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Abstract

Chain-of-thought (CoT) prompting has been
shown theoretically to extend the computa-
tional capacity of transformers by providing in-
termediate reasoning steps (Feng et al., 2023;
Amiri et al., 2025). Whether these benefits
carry over to low-resource languages is not
well understood, and Urdu in particular has re-
ceived very little attention in this context. We
investigate two prompt factors (the language
of few-shot exemplars and the language of
the reasoning chain) using a 2 x 2 factorial
design on MGSM Urdu and Math-500 Urdu,
evaluated with Gemini 2.5 Flash. We find a
significant interaction between exemplar and
CoT language (item-level logistic regression,
z = 6.9, p < 0.001): switching to Urdu CoT
with English exemplars causes a 34.8 percent-
age point accuracy drop on MGSM, while the
same switch with Urdu exemplars results in
only a 1.6 point drop. We also find that Urdu
CoT produces longer token sequences than En-
glish CoT (139 vs. 101 tokens on average) but
not correspondingly more discrete reasoning
steps: a script-aware, manually validated step
count shows Urdu CoT yields slightly fewer
discrete steps (2.5 vs. 3.0 on average), with
the reduction concentrated in the mismatched-
exemplar condition, indicating that added ver-
bosity does not translate into added reasoning
structure. Chain length correlates positively
with accuracy (r = 0.42, p < 0.001), consis-
tent with the theoretical framework. The main
takeaway is that exemplar language is a critical
moderator of CoT effectiveness in Urdu.

1 Introduction

Large language models (LLMs) equipped with
chain-of-thought (CoT) prompting have shown
strong improvements on reasoning tasks (Wei
et al., 2022; Kojima et al., 2022), but the bulk
of this research has been conducted in English.
As LLMs get deployed across languages, it be-
comes important to understand whether CoT ben-
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efits transfer, and what prompt-level factors deter-
mine how well they do.

The theoretical motivation is clear. Feng et al.
(2023) and Amiri et al. (2025) argue that CoT
works by giving the model extra computation
through intermediate steps. Without CoT, a trans-
former is limited to problems solvable in a single
pass. Amiri et al. (2025) prove lower bounds on
how many steps are needed for certain problem
classes. The implication is direct: if reasoning in
a particular language causes the model to produce
fewer or shorter reasoning steps, that is not just a
stylistic difference; it is a reduction in computa-
tional capacity, with predictable consequences for
accuracy.

This raises a natural question: when a model
reasons in Urdu, does the structure of its reason-
ing chain change? Prior work on multilingual
CoT has mostly shown that English CoT outper-
forms native-language CoT (Shi et al., 2022), with
the gap depending on resource level (Huang et al.,
2023; Barua et al., 2025). Ferrao et al. (2025)
found that step counts vary across languages and
correlate with accuracy, but only covered Bengali
and European languages using a small 1.5B model
with constrained generation.

There is also a second, unstudied factor: the lan-
guage of the few-shot exemplars. Exemplars do
not just show how to solve a problem; they demon-
strate a reasoning style and structure the model
tends to follow. The interaction between exemplar
language and CoT language has not, to our knowl-
edge, been studied. We address both gaps with the
following contributions:

* We run a 2 x 2 factorial experiment crossing
exemplar language (English/Urdu) and CoT
language (English/Urdu) on MGSM Urdu
and Math-500 Urdu, enabling us to measure
their interaction rather than individual effects
alone.
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* Alongside accuracy, we measure chain length
as both token count and discrete step count,
testing whether chain structure changes
across conditions in ways predicted by Feng
et al. (2023) and Amiri et al. (2025).

* We find that exemplar language completely
moderates the effect of CoT language:
switching to Urdu CoT causes a 34.8 point
drop with English exemplars but only 1.6
points with Urdu exemplars, and that Urdu
CoT produces more tokens but not more dis-
crete reasoning steps.

2 Background and Related Work

Chain-of-Thought as Computation. Wei et al.
(2022) introduced CoT prompting, and Feng et al.
(2023) provided a theoretical account: with-
out intermediate steps, a transformer can only
solve problems within a single computational pass.
Adding CoT tokens gives the model more com-
putation. Amiri et al. (2025) formalise this with
lower bound proofs for certain problem classes.
Jin et al. (2024) show that step count correlates
with accuracy in English, and that having more
steps helps even if some contain errors. We treat
this as motivation for measuring chain length as a
dependent variable.

Multilingual Chain-of-Thought. Shi et al.
(2022) introduced the MGSM benchmark and
showed English CoT generally outperforms native-
language CoT across ten languages. Huang et al.
(2023) found that how much English pivoting
helps depends on the target language’s resource
level. Barua et al. (2025) find similar patterns for
newer reasoning models. Urdu is not covered in
any of these. Ferrao et al. (2025) measure step-
level attribution for Bengali, German, and French,
finding step counts vary and correlate with accu-
racy, but use a single 1.5B model with constrained
generation and do not manipulate exemplar lan-
guage. We extend this to Urdu, use a larger model,
allow natural generation, and add factorial manip-
ulation of exemplar language.

A complementary line of work aims to im-
prove cross-lingual reasoning rather than only
characterise it, and both efforts turn on the cross-
lingual alignment and structural organisation of in-
termediate steps that are central to our findings.
Ranaldi et al. (2024) show that program-aided
language models, which externalise intermediate
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computation as executable code, transfer multi-
step reasoning across languages more reliably than
free-form CoT, precisely because the program
format imposes an explicit, language-invariant
structure on the reasoning steps. Ranaldi and
Pucci (2025) instead use self-training on model-
generated reasoning to align a model’s reasoning
process across languages, narrowing the gap be-
tween English and lower-resource languages. Our
results are consistent with the premise behind both:
when the exemplar and reasoning languages are
mismatched, the structural organisation of Urdu
reasoning degrades, and we return to structure-
enforcing prompting and self-training as candidate
remedies in Section 5 and future work.

Urdu NLP and Reasoning. Despite over 230
million speakers, Urdu remains underrepresented
in NLP benchmarks (Shafique et al., 2026). Urdu
uses the Nastaliq script (right-to-left), shares char-
acters with Arabic and Persian, and exists in com-
plex diglossia with Hindi, meaning models trained
on Hindi may transfer partially but unpredictably.
Arif et al. (2024) compare general-purpose LLMs
against fine-tuned specialists across Urdu tasks,
finding that CoT prompting yields only modest
gains on classification, but they do not study math-
ematical reasoning or chain structure. Shafique
et al. (2026) introduce UrduBench with human-
verified translations of MGSM, Math-500, Com-
monsenseQA, and OpenBookQA. Their leader-
board shows Gemini-class models perform best.
We use UrduBench as our dataset source because
of its translation quality guarantee, allowing us to
attribute condition differences to prompt factors
rather than translation artifacts.

3 Experimental Setup

3.1 Datasets

MGSM Urdu. We use the 250-problem test
set from UrduBench (Shafique et al., 2026),
which provides human-verified Urdu translations
of MGSM (Shi et al., 2022). We verified all 250
answer pairs match the English originals exactly.
MGSM consists of elementary math word prob-
lems requiring 2-5 reasoning steps.

Math-500 Urdu. We also evaluate on the 500-
problem Math-500 Urdu subset from UrduBench,
covering competition-level mathematics from the
MATH benchmark (Hendrycks et al., 2021). This
harder dataset tests whether condition effects on



Cond. Exmp. CoT TestQ CoT?
A EN EN EN v
B EN UR UR v
C UR EN UR v
D UR UR UR v
E EN None EN X
F UR None UR X

Table 1: Experimental conditions. All use 8 exemplars;
only language of components changes.

MGSM generalise to more difficult problems.

3.2 Conditions

We use 8-shot prompting across six conditions.
Conditions A-D form the 2 x 2 factorial; E and
F are no-CoT baselines (Table 1). The exemplars
are the official 8-shot MGSM demonstrations from
Shi et al. (2022). For conditions requiring Urdu,
we translated using Gemini 2.5 Flash and manu-
ally verified all 32 exemplar variants (8 exemplars
x 4 language combinations). All prompts use tem-
perature = 0.

3.3 Model

We evaluate Gemini 2.5 Flash throughout. This
model has strong documented Urdu capability
(Shafique et al., 2026), and using a single model
lets us focus on prompt factors rather than con-
founding model differences.

3.4 Metrics

Accuracy. We extract the final numerical an-
swer via regex and compare to the gold answer,
following standard MGSM evaluation (Shi et al.,
2022).

Chain length. We measure (a) token count of
the reasoning portion using the cl100k tokenizer,
and (b) the number of discrete reasoning steps. To-
ken count measures verbosity, while step count is
closer to what the theoretical framework means by
“steps.” Our primary step measure is the count
of explicit step markers (English Stepn and its
Urdu equivalent), which is language-neutral; as a
complementary measure we also segment the rea-
soning into sentences using a script-aware splitter
that treats the Urdu full stop (Unicode U+06D4) as
a sentence boundary in addition to Latin punctua-
tion. We validate both measures against manual
annotation in Appendix E.

Language consistency. We run langdetect
on reasoning text to check whether the model rea-

77

MGSM Math-500
Cond. Acc. AA Acc. AA
A (EN,EN) .672 0 130 0
B (EN,UR) .324 —.348 .086 —.044
C(UR,EN) 484 —.188 .104 —.026
D (UR,UR) 468 —.204 .082 —.048
Marginal means
EN exmp 498 .108
UR exmp 476 .093
EN CoT 578 117
UR CoT .396 .084

Table 2: Accuracy across the 2 x 2 factorial. AA shows
difference from Condition A.

soned in the intended language.

4 Results

4.1 Baseline Results

On MGSM, Gemini 2.5 Flash solves 97.2% in En-
glish and 93.2% in Urdu without CoT, and adding
CoT drops accuracy: English CoT (Condition A)
scores 67.2%. The same pattern holds on Math-
500 (no-CoT: 47.0%/41.2%; English CoT: 13.0%).
This is a known phenomenon: CoT can introduce
noise when the model has sufficient parametric
knowledge (Sprague et al., 2025). The condition
differences should thus be read as how much each
configuration degrades performance.

4.2 Accuracy: 2 x 2 Factorial

The most striking result is the difference between
Conditions A and B. Switching from English to
Urdu CoT with English exemplars drops accuracy
from 67.2% to 32.4%, a 34.8 percentage point fall.
The same switch with Urdu exemplars (C to D)
drops accuracy from 48.4% to 46.8%, only 1.6
points. The CoT language factor has a 22-fold
larger effect depending on which exemplars are
used.

We model accuracy with an item-level logis-
tic regression with exemplar language, CoT lan-
guage, and their interaction as predictors, using
cluster-robust standard errors on problem ID to ac-
count for the same problems recurring across con-
ditions; a mixed-effects logistic regression with a
random intercept per problem yields the same con-
clusions (Appendix A). On MGSM this confirms
a significant average main effect of CoT language
(z = —8.53, p < 0.001) and a highly significant
exemplar x CoT interaction (z = 6.92, p < 0.001;
odds ratio = 4.0). The average main effect of ex-



Accuracy by Condition (2x2 Factorial)
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Figure 1: Accuracy heatmap across the 2 x 2 fac-
torial on MGSM Urdu (bottom) and Math-500 Urdu
(top). The large drop in Condition B (English exem-
plars, Urdu CoT) is visible on both datasets.

emplar language is not significant (2 —0.97,
p = 0.33), indicating exemplar language matters
only through its interaction with CoT language.

McNemar’s paired tests sharpen this: A vs. B
is highly significant (p < 0.001), while C vs. D
is not (p = 0.694). The B vs. D comparison is
also significant (p < 0.001): switching from En-
glish to Urdu exemplars while keeping Urdu CoT
improves accuracy by 14.4 points.

On Math-500, the same logistic regression
shows the interaction is not significant (z = 1.19,
p = 0.24), though CoT language remains signifi-
cant (z = —3.64, p < 0.001). The narrow accu-
racy range (8—13%) limits statistical power. The
condition ordering (A > C > D > B) is preserved
across datasets.
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MGSM Math-500
Cond. Tok. Steps Tok. Steps
A (EN,EN) 912 324 500 1.64
B (EN,UR) 1235 224 655 134
C(UR,EN) 1105 279 536 174
D (UR,UR) 1552 2.68 79.6 137

Table 3: Mean reasoning chain length by condition.
“Steps” counts explicit step markers, validated against
manual annotation (Appendix E). Urdu CoT produces
more tokens but slightly fewer discrete steps, and the
step reduction is concentrated in Condition B.

4.3 Chain Length Analysis

Our initial hypothesis was that Urdu CoT would
produce shorter chains. Instead, Urdu CoT pro-
duces substantially more tokens (139.4 vs. 100.9
on MGSM). ANOVA confirms both CoT language
(F' = 57.74, p < 0.001) and exemplar language
(F 25.30, p < 0.001) have significant ef-
fects on token count, with no significant interac-
tion (F' = 1.51, p = 0.22).

However, step count does not track token count.
Using explicit step markers, which agree with
manual annotation at r = 0.99 (Appendix E), En-
glish CoT averages 3.0 discrete steps and Urdu
CoT 2.5, a modest reduction. Crucially, the reduc-
tion is not uniform: it is driven almost entirely by
Condition B, where 41% of responses terminate
after a single step, whereas Condition D (matched
Urdu exemplars) retains step structure comparable
to English CoT. Urdu CoT thus adds tokens with-
out adding proportional reasoning steps, and un-
der exemplar—CoT mismatch it produces markedly
fewer. This matters because the theoretical lower
bounds of Amiri et al. (2025) are defined in terms
of reasoning steps, not tokens.

4.4 Length—Accuracy Correlation

Despite Urdu CoT producing longer token se-
quences, longer chains still correlate positively
with accuracy. Across all CoT conditions pooled,
r = 0.42 (p < 0.001) on MGSM and r = 0.39
(p < 0.001) on Math-500. The correlation holds
within each condition: A (r 0.45), B (r
0.60), C (r 0.35), D (r = 0.59). The cor-
relation is strongest in Urdu CoT conditions (B
and D), where high variance in response length
means some Urdu CoT responses happen to pro-
duce more structured output, and those tend to be
correct.

This is consistent with the theoretical prediction:



Chain Length vs Accuracy, gemini-2.5-flash (MGSM)

Cond A
r=0.45, p=0.000

P R -t o

Cond B
r=0.60, p=0.000

Correct

Wrong 1 #

Cond C

Cond D
r=0.35, p=0.000 r=0.59, p=0.000

A -

T T T T
100 150 200 50

Reasoning tokens

T
50
Reasoning tokens

T T T T T
100 150 200 250 300

T T T
200 300 400

Reasoning tokens

T T
200 300
Reasoning tokens

T T
0 100

Figure 2: Chain length (tokens) vs. accuracy on MGSM by condition. Points are jittered for visibility. The positive
correlation holds across all four conditions, with the strongest effect in the Urdu CoT conditions (B and D).

Condition MGSM  Math-500
A (EN exmp, EN CoT) 0.004 0.008
B (EN exmp, UR CoT) 0.020 0.152
C (UR exmp, EN CoT) 0.276 0.058
D (UR exmp, UR CoT) 0.016 0.096

Table 4: Language switch rates by condition (propor-
tion of responses where detected language differs from
intended CoT language).

longer chains provide more opportunity for cor-
rect computation, even in Urdu. But critically, this
is a within-condition correlation, not across condi-
tions. Urdu CoT averages more tokens but fewer
steps and is less accurate overall, suggesting token
count alone is not a reliable proxy for computa-
tional depth across languages.

4.5 Language Consistency

Condition C (Urdu exemplars, English CoT) has
the highest switch rate at 27.6% on MGSM, more
than a quarter of responses drifted into Urdu de-
spite instructions to reason in English. Condi-
tion B (English exemplars, Urdu CoT) switches
only 2.0%. This asymmetry suggests exemplar
language is a stronger signal than instruction lan-
guage. English appears to act as a stronger attrac-
tor than Urdu, consistent with pretraining data im-
balance.

Importantly, language switching does not di-
rectly explain accuracy differences. Switched and
non-switched responses are within 0.6 points on
MGSM (0.481 vs. 0.489). The accuracy drop in
Condition B is better explained by structural degra-
dation: the model stays in Urdu but frequently
fails to complete a full sequence of discrete steps,
with 41% of Condition B responses terminating af-
ter a single step.
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5 Discussion

The interaction is the main result. When ex-
emplars and CoT are in the same language (A or
D), performance is relatively stable. When mis-
matched, consequences depend on direction: En-
glish exemplars with Urdu CoT (B) is catastrophic
(32.4%), while Urdu exemplars with English CoT
(C) is moderately bad (48.4%). English exemplars
create a strong prior for English-style structured
reasoning; when forced into Urdu, the model can-
not meet that expectation. Urdu exemplars set ex-
pectations the model can actually fulfil in Urdu.

When CoT hurts. Our baselines show CoT re-
duces accuracy compared to no-CoT on both
datasets. Sprague et al. (2025) show CoT helps
mainly for math and symbolic reasoning but can
hurt on other tasks; even within math, strong mod-
els on easy problems may not benefit. The mis-
match between elementary exemplar difficulty and
competition-level Math-500 problems likely exac-
erbates this. A practical takeaway: exemplar diffi-
culty should be matched to test difficulty.

Step count as the right operationalisation. To-
ken count and step count diverge for Urdu CoT:
more tokens, but no corresponding gain in discrete
steps, and a clear loss in the mismatched condition.
Token count alone would suggest that Urdu CoT
provides more computational depth, which the ac-
curacy numbers contradict. The theoretical lower
bounds of Amiri et al. (2025) are stated in terms of
steps, not tokens. Using a step measure that we val-
idate against manual annotation, our results sup-
port step count as the appropriate proxy for com-
putational depth in multilingual settings, and show
that raw token count can be misleading when ver-
bosity differs across conditions.



What language switching reveals. Exemplar
language appears to be a stronger signal than in-
struction language for controlling model output.
The accuracy drop in Condition B is not primar-
ily a language control failure (the model stays in
Urdu) but a reasoning structure failure (it often
fails to complete a sequence of discrete steps).
These are distinct phenomena that would have
been conflated without separate measurements.

Practical implications. For practitioners de-
ploying CoT in Urdu, the key message is that ex-
emplar choice matters more than expected. Us-
ing English exemplars with Urdu CoT, which
might seem reasonable when Urdu exemplars are
scarce, turns out to be the worst-performing con-
dition. The exemplar—CoT language mismatch
causes structural degradation, often reasoning that
terminates prematurely, that a same-language con-
figuration largely avoids. Where possible, exem-
plars and CoT should be in the same language.

6 Conclusion

We studied how exemplar language and CoT lan-
guage independently and jointly affect reasoning
accuracy and chain structure in Urdu. The main
finding is a strong interaction: exemplar language
determines whether CoT language matters at all.
Switching to Urdu CoT with English exemplars
causes a 34.8 point accuracy drop; the same switch
with Urdu exemplars causes essentially no change.

We also found that Urdu CoT does not pro-
duce shorter chains; it produces longer ones (more
tokens) without a matching increase in discrete
reasoning steps, and under exemplar—CoT mis-
match it produces markedly fewer, often incom-
plete, steps. This points to a validated step count,
not token count, as the appropriate proxy for com-
putational depth as defined by Amiri et al. (2025).
Future work should examine whether this finding
holds for other low-resource languages and task
types, and whether structure-enforcing approaches
such as program-aided prompting (Ranaldi et al.,
2024) or self-training on structured reasoning
traces (Ranaldi and Pucci, 2025) can restore step-
organised Urdu output.

Limitations

We evaluate a single model (Gemini 2.5 Flash),
so we cannot determine how general these find-
ings are across architectures or model sizes. We
only examine mathematical reasoning tasks; the
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exemplar—CoT interaction may look different for
other task types such as commonsense or logi-
cal reasoning. The length—accuracy correlation
is consistent with the theoretical framework but
does not establish causation: longer chains may
simply reflect higher model confidence on easier
problems. Our discrete-step measure relies on ex-
plicit step markers together with script-aware sen-
tence segmentation; while these agree closely with
manual annotation on a stratified sample of 48 re-
sponses (Appendix E), the manual annotation was
performed by the author, and a larger, indepen-
dently annotated set would further strengthen the
validation. Responses that reason without explicit
markers are captured only by the sentence-based
measure, which may still undercount steps in con-
tinuous prose. The langdetect library is imper-
fect for Urdu due to shared Nastaliq script features
with Hindi and Persian, and some language classi-
fications may be incorrect. Finally, our exemplar
translations were produced by Gemini 2.5 Flash
and manually verified, but we cannot rule out sub-
tle translation effects.
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A Statistical Analysis Tables

Table 5 reports an item-level logistic regression
for accuracy with effect-coded (sum-to-zero) pre-

dictors, so the exemplar- and CoT-language coef-
ficients are average main effects. We use cluster-
robust standard errors on problem ID to account
for the same problems recurring across conditions.
As a robustness check, a mixed-effects logistic re-
gression with a random intercept per problem pro-
duces the same signs and significance pattern (e.g.,
on MGSM the exemplar x CoT interaction has
posterior mean 2.77 on the log-odds scale, clearly
separated from zero).

Dataset Factor z p
Exemplar lang. —-0.97  0.331

MGSM CoT lang. —8.53 <0.001
Exemplar x CoT  6.92 <0.001
Exemplar lang. —1.46  0.145

Math-500  CoT lang. —-3.64 <0.001
Exemplar x CoT 1.19 0.235

Table 5: Item-level logistic regression for accuracy
(effect-coded predictors; cluster-robust standard errors
on problem ID). The MGSM interaction corresponds to
an odds ratio of 4.0 under treatment coding.

We report a two-way ANOVA for reasoning-
token length, a continuous outcome (Table 6).

Dataset Factor F P
Exemplar lang. 2530 <0.001

MGSM CoT lang. 57.74 <0.001
Exemplar x CoT  1.51 0.220
Exemplar lang. 8.05 0.005

Math-500  CoT lang. 43.70  <0.001
Exemplar x CoT  2.81 0.094

Table 6: Two-way ANOVA for reasoning-token length
(continuous outcome).

B McNemar’s Test Results

Pair Varies Acci  Acce P

AvsB CoT (EN exmp) 672 324 <.001
CvsD CoT (UR exmp) 484 468 .694
AvsC Exmp (ENCoT) .672 484 <.001
BvsD Exmp (URCoT) .324 468 <.001

Table 7: McNemar’s tests on MGSM (n = 250).

C No-CoT Baselines

Dataset  E (No CoT, EN) F (No CoT, UR) A (EN CoT) D (UR CoT)

MGSM 0.972 0.932 0.672 0.468
Math-500 0.470 0.412 0.130 0.082

Table 8: No-CoT baselines vs. best/worst CoT condi-
tions.
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D Example Responses

Condition A (correct, structured). For the
standard “Janet’s ducks” problem, the model pro-
duces:

Step 1: Janet’s ducks lay 16
eggs per day.

Step 2: She eats 3 for
breakfast: 16 - 3 = 13.

Step 3: She bakes muffins with
4: 13 - 4 = 9.

Step 4: She sells 9 eggs at $2
each: 9 x 2 = $18.

The answer is: 18

Condition B (bimodal; frequent truncation).
Condition B does not uniformly abandon step
structure. Many responses still emit explicit num-
bered steps in Urdu (Step 1, Step 2, ...):
44% of Condition B responses contain three or
more explicit steps. However, 41% terminate after
a single, often incomplete, step. A representative
truncated response (translated) reads: “Step 1: De-
termine the number of blue ties. *” and then stops
before completing the computation. This prema-
ture termination, rather than a wholesale switch to
unstructured prose, is what drives the low mean
step count and the accuracy drop in Condition B.

E Step-Count Validation

To validate our discrete-step measures, we drew
a stratified random sample of 48 MGSM CoT re-
sponses (12 per condition, A-D) and manually
annotated the number of discrete reasoning steps
in each response. We then compared three auto-
matic measures against these manual counts: (i) a
sentence count using a Latin-punctuation splitter,
(ii) a script-aware sentence count that also treats
the Urdu full stop (U+06D4) as a boundary, and
(iii) explicit step markers. Table 9 reports Pear-
son correlation and mean absolute error (MAE)
against the manual counts, both overall and re-
stricted to the Urdu-CoT conditions (B and D)
where script effects are strongest.
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All (n=48) UR CoT (n=24)

Measure r MAE r MAE
Latin-only sentences  0.57 1.17 0.18 1.21
Script-aware sentences 0.77 0.92 0.84 0.50
Explicit step markers  0.99 0.04 0.99 0.04

Table 9: Agreement of automatic step measures with
manual annotation (n = 48; 12 per condition). A Latin-
punctuation sentence splitter undercounts Urdu steps
by ~1.2 on average and correlates only weakly with
manual counts within Urdu-CoT conditions, because
Urdu sentences terminate with a different full stop. Ex-
plicit step markers track manual counts almost exactly,
so we adopt them as the primary step measure and re-
port script-aware sentence counts as a complement.

This undercounting is systematic rather than
random: because Urdu sentences terminate with
the Urdu full stop (U+06D4) rather than a Latin
period, multi-step Urdu chains are read as a single
“sentence.” The script-aware splitter removes most
of this bias, and explicit step markers, which count
language-neutral St ep/step tokens, agree with hu-
man annotation almost perfectly.

F Additional Figures

Accuracy by Dataset Difficulty
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Figure 3: Accuracy by condition on MGSM vs. Math-
500. The relative ordering of conditions is preserved
but the absolute differences compress on the harder
dataset.



Reasoning Chain Length by Condition
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Figure 4: Mean reasoning chain length (tokens + SE)
by condition. Urdu CoT conditions (B, D) produce
more tokens than English CoT conditions (A, C), with-
out a corresponding increase in discrete reasoning steps
(Appendix E).

G Prompt Structure

All six conditions share the same structure: a sys-
tem instruction, 8 few-shot exemplar blocks, and
the test question with answer prefix. The English
CoT instruction reads: “Solve the following math
problem step by step. Show your reasoning clearly,
then state the final answer as a number.” The
no-CoT instruction reads: “Answer the following
math problem. Give only the final numerical an-
swer.” Urdu instructions are direct translations.

Cond. Instr. ExmpQ Exmp CoT TestQ

A EN EN EN EN
B UR EN UR UR
C EN UR EN UR
D UR UR UR UR
E EN EN None EN
F UR UR None UR

Table 10: Language of each prompt component.



