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Abstract

Multilingual instruction tuning (MIT) is chal-
lenged by the curse of multilinguality, data
scarcity, and high computational cost. A natu-
ral hypothesis is that carefully selecting a lin-
guistically diverse set of languages yields uni-
versally better models. We test this system-
atically by evaluating linguistically-informed
selection strategies—based on typological, ge-
ographical, semantic, and learned features—
against random baselines across three model
families (mGPT, mT5-x1, BLOOM) and five
multilingual benchmarks. Our key negative
finding is that no universal language selec-
tion strategy emerges in our fixed-budget set-
ting: performance is strongly task- and model-
dependent, and adding more languages be-
yond a modest threshold triggers degrada-
tion consistent with the curse of multilin-
guality. We discuss implications for MIT
data curation and the pitfalls of benchmark-
averaged evaluation. All resources are pub-
licly available at https://github.com/
GGLAB-KU/ling-informed-mit.

1 Introduction

Multilingual language models exhibit uneven cross-
lingual performance (Joshi et al., 2020), and in-
struction tuning with multilingual data has emerged
as a practical remedy (Muennighoff et al., 2022).
However, the curse of multilinguality (Conneau
et al., 2019)—where per-language performance
degrades as more languages compete for model
capacity—complicates the pursuit of broad cov-
erage, as do high computational costs and data
scarcity.

A natural hypothesis follows: selecting the right
linguistically diverse subset of languages should
yield models that generalize well across languages
and tasks. Prior work lends partial support—Chen
et al. (2023a) and Shaham et al. (2024) show small
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multilingual subsets can match or exceed mono-
lingual tuning; Weber et al. (2024) confirm that
parallel multilingual corpora improve cross-lingual
instruction-following by up to 9.9% over mono-
lingual training; and language features have aided
cross-lingual transfer in related tasks (Lin et al.,
2019; Ustiin et al., 2020). Yet no prior work has
systematically investigated whether linguistically-
informed language selection yields a universally
superior MIT strategy.

We fill this gap. Our central negative finding
is that no universal language selection strategy
was observed in the fixed-budget MIT setting
studied here: the best choice depends on model
family and evaluation task, which has important
consequences for how the community evaluates
and reports MIT results.

2 Experimental Setup

We use Bactrian-X (Li et al., 2023), a parallel mul-
tilingual instruction dataset with 3.4M instruction-
response pairs across 52 languages. Following
the budget-controlled setup of Chen et al. (2023a),
we fix total training to 67k instances per experi-
ment ( 4,786 per language for 14-language sub-
sets). We select 14 languages per subset us-
ing k-means clustering (k=14) on different fea-
ture spaces: GEOQO (geographical vectors (Ham-
marstrom et al., 2023)), TYPO (typological vec-
tors (Littell et al., 2017)), SEM (semantic typol-
ogy embeddings (Chen et al., 2023b)), LEARN
(learned language vectors (Malaviya et al., 2017)),
FAM (one language per family), RND (random,
baseline), and ALL (all 52 languages). Each is
run with 3 random seeds. Table 1 lists the selected
languages.

We instruction-tune three model families with
LoRA (Hu et al., 2021): mGPT-1.3B (Shliazhko
et al., 2024), mT5-XL-3.7B (Xue et al., 2021), and
BLOOM-{1.7B, 3B, 7B} (Scao et al., 2022), eval-
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Table 1: Language subsets per strategy and seed (ISO
codes).

Subset Languages

az.en,fi,he,ja,ka,vi,ko,ml,mn,my,th,tl,xh
ar,en,fi,id,ja,ka,ko,mn,swi,ta,th,tr,vi,zh
af,az.et,he,ja,ka,ko,ml,mn,my,th,tl,vi,xh

FAM

af,bn,et,fr,gu,he,hr,id,ja,kk,mn,sw,ta,vi
af,bn,et,fr,he,hr,id,ja,ka,kk,mn,ta,ur,vi
af,bn,et,fr,he,hr,id,ja,kk,mn,sw,ta,ur,vi

GEO

c¢s,hi,id,km,ko,lt,lv,my,nl,pt,slta,tl,vi
cs,fi,hr,km,ko,It,lv,my,nl,pt,sl,ta,uk,vi
cs,hi,id,ja,lt,Iv,nl,pt,sl,sv,ta,tl,tr,vi

LEARN

cs,gu,hi,id,ko,lv,mk,ml,ps,pt,si,ta,vi,zh
cs,en,et,fr,hi,hr,it,ja,ml,mn,mr,ne,pl,pt
ar,az,de,en,es,et,he,hi,id,ml,ps,ru,sv,uk

RND

gl,gu.ka.kk.ko,ml,pl,ps,si,sl,sv,tl,uk,vi
en,fr,gl,gu,ka,kk ko,pl,ps,sl,sv,tl,uk,vi
en,gl,gu.ka,kk ko,ml,pl,ps,sl,sv,tL,uk,vi

SEM

az,bn,de,et,fa,hi,it,ja,mk,sw,ta,tl,vi,zh
ar,az,bn,de,et,fa,it,ja,mk,sw,ta,th,ur,zh
ar,az,bn,en,fi,he,hi,it,ja,mk,nl,sw,ta,th

TYPO

uated zero-shot on XNLI (Conneau et al., 2018),
PAWS-X (Yang et al., 2019), XCOPA (Ponti et al.,
2020), XStoryCloze (Lin et al., 2021), and XWino-
grad (Tikhonov and Ryabinin, 2021) using the Im-
evaluation-harness (Gao et al., 2023).

3 Results

3.1 No Single Strategy Wins Across All Tasks
and Models

Table 2 presents our main results for BLOOM-7B,
mGPT, and mT5-x1. The best-performing strat-
egy varies substantially across models and tasks:
GEO leads for BLOOM-7B on XStoryCloze while
TYPO achieves the best average for BLOOM-7B
overall, FAM is best on average for mT5-xl, and
GEO or TYPO lead for mGPT on NLU tasks. Cru-
cially, no single subset consistently achieves the
highest score across all model-task combina-
tions.

Improvements over the RND baseline are of-
ten not statistically significant. Paired t-tests
(three seeds) show significant improvements only
in specific model-task combinations—e.g., GEO
vs. RND for mGPT on XNLI (p<0.05) and XS-
toryCloze (p<0.05), FAM vs. RND for mT5-x1
on XCOPA (p<0.05) and XWinograd (p<0.05)—
but these do not generalize across all bench-
marks or model families. Meanwhile, several
linguistically-informed subsets score significantly
lower than RND in specific configurations (red
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(a) BLOOM-7B (b) mGPT

Figure 1: Average performance with confidence inter-
vals when varying the number of GEO-selected lan-
guages. Performance peaks at 13—14 and declines be-
yond.

cells), underscoring that informed selection can
also backfire. The effect sizes in Table 2 con-
textualise this: Cohen’s d, expresses the mean
gain over RND in units of its seed-to-seed vari-
ability (0.2/0.5/0.8=small/medium/large) and de-
rives from the same paired t-tests. With n=3
seeds, p<0.05 requires |d,|>2.5, so only very
large effects can reach significance. Even these are
model-specific (GEO: d,=3.6 on mGPT vs. 0.5 on
BLOOM-7B), and with three seeds individual d,
values are magnitude indicators rather than precise
estimates.

For PAWS-X, no strategy produces significant
improvement over RND in any model, and the base
(non-tuned) model achieves the best PAWS-X score
for both BLOOM-7B and mGPT—suggesting MIT
may actively harm paraphrase identification perfor-
mance.

3.2 More Languages Triggers Curse of
Multilinguality

Figure 1 shows the effect of varying language count
(1 to 52) using GEO on mGPT and BLOOM-
7B. For BLOOM-7B, performance is stable up
to 13-14 languages, peaks there, then declines
consistently—replicating the curse of multilingual-
ity (Conneau et al., 2019) under a fixed compu-
tational budget. The ALL setting (52 languages)
never achieves best average performance in either
model. mGPT shows wider confidence intervals
but a similar trend: the 14-language default per-
forms marginally better than larger configurations.

3.3 Cross-lingual Generalization to Unseen
Languages is Model-Dependent

Figure 2 shows model performance on unseen lan-
guages (those in evaluation benchmarks but not in
any training subset). While linguistically-informed
subsets generally improve over the non-tuned base
model for mGPT, mT5-x1, and BLOOM-3B, results
diverge for larger BLOOM models. For BLOOM-



Table 2: Main results for BLOOM-7B, mGPT, and mT5-x1. Bold: highest mean per model-task. Color coding vs.

RND baseline (paired t-test):

p<0.05, - 0.05<p<0.1, light green 0.1<p<0.15 (significantly

better); -, -, light red (significantly worse). “-” = base model (no instruction tuning). In the Avg.
column, the parenthesised value is the paired effect size vs. RND (Cohen’s d).

Model Subset XNLI XCOPA XStoryCloze XWinograd PAWS-X Avg. (d.)
ALL 58.18 +0.54 73.71 +0.23 47.46 o082 | 56.45 +0.26(—0.1)
RND 41.63 +025 5772 + 036 61.73 030 73.91 + 031 47.36 + 285 56.47 +0.69
FAM 57.95 +0.19 61.49 + 072 74.00 + o081 47.88 +229 56.50 + 0.56 0.1)
Bloom-7B GEO 57.97 +0.39 73.96 + 1.69 47.99 + o085 56.66 +0.35 (0.5
LEARN | 41.26 066  58.08 +022 7417 + 029 46.88 + 185 56.47 +0.210.0)
SEM 58.03 +0.66 61.44 +0.69 74.16 018 4735 +047 | 56.43 £031(-0.1)
TYPO 41.63 +080  58.09 +054 61.94 +028 74.17 +1.08 47.75 + 031 56.71 +0.24 0.8)
- 41.12 56.87 59.30 73.97 49.37 56.13
77777777 ALL ~ 5582 +014 5598 +o007 T50.14 x 043
RND 40.71 £023 5591 o6 55.97 +036 60.78 +0.20 48.71 £0.99 52.42 +036
FAM 55.82 +092 55.81 + 085 60.88 + 1.04 49.69 + 1.2 52.49 +0300.7)
mGPT GEO 41.01 £020 55.73 + 056 61.05 £044 4997 +264
LEARN | 40.64 +042  55.95 + 047 60.66 + 1.03 48.92 + 084 52.46 +0.380.2)
SEM 55.61 +o42 56.14 +034 49.17 £217 52.45 +0.44 04
TYPO 55.93 +o57 56.24 +0.44 60.39 + 0583 49.17 + 206 52.51 06407
- 40.90 55.04 54.43 60.55 50.30 52.24
77777777 ALL | 36.49 +oe 75231021 5039 £o0s1  50.76 + 115 | 48.72 £ 031(—03)
RND 36.86 £029  53.10 + o048 52.46 + 052 49.88 +0.75 51.74 + 174 48.81 + 055
FAM 52.59 +034 52.28 + 076 49.14 + 019 1.4
mT5-x1 GEO 3691 +036  53.23 +023 52.61 +1.03 52.11 0091 49.01 +0.50 0.8
LEARN | 36.69 +o0.5s5 53.48 +053 52.62 +o0.21 49.65 + 149 51.69 + 105 48.82 +0.13(0.1)
SEM 53.35 + 029 52.38 +033 50.62 + 1.89 51.63 + 0.6 48.88 +039(0.2)
TYPO 53.22 + o054 52.58 +034 50.09 + 0.86 51.40 +035 | 48.78 +o.11(-0.1)
- 52.35 51.36 50.57 50.14 47.55
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Figure 3: Average zero-shot performance across

Figure 2: Average performance on unseen languages
(not part of any instruction-tuning subset).

7B, only two of the five subsets improve over the
base. This reveals a non-trivial interaction between
pretraining corpus composition and subset selec-
tion: a strategy effective for one model’s pretrain-
ing distribution may be harmful for another’s.

3.4 Model Size Amplifies Differences—But

Not Uniformly

Figure 3 shows how language subset performance
evolves across BLOOM-1.7B, 3B, and 7B. While
all instruction-tuned models surpass the base, the
random baseline consistently ranks lowest among
tuned models. GEO excels at 3B and 7B, whereas
FAM starts strong at 1.7B but diminishes at scale.
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BLOOM model sizes by language subset. Strategy rank-
ings shift with scale.

TYPO improves progressively with scale, reaching
second place at 7B. Importantly, the ranking of
strategies changes across model sizes: there is no
strategy that is uniformly best as scale increases.

3.5 Monolingual Tuning Remains Competitive

In a Vietnamese case study (Figure 4), monolin-
gual tuning (67k Vietnamese examples) ranks first
for mT5 and second for mGPT on average across
XNLI and XCOPA—with no statistically signifi-
cant difference from the best multilingual subset
(GEO) for mGPT. For BLOOM, the monolingual
case consistently underperforms. This partially
undermines the assumption that multilingual sub-
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Figure 4: Monolingual (VI) vs. multilingual instruction
tuning for Vietnamese on XNLI and XCOPA. Mono-
lingual is competitive for mT5 and mGPT but not
BLOOM.

sets are always preferable, and shows that the right
choice is again model-dependent.

3.6 Training-Evaluation Language Overlap

Table 3 shows, for XNLI, how much overlap exists
between each model’s pretraining languages (M),
each training subset (S), and the evaluation lan-
guages (T). BLOOM stands out: its pretraining cor-
pus covers only 8 of the 15 XNLI languages, and it
has the smallest three-way overlaps of all models.
This matches Table 2, where most informed sub-
sets score significantly below RND on XNLI for
BLOOM-7B.

mGPT instead covers 14 of the 15 XNLI lan-
guages, and the same informed subsets score sig-
nificantly higher there. We find that overlap alone
does not decide the outcomes, however: GEO im-
proves XStoryCloze significantly on both BLOOM-
7B and mGPT while sharing only 2 of its 11 eval-
uation languages. Since benchmark language sets
themselves barely intersect (XNLI covers 15 lan-
guages, XWinograd 6), no single subset can align
with every task.

4 Discussion and Implications

Why no optimal set exists. Three compounding
factors explain the absence of a universal winner.
(1) Pretraining corpus mismatch: languages that
complement one model’s pretraining gaps differ
across mGPT (61 languages), BLOOM (59, differ-
ent sources), and mT5 (101). We quantify this: for
BLOOM, a language’s accuracy closely tracks its
share of the pretraining corpus, both before tuning
(pooled Spearman p=0.55-0.63, p<10~%) and af-
ter (p=0.58-0.65). For mT5, whose sampling flat-
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Table 3: Language intersections for XNLI: counts of
shared languages between the model’s pretraining cor-
pus (M), the instruction tuning language subset (S), and
the task’s evaluation languages (T). Bloom = BLOOM-
7B.

Model  Subset M-S-T S-T M-T M-S

mT5-x1 ALL 13/15 13/15 15/15  50/52
mGPT  ALL 12/15 13/15  14/15  39/52
mT5-x1 RND 9/15 9/15 15/15  31/32
mT5-x1 TYPO 9/15 9/15 15/15 20721
Bloom ALL 8/15 13/15  8/15 18/46
mGPT RND 8/15 9/15 14/15  24/32
mGPT TYPO 8/15 9/15 14/15  18/21
mT5-x1 FAM 7/15 7/15 15/15 21722
Bloom RND 6/15 9/15 8/15 13/32
Bloom TYPO 6/15 9/15 8/15 8/21

mGPT FAM 6/15 715 14/15  20/22
Bloom FAM 4/15 7/15 8/15 8/22

mT5-x1 GEO 4/15 4/15 15/15  15/16
mGPT  GEO 4/15 4/15 14/15 14/16
Bloom GEO 4/15 4/15 8/15 8/16

mT5-x1 LEARN 3/15 3/15 15/15 18/20
mT5-x1 SEM 3/15 3/15 15/15  15/16
mGPT  LEARN 3/15 3/15 14/15  15/20
mGPT SEM 3/15 3/15 14/15  11/16
Bloom SEM 3/15 3/15 8/15 5/16

Bloom LEARN 2/15 3/15 8/15 5/20

tens language proportions, the correlation vanishes
(p=—0.04, n.s.). Yet a subset’s aggregate pretrain-
ing share does not predict tuned performance (n.s.
in four of five models). Hence, pretraining explains
where models perform well, but not which subset to
tune on. (2) Task—language alignment (§3.6): high
subset overlap with XNLI’s 15 languages does not
imply overlap with XWinograd’s 6 or XCOPA’s
11, making universal optimality structurally impos-
sible. (3) Seed sensitivity: three-seed confidence
intervals are wide enough that strategy differences
often fall within noise. These factors are not unique
to our setting: Shimabucoro et al. (2025) reach the
same conclusion at larger scale (up to 35B parame-
ters), finding CLT dynamics vary jointly with task
type, model size, and training regime.

Methodological warning. Reporting single ag-
gregate scores across tasks and models in MIT
can be deeply misleading. A strategy that appears
superior in aggregate may underperform signifi-
cantly on specific tasks: FAM achieves the best
average for mT5-x1 but scores worst on XNLI;
GEO leads for mGPT overall but shows negative
effects on BLOOM for the same task. Strikingly,
the base non-tuned model scores best on PAWS-X
for both BLOOM-7B and mGPT, suggesting that
MIT can harm performance on certain task types.



We urge the community to always report per-task
and per-model breakdowns with confidence inter-
vals, and to avoid over-generalizing from a limited
set of benchmarks or model families. Additionally,
the zero-shot multiple-choice format of standard
evaluation harnesses (Gao et al., 2023) has been
critiqued for misaligning with real-world model
use (Lyu et al., 2024), which may further explain
cross-task variability.

Practical takeaway. Despite the absence of a uni-
versal optimum, linguistically-informed selection—
particularly GEO and TYPO—tends to be a safer
default than random selection, especially at larger
model scales. For practitioners without resources to
run full ablations, GEO-based selection via URIEL
features (Littell et al., 2017) provides a compute-
free heuristic that beats random on average. Al-
ternatively, representation-space approaches such
as LangGPS (Ye et al., 2026) offer a data-driven
signal when model access is available. The key
practical insight for dataset curators is to target
10-15 linguistically diverse languages rather than
maximising language count: more languages is not
better under a fixed computational budget.

5 Conclusion

We set out to find the optimal set of languages
for multilingual instruction tuning. In our fixed-
budget setting, we did not find one. Linguistically-
informed language selection generally outperforms
random selection on average, but no tested strategy
is consistently best across tasks, model families,
and evaluation settings.The curse of multilinguality
reasserts itself beyond approximately 14 languages
under a fixed computational budget; cross-lingual
generalization to unseen languages is highly model-
dependent; monolingual tuning can be competitive
with multilingual approaches; and strategy rank-
ings shift with model scale. Taken together, these
negative findings caution against simple univer-
sal prescriptions for MIT data curation. They also
highlight the need for task- and model-specific eval-
uation with proper statistical reporting—a standard
the field has not yet widely adopted.

Limitations

Several limitations bear on the generalisability
of our findings. First, we rely exclusively on
LoRA (Hu et al., 2021) as the PEFT method; other
fine-tuning approaches may yield different sensi-
tivity to language subset choice. Second, Bactrian-
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X (Li et al., 2023) consists largely of automatically
translated English instructions, potentially intro-
ducing translation artefacts that confound language-
specific effects. To gain more insights, we scored
each language’s translation quality as the mean
LaBSE (Feng et al., 2020) similarity between 500
English source instructions and their translations.
We find that quality does not significantly cor-
relate with per-language performance (Spearman
p=0.09-0.24, n.s., vs. 0.58 for pretraining share
over the same languages). Furthermore, the selec-
tion strategies barely differ in the mean quality of
the languages they pick (0.862-0.877). Translation
quality is therefore unlikely to explain our negative
result, although LaBSE is itself an imperfect proxy.

In addition, all experiments are capped at 7B
parameters due to resource constraints; behaviour
at larger scales remains unknown. Fourth, only
three random seeds per configuration limit statisti-
cal power, leaving confidence intervals wider than
desirable—a key reason many strategy compar-
isons fail to reach significance. Fifth, language
selection is constrained to the 52 Bactrian-X lan-
guages; a broader or different pool could yield
different subsets.

Finally, the zero-shot multiple-choice evaluation
format may not reflect instruction-following quality
in open-ended generation settings (Lyu et al., 2024;
Biderman et al., 2024), which is the more relevant
real-world use case for instruction-tuned models.
However, the models studied here generate outputs
of too low quality for a meaningful open-ended
evaluation, as we observed in preliminary LLM-as-
a-judge experiments.
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