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Abstract

Large language models (LLMs) are increas-
ingly deployed in multilingual, real-world ap-
plications with user inputs – naturally intro-
ducing typographical errors (typos). Yet most
benchmarks assume clean input, leaving the ro-
bustness of LLMs to typos across languages
largely underexplored. To address this gap,
we introduce MULTYPO, a multilingual typo
generation algorithm that simulates human-like
errors based on language-specific keyboard lay-
outs and typing behavior. We evaluate 18 open-
source LLMs across three model families and
five downstream tasks spanning language infer-
ence, multi-choice question answering, math-
ematical reasoning, and machine translation
tasks. Our results show that typos consistently
degrade performance, particularly in genera-
tive tasks and those requiring reasoning – while
the natural language inference task is compar-
atively more robust. Instruction tuning im-
proves clean-input performance but may in-
crease brittleness under noise. We also observe
language-dependent robustness: high-resource
languages are generally more robust than low-
resource ones, and translation from English is
more robust than translation into English. Our
findings underscore the need for noise-aware
training and multilingual robustness evaluation.
We release a Python package for MULTYPO
and make the source code publicly available at
https://github.com/cisnlp/multypo.

1 Introduction

LLMs are increasingly deployed in real-world ap-
plications such as chatbots, translation tools, and
search engines (Dam et al., 2024; Naveed et al.,
2024; Raza et al., 2025), where users input text via
keyboards in a wide range of languages. In such
settings, typographical errors (typos) are a natural
part of user input – arising from slips, fast typing,
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Figure 1: Illustration of the impact of real-world typo-
graphical errors. Humans often make typos on language-
specific keyboard layouts, and once such errors are in-
troduced, models can fail across languages. In this
example, the model cannot generate the correct answer
("500") under typos in English, German, and Russian.

or unfamiliarity with keyboard layouts (Wengelin,
2007; Conijn et al., 2019; Shi et al., 2025). Despite
this, most LLM evaluations assume clean, error-
free input and report only a single aggregate statis-
tic on a held-out set, thereby overlooking this ubiq-
uitous source of noise (Sun et al., 2020; Moradi and
Samwald, 2021; Wang et al., 2024) and often over-
estimating real-world performance (Ribeiro et al.,
2020; Hedderich et al., 2022; Zhao et al., 2024)
Robustness to typos is not just a usability concern;
it is essential for ensuring reliable model behavior,
maintaining user trust, and delivering consistent
downstream performance in practical deployments.

Prior work on robustness evaluation has largely
focused on adversarial or synthetic perturbations in
an English-centric manner (Gao et al., 2018; Wang
et al., 2023; Gan et al., 2024; Zhu et al., 2024;
Zhang et al., 2025; Schmidtová et al., 2026). As
a result, we know little about how robust LLMs
are against realistic typos in a multilingual context.
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Error Example Sentence
None Colorless green ideas smell furiously.
Replacement Colorless green ideaa smell furiously.
Insertion Colorless greenm ideas smell furiously.
Deletion Coorless green ideas smell furiously.
Transposition Colorless green ideas smell furioulsy.

Table 1: Examples of four different typographical errors.

Models can generate wrong answers with simple
input textual perturbations across languages, as
shown in Figure 1. Moreover, these approaches
often rely on edit-distance heuristics or character-
level noise, with little regard for typing behav-
ior (e.g., 10-finger typing convention) based on
language-specific keyboard layouts.

To address these gaps, we first introduce MUL-
TYPO, a multilingual typo generation algorithm
grounded in empirical modeling of typing behavior.
Unlike prior work, MULTYPO simulates realistic
typos based on actual language-specific keyboard
layouts and constraints, allowing us to generate
noise that better reflects real-world user patterns
across languages. Crucially, we validate typo real-
ism through human evaluation, ensuring our per-
turbations reflect actual typing behavior. Relying
on MULTYPO, we conduct a comprehensive ro-
bustness evaluation of 18 open-source LLMs, span-
ning three major model families: Gemma, Qwen,
and OLMo, using both base models and their
instruction-tuned versions, across diverse down-
stream tasks. Moreover, we assess the model ro-
bustness under varying levels of typo corruption,
and under both zero- and few-shot prompting.

Our experiments yield several key findings. First,
typographical errors consistently degrade model
performance, particularly on generative tasks and
those requiring reasoning (§5.1). Second, model
size does not guarantee robustness: both small and
large models exhibit noticeable performance drops
under typos (§5.2). Third, instruction tuning im-
proves clean-input performance but may also in-
crease vulnerability under noise (§5.3). Fourth,
increasing the number of examples in few-shot set-
tings does not improve the robustness against ty-
pos (§6.3). Lastly, robustness varies substantially
across languages and scripts: for instance, trans-
lation from English tends to be more robust than
translation into English (§6.4).

Our contributions are summarized as follows. (i)
We propose MULTYPO, a multilingual typo gener-
ation algorithm that simulates realistic human-like
errors grounded in language-specific keyboard lay-

outs and typing patterns, and validate its realism
through human evaluation. (ii) We conduct a com-
prehensive robustness evaluation suite spanning 18
open-source LLMs from three families (Gemma,
Qwen, OLMo), across five downstream tasks. (iii)
We evaluate robustness under both zero-shot and
few-shot prompting, and under varying levels of ty-
pographical corruption, enabling fine-grained anal-
ysis of model behavior. (iv) We release a Python
package for MULTYPO, along with its source code,
to facilitate further research on multilingual robust-
ness against typographical errors.

2 Background and Related Work

2.1 Typographical Errors

Typographical errors are among the most common
forms of natural noise in user-generated text, typi-
cally resulting from accidental keystrokes during
typing. Early studies (Gardner, 1992; Lisbach and
Meyer, 2013) have identified four core types of ty-
pos: replacement, insertion, deletion, and trans-
position. Replacement errors occur when the in-
tended key is substituted with another, typically
an adjacent key. Insertion errors arise from unin-
tentionally pressing an adjacent key alongside the
intended one, while deletion errors involve acci-
dentally omitting a character. Transposition errors,
frequently attributed to asynchronous hand move-
ments, swap two adjacent characters, particularly
those typed by different hands. Examples are illus-
trated in Table 1. These four categories have been
widely adopted and extended in subsequent work
on noise modeling and robustness evaluation (Gao
et al., 2018; Pruthi et al., 2019; Zhang et al., 2022;
Gan et al., 2024). They also form the foundation of
our multilingual typo simulation algorithm MUL-
TYPO (cf. §3),1 which extends this line of work by
incorporating language-specific keyboard layouts.

2.2 Related Work

Input Text Perturbations Recent advances in
LLMs have sparked growing interest in evaluat-
ing their robustness to noisy or manipulated input.
A large body of work focuses on input corrup-
tions, which aim to degrade model performance
by perturbing the input text at various granularities.
These include character-level modifications such as

1For comparison, we implement a naive baseline that ap-
plies the same operations without layout constraints, in line
with prior approaches. We show that our typos better resem-
ble human errors (cf. §3.2) and that models exhibit different
robustness to our typos versus the naive ones (cf. §D).
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Figure 2: Illustration of the pipeline of MULTYPO: Given an input text and a user-defined typo rate, the algorithm (i)
samples words with probability proportional to the square root of the word length, (ii) samples character positions
using a position-aware distribution, and (iii) samples one of four typo operations: replace, insert, delete, or transpose.
Then the algorithm produces a noised text that simulates human-like errors.

misspellings and typographical errors (Gao et al.,
2018; Li et al., 2019; Pruthi et al., 2019; Gan et al.,
2024), word-level attacks like synonym substitu-
tion or word shuffling (Garg and Ramakrishnan,
2020; Jin et al., 2020; Moradi and Samwald, 2021;
Zhou et al., 2024), and sentence-level perturbations
through paraphrasing or irrelevant context inser-
tions (Shi et al., 2023a; Lanham et al., 2023; Xu
et al., 2024). Even minor punctuation noise can
affect LLMs’ performance (Abedin et al., 2025).
However, most of this research is conducted in
English-centric settings, leaving it unclear how ty-
pos influence LLMs’ robustness across different
languages – a gap our work directly addresses.

Multilingual Robustness Evaluation Another
line of work has examined the robustness of mul-
tilingual models (Cooper Stickland et al., 2023;
Aliakbarzadeh et al., 2025; Okewunmi et al., 2025).
For example, Cooper Stickland et al. (2023) inves-
tigated how real-world noise influences encoder-
only models such as XLM-R (Conneau et al., 2020)
and mBERT (Devlin et al., 2019), and proposed
data augmentation with a contrastive loss for pre-
training more robust multilingual models. More
recently, Aliakbarzadeh et al. (2025) extended this
line of investigation to larger multilingual models,
demonstrating that performance deteriorates when
inputs are corrupted by real-world noise in lan-
guage understanding tasks. In contrast to them, we
explore typographical errors directly by introduc-
ing a multilingual, keyboard-aware typo generation
algorithm that enables realistic and extensible sim-
ulation across diverse languages. Additionally, our
systematic evaluation covers a broader range of
tasks beyond language understanding.

3 MULTYPO

This section introduces MULTYPO, a multilingual
typo generation algorithm designed to simulate
realistic, human-like typos based on language-
specific keyboard layouts. Given a clean input
text, MULTYPO injects character-level perturba-
tions that mimic natural typing mistakes, producing
corrupted outputs that maintain the overall coher-
ence of the original text. We describe the algorith-
mic design in §3.1, followed by a human evaluation
in §3.2 that evaluates how well the generated typos
reflect real human typing behavior.

3.1 Algorithm Design

To reflect the real typing behavior of users of dif-
ferent languages, we leverage a keyboard layout
database.2 When inserting typos, special symbols
(e.g., punctuation marks or modifier keys such as
Enter) are excluded. For determining which hand
types a specific key, we rely on the standard 10-
finger typing convention for QWERTY English
keyboards, according to which characters such as
“5TGB” are assigned to the left hand and “6YHN”
to the right hand (Logan et al., 2016). For other lan-
guages, we adopt the same keyboard-relative hand
separation (i.e., left vs. right half, based on key
positions) – a common implicit assumption in mul-
tilingual layout design – though we validate its ap-
propriateness empirically in our human evaluation.
The overall pipeline of MULTYPO is illustrated in
Figure 2. Below, we describe the key components
in detail, and the description of MULTYPO.

2https://kbdlayout.info/
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Typo Types We consider four types of typos
based on existing literature, as introduced in §2.1:
replacement, insertion, deletion, and transposition.

• Replacement: A single character in a word is
replaced by a neighboring key based on the
language-specific keyboard layout.

• Insertion: A randomly selected additional
character is inserted immediately after a cor-
rectly typed character, simulating accidental
simultaneous keystrokes.

• Deletion: A single character in a word is ran-
domly deleted from the word, simulating the
common case where a keypress is missed.

• Transposition: Two adjacent characters are
swapped. We constrain this to occur only be-
tween characters typed with different hands,
based on the 10-finger typing convention.

Ignoring String Sets To avoid corrupting tokens
that are critical for downstream understanding, es-
pecially numbers, we define a language-specific set
of strings to ignore during typo insertion.3 These
sets include numerical expressions commonly used
across languages – both in digit form (e.g., 1, 2, 3)
and in word form (e.g., “three”, “hundred”, “mil-
lion”) (see Figure 9 in §A). During typo generation,
any word that matches or contains a string in the
set is excluded from being inserted with typos.

Length-Aware Sampling Probability Rather
than treating all words equally, we assign each
word a sampling probability proportional to the

square root of its length:
√

|w|
∑

w

√
|w|

(normalized

over all words in a given text), reflecting the ten-
dency for longer words to attract more typos (Peter-
son, 1986; Kukich, 1992). In addition, when select-
ing a specific character position within a word to in-
sert or modify, we also consider position-dependent
weights. Following observations from Lisbach and
Meyer (2013), which show that errors are more
likely to occur toward the middle or end of a word,
we assign a non-uniform probability distribution
over character indices, with details provided in §A.

Algorithm Description Given an input sequence
S = {w1, w2, . . . , wn} of n words, our algorithm

3While this makes the noise slightly less realistic, it ensures
that benchmark results reflect robustness to typos rather than
being skewed by altered numeric values in the prompt.

Language Multypo (avg.) Naive (avg.) Significance
Arabic 6.00 6.60
Armenian 10.20 4.87 ***
Bengali 8.87 6.20 ***
English 10.00 4.79 ***
French 9.60 6.67 ***
Georgian 8.87 7.27 ***
German 8.93 5.27 ***
Greek 8.07 5.93 *
Hebrew 9.93 7.60 ***
Hindi 9.40 6.67 **
Russian 9.67 7.67 **
Tamil 6.13 5.07 *

Table 2: Average number of sentences judged as “nat-
ural” out of 15 corrupted sentences per system, with
significance from paired t-tests. Stars denote the signifi-
cance levels: * p < 0.05, ** p < 0.01, *** p < 0.001.

begins by computing the number of typos to in-
sert, determined by a user-defined corruption ratio
τ ∈ [0, 1] and the total number of words n, rounded
to the nearest integer. Each word wi is assigned a
sampling probability proportional to the square root
of its character length

√
|w|, as described earlier,

and candidates are sampled accordingly. For each
selected word, we sample one of four typo opera-
tions: replace, insert, delete, or transpose. The spe-
cific character position within the word is sampled
based on a length-aware, position-dependent distri-
bution that favors later positions. Once the position
in a word is determined, the algorithm applies the
selected typo operation to that position. After each
successful typo insertion, the corresponding word’s
sampling weight is halved to encourage distribu-
tional diversity. The algorithm proceeds iteratively
until either the target number of typos is reached
or a maximum retry threshold is exceeded. The
pipeline of MULTYPO is illustrated in Figure 2.

3.2 Human Evaluation on Typo Naturalness

To further assess the realism of MULTYPO-
generated typos, we conduct a human evaluation
comparing MULTYPO against a naive baseline that
applies the same four operations (insertion, dele-
tion, substitution, transposition) but without con-
sidering keyboard layout constraints. For each lan-
guage, we sample 30 sentences from Flores200
(NLLB Team et al., 2022), split into two equal
halves: 15 sentences corrupted by MULTYPO and
15 by the naive baseline. Within each set, we bal-
anced the number of sentences across 3 corruption
levels (0.1, 0.4, and 0.7; five sentences per level),
while ensuring that sentence length distributions
remained comparable across the two conditions. At
least 15 participants in each language were asked to
judge whether the typos in each sentence appeared
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natural or unnatural. This binary judgment pro-
vides a direct measure of how human-like the errors
appear. We collected annotations across seven lan-
guages: Arabic, German, Greek, English, French,
Hindi, and Russian (details provided in §B).

Table 2 summarizes the results across languages.
In six of the seven cases, MULTYPO is judged sig-
nificantly more natural than the random baseline in
the paired t-test (at least p < 0.05). Arabic is the
only exception, where ratings slightly favored the
baseline, but without statistical significance. We
include it in our further experiments for complete-
ness, though results might need to be interpreted
with caution. Taken together, this human evaluation
confirms that MULTYPO can generally generate ty-
pos perceived as more human-like across languages
than a naive baseline process that does not consider
keyboard layout constraints. In §D, we also show
that models exhibit different robustness to our ty-
pos versus the naive ones: models are more robust
to typos generated by MULTYPO, possibly due to
the exposure of similar typos – real-world human
typos – in the pretraining phase.

4 Experimental Setup

This section outlines our evaluation setup, where
we apply MULTYPO to inject human-like typos into
diverse downstream tasks and assess the robustness
of different LLMs to these perturbations.

4.1 Languages
We consider 12 languages spanning 7 language
families and written in 7 different scripts, with a fo-
cus on alphabet-based writing systems where typos
are primarily influenced by keyboard layout. The
set of supported languages by MULTYPO includes
Arabic (ara_Arab), Armenian (hye_Armn),
Bengali (ben_Beng), English (eng_Latn),
French (fra_Latn), Georgian (kat_Geor),
German (deu_Latn), Greek (ell_Grek), He-
brew (heb_Hebr), Hindi (hin_Deva), Russian
(rus_Cyrl), and Tamil (tam_Taml).

4.2 Models
We evaluate 18 decoder-only language models
from 3 model families: Gemma (Gemma Team
et al., 2025), Qwen (Yang et al., 2025), and
OLMo (Team OLMo et al., 2025). Models from
the first two families are pretrained on highly
multilingual corpora, while OLMo is pretrained
on English-centric data. For the Gemma fam-
ily, we consider gemma-3-1b-pt, gemma-3-4b-pt,

and gemma-3-12b-pt. For the Qwen family, we
consider Qwen3-1.7B-Base, Qwen3-4B-Base, and
Qwen3-8B-Base. Finally for the OLMo family,
we consider OLMo-2-0425-1B, OLMo-2-1124-7B,
and OLMo-2-1124-13B. For each model above, we
also consider its corresponding instruction-tuned
version, aiming to systematically investigate the
robustness against multilingual typos of models
across size, family, and training strategies.

4.3 Dataset

To evaluate robustness under multilingual ty-
pos, we use six datasets spanning four task
types: natural language inference (XNLI (Con-
neau et al., 2018)), multiple-choice questions an-
swering (Belebele (Bandarkar et al., 2024) and
MMMLU (Hendrycks et al., 2021)), mathematical
reasoning (MGSM (Shi et al., 2023b), along with
Arabic and Hindi adaptations of GSM8K (Cobbe
et al., 2021; Gumma et al., 2024; Omartificial-
Intelligence-Space, 2025)), and machine transla-
tion (FLORES200 (NLLB Team et al., 2022)).
These datasets are selected to cover diverse tasks
and our target languages. Note that the typos are
only injected into the dataset instances, but not
into other components of the prompt, such as task
instructions, to ensure that we are evaluating ro-
bustness to input corruption rather than altering the
task specification itself. Further details, including
language coverage of each dataset and used prompt
templates, are provided in §C.

5 Results and Discussion

In this section, we present the results of injecting
typos into different datasets. By default, we use 3-
shot prompting to ensure a reasonable performance
(we further analyze the effect of example-count on
robustness in §6.3). In the following parts, we aim
to investigate three research questions: (1) Does
performance degrade when typographical errors
are introduced, and if so, how much? (§5.1); (2)
Do larger models present better robustness against
typographical errors compared to smaller ones?
(§5.2); and (3) Does instruction-tuning improve the
robustness of the models? (§5.3).

5.1 Performance Drop under Typos

Figure 3 presents the average performance of three
model families – Gemma, Qwen, and OLMo –
across five multilingual tasks, under varying levels
of typographical corruption (0%, 10%, 40%, 70%).
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Figure 3: Performance under different typo rates (0, 0.1, 0.4, and 0.7), averaged across languages for each task and
model family. Performance consistently degrades as the typo rate increases across all task types. Notably, tasks
requiring reasoning (e.g., MGSM) exhibit larger performance drops, indicating higher vulnerability to input noise.
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Figure 4: Impact of model size (Small, Medium, Large) on multilingual robustness across five tasks. A different
color represents each model family, and two lines are plotted per family: performance on clean input (0%) and input
with a 10% typo rate. Larger models generally perform better but also exhibit performance drops under noise.

Results are aggregated over instruction-tuned mod-
els and all supported languages within each task.

Typos consistently degrade performance
across all models. Across all families and tasks,
even minor typographical noise largely impairs
model performance. For example, Qwen achieves
over 50 on Belebele in the clean setting, but drops
to around 45 with just a 10% typo rate. As noise
increases, performance declines continuously. This
pattern holds across families and tasks, underscor-
ing a general vulnerability to surface-level pertur-
bations. These findings echo prior monolingual
results (Moradi and Samwald, 2021; Wang et al.,
2025), and extend them to a multilingual setting.

Robustness varies substantially by task. Typo
sensitivity is not uniform across tasks. For in-
stance, XNLI exhibits good robustness: Qwen’s
performance remains nearly unchanged under 10%
noise. Even the OLMo models – despite being pri-
marily monolingual – sustain less than a 10-point
absolute drop at the highest noise level. In con-
trast, tasks involving generative reasoning (e.g.,
MGSM) are highly susceptible. Qwen’s accuracy
on MGSM plummets from around 40 (clean) to
around 27 (70% noise), suggesting that token-level
corruption disrupts multi-step reasoning more than
classification-based understanding. These results
support earlier, monolingual claims that noisy in-

Family Small Medium Large

Gemma 21.46 (-9.9%) 48.50 (-5.7%) 59.11 (-3.7%)
OLMo 16.30 (-9.5%) 29.16 (-7.9%) 36.82 (-4.3%)
Qwen 27.86 (-5.7%) 44.50 (-8.2%) 47.19 (-5.7%)

Table 3: Each cell reports the average score of a model
family under a 10% typo rate, with the relative perfor-
mance drop from clean input shown in parentheses.

puts affect complex reasoning (Gan et al., 2024).

Takeaway. While LLMs can often infer intended
meaning from noisy input in simpler classification
tasks (e.g., natural language inference), reasoning
tasks amplify the fragility introduced by typos.

5.2 Model Size Impact on Robustness
Figure 4 presents the average performance when
fed with clean inputs and with a small typo rate
(10%). We group the models in each model family
into different scales (Small, Medium, and Large).
Results are averaged across tasks and supported
languages, focusing on instruction-tuned models.

Larger models consistently outperform
smaller ones, with mild gains in robustness.
While larger models consistently outperform
smaller ones, also under typo noise, models of all
sizes suffer from input perturbations, as shown in
Figure 4. To further analyze the effect of model
scale on robustness, we compute the relative
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Figure 5: Impact of Instruction-tuning on multilingual robustness. Instruction-tuned models improve the perfor-
mance, but do not seem to improve the robustness against typos, especially with higher typo rates.

degradation under a 10% typo rate ( Perf10%−Perf0%
Perf0%

).
As reported in Table 3, larger models show smaller
drops – particularly within the Gemma and OLMo
families. E.g., Gemma’s relative drop decreases
from 9.9% (Small) to 3.7% (Large), suggesting that
greater model capacity enables better robustness.

Takeaways. Scaling the model improves task per-
formance under typo noise, but larger models are
not immune to noise as well. However, larger mod-
els present improved robustness under typos.

5.3 Base vs. Instruction-Tuned Models

Figure 5 presents the performance of pretrained
based models and their instruction-tuned versions
under varying levels of typographical corruption
(0%, 10%, 40%, 70%). Results are averaged over
all supported languages within each task.

Instruction-tuned models outperform
base models but remain brittle under typos.
Instruction-tuning improves overall performance,
aligning with prior work (Liu et al., 2023; Chung
et al., 2024), which shows that instruction-tuning
enhances task-specific multi-step reasoning.
Despite clear performance benefits under clean
input, instruction-tuned models remain vulnerable
to typos. In many cases, the absolute degradation
under 10% or 40% noise is as severe as or
even worse than their base counterparts. For
instance, on MGSM, Gemma’s instruction-tuned
models drop from around 48 to 33 under 40%
corruption. Similar degradation is seen across
other families and tasks. This suggests that while
instruction-tuned models are better at following
complex prompts, they remain equally brittle under
surface-level input corruption.

Method (typo rate) XNLI Belebele MMMLU MGSM Flores200
Baseline (10%) 56.25 74.83 35.73 46.90 35.47
WIKITYPO (10%) 57.65 73.07 37.80 53.30 35.20
MULTYPO (10%) 55.83 76.58 43.43 53.80 35.35
Baseline (40%) 48.83 63.20 33.20 26.00 30.16
WIKITYPO (40%) 50.20 63.62 33.90 36.20 28.12
MULTYPO (40%) 49.30 64.90 37.52 42.70 31.39
Baseline (70%) 40.67 56.20 30.62 12.00 24.21
WIKITYPO (70%) 38.80 52.65 30.45 16.40 22.47
MULTYPO (70%) 43.20 61.85 31.27 38.80 29.68

Table 4: Performance comparison under different typo
generation methods and typo rates. Performance con-
sistently degrades as the typo rate increases across all
methods. MULTYPO generally exhibits degradation pat-
terns that lie between Baseline and WIKITYPOS.

Takeaways. Instruction-tuning boosts perfor-
mance but does not improve robustness. Current
tuning methods prioritize clean prompts and may
underprepare models for noisy real-world input.

6 Complementary Analysis

6.1 Comparison with WIKITYPOS

To further validate the realism of MULTYPO, we
compare it with WIKITYPOS (Aliakbarzadeh et al.,
2025), a multilingual dataset of real-world ed-
its extracted from Wikipedia edit history.4 We
extract typo pairs from WIKITYPOS and inject
them into our evaluation datasets. As an addi-
tional baseline, we include a naive typo genera-
tion method that applies the same four operations
described in §3.1, but without considering key-
board layout constraints. We conduct experiments
on four overlapping languages (English, German,
French, Hindi) using gemma-3-4b-it. Evaluation
is performed across five tasks (XNLI, Belebele,
MMMLU, MGSM, Flores200) under varying typo
rates (10%, 40%, 70%).

4WIKITYPOS also includes semantic substitutions (e.g., re-
placing a word with another of different meaning), introducing
noise beyond typographical errors.
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Figure 6: Performance of different model families under different numbers of shots. Increasing shot counts, i.e., the
number of demonstrations, slightly improves the performance but does not improve the robustness against typos.
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Figure 7: Performance on multilingual AIME, a harder
mathematical reasoning benchmark, under different
typo rates across five languages. Accuracy generally
decreases as the typo rate increases, while larger models
remain more robust than smaller ones. Crosslingual
differences are also visible, with Bengali and Russian
(which use scripts other than the Latin script) typically
exhibiting greater degradation under heavy noise.

Table 4 presents the results across methods and
typo rates. We observe that performance consis-
tently degrades as the typo rate increases for all
methods, indicating that the degree of textual per-
turbation strongly affects model performance. Fur-
thermore, MULTYPO generally exhibits degrada-
tion patterns that lie between the naive baseline and
WIKITYPOS across many tasks. This suggests that
models are relatively more robust to MULTYPO

and WIKITYPO perturbations, likely because these
better reflect realistic human typing errors, some
of which may already be present in pretraining
data. Overall, these findings further support
the validity of using MULTYPO as a realistic
and controlled approach for evaluating model
robustness under real-world noisy inputs.

6.2 Influence on Harder Benchmarks

To examine whether our findings generalize to
more challenging reasoning tasks, we extend our
evaluation to multilingual AIME, constructed by
combining AIME 2025 and AIME 2026 (Qi et al.,
2025), yielding a total of 60 math problems per

language. Compared to MGSM, AIME requires
substantially longer and more complex reasoning
traces and is less likely to suffer from data con-
tamination. We evaluate the Qwen3 family (1.7B,
4B, 8B) across five languages (German, English,
French, Russian, Bengali) under varying typo rates
(0%, 10%, 40%, 70%).

Figure 7 presents the results. Our key findings
consistently generalize to this more challenging
benchmark. As the typo rate increases, perfor-
mance declines across nearly all models and lan-
guages, indicating that complex reasoning tasks
also remain highly sensitive to input noise. While
larger models (e.g., Qwen3-8B) exhibit stronger
robustness than smaller ones, they still experience
noticeable degradation under higher noise levels.
We further observe clear cross-lingual variation:
high-resource languages written in the Latin script
(English, German, French) tend to be more sta-
ble, whereas Russian and especially Bengali show
larger performance drops as the typo rate increases.
This pattern aligns with prior findings that chain-of-
thought reasoning is more robust in high-resource
languages (Zhao et al., 2026; Liu et al., 2026). Our
results further confirm that tasks involving com-
plex reasoning are particularly susceptible to
typos, and that this vulnerability may even be
amplified in more challenging benchmarks.

6.3 Do Example Counts Affect Robustness?

Few-shot prompting is known to enhance model
performance by providing clearer task formula-
tions and patterns (Brown et al., 2020; Schick and
Schütze, 2022). This naturally raises the question:
Can increasing the number of examples also im-
prove robustness against typos? To explore this,
we vary the number of examples in the prompt – 0,
1, 3, and 5 – and evaluate instruction-tuned models
across different typo rates, tasks, and languages.
Figure 6 presents the aggregated results.

Across the multilingual models (Gemma and
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Family ara_Arab ben_Beng deu_Latn ell_Grek eng_Latn fra_Latn hin_Deva rus_Cyrl

Gemma
51.3 47.3 53.0 55.3 56.4 53.6 45.6 57.3
46.3 42.3 52.2 55.4 57.5 52.1 41.3 50.5

9.7% 10.6% 1.5% -0.2% -2.0% 2.8% 9.4% 11.9%

Qwen
47.2 38.3 52.9 47.6 62.3 54.8 41.0 55.0
44.6 31.6 50.8 44.5 58.8 53.0 36.9 52.4

5.5% 17.5% 4.0% 6.5% 5.6% 3.3% 10.0% 4.7%

OLMo
30.6 20.3 40.9 39.1 57.5 46.3 26.9 41.9
28.5 19.1 38.3 37.1 55.8 43.4 24.6 35.3

6.9% 5.9% 6.4% 5.1% 3.0% 6.3% 8.6% 15.8%

Table 5: Performance when fed with clean input (top
row) and with a 10% typo rate (bottom row), aggregated
across all tasks and datasets, by language. Only lan-
guages supported by at least 3 datasets are considered.

Qwen), increasing the number of examples in few-
shot settings leads to consistent performance gains
until 3 shots. However, the robustness gap, i.e.,
the performance drop from clean to noisy inputs,
remains nearly unchanged regardless of shot count.
For the OLMo family, adding more examples does
not seem to help and occasionally harms perfor-
mance, likely due to its limited multilingual cov-
erage and confusion introduced by prompts in lan-
guages that OLMo does not support well. These
findings suggest that while demonstrations im-
prove overall performance, they do not inher-
ently enhance robustness against typos.

6.4 Which Language is More Sensitive?

We hypothesize that model robustness to typos is
not uniform across languages, particularly due to
data availability. To investigate this, we analyze
performance degradation across eight languages
that are each supported by at least three datasets.
Table 5 presents results aggregated over all tasks.
Additionally, we analyze Flores200 separately to
examine how translation direction interacts with
typo robustness. Specifically, we compare the per-
formance of Gemma models when translating from
English vs. into English, as shown in Figure 8.

Across all three model families, English consis-
tently exhibits the highest robustness – its relative

drop is among the lowest. Other languages that
use the Latin script, such as German and French,
also show relatively small degradations. In contrast,
languages with underrepresented scripts, including
Arabic, Hindi, and Bengali, tend to exhibit larger
drops. Interestingly, even Russian, despite being
high-resource, suffers from sharp degradation (e.g.,
11.9% for Gemma). This suggests that models
are more robust in languages with both high
data availability and orthographic familiarity
(e.g., Latin script). Furthermore, Figure 8 shows
that translations from English are more robust than
those into English, reinforcing the idea that ty-
pos in lower-resourced or structurally differ-
ent input languages more severely impair both
crosslingual understanding and generation.

7 Conclusion

We present a comprehensive study on the multilin-
gual robustness of LLMs under simulated, realistic
typographical errors. To this end, we introduce
MULTYPO, a multilingual typo generation algo-
rithm grounded in language-specific keyboard lay-
outs and human typing behavior. Through exten-
sive evaluation of 18 models across multiple tasks
and three model families, we show that even mod-
est levels of noise can substantially degrade perfor-
mance – particularly for reasoning-intensive tasks.
While larger models and instruction tuning improve
performance on clean inputs, they do not consis-
tently translate to improved robustness under noise.
We further uncover crosslingual disparities: mod-
els are more resilient in high-resource, Latin-script
languages, while exhibiting greater vulnerability
in lower-resource or non-Latin-script languages.
These findings highlight critical blind spots in cur-
rent LLM evaluation and motivate future work on
noise-aware multilingual pretraining, evaluation,
and human-centric error modeling.
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Limitations

While our work provides a first step toward mul-
tilingual robustness evaluation under human-like
typographical errors, we acknowledge that several
limitations remain.

First, MULTYPO currently supports a diverse but
limited set of typologically diverse languages. To
incorporate a new language, one needs to manu-
ally specify the corresponding keyboard layout and
typing conventions.

Second, our algorithm does not yet support lo-
gographic or syllabic writing systems, such as Chi-
nese. This limitation stems from the fundamen-
tal differences in input methods – e.g., Chinese
characters are typically typed via phonetic systems
like Pinyin rather than direct keypresses. Model-
ing such input pipelines requires a fundamentally
different corruption strategy. Future work could ex-
tend MULTYPO to accommodate these languages
by simulating common typing errors in the inter-
mediate input stages (e.g., Pinyin mistyping or can-
didate misselection).

Third, our human evaluation provides important
validation of the realism of MULTYPO, covering
multiple languages. However, results for Arabic
did not show significant improvements over the
naive baseline, suggesting that our typo simulation
algorithm MULTYPO may not capture all language-
specific properties equally well. However, this does
not overshadow the findings that LLMs are not
robust to multilingual textual perturbations.

Finally, we focus exclusively on physical key-
boards (e.g., QWERTY), while ignoring other in-
put modalities such as touchscreen keyboards on
mobile devices. Typing behaviors, error distribu-
tions, and auto-correct interference vary substan-
tially across modalities (Jokinen et al., 2021; Shi
et al., 2025). Evaluating robustness under such
device-dependent noise would further enrich our
understanding of LLM performance in real-world
settings, which we leave for future work.

Ethical Considerations

Data Annotation Before conducting the human
evaluation, all participants were clearly informed
about the purpose, procedure, and voluntary nature
of the study, and provided their informed consent.
For most languages, annotators were recruited via
Prolific and compensated fairly at a rate equivalent
to approximately £6 per hour (about £1 per com-
pleted annotation set) (details are provided in §B).

A small portion of participants (around 10%) were
personal contacts who volunteered without com-
pensation. No personally identifiable information
was collected, and all demographic data (e.g., age,
gender) was provided optionally.

Use of AI Assistants The authors acknowledge
the use of ChatGPT exclusively for grammar cor-
rection, improving the clarity and coherence of the
draft, and assisting with code implementation.5
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'zero', 'one', 'two', 'three', 'four', 
'five', 'six', 'seven', 'eight', 'nine', 
'ten', 'eleven', 'twelve', 'thirteen', 
'fifteen', 'twenty', 'thirty', 'forty', 
'fifty', 'hundred', 'thousand', 
'million', 'billion'
'1', '2', '3', '4', '5', '6', '7', '8', '9', '0'

English:

'null', 'eins', 'zwei', 'drei', 'vier', 
'fünf', 'sechs', 'sieben', 'acht', 
'neun', 'zehn', 'elf', 'zwölf', 
'zwanzig', 'sechzig', 'siebzig', 
'hundert', 'tausend', 'million', 
'milliarde',
'1', '2', '3', '4', '5', '6', '7', '8', '9', '0'

'un', 'deux', 'trois', 'quatre', 'cinq', 
'six', 'sept', 'huit', 'neuf', 'dix', 
'onze', 'douze', 'treize', 'quatorze', 
'quinze', 'seize', 'vingt', 'trente', 
'quarante', 'soixante', 'cent', 
'mille', 'million', 'milliard',
'1', '2', '3', '4', '5', '6', '7', '8', '9', '0'

'εννιά', 'εννέα', 'δέκα', 'μηδέν', 
'ένα', 'τριάντα', 'τρία', 'είκοσι', 
'εκατό', 'έξι', 'πενήντα', 'δύο', 
'πέντε', 'οκτώ', 'έντεκα', 'ογδόντα', 
'τέσσερα', 'δώδεκα', 'ενενήντα', 
'επτά', 'εβδομήντα', 'σαράντα', 
'εξήντα', 'χίλια', 'εκατομμύριο', 
'δισεκατομμύριο',
'1', '2', '3', '4', '5', '6', '7', '8', '9', '0'

'վաթսուն', 'քառասուն', 
'իննսուն', 'երեսուն', 'վեց', 'չորս', 
'միլիոն', 'երեք', 'տաս', 'ինը', 
'քսան', 'հազար', 'ութ', 'հարյուր', 
'հիսուն', 'միլիարդ', 'երկու', 'մեկ', 
'յոթ', 'հինգ',
'1', '2', '3', '4', '5', '6', '7', '8', '9', '0'

German:

French:

Greek:

'छियासी', 'बयासी', 'इकतालीस', 'चौरानव'े, 
'उनचास', 'एक', 'सत्तानवे', 'पचहत्तर', 
'ग्यारह', 'पंद्रह', 'अट्ठाईस', 'छतरसठ', 
'नवासी', 'अड़सठ', 'बहत्तर', 'उन्ननस', 
'पचपन', 'अठहत्तर', 'उनतालीस', 'तीन', 'सौ', 
'पच्चीस', 'नब्बे', 'चालीस', 'दस', 'करोड़', 
'छतहत्तर', 'अट्ठावन', 'िप्पन', 'सैंतालीस', 
'िः', 'छननयानव'े, 'इक्यानबे', 'बाईस', 
'चौंतालीस', 'चौहत्तर', 'चार', 'सात', 'चौबन', 
'इक्याबन', 'सड़सठ', 'इकहत्तर', 'इक्यासी', 
'साठ', 'छतरासी', 'अठासी', 'छिहत्तर', 'सत्रह', 
'चौरासी', 'सत्तावन', 'लाख', 'छियानवे', 
'अरब', 'नौ', 'इकसठ', 'बारह', 'उनसठ', 
'सत्ताईस', 'छतरेपन', 'पैंतालीस', 'अड़तालीस', 
'हजार', 'अस्सी', 'चौदह', 'तीस', 'सतासी', 
'सतहत्तर', 'तेईस', 'चौंसठ', 'पांच', 'छतरानवे', 
'बानव'े, 'आठ', 'उनहत्तर', 'अट्ठारह', 
'इक्कीस', 'बावन', 'तैंतालीस', 'सत्तर', 
'सोलह', 'छियासठ', 'बीस', 'छियालीस', 
'तेरह', 'पचास', 'बासठ', 'दो', 'पचानवे', 
'उनासी', 'पैंसठ', 'अट्ठानव'े, 'बयालीस',
'१', '२', '३', '४', '५', '६', '७', '८', '९','०', '1', 
'2', '3', '4', '5', '6', '7', '8', '9', '0'

'ექვსი', 'რვა', 'თვრამეტი', 
'თექვსმეტი', 'სამი', 'შვიდი', 
'ჩვიდმეტი', 'მილიარდი', 'ათი', 
'ცხრა', 'ასი', 'ოთხი', 'თოთხმეტი', 
'მილიონი', 'თერთმეტი', 'ორი', 
'ცამეტი', 'თხუთმეტი', 'ნული', 
'ოცი', 'ერთი', 'ხუთი', 'თორმეტი',
'1', '2', '3', '4', '5', '6', '7', '8', '9', '0'

'তিন', 'এক', 'চতিশ', 'ককোটি', 
'পঁতচশ', 'ক োল ো', 'হোজোর', 'কচৌদ্দ', 
'কশো', 'ঊতনশ', 'আতশ', 'কিইশ', 
'তিয়োত্তর', 'বো তি', 'পঁয়িোতিশ', 
'পঁয়িোতিশ', 'আঠোর', 'সোি', ' ক্ষ', 
'ছয়', 'সত্তর', 'চিুরুু্জ', 'ক ো ', 
'পোঁচ', 'বোইস', 'দশ', 'পঞ্চোশ', 
'নব্বই', ' োট', 'আট', 'চুয়োতিশ', 
'এগোর', 'চুরোতশ', 'চোর', 'কির', 
'পলনর', 'ছয়', 'বোলরো', 'নয়', 'তবশ', 
'তিশ', 'আঠোশ', 'দুই', 'নয়',
'১', '২', '৩', '৪', '৫', '৬', '৭', 
'৮', '৯', '০', #lang-intern 
numbers only if they are on 
keyboard
'1', '2', '3', '4', '5', '6', '7', '8', '9', '0'

', שש', 'שמונה', 'אחת', 'מיליארד', 'חמש', 'מיליון'
', אחד', 'חמישים', 'אלפים', 'אלף', 'שבע', 'ארבע'
', שתים', 'שישים', 'תשע', 'מאתיים', 'שני', 'מאה'

', אלפיים', 'שמונים', 'עשר', 'שתיים', 'מאות'
',חמישה', 'שלוש', 'שישה', 'שמונת'

'1' ,'2' ,'3' ,'4' ,'5' ,'6' ,'7' ,'8' ,'9' ,'0'

'ஒன்று', 'நான்கு', 'பத்து', 
'இலட்சம்', 'இரண்டு', 'பதினேழு', 
'எட்டு', 'நூறு', 'ஆயிரம்', 
'பத்ததான்பது', 'ஏழு', 'ஐம்பது', 
'பதிதோன்று', 'ஆறு', 'ஐந்து', 
'ஒன்பது', 'பதிோறு', 'மில்லியன்', 
'ததான்னூறு', 'எழுபது', 
'பதினேந்து', 'நாற்பது', 
'பதிதேட்டு', 'பூஜியம்', 'முப்பது', 
'அறுபது', 'பதிோன்கு', 'மூன்று', 
'பன்ேிரண்டு', 'எண்பது', 'இருபது', 
'பில்லியன்',
'1', '2', '3', '4', '5', '6', '7', '8', '9', '0'

Hindi:

Armenian:

Georgian:

Hebrew:

Bengali:

Tamil:

'шестнадцать', 'двести', 
'четыре', 'сорок', 'два', 'три', 
'шесть', 'семь', 'миллиард', 
'десять', 'девятнадцать', 
'четырнадцать', 'сто', 'девять', 
'двенадцать', 'один', 
'пятнадцать', 'тысяча', 'пять', 
'миллион', 'семнадцать',
'1', '2', '3', '4', '5', '6', '7', '8', '9', '0'

', خَمْسَة', 'أَلف', 'سِتُّونَ ', 'ثَلََثوُنَ ', 'وَاحِد'
بعَُونَ ' عوُنَ ', 'سِتَّة', 'أرَْ عَةأرَْ ', 'سبَْ ', ثَلََثةَ', 'بَ

مَانيَِة' ', خَمْسُونَ '',أَحَدَ ', 'تِسْعَة', 'عَشَرَ ', 'ثَ
ا۟ئتَاَن' عَة', 'عِشْرُونَ ', 'مِ ئَ ', 'سبَْ نَا', 'ةمِ ', اثِْ

مَانوُنَ ', 'تِسْعوُنَ ' ',ثَ
'1', '2', '3', '4', '5', '6', '7', '8', '9', '0'

Russian:

Arabic:

Figure 9: Ignoring String Sets across all languages that are considered in MULTYPO.

A Additional Details of MULTYPO

Neighbors of Keys In our work, we define a char-
acter’s neighbors (which are used in typo operation
replace and insert) as the keys that are immediately
adjacent to it on the same row of the keyboard –
specifically, the key to its left and the key to its
right, based on the empirical findings that horizon-
tal neighbor errors are more common (MacNeilage,
1964).6 Keys corresponding to non-alphabetic sym-
bols or function keys (such as Enter or Tab) are not
considered, and characters that are absent from the
specified keyboard layout simply have no neigh-
bors. This definition provides a consistent notion of
adjacency across languages and platforms, avoid-
ing complications introduced by layout-specific
variations in the placement of special characters
(e.g., brackets on Windows vs. macOS).

Ignoring String Sets As described in §3.1, we
exclude several words from being selected as the
candidates to insert typos. These words are mainly
commonly used numerical expressions across lan-
guages. We exclude them since they are typically
critical for downstream understanding. The set for
each language is visualized in Figure 9.

6To reflect the real typing behavior of users of differ-
ent languages, we leverage a keyboard layout database from
https://kbdlayout.info/, which uses data sourced from
Windows version 10.0.27729.1000

Sampling In MULTYPO, there are three places
where we introduce randomness by sampling: word
sampling, position sampling, and typo operation
sampling. We introduce the details of each sam-
pling process in the following.

• Word Sampling: We assign each word a sam-
pling probability proportional to the square
root of its length:

√
|w|. We then normalize

the probability by dividing the sum over all
words:

∑
w

√
|w|. This probability reflects

the empirically observed tendency for longer
words to attract more typos.

• Position Sampling: When selecting a spe-
cific character position within a word to insert
or modify a character, we consider position-
dependent weights: the first character is as-
signed a weight of 0 and is never selected; the
second character receives a weight of 0.1; the
final character receives 0.2; and all intermedi-
ate positions are linearly interpolated between
these values. This empirical setup is based on
findings from Lisbach and Meyer (2013) that
word-initial errors are rare. The probability of
each position is then its normalized weight.

• Typo Operation Sampling: Insertion op-
erations are sampled with a probability of
15.25%, while replacement, deletion, and
transposition are each assigned a probability
of 28.25%. This skewed distribution reflects
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empirical observations that insertion errors
are less common than the other three error
types according to the findings from Baba and
Suzuki (2012).

Validating Operation In our implementation, in-
stead of sampling all candidate words at once, we
iteratively select a word at a time and insert a typo
into it, guaranteeing an adequate number of ty-
pos according to the user specification (typo rate).
Therefore, when inserting a typo into a word, we
perform a validity check before applying each op-
eration. Because errors are introduced iteratively,
unconstrained edits could yield implausible out-
comes – for example, replacing the initial w in
word with e to obtain eord, and then replacing e
back with w, which would be counted as two errors
despite leaving the word unchanged. The validity
check prevents such contradictions and filters out
unlikely multi-step substitutions, ensuring that the
final set of typos is consistent with natural typing
patterns.

Special Cases and Strategies We handle several
edge cases to keep the typographical errors mean-
ingful and realistic:

• If the selected word is only one character
long, or if it contains an item of the prede-
fined Ignoring String Sets, another word will
be selected.

• If the transpose operation is selected and the
word is not the final word in the sentence, a
whitespace character is appended to the end
of the word. This is done to facilitate the de-
tection of cross-hand key pairs, as previously
described, unless the whitespace has already
been appended in an earlier iteration.

• If the typo operation is deemed invalid or if
the modified word is identical to the original
(indicating no actual change occurred), an-
other typo function is selected for the same
word.

B Details of Human Evaluation

Overview We designed a lightweight web inter-
face to collect judgments of typo naturalness. Par-
ticipants first selected their evaluation language
(English, German, French, Greek, Russian, Ara-
bic, Hindi), filled in basic demographic informa-
tion (age, gender, nationality, fluency in the se-

Figure 10: Screenshot of the annotation interface.

lected language),7 , as shown in Figure 10 and then
completed 30 annotation trials. Each trial displayed
a single corrupted sentence from Flores200 (NLLB
Team et al., 2022), and participants judged whether
the typos appeared natural or unnatural, as shown
in Figure 11. At the end of the evaluation, the par-
ticipant needed to provide a confidence rating (1–5)
(the higher, the more confident).

Task Setup. In total, 30 sentences were sampled
from Flores200, with 15 corrupted by MULTYPO

and 15 by the random baseline (5 sentences at 10%,
40%, and 70% typo rates for each system). Sen-
tences were balanced for length across the two con-
ditions. The order of the sentences is randomized
for each participant to avoid a systematic learning
effect while going through the sentences. Partici-
pants completed the annotation in ∼5-8 minutes.
Participants were recruited through personal con-
tacts (∼10%, mainly for English and German), ex-
tended through recruitment on Prolific.8 We com-
pensated crowdworkers at a rate equivalent to about
£6 per hour, which corresponds to roughly £1 per
annotation set (30 sentences).

Participants. We collected at least 15 valid re-
sponses per language.9 Table 6 summarizes the
fluency levels and self-reported confidence across
languages. Table 7 and Table 8 summarize the dis-
tribution of age and gender, respectively. Overall,

7However, providing this information is completely volun-
tary. We did not store any personally identifiable information
except for fluency (for ensuring the quality).

8https://www.prolific.com/
9For each language, we enabled Prolific’s auto-filtering fea-

ture, which excluded responses completed in under 3 minutes
as likely invalid.
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Figure 11: Example of annotating one sentence.

Language Native Near-native Non-native Avg. Confidence (1–5)
Arabic 7 4 4 4.1
Armenian 6 1 8 3.5
Bengali 3 4 8 3.3
English 13 15 0 3.9
French 5 5 5 3.9
Georgian 4 2 9 3.5
German 6 7 2 4.0
Greek 8 3 4 3.8
Hebrew 4 5 6 3.5
Hindi 8 2 5 4.0
Russian 7 4 4 4.0
Tamil 6 6 3 3.9

Table 6: Participant language fluency by language: num-
ber of native/near-native (very fluent)/non-native (basic)
speakers and average self-reported confidence.

the pool covered a balanced mix of native, near-
native, and non-native speakers, with most partici-
pants being native or near-native and reporting high
confidence (4–5).

Language 18–24 25–34 35–44 45–54 55+ Prefer not
Arabic 5 6 3 1 – –
Armenian 2 7 4 1 1 –
Bengali 4 9 – 1 – 1
English 6 9 2 2 3 6
French 2 6 4 3 – –
Georgian 3 9 2 1 – –
German 1 1 3 3 1 6
Greek 4 4 5 – 1 1
Hebrew 5 6 3 1 – –
Hindi 3 9 2 1 – –
Russian 1 8 2 2 2 –
Tamil 5 7 1 2 – –

Table 7: Annotator age distribution across languages.
Dashes indicate that no participant reported the corre-
sponding category.

Findings. Extending on the results reported in
§3.2, we also observe a clear effect of corruption
level (cf. Figure 12): across all languages, higher
typo rates lead to substantially lower “naturalness”
judgments, aligning with the intuition that dense er-
ror patterns are less plausible as real-world human
mistakes. Importantly, we observe that even under
severe corruption (i.e., 40% and 70%), MULTYPO

maintains a naturalness advantage over the naive
baseline, highlighting that modeling human-typing
behavior provides a better simulation of real-world
typos.

Language Male Female Prefer not Unspecified
Arabic 6 9 – –
Armenian 6 9 – –
Bengali 8 6 – 1
English 9 13 6 –
French 8 5 – 2
Georgian 4 11 – –
German 4 5 6 –
Greek 8 6 1 –
Hebrew 7 7 1 –
Hindi 7 8 – –
Russian 6 8 – 1
Tamil 9 6 – –

Table 8: Annotator gender distribution across languages.
“Unspecified” refers to missing or null responses.

Language Multypo (avg.) Naive (avg.) Significance
Arabic 7.10 6.70
Armenian 12.20 0.60 ***
Bengali 11.40 4.40 ***
English 13.50 7.20 ***
French 12.40 5.00 ***
Georgian 13.40 6.70 ***
German 12.70 5.60 ***
Greek 10.90 7.80 **
Hebrew 10.20 8.00 **
Hindi 10.20 3.00 ***
Russian 10.20 5.60 ***
Tamil 5.90 4.40 *

Table 9: LLM-as-a-judge evaluation of typo naturalness.
We report the average number of times (out of 10 runs)
that a typo-corrupted sentence is classified as “natural”
by the LLM for each method. Significance is computed
using paired t-tests. Stars denote significance levels: *
p < 0.05, ** p < 0.01, *** p < 0.001.

B.1 LLM-as-a-Judge Evaluation of
MULTYPO Naturalness

To further assess the naturalness of typos generated
by MULTYPO, we conduct an additional evalua-
tion using Gemini-2.5-Flash as a judge, follow-
ing recent work on model-based evaluation. We
adopt a protocol aligned with our human study (cf.
§3.2): given a typo-corrupted sentence, the LLM
is prompted to classify it as either natural or un-
natural, using the same instructions as in human
annotation. To better approximate multiple inde-
pendent annotators, we repeat the evaluation 10
times for each sentence and aggregate the results.
Specifically, we report the average number of times
(out of 10) that a sentence is classified as natural for
each typo generation method. We further compute
paired t-tests across methods for each language.

Table 9 presents the results of LLM-as-a-judge.
We observe that MULTYPO consistently produces
more natural typos than the naive baseline across
almost all languages, with statistically significant
improvements in the majority of cases. The trends
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Figure 12: Human evaluation results grouped by the three considered typo rates (10%, 40%, 70%) across seven
languages. Across all languages, higher typo rates reduce perceived naturalness, yet MULTYPO consistently yields
more human-like typos than the naive baseline, even under higher corruption rates.
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are highly consistent with our human evaluation
results reported in Table 2 in §3.2, providing ad-
ditional evidence that MULTYPO better captures
realistic human typing behavior. While the gap is
smaller for some languages (e.g., Arabic, Tamil),
the overall pattern remains robust.

C Details of Downstream Tasks

C.1 Dataset Statistics

Language Coverage MULTYPO supports 12 lan-
guages at the current stage. Each downstream task
covers a slightly different set of languages, and
therefore, we only evaluate on languages that are
supported by MULTYPO for each dataset. Table 10
presents the languages supported in each dataset.

Instance Selection To ensure a fair and balanced
evaluation, we cap each dataset at a maximum of
1,000 instances across languages where possible.
Belebele contains roughly 900 instances by design
and requires no further reduction. For Flores200,
we selected 500 instances per translating direction
(translating into and from English), yielding 1,000
prompts in total. MGSM and its Arabic and Hindi
adaptations are limited to 250 examples each to
maintain consistency. For XNLI and MMMLU,
we subsample 1,000 instances while preserving
original label (XNLI) and subject-area (MMMLU)
distributions. The sampling is consistently applied
in each parallel dataset to ensure comparability
across languages.

C.2 Prompt Templates

For each dataset, prompts are constructed in a stan-
dardized format to ensure consistency across exper-
iments. If typographical errors are injected, only
the instances of the dataset, denoted in curly brack-
ets {} ({language} in Flores200 is an exception),
are affected. All other components of the prompt re-
main unchanged. The prompt templates are shown
as follows.

XNLI
Classify the relationship between the premise and hypothe-
sis as (0) Entailment, (1) Neutral, or (2) Contradiction.
Premise: {premise}
Hypothesis: {hypothesis}
Label:

Belebele
Given the following passage, query, and answer choices,
output the letter of the correct answer.
###
Passage:
{flores_passage}
###
Query:
{question}
###
Choices:
(A) {mc_answer1}
(B) {mc_answer2}
(C) {mc_answer3}
(D) {mc_answer4}
###
Answer:

MMMLU
The following are multiple choice questions (with answers)
about {Subject}.
{Question}
(A) {A} (B) {B} (C) {C} (D) {D}
Answer:

MGSM
Question: {question} Let’s think step by step.
Step-by-Step Answer:

Flores200: {language} → English
Translate the following sentence from {language} to En-
glish.
{language}: <BOS>{sentence}<EOS>
English: <BOS>

Flores200: English → {language}
Translate the following sentence from English to
{language}.
English: <BOS>{sentence}<EOS>
{language}: <BOS>

Few-Shot Setup For each shot setting, we sam-
ple a fixed set of support examples per language
and introduce typographical noise according to the
specified corruption level. To preserve a consistent
supervision signal, the correct answers in the exem-
plars are left unaltered, allowing the model to learn
correct associations even under noisy contexts. The
same exemplars are used across all evaluations to
ensure comparability. Whenever possible, exam-
ples are drawn from the training or development
splits; otherwise, the first instances from the test
split are selected. The remaining data points serve
as independent queries during evaluation.

D Performance Comparison with
Random Typo Baseline

We examine performance differences when input
text is perturbed by MULTYPO – which simulates
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Dataset ara_Arab ben_Beng deu_Latn ell_Grek eng_Latn fra_Latn heb_Hebr hin_Deva hye_Armn kat_Geor rus_Cyrl tam_Taml
XNLI x x x x x x x
Belebele x x x x x x x x x x x x
MMMLU x x x x x x
MGSM x x x x x x x
FLORES200 x x x x x x x x x x x x

Table 10: Supported languages for each dataset in our evaluation.
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Figure 13: Performance comparison of MULTYPO and random baseline under different typo rates (10%, 40%, 70%)
in the 3-shot setting. Bars show average performance across all languages for each task.

Task 10% 40% 70%
XNLI 0.665 0.621 0.768
Belebele 0.001*** 0.029* 0.000***
MMMLU 0.133 0.170 0.168
MGSM 0.002** 0.001** 0.001***
Flores200 0.213 0.071 0.000***

Table 11: Significance of performance differences be-
tween MULTYPO and random baseline under 3-shot
setup. Each cell shows the p-value with significance
stars (* p < 0.05, ** p < 0.01, *** p < 0.001).

human typing behavior – versus a random typo
baseline that applies the same four operations de-
scribed in §3.1 but disregards keyboard layout con-
straints. For this evaluation, we use Qwen3-4B
(instruction-tuned) across all five tasks.

As shown in Figure 13, performance under ran-
dom perturbations is consistently lower than with
MULTYPO. This suggests that models are more ro-
bust to MULTYPO typos, likely because they better
approximate realistic human typing errors, some
of which may already be represented in pretraining
corpora. Table 11 further confirms these trends:
(1) For natural language understanding tasks (e.g.,
XNLI), the performance gap is small and not sta-
tistically significant. (2) For generation tasks – par-
ticularly those requiring reasoning – the random
baseline leads to significantly larger degradation
compared to MULTYPO.

E Complementary Results on Translation

We also compare the performance of Qwen and
OLMo models when translating from English vs.
into English, as shown in Figure 14 and Figure 15.
In general, we observe the same trend as in Fig-
ure 8. That is, translations from English are more
robust than those into English. This trend is typi-
cally noticeable when involving low-resource lan-
guages that are written in non-Latin scripts, such
as hye_Armn and kat_Geor. To sum up, these find-
ings further support our claim that typos in lower-
resource input languages might severely impair the
understanding and, therefore, result in bad transla-
tion quality.

F Experimental Environment and
Hyperparameters

All experiments are conducted on NVIDIA RTX
A6000 GPUs. We use vLLM to process the
prompts and obtain the response for each prompt.10

The default sampling parameters (top-k, top-p, etc.)
of vLLM are used. We set the different maximum
generation tokens for each dataset: 5 for XNLI,
100 for Belebele, 5 for MMMLU, 200 for MGSM,
and 100 for Flores200, based on preliminary exper-
imental results.

10https://docs.vllm.ai/en/v0.7.3/
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Figure 14: Robustness of Qwen models on Flores200 under different levels of typographical noise. Translation
from English seems to be more robust compared to translation to English.
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Figure 15: Robustness of OLMo models on Flores200 under different levels of typographical noise. Translation
from English seems to be more robust compared to translation to English.
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