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Abstract

Self-generated counterfactual explanations
(SCEs) are minimally modified inputs (mini-
mality) generated by large language models
(LLMs) that flip their own predictions (valid-
ity), offering a causally grounded approach to
unraveling black-box LLM behavior. Yet ex-
tending them beyond English remains challeng-
ing: existing methods struggle to produce valid
SCEs in non-dominant languages, and a persis-
tent trade-off between validity and minimality
undermines explanation quality. We introduce
MACRO!, a preference alignment framework
that applies Direct Preference Optimization
(DPO) to multilingual SCE generation, using
a composite scoring function to construct pref-
erence pairs that effectively translate the trade-
off into measurable preference signals. Exper-
iments across four LLMs and seven typologi-
cally diverse languages show that MACRO im-
proves validity by 12.55% on average over the
chain-of-thought baseline without degrading
minimality, while avoiding the severe minimal-
ity violations of the translation-based baseline.
Compared to supervised fine-tuning, MACRO
achieves superior performance on both metrics,
confirming that explicit preference optimiza-
tion is essential for balancing this trade-off.
Further analyses reveal that MACRO increases
cross-lingual perturbation alignment and mit-
igates common generation errors. Our results
highlight preference optimization as a promis-
ing direction for enhancing multilingual model
explanations.

1 Introduction

The necessity of multilingual explanations for in-
terpreting black-box LLM behavior has recently
been recognized (Resck et al., 2025; Kastrati et al.,
2025; Zhao et al., 2025; Wang et al., 2025a), driven

“Equal contribution and shared first authorship.
"https://github.com/YilongWangBerlin/MACRO

by both empirical evidence of systematic behav-
ioral differences between English and non-English
contexts (Lai et al., 2023) and equitable access re-
quirements for non-English-speaking populations
(Steigerwald et al., 2022). Among various self-
explanations, SCEs offer a causally grounded probe
of model behavior: given an input, an LLM gener-
ates a minimally modified version (minimality) that
changes its own prediction (validity) (Ross et al.,
2021; Bhan et al., 2023; Zhao et al., 2024). How-
ever, extending SCEs to multilingual settings poses
two key difficulties: O existing methods largely fail
to generate valid SCEs in non-dominant languages
(Wang et al., 2026b); @ a trade-off between validity
and minimality may persist (Mayne et al., 2025).2
We argue that preference optimization (PO) offers
a natural solution to these challenges, as it can di-
rectly align model outputs toward validity while
penalizing excessive edits to preserve minimality.
Despite this potential, applying PO to SCE gener-
ation is non-trivial, primarily due to the absence
of high-quality multilingual preference data and
the difficulty of mathematically formulating the
trade-off into measurable preference signals.

To this end, we introduce MACRO, an automated
preference alignment framework that leverages
DPO (Rafailov et al., 2023) to optimize multilin-
gual SCE generation (Figure 1), turning the need
for high validity and minimality directly into scor-
ing components (§3.2) that are subsequently used
for preference pair construction. Our experiments
across four LLMs and seven typologically diverse
languages demonstrate that MACRO effectively mit-
igates the validity—minimality trade-off that persists
in prior approaches (Mayne et al., 2025). Our main
contributions are as follows:

First, we show that MACRO consistently im-
proves validity over three representative baselines:

SCEs could be more valid and effective when more mod-
ifications are applied. However, deviating too far from the
original inputs makes SCEs unreliable as model explanations.
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Stage 1: Counterfactual Sampling (§3.1)

Stage 2: Preference Pair Ranking (§3.2)
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Stage 3: Preference Alignment (§3.3)
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Figure 1: Overview of our three-stage framework (MACRO). Stage 1 samples counterfactual candidates via word-
level perturbations across multilingual inputs. Stage 2 ranks candidates using Rip, Raug, and Reg;e to construct
preference pairs. Stage 3 applies DPO to align the model toward generating minimal, effective counterfactuals.

DG-CF, TB-CF (Wang et al., 2026b), and su-
pervised fine-tuning (SFT). This improvement is
achieved without degrading minimality, marking a
pronounced distinction from the translation-based
approach TB-CF and SFT baselines.

Second, we confirm that each component in
MACRO plays a distinct and complementary role
in balancing validity and minimality by conduct-
ing systematic ablation studies on three preference
scoring components: flip score (Rg;p), augmenta-
tion score (Rayg), and edit score (Regit).

Third, we find that MACRO improves the
alignment of cross-lingual input perturbation
strategies across all language pairs, by examining
whether SCEs across different languages rely on
similar types of modifications to change the seman-
tics of the original input.

Lastly, we show that two common issues, copy-
paste and language confusion, can be largely
mitigated by MACRO. This effect is especially
pronounced for lower-resource languages.

2 Background and Related Work

Multilingual Counterfactuals. Liu et al. (2021)
enhance the machine translation performance via
multilingual counterfactual data augmentation.
Barriere and Cifuentes (2024a,b) evaluate nation-
ality bias in diverse languages using multilingual
counterfactual examples. Saha Roy et al. (2025) uti-
lize multilingual counterfactuals to perform answer
attribution in multilingual retrieval-augmented gen-
eration systems. Nonetheless, the counterfactuals
used in the aforementioned work differ from the
counterfactual explanations investigated in this pa-
per: while the former flip ground-truth labels, the
latter aim to alter the model’s predictions. Wang
et al. (2026b) introduce the first multilingual coun-
terfactual explanation benchmark and propose two
CoT-based approaches (Wei et al., 2022), DG-CF
and TB-CF; however, both methods exhibit lim-
ited effectiveness, particularly for low-resource lan-
guages. Consequently, we explore the potential of
PO to enhance multilingual SCE generation and
largely mitigate the validity-minimality trade-off.
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Preference Optimization for Explainability.
Preference optimization methods have recently
been employed to guide LL.Ms toward generat-
ing superior outputs compared to inferior alterna-
tives across various tasks (Rafailov et al., 2023;
Shao et al., 2024; Ethayarajh et al., 2024; Liu et al.,
2026). Among these approaches, Direct Preference
Optimization (Rafailov et al., 2023) has gained
widespread adoption for LLM alignment, owing
to its simplicity. DPO aligns model outputs with
human preferences by utilizing both preferred re-
sponses (y,,) and dispreferred responses (y;), with
the objective function formulated as:

Lpro(0) = —E(zyu.5)~Doro [logg(

TWulz) 5 TWil2)
18 1Og 7"'ref(y'Lu|$) ! 7"'ref(yl |SL‘) ﬂ

(D

where o(-) represents the sigmoid function and
[ denotes the weighting factor of the Kullback-
Leibler divergence (Kullback and Leibler, 1951),
which constrains the policy 7y to remain close to
the reference policy me.> While DPO has proven
effective in enhancing natural language explana-
tion quality (Villa-Arenas et al., 2024; Trivedi et al.,
2024; Bansal et al., 2026; Sun et al., 2026), its use
in (multilingual) counterfactual generation is still
unexplored. Counterfactual generation demands
objective measures of both minimality and valid-
ity, which may involve a trade-off between one
another (Mayne et al., 2025). This makes it more
challenging than other explainability methods.

3 Methodology: MACRO

Given a model M and an input text z) € D
predicted as ) = M(z(®)), where D is a multi-
lingual dataset with languages ¢ € £ and parallel
data, our objective is to construct a counterfactual
£ that causes the model to output the target la-
bel §©),* while maintaining similarity to z(Y). To
address this, we propose MACRO (Figure 1), which
applies DPO to multilingual SCE generation, treat-
ing validity as the preferred outcome while penaliz-
ing excessive edits to preserve minimality. MACRO
operates in three stages: counterfactual sampling,
preference pair ranking, and preference alignment.

*More information about DPO is detailed in Appendix A.
“The target label is sampled uniformly among labels dif-
fering from both the gold label and the model prediction.
Appendix P analyzes how difficulty varies across transitions.

3.1 Counterfactual Sampling

In the first step, for each data point () € D across
all investigated languages ¢ € L, the model M
samples a set of T" diverse counterfactuals, denoted
X0 = {ige), vy ig) }, by applying the CoT-based
approach DG-CF (Wang et al., 2026b) to perturb
the original input 20 stepwise (for more details,
see Section 4.3; the prompt is shown in Figure 9):

X0 M- | ng(f)) )

3.2 Preference Pair Ranking

After sampling, we deduplicate the sampled coun-
terfactuals X, as we find that LLMs often pro-
duce identical outputs under stochastic decoding,
yielding )N(l(lfl)iq. We then compute the scores for
each candidate and rank them accordingly. The
score comprises three components: Ryip, Raug,
and Rqit, covering the validity and minimality per-
spectives. Rgip provides the primary binary sig-
nal driving label change (§3.2.1), Ry, refines this
signal with continuous logit-margin feedback to
consolidate and strengthen flips (§3.2.2), and Regic
constrains the edit path to ensure that validity is
achieved through minimal modifications (§3.2.3).
Only Raye requires logit access, so MACRO also
applies to black-box models (Appendix O).

3.2.1 Flip Score (Raip)

One of the core objectives is to ensure that the
counterfactual x effectively shifts the model’s out-
put from the original prediction y to the desired
target label ¢ (validity). We therefore design Rip
as a sparse binary score:

Riip(Z, §) = [IM(Z) = 9] ©)

where I(-) is the indicator function, returning 1
when the condition is satisfied and O otherwise.

3.2.2 Augmentation Score (Raug)

For validity, we further introduce an augmentation
score to encourage the generated counterfactual
either (i) to separate the target label ¢ from the
original label y by a large margin when the label
change succeeds, or (ii) to reduce the model’s con-
fidence in the original label when the label change
fails, making the candidate closer to a successful
label change. The logit vector z(z) € RV is the
output of the model M for an input text x, where
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|V'| represents the vocabulary size and z.(z) de-
notes the logit of class c.

a(z@(fc) — zy(i")),
it M(z) =9,
o(zy(x) — 2y(Z)),

otherwise.

~ A

Raug(xa Ty, y) = 4

3.2.3 Edit Score (Reqit)

The other objective beyond validity is to minimize
modifications to the original input z. Following De-
hghanighobadi et al. (2025); Wang et al. (2025b);
Bhattacharjee et al. (2024), we employ a normal-
ized Levenshtein distance d, which captures all
applied edits, converted to a similarity score’:

d(x, )

|z

Redit(z,7) =1 — (5)

This will penalize £ with extensive modifications
to the input z, which may even result in a negative
edit score.

3.2.4 Total Score (Riotal)

We compute a scalar total score by a weighted sum
over available components:

Rioa = »_ wiRp,  wy >0 (6)
k

where k indexes applicable scores with weights wy,
and scores Ry, € {Riip, Raug, Redit} (App. B.4).

3.3 Preference Alignment

We construct preference pairs only for examples
where at least one sampled candidate changes the
model prediction; otherwise, the example is dis-

carded.® The preferred candidate yq(f ) and the dis-

(£)

preferred candidate y,” for input 2 are deter-

mined by Riotal:
~ (£
y) = arg max Rtotal(wg‘ ) 0
(0wt
'Tf, )GXl(ln)iq
¢ : 7
yl( ) — arg min Rtota1($§ )) ®)
i’;e)e)zl(fr?iq

Additionally, if any candidate A0 exactly matches
the original input z(9), we explicitly set yl(é) =z
while keeping yff ) as defined in Eq. (7), thereby

5Although Levenshtein distances are not mathematically
comparable across languages due to differing script systems,

they remain comparable within a given language.
%Appendix R reports the retention rate.

discouraging the model from copying the input and
facilitating meaningful edits. This yields the DPO

training dataset for a given language /, D]()QO =

{(:c(e),yz(f), yl(e))i N |, of size N. Leveraging the
multilingual DPO dataset Dppo = Uye LD]()ZI),O, we

optimize the model M with respect to Riotal, €m-
ploying the loss function defined in Eq. (1).”

4 Experimental Setup

4.1 Datasets

Following prior work (Wang et al., 2026b; Bhat-
tacharjee et al., 2024; Nguyen et al., 2024) and
owing to the inherent definition of counterfactual
explanation (§3), we focus on two classification
tasks and employ the following two large-scale mul-
tilingual datasets with sufficient language coverage
accordingly for model preference alignment.®

SIB200 (Adelani et al., 2024) is a dataset for
topic classification in 205 languages, designed to
evaluate natural language understanding across di-
verse languages. Sentences are categorized into
7 classes: Science/Technology, Travel, Politics,
Sports, Health, Entertainment, and Geography.

TAXI1500 (Ma et al., 2025) is a massively mul-
tilingual sentence classification dataset covering
1504 languages. It is built from parallel Bible
translations by annotating English New Testa-
ment verses with 6 topics and projecting labels
to other languages via verse-level alignment. The
6 classes are Recommendation, Faith, Description,
Sin, Grace, and Violence.

Language Selection. We identify seven overlap-
ping languages between SIB200 and TAXI1500:
English, German, Chinese, Arabic, Swahili, Viet-
namese, and Russian. This selection exemplifies
typological diversity across language families, en-
compassing both high- and low-resource languages
across diverse scripts.

4.2 Models

In our experiments, we evaluate MACRO on four
state-of-the-art open-source multilingual LLMs
ranging from 4B to 12B parameters across two
model families: Qwen3-{4B,8B} (Yang et al.,
2025) and Gemma3-{4B,12B} (Kamath et al.,

"Details about DPO training are presented in Appendix B.
8Dataset information is detailed in Appendix C.
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2025), all of which support the languages inves-
tigated in this paper (§4.1).°

4.3 Baselines

Wang et al. (2026b) propose two baselines for
multilingual SCE generation: DG-CF and TB-
CF. ® DG-CF is based on one-shot CoT prompt-
ing and generates SCEs directly in the target lan-
guage by (1) identifying the most important words
and (2) finding appropriate replacement words
and substituting them (Appendix Figure 9). As
Wang et al. (2026b) report that SCEs in English
achieve the highest validity, @ TB-CF first gener-
ates English SCEs using DG-CF, and then trans-
lates them into the target language using the same
LLM. ® For a fair comparison, we further ap-
ply SFT with Dspr = Uge D\y, where Doy =
{(z®, yg ))i N |,i.e, using only preferred answers
(§3.3), without dispreferred answers. MACRO uses
richer (internal) signals from the base model (§3.2)
to explicitly optimize validity while employing min-
imality regularization, whereas the other baselines
either do not use these signals or do not exploit
them to the same extent.

4.4 Automatic Evaluation Metrics

Following prior work on counterfactual explana-
tions (Nguyen et al., 2024; Wang et al., 2026c;
Ross et al., 2021; Dehghanighobadi et al., 2025),
we conduct automatic evaluation to assess the gen-
erated multilingual SCEs along three dimensions:
(1) validity; (i1) fluency; and (iii) minimality.

Soft Label Flipping Rate (SLFR) measures va-
lidity, defined as the fraction of SCEs that success-
fully change the model prediction.!® Due to the
self-explanation property, the same model M is
used both for generating SCE ¥ and for evaluating
whether the predicted label is shifted. Formally,
over N evaluation instances, SLFR is computed as:

ZH

Fluency We assess fluency using perplexity score
(PPL) assigned by mGPT!! (Shliazhko et al., 2024),

SLFR = i) # M(z;)]

9Model information is reported in Appendix D.

1%We emphasize that SLFR checks whether Z has a different
prediction M(Z) than y and is thus different from the flip
score (§3.2.1), which checks whether Z reaches the target
label ¢, where ¢ is not necessarily equal to M (Z).

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

an open-source multilingual autoregressive lan-
guage model. mGPT is selected because it excels at
modeling text distributions and covers the support
of all investigated languages. For a token sequence
Z = (w1, ...,wr), PPL is defined as follows:

| L
PPL(Z) = exp {_T Zlogpg(wt | w<t)}

t=1
where pg denotes the next-token probability.

Semantic Similarity (SS) Minimality can be as-
sessed by quantifying the semantic similarity be-
tween the original input x and its counterfactual
2 with multilingual sentence embeddings, thereby
enabling mathematically grounded cross-lingual
comparability across the languages studied in this
work. We compute SS as the average cosine simi-
larity between z and = over N instances:

(zi)
N Z He i Hz He Zi)l2

where e(-) denotes the sentence embedding.'?

4.5 Cross-lingual Edit Similarity

Cross-lingual Edit Similarity (CES) measures the
degree to which semantic modifications in coun-
terfactuals Z(©) are consistently applied across lan-
guage pairs ({1, (3) relative to the original input
(Wang et al., 2026b):

V) Te(@™)
NIz le@™)]l

1 &L ezl
CES(l1,62) = > s i
i=1 [1e\T;

Higher values indicate that edits are transferred
more uniformly between the two languages. We
adopt CES to examine how perturbation con-
sistency in multilingual SCE generation evolves
through MACRO.

5 Results

5.1 Multilingual Counterfactual Quality

MACRO generally outperforms DG-CF and SFT.
Table 1 shows that MACRO achieves average rela-
tive improvements of 12.55% in validity, 18.63%
in fluency, and 3.13% in minimality over DG-
CF. This highlights MACRO’s ability to mitigate

12ht’cps: //huggingface.co/sentence-transformers/
paraphrase-multilingual-MinilLM-L12-v2
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Dataset SIB200 TAXI1500
z Lang- Validity/SLFR (1) Fluency/PPL () Minimality/SS (1) Validity/SLFR (1) Fluency/PPL (|) Minimality/SS (1)
2 uage DG-CF SFT MACRO DG-CF SFT MAcCrRO DG-CF SFT MACRO DG-CF SFT MACRO DG-CF SFT MaCrRO DG-CF SFT MACRO
en 0.63 070  0.64 488 314 317 061 055 065 0.53 056  0.60 362 234 235 051 059 059
de 059 065 0.64 285 240 244 075 071 078 056 059  0.66 339 252 230 0.64 069 073
@ zh 0.66 076  0.80 351 285 301 069 065  0.66 052 061  0.60 395 303 324 061 065 067
oo 0.61 074  0.66 277 246 263 0.66  0.60  0.65 052 054 057 419 328 305 0.63  0.60  0.66
E i 059 065 0.65 189 165 187 071 067 071 0.50 051 051 185 175 163 0.61  0.64  0.66
S  sw 068 072 074 187 182 176 068 069 0.67 057 057 064 256 206 199 067 075 076
ru 0.61 072  0.64 203 193 191 074 070 074 0.53 054  0.60 215 179 190 0.66 0.65  0.68
“Tavg 062 071 068 283 232 240 069 065 069 053 056 060 310 240 235 062 065 0.68
en 054 068  0.66 534 328 348 079 068 075 062 063 066 326 251 261 0.61  0.60  0.68
de 0.62 065 0.66 444 269 279 071 071 076 049 054 053 402 268 270 066 0.67 070
@ zh 081 078 072 477 317 335 060 061 073 0.59  0.66  0.60 458 369  39.1 067 065 071
Iar 064 072 066 433 298 322 070 059  0.70 068 069 072 862 436 486 058 053 0.60
g i 071 073 071 250 189 217 069 065 071 0.65 0.60  0.66 257 215 207 066 067  0.67
& sw 049 047 041 312 216 212 073 078  0.80 046 048 051 256 188 177 0.84 084 083
ru 045 069 062 268 212 220 084 072 077 053 057 064 277 231 232 068 067 071
“Tavg 061 067 063 388 261 276 072 068 075 057 060 062 405 280 289 067 066  0.70
en 059 070 074 532 1330 379 073 062 066 0.56 070 072 31.0 207 251 0.68 061  0.69
de 065 075 073 321 246 278 069 065 071 050 062 071 259 214 229 062 065  0.66
g zh 062 072 0.0 386 300 349 068 067 070 0.63 063  0.66 389 302 336 066 063 071
Lar 0.58 077 0.6 349 268 305 074 060  0.65 0.66 084 076 503 370 378 064 059  0.63
§ i 068 073 072 227 183 231 069 065 071 058 070 078 188 160  18.0 0.61  0.60  0.64
S 0.53 056 0.57 229 185 197 0.84 078 079 011 032 027 190 174 1638 083 079 083
ru 0.64 072  0.66 221 196 215 070 064 071 045 056  0.61 187 156 202 0.68 066 073
“avg 061 071 070 324 244 279 072 066 070 050 062 064 289 226 249 067 065 070
en 0.83 090 0.84 53.9 343 383 053 049 051 0.83 081 086 415 267 279 044 045 049
de 077 084 085 281 241 270 057 058 058 079 077 081 265 218 217 054 059  0.60
Q2 zh 0.84 081 092 316 297 326 055 057 051 068 060 076 279 260 289 054 056  0.59
T 0.87 087 092 255 251 266 052 055 049 078 079 079 373 281 363 054 055 059
g i 079 079  0.80 185 177 219 056 059 057 074 069  0.80 162 151 171 052 055 056
3 sw 081 082 083 149 147 159 065 068 071 069 062 073 175 167 159 068 073 075
ru 078 079  0.80 21,0 196 221 059 057 061 075 069 081 205 163 185 0.60 0.61 061
“"avg 081 083 085 276 236 263 057 058 057 075 071 079 268 215 238 055 058 0.60

Table 1: Automatic evaluation results on SIB200 and TAXI1500. We compare DG-CF, SFT, and MACRO across
three metrics: soft label flipping rate (SLFR (7)), perplexity (PPL ({)), and semantic similarity (SS (1)). The best
and second-best results for each language-metric pair are highlighted accordingly. Results for TB-CF are provided

in Appendix Table 15 and discussed in §5.1.

the validity-minimality trade-off effectively (Fig-
ure 3). Notably, improvements are more sub-
stantial on TAXI1500, likely because its paral-
lel Bible verses construction provides a more pre-
dictable syntactic and semantic structure that fa-
cilitates counterfactual optimization. While larger
models generally outperform smaller counterparts
within families, performance differences between
high- and relatively low-resource languages (ar,
Vi, SW) remain surprisingly marginal. Moreover,
no single language invariably yields optimal SCEs
across all metrics. Regarding cross-lingual stabil-
ity, Gemma3-12B exhibits the lowest validity vari-
ation across seven languages, whereas Qwen3-8B
shows the poorest cross-lingual stability, driven pri-
marily by its suboptimal performance on Swabhili.
Additionally, MACRO outperforms SFT on both va-
lidity (+1.3%) and minimality (+3.5%) on average.
While SFT occasionally surpasses MACRO on valid-
ity on SIB200, its consistent underperformance on
minimality (frequently even worse than the DG-CF
baseline) makes it less suitable for faithful SCE gen-
eration. This confirms that the trade-off cannot be
easily resolved through standard supervised learn-
ing alone and preference optimization proves es-

sential for achieving Pareto-optimal SCE quality.'?

MACRO produces more reliable and stable SCEs
than TB-CF. Appendix Table 15 shows that,
while TB-CF achieves a higher SLFR than DG-CEF,
SFT, and MACRO, it requires substantially more
modifications, as indicated by markedly reduced
minimality. Specifically, its Edit Score (Redit;
§3.2.3) is frequently below 0, suggesting that the
edit length surpasses that of the original input. Man-
ual inspection reveals that these excessive modifica-
tions primarily stem from translation artifacts rather
than semantically meaningful changes (Tables 9
and 10). This violates the minimality constraint of
counterfactual explanations (§3). Consequently,
despite its high SLFR (validity), TB-CF strays no-
ticeably from the original input without pinpointing
the nuanced feature changes that account for the
explained model’s decisions (minimality), severely
undermining their reliability as SCEs.

13 Appendix I further demonstrates that, compared to SFT,
MACRO better preserves or even enhances the model’s general
and multilingual capabilities while simultaneously enhancing
cross-lingual generalizability in terms of SCE validity. Ap-
pendix S additionally shows that performance on the original
classification task is preserved.
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Figure 2: Relative performance change across languages for Qwen3-8B under three ablation settings. We evaluate
the removal of Ryip, Raug, and Reqye across validity, fluency, and minimality. Each radar plot illustrates results
for a specific ablation, with scores averaged over SIB200 and TAXI1500. Positive values denote a percentage
improvement in performance, while negative values indicate a degradation relative to the full MACRO configuration.

Validity-Minimality Trade-off. The trade-off
between validity and minimality observed by
Mayne et al. (2025) can be ascribable to the imper-
fect SCE generation approaches, which are mostly
prompting-based without robust regularization to
ensure the minimality (Cardiel et al., 2026), as also
evidenced by our ablation study (§5.2). Given that
we incorporate three meticulously designed scor-
ing components aimed at optimizing validity and
minimality (§3.2), MACRO is able to enhance valid-
ity by 12.55% without sacrificing minimality (even
enhancing minimality by 3.13% on average), which
largely mitigates the previously observed trade-off
(Mayne et al., 2025) (Figure 3, Appendix J).

English is not necessarily the optimal language
for counterfactual generation. Table 1 reveals
that English counterfactuals do not consistently
achieve the highest validity across all experimental
settings. This observation contradicts the findings
of Wang et al. (2026b), who report that counter-
factuals in high-resource European languages gen-
erally exhibit superior quality. We argue that the
optimal language is highly dependent on the ex-
plained model and its internal decision boundaries
for different languages, which vary across models.

5.2 Ablation Study

MACRO employs three scoring components for
preference pair ranking (§3.2): Riip, Raug, Redit»
which collectively aim to optimize for validity and
minimality of counterfactuals. Accordingly, to
demonstrate their individual contributions, we con-
duct an ablation study for each component.'* Fig-
ure 2 and Appendix Table 16 present the ablation
study results for Qwen3-8B, obtained by removing

!4The discussion of the exclusion of multilingual alignment
is provided in Appendix F.
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Figure 3: The validity-minimality trade-off across lan-
guages with Qwen3-8B on SIB200 and Taxi1500.

one scoring component (§3.2) at a time. ">

Effect of Removing Rg;p. Removing Ryjp leads
to the most pronounced drop in validity, with an av-
erage absolute decline of 11.65% compared to the
full model (Appendix Table 19). Meanwhile, the re-
moval of Ryjp yields moderate drops in fluency and
improvement in minimality. This occurs because
removing Ryip allows Regi¢ to dominate the rank-
ing, preferentially selecting candidates with fewer
modifications regardless of whether they achieve
a successful label flip. The result confirms that an
explicit label-flip constraint is essential; without it,
the model gravitates toward the original input and
fails at the primary objective of SCE generation.

Effect of Removing R.ye. Validity decreases no-
tably without R4y, although the degradation is less
severe than w/o Ryip (Appendix Table 20), con-
firming that R,y serves as a complementary ob-
jective to Rygip. Mechanistically, Ry is designed
to facilitate margin maximization (§3.2.2), effec-
tively “nudging” borderline SCEs across the de-
cision boundary. In its absence, these near-miss

Further results with other models appear in Ap-

pendix M.2; example SCEs from each ablation condition are
shown in Appendix M.1.
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Figure 4: Cross-lingual edit similarity score changes
(A) for SIB200 and TAXI1500 counterfactuals across
language pairs before and after applying MACRO.

candidates often fail to achieve a successful label
flip. Similar to w/o Raip, minimality is generally
enhanced without R ayg.

Effect of Removing Regit. The removal of Regit
results in a markedly different failure mode. Va-
lidity consistently increases across all languages
relative to the full model. However, this appar-
ent improvement in validity comes at a severe cost
to minimality (Appendix Table 21), revealing that
the model achieves label flips by making exces-
sively large modifications and deviating signifi-
cantly from the original semantics. These findings
demonstrate that, without R.qi;, the model degen-
erates into producing heavily modified outputs that
trivially flip labels but fail to satisfy the minimality
criterion central to counterfactual explanations.

Language-Specific Observations. Appendix Ta-
ble 22 illustrates that Swahili emerges as the most
sensitive language overall, particularly in its ex-
treme minimality and validity sensitivity. In com-
parison, Russian is the least sensitive language,
with the lowest validity sensitivity. English and
German display the most balanced sensitivity pro-
files, with all three dimensions falling within a
relatively narrow range, confirming that their label-
flip success depends most critically on the collab-
oration among all three scoring components (Ap-
pendix M.3).

5.3 Cross-lingual Edit Similarity

Before applying MACRO. Figures 4 and 15 re-
veal that, in alignment with the findings of Wang
et al. (2026b), closely related languages (German,
English, and Russian) achieve moderately higher
CES, suggesting that semantic edits in counter-
factuals are applied with considerable consistency
across these language pairs, whereas Swahili scores

2
X

Copy-Paste Rate (%)
» [*)]
S

N
°
X

Language Confusion Rate (%)

0%

BA DG-CF Copy-Paste D23 SFT Copy-Paste B MACRO Copy-Paste
[ DG-CF Language Confusion  EH SFT Language Confusion MACRO Language Confusion

Figure 5: Comparison of copy-paste and language con-
fusion rates between DG-CF and MACRO.

notably low across the board. Surprisingly, al-
though Vietnamese, Arabic, and Chinese are not
typologically close to English, German, or Russian,
they achieve relatively high CES scores with them.
This indicates that topological similarity between
language pairs is not the only influential factor; the
resource availability of languages also plays a role.

After applying MACRO. CES improvements
are observed across all language pairs on SIB200,
with the most substantial gains on high-resource
languages. On Taxi1500, the CES of the majority
of language pairs is enhanced, but a few pairs
involving Swahili exhibit marginal decreases.
This may be attributed to the fact that Taxi1500
likely demands finer-grained semantic edits and
that MACRO primarily benefits well-represented
languages by aligning their counterfactual editing
behavior. This optimization may subtly shift the
model’s internal representations in a direction that
marginally disadvantages Swahili pairs.

5.4 Error Analysis

We further report two main failure cases: copy-
paste and language confusion.

Copy-Paste. When asked to generate a counter-
factual, the LLM may tend to produce the identical
text as the original input, either due to inertia or
inability to provide an actionable label flip. Fig-
ure 5 shows that MACRO reduces the copy-paste
rate by an average of 58.21% across all models and
languages compared to DG-CF, since we intention-
ally designate such SCEs as dispreferred answers
(§3.3). This improvement is substantially larger
than that of SFT, which achieves only a 19.64%
relative reduction over DG-CF. At the language
level, the contrast is especially clear in Swahili,
where MACRO yields a pronounced reduction in
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Lang SIB200 TAXI1500

Zero-shot SFT,i; MACRO DG-CF SFT Zero-shot SFT,i; MACRO DG-CF SFT
en 87.7 92.6 94.6 92.2 92.6 50.5 79.3 78.4 75.7 78.4
de 89.7 93.6 94.6 93.6 93.6 514 75.7 73.9 73.0 712
zh 85.8 922 93.1 91.7 92.6 423 76.6 75.7 74.8 74.8
ar 88.2 93.1 93.1 92.2 93.1 59.5 76.6 71.5 76.6 79.3
vi 89.2 922 91.2 90.7 93.1 46.8 76.6 79.3 76.6 80.2
sw 85.3 89.7 922 91.2 92.6 48.6 78.4 77.5 74.8 78.4
ru 88.7 94.1 93.1 91.2 93.6 441 74.8 78.4 74.8 73.9
Avg 87.8 92.5 93.1 91.8 93.0 49.0 76.9 77.2 75.2 76.6
A - - +0.6 -0.7 +0.5 - - +0.4 —-1.7 -0.3

Table 2: Counterfactual data augmentation with Gemma3-12B. Accuracy (%) on the original test inputs. A is relative
to SFTrg. best marks the best fine-tuned condition per language.

copy-paste rate, while SFT brings only a compara-
tively modest change.

Language Confusion. We further analyze the
language in which SCEs z are generated and as-
sess whether it corresponds to the desired target
language.'® Figure 5 illustrates that MACRO yields
clear reductions in language confusion, with an av-
erage relative decline of 49.65% across languages,
which is particularly pronounced for Arabic and
Swahili. Moreover, MACRO noticeably reduces
the tendency to generate SCEs in non-targeted
languages (most often English, given the models’
English-centric properties), thereby improving con-
sistency in targeted language generation.

5.5 Counterfactual Data Augmentation

Beyond mere explanation, we further examine
whether and to what extent the counterfactual data
augmentation (CDA) performed by MACRO using
Gemma3-12B can improve the model’s downstream
task performance (the detailed setup is described
in Appendix N) (Kaushik et al., 2020; Wang et al.,
2025c). Table 2 reports classification performance
on the original test set after fine-tuning either on
the original training data Dy, alone or on Depa,
which augments Dy, with counterfactuals from
MACcCRO, DG-CF, or SFT:
pY

Y4 Y4
train {(335 )7y£ ))}zj\il
l Y4
P, =D U

train

~(0) ~(¢ ~ (0 ~(l
(@99 | MED) = g

Fine-tuning alone already recovers most of the gain
over the zero-shot model, by 5.4% on SIB200
and 56.9% on TAXI1500 in relative terms, which

Yhttps://github.com/cisnlp/GlotLID

leaves limited room for augmentation. Neverthe-
less, within that room, MACRO is the only source
that consistently improves model performance on
both datasets, whereas DG-CF lowers accuracy on
both by 0.8% and 2.2%, respectively. Augmen-
tation, therefore, helps only when the generated
counterfactuals are of sufficient quality, indicating
that MACRO’s SCEs are more reliable as training
data than those of the baselines.

6 Conclusion

In this work, we proposed MACRO, a preference
alignment framework that leverages DPO to opti-
mize multilingual SCE generation. Our approach
addresses two persistent challenges in extending
SCEs beyond English: the failure of existing meth-
ods to produce valid SCEs in non-dominant lan-
guages and the inherent trade-off between validity
and minimality. Experiments across four LLMs
and seven languages demonstrate that MACRO con-
sistently improves validity over DG-CF by an aver-
age of 12.55% without compromising minimality,
and avoids the excessive modifications introduced
by TB-CF. Compared to SFT, MACRO achieves su-
perior performance on both metrics, confirming
that explicit preference optimization is essential
to mitigate this trade-off. Ablation studies further
confirm the complementary roles of the three pref-
erence scoring components in shaping effective
preference signals. In addition, we showed that
MACRO promotes greater cross-lingual alignment
in input perturbation strategies and substantially
mitigates common failure modes such as copy-
paste and language confusion errors. Our work
highlights that preference optimization is a promis-
ing paradigm for improving the quality of model
self-explanations in multilingual settings.
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Limitations
We acknowledge several limitations of this work:

Limited Exploration of Language. This paper
focuses only on seven selected languages (§4.1).
While these languages represent diverse typologi-
cal properties and resource levels, the effectiveness
of MACRO on unexplored languages remains to be
established. Extending MACRO to additional lan-
guages constitutes an important direction for future
work.

Limited Exploration RL Approach. In this pa-
per, we investigate only the potential of DPO to
enhance (multilingual) counterfactual explanation
generation. Extending the investigation to differ-
ent post-training strategies (e.g., online vs. offline
learning) and their impact on counterfactual qual-
ity enhancement remains a promising direction for
future work.

No Human Evaluation. Human evaluation is
naturally appealing but challenging for us due to
budget constraints and the difficulty of recruiting
native speakers of low-resource languages. Nev-
ertheless, we do consider it a promising future di-
rection to assess the coherence or trustworthiness
of multilingual counterfactual explanations (Wang
et al., 2026a).
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A Direct Preference Optimization

Reward Modeling. Given a dataset D =
{(2, Yw, y1)i } ., with N samples, where = denotes
the input prompt and y,, and y; represent the pre-
ferred and dispreferred answers, respectively. 7
is the reward model trained with the Bradley-Terry
model (Bradley and Terry, 1952) by minimizing the
following loss, where o(+) is the sigmoid function:

£R(T¢MD) =

B E(I,yw,yl)N'D |:10g U(T’d)(x, yw) - T¢($, yl)):|
©))
Policy Optimization. The policy 7y is then op-

timized to maximize expected rewards, guided by
the reward function r:

7(6) =
To(ylz)
E .- 1
e i roa,y) — Blog Wref(y|$)
(10)

where [ denotes the weighting factor of the
Kullback-Leibler divergence (Kullback and Leibler,
1951), which constrains the policy mg to remain
close to the reference policy .

Direct Preference Optimization. DPO is built
on a key theoretical insight: under the optimal
policy that maximizes the constrained reward
objective (Rafailov et al., 2023), there exists
a closed-form relationship between the reward
function and the policy. Specifically, the optimal
reward function can be expressed as:

(y|z)
Tref (y|)

ro(z,y) = Bln ———"=+ BIn(Z(z)) (1D

where Z(z) = >, Trep(ylz) - exp(ﬁrqg(x y)) is
the partition function that ensures the relationship
holds across all possible completions. The DPO
loss function is derived by substituting the reward
function Eq. (11) into the reward modeling
objective Eq. (9):

EDPO(Q) = _E(z,yw,yl)ND [IOgU(
1o ZeI) 1oy k) gy (1D
71'ref(yw|x) Wref(yl|$)

Model SIB200 TAXI1500
Gemma3-4B 0:32:47 0:23:11
Qwen3-4B 0:32:21 0:23:43
Qwen3-8B 0:43:22 0:32:56
Gemma3-12B  1:12:23 0:52:09

Table 3: Training time on an NVIDIA H100 GPU for
the four models, reported separately on SIB200 and
TAXI1500. Times are formatted as hh : mm : ss.

Hyperparameter Value
DPO learning rate 1x10°°
DPO g 0.2
DPO epochs 3
Per-device batch size 7
Gradient accumulation 7
Warmup ratio 0.03
LoRA rank 128
LoRA alpha 256
LoRA dropout 0.05
Weight decay 0.0

Table 4: Default hyperparameter settings.

B Direct Preference Optimization
Training

B.1 Training Time

Table 3 summarizes the total training time for the
four base models on SIB200 and TAXI1500.

B.2 Training Detail

For SIB200 and Taxi1500, we construct 600 and
800 preference pairs per language, respectively. We
fine-tune the base model using DPO on prompt—
chosen-rejected triples. To reduce training cost, we
adopt LoRA and insert trainable low-rank adapters
into both attention and MLP projection layers. For
multilingual training, we employ a language-level
round-robin batch sampler to maintain balanced
updates across languages. Table 4 summarizes the
main hyperparameters.

B.3 Total Score Changes by Direct Preference
Optimization

Figure 6 displays the changes in total score distri-
bution after applying MACRO. MACRO can increase
overall scores and reduce the variance of the scores
while modestly increasing the mean scores after
post-training by approximately 9%, indicating that
the model becomes more consistent by elevating
lower-performance cases without necessarily im-
proving peak performance.
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Dataset Model Whip  Waug  Wedit
SIB200 Qwen3-4B 1.0 0.6 1.0
SIB200 Qwen3-8B 1.0 20 1.0
SIB200 Gemma3-4B 1.0 135 1.0
SIB200 Gemma3-12B 1.0 1.2 1.0
TAXI1500 Qwen3-4B 1.0 10 1.0
TAXI1500 Qwen3-8B 1.0 1.0 1.0
TAXI1500 Gemma3-4B 1.0 1.0 1.0
TAXI1500 Gemma3-12B 1.0 0.5 1.0

Table 5: Scoring weights used to compute the total
preference score for each model and dataset.

B.4 Scoring Weight Configuration

To compute the total preference score in §3.2.4,
we assign weights to the three scoring components,
i.e., Riip» Raug> and Regic. Table 5 summarizes the
scoring weights used for each model on SIB200
and TAXI1500.

C Dataset Information

C.1 Dataset Distribution

Figure 7 reports the label distributions of SIB200
and TAXI1500, where percentages are computed
over all splits combined.

C.2 Dataset Example

Figures 10a and 10b report representative examples
from SIB200 and TAXI1500, respectively.

D Model

D.1 Model Information

Table 6 shows information about the models we
employ, including model parameter sizes, citations,
and their corresponding Hugging Face link.

D.2 Inference Time

Table 7 reports the inference time of MACRO us-
ing Qwen3-8B on SIB200 and TAXI1500, broken
down by language.

E Prompt

E.1 Prediction Prompt

Figure 8 reports the prediction prompts used for
S1B200 and TAXI1500.

E.2 Counterfactual Generation Prompt

Figure 9 reports counterfactual generation prompts
used in our experiments. For a fair comparison,
DG-CF and MACRO use the same prompt template.
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Figure 6: Total score distributions before and after ap-
plying MACRO using Qwen3-4B.

F Why Not Multilingual Alignment?

While one might intuitively consider apply multi-
lingual alignment to enhance performance in non-
dominant languages, it is challenging to identify
a target dominant language with which other lan-
guages align, since English is not necessarily the
optimal languages (§5.1) unlike in other tasks, e.g.,
reasoning (Qi et al., 2025) or translation (Etxaniz
et al., 2024). Nevertheless, we follow MAPO (She
et al., 2024) to perform cross-lingual alignment us-
ing the conditional generation probability from a
translation model. We conduct a small-scale ab-
lation study by including an additional reward for
multilingual alignment and check how it affects the
overall counterfactual quality.

F.1 Alignment Score (Raign)

To address the performance gap between counter-
factuals in dominant and non-dominant languages
(Wang et al., 2026b), we optimize the latter rela-
tive to the former. We designate English as the
dominant language throughout, given its preva-
lence in both counterfactual generation and trans-
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Name Citation Size Link

Qwen3 Yang et al. (2025) 4B https://huggingface.co/Qwen/Qwen3-4B

Qwen3 Yang et al. (2025) 8B https://huggingface.co/Qwen/Qwen3-8B

Gemma3 Kamath et al. (2025) 4B https://huggingface.co/google/gemma-3-4b-it

Gemma3 Kamath et al. (2025) 12B https://huggingface.co/google/gemma-3-12b-it

Table 6: Four open-source LLMs are used for counterfactual generation.

Language SIB200  TAXII1500 is enhanced (Swahili and Russian on SIB200), the
en 00:06:50  00:03:09 alignment generally harms the other languages. In
dﬁ 88:89:35 88:8431:(2); particular, minimality is noticeably degraded after
z :07:11 :03: .- .
ar 0011012 00:03-43 rr.lultlhngual alignment. Althqugh one could con-
vi 00:09:44  00:04:08 sistently use the best-performing language as the
sw 00:10:30 ~ 00:04:35 dominant one, prior knowledge is needed to deter-
ru 00:11:47 00:04:47

Table 7: Inference time of MACRO using Qwen3-8B on
SIB200 and TAXI1500, reported separately by lan-
guage. Times are formatted as hh:mm:ss.

lation. To ensure semantic consistency in multi-
lingual settings, we measure cross-lingual align-
ment using the conditional generation probabil-
ity from an off-the-shelf multilingual translation
model NLLB-200'7 (Koishekenov et al., 2023), fol-
lowing MAPO (She et al., 2024). Concretely, let
Zen denote the English counterfactual anchor and
Znon the generated non-English counterfactual. We
compute the token-level log-likelihood of generat-
ing Zen conditioned on Znen via teacher forcing:

ﬁCE(fena fnon) =

d (13)
— Z log PNLLB (xen ’ xen y xnon)

We define the alignment reward R ,jign as the NLLB
model probability:

- £CE(jen, i”non)) (14)

Ralign(i”ena Tnon) = U(

Higher Riign indicates greater probability of trans-
lating the non-English counterfactual znon back
to the English anchor Zep, thus reflecting stronger
cross-lingual semantic alignment. Subsequently,
we add Rjign to the total reward Ryora (§3.2.4).

F.2 Results and Discussion

Table 8 shows that although counterfactual quality
in terms of validity and fluency in some languages

17https://huggingface.co/facebook/
nllb-200-distilled-1.3B

mine the optimal language on a specific dimension
by evaluating DG-CFs, which is rask- and model-
specific. Furthermore, as we reported in §5.1, no
single language outperforms others across all eval-
uation dimensions. These factors make multilin-
gual alignment largely infeasible and ineffective.
Therefore, we discard the use of multilingual align-
ment.

G Counterfactual Examples

We present multilingual examples from TAXI1500
in Table 9 and from SIB200 in Table 10. These
examples illustrate the original inputs and counter-
factuals produced by DG-CF, TB-CF, and MACRO.

H Additional Counterfactual Evaluation
Metrics

Table 13 reports the additional automatic evaluation
metrics of the experiments in Table 1, namely hard
label flipping rate and textual similarity. These two
metrics complement the main results by further
evaluating the success of target-label flipping and
the degree of input text modification.

H.1 Hard Label Flipping Rate

Hard Label Flipping Rate (HLFR) measures va-
lidity, defined as the fraction of SCEs that success-
fully change the model prediction to the targeted
label §. The same model M is used both for gen-
erating SCE 7 and for evaluating whether the pre-
dicted label is shifted. Formally, on [V evaluation
instances, HLFR is computed as:

ZI[

where [[] is an indicator function.

HLFR = — i) = 7]
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SIB200

Taxi1500

Setting Lang SLFR 1 HLFR 1 PPL | SS T TS| SLFR 1 HLFR 1 PPL | sS 1t TS|
en 0.566 ( ) 0.384( ) 3639(1148)  0.690(10.027) 0.274( ) 0.676( ) 0.523( ) 2427(10.78)  0.691(10.001)  0.477(10.009)
de 0.697( 0.596(10.010)  2648(| 1.28)  0.687( ) 0.280(10.021)  0.748(10.036)  0.477( ) 23.07(10.20)  0.688(10.030)  0.498( )
zh  0.697(—0.000) 0.626(—0.000) 34.73(10.19) 0.668( ) 0.589(10.023)  0.667(10.009) 0.405(10.027) 34.20(10.57)  0.707(10.002)  0.846( )
walign  ar 0.636( ) 0.525( ) 29.72(10.80)  0.626( ) 0.295(10.014) 0.775(10.018) 0.441(—0.000) 40.06(12.26) 0.645(10.019)  0.612( )
vi 0.697( ) 0.636(10.080) 23.83(10.72) 0.702( ) 0.307(10.003)  0.712( ) 0.477( ) 1828(1030)  0.611( ) 0.620(10.019)
sw  0.576(10.010)  0.182( ) 2021(10.48)  0.774( ) 0.231¢( ) 0.261( ) 0.063( ) 1648(10.30)  0.829(—0.000) 0.776( )
ru 0.687(10.030)  0.535(10.030)  21.29(]0.24)  0.684( ) 0306(10.023)  0.559( ) 0378( ) 20.10(10.13)  0.718( ) 0.593(10.002)

Table 8: Ablation study with align reward.

H.2 Textual Similarity

Textual Similarity (TS) measures the extent of
modifications made to the original input z. Fol-
lowing Dehghanighobadi et al. (2025); Wang et al.
(2025b); Bhattacharjee et al. (2024), we employ
a normalized Levenshtein distance d, which cap-
tures all applied edits. Formally, over IV evaluation
instances, TS is computed as:

where d(z;,Z;) is the Levenshtein distance be-
tween the original input z; and its SCE z;, and
|z;| is the length of the original input used for nor-
malization.

I The Impact of Direct Preference
Optimization

I.1 Impact on Model General Capability

We explore the impact of DPO training by MACRO
on general model capabilities. We focus on two per-
spectives — reasoning and multilingual capability —
for which we employ the MMLU-ProX (Xuan et al.,
2025) and MMLU (Hendrycks et al., 2021) datasets.
MMLU is a widely used benchmark for measuring
multitask language understanding across 57 sub-
jects. In contrast, MMLU-ProX extends the more
challenging MMLU-Pro benchmark, which fea-
tures reasoning-focused questions and ten answer
choices instead of four.

Figures 11, 12 and 13 demonstrate that, in gen-
eral, models after applying MACRO can largely
maintain or even enhance their reasoning and mul-
tilingual capabilities. Table 14 further confirms
the same trend with overall performance: MACRO
(DPO) consistently preserves or slightly improves
performance relative to the base model on both
MMLU and MMLU-ProX. In contrast, SFT does
not show the same level of consistency, especially
for Gemma3-4B on MMLU. This is crucial, as we
aim to improve the quality of self-generated coun-

terfactual explanations while keeping general capa-
bilities intact.

I.2 TImpact on Cross-lingual Generalizability

To further assess whether the benefits of prefer-
ence alignment transfer beyond the training lan-
guages, we evaluate Gemma3-4B and Qwen3-4B on
six unseen languages: Bulgarian, Greek, Spanish,
Hindi, Thai, and Turkish. This analysis comple-
ments our in-domain findings, where MACRO gen-
erally improves counterfactual quality and shows
cross-lingual generalizability.

In general, Table 18 suggests that MACRO gener-
alizes beyond the languages included in the train-
ing set, but its gains are more consistent on valid-
ity than on fluency or minimality. In other words,
MACRO appears to learn a more transferable no-
tion of what kinds of edits are effective for flipping
predictions, whereas how naturally and minimally
those edits are performed remains more sensitive
to model family and dataset.

J Trade-off

Figure 14 presents the validity-minimality trade-off
across all models and languages on SIB200 and
Taxi1500.

K Translation-based Counterfactual

Table 15 illustrates the automatic evaluation re-
sults of translation-based counterfactuals generated
by TB-CF. Although TB-CF yields higher validity
than those of DG-CF or MACRO, they require exces-
sive modifications. These drastic edits, driven by
translation artifacts and cross-linguistic syntactic
differences, cause TB-CF to drift too far from the
source text. Consequently, they fail to isolate the
specific features that influence model decisions and
should no longer be viewed as reliable counterfac-
tual explanations.

L Cross-lingual Edit Similarity

Figure 15a shows the cross-lingual edit similar-
ity scores across all language pairs on Taxi1500.
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Dataset SIB200 TAXI1500
z Lang- HLFR (1) TS (1) HLFR (1) TS (})
= uage | DG-CF MACRO DG-CF MACRO | DG-CF MACRO DG-CF MACRO
en 0.559 0.576 0.529 0.427 0.434 0.514 0.670 0.606
o de 0.499 0.545 0.389 0.355 0.405 0.450 0.580 0.551
N zh 0.629 0.778 0.467 0.666 0.405 0.369 0.807 0.961
T’Eu ar 0.548 0.646 0.401 0.399 0.342 0.351 0.716 0.659
5 Vi 0.508 0.586 0.456 0.437 0.377 0.369 0.631 0.610
@ S 0.549 0.606 0.446 0.473 0.357 0.360 0.647 0.609
ru 0.514 0.606 0.459 0.435 0.394 0.432 0.650 0.666
en 0.485 0.618 0.251 0.294 0.485 0.505 0.480 0.439
de 0.544 0.578 0.276 0.263 0.284 0.333 0.444 0.439
? zh 0.765 0.662 0.459 0.574 0.309 0.387 0.589 0.769
pas ar 0.569 0.574 0.255 0.310 0.342 0.378 0.615 0.556
;'3; Vi 0.627 0.637 0.318 0.337 0.356 0.351 0.485 0.522
S 0.127 0.137 0.434 0.242 0.107 0.090 0.312 0.320
ru 0.373 0.564 0.185 0.273 0.315 0.414 0.526 0.518
en 0.489 0.556 0.231 0.308 0.387 0.532 0.474 0.468
de 0.568 0.586 0.263 0.259 0.342 0.505 0.562 0.544
'ﬁ'oé zh 0.534 0.626 0.320 0.566 0.360 0.378 0.689 0.865
pas ar 0.505 0.646 0.169 0.281 0.387 0.441 0.622 0.638
;% Vi 0.614 0.556 0.308 0.304 0.405 0.514 0.621 0.601
Sw 0.244 0.263 0.324 0.755 0.009 0.081 0.693 1.250
ru 0.572 0.505 0.295 0.283 0.270 0.396 0.566 0.591
en 0.763 0.788 0.471 0.377 0.736 0.757 0.731 0.657
0 de 0.703 0.784 0.472 0.352 0.678 0.694 0.686 0.631
? zh 0.789 0.869 0.554 0.709 0.605 0.631 0.850 0.973
pas ar 0.789 0.889 0.467 0.407 0.672 0.631 0.699 0.670
% Vi 0.709 0.737 0.508 0.401 0.650 0.676 0.707 0.655
© S 0.733 0.747 0.446 0.358 0.578 0.640 0.653 0.634
ru 0.691 0.717 0.494 0.378 0.643 0.685 0.743 0.693

Table 13: HLFR and TS automatic evaluation results on SIB200 and TAXI1500. Boldface denotes the stronger
method per language and metric between DG-CF and MACRO, while the wavy underline highlights the best score
among the seven languages for the same model, method, and metric.

MMLU MMLU-ProX
Model Base SFT DPO Base SFT DPO
Qwen3-4B  79.38 79.33 79.78 54.03 55.10 55.37

Gemma3-4B 67.13 64.88 67.26 43.38 43.45 4447

Table 14: Overall accuracy (%) on MMLU and selected
MMLU-ProX categories for the base, SFT, and DPO.

The trend of Taxi1500 is consistent with that of
SIB200 (Figure 15b, §5.3). The cross-lingual edit
consistency between Swahili and other languages is
noticeably lower than that of other language pairs.
Generally, after applying MACRO, the cross-lingual

edit similarity increases.

M Ablation Study

M.1 Ablation Examples

We present qualitative multilingual counterfactual
examples for SIB200 and TAXI1500 in Figures 11
and 12, respectively.

M.2 Ablation Results

We report ablation study results to analyze the role
of each reward component in MACRO. Specifically,
we remove Riip, Raug, and Regir One at a time and
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Dataset SIB200
Z Lang- SLFR (1) HLFR (1) PPL () SS (1) TS (1) Redit (1)
Z uage DG-CF TB-CF DG-CF TB-CF DG-CF TB-CF DG-CF TB-CF DG-CF TB-CF DG-CF TB-CF
en 0.627 - 0.559 - 48.76 - 0.613 - 0.529 - 0.471 -
W de | 0592 0737(10.143) 0499  0.414( ) 2854 11.95( ) 0754 0.267( ) 0389 7.640(17251)  0.611  -6.640( )
ki zh 0.662 0.687 (1 0.025) 0.629  0.313¢( )| 3509 15.68( )| 0.692 0.074( )| 0.467  22.770(122.303) | 0.533  -21.770( )
T ar | 0609  0.657(10.048) | 0.548 0293 )| 2774 1929(18.45) | 0.663  0.073( )| 0401  8.045(17.644) | 0599  -7.045( )
E i 0590  0.677(10.087) | 0508  0.434( )| 18.88  10.80(15.08) | 0711 0317( )| 0456  7.959(17.503) | 0544  -6.959( )
© sw 0.676 0.687 (1 0.011) 0.549  0.424( ) 18.71 13.59( ) 0.681  0.427( ) | 0.446 7.620(17.174) 0.554 -6.620( )
ru | 0.605  0.677(10.072) | 0514 0.404( Y| 2026 12.04(1522) | 0737 0.288( )| 0459  8.039(17.580) | 0.541  -7.039( )
en 0.531 - 0.482 - 58.52 - 0.801 - 0.224 - 0.776 -
de | 0709  0.596( ) | 0612 0.455( Y| 45.15 41401 3.75) | 0.658  0.733(10.075) | 0306  0.562(10.256) | 0.694  0.438( )
? zh 0.767 0.768 (1 0.001) 0.724  0.374( )| 43.75 44.39(10.64) 0.598 0.078( )| 0.438 1.211(10.773) 0.562 -0.211¢( )
°  ar | 0646  0.768(10.122) | 0591 0.374( )| 4077 40.49(10.28) | 0704  0.084( )| 0251 0941(10.690) | 0749  0.059( )
é_ Vi 0.678 0.475( ) 0.578  0.394( )| 26.15 20.38( ) 0.649  0.733(70.084) | 0.320 0.579 (1 0.259) 0.680 0.421( )
sw 0.512 0.566 (1 0.054) 0.137  0.141(10.004) | 4285 18.69( 0.714  0.491( )| 0397 1.889 (1 1.492) 0.603 -0.889( )
ru | 0496  0.505(10.009) | 0423  0.444(10.021) | 2373 3223(18.50) | 0793  0.731( )| 0199 0612(10413) | 0.801  0.388( )
en 0.594 - 0.489 - 53.24 - 0.731 - 0.231 - 0.769 -
de | 0.652  0.596( ) | 0568 0.495( Y| 3200 3057(/152) | 0.686 0.661( )| 0263 0558(10295) | 0737  0.442( )
?-5 zh 0.615 0.717 (1 0.102) 0.534  0.404( )| 3859 34.98( ) 0.681  0.083( )| 0.320 1.235(10.915) 0.680 -0.235( )
2 ar 0.576 0.758 (1 0.182) 0.505  0.404( )| 34.88 34.94(10.06) 0.735  0.080( )| 0.169 0.951(10.782) 0.831 0.049 ( )
2 i 0.681  0.586( Y| 0614  0.515( Y| 2266  19.40(3.26) | 0.692  0.656( )| 0308  0583(10275) | 0.692  0.417( )
sw 0.533 0.556 (1 0.023) 0244  0.242¢( )| 2293 22.40( ) 0.844  0.521( )| 0.324 1.512 (1 1.188) 0.676 -0.512( )
ru | 0635 0.596( ) | 0572 0455( Y| 2208 2243(1035) | 069 0.662( )| 0295 0.609(10314) | 0705  0.391( )
en 0.830 - 0.763 - 53.90 - 0.530 - 0.471 - 0.529 -
w de | 0767 0.788(10.021) | 0703 0.667( )| 2813 13.32( )| 0574 0.239( )| 0472 7754(17.282) | 0528  -6.754( )
S zh | 0842 0.828( )| 0789 0.576( Y| 3161 16.96( )| 0551  0.073( )| 0554 22704(122.150) | 0.4d6  -21.704( )
2 ar 0.867 0.818( ) 0.789  0.556( )| 2548 25.19( ) 0.521  0.063( ) | 0.467 8.081(17.614) 0.533 -7.081( )
E i 0794 0.768( ) | 0709 0.657( Y| 1854  12.51(16.03) | 0557  0.255( )| 0508  8.144(17.636) | 0492  -7.144( )
© sw 0.814 0.828 (1 0.014) 0.733  0.697( ) 14.86 12.45( ) 0.653  0.399 ( ) | 0.446 7.464 (17.018) 0.554 -6.464 ( )
U 0779 0.758( ) | 0691  0.626( )| 2103 1523(15.80) | 0585  0.240( )| 0494 7769(17275) | 0506  -6.769( )
Dataset TAXI1500
2 Lang- SLFR (1) HLEFR (1) PPL (}) SS (1) TS (1) Reait (1)
= uage | DG-CF TB-CF DG-CF TB-CF DG-CF TB-CF DG-CF TB-CF DG-CF TB-CF DG-CF TB-CF
en | 0531 - 0434 - 36.24 - 0.507 - 0.670 - 0.330 -
@ de 0.557 0.874 (1 0.317) 0.405  0.324( )| 3393  11.59( )| 0.639 0.293( )| 0.580 8.018 (17.438) 0.420 -7.018( )
T  zh 0523 0.892(10.369) | 0.405 0.315( )| 3948 14.64( )| 0612 0.291( )| 0.807  26.717(125910) | 0193  -25.717( )
S ar | 0522 0919(10397) | 0342 0333 Y| 4188 17.79¢( )| 0628 0.327( )| 0716  11.583(110.867) | 0.284  -10.583( )
5 vi 0.504 0.838 (1 0.334) 0.377  0.270( ) 18.47 10.46 ( ) 0.613  0.295( ) | 0.631 7.942(17.311) 0.369 -6.942( )
S sw | 0569 0.865(10.296) | 0357 0.351( Y| 2559 14.78( )| 0670  0.503( )| 0647 7537(16.800) | 0353 -6.537( )
ru 0.532 0.865 (1 0.333) 0.394  0.288( )| 21.49 12.73( ) 0.656 0.317( )| 0.650 9.932(19.282) 0.350 -8.932( )
en 0.623 - 0.485 - 32.64 - 0.614 - 0.480 - 0.520 -
de 0.486  0.486 (— 0.000) | 0.284  0.342(10.058) | 40.17 37.80( ) 0.662  0.589( )| 0.444 0.731(10.287) 0.556 0.269( )
% zh 0.587 0.622 (1 0.035) 0.309  0.306( )| 4584 35.72( )| 0.674  0.600( )| 0.589 0.927 (1 0.338) 0.411 0.073( )
°  ar | 0.681  0.649( ) | 0342 0.279¢ )| 86.15  55.98( )| 0577 0.563( )| 0615  0839(10224) | 0385  0.161( )
g vi 0.651 0.676 (1 0.025) 0.356  0.288( )| 25.67 19.18 ( ) 0.660  0.565 ( )| 0.485 0.814 (10.329) 0.515 0.186( )
Sw | 0463  0.505(10.042) | 0.107 0.117(}0.010) | 25.61  14.90( )| 0.840 0.553( )| 0312 1765(11.453) | 0.688  -0.765( )
ru 0.529 0.631 (1 0.102) 0.315  0.324(10.009) | 27.73 25.04( ) 0.675  0.620¢( )| 0.526 0.848 (10.322) 0.474 0.152( )
en 0.559 - 0.387 - 30.95 - 0.682 - 0.474 - 0.526 -
de | 0495 0432 y | 0342 0.252( )| 2585  2646(10.61) | 0.617 0.646(10.029) | 0.562  0.727(10.165) | 0438  0.273( )
5‘3 zh 0.631 0.577( ) 0.360  0.324( )| 38.92 33.37( ) 0.662  0.639( )| 0.689 0.933(10.244) 0.311 0.067 ( )
® ar | 0658  0.667(10.009) | 0387 0.333( Y| 5029  41.30(15.99) | 0.639 0.600( )| 0622 0.808(10.186) | 0378  0.192( )
g vi 0.577 0.514( ) 0.405  0.306( ) 18.83 16.36 ( ) 0.613  0.603 ( )| 0.621 0.849 (10.228) 0.379 0.151( )
sw | 0.108  0.180(10.072) | 0.009 0.054(}0.045) | 1896 18.90(/0.06) | 0.833  0.610( )| 0.693  1241(10548) | 0307  -0.241( )
ru 0.450 0.378( ) 0.270  0.288(10.018) 18.73 18.33( ) 0.676  0.671( )| 0.566 0.847 (10.281) 0.434 0.153( )
en 0.832 - 0.736 - 41.48 - 0.437 - 0.731 - 0.269 -
o de | 0791  0937(10.146) | 0.678 0.667( Y| 2650  13.01( )| 0537 0.257( )| 0.686  8387(17.701) | 0314  -7.387( )
? zh 0.682 0.838 (1 0.156) 0.605  0.640(10.035) | 27.90 17.40( )| 0.544  0.257( )| 0.850  26.798(125.948) | 0.150  -25.798( )
@ ar | 0777 0.802(10.025) | 0.672 0.631( Y| 3725 22.22( )| 0537 0.298¢ )| 0.699  11.946(111.247) | 0301  -10.946( )
% Vi 0.744 0.892 (1 0.148) 0.650  0.559¢( ) 16.18 12.08 ( ) 0.517  0.247( )| 0.707 8.459 (17.752) 0.293 -7.459( )
S sw | 0694  0919(10.225) | 0578  0.766(10.188) | 17.46  13.54(13.92) | 0.684  0.476( )| 0653  7.483(16.830) | 0347  -6.483( )
ru | 0749 0.883(10.134) | 0.643  0.604( Y| 2049  1575(14.74) | 0.600 0.271( )| 0743 9984(19.241) | 0257  -8.984( )

Table 15: Automatic evaluation on SIB200 and TAXI1500. We report DG-CF and TB-CF on SLFR, HLFR, PPL,
SS, TS, and R.q;. Boldface denotes the better method for each language and metric.

compare the resulting models against the full re-
ward setting. Table 16 and Table 17 report the auto-
matic evaluation results on SIB200 and Taxi1500
using Qwen3-8B and Gemma3-4B. Overall, remov-
ing Raip and Raug most consistently reduces flip
rates, while removing R.qi; increases flip success
at the cost of larger edits and lower semantic simi-
larity.

M.3 Additional Analysis

To systematically compare how each language re-
sponds to component removal, based on Table 16,
we compute the relative degradation for each met-
ric as Arej = 0 /vga, Where 4 is the absolute change
reported in parentheses and vy is the correspond-
ing full-model value. We then aggregate these rela-
tive changes into three dimensions, i.e., validity (av-
erage across SLFR and HLFR (Appendix H.1)), flu-
ency (PPL), and minimality (average across SS and
TS (Appendix H.2)), averaged over both datasets.
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SIB200 Taxi1500
Setting Lang SLFR 1 HLFR 1 PPL | SS 1 TS| SLFR 1 HLFR 1 PPL | SS1 TS |
en  0.525( ) 0.384( ) 3595(11.92)  0.705(10.042)  0.261( ) 0.685( ) 0.468( ) 2465(1040)  0.707(10.017) 0.452( )
de  0.586( ) 0.485( ) 27.86(10.10)  0.698( ) 0260(10.001) 0.712(—0.000) 0.414( ) 2470(11.83)  0.706(10.048) 0.493( )
zh  0.576( ) 0.485( ) 3548(10.56)  0.694( ) 0.558( ) 0.640( ) 0405(10.027)  3583(12.20) 0.752(10.047) 0.819( )
wlo Raip ~ ar 0.657( ) 0.495( ) 3031(10.21)  0.668(10.015)  0.270( ) 0.757(—0.000) 0.459(10.018)  47.18(19.38)  0.658(10.032) 0.566( )
vi 0.657( ) 0.485( ) 23.59(10.48)  0.707(—0.000) 0.284( ) 0.748( ) 0.495( ) 19.00(11.02)  0.675(10.038) 0.562( )
sw o 0.515( ) 0.212( ) 2022(10.49)  0.794(10.001)  0.217( ) 0.279(10.009)  0.081(—0.000) 17.10(10.32)  0.841(10.012) 0.347( )
ru 0.697(10.040)  0.566(10.061) 21.77(10.24)  0.705( ) 0.286(10.003)  0.550( ) 0351( ) 2091(10.68) 0.758(10.028) 0.541( )
en  0.626( ) 0455( ) 35.03( ) 0.702(10.039)  0.263( ) 0.676( ) 0477( ) 25.13(10.08)  0.730(10.040) 0.435( )
de  0.636( ) 0.545( )y 27.17( ) 0.691( ) 0.266(10.007)  0.739(10.027)  0.360( ) 23.92(11.05)  0.711(10.053) 0.475( )
zh  0.646( ) 0.576( ) 34.73( ) 0.670( ) 0.586(10.020)  0.595( ) 0315¢( ) 36.91(1328) 0.747(10.042) 0.822( )
w/o Ruyg ~ ar 0.677( ) 0.566( ) 29.07( ) 0.672(10.019)  0.285(10.004)  0.703( ) 0423( ) 4212(1432)  0.674(10.048) 0.572( )
vi 0.657( ) 0.576(10.020) 2333(10.22)  0.682( ) 0.302( ) 0.721¢( ) 0432( ) 1890(10.92)  0.653(10.016) 0.576( )
sw o 0.525( ) 0.202( ) 19.30( ) 0.783( ) 0.214( ) 0297(10.027)  0.072( ) 17.01(1023)  0.859(10.030) 0.336( )
ru 0.646 ( ) 0.525(10.020) 21.07( ) 0.703( ) 0.287(10.004)  0.631(10.018)  0.369( ) 22.08(11.85) 0.743(10.013) 0.532( )
en  0.929(10.192) 0.818(10.262) 28.91(/896) 0.348( ) 0.665(10.357)  0.847(10.126)  0.667(10.135)  17.99(/7.06) 0431 ( ) 0.748(10.280)
de  0.929(10.202) 0.828(10.242) 21.06(/ 6.70)  0.395( ) 0.626(10.367)  0.856(10.144)  0.712(10.207)  17.14(15.73)  0431( ) 0.781(10.237)
zh  0.939(10.242) 0.909(10.283) 26.51(/841) 0398( ) 0.956(10.390)  0.793(10.135)  0.613(10.235)  20.54( ) 0.442( ) 1.218(10.353)
w/o Rea ar 0.929(10.171)  0.848(10.202) 21.87(/8.65) 0.331( ) 0.621(10.340)  0910(10.153)  0.658(10.217)  25.11( ) 0.416( ) 0.945(10.307)
vi 0.899(10.182)  0.869(10.313) 1549(/ 7.62)  0.393( ) 0.667(10.363)  0.847(10.063)  0.640(10.126)  12.22(15.76)  0.399( ) 0.826(10.225)
sw  0717(10.151) 0.303(10.040) 21.60(1 1.87) 0.633( ) 0.510( ) 0387(10.117)  0.189(10.108)  1841(11.63) 0.727( ) 0.755( )
ru 0.960(10.303)  0.848(10.343) 16.50(/ 5.03)  0.370( ) 0.661(10.378)  0.757(10.144)  0.568(10.172)  13.83(| 6.40)  0457( ) 0.927(10.336)

Table 16: Automatic evaluation results for different reward ablations on SIB200 and Taxi1500 using Qwen3-8B.

Each cell reports the absolute metric value, and the numb
the full reward MACRO configuration.

er in parentheses indicates the absolute change relative to

SIB200 Taxi1500
Setting Lang  SLFR (1) HLFR (1) PPL () SS (1) TS (1) SLFR (1) HLFR (1) PPL (}) SS (1) TS ()
en  0.588( ) 0.505( ) 3281(11.08) 0.679(10.029) 0.381( ) 0.532( ) 0.441( ) 23.69(10.15) 0.608(10.021)  0.593( )
de  0515¢( ) 0.436( ) 25.29(10.85) 0.783(10.008) 0.317( ) 0.586( ) 0.423( ) 24.86(11.82) 0.713( ) 0.539( )
zh  0.632( ) 0.559( ) 3130(11.23)  0.740(10.084)  0.608( ) 0.532( ) 0.351( ) 29.89( ) 0.700(10.030)  0.943( )
wlo Ruyp  ar 0.647( ) 0.559( ) 28.18(11.93) 0.698(10.048) 0.362( ) 0.486( ) 0.306( ) 3527(14.78) 0.667(10.006) 0.627( )
vi 0.539( ) 0.456( ) 19.34(10.64)  0.754(10.040) 0.391( ) 0.414( ) 0.333( ) 17.48(11.17)  0.679(10.018)  0.576( )
sw o 0.623( ) 0.520( ) 17.55(1.0.04)  0.746(10.078) 0.379( ) 0.622( ) 0.405(10.045) 18.15( ) 0.732( ) 0.637(10.028)
ru 0.574( ) 0.475( ) 20.10(10.96) 0.778(10.040) 0.348( ) 0.514( ) 0.369( ) 19.15(10.20)  0.735(10.053)  0.622( )
en  0.564( ) 0.490( ) 32.41(10.68) 0.663(10.013) 0.395( ) 0.577( ) 0.486( ) 23.56(10.02) 0.613(10.026)  0.584( )
de  0.564( ) 0.456( ) 25.55(11.11)  0.753( ) 0366(10.011) 0.622( ) 0459(10.009) 23.62(10.58) 0.721( ) 0.530( )
zh  0.701( ) 0.642( ) 30.12(10.05) 0.721(10.065) 0.672(10.006) 0.595( ) 0432(10.063) 32.68(10.26) 0.693(10.023)  0.940( )
W0 Raug  ar 0.642 ) 0.549( ) 27.38(11.13)  0.694(10.044) 0.382( ) 0.541( ) 0369(10.018) 33.00(12.51) 0.662(10.001) 0.659 (— 0.000)
vi 0.574( ) 0.510( ) 18.85(10.15) 0.741(10.027) 0.420( ) 0.486( ) 0396(10.027) 17.32(11.01) 0.662(10.001)  0.593( )
sw o 0.730( ) 0.623(10.017) 17.89(10.30) 0.728(10.060) 0.397( ) 0.541( ) 0.324( ) 17.43( ) 0.749( ) 0.622(10.013)
ru 0.588 ) 0.515( ) 2030(11.16) 0.771(10.033)  0.382( ) 0.523( ) 0.414( ) 19.27(10.32)  0.712(10.030)  0.632( )
en  0.789(10.153) 0.750(10.174) 29.29( ) 0.506( ) 0.689(10.262) 0.676(10.081) 0.559(10.045) 22.51( ) 0.441( ) 0.732(10.126)
de  0.730(10.094) 0.686(10.141) 22.97( ) 0.667( ) 0.538(10.183) 0.676(10.018) 0.505(10.055) 23.45(10.41) 0.585( ) 0.686(10.135)
zh  0.755( ) 0.730( 27.40(12.67)  0.634( ) 0.830(10.164) 0.676(10.072) 0.514(10.145) 23.94( ) 0.552( ) 1.367(10.406)
W/o Reaw  ar 0.799(10.142)  0.725(10.079) 2434(/ 191) 0.567( ) 0576(10.177)  0.703(10.135)  0.523(10.172)  27.42( ) 0568 ( ) 0.926(10.267)
vi 0.716(10.070)  0.672(10.086) 15.77(12.93) 0.633( ) 0.626(10.189) 0.568(10.063) 0.468(10.099) 14.56( ) 0.557( ) 0.733(10.123)
sw  0.833(10.096) 0.721(10.115) 16.17(/ 1.42) 0.672(10.004) 0.554(10.081) 0.658(10.018) 0.432(10.072) 16.99( ) 0.684( ) 0.816(10.207)
ru 0.770(10.134)  0.706 (1 0.100)  17.75(] 1.39)  0.660( ) 0.607(10.172)  0.631(10.027) 0.514(10.082) 16.73( ) 0.624( ) 0.781(10.115)

Table 17: Automatic evaluation results for different reward ablations on SIB200 and Taxi1500 using Gemma3-4B.

Each cell reports the absolute metric value, and the numb
the full reward MACRO configuration.

A positive value indicates degradation (validity
dropped, PPL increased, or minimality worsened),
while a negative value indicates improvement. Ta-
bles 19-20 present the per-setting results, and Ta-
ble 22 shows the overall average across all three
settings.

M.3.1 Language-Specific Observation

Analysis of w/o R, (Table 19). Removing the
flip reward degrades validity across all languages,
with English suffering the most (+19.18%), fol-
lowed by Chinese and German. Vietnamese
and Swahili are the least affected (+6.43% and
+7.88%). Minimality improves modestly for most
languages, but Swahili shows a dramatic degrada-
tion of 36.27%, which reveals that the full model’s
Swahili counterfactuals involve relatively large edit
distances, and without flip pressure, the model col-

er in parentheses indicates the absolute change relative to

lapses to near-paraphrases.

Analysis of w/0 Rayg (Table 20). The augmen-
tation reward primarily affects validity, with all
languages showing consistent degradation. En-
glish, German, and Swahili are the most affected.
Russian is the least affected (+4.81%), suggesting
that its counterfactuals already cross the decision
boundary with sufficient margin without augmenta-
tion. Minimality is moderately degraded. Arabic
again stands out with +8.34% fluency degrada-
tion, further evidencing its unique sensitivity to
any modification of the reward structure. Swabhili
again shows the anomalous minimality deteriora-
tion (—37.42%).

Analysis of w/o Reqit (Table 21). This setting
produces the most extreme degradation patterns.
Validity improves substantially for all languages
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Dataset SIB200 TAXI1500

z Lang- SLFR (1) PPL () SS ) SLFR (1) PPL () SS (1)

2 uage | DG-CF MACRO | DG-CF MACRO | DG-CF MACRO || DG-CF MACRO | DG-CF MACRO | DG-CF MACRO
bg 0.632 0.627 14.78 15.61 0.722 0.768

¢ el 0.627 0.672 9.65 10.69 0.691 0.685 - - - - - -

rlﬂ} es 0.588 0.559 21.17 23.92 0.709 0.750 0.595 0.622 19.33 19.00 0.658 0.702

E hi 0.676 0.740 4.52 4.77 0.682 0.681 0.640 0.649 5.92 5.99 0.635 0.719

K th 0.618 0.637 6.60 7.26 0.674 0.683 0.595 0.631 8.94 8.57 0.574 0.636
tr 0.642 0.657 16.20 18.68 0.676 0.710 - - - - - -
bg 0.446 0.657 17.52 19.36 0.859 0.813

Q el 0.446 0.515 12.41 12.55 0.806 0.800 - - - - - -

& es 0.544 0.711 23.53 26.21 0.793 0.740 0.505 0.586 19.05 21.93 0.665 0.743

S hi 0412 0.534 5.22 5.32 0.822 0.792 0.387 0.270 6.41 6.94 0.676 0.793

& th 0.583 0.613 7.98 8.31 0.748 0.703 0.595 0.622 8.97 10.00 0.619 0.688
tr 0.583 0.632 20.70 22.75 0.762 0.736 - - - - - -

Table 18: Zero-shot evaluation results on SIB200 and TAXI1500 for languages unseen during training. We compare
DG-CF and MACRO across three metrics: soft label flipping rate (SLFR (1)), perplexity (PPL ({)), and semantic
similarity (SS (1)). best denote the best results for each language-metric pair, respectively.

Lang Validity Fluency Minimality Lang Validity Fluency Minimality
en +19.18  —3.33 —6.87 en —29.01 +54.75 +65.20
de +14.28  —3.63 —4.52 de —32.57  +48.44 +65.93
zh +14.43  —3.59 —3.68 zh —-32.17  +111.56 +47.60
ar +10.12  +12.06 —5.65 ar -30.81  +83.80 +63.19
vi +6.43 —3.55 —4.76 vi —28.56  +93.00 +59.66
SW +7.88 —2.10 —36.27 sW —54.64  49.60 +78.83
ru +9.20 —2.12 —3.48 ru -33.85  +65.00 +62.64

Table 19: Relative degradation (%) under w/o Ryjp.

Table 21: Relative degradation (%) under w/o Rgit.

Lang Validity Fluency Minimality Lang [Av| [Ag| [Amn| Overall
en +12.45  +2.35 —8.34 SW 25.00 5.39 50.84  27.07
de +12.94  -3.17 —6.34 zh 19.00 39.92 1871  25.87
zh +10.39  +4.61 —4.85 ar 16.50 34.73 24.81  25.35
ar +8.57  +8.34 —5.98 vi 14.64 33.12 2240  23.39
vi +8.93  —2.81 —2.78 en 20.21 20.15 26.80 22.39
SW +12.47  —4.46 —37.42 de 19.93 1841 25.60 21.31
ru +4.81  —4.90 —3.50 ru 15.95 24.00 23.20 21.05

Table 20: Relative degradation (%) under w/o Ryg.

(the edit constraint was restraining flip success),
with Swahili showing the largest gain (54.64%)—
its SLFR and HLFR roughly double without the
edit constraint. However, this comes at severe cost
to fluency and minimality. Chinese suffers the worst
fluency degradation (+111.56%, i.e., PPL more
than doubles), followed by Vietnamese and Arabic.
Swahili’s fluency degradation is remarkably con-
tained (4+9.60%), likely because its baseline PPL is
already high due to limited pre-training coverage,
leaving less room for relative worsening. Mini-
mality degrades dramatically across all languages,
with Swahili showing the worst (+78.83%), fol-

Table 22: Average absolute relative change (%) across
all three ablation settings, and overall sensitivity (mean
of three dimensions). Higher values indicate greater
sensitivity to component removal.

lowed by German and English. Chinese has the
lowest minimality degradation (4+47.60%) under
this setting.

M.3.2 Overall Language Sensitivity

Swahili emerges as the most sensitive language
overall, in particular its extreme minimality and
validity sensitivity. This oscillation between ex-
tremes, unique to Swabhili, likely stems from its
limited pre-training representation, causing the
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(b) TAXI1500 label distribution.

Figure 7: Label distributions of the two evaluation
datasets. Subfigure (a) shows SIB200 and subfigure
(b) shows TAXI11500.

model’s behavior to be highly contingent on the spe-
cific reward configuration. In contrast, Swahili’s
fluency sensitivity is the lowest (5.39%), indicat-
ing that its generation quality is relatively stable—
possibly because the baseline PPL is already high
and leaves little room for relative change. Chi-
nese and Arabic rank second and third overall,
but their sensitivity profiles are qualitatively dif-
ferent from Swabhili’s. Both are dominated by flu-
ency sensitivity. English and German display the
most balanced sensitivity profiles, with all three
dimensions falling within a relatively narrow range.
English has the highest validity sensitivity among
high-resource languages, confirming that its label-
flip success depends most critically on the collab-
oration among all three rewards. German tracks
closely behind English in all dimensions. Russian
is the least sensitive language overall (21.05%),
with the lowest validity sensitivity (15.95%). This

Setting Method SLFR1 PPL| SS1
.~ DG-CF 062 283 0.69
g‘ig";_ao% B MACRO WO Rue 062 246 072
MACRO 0.68 24.0 0.69
cemma3_ag DG-CF 053 310 062
TAXH 500 MACRO W/O Raug 056 238 0.69
MACRO 060 235 0.68
DG-CF 061 324 072

3-88
%‘“I’;ZOO MACRO W/o Ruye  0.63  27.1  0.70
MACRO 0.70 279 0.70
_en DG-CF 050 289 0.67
%’iﬁ 5%80 MACRO W/o R 0.62 266 073
MACRO 0.64 249 0.70

Table 23: MACRO without R, the configuration appli-
cable to black-box models, compared with DG-CF and
the full method. All values are averaged over the seven

languages. best marks the best result per metric.

suggests that Russian counterfactuals are inherently
close to the decision boundary and relatively well-
formed, making each individual reward compo-
nent less critical. Vietnamese occupies the middle
ground, with elevated fluency sensitivity (33.12%)
comparable to Chinese and Arabic, but more mod-
erate validity and minimality profiles.

N Counterfactual Data Augmentation

Beyond serving as explanations, SCEs have prac-
tical value as training data, where counterfactual
data augmentation (CDA) improves downstream
task performance and robustness (Qiu et al., 2024;
Nguyen et al., 2024; Wang et al., 2025c). We test
whether MACRO’s SCE:s serve this purpose, using
Gemma3-12B.

N.1 Setup
Let D(E) =

train
split in language ¢, where y: ©) is the gold label,
and let Dyin = Uye EDt(é)in. SFTog is trained on
Dirain alone, whereas CDA is trained on the original
data together with the corresponding counterfactu-

als,

(xz(z) , y: (Z))}fil denote the training

Deon = Duun U1, 5%) | M) = 50,

i.e., only counterfactuals that reach their target la-
bel are added, at most one per instance. We con-
struct Dcpa separately from MACRO, DG-CF, and
SFT counterfactuals, keeping everything else fixed,
and train all models with LoRA for two epochs
using the configuration of Table 4. All models are
evaluated on the original test set. Zero-shot denotes
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Model Temp. SLFR (1) HLFR (1) Uniq.
0.7 89.8 12.6 3.78
Qwen3-4B 1.1 89.0 14.8 5.30
1.5 89.8 14.8 6.48
0.7 62.0 53.0 7.02
Gemma3-4B 1.1 59.2 52.4 8.46
1.5 57.8 52.4 8.98

Table 24: Temperature sweep on English SIB200, sam-
pling ten candidates per input. SLFR and HLFR are
reported in %. Uniq. is the average number of distinct
candidates among the ten.

the untuned model M evaluated on identical test
set.

N.2 Results

Table 2 shows that, for Gemma3-12B, including
counterfactuals generated by MACRO consistently
outperforms both SFT;; and CDA from DG-CF
and SFT on both datasets when averaged over
all languages. Among the three CDA conditions,
MACRO is the only one that outperforms SFTg
on both datasets, whereas DG-CF falls below it
on almost every language and SFT is inconsistent
across datasets. Couterfactual data augmentation
thus helps only when the added counterfactuals
are of sufficient quality, indicating that MACRO’s
SCE:s are more reliable as training data than those
of either baseline.

O Applicability to Black-box Models

MACRO requires logit access only for Ry, since
Ryip needs only the predicted label and Regi¢ only
the original input and its counterfactual, both of
which are obtainable through a black-box model
APIL. MACRO without R,y (Tables 16 and 17) can
therefore be applied to explain black-box models,
and Table 23 summarizes this configuration against
DG-CF and MACRO with full scores.

The w/0 Rayg ablation improves over DG-CF
on all three metrics in most settings. Relative to
the MACRO with full scores it loses validity, as
expected from the role of R,y (§5.2), while min-
imality is comparable or better. Preference opti-
mization for multilingual SCE generation is thus
deployable without logit access, with R,y acting
as an optional refinement.

P Target-Label Transition Difficulty

Label transitions differ substantially in difficulty.
Figure 16 reports HLFR (§H.1) for every source—

Model Language SIB200 TAXI1500

en 77.9 93.7

de 92.7 91.3

@ zh 96.6 95.2
& ar 96.4 98.8
< Vi 93.9 97.1
= sw 97.0 97.2
ru 80.0 94.5

Avg 90.6 95.4

en 76.2 96.7

de 80.5 98.7

@ zh 77.7 923
& ar 91.3 97.0
S Vi 87.9 94.3
& sw 78.9 99.7
ru 78.5 96.5

Avg 81.6 96.5

en 89.7 83.4

de 87.6 90.6

@ zh 92.3 87.2
:"8 ar 92.2 85.2
£ Vi 91.3 80.9
3 sw 94.0 93.5
ru 92.3 85.9

Avg 91.3 86.7

en 98.6 95.0

o de 99.1 93.7
X zh 98.0 90.0
h ar 99.7 95.8
© Vi 99.0 89.8
§ sw 99.3 93.4
ru 98.4 89.7

Avg 98.9 92.5

Table 25: Retention rate (%) of training inputs, i.e., the
fraction with at least one flipping candidate among the
ten sampled.

target pair, pooled over all four models and seven
languages. The matrix is strongly asymmetric, as
the two directions of a pair differ by 32% on av-
erage on SIB200 and 82% on TAXI1500 in rela-
tive terms. Flip difficulty is thus a property of the
ordered pair rather than of the semantic distance
between two classes.

Q Sampling Temperature Sensitivity

We sample ten candidates per input at a temperature
of 1.1 in all experiments (Appendix B). To check
how much this choice matters, we sweep the tem-
perature over {0.7,1.1,1.5} on English SIB200
with two models. Table 24 shows that flip rates
move by at most a few points and in no consis-
tent direction across the two models, whereas the
candidates become steadily more distinct as the
temperature rises. Temperature thus mainly affects
how many distinct candidates the ranking stage
can choose from, rather than whether they flip the
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Model Retained Discarded

Qwen3-4B 8.11 4.47
Qwen3-8B 8.28 5.99
Gemma3-4B 9.29 8.52

Gemma3-12B 9.75 9.60

Table 26: Average number of distinct candidates among
the ten sampled, for retained and discarded inputs,
pooled over both datasets and all languages.

prediction.

R Preference Pair Retention

An input enters DPO training only if at least one
of its ten sampled candidates flips the model pre-
diction (§3.3). Training could therefore be biased
toward inputs that are easy to flip. Table 25 shows
that 91.8% of inputs are retained overall. Retention
differs more across models and datasets than across
languages, and it is not lower for the lower-resource
ones: Arabic or Swahili is the most retained lan-
guage for every model and dataset, while English
is among the least retained in most cases. The dis-
carded part is thus small and does not fall mainly on
the languages where such a bias would matter most.
Table 26 shows what the discarded inputs look like.
For the two Qwen3 family models, they produce
far fewer distinct candidates than the retained ones,
so the ten samples were nearly identical and left
nothing for the ranking stage to compare. For the
Gemma3 family models this gap is small, so their
discarded inputs are more likely to be genuinely
difficult.

S Impact on Task Classification Accuracy

Aligning a model to flip its own predictions could
in principle distort the decision boundary that the
counterfactuals are meant to explain. To assess
this, we evaluate the models trained with MACRO
on the original test set, and compare them with
the corresponding base models on the same in-
puts. Table 27 indicates no systematic degrada-
tion. Averaged over all models, datasets, and
languages, accuracy increases by 2.7% in rela-
tive terms. Gemma3 family models change negli-
gibly, whereas Qwen3-4B and Qwen3-8B improve
by 6.8% and 9.3% on TAXI1500. The decision
boundary that MACRO explains is therefore pre-
served rather than distorted, and in some settings
even refined.

3 L SIB200 TAXI1500
2 Lang.
= Base MACRO A Base MACRO A
en 804 814 +1.2 36.0 37.8 +5.0
de 804 809 +0.6 297 333 +12.1
Q zh 82.8 83.3 +0.6 38.7 414 +7.0
Looar 824 814 —1.2 441 45.0 +2.0
S vi 76.5 770 +0.7 36.0 37.8 +5.0
S sw 574 578 407 189 216 +14.3
ru 82.8 833 +0.6 35.1 37.8 +7.7
Avg 775 779 404 341 364 +6.8
en 82.8 82.4 —0.5 252 306 +214
de 784 794 +1.3 21.6 234 +8.3
Q zh 779 784 +0.6 432 450 +4.2
L oar 799 804 406 486 477 —-1.9
S vi 82.4 824 +£0.0 243 306 +25.9
S sw 603 632 +4.8 153 17.1  4+11.8
ru 81.4 81.9 +0.6 24.3 27.0 +11.1
Avg 776 783 409 289 31.6 +9.3
en 809 819 +1.2 387 405 +4.7
de 843 84.3 +£0.0 49.5 505 +2.0
Q@ zh 814 814 £0.0 405 414 +2.2
r(lvu ar 833 833 +£0.0 45.0 450 +0.0
E Vi 804 809 +0.6 44.1 45.0 +2.0
g sw 809 809 0.0 523 514 —1.7
ru 814 814 0.0 47.7 46.8 —-1.9
Avg 818 820 +03 454 458 +0.9
en 87.7 86.8 —1.0 505 514 +1.8
o de 89.7 89.7 +£0.0 514 505 —1.8
N zh 858 863 +0.6 423 423 +0.0
4 ar 882 887 +0.6 595 577 -3.0
S i 89.2 887 —0.6 46.8 46.8 +0.0
S sw 853 84.8 —0.6 48.6 495 +1.9
© ru 887 882 —06 441 441 +0.0
Avg 878 876 —-02 490 489 0.3
Table 27: Classification accuracy (%) on the original

test inputs before and after MACRO training. A is the
relative change in %.
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Prediction Prompt — SIB200 ]
J

Je

You are a multilingual topic classifier.

Output exactly one topic label with no additional text.

Classify the primary topic of this {language} text.

Available topics: entertainment, geography, health, politics, science/technology, sports,
travel

Rules:

e Choose the single best topic the text is mainly about
e If multiple topics appear, pick the primary subject
e Output only the label word

Example:

Text: The prime minister announced new election dates.
Answer: politics

Now classify:

Text: {text}

Answer:

@)
(a) SIB200

Prediction Prompt — TAXI1500 \
J

Jo

You are a multilingual verse classifier.

Output exactly one label with no additional text.

Classify the category of this {language} verse/text.

Available labels: recommendation, faith, violence, grace, sin, description
Rules:

e Choose the single best label
e Output only the label word exactly as provided
Example:
Text: Love your neighbor as yourself.
Answer: recommendation
Now classify:
Text: {text}
Answer:

—/

@)
(b) TAXI1500

Figure 8: Prediction prompts used for the two evaluation datasets: SIB200 and TAXI1500. Since the tasks differ
across datasets, we adopt dataset-specific prompts for label prediction.
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Counterfactual Prompt — SIB200 w
J

@
Given a sentence in {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 surrounded by <edit>[sentencel</edit> in {language}.

#####Begin Example#itit

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 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>
###HH#H#END Example#it##

Request: Given a sentence in {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 surrounded by <edit>[sentence]</edit> in {language}.

Original topic: {prediction_label}

Sentence: {text}

Target topic: {target_label}

Edited sentence:

@)
(a) SIB200

Counterfactual Prompt — TAXI1500 ] @
J

Given a verse/text in {language} classified as belonging to one of the labels: "recommendation”,
"faith", "violence"”, "grace", "sin", "description”. Modify the text to change its label to the
specified target label and output ONLY the edited text surrounded by <edit>[text]</edit> in
{language}.

####Begin Example####

Original label: faith

Text: Trust in God and do not be afraid.

Target label: recommendation

Step 1: Identify key phrases or words determining the original label: ’Trust in God’, ’do not be
afraid’

Step 2: Modify these phrases to reflect the target label (recommendation): Replace with
advice/actionable guidance.

Step 3: Replace the identified parts in the original text.

Edited text: <edit>Be kind to others and forgive those who wrong you.</edit>

#H#HH#HEND Example#iti

Request: Modify the following text in {language} to achieve the target label from the original
one.

Original label: {prediction_label}

Text: {text}

Target label: {target_label}

Edited text:

—/

(@)
(b) TAXI1500

Figure 9: Counterfactual generation prompts used for SIB200 and TAXI1500. For each dataset, both DG-CF and
MACRO use the same generation prompt.
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/[ SIB200 Dataset Examples ]
J

Language

Sentence

Label

ar

de

en

ru

sw

vi

zh

ey Judly Ol dl KU 2801 ) (o35 6 Vs OF gt M 025U Ui
Lo 055 @y i) Jodl Sl Ol 3 Loy gl s UL sl
YOI Ve o sbdl Ol e e 651V e 8] Yo
Fithrende Forscher sagen, dass dies die Fritherkennung von Krebs,
Tuberkulose, HIV und Malaria fiir Patienten in einkommensschwachen

Landern fordern konnte, wo die Uberlebensraten bei Krankheiten wie
Brustkrebs teilweise nur halb so hoch sind wie in reicheren Landern.

Lead researchers say this may bring early detection of cancer,
tuberculosis, HIV and malaria to patients in low-income countries, where
the survival rates for illnesses such as breast cancer can be half those of
richer countries.

Beny1ye ucciejoBaTeN yTBEPKAAIOT, UTO OH MOYKET IIOMOYb B
paHHeM BBIIBIEHMM paka, TyOepKyiesa, BUY u Manapum y manmeHToB
B CTpaHax ¢ HU3KUM YPOBHEM HOXOJA, T€ II0KA3aTeN! BELKIBAEMOCTH
Ipu TaKMx 6OJIe3HsX, KaK paK MOJIOUHOIL JKeJIe3bI, MOTYT OBITh B IBA
pasa HiDKe, ueM B Goitee GOraThIX CTpaHax.

Watafiti wakuu wanasema hili linaweza kuleta ugunduzi wa mapema wa
saratani, kifua kikuu, ukimwi na malaria kwa wagonjwa katika nchi
zenye mapato ya chini, ambapo viwango vya kupona kwa magonjwa
kama vile saratani ya matiti vinaweza kuwa nusu ya vile vya nchi tajiri.
Céac nha nghién ctiu chinh néi rang diéu nay c6 thé gitp phat hién s6m
bénh ung thu, bénh lao, HIV va bénh s6t rét cho bénh nhan & cac nude co
thu nhap thip, ndi ma ty 1é séng sot khi méc phai nhiing bénh nhu ung
thu v ¢6 thé chi bing mot nia ty 1& d6 & nhiing nudc giau.
FEHFFNRAIFIR, AT PALEARISA B R/ XA 825 R A DR
JfiZERg . SCRERRRIESE . X SR R/ HIX, FUIRIE PRy A7 5
HTRE UK W E A 21

health

health

health

health

health

health

health

(a) Dataset Examples of SIB200.

(( TAXI1500 Dataset Examples ]
J

Language

Sentence

Label

ar

de

en

ru

swW

vi

zh

olaadl e 1) r:i»:.UU-La ol e 0S5 fﬁ‘%d‘ 2 Yol ae,
Ein Knechtdes Herrn aber soll nicht streiten, sondern gegen alle milde sein,

lehrféahig, duldsam,

For a slave of the Lord does not need to fight, but needs to be gentle toward all,
qualified to teach, showing restraint when wronged,

paby »xe l'ocriona He JOIKHO CCOPUTHCS, HO OBITH IPUBETIMBBIM KO BCEM,
YUMTEIBHBIM, HE3JIOOUBEIM,

Tena haimpasi mtumishi wa Bwana kuwa mgomvi, bali inampasa awe mwema
kwa kila mtu, awezaye kufundisha, tena mvumilivu.

Va, t6i t6 cia Chia khong nén ua su tranh canh; nhung phai 6 tii t€ v6i moi
ngudi, c6 tai day d, nhin nhuc,

KM ERNAAT G5, RESRBAAHARN, HETHT, P02,

grace

grace

grace

grace

grace

grace

grace

(b) Dataset Examples of TAXI1500.

Figure 10: Dataset examples.
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Lang.  Source Sentence Prediction

ar Original Qu.t.ﬂdcb”ar:\a:.\luhp G}L 3 jie Oﬂk}gf\a\é&\%\(g)\ Ae grace

ar DG-CF 5,0 ghas sl SN G ae iy Ol Lol 8y faith

ar TB-CF Spe:ﬂ g u(_.(»:w\l Mase ¢ Ul &= L;.:LJ Q)Q' [JT JL C\:&_ Y odia it C\:A_ Y Al e oY recommendation
s Ay oaill oy Q) e ks 3

ar MACRO olazll Je Yyl ;:Ji‘ 4 UL uﬁ‘_}: r«a\%(}\%\]g}\ Aey sin

de Original Ein Knechtdes Herrn aber soll nicht streiten, sondern gegen alle milde sein, lehrfahig, grace
duldsam,

de DG-CF Ein Knechtdes Herrn soll streiten und nicht mild sein, sondern zornig, unlehrend und faith
ungnadig.

de TB-CF Ein Knecht des Herrn muss nicht kimpfen, sondern muss sanftmiitig gegeniiber allen sein, grace
fahig, zu lehren, sich bei Unrecht beherrschen und Zorn und Stolz vermeiden.

de MACRO Ein Knechtdes Herrn soll streiten und gegen alle harte sein, lehrunfihig, unduldsam. faith

en Original For a slave of the Lord does not need to fight , but needs to be gentle toward all , qualified to grace
teach , showing restraint when wronged ,

en DG-CF For a slave of the Lord does not need to fight, but needs to be gentle toward all, qualified to grace
teach, showing restraint when wronged, and avoiding anger and pride.

en MACRO For a slave of the Lord does not need to fight, but needs to be cruel toward all, qualified to violence
teach, showing no restraint when wronged,

ru Original paby sxe Tocrosia He JOTKHO CCOPUTHCS, HO OBITH MPUBETIMBBIM KO BCEM, YUUTEIbHBIM, grace
He3JI00MBBIM,

ru DG-CF Paby e 'ocriona JOHKHO CCOPUTHCS, OBITH TPYOBIM K APYTUM, HEyUNTeIbHbBIM, 3I00HBIM. violence

ru TB-CF Paby I'ocriona He HYXHO G0POTBCS, HO HY>KHO OBITh JOoOpee KO BceM, OBITh grace

IIOATOTOBJIEHHBIM K IIPEIIOaBaHNIO, IIPOABIIATH TEPIIEHMIE B ClIydae HECIIPAaBEIJINBOCTI 11
usberarb rHeBa U TOPObIHIL.

ru MACRO Paby »xe I'ocriona JOILKHO CCOPUTHCS, OBITH HEIPUBETINBBIM K HEKOTOPBIM, 31I00HBIM 1 faith
Hey4MTeNbHBIM.
sw Original Tena haimpasi mtumishi wa Bwana kuwa mgomvi, bali inampasa awe mwema kwa kila mtu, grace

awezaye kufundisha, tena mvumilivu.

sw DG-CF Tena haimpasi mtumishi wa Bwana kuwa mgomvi, bali inampasa awe mwema kwa kila mtu, grace
awezaye kufundisha, tena mvumilivu.

sw TB-CF Mwanaume wa Mungu hakuna kushambulika, lakini inaweza kushuka kote kote, amekuwa grace
na makini ya kutoa maelezo, amekuwa na makini ya kushuka kama kuna kushuka, na
kushuka kama kuna kushuka.

sw MACRO Tena haimpasi mtumishi wa Bwana kuwa mgomvi, bali inampasa awe mabadiliko kwa kila faith
mtu, awezaye kuongeza kosa, tena kosa.

vi Original Va, t0i t6 cia Chiia khong nén ua su tranh canh; nhung phai 6 tii t€ v6i moi ngudi, c6 tai day grace
dd, nhin nhuc,

vi DG-CF Va4, toi t6 ctia Chia khdéng nén ua su tranh canh; nhung phai 6 ti t€ v6i moi ngudi, c6 tai day faith
dd, va phai biét tlic gian ké lam 16i.

vi TB-CF Mot ngudi day té cia Chia khong can phai chién ddu, nhung can phai hién lanh véi tit ca moi grace
ngudi, du diéu kién dé giang day, biét kiem ché khi bi hiéu lam, va tranh su tlic gian va tu phu.

vi MACRO Va t8i t6 ctia Chtia nén ua sy tranh canh; phai ling ma moi ngusi, khong c6 tai day dd, kiéu violence
cang.

zh Original R EMAPAT S5, REGREARMERN, T8, FOEW, grace

zh  DG-CF SR ERANAARTT 58, REHRBAAH RN, H TS, OB, BNERFTE. grace

zh TB-CF —MNRERANARTES N, KX PTENRTE, BREETEAN, E2ZEN LN, grace
RGN -

zh MACRO SR EMAMAT S5, REREARAHERA, ETES, FOIETE. faith

Table 9: Multilingual counterfactual examples from the TAXI1500 task. The figure shows original Bible verses and
their labels together with counterfactual samples generated by three methods (DG-CF, TB-CF, and MACRO) across
multiple languages using Qwen3-8B.
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Lang.  Source Sentence Prediction

ar Original AR RCAPERRIRI] lé Lo o ) (FUL sl gy Jdly O ol Sl s ©2% 8 s o O N 02Ul 3" health
"W O S Vme i el Ol e 51V e sl & Vakao b 085 3y i)

ar DGCF  oVaee b 0,5y coabnall ol Sl Ol G _adl el (oY1 oo S SatO1 ) gy 38 Vs O Ot N 02U Do health
oV O SV G5l Ol e 2o Gl oY) e 3

ar TBCE Jeall o5 Jall ol LS ST e Sl dly Judly 0l dl oo S CatSO1 Ut 6 Vi 0] Ot ) 02U o travel

Al 3 2 b s o) Ol e oo G211 e LA 43 e el SV 0,5 0 K ¢l
ar MACRO (il e Al olys ol “} Loy o 2l (PUL 5l gy Jdly i) S s 4) @25 B s of O gt N O g2 science/technology
P R R N Sy S WP B P RO A

de Original Fithrende Forscher sagen, dass dies die Fritherkennung von Krebs, Tuberkulose, HIV und Malaria fiir Patienten in science/technology
einkommensschwachen Lindern férdern kénnte, wo die Uberlebensraten bei Krankheiten wie Brustkrebs teilweise nur halb so
hoch sind wie in reicheren Landern.

de DG-CF Fithrende Reiseexperten sagen, dass dies die Fritherkennung von Krebs, Tuberkulose, HIV und Malaria fiir Reisende in travel
einkommensschwachen Lindern férdern kénnte, wo die Uberlebensraten bei Krankheiten wie Brustkrebs teilweise nur halb so
hoch sind wie in reicheren Landern.

de TB-CF Fiihrende Forscher sagen, dies konnte eine frithzeitige Erkennung von Krebs, Tuberkulose, HIV und Malaria fiir Reisende in science/technology
einkommensschwachen Lindern ermoglichen, wo die Uberlebensraten bei Krankheiten wie Brustkrebs halb so hoch sind wie in
reicheren Landern.

de MACRO Fithrende Forscher sagen, dass dies die Fritherkennung von Reisen, Tourismus, Flughifen und Museen fiir Touristen in science/technology
einkommensschwachen Lindern férdern kénnte, wo die Uberlebensraten bei Reisezielen wie fremden Kulturen teilweise nur halb
s0 hoch sind wie in reicheren Landern.

en Original Lead researchers say this may bring early detection of cancer, tuberculosis, HIV and malaria to patients in low-income countries, science/technology
where the survival rates for illnesses such as breast cancer can be half those of richer countries.

en DG-CF Lead researchers say this may bring early detection of cancer, tuberculosis, HIV and malaria to travelers in low-income countries, health
where the survival rates for illnesses such as breast cancer can be half those of richer countries.

en MACRO Lead travelers say this may bring early discovery of destinations, tuberculosis, HIV and malaria to tourists in low-income countries, health
where the survival rates for illnesses such as breast cancer can be half those of richer countries.

ru Original Bemymme ucceoBaTenu yTBEPKAAIOT, YTO OH MOKET IIOMOUb B paHHEM BBIABIEHNUN paka, Tybepkyitesa, BUY u manapym y health
TIAIMEHTOB B CTPaHAX C HU3KMM YPOBHEM TOXOJIa, TMle OKa3aTelM BbKMBAEMOCTH IIPY TaKUX GONE3HSX, KaK PaK MOJIOUHOIM
KeJle3bl, MOTYT OBITH B JIBa pa3a HIKe, UeM B Goslee GOraThIX CTpaHaX.

ru DG-CF Beny1me nccireT0BaTeNM yTBEPKIAIOT, YTO OH MOKET IIOMOUb B PAHHEM BBISBIICHIN JIOCTOIPUMeYaTeTbHOCTEI!, TPaIMIIIT 1 travel
KyJBTYPHBIX 0COGEHHOCTEI PY ITyTEIIeCTBUAX II0 CTPAHAM C HU3KMM yPOBHEM JIOXOJIa, TIe II0Ka3aTel i MHTepeca K MeCTHBIM
JOCTOTIPYMMeYaTeIbHOCTSM MOTYT GBITh B JIBa pa3a HIKe, YeM B Gojiee GOraThIX CTpaHax.

ru TB-CF Benyiue nccieoBaTelny FOBOPSAT, YTO 3TO MOKET II03BOJIMTH PaHHee BhIIBIEHMe paka, TyOepkynesa, BUY u manspun y health
Ty TeIIeCTBEHHMKOB B CTPAaHAX C HM3KUM yPOBHEM JIOXOJIa, TIe BEIKMBAEMOCTD IIPY 3a60JIeBAHMSX, TAKIX KaK PaK MOJIOUHOIM
KeJIe3bl, MOKET COCTABJIATH TOJIOBUHY IOKa3aTeJieil 6oJiee pa3BUTBIX CTPaH.

ru MACRO Benymime uccienosarenu yTBepKIaioT, UTO OH MOKET TOMOYb B DAHHEM BBIABJICHUN TYPUCTUUECKIUX TOUEK, TPATMIINIL, travel
JIOCTONIPMMeYATeIbHOCTEIT M KYJIBTYPHBIX 0COGEHHOCTEN! B CTPaHaX C HUSKIM YPOBHEM J0XOJIa, T/ie IoKasaTel MHTepeca K
IIyTeLIeCTBUAM, KaK II0CEIleHIe IaMATHUKOB, MOTYT OBITh B /1Ba pasa HIDKe, 4eM B Goiiee GOraThIX CTpaHax.

sW Original Watafiti wakuu wanasema hili linaweza kuleta ugunduzi wa mapema wa saratani, kifua kikuu, ukimwi na malaria kwa wagonjwa health
katika nchi zenye mapato ya chini, ambapo viwango vya kupona kwa magonjwa kama vile saratani ya matiti vinaweza kuwa nusu
ya vile vya nchi tajiri.

sW DG-CF Watafiti wakuu wanasema hili linaweza kuleta ugunduzi wa mapema ya mitihani ya mfulu, mafanikio ya mfulu, ukimwi na malaria health
kwa wagonjwa katika nchi zenye mapato ya chini, ambapo viwango vya kupona kwa magonjwa kama vile saratani ya matiti
vinaweza kuwa nusu ya vile vya nchi tajiri.

sW TB-CF Wanaresearcher wa kwanza wanaonyesha kuwa hii inaweza kubadilisha ujumla wa kusafiri kwa kuzingatia ujumla wa kusafiri kwa travel
kuzingatia ujumla wa kusafiri kwa kuzingatia ujumla wa kusafiri kwa kuzingatia ujumla wa kusafiri ...

swW MACRO Watafiti wakuu wanasema hili linaweza kuleta ugunduzi wa mapema wa saratani, kifua kikuu, ukimwi na malaria kwa wagonjwa health
katika nchi zenye mapato ya chini, ambapo viwango vya kupona kwa magonjwa kama vile saratani ya matiti vinaweza kuwa nusu
ya vile vya nchi tajiri.

vi Original Céac nha nghién ctiu chinh néi ring diéu nay c6 thé gitip phat hién sém bénh ung thu, bénh lao, HIV va bénh s6t rét cho bénh nhan health
& cac nudc c6 thu nhap thip, ndi ma ty 1é séng sét khi méc phai nhiing bénh nhu ung thu vi c6 thé chi bing mot nta ty 1¢ d6 6
nhiing nudc giau.

vi DG-CF Céc nha nghién ctiu chinh néi rdng diéu nay c6 thé gitp phat hién sém cac diém dén du lich tiém néng, bénh lao, HIV va bénh sét travel
rét cho du khéch & cac nudc ¢6 thu nhép thip, noi ma ty 1é séng sot khi méc phai nhiing bénh nhu ung thu vu ¢6 thé chi bing mét
ntia ty 1é d6 6 nhiing nudc giau.

vi TB-CF Nhiing nha nghién ctu hang dau cho biét diéu nay c6 thé gitp phat hién sém cac bénh nhu ung thu, lao, HIV va sét rét ¢ du khach health
tai cac quéc gia thu nhap thép, ndi ty 1é séng sot ddi véi cac bénh nhu ung thu vii ¢6 thé chi bing mét nia so véi & cac nude giau hon.

vi MACRO Céac nha nghién ctiu chinh néi ring diéu nay c6 thé gitp phét hién sém cac diém du lich, bénh lao, HIV va bénh sot rét cho bénh health
nhan & cac nude c6 thu nhap thip, noi ma ty 1é séng so6t khi mic phai nhiing diém du lich nhu ung thu vu ¢ thé chi bing mot nia
ty 1& d6 6 nhiing nudc giau.

zh Original  FEHFTEN IR, XA ALEARBONE /MR ) (08 R R BURAE . W4, SCBEARDERS . (ERXSEEZABIX, FUIESE health
A AT T RE SO B A E R A2
zh  DG-CF FERAT ERFR, X AR A AR 5K R PR . BiSEH% . SRR . e S E MK, FLIRE S travel

BRI LA R REOUN B AR E R —

zh  TB-CF BTN GER, XAT B AR [ G IRA Tl R L A BRI . 00 . UM RESIRE ), FEXLEIEZ, 2 science/technology
TR A 1717 5 1T R SO R A LR —2F

zh  MACRO  EERWFIFFCN IR, XA AR [ 5/ M X e S e BUEE . A, MBI RDESE . (EIXSEE K, FLIR travel
TSP AR AF R AT R OO AR B R —2F

Table 10: Multilingual counterfactual examples from the SIB200 task. The figure shows original sentences and
their labels together with counterfactual samples generated by three methods (DG-CF, TB-CF, and MACRO) across
multiple languages using Qwen3-8B.
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Lang.  Source Sentence Prediction

ar Original .m,«.-..” SbYes Y A E o elas VI Ll sy B A.,l)) b & ekl (o science/technology

ar MACRO .wﬁ,«.«Jl SbMes Y an i AT RV P SIS AJ)) b aldl Coar science/technology

ar w/o Rfiip .mﬁ,«.«Jl SbMes Y an i R VISP SWNPS AJ)} b | awldl Caar science/technology

ar w/0 Raug .li SbYes Y 4 E > ('.hLLJ\ Leh vy e AN\)) S| anld) o politics

ar W/o Reait  +Jadl cp OBV and oo e W e Al S| Ol il o politics

de Original Durch den Wechsel vom Viertelmeilen- zum Halbmeilen-Rennen ist das Tempo weitaus weniger wichtig und sports
Ausdauer eine absolute Notwendigkeit.

de MACRO Durch den Wechsel vom Regionalwahl- zum Nationalwahl-System ist die Parteizugehorigkeit weitaus weniger politics
wichtig und Koalitionsbildung eine absolute Notwendigkeit.

de w/0 Ry1ip  Durch den Wechsel vom Wahlkreis zum Bundestag ist die Parteizugehérigkeit weitaus weniger wichtig und die politics
Erfahrung eine absolute Notwendigkeit.

de w/0 Raug Durch den Wechsel vom Parteienwechsel zum Regierungsbildungsprozess ist die Parteispaltung weitaus politics
weniger wichtig und Koalitionsfahigkeit eine absolute Notwendigkeit.

de w/0 Reqit  Durch den Wechsel von einer Parteienkoalition zur Regierungsbildung ist die Meinungsbildung weitaus politics
weniger wichtig und die politische Erfahrung eine absolute Notwendigkeit.

en Original With the change from the quarter to the half mile run, speed becomes of much less importance and endurance sports
becomes an absolute necessity.

en MACRO With the change from the policy to the legislative agenda, strategy becomes of much less importance and politics
compromise becomes an absolute necessity.

en w/o Ryiip ~ With the change from the policy to the legislative mile run, speed becomes of much less importance and science/technology
endurance becomes an absolute necessity.

en w/0 Raug  With the change from the policy to the legislative agenda, power becomes of much less importance and science/technology
compromise becomes an absolute necessity.

en w/0 Reqir  With the shift from one political party to another, ideology becomes of much less importance and compromise politics
becomes an absolute necessity.

ru Original Ecnu yBenmuuTh paccTosiHme [iis Gera ¢ YeTBEPTH 0 MOJIOBMHBI MILIN, CKOPOCTh CTAHOBIUTCS He TaK BaXKHa, sports
TOTfa KaK BHIHOCIMBOCTD IIPEBPALLAETCS B AGCONIOTHYIO HEOOXOAMMOCTb.

ru MACRO Ecnu yBemmants paccTogHue [1us Ae6aToB ¢ YeTBEPTH A0 IIOJOBUHBI Uaca, CKOPOCTh CTAHOBIUTCS HE TaK science/technology
Ba)XKHA, TOIJIa KaK yMeHIe TOBOPUTD IPEBPAILAeTCs B aGCOMIOTHYIO HEOOXOAMMOCTb.

ru w/o R flip  Ecu yBeIMUUTH paccTOsHUE 115 [1e6aTOB C UeTBEPTH [0 IOJOBMHBI Yaca, CKOPOCTh CTAHOBUTCS HE TaK sports
BaKH4, TOTJIa KaK BBIHOCIMBOCTD IPEBPAIAeTCs B aGCOTIOTHYIO HEOOXOMMMOCTb.

ru w/0 Raug Ecnu yBemmuurs paccrosHme y1s 1eGaToB ¢ YeTBEPTH [0 TIOJIOBMHEI Yaca, CKOPOCTb CTAHOBUTCS He TaK science/technology
Ba)XHA, TOIJla KaK yOesKIEHHOCTb IIPEBPAILAaeTcs B AGCOMIOTHYIO HEOOXOMMOCTb.

ru W/0 Reqir  Ecam yBenmuurh cpok MOTHOMOYMIL OJUTHKA C YETHIPEX O IIATH JIET, CTA0MIBHOCTS CTAHOBUTCS He TaK politics
Ba)KHA, TOIJIA KaK JOBepye IPeBPAIaeTcs B abCOMIOTHYIO HEOOXOAMMOCTb.

sw Original Kwa mabadiliko kutoka mbio za robo hadi nusu maili, kasi huwa yenye umuhimu mdogo zaidi na ustahimilivu  science/technology
ukawa hitaji lenye umuhimu kabisa.

swW MACRO Kwa mabadiliko kutoka mbio za kura hadi nusu maili, kasi huwa yenye umuhimu mdogo zaidi na ustahimilivua  science/technology
ukawa hitaji lenye umuhimu kabisa.

sw w/0 Ry1ip  Kwa mabadiliko kutoka mbio za pambana hadi nusu maili, kasi huwa yenye umuhimu mdogo zaidi na science/technology
ustahimilivu ukawa hitaji lenye umuhimu kabisa.

sw w/0 Raug Kwa mabadiliko kutoka mbio za ujanja hadi nusu maili, kasi huwa yenye mafundisho mdogo zaidi na science/technology
ustahimilivu ujanja hitaji lenye mafundisho kabisa.

sw w/0 Reqit Kwa mabadiliko kutoka majukumu ya wale wanaume hadi kauli ya miji, mamlaki huwa yenye umuhimu mdogo health
zaidi na uhanika wa mamlaki hitaji lenye umuhimu kabisa.

vi Original Véi su thay d6i tii 1/4 sang 1/2 ddm chay, t6¢ d0 tré nén it quan trong hon nhiéu va stc bén tré thanh diéu kién  science/technology
tién quyét.

vi MACRO Véi su thay déi tii 1/4 sang 1/2 phiéu bau, s8 phiéu trd nén it quan trong hon nhiéu va su dong thuén tré thanh politics
diéu kién tién quyét.

vi w/o Ryiip Vi su thay dai tit 1/4 sang 1/2 phiéu biéu quyét, tdc do tré nén it quan trong hon nhiéu va su dong thuan tré science/technolog
thanh diéu kién tién quyét.

vi w/0 Raug Vi su thay d6i tii 1/4 sang 1/2 phiéu bau, tc d6 trd nén it quan trong hon nhiéu va su nht tri tré thanh diéu politics
kién tién quyét.

vi w/0 Regit  V6i su thay di tit mot chinh sach méi sang mét hiép ude quéc t€, quyén luc trd nén it quan trong hon nhiéu va politics
hop tac tré thanh diéu kién tién quyét.

zh Original SEAELURMBTI BE R AL S, e ) 2 MRk i) 5 R A S h 8 S R e o science/technology

zh  MACRO FALLUMFTHIBORAES) , TR 2 MK BORAE Bt AR RSk « politics

zh w/o Ryrip FAALUSMFIBORAS S, RN 2 MR 1 BORAS 5 b rp AR A B science/technology

zh w/0 Raug %E%Vﬂﬂi‘ﬁﬂ’]ﬂﬂ({ﬁﬁﬁ o TP N FIB R BAZE Sl H B2 A B o politics

zh W/o Reqir  BRAALLT | ABBTEAUIEAE , 02 0 2 M BUAT A B e i 2R i IR ISR E politics

Table 11: Multilingual counterfactual examples from the SIB200 task. The figure shows original sentences and their
labels together with counterfactual samples generated by three methods (MACRO and its different reward ablations)

across multiple languages using Qwen3-38B.

3204



Lang.  Source Sentence Prediction

ar Original QM\L;:\)WMU-L.; G‘:‘-L 3 e Q}QJ f\%d\%\lg}\ dey grace

ar MACRO QLB..‘J\J‘:VJ\L;;&ULB 05 r\a\é Ol ezt Y ol dey sin

ar WloRpiip 35 Kiza 31 e J2, BRI sin

ar w/0 Raug >)):3\ Je L/L:-,)ﬁl.:\! ‘f‘:iti% L33 g}))ig_éda 'Mm_ Ot ¥ ol Jats< violence

ar w/0 Redit ;;)\J.’J\ ‘__;/ A 43&5 4;,:,&...:\ .sL,:J\ 2y 5o o violence

de Original Ein Knechtdes Herrn aber soll nicht streiten, sondern gegen alle milde sein, lehrfihig, duldsam, grace

de MACRO Ein Knechtdes Herrn soll streiten und gegen alle harte sein, lehrunfahig, unduldsam. faith

de w/0 Ry1ip  Ein Knechtdes Herrn soll streiten, nicht milde sein, und gegeniiber allen unhéflich handeln. violence

de w/0 Raug  Ein Knechtdes Herrn aber soll streiten, gewalttitig sein, unertréglich und boshaft. violence

de w/0 Reqit  Ein Knechtdes Herrn soll streiten und allen gegeniiber unhéflich sein, unweise, ungeduldig und bése. violence

en Original For a slave of the Lord does not need to fight , but needs to be gentle toward all , qualified to teach , showing grace
restraint when wronged ,

en MACRO For a slave of the Lord does not need to fight, but needs to be cruel toward all, qualified to teach, showing no violence
restraint when wronged,

en w/0 Ry1ip  For aslave of the Lord does not need to fight, but needs to be cruel toward all, qualified to deceive, showing no violence
restraint when wronged,

en w/0 Raug A slave of the Lord must fight, and should not be gentle toward all, unqualified to teach, and show no restraint grace
when wronged.

en w/0 Reqit  Being cruel and unkind to others is a sin, and those who reject righteousness are condemned. sin

ru Original paby sxe ['ocrofa He JOIKHO CCOPUTHCS, HO OBITH IPMBETIMBBIM KO BCEM, YUMTEIbHBIM, HE3JI00MBBIM, grace

ru MACRO Paby sxe F'ocriozta OIHKHO CCOPUTHCS, OBITH HEIPMBETINBBIM K HEKOTOPBIM, ZIOOHBIM ¥ HEYUUTEIbHBIM. faith

ru w/0 Ryi1ip  Paby sxe [ocriofia MOTKHO CCOPUTDCA, GBITH IPYOBIM KO BCEM, 3T0GHBIM U HEIPUMUPUMBIM. violence

u w/0 Raug Paby ke 'ocriona MOMKHO CCOPUTHES, GBITH TPYOBIM KO BCEM, 3MOOHBIM I KPIUAIIIM. violence

u w/0 Reqit  Paby e Tocrona JOKHO cCOPUTHCS, OBITH 3II0GHBIM, TPYOBIM ¥ HEIPUMUPIMBIM K IPYTHM. violence

sw Original Tena haimpasi mtumishi wa Bwana kuwa mgomvi, bali inampasa awe mwema kwa kila mtu, awezaye grace
kufundisha, tena mvumilivu.

sw MACRO Tena haimpasi mtumishi wa Bwana kuwa mgomvi, bali inampasa awe mabadiliko kwa kila mtu, awezaye faith
kuongeza kosa, tena kosa.

sw w/0 Ry1ip  Tena haimpasi mtumishi wa Bwana kuwa mgomvi, bali inampasa awe mwingi kwa kila mtu, awezaye grace
kufundisha, tena mvumilivu.

sw w/0 Raug  Tena haimpasi mtumishi wa Bwana kuwa mgomvi, bali inampasa awe mtu mwingi kwa kila mtu, awezaye grace
kufundisha, tena mvumilivu.

sw w/0 Reqit Kuwa mtu wa kikosi, kuongea kwa mizigo, kumwonya mtu binafsi, na kuwa mpona wa mitume na kifungua. grace

vi Original V4, t6i td ctia Chtia khong nén ua su tranh canh; nhung phai 6 ti t€ v6i moi ngudi, c6 tai day dd, nhin nhuc, grace

vi MACRO Va t6i t6 ctia Chlia nén ua sy tranh canh; phai ling ma moi ngusi, khong c6 tai day dé, kiéu cing. violence

vi w/0 Ryiip  Va, toi t6 cia Chila nén ua su tranh canh; nhung phai séng ich ky véi moi ngusi, khong c6 tai day d, khong grace
nhin nhuc.

vi w/0 Raug Va, t6i t6 ciia Chiia nén thich déu tranh, khong phai § ti t€ v6i moi ngudi, khong c6 tai day db, khoéng nhin violence
nhuc.

vi w/0 Reqi+ Hay song trong su gian ac, khong biét ton trong ngudi khac va khong ngai lam diéu sai trai. violence

zh Original SR ERANAA 52, HESRRAAAE RN, B TES, F020, grace

zh MACRO R FERANAR TS5, HENRRAMAAE RN, HTES, FOfEhk. faith

zh w/o Ryrip  ARMERAMR I H5E, HRESREMAMAERN, HTET, FORH, HEATE. grace

zh w/o Raug  ARMERANATIFE, REEEMAMERN, HTHS, FOLN, AETE. violence

zh w/0 Reait  JUTIFIRN, AR JLBEHERY, Sk e . sin

Table 12: Multilingual counterfactual examples from the TAXI1500 task. The figure shows original sentences
and their labels together with counterfactual samples generated by three methods (MACRO and its different reward
ablations) across multiple languages using Qwen3-8B.
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Qwen3-4B MMLU
Category Accuracy (Base vs SFT vs DPO)

=] 0.65
College Chem ] 600
Abs Algebra § Toso— 0.88
] V.83
) 10.92
College Bio T0.55
. 10.71
Philosophy - u.ui'(z
g HS E Hist 'UOHB}
g) uro His! - (V)
Q =1 0.49
- 4
® Global Facts LO-35— 0.49
<.)cr‘ I Know 1 ] 082
inical Know 1052
Sociology 1 R0
ociology )88
HS Macro l0‘\83.88
70.8/
0.8
HS World Hist - 10845
] V.55
0.0 0.2 0.4 0.6 018 1:0
Accuracy
([ Base O sFT 3 DPO|
(a) Category-wise performance on MMLU with Qwen3-4B.
Gemma3-4B MMLU
Category Accuracy (Base vs SFT vs DPO)
=1 0.54
College Chem L0.49
- 10.69
Clinical Know 1'8.'88
.69
HS Macro I ‘:'8.%7
Global Facts 1 T0%(0"
o obal Facts T0%4
i 10.67
g, Philosophy L |°(?.66
Q
® Sociology 1 1'097765
S JU.75
. 10.73
HS Euro Hist L0-%0.74
. ,0.76
HS World Hist L0, 65_)77
) 30,72
College Bio : “n’§.74
=10.43
Abs Algebra 10:38— ' 46
0.0 0.2 0.4 0.6 0.8 1:0
Accuracy

[ Base = sFT 3 DPOJ

(b) Category-wise performance on MMLU with Gemma3-4B.

Figure 11: Impact of MACRO on multilingual general capability measured on MMLU.
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Qwen3-4B MMLU-ProX
Category Accuracy (Base vs SFT vs DPO)

) 0.28
Engi ing 1 |u.<4lu'2’
X 10.74
Biology 1 |Ixyf7l11
1077
> Math 70769
=} 10.56
> | A
8 Health I:J%gb
©
0.46
© computer Sci - {036
10.59
Busi E 10.57
]10.61
10.33
History :83‘;
0.0 0.2 0.4 0.6 0.8 1.0
Accuracy

(= Base =3 sFT 3 DPO|

(a) Category-wise performance aggregated over the languages used in post-training on MMLU-ProX with Qwen3-4B.

Gemma3-4B MMLU-ProX
Category Accuracy (Base vs SFT vs DPO)

i 10,37
Computer Sci { lU.I:S%db
. 10.26
History |uI 6?24
. . 10.31
> Engineering | %0
& Health TossY’
g ealth ] 10.35
© 8 L)t
J0:44
10.55
Math 1 1055
. 10,62
Biology l:’i)(.’tzﬂ
0.0 0.2 0.4 0.6 0.8 1.0
Accuracy

[ Base =3 sFT 3 DPO|

(b) Category-wise performance aggregated over the languages used in post-training on MMLU-ProX with Gemma3-4B.

Figure 12: Impact of MACRO on reasoning capability measured on MMLU-ProX from the category perspective .
Subfigures (a) and (b) present the category-wise performance of Qwen3-4B and Gemma3-4B, respectively.
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(a) Language-wise performance on MMLU-ProX with Qwen3-4B.
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(b) Language-wise performance on MMLU-ProX with Gemma3-4B.

Figure 13: Impact of MACRO on cross-lingual generalization measured on MMLU-ProX from the language perspec-
tive. Subfigures (a) and (b) present the language-wise performance of Qwen3-4B and Gemma3-4B, respectively.
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Figure 14: The validity-minimality trade-off across languages across all models on SIB200 and Taxi1500.
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(a) Cross-lingual Edit Similarity on TAXI1500, computed from counterfactuals in different languages.
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(b) Cross-lingual Edit Similarity on SIB200, computed from counterfactuals in different languages.

Figure 15: Cross-lingual edit similarity scores.
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Figure 16: Hard label flipping rate (%) for every source—target label pair, pooled over four models and seven
languages.
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