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ing conventions present in their training cor-
pora. In this work, we investigate numeri-
cal reasoning across a wide range of numeral
scripts and formats. We show that LLM accu-
racy drops substantially when numerical inputs
are rendered in underrepresented scripts or for-
mats, despite the underlying mathematical rea-
soning being identical. We further demonstrate
that targeted prompting strategies, such as few-
shot prompting and explicit numeral mapping,
can greatly narrow this gap. Our findings high-
light an overlooked challenge in multilingual
numerical reasoning and provide actionable in-
sights for working with LLMs to reliably inter-
pret, manipulate, and generate numbers across
diverse numeral scripts and formatting styles.

1 Introduction

Language models have become foundational to
many NLP systems, demonstrating strong perfor-
mance across tasks that require understanding, gen-
erating, and reasoning over text. Because these
models are trained and evaluated using natural
language inputs and outputs, they are often as-
sessed on their ability to carry out non-linguistic
reasoning—such as basic arithmetic—when such
problems are expressed in natural language. Nu-
merical reasoning has attracted sustained inter-
est, as it probes whether models can manipu-
late structured, symbolic information rather than
relying solely on surface-level pattern matching.
Prior work has shown that LLMs perform arith-
metic with high accuracy under controlled settings,
with numbers expressed using standard Hindu-
Arabic numerals and familiar formatting conven-
tions (Wallace et al., 2019; McCoy et al., 2019).

Figure 1: LLM numerical reasoning is sensitive to the
script and format used; illustrative samples of inputs
and outputs from Llama 3.3.

Despite this success, LLM performance is of-
ten contingent on the way information is repre-
sented (Bhattacharya et al., 2025; Singha et al.,
2023). In particular, numbers can appear in diverse
scripts and formatting conventions across different
languages and regions. Such variations, ranging
from alternate numeral scripts to different decimal
markers and digit grouping, may introduce chal-
lenges for models that have been primarily trained
on English-centric corpora. As a result, it remains
unclear to what extent previously observed arith-
metic competence reflects robust numerical reason-
ing versus reasoning that is strongly conditioned on
well-supported representations.

Tokenization further complicates this picture.
Tokenizers are a critical component of LLMs, as
they determine how text is segmented into sub-
word units that the model represents and manip-
ulates internally. For numerals in particular, the
way a number is tokenized can significantly influ-
ence arithmetic performance (Singh and Strouse,
2024; Nogueira et al., 2021; Zhang et al., 2025).
Numbers represented using fewer, larger tokens
are generally easier for models to process, whereas
those fragmented into many small tokens introduce
additional complexity and increase the likelihood
of errors, especially when such token patterns are
sparsely observed during training.

In this work, we study numerical reasoning in
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LLMs by varying only the script and formatting of
numerals, while holding the arithmetic itself con-
stant. This allows us to isolate the effect of numeral
representation on model performance. Our evalu-
ation probes multiple types of numerical process-
ing, ranging from recognizing and translating nu-
merals to performing arithmetic over non-standard
representations. Section 2 provides an overview of
the experimental setup. In Section 3, we examine
how changes in numeral script affect model behav-
ior, while Section 4 analyzes the impact of alterna-
tive numeric formatting conventions on arithmetic
performance. By focusing on numeral scripts and
formatting, an aspect of multilinguality that has re-
ceived comparatively little attention, this work con-
tributes to a more comprehensive understanding of
numerical reasoning in LLMs and highlights the
need for evaluation practices that better reflect the
diversity of numeric representations encountered
in real-world language use.

2 Approach

To study script and format effects on numerical
reasoning, we introduce an evaluation dataset con-
sisting of 336 base arithmetic expressions using
Hindu—Arabic (HA) digits, with 1-8 digit integer
and decimal operands.

2.1

Each of the 336 base arithmetic expressions are
translated into 20 distinct numeral scripts, de-
picted in Table 1, spanning both high and low-
resource scripts. This setup allows us to exam-
ine how changes in numeral glyphs affect arith-
metic reasoning. Throughout this work, the HA
numeral system is treated as the default setting, as
it is the standard numeric representation in English
and many other languages, and is widely used in
text corpora commonly employed to train LLMs.

Multiscript Numeral Dataset

2.2 Format-Variation Numeral Dataset

In a separate setting, all numbers in the 336 arith-
metic expressions remain in HA digits, but we sys-
tematically vary the decimal markers and group-
ing separators. We create 6 formatting conven-
tions reflecting diverse international styles shown
in Table 2.

Together, these two dataset' variants provide a
controlled yet diverse test bed for evaluating how
LLMs handle arithmetic when numerical surface

'Dataset to be released on Hugging Face post-publication.

Script Digits % Data
Hindu-Arabic| 0 1 2 3 4 5 6 7 8 9| 724
Perso-Arabic | .« Y Y ¥ ¥ o6 & Y A 1 12.2
Devanagari |o % R 3 & &« & © ¢ R 9.1
Bengali 0O 5 ¥ 9 8 & v 4 Vv & 1.4
Khmer 09 WmMmoee& DN G & 07
Gujarati o 1 R 3 ¥ U g 9 ¢ ¢ 0.5
Odiya o 9 9 ¥ & 99 9 1 ¢ 0.5
Malayalam onaamad@®ane @ 04
Myanmar |0 © | @ 6 § B 9 o g| 04
Telugu O 0 ® 3 @ B & 2 U0 F 0.4
Thai 0O 0o b m e & b o @ 0.4
Chinese* O—Z=Z=mWm#xHNK Lt/ J| 03
Kannada 0 0 9 & ¥ & & 2 & € 0.2
N’ko o r#r 4 ¢ v 4HVFE T 0.1
Tamil 0 & o m®m & ([ & e O o 0.1
Lao 09 G d & & & n g w| 23
Ol Chiki 0¥ 2 % ¢ 6 2 6 6™
Adlam 91 4 € & ¢ & 8 8 ¢ let
Balinese o ¥ QR oo q @ nw v W 0
Javanese o m ng_ma] 6 @l e a0
Osmanya 0O 5 & R &8 Y9 D2 CU 0

Table 1: Digits 0-9 across the 21 numeral scripts
used in this study. The last column reports the aver-
age percentage of digit occurrences for each script,
detailed in Section C.1. *Simplified Chinese.

forms differ from the HA, Western-centric numeric
formatting conventions that dominate pretraining
corpora. A detailed description of the dataset gen-
eration and annotation process is provided in Sec-
tion B. We evaluate a total of nine language models,
comprising four large and five small models. The
complete list of models used in this study, along
with details of their configurations and the evalua-
tion protocol, is provided in Section A.1.

3 Multiscript Numerical Reasoning

We evaluate multilingual numerical reasoning us-
ing the dataset defined in Section 2.1 across three
tasks: (i) identifying the numeral script of a given
number, (ii) translating numerals from diverse
scripts into standard HA digits, and (iii) perform-
ing arithmetic computations directly on numerals
expressed in different scripts.

The first two easier tasks serve primarily as prob-
ing tasks to assess whether LLMs can recognize
and interpret numerals across scripts, while the
third task constitutes the main focus of this work,
i.e. evaluating models’ ability to perform numeri-
cal reasoning under script variation.

3.1 Script Identification and Translation

For script identification, we select 30 arithmetic
expressions in each of 21 scripts, yielding 630 ex-
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Format | Decimal Marker \ Grouping Separator \ Grouping Pattern

F1 Period (.) Comma (,) 3-3-3
F2 Comma (,) Period (.) 3-3-3
F3 Thin space (_) Comma (,) 3-3-3
F4 Thin space (_)) Period (.) 3-3-3
F5 Apostrophe (‘) Comma (,) 3-3-3
F6 Period (.) Comma (,) 3-2-2

Regions* Example | % Data
North America, United Kingdom, Thailand | 922,436.38 63.33
Europe, Latin America 922.436,38 6.61
France, Switzerland 922,436,38 10.22
Russia, Ukraine 922,,436.38 8.25
Switzerland, Liechtenstein 922°436,38 2.08
India, Bangladesh 9,22,436.38 9.51

Table 2: Decimal and grouping separator conventions for six formatting variants. The last column reports the
average proportion of count of occurrences for each format, detailed in Section D.1.#*Not a comprehensive list.

. Claude Gemini 2.5 Llama-3.3

Script Sonnet 45  CFTo Pro 708
SI TR | SI TR| SI TR | SI TR

Hindu-Arabic 1.0 - 1.0 - 1.0 - 1.0 -
Adlam 10 10|10 10|10 10|10 00
Balinese 1.0 10| 1.0 1.0 |097 097| 1.0 1.0
Bengali 10 10|10 10|10 10|10 10
Chinese 1.0 10|08 08 |077 0.77
Devanagari 10 10|10 10| 1.0 10 | 1.0 1.0
Gujarati 10 10|10 10|10 10|10 10
Javanese 1.0 1.0 1.0 1.0 1.0 1.0
Kannada 10 10|10 10|10 10|10 10
Khmer 10 10|10 10|10 10|10 10
Lao 1.0 1.0 | 093 093|087 087| 1.0 1.0
Malayalam 10 10|10 10|10 10|10 10
Myanmar 1.0 10| 1.0 1.0 |0.77 1.0 0.0
N’ko 1.0 1.0 | 1.0 1.0 |097 097 | 1.0 1.0
Ol Chiki 1.0 10| 10 10 1.0 1.0
Oriya 10 10|10 10|10 10|10 10
Osmanya 097 0.97
Perso-Arabic 1.0 10 10 |08 10|10 10
Tamil 1.0 10| 10 10 |097 10| 10 10
Telugu 10 10|10 10|10 10|10 10
Thai 10 10|10 10|10 10|10 10
Avg. Accuracy | 0.96 0.92 | 0.94 0.89 | 0.94 0.89 | 0.95 0.77

Table 3: Accuracy on the script identification and nu-
meral translation tasks for LLMs. For each model, the
left column (SI) reports accuracy on the script identifi-
cation task, and the right column (TR) reports accuracy
on the numeral translation task. Cells highlighted in
indicate cases where model accuracy is 0.5 or lower.

amples. The expected output is the script name,
though we also accept the name of a language that
uses that script (e.g., Hindi for Devanagari); ver-
ified through manual inspection. For translation,
we use a fixed set of 10 unique numerical values
rendered in 20 scripts, resulting in 200 test cases,
and count translations as correct only if they ex-
actly match the target HA numeral string.

Results for large models, shown in Table 3, in-
dicate generally strong performance on both tasks,
demonstrating that these models can reliably recog-
nize and translate most numeral scripts. However,
consistent failures emerge for very low-resource
scripts such as Osmanya, which several models
misclassify as Osage. This confusion cannot be
attributed to geographic, linguistic, or script-level
similarity: Osage is an Indigenous language of

North America with a distinct script, whereas Os-
manya is used to write Somali in Somalia and parts
of East Africa. The fact that multiple models ex-
hibit the same error points to a systematic weak-
ness rather than random noise, likely reflecting
shared blind spots in pretraining data or learned
representations for extremely rare numeral scripts.

Performance on translation closely mirrors
script identification, with a strong correlation of
0.7022 (p = 3.95e—13). When a model fails to
correctly identify a numeral’s script, it typically
also fails to produce an accurate HA translation.
This alignment suggests that most translation er-
rors arise from upstream difficulties in script recog-
nition, rather than from an inability to convert nu-
meric values once the script is correctly identified.

We also considered a number of smaller, open
source language models. Results presented in Sec-
tion C show most smaller language models achieve
near-zero accuracy on both tasks for most scripts,
with a few exceptions for higher-resource scripts
such as Devanagari and Perso-Arabic. Due to this
consistently poor performance, we focus the rest of
our analysis on the four larger models.

3.2 Arithmetic Computation

We evaluate each model’s ability to perform ba-
sic arithmetic operations, i.e. addition, subtraction,
multiplication and division, when the numerals in
the expression are presented in HA and non-HA
scripts, using the dataset from Section 2.1.

3.2.1 Impact of Numeral Script Variation on
Arithmetic Performance

To isolate the effect of numeral script changes on
model performance, we only alter the digits in the
operands while keeping the arithmetic term and
prompt in English. An example prompt is shown
in Section C.4.

As shown in Figure 2, shifting numerals from
the standard HA script to other non-HA scripts re-
sults in an average performance drop of approxi-
mately 66—-87%, with Gemini exhibiting the lowest
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Figure 2: Comparison of model accuracy on the arith-
metic task. Error bars represent the standard deviation
and the dots represent the maximum accuracy among
non-HA scripts.

performance among the evaluated models.

3.2.2 Bridging the Performance Gap through
Prompting Strategies
To improve model performance on non-HA scripts,
we experimented with various prompt modifica-
tions. First, we provided additional hints, such as
explicitly mentioning the name of the script used.
However, this approach did not yield any notice-
able improvement. Next, we translated the oper-
ator into the script corresponding to the numerals.
For the words used in the prompts, we selected one
language that uses the same script as the numbers.
The complete script to language mapping used in
this study is provided in Table 10 in Section C.3.
This strategy, as shown in Figure 3, results in a
substantial performance improvement compared to
using the operator in English.

We further observe in Figure 3 that presenting
the entire user prompt in the native language us-
ing the script in question yields the highest per-
formance across the models. This highlights the
importance of consistent script usage and minimal
cross-script interference during arithmetic reason-
ing. A similar, though slightly larger, performance
improvement is observed when models are pro-
vided with an explicit mapping between HA and
non-HA digits. All prompts used for this task are
provided in Section C.4.

3.3 Quantifying Factors Affecting Multiscript
Arithmetic Performance

To assess the factors underlying model perfor-
mance on arithmetic reasoning across diverse nu-
meral systems, we employ a logistic generalized
linear mixed-effects model (GLMER; Breslow and
Clayton, 1993; Bates et al., 2015). A mixed-effects

Feature Coefficient | p-Value
Intercept 1.276 0.0965
Total # Operand Digits -0.027 0.098

Subtraction -0.082 0.778

Multiplication -1.136 0.022

Division -0.035 0.904

Tokens per Digit -0.198 <le8
Bengali -2.189 <le8
Chinese -3.544 <le”8
Devanagari -1.995 <le”8
Gujarati -2.692 < le 8
Kannada -2.02 <le”8
Khmer -2.01 < le 8
Lao 2747 | <le7®
Malayalam -3.118 < le”®
Myanmar -2.335 < le”®
Ol Chiki -3.09 <le”®
Oriya -2.63 <le 8
Perso-Arabic -1.287 <le 8
Tamil -3.406 <le 8
Telugu -2.794 <le 8
Thai -2.233 <le 8
Expr. Only (Native) 0.369 <1le 8
Expr. + Prompt (Native) 0.238 <le 8
Expr. + Prompt (Native + Mapping) 0.581 <le 8

Table 4: Coeflicient estimates and p-value from a
GLMER model.

formulation is necessary because each arithmetic
expression appears multiple times across different
numeral scripts and prompting conditions, violat-
ing the independence assumption required by logis-
tic regression (Winter, 2013). By modeling both
fixed effects and random effects, the GLMER al-
lows us to account for repeated measurements over
the same problems and models while isolating the
influence of representational factors. The model is
specified as:

response ~ total_digits + operation + script
+ tokens__per_digit + prompt
+ (1 | model) + (1 | index)

The fixed effects include the total number of dig-
its in the operands, the arithmetic operation, the
number of tokens per digit, the numeral script, and
the prompting strategy. Random intercept effects
are specified for the language model and the prob-
lem index. The factor reference levels are the HA
numeral system, the addition operator, and the En-
glish operator prompt. These levels have a coef-
ficient of 0. The model coefficient estimates and
p-values are shown in Table 4.
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Figure 3: Comparison of model accuracy on the arithmetic task. Error bars represent the standard deviation and
and the dots represent the maximum accuracy among non-HA scripts

Gemini 2.5 Pro was excluded from this analy-
sis due to its consistently low accuracy, which cre-
ated an extreme imbalance in the response variable
making it very difficult to estimate these regres-
sion coefficients. Likewise, the numeral scripts
Adlam, Osmanya, N’Ko, Balinese, and Javanese
were omitted because model performance on these
scripts was often zero, making it impossible to re-
liably estimate their effects.

Influence of Operation and Tokenization
Among the arithmetic operations, multiplication
exhibits a significant negative effect relative to
addition. This is consistent with the increased
computational complexity of multiplication, par-
ticularly when operands contain a larger number
of digits, resulting in longer outputs.

The tokens per digit feature shows a strong and
statistically significant negative coefficient which
confirms that scripts that are tokenized more ef-
ficiently—requiring fewer subword units—tend to
be processed more accurately.

Impact of Numeral Scripts A key finding of our
analysis is the consistent negative impact of non—
HA numeral scripts on arithmetic accuracy. All
scripts included in the model yield statistically sig-
nificant negative coefficients relative to the HA
reference level. This pattern reveals what we re-
fer to as a script tax: a systematic performance
penalty incurred when models process arithmetic
expressed in non—HA scripts. While LLMs pos-
sess robust arithmetic capabilities, these abilities
appear to be strongly tied to the numeral represen-
tations most prevalent in their pretraining corpora.

Prompt Engineering Effects Prompting strate-
gies play a significant role in mitigating perfor-

mance degradation. The Expr. + Prompt (Na-
tive + Mapping) strategy provides the largest pos-
itive effect (0.581), suggesting that explicitly map-
ping native-script numerals to a familiar reference
representation partially alleviates the challenges
posed by non-standard scripts. This result high-
lights the effectiveness of prompt-level interven-
tions in bridging representation gaps without mod-
ifying model parameters.

4 Arithmetic Reasoning with Formatted
Numbers

In the United States, among other regions, numbers
typically use a period as the decimal separator and
a comma as the thousands marker, grouping digits
into sets of three. As shown in Table 2, this con-
vention (F1) appears frequently in large pretraining
corpora and we believe it is therefore familiar to
most LLMs. In contrast, other formatting styles—
such as using an apostrophe as the decimal marker
or grouping digits into pairs after the first thousand
—appear far less often and are likely underrepre-
sented during training.

We evaluate each model’s ability to perform ba-
sic arithmetic on a single arithmetic task when the
same HA numerals are presented using different
formatting conventions, varying both the deci-
mal marker and the digit-grouping separator, us-
ing the dataset defined in Section 2.2. By holding
the script constant and altering only the formatting,
this evaluation isolates the effect of typographic
variation, allowing us to assess how robust LLMs
are to differences in number presentation that oc-
cur across various writing systems.
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Claude

Sonnet 4.5 GPT do

Sample

Format

Gemini 2.5 Pro

F1 ]922,436.38 + 4,359 , 436 . 38

F2  922.436,38 + 4.359 . 436 , 38

F3 1922 436,38 + 4,359 436, 38 L 359

F4 1922 436.38 + 4,359 436 . 38 L 359

\
+ o+ o+ o+ o+

F5 1922'436,38 + 4’359 , 38 T 359

Fo6

9,22,436.38 + 4,359

9 2 2 4 3 6 3 8 + i m EEE
9 2 2 4 36 3 8 + e B EE
9 2 2 0" 02 0 4 3 6 3 8 + 4 00 02 0 3 5 9
9 2 2 0' 0 |43 6 3 8  + 4 0 0 02 3 5 9
9 2 2 4 3 6 3 8 + A B EEE
9 2 2 4 3 6 3 8 + d m El E B

Table 5: Tokenization of input equations across the six formatting variants for various LLMs (The tokenization for
Llama 3.3 is the same as that of GPT 40). For Claude Sonnet 4.5, the column shows only the number of tokens, as
the tokenizer is not publicly accessible. Gemini 2.5 Pro splits the thin space into 3 single-byte tokens.

[ Uunformatted Input and Output
3 Formatted Input and Any Output (F1)
[ Formatted Input and Any Output (F2-F6 Avg.)
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Figure 4: Comparison of model accuracy on the arith-
metic task across formatted variants. Error bars repre-
sent the standard deviation.

4.1 The Baseline

The baseline arithmetic task uses unformatted in-
put expressions, with the model as expected pro-
ducing unformatted outputs. For the six formatted
versions, the formatted expressions are provided as
input to the language models, and outputs in any
format (or unformatted) are accepted. (An exam-
ple prompt is provided in Section D.3.)

As shown in Figure 4, for some models, perfor-
mance on the F1 format is comparable to or bet-
ter than performance on the baseline arithmetic
expressions, which is consistent with prior find-
ings (Singh and Strouse, 2024) that adding com-
mas correctly helps. While accuracy on formats
F2-F6 is generally lower, the results suggest that
models are largely able to treat formatted num-
bers in arithmetic expressions the same as their
unformatted representations. One notable excep-
tion is Gemini 2.5 Pro, which exhibits consistently
low performance when arithmetic expressions are
presented with formatting. While differences in
model performance may stem from several factors
—such as model size, pretraining data composition,
or fine-tuning strategies—these details are not pub-
licly available for many large models, particularly

closed-source ones.

To better understand the observed performance
differences across models, we analyze the tokeniza-
tion strategies employed in this study. As shown
in Table 5, Gemini-2.5 Pro is the only model that
tokenizes each digit as an individual token. In con-
trast, the other models exhibit broadly similar sub-
word segmentation patterns, typically segmenting
into sequences of up to 3 digits.

While digit-level tokenization alone cannot fully
account for Gemini 2.5 Pro’s lower performance,
it aligns with prior work (Kreitner et al., 2025)
showing that highly fragmented numeral represen-
tations can hinder numerical reasoning. Taken to-
gether, these results suggest that tokenization strat-
egy is an important contributing factor, but one that
likely interacts with other aspects of model training
and architecture rather than acting in isolation.

4.2 Prompting Strategies

To evaluate whether models can reproduce the ty-
pographic conventions present in the input num-
bers, we prompt them to return the answer in the
same format as the numbers in the input arithmetic
expressions. We experiment with the following
prompting strategies. Example prompts for each
strategy are provided in the Section D.3.

Formatted Input and Output: The model is
expected to return the answer in the same format
as the input, without any additional guidance. Note
that this is a more difficult problem than the Base-
line which accepted the answer in any format.

Formatted Input and Output + Hint: The
prompt also explicitly specifies the decimal marker
and grouping separator used in the input arithmetic
expressions.

Formatted Input and Output + Fewshot: The
prompt also includes two examples of formatted in-
put arithmetic expressions along with their corre-
sponding outputs.
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Figure 5: Comparison of model accuracy on the arithmetic task. Error bars denote standard deviation, and dots
indicate the maximum accuracy across formats. For F1, the bar shows the average over the four prompting strategies,

while the dot represents the best-performing prompt.

As shown in Figure 5, performance is highest
when a period is used as the decimal marker and
a comma is used as the grouping separator, with
digits grouped in threes (F1). In contrast, model
performance is lowest when these symbols are re-
versed (F2).> While this could partly be attributed
to the relative scarcity of such formats in train-
ing data, further analysis reveals an interesting pat-
tern. A substantial portion of training examples
that match format F2 appear in contexts such as IP
addresses rather than arithmetic expressions. As a
result, models are frequently exposed to these pat-
terns without any associated numerical computa-
tion context, which likely leads to confusion during
arithmetic reasoning.

The format with the second-lowest performance,
F3, corresponds to conventions used primarily in
the Indian subcontinent, where the decimal marker
and grouping separator are the same as in US for-
matting, but digits are grouped differently (e.g., a
comma separates every two digits after the first
thousand). This demonstrates that even small de-
viations in grouping patterns, when inconsistent
with the model’s pretraining distribution, can sig-
nificantly impact arithmetic accuracy.

Prompting strategies can mitigate these issues to
some extent. Few-shot prompting with numeric ex-
amples increases model performance by 20-60%,
demonstrating that models can adapt through in-
context learning. This also suggests that much of
the failure in zero-shot scenarios is not due to in-
ability to compute but rather due to a lack of con-
text for reproducing the formatting.

2A more detailed error analysis of LLM performance
across the individual formatting variants and prompting strate-
gies is provided in Section D.4.

4.3 Quantifying the Impact of Numeric
Formatting on Arithmetic Performance

Feature ‘ Coefficient ‘ p-Value
Intercept 3.349 <le™8
Total # Operand Digits -0.154 <le™8
Subtraction -0.230 0.196

Multiplication -2.951 <le 8
Division -0.083 < le 8
Tokens per Digit -0.514 <le 8
F2 -2.259 <le”®
F3 -1.460 <le 8
F4 -0.991 <le”®
F5 -1278 | <le”®
F6 -1.342 <1le 8
Fmt. Input — Fmt. Output -0.793 <le 8
Fmt. Input + Hint — Fmt. Output -0.075 0.049

Fmt. Input + Few-shot — Fmt. Output 1.694 <le 8

Table 6: Coeflicient estimates and p-value from a
GLMER model.

To analyze the factors affecting arithmetic ac-
curacy under different numeric formatting conven-
tions, we fit a GLMER model analogous to that de-
scribed in Section 3.3, replacing the script factor
with format and using different prompting strate-
gies in prompt. The reference levels are the F1
formatting convention and the addition operator.

The model coefficients shown in Table 6, re-
veal a strong and consistent impact of numeric for-
matting on arithmetic performance. All alterna-
tive formatting variants (F2-F6) exhibit large nega-
tive coefficients relative to F1, indicating that arith-
metic expressions formatted differently from the
standard F1 convention are substantially more dif-
ficult for LLMs to solve. The magnitude of these
effects shows that even purely typographic changes
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that do not alter the underlying numerical values
can significantly impair model performance.

Beyond formatting, the type of arithmetic opera-
tion also influences accuracy. As with the previous
model, multiplication is significantly more chal-
lenging than addition, while subtraction and divi-
sion show smaller or less consistent effects. As ex-
pected, increasing the total number of operand dig-
its shows reduced accuracy, reflecting the greater
complexity of longer numerical expressions.

Prompting strategies partially mitigate these
challenges. Requiring models to produce format-
ted outputs further degrades performance, whereas
explicitly providing formatting hints yields only
marginal gains. In contrast, few-shot prompting
produces a substantial positive effect (1.694, p <
le~®), suggesting that exposure to representative
examples enables models to better adapt to unfa-
miliar numeric conventions.

5 Related Work

Research on numerical reasoning in LLMs has ex-
amined arithmetic competence from several com-
plementary perspectives, including representation
choices, internal computation strategies, and mul-
tilingual generalization.

A growing line of work investigates how rep-
resentational conventions influence numerical rea-
soning. Bui et al. (2025) study the role of mea-
surement systems and show that LLMs perform
best when outputs align with the cultural and con-
textual norms implied by the prompt (e.g., USD
for U.S.-centric questions, kilometers for European
contexts). Their findings suggest that reasoning
is tightly coupled with learned contextual expecta-
tions, which aligns with our observation that arith-
metic performance improves when numerals are
presented in scripts and formats that are common
in the data. Similarly, Kreitner et al. (2025) sur-
vey numeracy across frontier models and propose
a single token number format aimed at improving
efficiency and consistency, highlighting the impor-
tance of how numeric information is encoded.

Several studies focus on the internal mecha-
nisms LLMs use to perform arithmetic. Bacumel
etal. (2025) analyze addition behavior and find that
models rely on a limited single-digit lookahead
heuristic when handling carries, exposing struc-
tural limitations in multi-digit arithmetic. Joban-
putra et al. (2025) provide a detailed study of sub-
traction, showing that errors increase substantially

when the result is negative.

Multilingual numerical reasoning has primarily
been studied in the context of math word problems.
The MGSM benchmark (Shi et al., 2022), a multi-
lingual extension of GSMS8K, evaluates math rea-
soning across languages but retains Hindu—Arabic
digits, thereby isolating linguistic variation while
holding numeric representation constant. Follow-
up work by Peter et al. (2025) revisits MGSM
and attributes much of the observed performance
gap to translation artifacts and answer extraction
issues rather than intrinsic mathematical deficien-
cies. In a related direction, Bhattacharya et al.
(2025) study multilingual numerical puzzles using
number words instead of digits, examining how
lexicalized numerals affect reasoning across lan-
guages. They also show that models fail to reli-
ably infer the implicit compositional structure of
numeral systems that humans readily exploit.

6 Conclusion

In this work, we systematically examined how vari-
ations in numeral scripts and formatting conven-
tions affect arithmetic performance in large lan-
guage models. Our results reveal a strong and sta-
tistically significant impact of both script and for-
mat on LLM numeracy, even when the underlying
arithmetic remains unchanged. Deviations from
the default Hindu—Arabic, Western-formatted rep-
resentation impose a substantial script tax, lead-
ing to pronounced performance degradation across
models. Importantly, we show that this loss is
not inevitable: prompting strategies play a critical
role in mitigating these effects. In particular, few-
shot prompting with explicit numeric examples
yields large and statistically significant gains, en-
abling models to better adapt to unfamiliar scripts
and formatting conventions. Prompting with ex-
plicit hints also improves performance, though the
gains are smaller than those achieved with few-
shot examples. These findings suggest that many
observed failures stem less from an inability to
perform arithmetic than from a lack of contextual
grounding for interpreting non-standard numeric
surface forms. Taken together, our results under-
score the fragility of numerical reasoning under
representational shifts and highlight practical, ac-
tionable prompting techniques as an effective way
to improve robustness when working with diverse
numeral scripts and typographic formats.
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Limitations

This study focuses on isolating the effects of nu-
meral scripts, formatting, and lightweight prompt-
ing strategies on arithmetic performance, and there-
fore does not exhaustively explore all possible
methods for improving model accuracy, such as ex-
plicit chain-of-thought prompting or tool-calling.
Our goal is to assess robustness under minimal
intervention and to avoid introducing additional
reasoning scaffolds that may obscure the impact
of representational variation itself. Additionally,
for the F3 and F4 formatting variants, we restrict
digit grouping to a single representative thin-space
separator rather than evaluating all typographi-
cally acceptable spacing alternatives. This design
choice enables controlled comparisons across for-
mats while keeping the evaluation set tractable, but
may under-represent the full range of real-world
numeric typography. That being said, we do not
see any potential risks associated with this work,
as the study solely aims to highlight the under-
representation of many scripts and numeric for-
mats to inform future improvements.
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A Experimental Setup
A.1 Model Configuration

We evaluate a diverse set of nine LLMs covering
a range of sizes, licensing models (open-source
and closed-source), model families (both small and
large), and pretraining corpora (including multilin-
gual models). This diversity allows us to exam-
ine how different architectures and training data
influence performance on arithmetic tasks across
scripts and typography. Models with at least 70B
parameters are classified as large, and the remain-
der as small.

Since many of the output tokens for low-
resource scripts are rare, we experimented with
four temperature values (0.3, 0.7, 1.0, 1.5) to con-
trol the model’s sampling randomness and improve
its ability to generate these infrequent tokens. Test-
ing on a 30% subset of the evaluation set for the
large models showed that a temperature of 0.7 of-
fered the best balance between faithful generation
and sufficient exploration for correctly producing
rare numeral symbols.

For the formatted versions of the tasks, a lower
temperature of 0.3 was found to be more effective,

as it encourages more deterministic outputs, help-
ing the models reproduce the specified numeric for-
matting and arithmetic operators accurately.

Model Size | Source
claude-sonnet-4-5 - Closed
gpt-40-2024-08-06 - Closed
gemini-2.5-pro - Closed
Llama-3.3-70B-Instruct | 70B | Open
Llama-3.1-8B-Instruct 8B Open
Olmo-3-7B-Instruct 7B Open
bloomz-7b1 7B Open
gemma-3-4b-it 4B Open
Qwen3-4B-Instruct-2507 | 4B Open

Table 7: Summary of language models evaluated in this
study.

A.2 Evaluation

For all tasks except Script Identification, model
outputs are evaluated based on exact matching
with the ground truth. In our prompts, we explic-
itly specify the desired output format, typically as
Answer: $ANSWER. An output is considered
correct if the answer appears in this format any-
where within the model’s response. We also record
cases where the model produces the correct nu-
meric value but does not follow the specified for-
mat. These instances are treated separately and re-
ported in the error analysis (Section D.4), as they
indicate that the model understands the underlying
arithmetic or numeral translation but fails to adhere
to the formatting instructions.

B Dataset

We initially generated a set of 500 arithmetic ex-
pressions, with 125 questions per arithmetic oper-
ation. After a preliminary evaluation using basic
LLMs, we removed 109 questions whose operands
contained very large numbers causing all evaluated
models to fail.

To translate expressions into various numeral
scripts, we first consolidated digit mappings, dec-
imal markers, and formatting conventions from
multiple multilingual sources, including Omniglot,
Wikipedia, r12a, Unicode and LocalePlanet. In
many scripts, we could not identify standardized
mathematical operator symbols; therefore, we used
word forms for arithmetic operators. To verify that
this choice did not affect model behavior, we eval-
uated Claude Sonnet 4.5 on Hindu—Arabic numer-
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als using both symbolic operators and their En-
glish word equivalents and observed identical per-
formance. Based on this result, we consistently
used word forms for all operators in our multiscript
evaluations. Translations of both numerals and ac-
companying text were verified using a combination
of native users of the script, Google Translate, and
LLM-based judges (Claude Sonnet v4 and GPT-
4). A translation was accepted if at least two of
these four sources judged it to be correct. All na-
tive speakers consulted were friends or colleagues
who participated voluntarily, provided informed
consent, and received no monetary compensation
for their contributions. Each annotator was shown
numerical expressions written in a script they were
familiar with, along with their equivalent represen-
tations in the HA script, and was asked to label
whether each expression was correct. Annotators
were also asked to assess the correctness of the
prompts, in their respective scripts, used in this
study.

For formatting variations, a Python script au-
tomatically generated six alternative versions of
each arithmetic expression, applying the appropri-
ate decimal markers and digit grouping conven-
tions. All generated expressions were manually
verified for correctness. Following this conversion,
an additional 55 questions were removed because
their operands could not be consistently classified
into one of the six predefined formatting variants,
leaving 336 expressions for the final analysis.

C Multiscript Numerical Reasoning for
Smaller Language Models

C.1 Distribution in Pretraining Corpora

To quantify the representation of different numeral
scripts in large-scale training data, we compute the
average proportion of digit occurrences for each
script used in this study across four widely used
pretraining corpora: PILE (Gao et al., 2020), Red-
Pajama (Weber et al., 2024), OSCAR (Ortiz Sudrez
et al., 2019), and FineWeb2 (Penedo et al., 2025).
For each corpus, we randomly sample 500k doc-
uments and extract all numeric digits appearing
in the text. Each extracted number is then classi-
fied according to the numeral scripts considered
in our experiments, with all remaining numerals
grouped under an other category. We then com-
pute the proportion of digit occurrences attributed
to each script and average these proportions across
all samples. The reported percentages sum to

Llama-3.1 Bloomz Olmo-3 Qwen-3 Gemma-3

Seript $B 7B 7B 4B 4B
Adlam 0.0 0.0 0.0 0.0 0.0
Balinese 0.1 0.0 0.0 0.0 0.1
Bengali 0.5 0.1 0.3 0.03 0.9
Chinese* 0.3 0.1 0.1 0.03 0.47
Devanagari 1.0 0.03 0.5 0.0 1.0
Gujarati 0.53 0.01 0.0 0.0 0.43
Javanese 0.2 0.0 0.0 0.0 0.1
Kannada 1.0 0.03 0.1 0.0 0.0
Khmer 1.0 0.0 0.0 0.1 1.0
Lao 1.0 0.0 0.0 0.0 0.1
Malayalam 1.0 0.0 0.17 0.0 0.27
Myanmar 0.67 0.0 0.27 0.03 0.4
N’ko 1.0 0.0 0.0 0.0 0.0
Ol Chiki 0.03 0.0 0.0 0.0 0.17
Oriya 1.0 0.0 0.3 0.0 0.03
Osmanya 0.0 0.0 0.0 0.0 0.1
Perso-Arabic 0.4 0.17 0.3 0.0 0.77
Tamil 1.0 0.0 0.0 0.0 0.47
Telugu 0.83 0.03 0.17 0.0 0.27
Thai 0.97 0.0 0.03 0.03 0.93
Avg. Accuracy 0.62 0.02 0.11 0.01 0.38

Table 8: Accuracy on the script identification task for
small language models. Cells highlighted in yellow
indicate cases where model accuracy is 0.5 or higher.
*Simplified Chinese script

99.1%, with the remaining 0.9% corresponding to
numerals from scripts not covered in this study.
This analysis provides a coarse but informative esti-
mate of the relative prevalence of different numeral
scripts in contemporary pretraining data, helping
contextualize the downstream performance trends
observed in our experiments.

C.2 Script Identification and Translation

In contrast to the large language models, the
smaller models exhibit very low performance on
both the script identification and translation tasks
(Table 8 and Table 9, respectively). Most small
models are unable to reliably recognize numeral
scripts, often producing incorrect or partially re-
lated language names instead. Despite this over-
all low accuracy, the same strong correlation be-
tween performance on the two tasks observed in
larger models is present, indicating that even small
models share a dependency between script recog-
nition and numeric translation, though at a much
lower baseline level.

C.3 Arithmetic Computation

Table 10 shows the script-to-language mapping
used for prompting in this study. Note that mul-
tiple languages can share the same script; for each
script, we selected the language we considered the
most commonly used.

The performance of all smaller models is very
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Llama-3.1 Bloomz Olmo-3 Qwen-3 Gemma-3

Script

8B 7B 7B 4B 4B
Adlam 0.0 0.0 0.0 0.0 0.0
Balinese 0.1 0.0 0.0 0.0 0.1
Bengali 0.5 0.0 0.1 0.03 0.9
Chinese* 0.3 0.0 0.0 0.03 0.47
Devanagari 1.0 0.1 0.5 0.03 1.0
Gujarati 0.53 0.01 0.0 0.17 0.43
Javanese 0.2 0.0 0.0 0.0 0.1
Kannada 1.0 0.03 0.1 0.0 0.0
Khmer 1.0 0.0 0.0 0.03 1.0
Lao 1.0 0.0 0.0 0.0 0.0
Malayalam 1.0 0.0 0.03 0.0 0.27
Myanmar 0.67 0.0 0.0 0.03 0.4
N’ko 1.0 0.0 0.0 0.0 0.0
Ol Chiki 0.03 0.0 0.0 0.0 0.0
Oriya 1.0 0.0 0.0 0.0 0.03
Osmanya 0.0 0.0 0.0 0.0 0.1
Perso-Arabic 0.4 0.0 0.0 0.0 0.77
Tamil 1.0 0.0 0.0 0.0 0.0
Telugu 0.83 0.0 0.0 0.0 0.0
Thai 0.97 0.0 0.0 0.03 0.93
Avg. Accuracy 0.62 0.01 0.04 0.01 0.33

Table 9: Accuracy on the translation task for smaller
language models. Cells highlighted in yellow indicate
cases where model accuracy is higher than 0.5. *Simpli-
fied Chinese script

Script Language
Hindu-Arabic English
Adlam Fulani
Balinese Balinese
Bengali Bengali
Chinese (Simplified) Mandarin
Devanagari Hindi
Gujarati Gujarati
Javanese Javanese
Kannada Kannada
Khmer Khmer
Lao Lao
Malayalam Malayalam
Myanmar Burmese
N’ko Maninka
Ol Chiki Santali
Oriya Odiya
Osmanya Somali
Perso-Arabic Persian
Tamil Tamil
Telugu Telugu
Thai Thai

Table 10: Numeral scripts considered in this work and
the corresponding languages used for prompting.

low, regardless of the prompting strategy as shown
in Figure 6. In many cases, these models exhaust
their maximum generation limits before producing
a valid prediction. When outputs are generated,
they often exhibit confusion at the language-name
level—e.g., producing phonetically or orthographi-
cally similar languages—rather than correctly iden-
tifying the numeral script. Given this consistently
poor performance, we restrict the remaining analy-
sis to the larger models.

C.4 Prompt Examples

Script Identification

Role: ‘system’

Content:  ‘What script is used
to represent the numerals in the
equation’

Role: ‘user’

Content: ‘939430 - 3842¢? Only re-
turn the name of the script without
any additional text’

Expected Output: Devanagari

| 2sltion T

Role: ‘system’

Content: ‘Translate the given
number to Hindu-Arabic numerals
and respond ONLY with the trans-
lated number. The output should
be of the form: “Answer: SANSWER”
(without quotes) where $ANSWER
is the translated number.’

‘user’
‘esewoes’

Role:
Content:

Expected Output: Answer: 89428
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S EE Avg. of non-HA Scripts (Digits Only (Native))

3 Avg. of non-HA Scripts (Expr. Only (Native))

3 Avg. of non-HA Scripts (Expr. + Prompt (Native))

[ Avg. of non-HA Scripts (Expr. + Prompt (Native + Mapping))

0.020

0.015

0.010

ACCURACY

0.005

I= | |

Qwen3 4B Gemma 3 4B

[ M -_ﬂl_l

Bloom Olmo
MODEL

0.000
Llama3 1 8B

Figure 6: Comparison of model accuracy on the arithmetic task. For each language model, the bars shows the mean
accuracy across all non-Hindu-Arabic (non-HA) scripts for varying prompts.

Expression Only (Native)

Digits Only (Native)
Role: ‘system’
Content: ‘Compute and respond

ONLY with the answer. The output
should be of the form:
$ANSWER” (without  quotes)
where $ANSWER is the answer to
the problem. Ensure the answer is
in the same script as the numbers
in the question.’

Role: ‘user’
Content: ‘Round the answer to an
integer.

=EH/\FAATAETE divided
by HEHEAATEHEL

Expected Output: Answer: €

“Answer:

Role: ‘system’

Content: ‘Compute and respond
ONLY with the answer. The output
should be of the form: “Answer:
$ANSWER” (without  quotes)
where $ANSWER is the answer to
the problem. Ensure the answer is
in the same script as the numbers
in the question.’

Role: ‘user’
Content: ‘Round the answer to an
integer.

=B\ = AFAENTERUE
AT -EmEL’

Expected Output: Answer: £
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Expression + Prompt (Native)

Role: ‘system’

Content: ‘Compute and respond
ONLY with the answer. The output
should be of the form: “Answer:
$ANSWER” (without  quotes)
where $ANSWER is the answer to
the problem. Ensure the answer is
in the same script as the numbers
in the question.’

Role: ‘user’
Content: “K&ZEN&EAAFIEEL,

—H/)\ T hANRTLENLTERAAE T
WEA T EZEL’

Expected Output: Answer:t

Expression + Prompt (Native + Mapping)

Role: ‘system’

Content: ‘Compute and respond
ONLY with the answer. The output
should be of the form: “Answer:
$ANSWER” (without  quotes)
where $ANSWER is the answer to
the problem. Ensure the answer is
in the same script as the numbers
in the question, with the mapping
between the script’ s numerals
and Latin numerals provided as
reference.’

Role: ‘user’

Content: ‘ [O:0, —:1, —:2, =:3,
Vg:4, #1.:5, 756, £:7, J\:8, J1:9,+:10,
5:100, F:1000, /7:10000, 12:100000]
KBRS RAFIEEL,

=A/)\ T AT ILENLTHR AT
WHrhATF—EEL’

Expected Output: Answer:t

D Arithmetic Reasoning with Formatted
Numbers

D.1 Distribution in Pretraining Corpora

To measure the representation of the numeric for-
matting conventions studied in this work within
large-scale pretraining data, we analyze four
widely used corpora: PILE, RedPajama, OSCAR,
and FineWeb2. For each corpus, we randomly sam-
ple 500k documents and extract numeric strings us-
ing regular expressions tailored to match each for-
matting pattern. To avoid ambiguity, we discard
any numeric string that can be mapped to more
than one format (e.g., 125.3, which could corre-
spond to F1, F4, or F6). We then compute the
proportion of occurrences for each format and av-
erage these proportions across all samples. This
procedure yields an estimate of how frequently dif-
ferent numeric formatting conventions appear in
large-scale pretraining data.

D.2 Performance of Smaller Language
Models

Table 11 shows the tokenization of input equations
across the six formatting variants for the small
LLMs evaluated in this study. LLama 3.1 8B
uses the same tokenizer as LLama 3.1 70B and
Gemma 3 uses the same tokenizer as Gemini 2.5
Pro depicted in Table 5.

As illustrated in Figure 7, format F1 consistently
yields the highest accuracy across all tested mod-
els, while F2 presents the greatest challenge, of-
ten resulting in the lowest success rates regardless
of the prompting strategy. Among the four mod-
els evaluated, Qwen3 4B demonstrates the highest
peak performance, comparable to that of large lan-
guage models. Conversely, Olmo shows more lim-
ited numerical reasoning capabilities, failing to sur-
pass 0.4 accuracy even under the most favorable
prompting conditions.
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‘ Fnrmat‘ Sample Bloomz

Olmo-3

Qwen3

922,436.38 + 4,359 922 |, . 38 922 , 436 . 38

922.436,38 + 4.359 922 & , 38 922 . 436

922 436,38 + 4.359| 922 > 138 922 0O' 0* 436 , 38

922 436.38 + 4.359| 922 . 38 922 0" 0% 436 . 38

9227436,38 + 4’359 922 922 ' 436 , 38

9,22,436.38 + 4,359 | 9, 22 9 , 22 , 436 .
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Table 11: Tokenization of input equations across the six formatting variants for various small LLMs.
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Gemma 3 4B

ACCURACY
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Figure 7: Average accuracy per format variant for each
small language model across different prompting strate-
gies. Each subplot represents a single model, and bars
indicate the performance of four prompting strategies.
Formats are sorted by their overall average accuracy.

The figure also highlights a “formatting penalty”
for smaller models, where requiring a specific out-
put format drastically reduces accuracy compared
to allowing any output format, particularly for
Qwen3 4B and Llama3.1 8B. Introducing few-shot
examples effectively mitigates this bottleneck, con-
sistently serving as the most robust prompting strat-
egy across all models and formats. In many cases,
such as with Gemma 3 4B and Qwen3 4B, few-
shot prompting not only recovers accuracy lost to
formatting constraints but even surpasses the ”Any
Output” baseline, emphasizing the importance of
in-context examples for guiding smaller architec-
tures through complex numerical transformations.

D.3 Prompt Examples

Formatted Input and Any Output

Role: ‘system’

Content: ‘Compute and respond
ONLY with the answer. The output
should be of the form: “Answer:
$ANSWER” (without  quotes)
where $ANSWER is the answer to
the problem.’

Role: ‘user’

Content: ‘Round the answer to
three decimal places.

22, .,436,447 plus 4,359’

Expected Output: Answer:

26795.447

Formatted Input and Output

Role: ‘system’

Content: ‘Compute and respond
ONLY with the answer. The output
should be of the form: “Answer:
$ANSWER” (without  quotes)
where $ANSWER is the answer to
the problem. Ensure the answer
has the same formatting as the
numbers in the question.’

Role: ‘user’

Content: ‘Round the answer to
three decimal places.

22,436,447 plus 4,359’

Expected Output: Answer:

26,795,447
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Formatted Input and Output + Hint Formatted Input and Output + Fewshot

Role: ‘system’

Content: ‘Compute and respond
ONLY with the answer. The output
should be of the form: “Answer:
$ANSWER” (without  quotes)
where $ANSWER is the answer to
the problem. Ensure the answer
has the same formatting as the
numbers in the question with
decimal markers and grouping
separators as mentioned.’

Role: ‘user’
Content: ‘The decimal marker
used is ‘7 and the grouping

3

[

separator is

Round the answer to three decimal
places.
22,436,447 plus 4,359’

Expected Output: Answer:

26,795,447

Role: ‘system’

Content: ‘Compute and respond
ONLY with the answer. The output
should be of the form: “Answer:
$ANSWER” (without  quotes)
where $ANSWER is the answer to
the problem. Ensure the answer
has the same formatting as the
numbers in the question.’

Role: ‘user’

Content: ‘Here are some exam-
ples:

Example 1:

Round the answer to three decimal
places.

4,958,155 multiplied by 93,2
Answer: 462,100,046

Example 2:

Round the answer to three decimal
places.

9,628,240 divided by 44,847
Answer: 1, ,986,433

Round the answer to three decimal
places.
22,436,447 plus 4,359’

Expected Output: Answer:

26,795,447

D.4 Error analysis: Impact of Numeral
Formats on Model Reasoning

To better understand the failure modes of large lan-
guage models (LLMs) when processing diverse nu-
merical representations, we perform an error anal-
ysis across three primary categories:

* Instruction Errors: In most prompts, we re-
quire the model to follow specific output in-
structions. While minor deviations are per-
mitted, such as omitting an explicit AN-
SWER: prefix, we expect models to adhere
to constraints such as returning results in inte-
ger form or rounded to three decimal places.
This category includes all errors arising from
failure to follow these instructions.
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* Arithmetic Errors: This category captures
cases where the model produces an incorrect
numerical result, i.e., the arithmetic computa-
tion itself is incorrect, regardless of whether
the output format is otherwise valid.

Formatting Errors: For most prompting
strategies, we expect the model to reproduce
the same numeric formatting as used in the
input expression. Formatting errors occur
when the model computes the correct numer-
ical value but fails to express it using the re-
quired typographic conventions.

* No Output: The model fails to produce a
valid answer with or without reaching the
maximum generation limit. In most of these
cases, the model typically continues generat-
ing intermediate reasoning, repetitions, or un-
related text and exhausts the allowed token
budget without emitting a final answer in the
required format.

The distribution of these errors across numeral
formats F1 through F6 for various LLMs, shown in
Figure 8.

Impact of Prompting Strategies on Error Types
Our analysis reveals that error distributions are
highly sensitive to the prompting strategy em-
ployed.

Zero-Shot Sensitivity: In the Formatted Input, For-
matted Output setting, models frequently struggle
with Instruction Errors and Incorrect Formats, par-
ticularly in formats like F2 and F6. This suggests
that without explicit guidance, models often fail to
parse complex or non-standard numerical represen-
tations.

The Power of Few-Shot Learning: The introduc-
tion of few-shot samples (right-most subplot) sig-
nificantly mitigates Instruction Errors across all
models. For instance, in Gemini 2.5 Pro, the tran-
sition from zero-shot to few-shot almost entirely
eliminates the Incorrect Format errors (red/orange
bars), shifting the bottleneck toward core Arith-
metic Errors.

Model-Specific Error Trends Different model
families exhibit unique failure modes when pro-
cessing numerical data:

Claude Sonnet 4.5 and GPT-40: These models
show a high degree of robustness. Their primary

failures in more challenging formats (F2) are Arith-
metic Errors, indicating that while they understand
the required output format and the numerical sys-
tem, they occasionally fail at the underlying calcu-
lation logic.

Llama-3.3 70B: Llama exhibits a more distributed
error profile. Even with few-shot samples, it main-
tains a significant proportion of Arithmetic Errors
and Instruction Errors in formats F2 and F6, sug-
gesting that its internal representation of these spe-
cific formats may be less robust than other models.

Format-Dependent Difficulty F2 and F6 for-
mats consistently emerge as the most challenging
formats across all models and strategies. These
formats trigger the highest proportions of Instruc-
tion Errors, suggesting that the structural complex-
ity of these formats makes it difficult for models
to map the input to the desired output schema. In
contrast, F1 and F4 seem to appear more natural
to the models, with errors being almost exclusively
Arithmetic. This implies that for these formats, the
bottleneck is not the representation but the mathe-
matical reasoning itself.
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Figure 8: Distribution of error types across numeric formats (F1-F6) for different models and prompting strategies.
Each stacked bar represents the proportion of correct answers, missing answers, and various error types for a given
format.
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