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Abstract

Agentic pipelines assign a separately optimized
system prompt to each step, so the cost of au-
tomatic prompt optimization (APO) multiplies
across the pipeline. In this setting, the strat-
egy for selecting candidate prompts cannot ig-
nore budgetary constraints. We study the selec-
tion step of a textual gradient APO framework
(Pryzant et al., 2023) in financial question an-
swering with retrieval-augmented generation,
a domain that stresses both the prompt and the
reward signal. We compare the framework’s
stateless Upper Confidence Bound (UCB) se-
lector against two learned alternatives, PPO and
DPO, with BEM as the shared reward. Across
135 experiments spanning three benchmarks,
three budgets, and five random seeds, the selec-
tors differ little in average accuracy gain (UCB
13.5% vs. DPO 13.4% vs. PPO 11.2%). Av-
eraging over seeds erases these gaps and cost
becomes the differentiating factor. PPO runs in
under half the time of UCB (76 vs. 182 minutes
per experiment) and its cost stays nearly flat as
budget grows. For cost-sensitive deployments,
selection has to consider efficiency in addition
to accuracy, and PPO emerges as a promis-
ing low-cost selector within this APO setup.
This design was shaped by an in-progress de-
ployment at a consulting firm that assigns one
system prompt to each step of an agentic data-
cleaning pipeline.

1 Introduction

Production large language model (LLM) systems
increasingly take the form of agentic pipelines in
which each step is instructed by its own system
prompt. Prompt quality drives how reliably the
agent acts at every step. Optimizing those prompts
automatically is attractive, but the cost of automatic
prompt optimization (APO) is paid once per step
and multiplies across the pipeline. Under these con-
ditions, the strategy that an APO framework uses
to select candidate prompts is less of an implemen-
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tation detail and more of a budget decision. This
paper studies that selection step.

Our testbed is financial question answering (QA)
over corporate filings with retrieval-augmented gen-
eration (RAG). This domain also hosts the early-
stage deployment that motivated the work. An-
swering questions using financial documents often
requires extracting a figure from a table, locating
a qualifying statement in the surrounding text, and
performing multi-step arithmetic. Even semanti-
cally equivalent rephrasings of prompts can pro-
duce markedly different answers (Sclar et al., 2024;
Zhao et al., 2024). RAG is widely adopted for fac-
tual grounding in this domain (Lithgow-Serrano
et al., 2025). However, it compounds the prob-
lem by requiring the prompt to guide both passage
retrieval and answer generation. Together these
properties make the space of effective prompts vir-
tually impossible to navigate manually (Pryzant
et al., 2023).

APO frameworks (Zhou et al., 2023; Yang et al.,
2024; Khattab et al., 2024; Pryzant et al., 2023)
address the challenge of prompt sensitivity by sys-
tematically generating, evaluating, and refining can-
didate prompts. By design, these frameworks eval-
uate each candidate independently and discard in-
formation from previous evaluations. In production
settings where every LLM call carries a cost, this
stateless approach wastes budget re-exploring re-
gions of the prompt space that prior evaluations
have already informed. Moreover, these frame-
works are built for tasks where the question ar-
rives with its context attached. In RAG, the prompt
itself determines what context is retrieved. We
ask whether the selection step can be improved
by learning from previous evaluations. We build
on the textual gradient framework of Pryzant et al.
(2023) and introduce PPO (Schulman et al., 2017)
and DPO (Rafailov et al., 2023) as alternatives to its
stateless Upper Confidence Bound (UCB) selector.

This paper makes three contributions. First, we
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show that for agentic pipelines the choice among
APO selectors is driven by cost rather than accuracy.
The selectors we compare show no statistically de-
tectable accuracy difference across seeds, so once
their per-prompt cost multiplies across pipeline
steps, cost decides which selector a pipeline can
afford. We give the first study of learned selection
policies under this framing. Second, we report a
five-seed, cost-accounted comparison of stateless
and learned selectors. The accuracy gaps between
selectors wash out across seeds while the cost gaps
persist. Third, we derive the study’s design require-
ments from an early-stage deployment that assigns
a separate system prompt to each step of an agen-
tic pipeline. In that setting, selection cost is the
deciding criterion. Together, these give practition-
ers a tested basis for choosing a selector before
optimization costs multiply.

2 Background and related work

APO frameworks such as APE (Zhou et al., 2023),
OPRO (Yang et al., 2024), DSPy (Khattab et al.,
2024), and ProTeGi (Pryzant et al., 2023) evalu-
ate candidate prompts independently on a held-out
sample with no information carried forward from
previous evaluations. Among these, ProTeGi is
unique in using beam search with an explicit selec-
tion mechanism (UCB), making it the most natural
framework in which to study whether a learned
selection policy improves performance. Reinforce-
ment Learning (RL) has been applied to other
parts of the prompt optimization pipeline, including
token-level prompt generation (RLPrompt (Deng
et al., 2022)), per-input prompt matching from a
fixed set (DP2O (Li et al., 2024)), and joint weight-
and-prompt tuning (P20 (Lu et al., 2026)), but not
to the selection step itself (Li et al., 2025).

Several of these methods target candidate gen-
eration rather than selection. DSPy (Khattab
et al., 2024) compiles and tunes multi-stage pro-
grams. LLM-as-optimizer approaches such as
OPRO (Yang et al., 2024) propose new prompts
from optimization trajectories. Reflective or evolu-
tionary methods search the prompt space by muta-
tion and recombination. Whereas these vary how
candidates are produced, our approach holds gener-
ation fixed and studies how candidates are selected.
The two axes are complementary, so we treat these
methods as orthogonal to our question rather than
as baselines, and adopt ProTeGi because it exposes
an explicit, swappable selection step.

A further consideration is the choice of reward
signal. Most APO work relies on metrics such as
accuracy or F1, which assume a single correct sur-
face form. In generative QA, where answers are
free-form text, these metrics penalize valid answers
that differ only in wording (e.g., “$2.3 billion” vs.
“$2.3B”). We use BERT matching (BEM) (Bulian
et al., 2022), which provides a continuous, seman-
tically grounded score that distinguishes genuinely
wrong answers from correct answers expressed dif-
ferently.

3 Methodology

In our adaptation of the textual gradient approach
of Pryzant et al. (2023) to RAG-based financial
QA, for each source document every page is sliced
into overlapping 1,024-character chunks, then the
embedding model intfloat/e5-small-v2 by Wang
et al. (2022) projects each chunk into an embedding
space. The embeddings for a given filing are stored
in a local Chroma vector store, so that retrieval cost
per question is a single nearest-neighbor query. At
inference time, the input to the LLM is composed
of a prompt, a question, and the retrieved context,
with the seed prompt given in Appendix B.

For a fixed minibatch B C train, the optimizer
iteratively refines a seed prompt py via a three-
phase loop: gradient generation, prompt editing,
and local exploration. At each iteration, surviving
prompt candidates are scored and the top-B are
retained in a beam that serves as the memory of
the optimization process. We make the selection
step interchangeable, retaining the original UCB
selector as the baseline and adding PPO and DPO.
These three selectors are presented in more detail
in Section 3.2.

3.1 Optimization Loop

The optimization loop repeats three phases per iter-
ation:

1. Gradient generation: Each answer gener-
ated by the LLM is evaluated with the BEM
scoring model described in Section 3.2. Using
a critic prompt V (see Appendix F), the critic
produces statements {g,, }__; that describe
the failure modes of p over B.

2. Prompt editing: Each g,, is a textual gradi-
ent, a natural-language critique of the current
prompt’s failures that indicates a direction of
improvement by analogy to a numerical gra-
dient. It is injected into an editing prompt
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Figure 1: One iteration of the prompt optimization loop.
The selector is the interchangeable component studied
in this paper.

d, asking the LLM to produce S improved
prompts {pg s le by moving semantically in
the direction opposite to the weaknesses out-
lined in gy,.

3. Local exploration: Every péys is paraphrased
M times via Monte Carlo sampling, yielding
an expanded candidate pool p”.

Throughout this process, the optimizer rewrites
only the Task section of the prompt. The output-
format and prediction sections of the seed prompt
are held fixed, as the templates in Appendix F show.
The set of best prompts from the pool p” is then
selected using one of the three available selectors.
The chosen selector scores each prompt on a ran-
dom subset of questions, estimates the expected
reward R(p”), and keeps the top-B prompts to
form the next beam By 1.

3.2 Selection Strategies

All three selectors share a common reward sig-
nal. BEM (Bulian et al., 2022) produces a score
between 0 and 1 by computing token-level sim-
ilarity between generated and reference answers.
Unlike exact match or F1, BEM provides a smooth
gradient of quality rather than a binary correct-or-
incorrect signal, which makes it more informative
as a reward for iterative prompt optimization. We
adopt it for its suitability as the optimization reward,
but make no specific claims that it outperforms ex-
act match or F1 for evaluation. Surface-form met-

rics assign zero reward to semantically correct an-
swers phrased differently from the reference, which
would misdirect the textual-gradient loop. The
three selectors differ only in how they use this sig-
nal to decide which candidates advance. UCB uses
the observed BEM scores directly through a bandit
objective. PPO and DPO learn a reusable policy
that predicts which candidates to retain from previ-
ous optimization experience. Appendix E gives the
three selector objectives in full.

UCB (baseline): The original selector from the
ProTeGi paper frames prompt selection as a multi-
armed bandit problem. Each candidate prompt is
an arm, and the Upper Confidence Bound formula
balances exploitation of high-performing prompts
with exploration of under-evaluated ones.

PPO: Proximal Policy Optimization (Schulman
et al., 2017) replaces the stateless bandit with a
learned policy 7y that is updated from previous
evaluations. In our setting, each action corresponds
to selecting a candidate prompt. During optimiza-
tion, only candidates sampled by the policy are
evaluated with BEM, and the resulting score is the
reward signal used to learn the policy. The learned
policy assigns each candidate a probability and
ranks them in preference order, retaining the top-
ranked prompts for the next beam. The objective
uses a clipped surrogate to maximize the expected
reward while constraining policy updates.

DPO: Direct Preference Optimization (Rafailov
et al., 2023) sidesteps explicit reward modeling by
learning directly from pairwise preferences. Dur-
ing training, candidate prompts are converted into
preference pairs. When two prompts are evaluated
on the same minibatch, the one with the higher
BEM score is the preferred prompt and the other is
the dispreferred prompt. The learned policy is op-
timized to assign a higher probability to preferred
prompts. Unlike PPO, which maximizes expected
reward, DPO’s objective minimizes the preference
loss, encouraging the policy to increase the likeli-
hood of preferred prompts relative to dispreferred
ones. In APO’s optimization loop, this policy as-
signs a preference score to a sampled subset of
candidate prompts. The highest-ranked prompts
are carried forward to the next beam. DPO has a
simpler training objective than PPO as it requires
no value function or clipping; however, this comes
at the cost of relying on well-separated preference
pairs.
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4 Experiments

4.1 Benchmarks

We evaluate these three selectors on three finan-
cial QA benchmarks that span a range of doc-
ument types, question complexities, and reason-
ing demands. FinQA (Chen et al., 2021) con-
tains questions requiring numerical reasoning over
SEC filings. Here, we use 6,251 QA pairs across
2,110 unique documents after removing exact-
duplicate question-answer pairs that recur across
different document contexts, keeping one instance
of each. FinDoc-RAG (Lithgow-Serrano et al.,
2025) draws over 600 QA pairs from 46 banking
documents stratified across nine complexity levels,
from single-document factual extraction to multi-
document synthesis. FinanceBench (Islam et al.,
2023) provides 150 publicly available question-
answer-document triplets grounded in real public
filings, with questions requiring domain knowledge
and multi-step numerical reasoning. Together, the
three benchmarks cover short- and long-context
reasoning, public filings and private banking doc-
uments, and a spectrum from factual lookup to
multi-step analysis.

4.2 Setup

Following standard practice, each dataset is split
80/20 into training and held-out test sets. The op-
timization process runs on the training set. All
reported accuracy figures are evaluated on a fixed
random subsample of 20% of the held-out test set,
drawn once per run and held fixed for all of that
run’s evaluations. We subsample rather than evalu-
ate on the full split to bound evaluation cost across
the 135-experiment grid. The Limitations section
notes the variance this introduces. A round is one
iteration of the optimization loop of Section 3.1,
and 7" denotes the final round. At each round
t = 0,...,T, the chosen selector scores the can-
didate pool using BEM on a random minibatch.
Except for a model ablation analysis (see below),
we use OpenAl GPT-4o0-mini as the underlying
LLM, chosen for its low inference cost relative to
larger frontier models, with retrieval handled by
ChromaDB vector stores using intfloat/e5-small-v2
embeddings. At inference time the prompt tem-
plate is instantiated with the retrieved context and
the question, and the resulting string is sent to the
model as a single user message.

Following Pryzant et al. (2023), we vary the
four most impactful hyperparameters: minibatch

size per evaluation, number of evaluation rounds,
number of candidate prompts admitted per round,
and top-K prompts evaluated per round. These
are grouped into three budget levels, low, medium,
high, with the number of optimization rounds fixed
at 6 and beam size S at 4 across all conditions. This
yields 3 benchmarks x 3 budgets x 3 selectors x 5
random seeds, or 135 experiments. We repeat each
of the 27 configurations across five random seeds
and report the mean and standard deviation across
seeds. All experiments use the same initial seed
prompt pg to ensure comparability. Our code and
experiment outputs are included as supplementary
material. Our primary metric is BEM accuracy: the
fraction of generated answers whose BEM score
exceeds an equivalence threshold, counting them
as semantically correct. Following Bulian et al.
(2022), we set the threshold to 0.56, the optimal
value they report. Accuracy gain is the difference
in BEM accuracy between the seed prompt and the
best prompt in the final round’s beam, in percent-
age points. The accuracy is computed on a 20%
subsample of each test set.

5 Results

Across all 135 experiments, every selector im-
proves over the seed prompt on average. UCB and
DPO achieve the highest average accuracy gains
(13.5% and 13.4%), with PPO trailing at 11.2%.
Given per-run standard deviations of roughly 10—
13 percentage points, these differences are small
and do not establish a clear winner at this sam-
ple size (paired t-tests and Wilcoxon tests across
seeds find no significant selector difference; 95%
CIs overlap; see Appendix D). As Figure 2 indi-
cates, performance varies more by benchmark than
by selector, with FinQA seeing the largest gains
(17.6%), followed by FinanceBench (12.6%) and
FinDoc-RAG (7.9%).

Budget effect. Average gain does not increase
monotonically with budget. It rises from 13.5%
at low budget to 14.7% at medium, then falls to
9.9% at high, as shown in Figure 3. The drop
at high budget is largely a ceiling effect. Higher
budgets raise the seed-prompt baseline itself, so the
optimizer has less headroom to improve. FinDoc-
RAG’s baseline, for instance, rises from 38% at low
budget to 66% at high. The improvement is also
uneven across runs. Some individual experiments
show zero or negligible gains even at high budget,
so larger budgets raise expected performance only
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Figure 3: Average accuracy gain by budget

Efficiency. The accuracy gains above must be
weighed against computational cost. As Figure 4
shows, PPO averages 76 minutes per experiment,
against 182 for UCB and 150 for DPO. The gap
widens sharply with budget. PPO’s runtime stays
nearly flat, at 69, 76, and 82 minutes for low,
medium, and high budgets, whereas UCB’s rises
from 71 to 364 minutes and DPO’s from 63 to
284. UCB’s exploration-exploitation mechanism
requires evaluating under-sampled candidates at ev-
ery round, which becomes increasingly expensive
as the candidate pool grows, and DPO’s preference
comparisons scale similarly. PPO’s learned policy
avoids this by concentrating evaluations on promis-
ing candidates early, giving it both the lowest and
the most predictable cost.

5.1 Cross-Model Ablation

To test whether these findings are specific to GPT-
40-mini, we replicated the FinDoc-RAG experi-
ments with Claude Haiku 4.5, running all three
selectors across three seeds at the low and medium
budgets. Optimization improved over the seed
prompt for both models, with average gains of 14%
(std 6.0) for Haiku and 10.9% (std 10.6) for GPT-
4o-mini on the matched budget and seed configura-
tions. Optimization significantly improved for both
models over the seed prompt (p < .001 for each),
and the gap between their gains was not signifi-
cant (p = .38), so the improvement holds across
both models without favoring either. Haiku opti-
mized from lower baselines than GPT-40-mini, yet
reached comparable final accuracy. As with GPT-
4o0-mini, the three selectors differed little in gain un-
der Haiku (UCB 14.7%, PPO 14.0%, DPO 13.3%).
The cost pattern also held. Under Haiku at medium
budget, PPO required roughly half as many API
calls as UCB or DPO (2,463 vs 4,957 on average)
while achieving equivalent accuracy, replicating the
cost-efficiency pattern observed with GPT-40-mini.

Average total computation time by selector and budget

Selector
s UCB
. PPO
s DPO

N
o
o

Time per experiment (minutes)
w
o
o

Medium
Budget

Figure 4: Average total computation time per experi-
ment with GPT-40-mini by selector and budget. Error
bars show standard deviation across five seeds.

6 Discussion

For teams deploying prompt optimization in pro-
duction, the choice of selector is driven by both
accuracy and cost. UCB delivers the highest av-
erage accuracy gain at 13.5% against 11.2% for
PPO, but the difference sits well within the seed-
to-seed variance and is not statistically detectable.
The cost difference is much clearer. UCB averages
182 minutes per experiment versus 76 for PPO, and
because each optimization round scores candidate
prompts via LLM inference, UCB’s exhaustive ex-
ploration translates directly into higher API spend.
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Using average runtime as a proxy for that spend,
PPO requires roughly 42% of UCB’s compute. A
token-level cost estimate points the same way. Pric-
ing each model call at GPT-40-mini’s published
rates, an average run costs about $1.1 under PPO
against $2.8 under UCB, roughly 40%.! For a team
running prompt optimization across N tasks, de-
faulting to PPO saves about 58% of wall-clock time
at no statistically distinguishable cost in accuracy,
though this calculus depends on budget, as we show
next.

Average accuracy gain by budget and selector

Selector
[__V/e:}
15.4 PPO
13.0 s DPO
15 12.0

20 16.0

Accuracy gain (%)

Low Medium High
Budget

Figure 5: Average accuracy gain by budget and selector

As Figure 5 shows, the budget effect is uneven
across selectors and does not simply favor more
budget. Average gain peaks at medium budget
for UCB and PPO and declines at high budget for
all three, reflecting the ceiling effect noted above.
UCB edges out PPO at every budget level, but the
margins are small relative to variance, and DPO is
competitive at low and medium budgets.

More broadly, these results suggest that the se-
lection step in APO matters more for efficiency
than for accuracy. With five seeds, the accuracy
gaps between selectors shrink to within seed-to-
seed variance. What does separate the selectors
robustly is cost. PPO is roughly half as expensive
as UCB and potentially more stable across budgets.

These findings suggest two further directions.
The RL-based selectors currently treat each opti-

'These figures are estimated rather than metered. We count
the chat-completion calls issued by the optimizer loop, namely
gradient, edit, paraphrase, candidate-scoring, and per-round
test-evaluation calls, and price them at the GPT-40-mini rates
of $0.15 and $0.60 per million input and output tokens. BEM
scoring runs locally and adds no API cost. We assume re-
trieved chunks of about 250 tokens, with one, three, and six
chunks at low, medium, and high budget, answers of about
30 tokens, and about 800 input and 200 output tokens for the
critic, editor, and paraphrase calls. The PPO-to-UCB ratio
follows from the scoring call counts and is largely insensitive

to these token assumptions, whereas the absolute dollar figures
are approximate.

mization round independently, but incorporating
cross-round state, for example by encoding the tra-
jectory of prompt quality over time, could let the
policy adapt its exploration as optimization pro-
gresses. And while this work focuses on financial
QA, the selection problem is domain-agnostic, so
applying these methods to other RAG-intensive
verticals such as legal or medical document analy-
sis would test whether the efficiency gains transfer
to settings with different document structures and
reasoning demands.

7 Design Requirements from a
Deployment

The design of this study was shaped by an early-
stage deployment at Mercer, a US-based consulting
firm that is part of Marsh Group. Mercer is building
an agentic system that autonomously cleans and
pre-processes data, replacing a multi-step workflow
that consultants previously carried out manually.
Each step of the workflow is instructed by its own
system prompt, and historical client data yields
QA-style examples that serve as the training signal
for optimizing those prompts. We used the deploy-
ment’s requirements to fix the design choices in our
benchmark study.

Three requirements distinguish this setting from
single-task APO research. First, each pipeline
step needs its own optimized system prompt, so
per-prompt optimization cost multiplies across the
pipeline. Second, the QA-style training examples
have free-form answers, so reward signals that as-
sume a single correct surface form penalize valid
outputs. This requirement motivated BEM as the
reward. Third, retrieval is needed at some steps
but not others. Some steps depend only on their
immediate input, while a planned extension adds
retrieval over publicly available financial data so
the agent can fill in missing fields rather than leav-
ing them blank. This aspect motivated studying
selection inside a RAG configuration.

These requirements mean that cost predictability
and accuracy are weighted equally in this study.
The per-run cost estimates of Section 6 scale di-
rectly to the pipeline level. A pipeline with 20
independently optimized steps would cost roughly
$56 to optimize under UCB and roughly $22 under
PPO.

The content in this paper is provided for general
information only and does not amount to profes-
sional advice.
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8 Conclusion

This paper asked whether the candidate selection
step of APO benefits from a learned policy. Across
135 experiments over three benchmarks, three bud-
gets, and five seeds, no selector difference in accu-
racy is detectable at our sample size, and a cross-
model ablation with Claude Haiku 4.5 reproduces
this pattern. The “same gains” of our title should
be read as this non-detection result: no selector
difference is detectable at our sample size, and
equivalence can be bounded only at margins of
roughly three to five percentage points. What sep-
arates the selectors is cost. PPO runs at under
half the price of UCB and stays nearly flat as bud-
get grows. Within this ProTeGi-style setup, that
makes PPO a promising low-cost selector for cost-
sensitive pipelines where per-prompt optimization
cost multiplies across steps.

Limitations

This work has several limitations. Our main study
uses a single LLM: GPT-4o0-mini. The cross-model
ablation in Section 5.1 adds Claude Haiku 4.5,
but only on FinDoc-RAG and only at the low and
medium budgets, so the two-model agreement we
report does not establish generalization across the
full grid of experiments. Both models are closed
API systems, and we hold the embedding model
(intfloat/e5-small-v2) fixed throughout, so retrieval-
side generalization is untested. Second, the eval-
uation relies on BEM as the sole reward signal,
so alternative metrics could yield different rank-
ings among the selection strategies. Our bench-
marks, while diverse in structure and complexity,
are all English-language and drawn from the finan-
cial domain. Additionally, while we report each
configuration across five random seeds, five is a
modest sample for distinguishing closely spaced
selectors, and the variance is large on small test sets.
FinanceBench in particular has only six held-out
examples, so its per-seed standard deviations reach
20% and its results should be read as indicative
rather than conclusive. Transient API failures are
also scored as errors, i.e. a call that fails after retries
returns an empty answer, which BEM counts as in-
correct, and a failure during prompt editing yields
no new candidates in that round, adding noise indis-
tinguishable from optimization variance. Finally,
per-run accuracy is computed on a 20% subsample
of each test set, so seed-to-seed variance reflects
both optimization stochasticity and test-subsample

composition.
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A Hyperparameter Configuration

All experiments fix the number of optimization
rounds at 6 and the beam size S at 4. The three
budget levels vary the remaining four hyperparam-
eters as follows:

Table 1: Hyperparameter settings by budget level.

Hyperparameter Low Medium  High
Minibatch size per evaluation 24 36 48
Evaluation rounds 2 4 8
Candidate prompts per round 2 4 8
Top-K prompts per round 1 3 6
Total evaluation budget 96 576 3,072

B Seed Prompt

The following prompt was used as the initial seed
po across all 135 experiments:

# Task

You are a financial QA assistant.
Answer the question using only the infor-
mation in the context.

# Output format

Return your answer as free text. If it’s
a number, just output the number (don’t
wrap in words). Otherwise, output a con-
cise sentence.

# Prediction
Context: {context}
Question: {question}

Answer:
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C Full Experimental Results

Table 2: Experimental results by dataset, budget, and selector. Values are mean + standard deviation across five
random seeds, in percentage points. Final Acc. is the BEM accuracy of the best beam prompt at the last optimization
round; Gain is Final Acc. minus Base Acc.

Dataset Budget  Selector Base Acc. Final Acc. Gain
FinanceBench low UCB 10.0 £ 8.2 300£6.7 20.0%12.5
FinanceBench  low PPO 10.0 8.2 30.0£12.5 20.0 + 6.7
FinanceBench low DPO 6.7+£82 300+£125 233482
FinanceBench medium UCB 233+£82 333421.1 1004133
FinanceBench medium PPO 233482 333+21.1 10.0£13.3
FinanceBench medium DPO 200+ 125 333+£21.1 133 +125
FinanceBench  high UCB 36.7+19.4 40.0£22.6 33+ 125
FinanceBench  high PPO 300£6.7 40.0£133 10.0 £ 8.2
FinanceBench  high DPO 36.7 +12.5 40.0 £82 33+16.3
FinDoc-RAG  low UCB 37.6 +12.5 496+54 1204126
FinDoc-RAG  low PPO 384 +11.8 41.6 £82 32+10.6
FinDoc-RAG  low DPO 37.6 + 10.9 424+70 48 +8.2
FinDoc-RAG  medium UCB 512 +4.7 61.6 4.1 104 +5.4
FinDoc-RAG  medium PPO 480+3.6 60.8 +£3.9 128 +5.3
FinDoc-RAG  medium DPO 472 +£59 61.6 £82 144+ 6.5
FinDoc-RAG  high UCB 672 +4.7 720+ 3.6 48 +4.7
FinDoc-RAG  high PPO 65.6 £7.0 712 +4.7 5.6 +4.8
FinDoc-RAG  high DPO 64.8 +£7.8 68.0 £5.1 32+64
FinQA low UCB 165+ 1.2 235+ 6.6 7.0+ 6.4
FinQA low PPO 164 + 1.1 292 +69 128 + 6.8
FinQA low DPO 16.7 £ 0.7 351+29 18.4 + 3.1
FinQA medium UCB 221+13 498 +1.8 277+ 1.8
FinQA medium PPO 221+14 37.0£10.5 15.0+9.9
FinQA medium DPO 225+1.7 409 +£6.2 184+ 7.3
FinQA high UCB 233+1.5 498 £24 26.6 +1.7
FinQA high PPO 228+ 13 3394127 11.1+137
FinQA high DPO 226 +19 439+ 84 21.3+8.0

D Statistical Tests

This appendix reports the significance tests summarized in Section 5. All tests use the per-seed accuracy
gains from Table 2, pairing selectors by dataset, budget, and seed (n = 45 paired triples).

Table 3 gives the three pairwise selector comparisons. No pairwise difference is significant at o« = .05
under either a paired ¢-test or a Wilcoxon signed-rank test.

Comparison Mean diff 95% CI t-test  Wilcoxon

UCBvsPPO 424  [-12,6.0] .19 30
UCBvsDPO  +0.1  [-3.2,35] .93 1.00
PPOvsDPO  -22  [-58,1.3] .22 16

Table 3: Pairwise selector comparisons across all 45 dataset-budget-seed triples. Mean differences and CIs in
percentage points; last two columns are p-values. Cls use the ¢ critical value (df = 44).

The 95% confidence intervals on each selector’s overall mean gain, computed across all 45 per-seed
observations, overlap substantially: UCB 13.5 [9.7,17.3], PPO 11.2 [8.0, 14.3], DPO 13.4 [9.8,17.0]
percentage points.

We also state an equivalence bound via two one-sided tests (TOST) at o« = .05, computed from the 90%
confidence intervals on the paired mean differences (UCB vs PPO [—0.6, 5.4], UCB vs DPO [—2.6, 2.9,
PPO vs DPO [—5.2,0.7]). The data establish equivalence for UCB vs DPO at margins of +2.9pp or
wider, but for UCB vs PPO and PPO vs DPO only at margins of roughly +5.4pp and 45.2pp. Differences
smaller than these margins can be neither detected nor ruled out, which is why we state our finding as
non-detection at this sample size rather than as demonstrated equivalence.
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Individual cells do show non-trivial differences. Four of the nine dataset-budget cells have a gap above
8 percentage points between the best and worst selector. Per-cell comparisons use a paired t-test across
seeds. One FinQA cell reaches significance (low budget, p = .008), and no other cell does (p > .063).
The winning selector across the large-gap cells is not consistent, however (DPO at low budget, UCB at
medium and high), which is the pattern expected from seed variance on a hard task rather than a stable
selector advantage.

These tests are limited by sample size. With n = 5 seeds and a typical within-cell standard deviation of
roughly 9 percentage points, the design has 80% power only for per-cell differences of about 19 percentage
points. Smaller differences may exist but cannot be separated from seed variance at this sample size.
Accordingly, we read the aggregate result as no detectable selector difference on accuracy rather than as
proven equivalence.

E Selector Objectives

This appendix gives the objective for each of the three selectors compared in Section 3.2. All three score
candidates with the same BEM reward and differ only in how that reward drives selection.

UCB. Each candidate prompt is treated as an arm of a multi-armed bandit. At round ¢ the selector picks

o logt
pi = argmax {Qt(p) + ¢y / N.(p) } ; )

where (Q;(p) is the empirical mean BEM reward of prompt p, N¢(p) is the number of times p has been
evaluated, and c controls the exploration-exploitation trade-off.

PPO. The policy 7y is trained on the clipped surrogate objective of Schulman et al. (2017),

Ly(6) = E[Li™7(6) — e LT (6)

e arin @

where LMY is the clipped surrogate objective and c; and ¢, are weighting coefficients. The value-function
and entropy terms are:
5N 2
LT(0) = (Va(se) — Re)”,

Hmo(- | s1)] = —Zm)(a | s¢)logmg(a | s¢),

a

where Vj is the learned value function, R; is a return estimate, and the entropy term balances the
exploration-exploitation trade-off. Our policy carries no state variable across rounds, so s; = 0 and the
learned value baseline Vj(0) reduces to a scalar. That scalar reduces the variance of the policy-gradient
estimator without biasing it. We clip the probability ratio at € = 0.2 and the gradient norm at 1.0.

DPO. Candidate prompts evaluated on the same minibatch are converted into preference pairs. Write py,
for the prompt with the higher BEM score, p; for the prompt with the lower score, and x for the minibatch
on which the pair was scored. The policy minimizes

mo(pw [ 2) o) W)} 3)

L0r0 (703 rct) = ~ By |08  Blog 72 22— o
DPO( 6 f) (z,pw,p1) D|: g (6 gﬂ'ref(pw‘x) 5 gﬂ'ref(pl|x)

where 7,..¢ is a reference policy and 5 controls how far 7y may deviate from it.

F Optimizer Prompts

The optimizer uses three fixed prompt templates, reproduced verbatim below. Braces mark runtime
substitutions. In all three, the substituted prompt text is the # Task section of the candidate rather than
the full prompt.
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Critic V. Produces the textual gradients {g,, }»_, of Section 3.1.

You are designing a retrieval-augmented
question-answering prompt.

My current prompt is:

"{prompt}"”

But this prompt gets the following examples wrong:
{error_string}

give {num_feedbacks} reasons why the prompt could have
gotten these examples wrong.

Wrap each reason with <START> and <END>

Errors are sampled from the minibatch positions where BEM judges the prediction non-equivalent to the
gold answer, and formatted as

## Example 1
Question: " "
Gold answer:
Prediction:

n n

n n

Editor 5. Applies one gradient to produce improved candidates.

You are designing a retrieval-augmented
question-answering prompt.

My current prompt is:

"{prompt}”

But it gets the following examples wrong:
{error_str}

Based on these examples the problem with this prompt
is that {feedback_str}

Based on the above information, I wrote
{steps_per_gradient} different improved prompts.
Each prompt is wrapped with <START> and <END>.

Paraphraser. Generates the Monte Carlo variants that expand the candidate pool.

Generate a variation of the following instruction
while keeping the semantic meaning.

Input: {prompt_section}

Output:

1148



