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Abstract

Counterfactuals refer to minimally edited in-
puts that cause a model’s prediction to change,
serving as a promising approach to explaining
the model’s behavior. Large language models
(LLMs) excel at generating English counterfac-
tuals and demonstrate multilingual proficiency.
However, their effectiveness in generating mul-
tilingual counterfactuals remains unclear. To
this end, we conduct a comprehensive study on
multilingual counterfactuals.! We first conduct
automatic evaluations on both directly gener-
ated counterfactuals in the target languages and
those derived via English translation across six
languages. Although translation-based counter-
factuals offer higher validity than their directly
generated counterparts, they demand substan-
tially more modifications and still fall short of
matching the quality of the original English
counterfactuals. Second, we find the patterns
of edits applied to high-resource European-
language counterfactuals to be remarkably sim-
ilar, suggesting that cross-lingual perturbations
follow common strategic principles. Third, we
identify and categorize four main types of er-
rors that consistently appear in the generated
counterfactuals across languages. Finally, we
reveal that multilingual counterfactual data aug-
mentation (CDA) yields larger model perfor-
mance improvements than cross-lingual CDA,
especially for lower-resource languages. Yet,
the imperfections of the generated counterfac-
tuals limit gains in model performance and ro-
bustness.

1 Introduction

The importance of providing explanations in multi-
ple languages and illuminating the behavior of mul-
tilingual models has been increasingly recognized
(Cui et al., 2022; Zhao and Aletras, 2024; Resck
etal., 2025; Dumas et al., 2025; Wang et al., 2025a).
Counterfactual examples, minimally edited inputs

!Code and evaluation results are available at: https://
github.com/giaw99/multicfe

that lead to different model predictions than their
original counterparts, shed light on a model’s black-
box behavior in a contrastive manner (Wu et al.,
2021; Madaan et al., 2021; Zhao et al., 2024). How-
ever, despite significant advancements in counter-
factual generation methods (Ross et al., 2021; Bhan
et al., 2023b; Wang et al., 2025b) and the impres-
sive multilingual capabilities of LLMs (Ustiin et al.,
2024; Gao et al., 2025), these approaches have been
applied almost exclusively to English (McAleese
and Keane, 2024; Nguyen et al., 2024b). More-
over, cross-lingual analyses have revealed system-
atic behavioral variations between English and non-
English contexts (Lai et al., 2023; Poelman and
de Lhoneux, 2025), suggesting that English-only
counterfactuals are insufficient for capturing the
full scope of model behaviors. Nevertheless, the
effectiveness of LLMs in generating high-quality
multilingual counterfactuals remains an open ques-
tion.

To bridge this gap, we conduct a comprehen-
sive study on multilingual counterfactuals gener-
ated by three LLMs of varying sizes across two
multilingual datasets, covering six languages: En-
glish, Arabic, German, Spanish, Hindi, and Swahili
(Figure 1). First, we assess the effectiveness of (1)
counterfactuals generated directly in the target lan-
guage (DG-CFs), and (2) translation-based coun-
terfactuals obtained by translating English coun-
terfactuals (TB-CFs). We observe that DG-CFs in
high-resource European languages can frequently
successfully change the model prediction, as iden-
tified by higher label flip rate (LFR). In particu-
lar, English counterfactuals generally surpass the
LFR of those in other languages. In comparison,
TB-CFs outperform DG-CFs in terms of LFR, al-
though they require substantially more modifica-
tions. Moreover, TB-CFs show lower LFR com-
pared to the original English counterfactuals from
which they are translated. Second, we investigate
the extent to which analogous modifications are ap-

323

Proceedings of the 64th Annual Meeting of the Association for Computational Linguistics (Volume 1: Long Papers), pages 323-346
July 2-7, 2026 ©2026 Association for Computational Linguistics


mailto:qianli.wang@tu-berlin.de
https://github.com/qiaw99/multicfe
https://github.com/qiaw99/multicfe

LY 1
(vnmj original
' !

- Soon after the outbreak of I
English hostilities, Britain initiated

1y Counterfactual

Soon after the outbreak of
hostilities, Britain initiated a

2

&3 Automatic Evaluation

4English Translation

Soon after the outbreak of
hostilities, Britain initiated
a naval blockade of

Label Flip Perplexity Similarity

(en) a naval blockade of naval blockade of Germany using Flipped  30.89 0.87 Ce 3 d J
Germany. | advanced sonar technology. g0 S L
sonar technology.
=
| Bald nach dem Ausbruch von Soon after the outbreak of
Bald nach dem Ausbruch von | gampfhandlungen implementierte 7 07007 hostilities, Britain
German Kampfhanqlunggn mlTuer"I'e | GroBbritannien eine Technik-x72 Label Flip Perplexity Similarity  {piomonted o Technik-x72
(de) G"°Bt|,°|"”:"3'e“ ds fiir Operationen, die zu einer r1ippea| (12500 VS for operations that led to a
SeeD 2c ahle Qdege" | digitalen Seeblockade gegen digital naval blockade
eutschland. Deutschland fiihrten. against Germany.
| g y
-m; > m
| S Before contemplating
Swanili  Dooda tuya kuzuka kwa - Kabid yq WENgABALAGSMa | Label Fip Perpexty Smiarty  further hostilties, Britain
uhasama, Uingereza i 2 L %X o floated a mix of
(sw) i““"Zis'hf' kizui.zi cha ‘fi"e"i | 'T'Cha'.'q?g{".‘;? waJ_:koa ya Flgp;ed =) administrative zones against
dhidi ya Ujerumani. usimamizi dhidi ya Ujerumani. Germany.
|

Figure 1: @ Parallel original inputs from the SIB200 dataset classified as “Politics” in English (en ), German (de),

and Swahili (Sw ), @ their corresponding counterfactuals aimed at changing the label towards “Science/Technology

29

(Sci/Tech), ® automatic evaluation results and @ English translations of the generated counterfactuals. Multilingual
counterfactuals are evaluated using three automatic metrics (label flipT, perplexity] and similarity?). In the
multilingual counterfactuals and their English translations, words modified by LLMs are highlighted in purple.

plied in counterfactuals across different languages
to alter the semantics of the original input. Our
analysis demonstrates that input modifications in
English, German, and Spanish exhibit a high degree
of similarity; specifically, similar words are edited
across languages (cf. Figure 14). Third, we report
four common error patterns observed in the gener-
ated counterfactuals: copy-paste, negation, incon-
sistency and language confusion. Among these, the
copy-paste issue is the most prominent across dif-
ferent languages. Lastly, we investigate the impact
of cross-lingual and multilingual counterfactual
data augmentation (CDA) on model performance
and robustness (Liu et al., 2021). While there are
mixed signals regarding performance and robust-
ness gains, multilingual CDA generally achieves
better model performance than cross-lingual CDA,
particularly for low-resource languages.

2 Related Work

Counterfactual Example Generation. MICE
produces contrastive edits that shift a model’s out-
put to a specified alternative prediction (Ross et al.,
2021). Polyjuice leverages a fine-tuned GPT2 (Rad-
ford et al., 2019) to determine the type of trans-
formation needed for generating counterfactual in-
stances (Wu et al., 2021). Bhan et al. (2023a) pro-
pose a method to determine impactful input tokens
with respect to generated counterfactual examples.
CREST (Treviso et al., 2023) generates counterfac-
tual examples by combining rationalization with

span-level masked language modeling. Bhattachar-
jee et al. (2024b) uncover latent representations
in the input and link them back to observable fea-
tures to craft counterfactuals. FIZLE (Bhattachar-
jee et al., 2024a) uses LLMs as pseudo-oracles in a
zero-shot setting, guided by important words gener-
ated by the same LLM, to create counterfactual ex-
amples. ZEROCF (Wang et al., 2025b) utilizes fea-
ture importance methods to pinpoint the important
words that steer the generation of counterfactual
examples. However, all of these methods have been
evaluated exclusively on English datasets, leaving
the ability of LLMs to generate multilingual coun-
terfactuals underexplored.

Counterfactual Explanation Evaluation. The
quality of counterfactuals can be assessed using
various automatic evaluation metrics. Label Flip
Rate (LFR) is positioned as the primary evaluation
metric for assessing the effectiveness and validity
of generated counterfactuals (Ross et al., 2021; Ge
et al., 2021; Nguyen et al., 2024b). LFR is defined
as the percentage of instances in which labels are
successfully flipped, relative to the total number of
generated counterfactuals. Similarity measures the
extent of textual modification, typically quantified
by edit distance, required to generate the counter-
factual (Bhattacharjee et al., 2024a; Wang et al.,
2025b). Diversity quantifies the average pairwise
distance between multiple counterfactual examples
for a given input (Wu et al., 2021; Chen et al., 2023).
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Fluency assesses the degree to which a counterfac-
tual resembles human-written text (Robeer et al.,
2021; Madaan et al., 2021).

Multilingual Counterfactuals. Liu et al. (2021)
propose using multilingual counterfactuals as ad-
ditional training data for machine translation — an
approach known as counterfactual data augmenta-
tion (CDA). The counterfactuals employed in CDA
flip the ground-truth labels rather than the model
predictions, and therefore differ from counterfac-
tual explanations explored in this paper. Barriere
and Cifuentes (2024) leverage counterfactuals to
evaluate nationality bias across diverse languages.
Saha Roy et al. (2025) use counterfactuals to
measure answer attribution in a bilingual retrieval
augmentation generation system. Nevertheless,
none of existing work has investigated how well
LLMs are capable of generating high-quality
multilingual counterfactual explanations.

3 Experimental Setup

3.1 Counterfactual Generation

Our goal is to generate a counterfactual 2 for the in-
put z, changing the original model prediction y to
the target label 3. Our goal is to provide a compre-
hensive overview of multilingual counterfactual ex-
planations rather than to develop a state-of-the-art
generation method. Accordingly, we adopt a well-
established counterfactual generation approach pro-
posed by Nguyen et al. (2024b), which is based on
one-shot Chain-of-Thought prompting (Wei et al.,
2022) and satisfies the following properties:

¢ Generated counterfactuals can be used for
counterfactual data augmentation (§5.4).

* Human intervention or additional training of
LLM:s is not required, thereby ensuring com-
putational feasibility.

* Generated counterfactuals rely solely on the
evaluated LLM to avoid confounding factors,
e.g., extrinsic important feature signals (Bhan
et al., 2023b; Wang et al., 2025b).

LLMs have demonstrated strong multilingual
capabilities, yet remain predominantly English-
centric due to imbalanced training corpora (Jiang
et al., 2023; OpenAl et al., 2024; Huang et al.,
2025), resulting in an inherent bias toward English.
This imbalance can subsequently hinder the mod-
els’ proficiency in other languages, often leading

_, [Ei3®
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Figure 2: An overview of counterfactual generation
process. Given an original instance x from SIB200
classified as “Travel”, the corresponding counterfactual
Z is classified as “Health”. Edits to = are underlined.

to suboptimal performance in non-English contexts
(Ahuja et al., 2023; Zhang et al., 2023b; Liu et al.,
2025). Consequently, we conduct our experiments
using English prompts only.”

We directly generate counterfactuals & (DG-CFs,
Table 1a) in target languages through a three-step
process as shown in Figure 2:

(1) Identify the important words in the original
input that are most influential in flipping the
model’s prediction.

(2) Find suitable replacements for these identified
words that are likely to lead to the target label.

(3) Substitute the original words with the selected
replacements to construct the counterfactual.

Furthermore, we investigate the effectiveness of
translation-based counterfactuals Zegn.y (TB-CFs,
Table 1b), where ¢ € {ar,de,es,hi,sw}. Specifi-
cally, LLMs first follow the three-step process in
Figure 2 to generate counterfactuals in English.
We then apply the same LLM to translate these
generated counterfactuals into the target languages
(Figure 8). Translation quality is evaluated in Ap-
pendix D by automatic evaluation metrics (§D.1)
and human annotators (§D.2).

3.2 Datasets

We focus on two widely studied classification tasks
in the counterfactual generation literature: natural
language inference and topic classification. Ac-
cordingly, we select two task-aligned multilingual
datasets and evaluate the resulting multilingual
counterfactual examples.’

“Prompt instructions are provided in Appendix A.
3Dataset examples and label distributions are presented in
Appendix B.
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XNLI (Conneau et al., 2018) is designed for
cross-lingual natural language inference (NLI)
tasks. It extends the English MultiNLI (Williams
et al., 2018) corpus by translating into 14 additional
languages. XNLI categorizes the relationship be-
tween a premise and a hypothesis into entailment,
contradiction, or neutral.

SIB200 (Adelani et al., 2024) is a large-scale
dataset for topic classification across 205 lan-
guages. SIB200 categorizes sentences into seven
distinct topics: science/technology, travel, politics,
sports, health, entertainment, and geography.

Language Selection We identify six overlapping
languages between the XNLI and SIB200 datasets:
English, Arabic, German, Spanish, Hindi, and
Swahili. These languages are representative of
their typological diversity, spanning a spectrum
from widely spoken to low-resource languages and
encompassing a variety of scripts.

3.3 Models

We select three state-of-the-art, open-source,
instruction fine-tuned LLMs with increasing
parameter sizes: Qwen2.5-7B (Qwen et al.,
2024), Gemma3-27B (Team, 2025), L1ama3.3-70B
(Grattafiori et al., 2024).* These models offer mul-
tilingual support and have been trained on data
that include multiple selected languages (§3.2, Ap-
pendix C.1.1). Furthermore, in our experiments,
we aim to use counterfactuals to explain a multilin-
gual BERT (Devlin et al., 2019), which is fine-tuned
on the target dataset (§3.2).

4 Evaluation Setup

4.1 Automatic Evaluation

We evaluate the generated multilingual counterfac-
tuals using three automated metrics widely adopted
in the literature (Ross et al., 2021; Bhan et al.,
2023a; Nguyen et al., 2024a; Wang et al., 2025b):

Label Flip Rate (LFR) quantifies how often
counterfactuals lead to changes in their original
model predictions (Ge et al., 2021; Nguyen et al.,
2024b; Bhattacharjee et al., 2024b). For a dataset

*Further details about the used models for counterfactual
generation and inference time can be found in Appendix C.

SInformation about the explained models and the training
process is detailed in Appendix C.1.2.

containing N instances, LFR is calculated as:

1 N
LFR:NE

where 1 is the indicator function, which returns
1 if the condition is true and O otherwise. M
denotes the model to be explained. z; represents
the original input and z; is the corresponding
counterfactual.

i) # M(%))

Textual Similarity (TS) The counterfactual
Z should closely resemble the original input x
(Madaan et al., 2021), with smaller distances sig-
nifying higher similarity. Following Bhattacharjee
et al. (2024a) and Wang et al. (2024), we employ
a pretrained multilingual SBERT e(-)® to capture
semantic similarity between inputs:

e(Z;)
N Z ||e T H2 le(Z:)l2

Perplexity (PPL) is the exponential of the
average negative log-likelihood computed over a
sequence. It measures the naturalness of text dis-
tributions and indicates how fluently a model can
predict the subsequent word based on preceding
words (Fan et al., 2018). For a given sequence
S = (t1,t2,- -+ , tp), PPL is computed as follows:

1 n
PPL(S) = exp {n Zlogpe(t¢|t<i)}
=1

While GPT2 parameterized by 6 is commonly used
in the counterfactual literature to calculate PPL
(Le et al., 2023; Nguyen et al., 2024a), it is trained
on English data only and is therefore unsuitable
for multilingual counterfactual evaluation. Con-
sequently, we use mGPT-1.3B’ (Shliazhko et al.,
2024), which excels at modeling text distributions
and provides coverage across all target languages,
to compute PPL in our experiments.®

4.2 Cross-lingual Edit Similarity

Following the concept of cross-lingual consistency
(Qi et al., 2023), we investigate the extent to which
cross-lingual modifications are consistently applied

6https ://huggingface.co/sentence-transformers/
paraphrase-multilingual-MinilLM-L12-v2

7https: //huggingface.co/ai-forever/mGPT

8 Average perplexity scores of data points in different target
languages across each dataset are provided in Table 11.
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in counterfactuals across different languages to al-
ter the semantics of the original input.” To this
end, we employ the same multilingual SBERT de-
ployed in §5.1 to measure the sentence embedding
similarity by (1) computing pairwise cosine sim-
ilarity among directly generated counterfactuals
Z¢ across different target languages ¢; (2) back-
translating the directly generated counterfactuals
Z¢ from language ¢ into English Z,.gN and quanti-
fying the pairwise cosine similarity among these
(back-translated) English counterfactuals.

4.3 Counterfactual Data Augmentation

To validate whether, and to what extent, coun-
terfactual examples enhance model performance
and robustness (Kaushik et al., 2020; Gardner
et al., 2020; Dixit et al., 2022; Wang et al., 2025c),
we conduct cross-lingual and multilingual CDA
experiments using a pretrained multilingual BERT.
The baseline for CDA is denoted as My,s., Which
is fine-tuned on Dyae, = {(Zien,y:) |7 € N}
for cross-lingual CDA, and on Dygge,, =
{(zig,yi) | i € N, L € {en,ar,de,es,hi,sw}} for
multilingual CDA, where A/ denotes the total num-
ber of data points. The counterfactually augmented
models M. and M,, are fine-tuned using Dpase,.
and Dy, , respectively, along with their corre-
sponding counterfactuals x, in the target languages
¢, generated either directly (§5.4) or through
translation (Appendix E.3) with different LLMs.

5 Results

5.1 Multilingual Counterfactual Quality
5.1.1 Directly Generated Counterfactuals

Table 1a displays that LFR is dramatically higher
for all models on SIB200 than on XNLI, reflect-
ing the greater inherent difficulty of the NLI task.
Counterfactuals in English tend to achieve the
highest LFR on both XNLI and SIB200. On
XNLI, the gap between high- and low-resource lan-
guages widens with model scale, reaching up to
16.46%. In contrast, on SIB200, this gap narrows,
where, for instance, counterfactuals in Swahili gen-
erated by Llama3.3-70B attain the highest LFR.
Nevertheless, higher-resource European lan-
guages (English, German, and Spanish) gener-
ally exhibit higher LFRs than lower-resource
languages (Arabic, Hindi and Swabhili). Further-
more, counterfactuals in Hindi consistently achieve

We instruct LLMs to edit each original input in multiple
languages while keeping the target counterfactual label fixed.

the best perplexity scores across all three models,
indicating superior fluency, whereas counterfactu-
als in Arabic are generally less fluent. Meanwhile,
counterfactuals in Arabic involve more extensive
modifications to the original texts indicated by
lower textual similarity, whereas those in Swahili
and German are generally less edited. However,
the higher textual similarity for Swabhili reflects
fewer LLM edits, resulting in lower LFR. Addi-
tionally, no single model produces counterfactu-
als that are optimal across every metrics and lan-
guage. Likewise, counterfactuals in none of the
languages consistently excel across all evalua-
tion metrics. For example, English counterfactuals
achieve higher LFR, but exhibit lower fluency and
require more edits than those in other languages,
underscoring that the idea of an “optimal” or “sub-
optimal” language for counterfactual quality is in-
herently contextual and metric-dependent.

5.1.2 Translation-based Counterfactuals

Comparison with DG-CFs. Table 1b demon-
strates that, in most cases, TB-CFs Zgn¢ yield
higher LFR than DG-CFs Z; in the target lan-
guage ¢ (Table 1a). In other cases, impairments
in translation-based counterfactual quality may suf-
fer from imperfect translations and limitations in
LLMs’ counterfactual generation capabilities, par-
ticularly pronounced on XNLI. Notably, the LFR
improvement is most pronounced for German and
least significant for Hindi, although the validity
of counterfactuals in Hindi consistently benefits
from the translation. Despite TB-CFs Zgpn_¢ achiev-
ing higher LFR compared to DG-CFs z,, overall,
the LFR of Zgn_¢ is lower than that of the original
English counterfactuals Zen. In addition, TB-CFs
Ten.¢ are generally less similar to the original in-
put than DF-CFs, showing 15.44% lower similarity
on average. This difference is due to artifacts in-
troduced by machine translation, and they tend to
exhibit lower fluency (38% lower on average) ow-
ing to limitations in translation quality.

Correlation between TB-CFs and Machine
Translation. The degree of LFR improvement
is weakly positively correlated with the machine
translation quality, measured by automatic evalua-
tion (Spearman’s p = 0.27, Table 7) and by human
evaluation (Spearman’s p = 0.07, Table 8) (Ap-
pendix D). The weak observed correlations suggest
that improvements are driven primarily by the qual-
ity of the English counterfactuals, with translation
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T Lang- XNLI SIB200
= uage LFR? PPL| TSt | LFRT PPL] TSt
en  4542% 3668 08818 | 92.16% 4630 0.8483
o ar  4410% 3675 08853 | 89.22% 12437 0.6941
& de  46.63% 3285 08801 | 77.45% 3442 08157
§  es  49.44% 3036 08900 | 72.55% 2697 08152
©  hi  3992% 812 08874 | 89.71% 4.84 08315
sw  38.31% 2404 09141 | 84.80% 22.57 0.8816
en  4337% 3826 08542 | 87.75% 53.66  0.6275
w ar  3759% 3632 0.8415 | 87.75% 8196  0.4967
T de  38.19% 33.69 08633 | 79.41% 3494  0.6658
E es  3092% 3118 08596 | 80.88% 3073  0.6626
° hi  3643% 1130 08451 | 81.37% 435 0.6154
sw  3390% 2330 0.8731 | 87.25% 1670 0.7178
en  50.88% 3947 0.8429 | 87.25% 52.84 0.6186
g ar  3691% 3785 0.8626 | 88.73% 7732  0.4980
S de  4225% 3359 0.8689 | 7843% 3158  0.6385
B es  4470% 3120 08645 | 8333% 2941  0.6567
S hi 4133% 1046 08476 | 8529% 439  0.6182
sw 3442% 2267 0.8929 | 91.18% 1443  0.7792

E: Lang- XNLI SIB200
2 uage LFRt PPL] TS 1 LFRT PPL| TSt
en-ar  43.49% 110.76 0.6897 | 90.20%  45.11 0.6669
% ende 44.54% 7359 0.7838 | 93.63% 39.90 0.7491
é en-es 4598% 5224 0.7826 | 92.16% 2826  0.7633
& enhi  41.45% 940  0.6435 | 90.20%  9.19  0.6203
en-sw 43.73% 5739  0.2810 | 92.65% 4635 0.2528
en-ar  4249% 4827 0.6961 | 83.73%  27.09 0.5429
5 ende 4249% 5277 0.7629 | 90.20% 27.01 0.5753
“§ en-es 42.69% 5043 0.7692 | 89.22% 24.31 0.5824
& enhi 4241% 573  0.7112 | 89.22%  4.10  0.5451
en-sw 43.01% 2828 0.3569 | 85.78%  13.66  0.2624
L, enar 4514% 169.00 0.6981 | 86.27%  34.47 0.5334
X ende 47.58% 60.86 0.7627 | 8627% 31.00 0.5854
% en-es 50.04% 5428 0.7719 | 73.53% 28.80 0.5874
;E en-hi  44.66% 5.51 0.7113 | 83.82%  4.02  0.5441
en-sw  44.78%  38.65 0.3354 | 85.29% 13.53  0.2578

(a) Directly generated counterfactuals Z,.

(b) Translation-based counterfactuals Zen.¢.

Table 1: Automatic evaluation results of counterfactuals based on label flip rate (LFR), perplexity (PPL), and textual
similarity (TS) on XNLI and SIB200 across English ( €n ), Arabic ( ar ), German ( de ), Spanish ( €s ), Hindi
('hi), and Swahili ( sw ). Bold-faced languages indicate the best performance on a given metric, while underlined

languages denote the worst.
quality contributing only to a limited extent.

5.2 Cross-lingual Edit Similarity

Figure 3 and Figure 13 indicate that LLMs
generally edit inputs for Swahili and Arabic
counterfactuals in a substantially different manner
than other languages, as evidenced by lower cosine
similarity scores.!” Notably, for European lan-
guages (English, German and Spanish), LLMs tend
to apply similar modifications to the original input
during counterfactual generation (Figure 14), likely
because of structural and lexical similarities among
these languages (Haspelmath, 2005; Holman et al.,
2011) (Appendix E.2.3). Additionally, the edits
applied across different languages when generating
counterfactuals on SIB200 differ markedly from
those on XNLI, as reflected in noticeable differ-
ences in cosine similarity scores between the two
datasets. This disparity likely stem from SIB200’s
focus on topic classification. When a target label is
specified, compared to XNLI, there might be more
distinct ways to construct valid counterfactuals
that elicit the required prediction change.

0Cosine similarity scores for original input and back-
translated counterfactuals Z/.en in English from XNLI and
SIB200, are provided in Appendix E.2.

5.3 Error Analysis

Generating counterfactuals is not immune to er-
rors, possibly due to the suboptimal instruction-
following ability of LLMs and their difficulty in
handling fine-grained semantic changes. Nguyen
et al. (2024b) have identified three common cat-
egories of errors in English counterfactuals. We
hypothesize that similar issues may arise in multi-
lingual counterfactual generation. Building on this
insight, we examine the directly generated counter-
factuals y in all target languages, analyzing them
both manually and automatically, depending on
the type of error. To facilitate our investigation,
we translate the counterfactuals into English when
necessary and compare them against their original
texts. Based on this process, we identify four dis-
tinct error types, which we summarize below (see
Figure 5 for examples in each error type).

Copy-Paste. When LLMs are prompted to gener-
ate counterfactuals by altering the model-predicted
label, they occasionally return the original input
unchanged as the counterfactual. Figure 4a shows
that the copy-paste rate is considerably higher on
SIB200 (average: 6.7%) than on XNLI (average:
2.1%). However, the trend in two datasets is not
consistent across languages. High-resource lan-
guages like English and Spanish in SIB200 present
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Figure 3: Cosine similarity scores of counterfactuals Z,
across different languages measured by SBERT.

higher copy-paste rates. In contrast, lower-resource
languages like Hindi and Swahili in XNLI are most
affected by the copy-paste issue. A closer inspec-
tion suggests that LLMs often struggle to suffi-
ciently revise the input to align with the target label,
resulting in incomplete or superficial edits.

Negation. For counterfactual generation, LLMs
often attempt to reverse the original meaning by in-
troducing explicit negation while preserving most
of the context. However, this strategy frequently
fails to trigger the intended label change, result-
ing in semantically ambiguous or label-preserving
outputs (Wang et al., 2025c). A likely reason is
that LLMs may rely on shallow heuristics — nega-
tion being a common surface-level cue for meaning
reversal learned during pretraining. Especially in
languages with simple and explicit negation mark-
ers, such as English and German, LLMs tend to

-
N
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0.07 = SIB200

=
e o

Copy-paste Rate (%)
o

en es
Language

(a) Copy-paste rate
14
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Figure 4: (a) Copy-paste rates and (b) language confu-
sion rates for counterfactuals across different languages.

perform minimal edits (e.g., adding “not”) rather
than making deeper structural changes required for
a true semantic shift.

Inconsistency. Counterfactuals may introduce
statements that are logically contradictory or in-
coherent relative to the original input. This often
results from the model appending or modifying
content without fully reconciling the semantic im-
plications of the added text with the existing con-
text. In such cases, the counterfactual may contain
mutually exclusive statements, e.g., simultaneously
asserting that an event occurred and that it was
prohibited (cf. Figure 5). These inconsistencies
highlight the model’s difficulty in preserving global
meaning while introducing label-altering edits, par-
ticularly when attempting to retain much of the
original phrasing.

Language Confusion. We further identify the
language of directly generated counterfactuals &
and examine whether it aligns with the intended
target language.!! Figure 4b illustrates the lan-
guage confusion rate (Marchisio et al., 2024) across
different languages on XNLI and SIB200. Over-

llhttps: //github.com/zafercavdar/

fasttext-langdetect
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Copy Paste @

Premise: ;Acampas en la
naturaleza?

Hypothesis: ; Asististe al
campamento en el desierto?
Counterfactual: ;Asististe al
campamento en el desierto?

Premise: Murwa kabisa. Kwaheri
sasa.

Hypothesis: llikuwa vyema kuongea
nawe, nitaongea nawe kesho.
Counterfactual: Murwa kabisa.
Kwaheri sasa.

Premise: do you do you wilderness
camp?

Hypothesis: Did you attend the camp
about wilderness?

Counterfactual: Did you attend the
camp about wilderness?

Premise: uh-huh all right bye now
Hypothesis: It was great talking to
you and ['ll talk to you tomorrow.
Counterfactual: uh-huh all right bye
now

Negation @?

Premise: & ) & ¢ Jla gl e L,

Hypothesis: J& i oY Culs  cise
o

Cc'aunterfagtualz A ds gl e lea
SV RS

Premise: Und dann hérte ich ihn
gehen, also mache ich immer noch
das was ich tun muss.

Hypothesis: Ich erledige die
wichtigen Aufgaben, die mir heute
Morgen libertragen wurden.
Counterfactual: Und dann horte ich
ihn gehen, also mache ich nicht das
was ich tun muss.

Premise: Well anyway, | went back to
my, my desk.

Hypothesis: | went back and sat down
because my boss told me to.
Counterfactual: Well, anyway, | didn't
return to my office.

Premise: And then | heard him leave,
so I'm still finishing what | had to do.
Hypothesis: I'm doing the important
jobs that | was assigned this morning.
Counterfactual: And then | heard him
leave, so | don't do what | need to do.

Inconsistency 9
Premise: €151 U8 S5t SIS &
Gﬁ?ﬁr_gﬂ 31 Eﬁﬂaﬁm i Premise: uh-huh it's funny and um i i

e
Hypothesis: I3 FolaR M <&l
I B

Co'untlerfg%l.éarl‘:[‘aig Tg a@gﬂ -
T W& &

Premise: Aber plétzlich wurden wir
gerufen, um zu sehen was fliegt.
Hypothesis: Uns wurde gesagt nicht
nach drauen zu gucken.
Counterfactual: Aber plotzlich
wurden wir gerufen, um zu sehen
was fliegt. Wir durften jedoch nicht
nach drauen gucken.

guess i just like funny shows mostly.
Hypothesis: | like watching funny
shows.

Counterfactual: Ahaha, this is very
funny, but | don't like watching it.

Premise: But all of a sudden, we
was called out to look at what was
flying.

Hypothesis: We were told not to
look outside.

Counterfactual: But suddenly we
were called to see what is flying.
However, we were not allowed to
look outside.

Language Confusion [:9

Premise: ois Gul ¢ gasedll 3 ze 5 ol
ST ap i e s sl ke Levie
Qi A iy dad

Hypothesis: g s il Je iy
4ga ) s 25l s,
Counterfactual: stood up
immediately when he obeyed Lord
Julian's instincts of higher breeding,
setting an example for him.

Premise: Ndio, kikundi cha kipekee
cha mvuto.

Hypothesis: Kikundi kinataka kujua
yanayoendelea.

Counterfactual: Yes, the group is
continuing/carrying on.

Premise: He did not trouble to rise, not
even when Lord Julian, obeying the
instincts of finer breeding, set him the
example.

Hypothesis: He rose promptly, and
proceeded to pull Lord Julian up to his
feet.

Counterfactual: stood up immediately
when he obeyed Lord Julian's instincts
of higher breeding, setting an example
for him.

Premise: yeah some special interest
group

Hypothesis: The group is interested in
the matter.

Counterfactual: Yes, the group is
continuing/carrying on.

Figure 5: Categorization of error types in generating multilingual counterfactuals across five languages: Arabic,
German, Spanish, Hindi, and Swahili. For each error type, we present two examples and their corresponding
English translations. Error spans are marked with red highlights to indicate the exact locations of the issues.

all, counterfactuals in high-resource languages, i.e.,
German, English, and Spanish, can be generated
consistently in the expected target language. In
contrast, when relatively lower-resource languages,
such as Arabic or Swahili, are specified as the tar-
get language, LL.Ms frequently misinterpret the
prompts'? or default to generate counterfactuals in
the predominant language of English (Hwang et al.,
2025).

5.4 Counterfactual Data Augmentation

Table 2 reflects that for the base model My,se,
multilingual CDA generally leads to a substantial
improvement in performance compared to cross-
lingual CDA across two datasets. This effect is
especially compelling for Arabic, with average ac-
curacy gains of 64.45%, while for English, the im-
provement is least observable due to its already sat-
isfactory performance in the cross-lingual setting.

For XNLI, cross-lingual CDA enhances model
performance only on English, while degrading per-
formance on the other languages. In the context
of multilingual CDA, overall, model performance

2More discussion about the selection of languages for
prompts can be found in Appendix A.

improves across languages other than Swahili. For
SIB200, in the cross-lingual setting, CDA gener-
ally has an adverse impact on model performance.
Meanwhile, although the generated counterfactu-
als are more effective and valid (Table 1), in the
multilingual setting, augmenting with these coun-
terfactuals only yields reliable gains in English and
Spanish, while it even consistently hampers per-
formance for Swahili. This effect is remarkably
pronounced when using smaller LLMs.

The limited performance improvement from aug-
menting with counterfactuals can be attributed to
the imperfection of generated counterfactuals (Fig-
ure 5), which stems from both the limited multilin-
gual capabilities of LLMs and suboptimal multi-
lingual counterfactual generation method. We take
a close look into how error cases (Figure 5) af-
fect the model performance gains achieved through
CDA. Table 15 reveals that, after excluding error
cases (copy-paste and language confusion), over-
all performance improves; however, the magni-
tude of enhancement varies across languages (Ap-
pendix E.3.5). Furthermore, while counterfactuals
for SIB200 often succeed in flipping model predic-
tions, they frequently fail to flip the ground-truth
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Model Counter Lang Cross-lingual Multilingual
-factual  -uage XNLI SIB200 XNLI SIB200
en 68.70 83.80 72.22 82.83
© ar 60.12 25.30 63.21 54.55
E de 63.33 88.90 67.60 87.88
g es 66.05 87.90 68.72 87.88
hi 56.09 74.70 62.04 80.81
sw 48.66 64.60 59.00 78.79
o en 69.86.116  82.80.100 | 73.45:123  85.86.303
~ ar 5810202 26304100 | 64.89:168  53.54.101
L de 6349016 84.80410 | 6842050 84.85303
P es 654306 8480510 | 69.94.120  88.89:101
2 hi 5533076 75.804100 | 62.324008  75.76.505
< SW 489202  63.60.00 | 5774126 7677202
g ® en 71.66:206  85.90.010 | 74.61:2030  86.87.404
§ N ar 56.01.4.11 23.20010 | 65.114100  49.49506
= - de 6253050 87.90.100 | 68.66110s 86.87.101
2“ 2 es 6435170 86.90.100 | 70.98:226 89.904202
5 hi 5238371 73.70.100 | 61.1000s  83.84:303
© SW 4681y 64.60000 | 5557343  70.710s
2 en 70.86:216  83.80000 | 74.61:23  83.84.101
~ ar 55.015.1; 2530000 | 64.774156 56.57.20
«” de 61.58.175 83.80s10 | 68.26.066 87.880.00
] es 6351554  84.80310 | 71.32:060  88.89:101
5 hi 5128451 7370000 | 6246.0400  79.80.101
= SW_ 46.89.77  59.60500 | 5521379 7374505
Table 2: Cross-lingual and multilingual CDA results

(accuracy in %) for the base model My,s. and the
counterfactually augmented models M. and M,,,.

labels due to insufficient revision, an essential re-
quirements for CDA, resulting in noisy labels that
can even deteriorate performance (Zhu et al., 2022;
Song et al., 2023; Wang et al., 2025c¢)."

6 Conclusion

In this work, we first conducted automatic evalua-
tions on directly generated counterfactuals in the
target languages and translation-based counterfac-
tuals generated by three LLMs across two datasets
covering six languages. Our results show that di-
rectly generated counterfactuals in high-resource
European languages tend to be more valid and ef-
fective. Translation-based counterfactuals yield
higher LFR than directly generated ones but at the
cost of substantially greater editing effort. Nonethe-
less, these translated variants still fall short of the
original English counterfactuals from which they
derive. Second, we revealed that the nature and
pattern of edits in English, German, and Spanish
counterfactuals are strikingly similar, indicating
that cross-lingual perturbations follow common
strategies. Third, we cataloged four principal error
types that emerge in the generated counterfactuals.
Of these, the tendency to copy and paste segments
from the source text is by far the most pervasive
issue across languages and models. Lastly, we
extended our study to CDA. Evaluations across lan-

BFurther details on CDA, including training-data selection,
model training, and additional results evaluated using human-
annotated counterfactuals, are offered in Appendix E.3.
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guages show that multilingual CDA outperforms
cross-lingual CDA, particularly for low-resource
languages. However, given that the multilingual
counterfactuals are imperfect, CDA does not reli-
ably improve model performance or robustness.

Limitations

We use multilingual sentence embeddings to as-
sess textual similarity between the original input
and its counterfactual (§5.1), following Wang et al.
(2024); Bhattacharjee et al. (2024b). While token-
level Levenshtein distance is widely adopted as an
alternative (Ross et al., 2021; Treviso et al., 2023;
Wang et al., 2025b), it may not fully capture sim-
ilarity for non-Latin scripts. This underscores the
need for new token-level textual similarity metrics
suited to multilingual settings.

We do not exhaustively explore all languages
common to SIB200 and XNLI; instead, we select
6 languages spanning from high-resource to low-
resource to ensure typological diversity and cover
a variety of scripts (§3.2). Thus, expanding the
evaluation to more languages and exploring more
models with different architectures and sizes are
considered as directions for future work.

Since machine translation quality is not strongly
correlated with the improvement of counterfactual
validity (§5.1.2). Therefore, approaches based on
machine translation may not be an optimal method
for multilingual counterfactual generation. The
quality of multilingual counterfactuals could poten-
tially be considerably improved by adopting post-
training methods, such as MAPO (She et al., 2024),
serving as a promising way for future work.

In this work, following prior research on compre-
hensive studies of English counterfactuals (Nguyen
et al., 2024b; Wang et al., 2024; McAleese and
Keane, 2024), we focus exclusively on automatic
evaluations of multilingual counterfactuals along
three dimensions — validity, fluency and minimal-
ity (§5.1), rather than on subjective aspects such as
usefulness, helpfulness, or coherence of counterfac-
tuals (Domnich et al., 2025; Wang et al., 2026a,b),
which can only be assessed through user study. As
future work, we plan to conduct a user study to
subjectively assess the quality of the multilingual
counterfactuals.
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A Counterfactual Generation

Figure 6 and Figure 7 demonstrate prompt instruc-
tions for counterfactual example generation on the
XNLI and SIB200 datasets. An example from
each dataset is included in the prompt. Figure 8
illustrates the prompt instruction for translating a
counterfactual example from English to a target
language.

B Datasets

B.1 Dataset Examples

Figure 9 presents parallel examples from the XNLI
and SIB200 datasets in Arabic, German, English,
Spanish, Hindi and Swahili.

B.2 Label Distributions

Figure 10 illustrates the label distributions for XNLI
and SIB200.

C Experiment

C.1 Models

C.1.1 LLMs for Counterfactual Generation

Table 3 displays three open-source LLLMs are uti-
lized for counterfactual generation (§3.3).

Table 4 shows language support for the selected
languages as shown in §3.2. For Qwen2.5-7B, the
model supports additional languages beyond those
listed in Table 4; however, these are not specified in
the technical report (Qwen et al., 2024). Similarly,
Gemma3-27B is reported to support over 140 lan-
guages (Team, 2025), though the exact supported
languages are not disclosed.

C.1.2 Explained Models

Table 5 presents the task performance of the ex-
plained models M ; (§5.1) across all identified
languages on the XNLI and SIB200 datasets. For
XNLI, we use the fine-tuned mBERT model, which is
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Given two sentences (premise and hypothesis) in {language_dict[language]} and their original
relationship, determine whether they entail, contradict, or are neutral to each other. Change the
premise with minimal edits to achieve the target relation from the original one and output the
edited premise surrounding by <edit>[premise]</edit> in language. Do not make any unnecessary
changes.

#####Begin Example###

Original relation: entailment

Premise: A woman is talking to a man.

Hypothesis: Brown-haired woman talking to man with backpack.
Target relation: neutral

Step 1: Identify phrases, words in the premise leading to the entailment relation: *man’;

Step 2: Change these phrases, words to get neutral relation with minimal changes: man’ to
’student’;

Step 3: replace the phrases, words from step 1 in the original text by the phrases, words, sentences
in step 2.

Edited premise: <edit>A woman is talking to a student.</edit>
##HH#H#End Example##H

Request: Given two sentences (premise and hypothesis) in {language_dict[language]} and their
original relationship, determine whether they entail, contradict, or are neutral to each other.
Change the premise with minimal edits to achieve the neutral relation from the original one and
output the edited premise surrounding by <edit>[premise]</edit> in {language_dict[language]}.
Do not make any unnecessary changes. Do not add anything else.

Original relation: {prediction}
Premise: {premise}
Hypothesis: {hypothesis}
Target relation: {target_label}
Edited premise:

Figure 6: Prompt instruction for counterfactual example generation on the XNLI dataset.

Name Citation Size Link
Qwen2.5 Qwen et al. (2024) 7B https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
Gemma3-27B Team (2025) 27B https://huggingface.co/google/gemma-3-27b-it

Llama3.3-70B Grattafiori et al. (2024) 70B https://huggingface.co/meta-1lama/Llama-3.3-70B-Instruct

Table 3: Three open-source LLMs are used for counterfactual generation.

publicly available and downloadable directly from  mBERT fine-tuning on SIB200 We fine-tuned
Huggingface'*. For SIB200, we fine-tuned a pre-  bert-base-multilingual-cased"® for 7-way
trained mBERT on the SIB200 training set. topic classification (Figure 10b). The input CSV
contains a text column with multilingual content
stored as a Python dict (language—text) and a cat-

14https ://huggingface.co/MayaGalvez/ 15ht’cps: //huggingface.co/google-bert/
bert-base-multilingual-cased-finetuned-nli bert-base-multilingual-cased
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Given a sentence in {language_dict[language]} classified as belonging to one of the topics: “sci-
ence/technology”, “travel”, “politics”, “sports”, “health”, “entertainment”, “geography”. Modify
the sentence to change its topic to the specified target topic and output the edited sentence sur-

rounding by <edit>[sentence]</edit> in language. Do not make any unnecessary changes.

####HBegin Example##t###

Original topic: sports

Sentence: The athlete set a new record in the marathon.
Target topic: health

Step 1: Identify key phrases or words determining the original topic: ’athlete’, ‘record’, marathon’.
Step 2: Modify these key phrases or words minimally to reflect the target topic (health): *athlete’
to ’patient’, ’set a new record’ to ’showed improvement’, *'marathon’ to ’rehabilitation’.

Step 3: Replace the identified words or phrases in the original sentence:

Edited sentence: <edit>The patient showed improvement in the rehabilitation.</edit>
#H#HH#H#ENd Example##H#H#

Request: Given a sentence in {language_dict[language]} classified as belonging to one of the
topics: “science/technology”, “travel”, “politics”, “sports”, “health”, “entertainment”, “geography”.
Modify the sentence to change its topic to the specified target topic and output the edited sentence

surrounding by <edit>[sentence]</edit> in language. Do not make any unnecessary changes.

Original topic: {prediction}
Sentence: {text}

Target topic: {target_label}
Edited sentence:

Figure 7: Prompt instruction for counterfactual example generation on the SIB200 dataset.

You are a professional translator, fluent in English and {language}. Translate the following English
text to {language} accurately and naturally, preserving its tone, style, and any cultural nuances.
Text to translate: {counterfactual }

Figure 8: Prompt instruction for translating a counterfactual example from English to a target language.

Name Language while inheriting the same label. We split the ex-
OQwen2.5 English, Spanish, German, Arabic panded dataset into 80% train / 20% validation with
Gemma3-27B na a fixed random seed. We train with the Hugging
Llama3.3-70B  English, Hindi, Spanish, German Face Trainer!'® using linear LR schedule with 500

warmup steps, for 3 epochs, at a learning rate 2¢ 5,
Table 4: Language support for the selected languages as ~ with a batch size 16 and weight decay of 0.01. We
shown in §3.2. evaluate once per epoch and save a checkpoint at
the end of each epoch. The best checkpoint is se-

egorical label. Each row is expanded so that every https: //huggingface.co/docs/transformers/
language variant becomes its own training example  main_classes/trainer
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XNLI (Natural Language Inference)

Hypothesis Premise

Arabic: J el e 8l (Lla (J8 5. Arabic: J 3l s 98 (Lia (J8 .

German: und er hat gesagt, Mama ich bin daheim. German: Er rief seine Mutter an, sobald er aus dem
Schulbus stieg.
English: And he said, Mama, I'm home.

English: He called his mom as soon as the school bus

Spanish: Y €l dijo: Mama, estoy en casa. dropped him off.

Hindi: 31X 391 g1, 5, ¥ 0% ST g Spanish: Llamoé a su madre tan pronto como el autobus

escolar lo dejo.
Hindi: 5@ g1 39S 300 949 - 34 Savl 39 391 Hl &l
gamn

Swahili: Naye akasema, Mama, niko nyumbani.

Label
Swahili: Alimwita mama yake mara tu basi ya shule
Neutral ilipomshukisha.
SIB200 (Topic Classification)
Text
Label
Arabic: Hui 5 5 1S & g o b 08 & g 1S 0 g YA s,
Sports
German: Der 28-jahrige Vidal war vor drei Spielzeiten von Sevilla zu Barga gekommen.
English: 28-year-old Vidal had joined Barga three seasons ago, from Sevilla.
Spanish: Vidal, de 28 afios de edad y procedente del Sevilla, se unié al Barga hace
tres temporadas.
Hindi: 28 T8Ta fagTe i Hior geal Hida § aRa! 1 i gu 2
Swahili: Vidal mwenye umri wa miaka 28 alikuwa amejiunga na Barca misimu mitatu
iliyopita kutoka Sevilla.
Figure 9: Examples from the XNLI and SIB200 dataset.
Language SIB200 XNLI Model XNLI  SIB200
Qwen2.5-7B 9h 1h
en 8775 8157 Gemma3-278  1lh 8h
de 86.27  71.53 Llama3.3-70B  17h 13h
ar 3775  64.90
es 86.76  74.73 Table 6: Inference time for counterfactual genera-
hi 78 .43 59.88 tion per language using Qwen2.5-7B, Gemma3-27B, and
sw 70.10 5225 Llama3.3-70B on XNLI and SIB200.

Table 5: Task performance (in %) of the explained
mBERT model across all selected languages on SIB200
and XNLI.

C.2 Inference Time

Table 6 displays inference time for counterfac-

lected by macro-F} and restored at the end. Early
stopping monitors macro-F} with a patience of one
evaluation round.

tual generation per language using Qwen2.5-7B,
Gemma3-27B, and Llama3.3-70B on XNLI and
SIB200.
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Figure 10: Label distributions of XNLI and SIB200.

D Machine Translation Evaluation

D.1 Automatic Evaluation

Given that we explore translation-based counter-
factuals (§3.1), we employ three commonly used
automatic evaluation metrics to assess translation
quality at different levels of granularity, following
Zhang et al. (2023a); Pang et al. (2025); Pei et al.
(2025).

BLEU (Papineni et al., 2002) measures how
many n-grams (contiguous sequences of words) in
the candidate translation appear in the reference.

chrF (Popovié, 2015) measures overlap at the
character n-gram level and combines precision
and recall into a single F-score, better capturing
minor orthographic and morphological variations.

XCOMET (Guerreiro et al., 2024) is a learned
metric that simultaneously perform sentence-level
evaluation and error span detection. In addition

to providing a single overall score for a transla-
tion, XCOMET highlights and categorizes specific
errors along with their severity.

All three selected metrics are reference-based.
However, since we do not have ground-truth ref-
erences (i.e., gold-standard counterfactuals in the
target languages), we perform back-translation
(Sennrich et al., 2016) by translating the LLM-
translated counterfactuals Ten.s (§3.1) back into
English, yielding Zp,cx. We then compare Zpack
with the original English counterfactuals Zepn (Ta-
ble 7), known as round-trip translation (Somers,
2005; Moon et al., 2020; Zhuo et al., 2023).

D.2

To further validate the multilingual counterfactual
examples translated by LLMs Zgn¢ (§3.1) beyond
automatic evaluation metrics, we conducted a hu-
man evaluation in the form of Direct Assessment
(DA) (Graham et al., 2013) on a continuous scale
from O to 100, following Pei et al. (2025). Note
that in this user study, we only evaluate the qual-
ity of machine translated texts instead of assessing
the quality of multilingual counterfactual expla-
nations. We randomly select (k = 10) dataset
indices for XNLI and SIB200. For each subset,
i.e., model-language pair (Table 1), the translated
counterfactuals in the target language, generated by
the given model for the selected indices, are evalu-
ated by two human annotators. The counterfactuals
are presented to annotators in the form of question-
naires. We recruit n = 10 in-house annotators, all
of whom are native speakers of one of the selected
languages (§3.2). Figure 11 illustrates the annota-
tion guidelines provided to human annotators for
evaluating the quality of machine translation texts.

Human Evaluation

D.3 Results

D.3.1 Automatic Evaluation

Table 7 displays that, overall, Spanish and Ger-
man translations exhibit higher quality compared
to Arabic, Hindi, and Swahili across various eval-
uation metrics with different levels of granularity
(§D.1). We observe a strong correlation between
BLEU and XCOMET, with Spearman’s p of 0.89
for XNLI and 0.77 for SIB200.

D.3.2 Human Evaluation

Table 8 delivers direct-assessment (DA scores for
back-translated counterfactuals Zen¢ on XNLI and
SIB200. Overall, Arabic, Spanish, and German
back-translations achieve good quality. Notably,
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Annotation Guideline

Dear Participants,

Thank you for being part of the annotation team. in this study, we will evaluate machine-translated
texts generated by large language models (LLMs) from English source texts. You will be presented
with pairs of texts: the original text in English and its translation in one of the following target
languages—German, Spanish, Arabic, Hindi, or Swahili.

Your evaluation should be based on how well the translation captures the meaning of the sentence in
the target language. The English reference translation is included only to help resolve ambiguities
— do not score based on how closely the system-generated translation matches the reference. If the
system-generated translation uses different words or phrasing but adequately conveys the meaning,
it should not be penalized.

The focus of this evaluation is on how well the system-generated English translation conveys
the meaning of the sentence in the target language. Do not penalize translations for awkward or
unnatural English phrasing as long as the meaning is adequately preserved. You will use a slider

(0-100) to score each translation.
* 0% — No meaning preserved

* 33% — Some meaning preserved
* 66% — Most meaning preserved

* 100% — Adequate translation, all meaning preserved

Please try to be consistent in your use of the scale across all items. Your valuable evaluation
willhelp improve the quality of machine translation for endangered languages.

Figure 11: Annotation guideline provided to human annotators for evaluating the quality of machine translation

texts.

Model  Lane- XNLI SIB200
uage BLEU chrF XCOMET | BLEU chrF XCOMET
. en-ar 0.6  41.56 0.57 0.19 9118 0.56
T ende 025 5437 0.69 030  90.20 0.70
2 en-es 030 5891 0.73 037 8775 0.76
g en-hi 011 3949 0.47 0.13 9020 0.47
< en-sw 004 2733 043 004 8922 042
. en-ar 021 4947 0.58 019 7941 0.58
5 ende 025 5213 0.71 022 79.90 0.72
3 en-es 030 5572 0.74 025 8235 0.75
en-hi 023 5017 0.56 021  81.37 0.55
N en-sw 022 4841 0.60 0.19  83.82 0.59
2 en-ar 024  44.86 0.62 0.18 8627 0.60
7 ende 029 5737 0.71 022 8725 0.71
o en-es 035  60.68 0.75 025 8431 0.76
£ en-hi 022 4588 0.60 0.16 8775 0.60
S en-sw 021 4588 0.64 0.15 91.67 0.63

Table 7: Machine translation evaluation of translation-
based counterfactuals Zenp using BLUE, chrF, and
XCOMET on XNLI and SIB200.

Qwen2.5-7B exhibits markedly poorer Swahili
translation quality than the other two models.

Correlation with Automatic Metrics. Table 9
illustrates Spearman’s rank correlation (p) between
automatic evaluation metric results and human
evaluation results. We observe that BLEU and

XCOMET show moderate correlations with human
judgments, whereas chrF correlates positively on
XNLI but negatively on SIB200.

Agreement. Table 10 reports inter-annotator
agreement (IAA) scores and associated p-values
for all languages (§3.2) except English. Annotators
show high agreement for Swahili, whereas Ger-
man exhibits comparatively low agreement. Nev-
ertheless, the p-values indicate that the observed
agreements are statistically significant.

E Evaluation

E.1 Perplexity

Table 11 illustrates the perplexity scores of data
points across the selected languages (§3.2) from
the XNLI and SIB200 datasets. We observe that
on XNLI, the Hindi premises and hypotheses ex-
hibit the highest fluency, whereas the English ones
exhibit the lowest. On SIB200, the German texts
are the most fluent, while the Arabic texts are the
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pataset Language XNLI SIB200
o en-ar 60.00 95.00
B en-de 84.50  88.25
o en-es  87.50 91.10
3 en-hi 23.60  71.00
< en-sw 11.23 7.88
- en-ar 88.00 98.25
S en-de 80.50  92.50
b en-es 77.00  90.55
= en-hi 84.50  90.50
e en-sw 83.50  89.60
o en-ar 7025  98.50
D en-de 90.00 97.88
- en-es 8850  99.40
£ en-hi 8720  84.05
d en-sw 79.53 86.68

Table 8: Average Direct Assessment (DA) scores
of back-translated counterfactuals Zen., on XNLI and
SIB200. Bold-faced languages indicate the best trans-
lation performance, while underlined languages denote
the worst.

. XNLI SIB200
Metric
p-value p p-value
BLEU 0.6018 0.0176  0.4865  0.0659
chrF 0.7746  0.0007 -0.4776 0.0718
XCOMET | 0.5157 0.0491 0.4598  0.0847

Table 9: Spearman’s rank correlation (p) between auto-
matic evaluation metric results and human evaluation
results.

Language IAA p-value
ar 0.7558 2.93¢ 12
de 0.5142  2.64e %
es 0.5940 1.84¢7%¢
hi 0.7440 9.61e 12
SW 0.9005 1.23¢=22

Table 10: Inter-annotator agreement scores and p-values
across all languages apart from English.

least fluent.

E.2 Cross-lingual Edit Similarity
E.2.1 Cosine Similarity of Original Inputs

Figure 12 illustrates cosine similarity scores for
instances across different language from XNLI and
SIB200. We observe that, despite the availability
of parallel data from XNLI and SIB200, Swahili

XNLI SIB200
Language Perplexity ‘ Language Perplexity
en 104.34 en 45.10
ar 78.32 ar 51.53
de 82.04 de 33.59
es 88.00 es 35.43
hi 66.93 hi 42.20
sw 82.77 SwW 38.36

Table 11: Perplexity of data points across the selected
languages from the XNLI and SIB200 datasets.

texts are generally less similar to those in other
languages.

E.2.2 Cosine Similarity of Back-translated
Counterfactuals

Figure 13 shows cosine similarity scores for trans-
lated counterfactuals /e, in English across differ-
ent language ¢ from XNLI and SIB200. Notably,
the translated counterfactuals exhibit significantly
lower pairwise similarity compared to the multilin-
gual counterfactuals generated prior to translation.

E.2.3 Cross-lingual Counterfactual Examples

To further probe cross-lingual edit behavior beyond
pairwise cosine similarity, we qualitatively exam-
ine how LLMs modify the original inputs across
languages. Figure 14 presents counterfactuals in
all selected languages that aim to change the label
from sports to travel. Consistent with Figure 13,
European languages (English, German, Spanish)
show largely parallel edit strategies during coun-
terfactual generation. These modifications under-
lined in Figure 14 reveal lexical and structural con-
vergence when LLMs edit the original input for
counterfactual generation and verbs and nouns are
replaced with similar words in most cases (e.g., re-
placing “join” with “travel” or “visit” and “season”
with “year”).

By contrast, the Arabic example employs a
markedly different strategy and, in this instance,
introduces geographic bias via the insertion of
“Dubai”. For Swahili, the model often fails to fully
alter the original semantic — e.g., retaining “three
reasons”, which should be replaced to remove sport-
specific content — resulting in ambiguous labels.

E.3 Counterfactual Data Augmentation
E.3.1 Training Data for CDA

For models fine-tuned on XNLI, our training data is
randomly sampled from the validation split, while
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Figure 12: Cosine similarity scores for original inputs
across different language from XNLI and SIB200.

evaluation is conducted on the test split. For
SIB200, our training data is randomly sampled
from the training split, while evaluation uses the
development split. The respective splits were cho-
sen because of their limited sizes.

Counterfactual instances are loaded from pre-
computed files, with each counterfactual exam-
ple paired with its predicted label as determined
by the generating LLM. For My,s., models are
trained exclusively on original examples with their
ground-truth labels. For CDA, the training data is
augmented by including both original instances
and their corresponding counterfactual variants
with their predicted labels, effectively doubling
the dataset size.

E.3.2 Model Training Details

All CDA models are based on
bert-base-multilingual-cased (Devlin
et al., 2019) and fine-tuned for sequence classifica-

- 100

-80
100.00 14.02 10.77 8.20 _:}

o
1

>

b=

=

S 60
= de 14.02 100.00 19.51 6.63 .68

(7]

(] 7 6

g es 10.77 19.51 100.00 6.54 o
[')]

-]

8]

=

6.54 100.00 8.4
20

sw

Language
(a) XNLI
& 8 C A &

- 100

en- 56.44 55.85

-80
100.00 19.09 19.31 19.69 9.18

o
=

>
-

=

-

L) 60
= de 19.09 100.00 55.65 53.12

0

v 3

c es 19.31 55.65 100.00 52.07 120
0

-]

o

ES

19.69 53.12 52.07 100.00
20

sw 9.18 43.64

Language

(b) SIB200

Figure 13: Cosine similarity scores for translated coun-
terfactuals in English Z,.¢n across different language ¢
from XNLI and S1B200.

tion using AdamW optimizer with cosine learning
rate scheduling, 0.1 warmup ratio, 0.01 weight
decay, 4 gradient accumulation steps, and random
seed 42. Training parameters are optimized
separately for each dataset and counterfactual
generation model through grid search.

Dataset-Specific Configurations XNLI models
use larger training sets with shorter sequences,
while SIB200 models employ smaller training sets
with longer training schedules. Maximum train-
ing set sizes are constrained by dataset and split
selection: 2,400 examples for XNLI (validation
split) and 700 examples for SIB200 (training split).
Training sizes within these limits vary across mod-
els due to grid search optimization.

Counterfactual Model Variations For SIB200,
all best performing models use identical parameters
regardless of counterfactual generation model or
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EN

(Ul 28-year-old Vidal had
@ joined Barca three seasons
SEASON ago, from Sevilla.

28-year-old Vidal had
visited Barcelona

& (‘. A three years ago, from
Sevilla.
Original ALK
Prediction: Aj¢

sports

AR

’ I L) O3t § 55 S (056 YA (s
Prediction: £ 50 b S & s g ol Ll
L travel B

S il b YA 33l (Jlag
L-,wg_.z.uwg.,‘.ai\gs\,.ﬂji

e
Vidal, for a duration of
AL X 28 days, traveled to
A Y Europe last summer,
from Dubai.

DE

Der 28-jahrige Vidal war
vor drei Spielzeiten von
Sevilla zu Barga
gekommen.

Der 28-jahrige Vidal war
vor drei Jahren von Sevilla
nach Barcelona gereist.

The 28-year-old Vidal
traveled from Seville to

Barcelona three years ago.

ES

Vidal, de 28 afios de edad y
procedente del Sevilla, se
uni6 al Barga hace tres
temporadas.

Vidal, de 28 afios de edad y
procedente de Sevilla, viajo
a Barcelona hace tres afios.

Vidal, 28-years-old and from
Seville, traveled to
Barcelona three years ago.

Hi SwW
28 a1 farsTe o e Vidal mwenye umri wa miaka
T el | TRT A 28 alikuwa amejiunga na Barca
Jiung:
?IT&IT’IE'Q ) misimu mitatu iliyopita kutoka
Sevilla.
28 g fagr@ M @ Ued  Vidal mwenye umri wa miaka 28
I A ARAM B AW alisafiri kwenda Barcelona misimu
3T q) mitatu iliyopita akitokea Sevilla.

The 28-year-old Vidal came
to Barcelona from Seville
on a trip three years ago.

Vidal, aged 28, traveled to
Barcelona three seasons ago
from Seville.

Figure 14: Original texts, counterfactuals in English, Arabic, German, Spanish, Hindi, and Swahili (changing
the label from “sports” to “travel”), and their corresponding English translations. Edited spans are underlined.

cross-lingual vs. multilingual configuration: 700
training examples, 20 epochs, batch size 8, max-
imum sequence length 192, and learning rate 8e-
06. For XNLI, models trained with counterfactu-
als generated by different LLMs exhibit distinct
hyperparameter configurations in our grid search,
except for a shared maximum sequence length of
256. M. and M,,, augmented by counterfactuals
generated by Gemma3-27B use identical parameters
compared to baseline models, while models trained
with counterfactuals generated by Qwen2.5-7B and
Llama3.3-70B use different learning rates, batch
sizes, and training schedules in the explored param-
eter space, as shown in Table 12.

E.3.3 Human Annotated Counterfactuals

Apart from evaluating base models and counter-
factually augmented models on the test set from
the original datasets, we also prepare human-
annotated counterfactuals, which can be consid-
ered as out-of-distribution data. For XNLI, we
extend the English counterfactuals from SNLI
(Bowman et al., 2015) provided by Kaushik et al.

(2020)!7 and translate them into target languages
with L1ama3.3-70B'® with the same prompt used
in Figure 8. For SIB200, we ask our in-house anno-
tators to manually create the English counterfactu-
als. For those, we keep the target label distribution
as balanced as possible to avoid any label biases.
Similarly, we translate them into target languages
with L1ama3.3-70B.

E.3.4 Results

Directly Generated Counterfactual Data Aug-
mentation. Table 13 displays the CDA re-
sults on human-annotated counterfactuals (SE.3.3).
Aligned with the findings on the original dataset
(§5.4), multilingual CDA simultaneously yields
greater robustness gains, evidenced by higher accu-
racy, than cross-lingual CDA. On SIB200, the ro-
bustness of counterfactually data augmented mod-
els generally improves across all languages, with

"https://github.com/acmi-1lab/
counterfactually-augmented-data

8We argue that the translation quality should be similar
to that shown in Table 7 and Table 8, since we use the same
Llama3.3-70B model, and thus we leave the machine transla-
tion evaluation out.
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Model ) Cross-lingual ) Multilingual
Size Epochs Batch LR Size  Epochs Batch LR
Mbase 2400 8 16 1e® | 2400 8 16 1le®
M/ M, (Gemma3-27B) 2400 8 16 1e7° | 2400 8 16 1le®
Mc/M,, (L1ama3.3-70B) 2400 12 24 2e7% | 2000 12 8 2%
M/ M., (Quen2.5-78) 2400 8 24 3e”% | 2400 8 24 3e™®

Table 12: Training configurations for XNLI models identified through grid search. Size = Training Size, Batch =

Batch Size, LR = Learning Rate.

Model Counter Lang Cross-lingual Multilingual
-factual -age XNLI SIB200 | XNLI SIB200
- en 38 68 38 78
- ar 42 76 40 86
M - de 44 72 40 78
base - es 40 72 38 76
- hi 30 82 30 82
- sw 42 48 38 62
o en 26.12 82,14 36. 80.>
~ ar 36 7842 48,5 860
Lo de 3449 T4, 400 82,4
o es 36.4 82.10 42,4 8044
:’;; hi 26.4 80., 300 86,4
sSwW 384 5244 48,10 60.,
o en 344 86,18 38y 84,6
E ar 40, 782 44,4 88.»
MM & de 363 80,5 38,5 84,6
g es 38, 84.1» 36., 82.6
5 hi 32 80 24 82
© sw o 366 52,4 38 60
@ en 34, 82,14 30 8244
~ ar 42, 80.4 46.6 860
el de 46, 80.s 325 80.>
3 es 400 7846 34, 7842
E hi 3646 80., 38,5 88,6
— SwW 44, 46, 42,4 5240

Table 13: Cross-lingual and multilingual CDA results
(in %) for the base model My, ;. and the counterfac-
tually augmented models M, and M, using directly
generated counterfactuals Z, on XNLI and SIB200.

occasional declines in Hindi and Swahili. The gains
are more pronounced for cross-lingual CDA, par-
ticularly for English, Spanish, and German. For
XNLI, CDA reduces model robustness, with a con-
sistent degradation observed on the English subset,
whereas for Arabic, Hindi, and Swahili, multilin-
gual CDA results in noticeable robustness enhance-
ments.

Translation-based Counterfactual Data Aug-
mentation. Since cross-lingual CDA includes
only English counterfactuals, we omit these re-
sults in Table 14, as they are identical to Ta-
ble 2 and Table 13. Table 14 shows that for
translation-based counterfactual data augmentation,
multilingual CDA yields noticeably better model
performance than cross-lingual CDA, particularly
for lower-resource languages (Arabic, Hindi and

Model Counter Lang Test set Human
Dataset  -factual  -age XNLI SIB200 XNLI  SIB200
- en 72.22 82.83 38 78
- ar 63.21 54.55 40 86
M - de 67.60 87.88 40 78
base - es 68.72 87.88 38 76
- hi 62.04 80.81 30 82
- SwW 59.00 78.79 38 62
o en 70.66.156  83.84.1.01 40,, 76.
'I\ ar 63.41.02 54.550.00 324 785
o de 67.11.049 83.84.404 42, 780
< es 67.96.076  87.880.00 38y 760
% hi 61.58.046 81.82,101 34 784
SwW 57.80.12  70.71g08 362 52.10
- en 7018504 88.89.606  40.2 82,4
N ar 63.75:054  51.52503 34 88,2
Mo, o de 66.63.007  85.86.202 46.6 84,4
E es 67.45.1 57 88.89.1.01 38p 82,6
S hi 61.18.05s  79.80..01 34 8846
© W 586403 777801 424 70,5
] en 7126096  87.884s05  40.2 780
'I\ ar 64.45,1 24 525350 38, 88>
™ de 67.470.3  87.880.00 38, 84.6
pas es 69.364064  86.87.1 01 38 760
5 hi 6125070 7677400 282 820
4 sSwW 5812083 72734606 40, T4,1>

Table 14: CDA results (in %) for the base model M.
and the counterfactually augmented model M,,, using
translation-based counterfactuals Zen_, on XNLI and

SIB200.

Swahili) — a pattern consistent with our findings
for directly generated counterfactual augmentation.
Specifically, the cross-lingual CDA generally ham-
pers model robustness, with exceptions for Arabic
on XNLI and English on SIB200.

E.3.5 Error Analysis

We provide additional evidence showing how error
cases affect the model performance enhancement
achieved through counterfactual data augmenta-
tion. While copy-paste and language confusion
cases are easily detectable using tools or regular
expressions, the manual recognition of inconsis-
tency and negation is highly time-consuming. We,
therefore, conducted a small-scale CDA experi-
ment (on XNLI with counterfactuals generated by
Qwen2.5-7B) that specifically filtered out these eas-
ily detectable cases.

Table 15 reveals that after filtering out error cases
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Language CDA Performance

en-before 73.45
en-after 73.62 (+0.17)
ar-before 64.89
ar-after 65.26 (+0.37)
de-before 68.42
de-after 69.07 (+0.65)
es-before 69.94
es-after 71.12 (+1.18)
hi-before 75.76
hi-after 78.10 (+2.34)
Sw-before 76.77
sw-after 78.92 (+2.15)

Table 15: Counterfactual data augmentation (CDA) per-
formance comparison before and after filtering out error
cases (copy-paste and language confusion).

(copy-paste and language confusion), model per-
formance is improved across all languages. The
improvement on English is limited, since the er-
ror cases in English are rather rare. The extent
of this improvement is directly related to the per-
centage of initial error cases. For instance, Hindi
and Swabhili exhibited higher rates of both copy-
paste and language confusion (Figure 5); conse-
quently, after filtering, these languages achieved
greater performance gains compared to English or
other high-resource European languages.
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