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Abstract

Large language models (LLMs) are highly sen-
sitive to prompt design, yet benchmark eval-
uations typically rely on static, hand-crafted
instructions that may underestimate true model
capability. In this work, we study a reflec-
tive prompt evaluation algorithm, GEPA as
an inference-time optimization strategy across
multiple multilingual benchmarks spanning di-
verse African languages. GEPA uses a more
capable model as a reflection agent to itera-
tively optimize prompts under strict compute
and latency budgets, without updating model
parameters.

Results show that reflective prompt optimiza-
tion consistently improves performance across
tasks, enabling smaller models to match or out-
perform larger models when evaluated using
optimized instructions. We find that prompt
evolution functions as a form of textual pol-
icy learning, improving not only task accuracy
but also output structure and formatting factors
that are critical for reliable model evaluation.
Qualitative analysis further demonstrates that
optimized prompts elicit more stable model
behavior. We characterize the trade-off be-
tween optimization cost and inference latency
by measuring prompt token growth, and show
that modest increases in prompt length can
yield substantial gains in performance. Based
on these findings, we argue that benchmark
evaluations should report both baseline and
prompt-optimized results to more faithfully re-
flect model capabilities, particularly in multi-
lingual and low-resource settings.

1 Introduction

Large language models (LLMs) have enabled a
wide range of NLP tasks to be performed directly
through prompting, but their performance is often
sensitive to prompt phrasing and formatting (Anag-
nostidis and Bulian, 2024; Razavi et al., 2025).
This effect becomes even more brittle in multi-
lingual and low-resource settings, where limited
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training data, orthographic variation, and tokenizer
issues can amplify instruction-level effects. While
some prior work suggests that text generation tasks
such as machine translation are relatively insensi-
tive to prompt variation (Ojo et al., 2025), these
findings arise from comparisons among prompt
variants that are near-semantic rewrites of one an-
other and differ only in surface form. For African
languages, recent benchmarks such as IrokoBench
and AfroBench demonstrate that even strong mod-
els often underperform or exhibit inconsistent be-
havior across tasks and languages (Adelani et al.,
2025; Ojo et al., 2025; Adebara et al., 2025). In
these settings, small changes in prompt structure,
especially those that clarify translation literalness,
diacritic handling, or task expectations, can result
in large differences in evaluation metrics, suggest-
ing that prompt choice may substantially influence
reported performance.

Most existing approaches to improving LLM
performance in low-resource languages focus on
continuous pre-training and fine-tuning (Lu et al.,
2024; Akera et al., 2025; Yu et al., 2026). While ef-
fective, these approaches can be costly, difficult to
reproduce, or infeasible when high-quality labeled
data is scarce. In contrast, prompt optimization
offers an alternative to inference-time, enabling
adaptation without modifying the model weights.
Recent prompt optimization methods (Opsahl-Ong
et al. (2024); Chen et al. (2024); Agrawal et al.
(2025)) have shown promise across a variety of
tasks, yet their behavior on African language bench-
marks, as well as the trade-off between perfor-
mance gains and added inference cost, remains
underexplored.

In this work, we study GEPA (Agrawal et al.,
2025), a reflective prompt optimization framework.
GEPA treats prompts as policies that can be it-
eratively improved using task feedback and tex-
tual reflection, enabling a form of inference-time
improvements without gradient updates. We do



not introduce a new optimization method. Instead,
we investigate whether reflective prompt evolution
should be considered a competitive alternative to
fine-tuning and a meaningful evaluation baseline
when assessing model capabilities in low-resource
multilingual settings. We evaluate GEPA on select
benchmarks spanning multiple African languages
and tasks using the DSPy framework(Khattab et al.,
2024) for our experiments. Operating under strict
optimization budgets, we ask: to what extent can
feedback-driven prompt evolution alone close per-
formance gaps in African-language benchmarks,
and what latency costs measured in prompt token
growth do they incur?

Our findings show that prompt optimization
can substantially improve performance, often en-
abling smaller models to perform on par with or
better than larger models evaluated with standard
prompts, with the largest gains observed in less
capable models. Based on these results, we ar-
gue that benchmark evaluations for African lan-
guages and low-resource languages more broadly
should report prompt-optimized results alongside
baseline prompts. Without such reporting, compar-
isons across models risk conflating prompt design
choices with underlying model capability, obscur-
ing both progress and limitations in low-resource
multilingual NLP.

2 Automatic Prompt Optimization
Techniques

Automatic prompt optimization methods treat
prompts as parameters that can be iteratively re-
fined and optimized using task-level feedback,
rather than relying solely on manual prompt en-
gineering. Recent approaches such as MIPROv2
(Opsahl-Ong et al., 2024), MAPO (Agrawal et al.,
2025) and GEPA (Agrawal et al., 2025) among oth-
ers, share similar logic: a base prompt is evaluated
on training examples, and execution traces or fail-
ures are analyzed, candidate prompt updates are
proposed, and only revisions that improve perfor-
mance are retained. These methods differ primarily
in how prompt updates are generated and how can-
didates are selected, but at a high level they all im-
plement reflection-driven, inference-time prompt
improvement without updating model weights.

In this work, we adopt GEPA as a representa-
tive and lightweight instantiation of this paradigm.
As summarized in Algorithm 1, GEPA iteratively
refines prompts by using a reflection model to pro-

Algorithm 1 Pseudocode for GEPA (Agrawal et al.,
2025). GEPA iteratively selects candidate prompts
under a fixed optimization constraint, samples mini-
batches from the training set, and applies reflective
updates using execution traces. A new prompt is
added to the candidate pool only if it improves
performance on the sampled data.
Require: Initial prompt 7p; training set Dipain; val-
idation set Dy,; task model M; reflection
model R; batch size b; optimization budget
B
Initialize candidate pool P <+ {7}
Evaluate 7y on Dy, and store score vector
Initialize total used budget ¢ <— 0
while ¢ < B do
Select candidate m € P using Pareto-based
selection
Sample minibatch B C Dy, |B| = b
7:  Run model M with prompt 7 on B and col-
lect outputs, execution traces, and task-level
feedback
8:  Compute average score Spefore ON B
Use reflection model R to generate an up-
dated prompt 7’ conditioned on T, traces,
and feedback
10:  Run model M with prompt 7’ on B
11:  Compute average Score Safier On B
122 ¢+ c+|B]
13:  if Sufier > Sbefore then

Do Wy 7

14: Add 7’ to candidate pool P
15: Evaluate 7’ on Dy, and store score vector
16:  end if

17: end while
18: return arg max Eyp,, [score(M (m, x))]
TE

pose text-level modifications conditioned on execu-
tion traces and task feedback, retaining only candi-
dates that yield measurable improvements. Unlike
gradient-based approaches, GEPA operates entirely
in discrete prompt space and naturally supports
multi-objective selection, such as accuracy and la-
tency, making it well suited for multilingual and
low-resource settings where supervision is sparse
and evaluation budgets are constrained. Our study
therefore focuses on characterizing how far such
reflective prompt refinement can improve perfor-
mance on African-language benchmarks, and the
associated prompt-length latency trade-offs.



Optimized Prompt

(Task:
from the context.
Inputs:

Output rules

Origina| Prompt

Minimality preferences
Answer the Following Question using the Context
Provided Below.

Question: $question
Context: $context
Answer :

Use only the provided context

Procedure

Examples of correct style
- Where born > Rwanda

-

- Given a question (often in Kinyarwanda) and a context passage (often in English), return only the minimal exact answer span copied

- question_lang: the question text (may be in Kinyarwanda).
- context: a short passage containing the answer.

- Return only the shortest contiguous substring from the context that directly answers the question.

- Do not add any other text: no explanations, no labels, no punctuation, no quotes, no extra spaces, no newlines before/after.
- Preserve the exact casing, spelling, numerals, diacritics, and characters as in the context.

- Do not translate or paraphrase. Copy the answer exactly from the context.

- Dates/years: output only the year if that fully answers (e.g., "June 191" » 1991 )

- Places of birth: output only the place name as written (e.g., "Rwanda").

- Named entities with a generic class word: drop the generic word when the core proper name uniquely identifies the answer.
- Prefer a proper name over a pronoun. Do not output pronouns such as "he", "she”, or "it".

- If the answer appears multiple times, choose the most specific minimal span that directly answers the question.

Language guidance (Kinyarwanda » intent)
- "ni nde?"/"yitwa nde?" > who/name
- "yavukiye he?" > where born
- "ryari?" > when (date/year)
- "ni iki?" > what/which/largest

- Base the answer solely on the context.
- If the context does not contain the answer, output exactly: Nta bisubizo bihari mu nyandiko yahawe

- Understand what the question asks (who/where/when/what).

- Locate the exact phrase in the context that answers it.

- Apply minimality rules (year-only, place-only, core proper name when unique).
- Copy that exact substring, with no extra characters.

- If no answer is present, output the fixed unanswerable string.

- Last king of Rome > Lucius Tarquinius Superbus
- When formed ("June 1991" in context) » "1991"

J

Figure 1: An example showing reflective prompt evolution for AfriQA (Kinyarwanda, kin). GEPA expands a minimal
baseline instruction into a language and task-constrained extraction prompt for gpt-3.5-turbo. This refinement improves Exact
Match from 11.6 to 29.9 and F1 from 18.8 to 41.0, demonstrating how inference-time prompt optimization can substantially
improve model performance. Additional optimized prompt examples across tasks are provided in Appendix B.

3 Experimental Setup

For all tasks and languages, we apply prompt op-
timization using GEPA under strict budgets using
similar configurations across all tasks. By strict
budget, we mean that prompt optimization is per-
formed using a fixed and limited number of la-
beled examples and iterations, without using the
full training set. Specifically, for AfriQA Yoruba,
the dataset contains 247 training samples and 253
test samples. From these, we sample 50 exam-
ples from the training split to serve as the prompt
optimization set and an additional 50 examples
from the same split for prompt candidate selection,
while reserving the full test split for final evaluation.
Other tasks follow the same protocol, with task-
dependent subset sizes determined by the available
data, and using a validation split for candidate se-
lection when one is provided.

Unless otherwise stated, GPT-5 serves as the re-
flection model, proposing prompt changes based
on execution traces and task-level feedback on the
training and development set. We additionally re-
port some ablations with self-reflection, in which
the same model serves as both the task executor and
the reflection model, using an otherwise identical
configuration. This allows us to isolate the contri-
bution of reflective prompt evolution itself from the
use of a more capable external reflector. For each

task, the inputs, metrics, feedback functions and
scoring logic used during prompt optimization are
described in detail in Appendix A.

3.1 Tasks

Below is a list of tasks we cover:

AfriMMLU (Adelani et al., 2025) This dataset
consists of multiple-choice questions from multi-
ple domains that have been translated into differ-
ent African languages. We evaluate Hausa, Igbo,
Kinyarwanda, Lingala, Swahili, Twi, Wolof, and
Yoruba.

Commonsense physical reasoning
(PIQA) (Chang et al.,, 2025). PIQA is a
binary-choice goal-solution dataset where each
example consists of a goal, two candidate solutions,
and a correct label. In this task, we test whether
automatic prompt optimization improves a model’s
ability to map naturalistic goals to plausible
physical actions in an African-language setting.
For this task, we consider only the Yoruba
language.

AfriQA (Ogundepo et al., 2023) We evaluate
cross-lingual question answering using the AfriQA
gold-passage setting. This dataset covers Bemba,
Fon, Hausa, Igbo, Kinyarwanda, Twi, Yorub4, and
Zulu. Each instance consists of a question in an



Exact Match (EM)

F1

\ \
Model Setting Reflection Yor Hau 1Ibo Zul Fon Bem Kin Twi Avg | Yor Hau 1Ibo Zul Fon Bem Kin Twi Avg
Model
gemma3 12B  Base - 202 327 496 323 93 107 255 146 244|346 401 649 452 174 151 382 203 345
gemma 3 12B  Optimized gpt-5 324 487 550 397 109 185 374 294 340 | 457 576 688 535 174 232 515 384 446
gpt-4.1-mini Base - 253 390 465 240 8.6 120 264 265 260|434 517 651 414 156 209 460 389 404
gpt-4.1-mini Optimized gpt-4.1-mini 368 480 562 348 104 185 354 379 347 | 540 552 731 51.0 213 313 505 49.6 482
gpt-4.1-mini Optimized gpt-5 41.1 505 592 385 161 227 403 453 392 | 578 596 744 548 239 312 582 559 52.0
gpt-3.5-turbo  Base - 11.5 183 188 179 6.0 104 116 9.7 13.0 | 21.8 244 307 278 126 167 188 162 2I.1
gpt-3.5-turbo  Optimized gpt-3.5-turbo | 154 207 225 175 104 159 197 146 171 | 246 270 351 28,6 17.1 212 275 182 249
gpt-3.5-turbo  Optimized gpt-5 178 330 357 299 83 166 299 265 247|276 40.1 447 407 114 223 410 344 328
gpt-3.5-turbo Twi-Optimized  gpt-5 21.0 223 318 262 104 172 235 265 224|316 287 428 365 164 235 301 344 305
gpt-4.1-mini Twi-Optimized  gpt-5 36.8 443 584 428 140 208 345 453 37.1 | 514 522 737 571 220 294 49.6 559 489
gpt-5 Base - ‘ 30.8 363 425 166 114 159 258 290 26.1 ‘ 53.6 542 672 436 215 346 531 464 468

Table 1: Exact Match (EM) and F1 results on AfriQA. ‘Setting‘ denotes whether the base program, an optimized per-language
program, or a program optimized on Twi was used. ‘Reflection Model‘ indicates the model used during optimization.

African language, a passage in English or French,
and one or more gold answers from the passage.
We evaluate answers in each individual language
allowing us to access end-to-end QA capabilities
of the model including translation from English to
French

Machine translation (AfriDocMT). To study
prompt optimization for translation, we use
AfriDocMT (Alabi et al., 2025), a document ma-
chine translation corpus constructed from public-
domain reports. We focus on language pairs in-
volving English and Hausa, Swahili, and Yoruba,
evaluating both En — X and X — En directions
depending on the experimental setting. Rather than
translating entire documents, we evaluate transla-
tion quality on shorter passages consisting of up
to five consecutive sentences sampled from each
document.

Reading comprehension (Belebele). Finally, we
include the Belebele multiple-choice reading com-
prehension dataset (Bandarkar et al., 2024), select-
ing African language variants Yorubd, Hausa, Igbo,
Zulu, Fon, Kinyarwanda, Bemba, and Twi. Each
example consists of a short passage, a question, and
four answer options.

3.2 Models

We explore prompt optimization in two regimes:

* Cross-Model Reflection, where a stronger
model provides feedback to improve a weaker
executor, and

 Self Reflection, where a single model serves
as both executor and reflection model.

As base (executor) models, we evaluate gpt-3.5-
turbo, gpt-4.1-mini, and Gemma 3 12B. These rep-
resent a spectrum of capability and cost, and are

typical choices for multilingual evaluation in prac-
tice. We primarily use gpt-5 as the reflection model
in the cross-model setting, i.e., GEPA improves
prompts for a fixed executor model using feedback
from gpt-5. To investigate a more realistic low-
resource scenario where access to a much stronger
model is limited or unavailable, we also run GEPA
in a self-reflection configuration: the same model
(gpt-3.5-turbo, gpt-4.1-mini, or Gemma 3 12B) is
used both to execute the task and to generate feed-
back for prompt prompt updates. This setup is con-
ceptually related to recent work on self-distillation
in reinforcement learning, which shows that models
can leverage their own feedback to iteratively refine
behavior without relying on an external teacher or
reward model (Hiibotter et al., 2026). In particu-
lar, Self-Distillation Policy Optimization (SDPO)
demonstrates that conditioning a model on rich
feedback enables it to identify and correct its own
mistakes, effectively turning the model into a self-
teacher.

In all cases, model weights are frozen; only
the textual prompts are updated. @ We use
the public dspy.GEPA implementation, with its
auto="light" configuration and a fixed train and
validation samples per task—language pair, to en-
sure comparable optimization cost across models
and datasets.

4 Results and Discussion

4.1 AfriQA: Per-Language vs. Shared
Optimized Programs

Table 1 reports the exact match (EM) and F1 re-
sults in AfriQA. Across all evaluated models, per-
language GEPA optimization leads to large and con-
sistent improvements over the base prompt, with
especially pronounced gains for smaller and weaker
models.



Accuracy

Model Setting Reflection Model | Yor Hau  Swa  Twi Ibo Kin Wol  Lin Avg
gemma 3 12B Base - 235 315 400 165 297 312 127 217 258
gemma 3 12B Optimized  gpt-5 440 497 625 335 520 527 345 467 469
gpt-4.1-mini Base - 548 62.6 678 458 512 642 354 562 548
gpt-4.1-mini Optimized  gpt-4.1-mini 61.6 672 724 482 670 658 416 586 603
gpt-4.1-mini Optimized  gpt-5 562 70.6 684 492 538 642 436 604 583
gpt-3.5-turbo Base - 140 176 340 88 170 132 6.6 172 1le.1
gpt-3.5-turbo Optimized ~ gpt-3.5-turbo 282  28.0 43.0 156 232 19.0 17.8 268 252
gpt-3.5-turbo Optimized  gpt-5 336 276 480 320 334 288 304 372 339
gpt-5 Base - | 828 838 912 718 868 826 652 848 81

Table 2: Results on AfriMMLU (accuracy, %). Setting indicates whether evaluation was performed using the base (unoptimized)
program or a GEPA-optimized program; for optimized runs, the Reflection Model specifies the model used to generate reflective
feedback. Bold indicates best per column; underline indicates second-best per column.

Model Setting Reflection Model | Yor
gpt-4.1-mini Base - 66.0
gpt-4.1-mini Optimized  gpt-4.1-mini 72.0
gpt-4.1-mini Optimized  gpt-5 68.0
gpt-3.5-turbo  Base - 46.0
gpt-3.5-turbo  Optimized  gpt-3.5-turbo 43.0
gpt-3.5-turbo  Optimized  gpt-5 51.0
ept-5 Base - | 92.0

Table 3: Results on PIQA-Yoruba (accuracy, %). Setting
indicates whether evaluation was performed using the base
(unoptimized) program or a GEPA-optimized program; for
optimized runs, the Reflection Model specifies the model used
to generate reflective feedback.

\ Accuracy
Model Setting Reflection | Yor Hau Ibo Zul Swa
Model
gpt-4.1-mini ~ Base - 538 720 565 677 84.0
gpt-4.1-mini ~ Optimized self 575 730 58.0 645 83.0
gpt-4.1-mini  Optimized  gpt-5 540 712 60.0 68.2 82.7
gpt-3.5-turbo  Base - |17 17 02 20 92

3.8

gpt-3.5-turbo  Optimized ~ self 11,5 272 11.7 23.0 39.0
gpt-3.5-turbo  Optimized gpt-5 180 27.0 19.0 30.0 64.7
gpt-5 Base - | 79.5 875 79.0 817 94.2

Table 4: Results on Belebele (accuracy, %). We report base
(unoptimized) and prompt-optimized variants; for optimized
runs, the ‘Reflection Model* indicates the model used to gen-
erate reflective feedback (self-reflection uses the same model).
Bold indicates best per column; underline indicates second-
best per column.

Per-language optimization. For gpt-4.1-mini,
the base prompt averages 26.0 EM across lan-
guages. Applying GEPA with self-reflection in-
creases this to 34.7 EM, while cross-reflection us-
ing GPT-5 further improves performance to 39.2
EM (Table 1). Notably, in several languages un-
der AfriQA the self and cross reflection variants
outperform the raw GPT-5 baseline.

The effects are more pronounced for gpt-3.5-
turbo. Here, GEPA roughly doubles performance:

average EM rises from 12.1 with the base prompt to
17.1 with self-reflection and 23.6 with GPT-5 reflec-
tion, while average F1 improves from 19.6 to 24.9
and 31.7, respectively. The largest gains occur in
languages where the base prompt performs poorly
(e.g., Fon and Bemba), highlighting the fragility of
naive prompting in low-resource settings.
Gemma 3 12B sits between these two mod-
els: its base prompt is stronger than gpt-3.5-turbo
but weaker than gpt-4.1-mini, and cross reflection
yields substantial improvements (from 24.4 to 34.0
average EM, 34.5 to 44.6 F1), though still slightly
below the best gpt-4.1-mini cross reflection con-
figuration. This suggests that reflective prompt
optimization can meaningfully lift an open-weight
executor as well, not only proprietary GPT variants.

For AfriQA, although the supporting passages
are provided in English, we require the model to
produce its final answer in the language of the
query. This design choice intentionally evaluates
the model’s ability to both identify the correct an-
swer from the passage and express it in the target
African language, a behavior that was inconsistent
prior to optimization.

Shared Twi-optimized programs. Beyond per-
language optimization, we evaluate a shared op-
timization setting in which GEPA is run only on
Twi, and the resulting Twi-optimized program is
reused for all other languages (rows marked Twi-
Optimized in Table 1.

We choose Twi as the source language because
it combines some of the largest relative gains from
GEPA across model variants with moderate-to-high
absolute EM/F1 scores: languages such as Fon or
Bemba exhibit very large percentage improvements
but remain low in absolute performance, whereas



‘ doc_health_5

‘ doc_tech_5

Model Setting Reflection En—Yo Yo—En |En—Ha Ha—En|En—Sw Sw—En|En—Yo Yo—En \ En—Ha Ha—En \ En—Sw Sw—En
Model

gemma 3 12B  Base - 25.03 47.86 44.28 56.23 65.56 73.40 26.01 46.41 46.29 58.90 60.70 67.74
gemma 3 12B  Optimized gpt-5 30.70 50.54 44.80 57.47 65.27 74.56 30.90 48.18 46.77 59.62 61.10 63.00
gpt-4.1-mini  Base - 34.62 60.19 52.60 58.20 68.73 7343 35.45 56.33 53.60 61.19 59.49
gpt-4.1-mini  Optimized gpt-5 41.81 62.77 52.50 60.42 69.74 75.42 40.65 56.76 54.23 61.36 67.11
gpt-3.5-turbo  Base - 17.08 34.09 31.07 36.46 61.93 59.58 18.39 35.15 34.10 40.27 52.82
gpt-3.5-turbo  Optimized gpt-5 24.60 37.80 34.99 41.36 68.57 72.20 24.06 39.58 37.09 44.83 62.73

Table 5: AfriDocMT (bi-directional) results using ChrF++ (higher is better). ‘Setting‘ indicates whether evaluation was
performed using the base (unoptimized) program or a GEPA-optimized program; for optimized runs, the ‘Reflection Model*

specifies the model used to generate reflective feedback.

Twi improves substantially while ending up among
the strongest languages overall

For gpt-4.1-mini, this single optimized program
achieves an average EM of 31.9 across the remain-
ing seven languages, compared to 26.0 for the base
prompt and 39.2 for full per-language cross reflec-
tion optimization. For instance, EM in Yorub4 im-
proves from 25.3 (base) to 36.8 (Twi-Optimized),
and further to 41.1 with per-language optimization;
in Hausa, performance increases from 39.0 to 44.3
and then to 50.5.

A similar pattern is observed for gpt-3.5-turbo,
where the Twi-Optimized configuration attains an
average EM substantially higher than the base
prompt, though still below the per-language cross
reflection result.

Overall, these results suggest that a single op-
timized program derived from a relatively strong
language can transfer effectively to other African
languages on the same task. While per-language
optimization yields the best performance, shared
optimization recovers a substantial fraction of the
GEPA gains while requiring only a single optimiza-
tion run instead of one per language. Practically,
shared optimization is also far cheaper: one GEPA
run on Twi replaces eight separate per-language
runs, substantially reducing both optimization time
and token cost.

Self-Reflection vs Cross-Reflection. Comparing
rows within each model, self-reflection consistently
helps but cross-reflection with GPT-5 helps more.
For gpt-4.1-mini, self-reflection recovers roughly
two-thirds of the EM gain that full cross-reflection
achieves; for gpt-3.5-turbo, the gap between self
and cross reflection is larger. Intuitively, weaker
executors benefit more from a stronger teacher.
At the same time, self-reflection requires no ad-
ditional model and yields shorter programs ( sub-
section 4.4), making it an appealing option when
access to a strong reflection model is constrained.

4.2 Knowledge and Reading-Comprehension
Benchmarks

Table 2 shows that on AfriMMLU, prompt opti-
mization improves all base models but does not
close the gap to gpt-5. For gpt-4.1-mini, self-
reflection gives the best small-model average (54.8
— 60.3 accuracy), while cross reflection yields
58.3. For gpt-3.5-turbo, cross-reflection with GPT-
5 more than doubles average accuracy (16.1 —
33.9). Gemma 3 12B again behaves as an inter-
mediate executor: optimized with GPT-5 lifts it
from 25.8 to 46.9 average accuracy, competitive
with the gpt-3.5-turbo variants but still below the
gpt-4.1-mini. These are multiple-choice tasks, so
the gains mostly reflect better calibration and more
consistent mapping from internal reasoning to a
single label.

Belebele reading comprehension ( Table 4) re-
veals a complementary pattern. For gpt-4.1-mini,
the base prompt already performs strongly (66.8 av-
erage accuracy), and GEPA provides only marginal
additional gains (67.2 with self-reflection, 67.3
with cross-reflection). In contrast, gpt-3.5-turbo
is extremely weak under the base prompt (3.8 av-
erage accuracy, with some languages below 1%).
GEPA dramatically improves this, especially with
cross reflection, to 31.8 average accuracy. Here,
prompt optimization is effectively the difference
between an unusable and a usable model for this
task—language combination.

For PIQA-Yoruba ( Table 3), we again see mod-
erate but consistent gains: gpt-4.1-mini improves
from 66.0 to 72.0 with self-reflection, and gpt-3.5-
turbo from 46.0 to 51.0 with GPT-5 reflection.

4.3 Machine Translation: AfriDocMT

On AfriDocMT doc_health_5 and doc_tech_5, we
evaluate ChrF++ for document-level translation.
Table 5 shows consistent but more modest improve-
ments. For gpt-4.1-mini, cross reflection raises
Yoruba En— Yo from 34.62 to 41.81 chrF++ and
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Figure 2: Average program length (tokens) per task and model
variant. For each task, optimized entries report the mean
token length of GEPA-generated programs averaged across
that task’s languages. Self-reflection uses the executor model
as the reflection model; cross-reflection uses GPT-5.

Yo—En from 60.19 to 62.77; similar gains appear
for Swahili and, to a lesser extent, Hausa. gpt-3.5-
turbo also benefits (e.g., Swahili En—Sw: 61.93
— 68.57). Gemma 3 12B exhibits moderate but
consistent gains as well: chrF++ improves by about
3-5 points across most directions under cross re-
flection with gpt-5. These results indicate that re-
flective prompt optimization is not limited to clas-
sification or span extraction, but can also improve
structured generation when prompts explicitly en-
code formatting and segmentation instructions.

4.4 Latency—Quality Trade-off and Prompt
Length

The arrow plots in Figure 3 and Figure 4 visual-
ize the trade-off between prompt length and per-
formance for AfriQA (gpt-4.1-mini, cross reflec-
tion) and Belebele (gpt-3.5-turbo, cross reflection).
Each arrow starts at the base prompt (short, low-
performance) and ends at the optimized prompt
(longer, higher-performance). The vertical dashed
line marks the average optimized prompt length for
that setting, and the horizontal dashed line marks
the corresponding average score.

For AfriQA, all languages move into the upper-
right quadrant: EM improves by 10-20 points
while program length typically grows from 8 to-
kens to hundreds ( Figure 2). For Belebele with

AfriQA: Base - Optimized shift in token budget vs EM
(Base: GPT-4.1-mini, Optimized: GEPA GPT-4.1-mini with GPT-5 as Reflection model)

Exact Match (EM)
w
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g

bem
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Figure 3: Token—quality trade-off induced by GEPA on
AfriQA for GPT-4.1-mini under cross-model reflection (GPT-
5). Each arrow represents one language, moving from the base
to the optimized program in (prompt tokens, exact-match)
space. Horizontal shifts indicate increases in prompt length,
while vertical shifts indicate exact-match gains, revealing
language-dependent efficiency in token utilization.

Belebele (RC): Base - Optimized shift in token budget vs Accuracy
(Base: GPT-3.5-turbo, Optimized: GEPA GPT-3.5-turbo with GPT-5 as Reflection model)
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Figure 4: Token vs accuracy trade-off induced by GEPA
on Belebele reading comprehension for GPT-3.5-turbo under
cross-model reflection (GPT-5). Arrows show language-wise
transitions from base to optimized prompts in (prompt tokens,
accuracy) space. Horizontal shifts indicate increased prompt
length, while vertical shifts indicate accuracy gains, with espe-
cially large improvements for Swahili and Zulu, highlighting
the effectiveness of reflective prompt evolution for weaker
base models.

gpt-3.5-turbo, the base prompt lies near the ori-
gin, and GEPA moves languages such as Swabhili
and Zulu to accuracies above 60% at the cost of
500-1500 prompt tokens. In both plots, languages
with the weakest baselines often see the steepest
arrows, highlighting that reflective optimization is
especially valuable when naive prompting fails.
Figure 2 summarizes average program length
across tasks and models. Base prompts are ex-
tremely compact (8—17 tokens), while optimized
prompts are substantially longer. For gpt-4.1-mini,
self-reflection yields an average of 670 tokens
across tasks, and cross reflection about 855 to-
kens. For gpt-3.5-turbo, self-reflection averages
226 tokens, whereas cross-reflection pushes length



to around 1027 tokens. Thus, self-reflection is no-
ticeably more parameter-efficient in terms of token
budget, though cross-reflection often yields larger
performance gains.

Token tables in Appendix C provide the full
per-task, per-language breakdown. Overall, the
results suggest a favorable trade-off in the low-
resource setting: a one-time optimization phase
and an increase from tens to a few hundred prompt
tokens can unlock substantial accuracy and F1
gains, especially for weaker models and harder
languages. In settings where latency or cost is crit-
ical, self-reflection may be preferred; where qual-
ity is paramount and token budget allows, cross-
reflection with a stronger model offers further im-
provements.

4.5 Prompt Sensitivity and Cross-Lingual
Transfer

The AfriQA experiments highlight both the sever-
ity of prompt sensitivity and the potential for cross-
lingual sharing. Baseline EM varies widely across
languages even for the same model (e.g., gpt-4.1-
mini performs much better on Igbo and Hausa than
on Fon or Bemba under the seed prompt). Prompt
optimization narrows these gaps by converging to-
wards a set of shared behaviors: tight control of an-
swer span, explicit mapping from internal choices
to output format, and language-agnostic instruc-
tions that avoid overfitting to any particular orthog-
raphy.

The Twi-Optimized condition further shows that
reflective optimization can produce prompts that
generalize across languages without seeing them
during optimization. This is encouraging for low-
resource languages where development data are
scarce or expensive: optimizing on one or two re-
lated languages may already yield robust prompts
that transfer to others. We therefore argue that
future benchmarks for African and other low-
resource languages should report both baseline
and prompt-optimized performance, under a clearly
specified optimization budget, to more accurately
reflect the capabilities of the underlying models.

Limitations

Our study has certain limitations. First, we only
evaluate a small set of models (gpt-3.5-turbo, gpt-
4.1-mini, gpt-5, and Gemma 3 12B). Extending
these experiments to diverse open-weight models,
and to additional African languages beyond those

covered by AfriQA, AfriMMLU, Belebele, PIQA,
and AfriDocMT, is important future work.

Second, we use a single GEPA configuration
(auto="1light") with a fixed, relatively small op-
timization budget. This choice reflects realistic
engineering constraints, but more aggressive op-
timization or alternative prompt optimizers might
change the balance between prompt length, latency,
and quality.

Finally, we treat the reflection model including
in the self-reflection setting as an oracle for feed-
back. We do not model how its biases or failure
modes might shape the learned prompts, especially
for languages where the reflection model itself is
weak. Understanding when reflective optimization
amplifies dataset artifacts or cross-lingual biases is
an important direction for future work.
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Appendix
A Metrics and Feedback
A.1 Belebele (Multiple-Choice Reading Comprehension): Metric and Feedback

For ‘Belebele®, a multiple-choice reading comprehension task. Each example provides a passage, a
question, four answer options, and a gold option index. The metric we employed is exact-match accuracy
on the predicted option index; feedback is constructed from three cases: invalid option, correct, or incorrect
as shown below:

Inputs:
question: string
passage: string (optional)
answer_list: [al, a2, a3, a4]
gold = correct_answer_number {1,2,3,4}
pred = prediction.correct_answer_number

Metric:
if pred is not in {1,2,3,4}:
score = @
else:
score = 1 [pred = gold]

Feedback:
let ag = answer_list[gold]

if pred is not in {1,2,3,4}:

feedback =
"You are to return a single option number in [1, 2, 3, 4]. " +
"You returned ’{pred}’, which is not a valid option. " +

"The correct option is ’{gold}’, which corresponds to: {ag}."

else if pred = gold:
feedback =
"Your answer is correct! It is option ’{gold}’, which corresponds to: {ag}.”

else:
feedback =
"Your answer is incorrect. The correct option is ’{gold}’, which corresponds to: {ag}.”

if passage is present:
feedback +=
"Here is the passage that contains the correct answer:"” +
"[passage]” +
"Next time: locate the sentence that directly answers the question, then map it to the
option list.”

Return: (score, feedback)



A.2 AfriQA (Question Answering): Metric and Feedback

For AfriQA, a question answering task, each example provides a question and one or more gold short
answers in an African language, alongside a supporting context passage in English. While both Exact
Match (EM) and token-level F1 are used for evaluation before and after optimization, the reflective
feedback signal is constructed using Exact Match.

Inputs:
question: string
context: string
golds = answer_lang (list of short strings)
pred = prediction.answer_lang

Metric (Exact Match):
normalize(pred)
normalize(golds)

if pred matches any gold exactly:

score =1
else:
score = @
Feedback:
if pred is empty or missing:
feedback =
"The final answer must be a non-empty short string and nothing else. " +

y o

"You responded with ’{pred}’.

if golds are available:
feedback +=
" The correct exact-match answer is one of: {golds}.”

if context is present:
feedback +=
"Here’s some context useful in answering the question:” +
"[context]” +
"Think about what takeaways you can learn from this context to improve your future
answers "
"and approach to similar question.”

else if pred exactly matches any gold:
feedback =
"Your answer is correct. The correct answer is ’{pred}’.”

else:
feedback =
"Your answer is incorrect. The correct and exact-match answer is one of: {golds}."

if context is present:
feedback +=
"Here’s some context useful in answering the question:" +
"[context]” +
"Think about what takeaways you can learn from this context to improve your future
answers "
"and approach to similar question.”

Return: (score, feedback)



A3  AfriMMLU (Multiple-Choice QA): Metric and Feedback

For AfriMMLU, a multiple-choice question answering task. Each example provides a question, a subject
label, four answer choices, and a gold answer letter in { A,B,C,D}. The metric we employed is exact-match
accuracy on the predicted answer letter; feedback is constructed from three cases: invalid letter, correct,
or incorrect as shown below:

Inputs:
question: string
subject: string
choices: [cA, cB, cC, cD]
gold = example.answer {A,B,C,D}
pred = prediction.answer

Metric:
pred_letter = upper(strip(pred))

if pred_letter is not in {A,B,C,D}:
score = @

else:
score = 1 [pred_letter = gold]

Feedback:
letters = [A, B, C, D]
correct_letter = gold
correct_choice = choices[index(correct_letter)]

pred_letter = upper(strip(pred))

if pred_letter is not in {A,B,C,D}:
feedback =
"The final answer must be one of A, B, C, or D. " +
"You responded with ’{pred}’, which is not a valid option. " +
"The correct answer is ’{correct_choice}’, which is option {correct_letter}."
else if pred_letter = correct_letter:
feedback =
"Your answer is correct. The correct answer is " +
"?{correct_choice}’, which is option {correct_letter}.”
else:
feedback =
"Your answer is incorrect. The correct answer is " +
"?{correct_choice}’, which is option {correct_letter}.

n

Return: (score, feedback)



A4 PIQA (Physical Commonsense Reasoning): Metric and Feedback

For PIQA, a binary-choice physical commonsense reasoning task. Each example provides a goal, two
candidate solutions, and a gold label in {0,1} indicating the correct solution. The metric we employed
is exact-match accuracy on the predicted label; feedback is constructed from three cases: invalid label,
correct, or incorrect as shown below:

Inputs:

goal: string

solutions: [s@, s1]

gold = example.label {0,1}
pred = prediction.label

Metric:
if pred is not in {0,1}:
score = @
else:
score = 1 [pred = gold]

Feedback:
correct_idx = gold
correct_solution = solutions[correct_idx]

if pred is not in {0,1}:

feedback =
"The final answer must be either ’@’ or ’1’. " +
"You responded with ’{pred}’, which is not a valid option. " +

”

"The correct label is ’{gold}’, which corresponds to: {correct_solution}

else if pred = gold:
feedback =
"Your answer is correct. The correct label is ’{gold}’, " +
"which corresponds to solutions[{correct_idx}]: {correct_solution}”

else:
feedback =
"Your answer is incorrect. The correct label is ’{gold}’, " +
"which corresponds to solutions[{correct_idx}]: {correct_solution}”

Return: (score, feedback)



A.5 AfriDocMT (Machine Translation): Metric and Feedback

For AfriDocMT, a machine translation task. Each example provides a source sentence and a gold target
translation. We compute chrF++ between the model translation and the reference; the resulting score is
used both as the optimization metric and to select one of three feedback templates (1ow, medium, high)
based on fixed thresholds, as shown below:

Inputs:
source_text: string
correct_translation = example.target_text
model_translation = prediction.target_text

Metric (chrF++):
score = chrF++(model_translation, correct_translation)
(computed with word_order = 2 and lowercase = True)

Feedback:
if score 0.2:
feedback =
"This translation is incorrect and contains significant errors. " +
"The correct translation is \n {correct_translation} \n\n " +
"Your translation has very low chrF++ which implies the output has almost no overlap " +
"with the reference and fails to convey the source meaning.”

else if score < 0.5:
feedback =
"This translation is partially correct but contains some errors. " +
"The correct translation is \n {correct_translation} \n\n " +
"Your translation has a moderate chrF++ score which indicates that while some parts " +
"of the translation are accurate, there are still noticeable discrepancies compared " +
"to the reference.”

else:
feedback =
"This is a correct translation with minor or no errors. " +
"The correct translation is \n {correct_translation} \n\n " +
"Your translation has a high chrF++ score which indicates that it closely matches " +
"the reference and effectively conveys the source meaning."”

Return: (score, feedback)



B Additional Examples of GEPA Optimized Prompts
B.1 Belebele (Reading Comprehension)

F—t BASE PROMPT ; R

Answer a multiple-choice guestion wsing the passage

Question: jgquestion, FPassage: jpassage, Answer list: janswer liset, Correct answer number:

1

Task

Select the carcact aption |1-4) for & multipla-chaice questics at fram i

1y uaing ealy ¢ fuiZulu). Retess wxactly os

given passage |

'4'. No brackstas, guotes, spas %, ar sxplanations.

Isiprta

- pasaage: Zhoet test (may ke isifuli; may include quotations and raparted spaesh) .

- question: h quesy absut the passage. It may ask foe:

MHgokwalokha ckushine) .

g favukhe umbl

Lupywanga®, “akuzange koabive/akukhe ekushi

ke ikisala®, *hungeneaka]
argela®, “umsuka®, “ngenxe kafys®).
- whure, "ni

[

o Thupd

- amswas_list: Faue spri peaiticas map ta outputa '1%-140.

Butput

- Exactly cam

Eype and seope:

passage: choose what passage axplicitly states.

csu what is abus ot supported by the passage.

ld/mast: cheass what the passage says must/sbould b done.

pasaage Ehal anave: Che quast

- Peafar axpl munts aver plassibility s warl

- Far “kuphi® (uhaea), pick the apeci namud plase fa.g.

= Far “ubani” (w fatteibutar (e

. pick the

Al aga

- Fas inbmn}, sxtzace the stated tiss marker {e.g.

Handle reported spesch carsfull

“hubika®,

= Teack uhe aaid what via verbs like "itke”, “kushe®,

B saidflaballed *X%, atteibute A

2z

- List mentally what is sspli =learly implied.

waeld

- Do Bat select itess sealy p

L.

s

- If an apti are specific passage acd that specificity dows not appeas, Treat Lt as NOT mentioned.

Hats

phcaphcaaes/ayranyes and numeric detaila:

- Hegation of asc to wngayona ankule®, ®akubucay iega ankulet,

- Caffau bae seearmd mille.

- Placa prafises: sation mames (e.g., “eBuffal

e wericisha mlile®.

“i-Apple”, "IHkonzo yaMe

- Tramnslatl

- "Dhaska PHusbar e Prant Runess®

= "Iuedi Lusis Ward” .

yagalolunye® = *H

cafurs to Araterdam's incer

{1 gordel/Canal DisEeict” is & spacif
ula” both mean steps; wis curbers exa

Ly (w.g., “anagzathufiziny,

- Faat.

amact ceitical detail (a.g., spasific lesatis aseact

Tiu-kraakars:

avar Lnfarrad.

- Prafur wssl

- Match the exact seepe of the gquestice jwho ve vhers ve when s cause) .

- If tue sptions sses Srus, chosas the see that directly iscludes the key detall Uhe guestion asks (e.g., Che preciss place name r Chi exast nisbes

Final shasks:

Eha mxac

question type [e.g., HOT sentiocwd va atated; where va o

stad by the lo:

taxt la aupp ud pausage san

ansas_List [1-4) .

.

- Dubput amly 17,

Comman pitfalls ta aveid

- Do nat autpet asrays, brackets, ar splanationa. Only

ae ralated fase if the questics asks for & speific ena (e.g., if asked

- e nat shas whete if Amaterdam aee heoss pricus amsng tha b

Eheane

saseCanal®,

] apwa

uae with w Lo hagpanid ink, chocse the explic
20%] , rainfall alsa 6%} e laves svasflow facts unliss Che quast Lutiia.
- Do nab misabbeibube quates af o Latese
- Do nat use cutside Enouledse: sely aclaly an bhbe passige.
Fatmatting rule (absclute)
- haturn sxactly ore charactee: 2, "
\. J

Figure 5: Reflective optimized prompt for Belebele (Zulu). Using gpt-5 as the reflection model, GEPA transforms a weak
baseline prompt for gpt-3.5-turbo, raising accuracy from 2.0 to 30.0.



B.2 AfriMMLU (Multiple-Choice QA)

BASE PROMPT

Answer the guestion with the correct option (A-D) from the given choices

Quesicn: $question, Subject: $subject, Choices: $choices, Answer:

f_( OPTIMIZED PROMPT ; ™\
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- chelces: Exactly four optiens in arder. Hap lettars as:

B = choices[1], € = choices[], D = chaizas(3].

What to de:

1. Read and understand the guastion (mentally translate Twi to English if neaded; never cutput the translation).

2. Use sound reasoning and elimination to select tha best of the four choicas.

3. Dutpet ONLY the correspording upparcase letter A, B, C, or D.

Strict cutput rulas:

- Dutput axactly ane charactar: B, C, or D.

- Do not include the Option Caxt, wards, NURbers, punctuation, brackets, quates, of explanaticns.

- Do not sutpat indices like [4] or tha choice contant (a.g., '11%'); only the letter {e.g., D).

- Mo spaces or nawlines befora/aftar the letter.

Reascning and caution:
- Carefolly map the chosen chedca to its letter {A=lst, B=2nd, C=3rd, De=dth}.

- Translate Twi nuances mentally; choose the semantically correct cptien.

or guantitative/computaticnal items, compute pracisaly beforae mapping.
- If uncartain, use logical alimination; never cutput multiple letters.

- Do not invent facts not implisd by the gquestion; aveld unrelated assumptions.

Hnown ref facts [for consistency across similar quastions]:
- Order-five deaths by country in 2017 [among cholces China, United Statas, Indonesia, Pakistan): Pakistan is highest (corresponded to latter D in that sath.

ndad to letter D in that set].

- Einsey’s 1548 report on mala sexual behawior: tha fraquan cited statistic is 11% {corra

- Bigh school geography in Twi: a scenaric where students living in a schoal dorm eat at the nearest dining area exenplifics “Ewan ntam porsee” [intervaning oppartunity)
lcorrespondad ta letter B in that set}.
- Interrational law [ICT Statuts Article 38] in Twi: for ‘amanaman smara farebae’, the corract cholce was “Oye apam a wade di dwima a kua a OTetws manse ne hye asce pe”

[treaties in farca) [correspended to latter B in that sat).

- South Africa's casa (G of the Republic of Scuth Africa v Grootboom): the Court required the stata to take reasonabla measures within available

rescurces to progressively realize the right of access to adequate housing, including prevision for those in desparata need; no immediate individeal entitlement to
er C in that

housing. In a prior set, this correspanded to the option describing “reasonabl = and "p ive realization® [1
{Waltar Christaller]: larger settlanents provide a greater varlety of functions/services; settlanent size corralates with functienal divers

- Central Place Theory
L, this was "Nkuro a ne KESSEYE na no nowomadie ne ye ahodos bebree” (latter C in that sat).

- Detroit’s papulation decline: commonly attributed to deindustrializatien/decline of ing jobs. In Twi, "Nnuwmaye a Ebeks fam® (letter C in that set}.

nal check bafora submitting:
- Confimm tha bast choice and its axast A-D mapping.

- Ensure the output is exactly one uppercase lettar with no extra charactars.

Figure 6: Reflective optimized prompt for AfriMMLU (Twi). GEPA optimizes a baseline multiple-choice reasoning prompt
for gpt-3.5-turbo using gpt-5 as the reflection model. This optimization increases accuracy from 8.8 to 32.0, illustrating the
impact of reflective prompt evolution on knowledge-intensive question answering.



B.3 PIQA (Physical Commonsense Reasoning)

BASE PROMPT

Pick the better sclution (0 or 1) for the giwven goal.

Goal: $goal, Scluticns: $solutions, Lakel:

~—{ OPTIMIZED PROMPT } ™\

¥ou will b4 provided with a geal and two possible selutions. The goal and the soluticns are always given in Yoruba language. Your task is to select which salution better

fulfills the stated goal by leveraging deep knowledge of Yoruba language, culture, customs, and domain-specific expertise.

Instructions

1. Understand the Goal in Yoruba:

- Read tha Yoruha goal carafully

@.g., traditicnal objects, ecological knowladge, Yorcba tarminology, customary practices, Yorcba

- Identify the cultural, centextual, or demain category it belongs te

proverbs or idians, alistic awprassions, lndigencus tools or crafts, or local natural phancmanal.

teral translation: they hinga on knowing specific Yoruba cultural facts of Tarminologies accurataly.

- Recogniza that many goals require underscanding bayond L
2. Analyza Both Yoruba Sclutions:

- Examina each solution’s

rding and implied maaning using culturally informed knowledga.

- Detarmina which solution aligns with Yoruba traditional use, linquistic nuance, cultural actual correctnass.

- Discard salutions ti

k£t
* Misusa Yoruba cultural terms or objects,
* Prasant inaccurate cultural or ecological facts (@.g., wrong habitat for animals/plant

* Mizapply trad impropar use of Yorcba hunting or farming terms),

onal lanjuage or customary axpressions [(e.g., incorract grecting forms

* Rafl literal but culturally incorrect inta

ratations.

3. Apply Ralavant Yoruba Cultural & Domain-Specific Enowledge. Exanples includa:
respectful phrases such as "Kibiyasi o rather than generic greetings

Traditional gre:

ngs to Yoruba kings must usa cultura

- Enowledge of ¥oruba indigencus tools or crafts, such as understanding what a “jengrite® (genmerator] is wersus an “gkadd* {a farming or manual tool).

akin gighn” {long repal may function batter than “éwi” {cotten/thread] in making fishing traps.
while “aps”

- Indigencus fishing or trapping methods and matarials: for instanca,

. mamg® [clay) is traditional

- Undarstanding Yoruba agricultural or natural product processing: a. used to praserve or shapa "k&14% (a local product)

Ibag) is net.

- Clear identification of habitat or ecological sites in Yoruba for specific items {like where salmon egg found or hunting-related terms) .

- Precisa definitions of Yoruba laxical items like "5ibi~ referring te lacations or functicnal hunting places, not food.

4. Reascn Your Chy
- Provida a short but culturally informed explanacion citing specific Yoruba Customs, CAFms, or factual knowladge suppor

g your choica

- Boint out why the rejectad optian is culturally or factually incorract ar less appropriata

5. Output:

- ¥our final answer must ba the nunber label (i or 1} carrespording te the soluticn that battar

Summary
- Identify the cultural or domaln context of the geal.

of Effactive Approach:

- Link sach solution t

that contextual knowledge.

- Reject sclutions displaying cultural, ecological, acies.

- Select tha salution best raflacting authentic Yoruba knowledge and culturally accurate practice

methed ansures accurate answars grounded in deep Yoruba language and cultural understanding, beyond surface literal translations.

Figure 7: Self-reflective optimized prompt for PIQA (Yoruba). GEPA refines the baseline prompt for gpt-4.1-mini using
the same model as the reflection model. This self-reflection improves accuracy from 66.0 to 72.0, demonstrating that meaningful
gains are possible even without a stronger reflection model.



C Prompts Token Sizes
C.1 AfriQA Programs

| Prompt Tokens

Model Setting Reflection Model | Yor  Hau Ibo Zul Fon Bem Kin Twi
gpt-4.1-mini  Base - 8 8 8 8 8 8 8 8
gpt-4.1-mini ~ Optimized gpt-4.1-mini 921 890 536 843 987 557 519 989
gpt-4.1-mini ~ Optimized gpt-5 664 429 644 638 931 1511 505 791
gpt-3.5-turbo  Base - 8 8 8 8 8 8 8 8
gpt-3.5-turbo  Optimized gpt-3.5-turbo 232 163 111 139 40 235 355 42
gpt-3.5-turbo  Optimized gpt-5 1245 1162 1619 790 1077 1195 608 505
gpt-3.5-turbo  Twi-Optimized  gpt-5 505 505 505 505 505 505 505 -
gpt-4.1-mini ~ Twi-Optimized  gpt-5 791 791 791 791 791 791 791 -
gpt-5 Base - | 8 8 8 8 8 8 8 8

Table 6: Prompt token lengths for AfriQA programs. For the ‘Optimized* setting, each cell reports the token length of the
language-specific optimized program. For ‘Twi-Optimized* setting, a single Twi-optimized program is reused across languages

(hence constant values across columns).

C.2 AfriMMLU Programs

| Prompt Tokens

Model Setting Reflection Model | Yor Hau Swa Twi Ibo Kin Wol Lin Avg
gpt-4.1-mini ~ Base - 17 17 17 17 17 17 17 17 17
gpt-4.1-mini ~ Optimized  gpt-4.1-mini 414 433 2019 932 1053 925 391 421 823.5
gpt-4.1-mini  Optimized  gpt-5 792 992 1179 688 1768 853 582 1054  988.5
gpt-3.5-turbo  Base - 17 17 17 17 17 17 17 17 17
gpt-3.5-turbo  Optimized  gpt-3.5-turbo 285 177 63 334 296 402 198 298 256.6
gpt-3.5-turbo  Optimized  gpt-5 1616 1006 651 808 698 775 1130 529  901.6
gpt-5 Base - | 17 17 17 17 17 17 17 17 17

Table 7: Program token lengths for AfriMMLU runs. Base programs use a fixed 17-token program; optimized programs vary by

language depending on the GEPA-generated program.

C.3 Belebele Programs

| Prompt Tokens Avg

Model Setting Reflection Model | Yor Hau Ibo Zul  Swa |
gpt-4.1-mini  Base - 8 8 8 8 8 8
gpt-4.1-mini  Optimized  gpt-4.1-mini 71 217 592 632 - -
gpt-4.1-mini  Optimized  gpt-5 857 1159 722 1389 455 916.4
gpt-3.5-turbo  Base - 8 8 8 8 8 8
gpt-3.5-turbo  Optimized  gpt-3.5-turbo 209 232 316 345 159 252.2
gpt-3.5-turbo  Optimized  gpt-5 2025 476 532 1316 1193 | 11084
gpt-5 Base - | 8 8 8 8 8 | 8

Table 8: Program token lengths for Belebele runs. Base programs use a fixed 8-token program; optimized programs vary by
language depending on the GEPA-generated program.



C.4 PIQA-Yoruba Programs

Model Setting Reflection Model \ Prompt Tokens (Yor)
15

gpt-4.1-mini  Base -

gpt-4.1-mini ~ Optimized gpt-4.1-mini 700
gpt-4.1-mini  Optimized gpt-5 752
gpt-3.5-turbo  Base - 15
gpt-3.5-turbo  Optimized  gpt-3.5-turbo 229
gpt-3.5-turbo  Optimized  gpt-5 1074
gpt-5 Base - | 15

Table 9: Program token lengths for PIQA-Yoruba runs. Base programs use a fixed 15-token program; optimized programs reflect
the GEPA-generated program length.
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