging OOD
Data

Replacing some of the human annotated training
examples with LLM-generated synthetic data sub-
stantially improves performance on Standard-OOD,

with gains ranging from 2.61% to 3.66% across
each method. Table 3 shows that every Standard-
OOD test set benefits from the inclusion of the
synthetic data, and that every method results in
statistically significant improvements. We also
test our data generation methods with Command
R11 and Gemini-2.0-Flash (Table 5), finding fur-
ther performance improvements on Standard-OOD.
These improvements mostly do not translate to the
Challenge-OOD datasets, where the inclusion of
the synthetic data mostly results in worse perfor-
mance compared to the baseline (see Short & Sim-
ple Generation, Table 5). This is due to the rela-
tively simple entailment relationships provided in
the synthetic data, which we analyse in Section 5.4.

Prompting strategies can increase the complex-
ity of the synthetic data, and our Long & Complex
Generation successfully improves performance on
Challenge-OOD for GPT-4o-mini and Gemini-2.0-
Flash (see Table 5), with improvements of up to
2.82% compared to the baseline. We conclude
that the inclusion of LLM-generated synthetic
data leads to large OOD improvements, with fur-
ther gains observed on more challenging OOD
datasets when increasing the data complexity.

We also test whether the if in doubt, discard vali-
dation method is necessary for strong performance
when using LLM-generated data. We find that the
additional validation is most beneficial for more
challenging synthetic examples, improving perfor-
mance on Challenge-OOD for the Long & Com-
plex Generation method (+2.26%; see Appendix
D.4). Finally, when training on MNLI instead of
SNLI, we find that improvements are limited to
Challenge-OOD (see Long & Complex Genera-
tion, Appendix D.2), suggesting that the additional
synthetic data is most helpful for single domain
datasets.

5.4 Qualitative analysis

Sampling more difficult examples results in
more label noise. We analyse the examples se-
lected for Dup by manually inspecting 50 exam-
ples per method and assigning a difficulty score be-
tween 1-10, and reviewing the label annotations for
each method.12 Misclassified Sampling examples
have the highest difficulty score (5.92), but we find

11Due to slower few-shot inference with Command R, we
fine-tune this model with the data generated by GPT-4o-mini

12We describe the differences between the labels and the
judgements from one of the paper authors as ‘annotation er-
rors’, however labelling in NLI can be highly subjective
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Challenge-OOD Standard-OOD

SNLI r1 r2 r3 COPA INLI-I WANLI Avg. MNLI-m MNLI-mm FEVER Scitail INLI-NLI Avg.

GPT-4o-mini
Baseline (10k FT) 92.47 65.98 58.10 55.38 56.20 61.42 60.62 59.62 86.93 87.24 71.21 72.55 80.21 79.63
Short & Simple Generation 92.47 68.88 58.14 53.43 56.28 52.02 64.11 58.81↓ 87.88 88.66 73.48 81.67 84.76 83.29↑†
Long & Complex Generation 92.26↓ 69.34 60.28 57.42 55.90 61.42 60.86 60.87↑† 87.74 88.07 72.85 76.72 85.83 82.24 ↑†

Command R
Baseline (10k) 91.14 63.58 55.78 52.88 56.60 66.84 61.21 59.48 86.99 87.02 70.37 85.84 82.35 82.51
Short & Simple Generation 91.04↓ 61.48 52.50 50.23 54.30 58.10 62.11 56.45↓ 87.79 87.68 71.09 88.47 83.19 83.64↑
Long & Complex Generation 91.22↑ 63.20 55.04 53.02 53.54 63.24 61.40 58.24↓ 87.62 87.75 71.06 86.66 85.79 83.78↑

Gemini-2.0-Flash
Baseline (10k) 92.61 72.68 64.10 61.45 75.76 58.82 62.61 65.90 88.30 88.54 71.56 73.42 85.09 81.38
Short & Simple Generation 92.54↓ 72.40 62.04 58.82 71.84 59.08 62.24 64.40↓ 88.15 88.37 71.82 84.39 85.43 83.63↑†
Long & Complex Generation 92.59↓ 76.30 66.68 64.20 76.34 65.84 62.96 68.72↑† 88.95 89.23 72.95 78.95 87.59 83.53↑†

Table 5: Testing our data generation methods for GPT-4o-mini, Command R and Gemini-2.0-Flash. As Command
R and Gemini do not provide probability scores, we do not also test our Uncertainty Sampling method. † represents
results where p < 0.05, using two-tailed bootstrapping statistical testing (Efron and Tibshirani, 1993). The best
results from fine-tuned models are in bold.

this also corresponds to the most annotation errors
(54%). While Uncertainty Sampling produces less
complex instances (5.26), there are less than half
the number of annotation errors (24%). Despite
this difference, we see a large overlap between the
two methods, with 33.1% of Dup shared between
both methods. We suggest that Uncertainty Sam-
pling retains many of the valuable examples from
Misclassified Sampling while avoiding its high rate
of label errors. Difficulty Score Sampling has a
lower average difficulty score (4.44), but with even
fewer annotation errors (16%). In comparison, the
difficulty score of the original SNLI training data
was 3.84, with only 4% of instances with annota-
tion errors.

Generation methods can result in simpler in-
stances that are more likely to be correctly la-
belled. The Short & Simple Generation produces
less difficult examples than the original training
data (3.40 vs 3.84), with 4% of annotation er-
rors. This low complexity helps to explain why
training with this synthetic data does not improve
Challenge-OOD performance. We find that prompt-
ing strategies can successfully increase the com-
plexity of the synthetic data. In particular, the Long
& Complex Generation method produces more
challenging examples (with a difficulty score of
4.52). As expected, there are also a larger num-
ber of annotation errors with the more challenging
synthetic data (12%).

Domain-specific synthetic examples do not yield
domain-specific improvements When generat-
ing synthetic data, we choose domains not present
in the OOD test sets that we evaluate on. Surpris-
ingly, generating data for the domains contained in

an OOD test set does not further improve perfor-
mance on that specific test set. For example, both
the MNLI Domains Generation (which uses the
MNLI-matched domains) and the Short & Simple
Generation (which does not) achieve similar accu-
racy on Challenge-OOD and Standard-OOD, with
nearly identical performance on MNLI-matched.
This is despite the MNLI Domains Generation be-
ing generated specifically for these same domains.
Furthermore, the MNLI Domains Generation re-
sults in larger improvements compared to the base-
line on MNLI-mismatched (containing unseen do-
mains) than on MNLI-matched (which contains the
same domains).

6 Conclusion

We examine the effect of fine-tuning closed-source
LLMs on OOD performance for NLI and find that
the substantial performance improvements from
fine-tuning are often offset by large drops in OOD
performance, particularly on challenging OOD NLI
datasets. Due to the lack of mitigation methods
compatible with closed-source models, we intro-
duce data selection strategies that are compatible
with the API training constraints of these models.
Our data selection methods improve OOD NLI
performance while keeping within a fixed training
budget.

We find that prioritising more complex examples
for fine-tuning improves performance on challeng-
ing OOD datasets, while replacing a portion of
the training set with LLM-generated examples im-
proves performance on less challenging datasets.
To overcome the lack of complexity in the LLM-
generated synthetic data, we introduce prompt-
ing strategies to make this data more complicated.
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Training with more challenging synthetic data re-
sults in improvements across almost all of the
OOD test sets analysed, including both challenging
and less challenging datasets. This highlights the
promise of training with synthetic data when it is
both diverse and sufficiently challenging.

Finally, we find that recent autoregressive LLMs
are substantially more robust than encoder mod-
els, despite the similar in-distribution performance
between these models. We therefore suggest that
autoregressive LLMs are a more appropriate base-
line for future work on model robustness.

Limitations

Despite the manageable cost for fine-tuning a sin-
gle closed-source model with 10,000 training in-
stances (approximately $5 for GPT-4o-mini), repli-
cating the full experimentation in this work would
be much more costly. It also is possible that the
LLMs may have had access to some of the out-of-
distribution datasets during training, however this
is a widespread issue across the field, with many
open-weights models also not disclosing their full
training data.

We suggest in Section 5.1 that smaller encoder
models such as RoBERTa or DeBERTa are no
longer appropriate baseline models, however we
also recognise that there may still be circumstances
when encoder models are still helpful, for exam-
ple if only considering in-distribution performance.
While the model size is one factor that explains
the better performance of recent autoregressive
LLMs compared to encoder models, current LLMs
also undergo much more pre-training than older
encoder models, and are more developed after re-
ceiving considerably more research attention over
recent years. It is possible that future work may im-
prove the robustness of encoder models, although
the recently proposed ModernBERT (Warner et al.,
2024) is still outperformed by DeBERTa-v3-large
on GLUE (Wang et al., 2018).

We choose to focus our experimentation on NLI,
providing a comprehensive out-of-distribution eval-
uation of task performance. This is motivated by
the large body of existing work studying model
robustness on this task. While our findings are spe-
cific to improving the robustness of closed-source
NLI models, they may also generalise to other
tasks. This is supported by our experiments using
the Uncertainty Sampling method on mathemat-
ics datasets, which shows promising results. The

best robustness strategy may also depend on the
task, with other tasks (such as mathematics tasks)
potentially not having the same challenges with
annotation errors or subjective labelling as is the
case with NLI.

Finally, we use either SNLI or MNLI as our
training data, testing performance on datasets with
a similar level of difficulty (Standard-OOD) or on
more challenging datasets (Challenge-OOD). We
choose SNLI and MNLI as we aim to investigate
improving performance for the common real-world
setting where the training data does not represent
the full breadth of possible domains or data com-
plexity, and therefore leads to decreased OOD per-
formance. In other settings where the training data
already contains sufficiently diverse or complex
data, this problem is greatly reduced, and data se-
lection methods would likely not have the same
effect.
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A Related Work

Model debiasing. Model centric debiasing meth-
ods for NLI mostly involve either weighting the
loss of training examples based on a bias model’s
predictions (Mahabadi et al., 2020; Clark et al.,
2019; Ghaddar et al., 2021; Du et al., 2023b; Rajic
et al., 2022; Xiong et al., 2021), adding the bias
model log probabilities, logits, or attention scores
during training (Mahabadi et al., 2020; Clark et al.,
2019; He et al., 2019; Sanh et al., 2021; Wang et al.,
2023a; Xiong et al., 2021), adjusting the model’s
soft probabilities at inference time based on the pre-
dictions of a biased model (Udomcharoenchaikit
et al., 2022; Tian et al., 2022), or encouraging a
model to be less confident when a bias model or
a perturbed input can result in correct predictions
(Utama et al., 2020a; Cheng and Amiri, 2024; Du
et al., 2021). Each of these methods accommodate
a variety of ways of choosing the bias model, which
include identifying specific dataset biases (He et al.,
2019; Clark et al., 2019; Du et al., 2023b) includ-
ing the hypothesis-only NLI bias (Mahabadi et al.,
2020; He et al., 2019), using models that are not
large enough (Sanh et al., 2021; Clark et al., 2020)
or do not contain enough training data (Utama et al.,
2020b), or finally, using features from earlier layers
in the model (Wang et al., 2025b; Ghaddar et al.,
2021).

For LSTM models (Hochreiter and Schmidhu-
ber, 1997), adversarial training has also been ef-
fective at removing dataset biases, either remov-
ing these biases from a model representations (Be-
linkov et al., 2019a,b; Stacey et al., 2020) or em-
beddings (Zhou and Bansal, 2020). Despite the

success of adversarial training with LSTM mod-
els, we are not aware of any work showing that
these methods can also be successfully applied to
transformer-based NLI models.

Data augmentation. An increasingly common
approach for improving model robustness involves
exploiting recent advances in LLMs to generate
synthetic datasets, creating large volumes of addi-
tional training data. This additional training data
has proved helpful, both for improving robustness
(Hosseini et al., 2024; Chen et al., 2023; Wang
et al., 2023b; Liu et al., 2022; Wu et al., 2022) and
improving in-distribution performance (Banerjee
et al., 2024). Instead of using LLMs to generate
additional training instances, new examples can
also be created by perturbing existing training ex-
amples (Minervini and Riedel, 2018; Zhou and
Bansal, 2020; Liu et al., 2020; Min et al., 2020).
This can involve paraphrasing (Zhou and Bansal,
2020), swapping the subject and object in the input
sentences (Min et al., 2020), adding additional text
at the end of the inputs (Zhou and Bansal, 2020),
swapping the hypothesis and premise (Liu et al.,
2020), or using first-order logic rules (Minervini
and Riedel, 2018). New examples can also be cre-
ated using human annotation (Kaushik et al., 2020;
Yanaka et al., 2019; He et al., 2023b).

Whether human-annotated or LLM-generated,
augmented data used to improve robustness is ei-
ther: 1) created by making small changes to the
hypothesis or premise (Chen et al., 2023; Yanaka
et al., 2019; Min et al., 2020; Wen et al., 2022), 2)
created to be similar to challenging or unbiased ex-
amples in the training domain (Liu et al., 2022; Wu
et al., 2022; He et al., 2023b; Wang et al., 2023b),
or 3) created as entirely new instances for differ-
ent domains (Hosseini et al., 2024; Stacey and Rei,
2024).

Data filtering. Rather than augment a dataset
with additional examples, a dataset can be filtered
to remove biased examples (Wu et al., 2022; Bras
et al., 2020), helping to improve robustness. In
its simplest form, dataset filtering can involve a
filtering process to remove examples that have
been identified as having a sufficient level of bias
(Ravichander et al., 2023). Wu et al. (2022) intro-
duce an algorithm for iteratively removing biased
instances, considering whether hand-crafted fea-
tures correlate to a specific class using z-statistics
(Gardner et al., 2021). Alternatively, Bras et al.
(2020) iteratively partition a dataset into a train
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and test partition, training on the training examples,
before evaluating on the test examples. This pro-
cess is repeated, each time choosing different train
and test splits, with examples filtered out which
are most commonly predicted as the correct label
when they are in the test split. This process is
repeated for a set number of steps, resulting in a
reduced, less biased dataset. Beyond NLI, filtering
out lower quality training examples has been found
to increase both model performance (Zhang et al.,
2025; Pang et al., 2025; Wang et al., 2025a) and
robustness (Hu et al., 2025).

Improving robustness with explanations. Re-
cent work has also investigated whether NLI ro-
bustness can be improved with the use of explana-
tions, using human annotated explanations during
training (Stacey et al., 2022a; Ross et al., 2022;
Koulakos et al., 2024; Zang and Liu, 2024) with the
e-SNLI human annotated explanations (Camburu
et al., 2018). Models can learn from the human
explanations by supervising the CLS token in the
final layer of the model (Stacey et al., 2022a), or by
training models to generate explanations alongside
making class label predictions (Ross et al., 2022;
Koulakos et al., 2024; Ludan et al., 2023). How-
ever, not all past work using explanations during
training has led to improvements in robustness (Ku-
mar and Talukdar, 2020; Zhao and Vydiswaran,
2021; Camburu et al., 2018). Recent work has also
tested whether including chain of thought explana-
tions with in-context examples improves robustness
(Mueller et al., 2024; He et al., 2024b), with mixed
results.

Learning from minority examples. Minority
examples can be defined as instances that counter
common spurious patterns in a dataset (Tu et al.,
2020). Modifying the training process can help
models to learn more from these minority exam-
ples, improving out-of-distribution performance
for NLI (Korakakis and Vlachos, 2023; Liu et al.,
2021; Yaghoobzadeh et al., 2021). Liu et al. (2021)
test a fine-tuned model on its own training data,
identifying minority examples as the instances mis-
classified in the training set. These minority ex-
amples were upsampled during a second round of
training. Similarly, Yaghoobzadeh et al. (2021)
identify training examples that were misclassified,
but also include examples that were predicted as
the wrong class at some point during training. A
second phase of training then trained only on these
minority examples. Rather than identifying mi-

nority examples as those that a single model has
misclassified, ensembles can also be used to better
identify these examples, with minority examples
defined as any training instance that any model in
an ensemble has incorrectly predicted (Stacey and
Rei, 2024).

Improving robustness with knowledge distilla-
tion. NLI robustness has also been studied in the
context of knowledge distillation, where the distil-
lation process is modified to produce more robust
student models. This can involve smoothing the
teacher soft predictions (Du et al., 2023a; Jafari
et al., 2021), or applying methods inspired by Just
Train Twice (Liu et al., 2021) to learn more from
challenging examples (Du et al., 2023a; Stacey and
Rei, 2024). Using additional unlabelled examples
can also improve the robustness of NLI student
models, generating additional examples by mask-
ing individual words and adversarially generating
words to replace these masks (Rashid et al., 2021;
Li et al., 2021; Haidar et al., 2022), or using LLMs
to generate unlabelled data that can be used during
distillation (Stacey and Rei, 2024).

Distributionally robust optimization. Sagawa
et al. (2020) demonstrate how Distributionally Ro-
bust Optimization (DRO) can improve the robust-
ness of NLI models, training models with the ob-
jective of minimising the worst-group loss. Sagawa
et al. (2020) segment MNLI instances into groups
based on the class (entailment, neutral or contradic-
tion), and whether there is a negation term present,
creating six groups from these different possible
combinations. During training, the loss for in-
stances in each group are adjusted, with this adjust-
ment depending on the loss so far during training
for the groups they belong to. Sagawa et al. (2020)
find that DRO improves the robustness on instances
belonging to the worst group during inference, al-
though with lower overall performance. Rather
than using known heuristics, subsequent work has
identified automatic methods for identifying the
training groups (Bao and Barzilay, 2022; Bao et al.,
2021; Paranjape et al., 2023). The worst-group per-
formance tested by Sagawa et al. (2020) can also be
improved by simply adjusting the class imbalance
between groups in the training data (Idrissi et al.,
2021).

Atomic decomposition methods. The task of
NLI can be decomposed into different atoms, with
predictions made separately for individual atoms.
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Symbol Description

D Full NLI dataset (all available annotated examples).
Dinit Initial training subset used to fine-tune the base model (|Dinit| = m).
Dpotential Candidate examples from D \ Dinit considered for upsampling.
Dup New, challenging examples selected to improve robustness.
Ddown Subset of Dinit removed to make room for Dup, preserving fixed budget.

Table 6: Notation summary for dataset subsets used in our training strategies.

These predictions are then aggregated into instance-
level model predictions, with some evidence this
can lead to robustness improvements. The atom-
level decomposition can involve segmenting hy-
potheses into spans, and making predictions for
each hypothesis span independently, which can im-
prove robustness when there is limited training data
(Stacey et al., 2022b). Alternatively, decomposing
each premise into a list of atomic facts, and making
predictions for each premise fact independently can
result in out-of-distribution improvements (Stacey
et al., 2024b).

Rather than decompose each hypothesis or
premise, Negru et al. (2025) train a model to edit
(or morph) a premise step by step until it matches
the hypothesis, using a fine-tuned NLI model to
track how entailment changes over these interme-
diate steps. During inference, model predictions
are aggregated based on the entailment predictions
at each step, decomposing the task into a series
of smaller inference steps. This decomposition
process was found to improve the model’s gener-
alisation abilities. Symbolic methods can also im-
prove robustness, with Kalouli et al. (2020) using
a symbolic approach (combined with a standard
neural model) to make predictions based on the
differences between the premise and hypothesis.
Opitz et al. (2023) also find robustness improve-
ments using a hybrid approach, combining BERT
model predictions with a score derived from Ab-
stract Meaning Representation (AMR) graphs (Ba-
narescu et al., 2013) of the hypothesis and premise.

Further NLI robustness strategies. Further
strategies to improve NLI robustness include: su-
pervising gradients of instances based on the dif-
ference between each instance and a corresponding
counterfactual (Teney et al., 2020), using Varia-
tional Information Bottleneck’s to improve the ro-
bustness of models in a low resource setting (Ma-
habadi et al., 2021), and introducing a mixture of
experts model that trains different classifiers on top
of a BERT encoder, weighting the soft probabili-
ties of each expert (Honda et al., 2024). Finally,

Lee et al. (2025) find that using prompt tuning can
improve robustness compared to other fine-tuning
strategies, tuning the prompt tokens that have the
least importance for dev set predictions.

B Notation

To aid readability, we provide a summary of the
dataset subsets in Table 6 used throughout our meth-
ods section. This includes the roles of each subset
in training and evaluation.

C Experimental Details

Hyper-parameter Tuning. When fine-tuning
our encoder models, for DeBERTa-base and
DeBERTa-large we use a learning rate of 10−6,
training for two epochs, while for RoBERTa-large
we use a learning rate of 5 × 10−6. For GPT-4o-
mini, Command R and Gemini-2.0-Flash, we use
the default fine-tuning parameters. We do this to
consider a realistic scenario where additional funds
may not be available for further hyper-parameter
tuning. For GPT-4o-mini, this involves training for
2 epochs, with the learning rate multiplier set to 1.8.
For Command R, we fine-tune for a single epoch
(with a learning rate of 0.01), while for Gemini-2.0-
Flash we also use the default of 13 epochs.

We use the following checkpoints for each
model: gpt-4o-mini-2024-07-18 for GPT-4o-mini,
gemini-2.0-flash-001 for Gemini, and the ‘Base
Type Chat’ model for fine-tuning Command R.

When using M to make few-shot predictions,
we use three in-context samples, each with chain
of thought reasoning.

Creating COPA-NLI. Instances in the Balanced-
COPA dataset consist of a premise, and two
choices, with the task of choosing which of the
two choices is the most like cause or effect of the
premise. For COPA-NLI, we use the same premise,
but incorporating both choices into the hypothesis
statement. When the task is to determine the cause
of the premise, we use the following template for
the hypothesis: “[choice_1]” is a more likely cause
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Challenge-OOD Standard-OOD

SNLI r1 r2 r3 COPA INLI-I WANLI Avg. MNLI-m MNLI-mm FEVER Scitail INLI-NLI Avg.

GPT-4o-mini baselines
5k baseline 92.18 65.92 57.70 55.68 56.40 61.04 61.51 59.71 86.93 87.46 71.45 76.54 82.38 80.95
10k baseline 92.47 65.98 58.10 55.38 56.20 61.42 60.62 59.62 86.93 87.24 71.21 72.55 80.21 79.63
20k baseline 92.78 66.06 57.54 54.83 58.98 60.54 59.46 59.57 87.32 87.10 71.20 69.65 80.61 79.18
Few-shot baseline 85.02 77.00 63.90 58.33 63.60 60.80 64.88 64.75 84.62 85.09 73.53 84.62 87.30 83.03

Table 7: We compare our baseline with 10k training instances to a baseline with twice this amount, showing that
more training examples has led to better robustness, but worse performance on SNLI-test. As expected, we also show
that our baseline has substantially better performance than a few-shot baseline M. Unlike all previous experiments,
the few-shot baseline uses a single seed rather than an average of 5 seeds.

Challenge-OOD Standard-OOD

SNLI r1 r2 r3 COPA INLI-I WANLI Avg. MNLI-m MNLI-mm FEVER Scitail INLI-NLI Avg.

GPT-4o-mini
Without fine-tuning 85.02 77.00 63.90 58.33 63.60 60.80 64.88 64.75 84.62 85.09 73.53 84.62 87.30 83.03
With fine-tuning (10k) 92.47↑ 65.98 58.10 55.38 56.20 61.42 60.62 59.62↓ 86.93 87.24 71.21 72.55 80.21 79.63↓

Gemini-2.0-Flash
Without fine-tuning 82.39 79.70 71.50 67.08 92.30 85.10 65.42 76.85 83.24 82.45 72.90 72.58 84.60 79.15
With fine-tuning (10k) 92.61↑ 72.68 64.10 61.45 75.76 58.82 62.61 65.90↓ 88.30 88.54 71.56 73.42 85.09 81.38↑

Table 8: Accuracy of both GPT-4o-mini and Gemini-2.0-Flash both before and after fine-tuning with 10,000 training
instances. Fine-tuning substantially improves in-distribution performance on SNLI, but at the expense of OOD
performance on challenging NLI datasets

of this than “[choice_2]”, with a label of entailment
or non-entailment. Then, for instances when we
determine which sentence is the most likely effect
of the premise, we use the following hypothesis
template: “[choice_1]” is a more likely effect of
this than “[choice_2]”. We duplicate each instance
in Balanced-COPA, changing the order of the two
choices in the hypothesis and changing the NLI
label.

D Further Experiments

D.1 Baseline Analysis

We experiment with training our baseline model
Mbase with 5k, 10k and 20k training instances, to
understand whether training with more data im-
proves in-distribution or out-of-distribution perfor-
mance (Table 7). Overall, we find that more fine-
tuning data improves in-distribution performance,
but without improvements in model robustness.
Our few-shot baseline using M is substantially
worse on SNLI-test, but also substantially more
robust on Standard-OOD and Challenge-OOD.

We also include the full results when compar-
ing GPT-4o-mini and Gemini-2.0-Flash with and
without fine-tuning (see Table 8).

D.2 MNLI Experimentation

Training with MNLI. We additionally experi-
ment with using MNLI as our training data in-

stead of SNLI, while replacing the MNLI-matched
and MNLI-mismatched validation sets in Standard-
OOD with SNLI-dev and SNLI-test. Similar to
our results with the SNLI training data, we find
improvements on Challenge-OOD when using Un-
certainty Sampling (+1.42, see Table 9). These
improvements are of a similar magnitude to the
improvements observed when training on SNLI
(+1.45, see Table 3). Using the Uncertainty Sam-
pling method with MNLI training data also main-
tains the baseline performance on Standard-OOD
(+0.01%, see Table 9).

We find that the Long & Complex Generation
method also improves performance on Challenge-
OOD (+1.56, see Table 9). This is a larger improve-
ment compared to our results training on SNLI
(+1.25, see Table 3). However, unlike our experi-
ments training on SNLI, we do not see the same per-
formance improvements on Standard-OOD from
our data generation methods. As the MNLI training
data already contains data from five different do-
mains, we suggest that including additional, diverse
LLM-generated training data is less beneficial in
this case.

Evaluation on MNLI difficulty splits. We use
the hard, ambiguous and easy splits provided by
Cosma et al. (2024) to understand why our meth-
ods have a performance advantage when evaluated
on MNLI, and whether this is driven by improve-
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Challenge-OOD Standard-OOD

MNLI-m r1 r2 r3 COPA INLI-I WANLI Avg. SNLI-dev SNLI-test FEVER Scitail INLI-NLI Avg.

GPT-4o-mini - MNLI training data
Baseline (10k) 90.73 68.72 56.56 52.58 50.08 47.10 65.54 56.76 91.81 91.38 73.18 85.58 86.05 85.60
Uncertainty Sampling 91.09 70.80 58.68 54.53 50.02 49.48 65.57 58.18↑ 91.43 91.10 73.45 85.52 86.53 85.61↑
Short & Simple Generation 90.45 68.17 55.84 52.08 50.14 46.28 66.45 56.50↓ 91.38 91.08 73.42 85.79 86.08 85.55↓
Long & Complex Generation 90.60 69.06 57.32 54.48 50.24 53.26 65.54 58.32↑ 91.68 91.23 73.22 85.81 87.33 85.86↑

Table 9: We experiment with our best performing methods when training on MNLI, a dataset with five different
training domains.

SNLI MNLI-m
Method Hard Amb. Easy Hard Amb. Easy

Baselines
GPT-4o-mini w/o FT
GPT-4o-mini (10k FT) 67.98 89.68 97.47 59.27 80.90 91.89

Our methods
Misclassified Sampling 68.20 89.44 97.27 60.49 80.65 91.69
Difficulty Score Sampling 67.85 89.98 97.68 61.30 81.25 92.49
Concat Hypothesis Sampling 67.80 90.18 97.50 58.30 81.56 91.39
Uncertainty Sampling 68.20 90.04 97.81 61.01 82.31 92.99
Short and Simple Generation 68.15 89.70 97.43 64.42 77.55 93.08
Long & Simple Generation 67.97 89.69 97.56 63.65 79.54 93.08
Long & Complex Generation 68.41 89.14 97.23 60.06 80.73 92.89

Table 10: Performance of our methods on Hard, Am-
biguous and Easy test splits of SNLI and MNLI-
matched.

ments on more challenging examples. Table 10
shows how the out-of-distribution improvements
on MNLI from our sampling methods are largest
on either the hard or the ambiguous test splits. For
Misclassified Sampling and Difficulty Score Sam-
pling, the largest performance improvement is on
the hard test set, whereas for Concatenative Hy-
pothesis Sampling and Uncertainty Sampling the
largest increase is on the ambiguous test set. For
the data generation methods, we consistently see
improvements on the easy test split. However, sur-
prisingly, there are also improvements on the hard
test splits when using the LLM-generated synthetic
data.

As a comparison, we also provide the results for
our methods on the difficulty splits for SNLI. In this
case, the differences between the baseline and our
methods are smaller, with our methods providing
no clear advantage over the baseline model.

D.3 Statistical Testing with Uncertainty
Sampling

To further investigate the effect of Uncertainty
Sampling, we perform experimentation compar-
ing this method to the baseline over 20 different
seeds. While only using 5 random seeds did not
show a statistically significant result (p < 0.05),
we find that this is a result of the small sample
size. When we use a larger sample size we do find

statistically significant improvements on the most
challenging OOD examples from the Uncertainty
Sampling method (see Table 11).

D.4 Ablation Experiments

Testing the if in doubt, discard validation. We
investigate the effect of using if in doubt, discard
validation to improve the quality of our labelled
data. While there is an improvement of 2.26% for
the Long & Complex Generation on Challenge-
OOD (Table 12), there is no corresponding im-
provement on Standard-OOD. We also find little
difference in performance on the MNLI Domains
Generation, for either Challenge-OOD or Standard-
OOD. We conclude that the if in doubt, discard
validation is helpful for the most complex LLM-
generated data, but is otherwise not required.

Selecting both Ddown and Dup. We experiment
with using our sampling methods to choose both
Ddown and Dup, using both the Uncertainty Sam-
pling and Difficulty Score Sampling methods. For
Uncertainty Sampling, we choose Dup as the ex-
amples with the highest entropy in Dpotential, while
choosing Ddown as the examples with the lowest
entropy in Dinit. Similarly, for Difficulty Score
Sampling, we choose Ddown as the examples in
Dinit with the lowest difficulty score.

We find that using our methods to also select ex-
amples for Ddown makes little difference to perfor-
mance (Table 15). This suggests that additionally
including a small number of complex examples has
a much greater effect than removing a small num-
ber of easier examples from the model’s training
data.

Testing Difficulty Score Sampling variations.
We investigate introducing a wider range of scores
to measure the quality of NLI training examples,
beyond the difficulty score used within our Diffi-
culty Score Sampling. We try two different config-
urations, firstly including a score for label quality
and summing this together with the difficulty score,

5398



Challenge-OOD Standard-OOD

SNLI r1 r2 r3 COPA INLI-I WANLI Avg. MNLI-m MNLI-mm FEVER Scitail INLI-NLI Avg.

Fine-tuning Baselines
Baseline (10k) 92.45 66.10 58.70 55.09 56.45 60.38 60.73 59.57 86.90 87.25 70.98 73.32 80.56 79.80

Sampling Methods
Uncertainty Sampling 92.60 ↑† 66.90 58.67 55.58 60.89 60.25 60.75 60.51↑† 87.56 87.71 71.11 72.15 81.01 79.91↑

Table 11: Accuracy of the GPT-4o-mini baseline compared to the Uncertainty Sampling method using 20 seeds. †
represents results where p < 0.05, using two-tailed bootstrapping statistical testing (Efron and Tibshirani, 1993).
The best results from fine-tuned models are in bold.

Challenge-OOD Standard-OOD

SNLI r1 r2 r3 COPA INLI-I WANLI Avg. MNLI-m MNLI-mm FEVER Scitail INLI-NLI Avg.

GPT-4o-mini - MNLI Domains Generation
Without validation 92.48 68.56 58.08 54.18 52.96 54.92 63.02 58.62 87.71 88.20 73.39 81.23 86.21 83.35
With Validation 92.59 67.72 57.96 54.00 54.80 56.04 62.89 58.90 87.79 88.34 72.97 80.98 85.90 83.20

GPT-4o-mini - Long & Complex Generation
Without validation 92.48 68.52 59.74 52.22 57.58 50.34 63.26 58.61 88.02 88.74 73.03 79.67 83.34 82.56
With Validation 92.26 69.34 60.28 57.42 55.90 61.42 60.86 60.87 87.74 88.07 72.85 76.72 85.83 82.24

Table 12: We compare results for our data generation methods, showing performance with and without the if in
doubt, discard validation.

Challenge-OOD Standard-OOD

SNLI r1 r2 r3 COPA INLI-I WANLI Avg. MNLI-m MNLI-mm FEVER Scitail INLI-NLI Avg.

GPT-4o-mini - Uncertainty Sampling
Up selection 92.80 67.42 58.60 55.12 63.68 60.60 60.99 61.07 88.14 88.24 71.57 71.47 82.01 80.28
Up and down 92.83 67.16 59.54 54.97 60.14 60.74 61.51 60.68 87.93 88.11 71.46 71.93 82.33 80.35↑

GPT-4o-mini - Difficulty Score Sampling
Up selection 92.66 67.48 59.10 56.42 58.84 59.54 61.40 60.46 87.64 87.66 71.61 71.88 80.81 79.92
Up and down 92.68 66.86 57.96 56.35 57.58 64.94 60.39 60.68 86.77 86.96 71.18 71.38 81.12 79.48

Table 13: We experiment with selecting new examples for Dup using our Uncertainty Sampling, while also choosing
examples for Ddown as the most confident predictions within Dinit. ‘Up selection’ refers to the Uncertainty Sampling
method defined in the paper, where we choose examples based on their uncertainty, and randomly choose examples
in Dinit for Ddown. ‘Up and down’ also chooses Ddown based on model confidence. We also perform a similar
experiment with our Difficulty Score Sampling method, choosing Ddown based on the lowest difficulty scores.

Challenge-OOD Standard-OOD

SNLI r1 r2 r3 COPA INLI-I WANLI Avg. MNLI-m MNLI-mm FEVER Scitail INLI-NLI Avg.

GPT-4o-mini - Difficulty Score Sampling
C + D 92.55 67.42 58.34 54.98 57.58 59.54 61.08 59.82 87.93 87.79 71.59 70.62 80.61 79.71
D 92.66 67.48 59.10 56.42 58.84 59.54 61.40 60.46 87.64 87.66 71.61 71.88 80.81 79.92
C + D + P + F 92.41 67.92 57.94 55.50 59.64 56.32 61.07 59.73 87.94 87.82 71.35 72.39 80.93 80.09

Table 14: We experiment with different methods for combining the scores provided by the baseline model M before
fine-tuning. These scores are identified by asking the model to make few-shot assessments about the examples
in Dpotential. The available scores are: C (correctness), D (difficulty), P (plausibility), F (fluency). C + D is the
configuration used in the main paper.
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and secondly, also adding scores for the plausibility
and fluency of the instances (see Table 14).

While using the combination of all of the scores
(difficulty, correctness, plausibility and fluency)
performs slightly better on Standard-OOD, perfor-
mance is worse on Challenge-OOD. We conclude
that including the additional scores does not help
to improve model robustness.

Testing Uncertainty Sampling variations With
the aim of reducing label noise with our Uncer-
tainty Sampling method, we experiment with only
choosing examples for Dup which are correctly pre-
dicted by M (see Table 15). This means we choose
examples where the model is correct, but still uncer-
tain. We find however that this restriction results in
worse robustness on Challenge-OOD, presumably
because the selected examples are now less com-
plex. We do however find a small improvement in
Standard-OOD performance.

Replacing more training examples when sam-
pling. The experimentation in this work consid-
ers the value of K as 5% of the training sample
size, with each experiment in the paper replacing
K many instances of each class (changing 15%
of the training sample in total). In this section,
we experiment with increasing this value of K to
measure whether replacing more training instances
leads to further improvements in robustness. These
experiments use the Uncertainty Sampling method,
which constructs Dup with the K most uncertain
instances for each class based on the predictions
from Mbase.

We find that increasing the size of K leads to a
small reduction in performance both in-distribution
and on Challenge-OOD (see Table 16). This sug-
gests that while more complex training examples
can help improve the model’s performance on chal-
lenging out-of-distribution examples, if too many
of the training examples are replaced then the chal-
lenging examples may become over-represented.

Different categorisation of datasets into
Standard-OOD and Challenge-OOD. The
categorisation of datasets into Standard-OOD
and Challenge-OOD is based on the performance
of the baseline GPT-4o-mini model. Datasets
where this model achieves 70% accuracy or
more are categorised as Standard-OOD, while
datasets with worse performance are categorised
as Challenge-OOD. Table 17 shows the results for
Standard-OOD and Challenge-OOD with different

categorisations of the datasets, either including
FEVER in Challenge-OOD or including INLI-I in
Standard-OOD.

In each of the different categorisations, we
find that the sampling methods perform better on
Challenge-OOD compared to the baseline. We also
find that the generation methods consistently out-
perform the baseline for Standard-OOD. In each
case, the Long & Complex Generation outperforms
the baseline for both Challenge-OOD and Standard-
OOD.

E Maths Datasets

As our Uncertainty Sampling method is directly
applicable to a range of other NLP tasks, we
experiment with applying this method to maths
datasets. We train our model on 10,000 instances
from Calc-Ape210k (Kadlčík et al., 2023), before
evaluating on AQuA-RAT (Ling et al., 2017), Min-
ervaMATH(Lewkowycz et al., 2022), MATH500
(Lightman et al., 2024), Omni-MATH500 (Gao
et al., 2025), AMC23 (Yang et al., 2024),
OlympiadBench (He et al., 2024a) and HMMT
(Roucher et al., 2025). Similar to our experiments
with NLI, we aim to evaluate out-of-distribution
performance on a wide range of datasets.

For AQuA-RAT, we predict numerical answers
rather than choosing multiple choice labels (also
without providing the model with the multiple
choice answers in the prompt). We also remove
questions requiring “All of the above” or “None
of the above” as answers, reducing the test set
from 254 to 218 samples. For MinervaMATH,
MATH500, Omni-MATH500, OlympiadBench and
HMMT we remove questions with answers that are
not a number. This reduces the test sets to 191, 396,
321, 505 and 88 instances respectively. For HMMT,
this involves merging HMMT Feb. 23, HMMT Feb
24 and HMMT Feb. 25. To be consistent with our
NLI experiments, and to avoid larger fine-tuning
costs, we do not train our model to generate chain-
of-thought answers.

We experiment with K = |Dup| = 0.15 × |Dinit|,
similar to our NLI experiments. But unlike NLI,
there is less variety in the complexity of the dif-
ferent training examples in Calc-Ape210k, so we
also experiment with K = |Dup| = 0.50 × |Dinit|.
We find that when we set K = |Dup| = 0.50, Uncer-
tainty Sampling improves out-of-distribution per-
formance by 0.75 percentage points (from 19.11%
to 19.86%), an increase of 3.9%.
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Challenge-OOD Standard-OOD

SNLI r1 r2 r3 COPA INLI-I WANLI Avg. MNLI-m MNLI-mm FEVER Scitail INLI-NLI Avg.

GPT-4o-mini - Uncertainty Sampling
Uncertainty Sampling 92.80 67.42 58.60 55.12 63.68 60.60 60.99 61.07 88.14 88.24 71.57 71.47 82.01 80.28
Uncertainty Sampling (correct only) 92.68 66.90 57.52 54.88 57.10 59.06 61.62 59.51 88.21 88.24 71.77 75.39 80.88 80.90

Table 15: We experiment with only choosing examples for Dup for Uncertainty Sampling if the predictions from
the baseline model Mbase are correct.

Challenge-OOD Standard-OOD

SNLI r1 r2 r3 COPA INLI-I WANLI Avg. MNLI-m MNLI-mm FEVER Scitail INLI-NLI Avg.

GPT-4o-mini - Uncertainty Sampling
K = 0% (Mbase baseline) 92.47 65.98 58.10 55.38 56.20 61.42 60.62 59.62 86.93 87.24 71.21 72.55 80.21 79.63
K = 5% (main results) 92.80 67.42 58.60 55.12 63.68 60.60 60.99 61.07 88.14 88.24 71.57 71.47 82.01 80.28
K = 10% 92.73 67.32 57.54 53.93 58.98 55.94 62.76 59.41 88.47 88.76 72.02 74.62 81.67 81.11
K = 15% 92.61 68.10 57.52 53.38 61.54 57.62 62.88 60.21 88.62 88.80 72.54 75.36 81.24 81.31

Table 16: We experiment with changing the value of K to measure changes in performance (in-distribution and
out-of-distribution) when modifying more of the original training sample. These experiments use the Uncertainty
Sampling method.

Challenge-OOD Standard-OOD

Standard Fever in Chal-OOD INLI-I in Std-OOD Standard Fever in Chal-OOD INLI-I in Std-OOD

Fine-tuning Baselines
Baseline (10k) 59.62 61.27 59.26 79.63 81.73 76.59

Sampling Methods
Misclassified Sampling 59.39 61.17 59.89 78.62 80.31 75.00
Concat Hypothesis Sampling 60.77 62.20 60.52 78.93 80.96 76.11
Difficulty Score Sampling 60.46 61.94 60.65 79.92 80.96 75.70
Uncertainty Sampling 61.07 62.57 61.16 80.28 82.47 77.01

Generated Data
MNLI Domains Generation 58.90 60.91 59.47 83.20 85.75 78.67
Short & Simple Generation 58.81 60.91 60.17 83.29 85.74 78.08
Long & Simple Generation 58.43 60.52 60.11 82.46 84.82 77.05
Long & Complex Generation 60.87 62.58 60.76 82.24 84.59 78.77

Table 17: Changing the categorisation of datasets to Standard-OOD and Challenge-OOD, either including Fever in
Challenge-OOD or including INLI-I in Standard-OOD. Our findings are consistent across these categorisations.

ID OOD

Calc-Ape210k AQuA-RAT MinervaMath MATH500 Omni-MATH500 AMC23 OlympiadBench HMMT Avg.

Few-shot 29.02 30.73 14.66 22.73 12.46 20.00 9.31 1.14 15.86

10k baseline 49.05 32.11 36.44 23.74 13.84 16.50 10.02 1.14 19.11
Uncertainty Sampling (K = 15%) 49.24 33.67 36.65 23.33 14.25 14.50 10.61 1.81 19.26
Uncertainty Sampling (K = 50%) 48.74 32.93 37.70 23.08 14.58 19.00 10.14 1.59 19.86

Table 18: We test our Uncertainty Sampling method on maths datasets after training on 10k instances from Calc-Ape,
before testing performance on other out-of-distribution maths datasets. We experiment with selecting K = |Dup| =
0.15 × |Dinit|, similar to our NLI experiments, and K = |Dup| = 0.50 × |Dinit|.
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F Further Details on Data Sampling,
Generation, and Filtering

Generating Complex Hypotheses When gen-
erating synthetic data with more complex entail-
ment relationships, we use the following prompts
to encourage hypotheses that are related to multiple
parts of the premise input:

• Contradiction Strategy 1: "From the premise
above, randomly pick two sentences, label
them sentence 1 and sentence 2. Then con-
struct a sentence that contradicts sentence 1,
does not contradict sentence 2, but mentions
something related to sentence 2"

• Contradiction Strategy 2: "From the premise
above, randomly pick two sentences, label
them sentence 1 and sentence 2. Then con-
struct a two sentence output which contains
one sentence implied by sentences 1 and 2,
and another sentence that contradicts one of
them."

• Neutral Strategy 1: "From the premise above,
randomly pick two sentences, label them sen-
tence 1 and sentence 2. Then construct a sen-
tence that relates to both sentences 1 and 2,
but is not implied by them."

• Neutral Strategy 2: "From the premise above,
randomly pick two sentences, label them sen-
tence 1 and sentence 2. Then construct a two
sentence output which contains one sentence
implied by sentences 1 and 2, and another
sentence that is not implied by them."

• Entailment Strategy 1: "From the premise
above, randomly pick two sentences, label
them sentence 1 and sentence 2. Then con-
struct a sentence that is implied by both sen-
tences 1 and 2, relating to both of these."

• Entailment Strategy 2: "Provide a very short,
concise fact that is strictly implied by a spe-
cific part of the premise above. Don’t do some-
thing obvious."

Unlabelled Data Additional Filtering. When
using the unlabelled data for the MNLI training
domains provided by Stacey and Rei (2024), we
observe a number of cases where multiple premise
and hypotheses have been generated by an LLM
for a single instance. We filter out instances that

contain the words ‘premise’, ‘hypothesis’, ‘entail-
ment’, ‘neutral’, ‘contradiction’, ‘implies’ or ‘im-
plied’. We also filter out premises with ‘sure!’,
‘can i help’, ‘happy to help’ and ‘no problem’. We
further filter examples ending in a question mark or
exclamation mark, and where two sentences have
been combined without correct punctuation.

Unlabelled Data Domain Information When
using our LLMs to generate additional data for
51 domains, we ask the LLM to either ‘Provide a
single sentence’ or ‘Provide an output with four
sentences’ about: ‘about a workplace’, ‘about the
founding fathers’, ‘from a review of a book’, ‘over-
heard from radio podcast’, ‘that you might say to
a tourist when recommending a specific location’,
‘describing your favourite place in the city’, ‘that
you would never want to hear’, ‘that you might
overhear on public transport’, ‘about someone you
admire’, ‘about someone historically significant’,
‘from a boring website’, ‘to explain a complicated
concept’, ‘that you only hear in films’, ‘from a
not so famous speech’, ‘that you might read in a
blog about geography’, ‘that might surprise me’,
‘you remember from when someone read you the
riot act’, ‘from some song lyrics’, ‘extract from a
made-up newspaper’, ‘describing a musician’, ‘that
you might hear in a battle’, ‘from a propaganda
leaflet’, ‘with a fact that surprised you’, ‘from a
Shakespeare play’, ‘containing a joke’, ‘extract
from Poirot’, ‘explaining investment banking to a
graduate student’, ‘describing the history of math-
ematics’, ‘about railways’, ‘that you might read
in a formal legal contract’, ‘describing a medi-
cal procedure’, ‘that you could hear in an airplane
cabin’, ‘giving orders on a submarine’, ‘with tech-
nical analysis’, ‘describing the plants grown in a
garden’, ‘explaining an animal found in the rain-
forest’, ‘found in the instructions for a electrical
item’, ‘from a poem’, ’from a detailed a technical
report’, ‘in slang’, “describing a tactical analysis
of the team’s strategy", ‘overheard between two
people in a pub’, ‘from a review of an NLP paper
submitted for peer review’, ‘with a surprising his-
torical fact’, ‘that you could have overheard in the
Great Exhibition’, ’about farming’, ‘that you could
hear in an undergraduate lecture’, ‘describing the
properties of an element in the periodic table’, ‘that
might be interesting to an economist’, ‘describing
a scientific advancement’ or ‘to describe an object
in the British Museum’.
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Challenge-OOD Standard-OOD

SNLI r1 r2 r3 COPA INLI-I WANLI MNLI-m MNLI-mm FEVER Scitail INLI-NLI

Baselines
Baseline (10k) 0.001 0.008 0.011 0.009 0.023 0.043 0.007 0.005 0.007 0.007 0.034 0.012
Random sampling 0.001 0.007 0.014 0.017 0.047 0.053 0.017 0.009 0.011 0.010 0.025 0.007

Sampling
Misclassified Sampling 0.002 0.012 0.008 0.022 0.077 0.067 0.014 0.007 0.009 0.007 0.017 0.010
Hypothesis Concat Sampling 0.001 0.017 0.011 0.011 0.075 0.041 0.009 0.007 0.006 0.008 0.024 0.009
Difficulty Score Sampling 0.002 0.011 0.015 0.023 0.031 0.054 0.014 0.006 0.007 0.006 0.027 0.011
Uncertainty Sampling 0.002 0.015 0.016 0.016 0.055 0.042 0.009 0.006 0.004 0.005 0.027 0.009

Generated Data
MNLI Domains Generation 0.002 0.018 0.009 0.017 0.013 0.030 0.008 0.005 0.003 0.005 0.011 0.030
Short & Simple Generation 0.001 0.015 0.026 0.027 0.025 0.046 0.014 0.004 0.002 0.010 0.019 0.017
Long & Simple Generation 0.002 0.011 0.013 0.011 0.034 0.029 0.016 0.001 0.003 0.003 0.016 0.017
Long & Complex Generation 0.003 0.011 0.008 0.016 0.012 0.016 0.006 0.004 0.004 0.004 0.029 0.008

Table 19: Standard deviations for our results in Table 3. Standard deviations are from 5 seeds.

Method Standard Deviations. We provide all
of the standard deviations for Table 3 in Table 19.
As expected, the variance is often large for out-
of-distribution test sets (McCoy et al., 2020). We
therefore use 5 random seeds for every experiment
(in both the main paper and the appendix), and we
compare average performance across multiple dif-
ferent OOD datasets (using our average scores for
the Challenge-OOD and Standard-OOD datasets).

Dataset examples. Figure 2 provides examples
from each of the NLI test sets used in this work.

G Costs for Alternative Data
Augmentation Strategies

Table 20 provides approximate costs for fine-tuning
GPT-4o-mini with other data augmentation meth-
ods. These costs assume a fixed cost per instance,
in line with the costs calculated from SNLI train-
ing examples. In contrast to other approaches, the
methods introduced in this paper keep the number
of training instances fixed without increasing the
costs of fine-tuning.

Method Size of augmented data Approx. cost in USD

Ours 0 (maintains size) 5
WANLI1 103k 55
Human-CAD2 108k 60
DISCO3 165k 90
UnitedSynT54 468k 240
Z-Aug5 593k 300
GNLI6 671k 340
IBADR7 1.1m 550

Table 20: Approximate costs for fine-tuning GPT-4o-
mini with other data augmentation methods. We assume
a set cost per training example in line with SNLI, where
the augmented data is used with an initial training set
of 10k instances. Costs are provided to the nearest 5
dollars. 1Liu et al. (2022), 2Kaushik et al. (2020), 3Chen
et al. (2023), 4Banerjee et al. (2024), 5Wu et al. (2022),
6Hosseini et al. (2024), 7Wang et al. (2023b).
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Examples from SNLI and the Standard-OOD datasets

SNLI Premise: This church choir sings to the masses as they sing joyous songs from the book at a church.

Hypothesis: The church has cracks in the ceiling. Label: Neutral 

MNLI-m Premise: The new rights are nice enough

Hypothesis: Everyone really likes the newest benefits Label: Neutral 

MNLI-mm Premise: Your contribution helped make it possible for us to provide our students with a quality education.

Hypothesis: Your contributions were of no help with our students’ education. Label: Contradiction 

FEVER Premise: Savages (2012 film) . Savages is a 2012 American crime thriller film directed by Oliver Stone .

Hypothesis: Savages was exclusively a German film. Label: Contradiction


Scitail
Premise: Based on the list provided of the uses of substances 1-7, estimate the pH of each unknown and record the number in the data table in the estimated pH 
column.

Hypothesis: If a substance has a ph value greater than 7,that indicates that it is base. Label: Neutral 

INLI-NLI
Premise: A wave of whispers followed Mrs. Lopez down the street as she casually tossed an empty chip bag onto her overgrown lawn, adding to the growing 
collection of discarded toys and fast-food containers littering her backyard.

Hypothesis: The neighbors gossiped quietly, observing Mrs. Lopez's neglect of her property. Label: Entailment 

Examples from the Challenge-OOD datasets

INLI-I
Premise: A wave of whispers followed Mrs. Lopez down the street as she casually tossed an empty chip bag onto her overgrown lawn, adding to the growing 
collection of discarded toys and fast-food containers littering her backyard.

Hypothesis: Mrs. Lopez's neighbors dislike how she neglects her property's upkeep. Label: Entailment 

WANLI Premise: In the past, I have found that there is no point in making a speech unless you have prepared it.

Hypothesis: You should prepare a speech. Label: Entailment 

COPA-NLI Premise: The item was packaged in bubble wrap.

Hypothesis: “It was fragile.” is a more likely cause of this than “It was small.” Label: Entailment 

ANLI r1
Premise: Enterprise Rent-A-Car is an American car rental company headquartered in Clayton, Missouri, United States in Greater St. Louis. In addition to car rental, 
Enterprise also oversees commercial fleet management, used car sales, and commercial truck rental operations.

Hypothesis: Enterprise Rent A Car main business location is in Missouri. Label: Entailment 

ANLI r2
Premise: Ann Hui On-Wah, MBE (; Hepburn: "Kyo Anka"; born 23 May 1947) is a Hong Kong film director, producer, screenwriter and actress. She is one of the most 
critically acclaimed Hong Kong New Wave filmmakers. She is known for her films about social issues in Hong Kong.

Hypothesis: Ann Hui On-Wah was born in the winter. Label: Contradiction 

ANLI r3
Premise: The charges came after the auditor-general revealed last month that some details had been removed from the 1MDB report. Kandasamy led 1MDB from 2015 
until he was terminated in June. The two men were released on bail, and face up to 20 years in prison if found guilty.

Hypothesis: there were discrepancies that the hired person discovered Label: Entailment 

Figure 2: Examples from the different NLI test sets used for model evaluation. The examples from Challenge-OOD
datasets are more difficult than those from SNLI or the Standard-OOD datasets.
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