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Abstract

As language models (LMs) are increasingly adopted across domains, high-quality benchmark-
ing frameworks that accurately estimate performance are essential for guiding deployment
decisions. While frameworks such as Holistic Evaluation of Language Models (HELM)
enable broad evaluation across tasks, they often rely on fixed prompts that fail to generalize
across LMs, yielding unrepresentative performance estimates. Unless we approximate each
LM’s ceiling (maximum achievable via changes to the prompt), we risk underestimating
performance. Declarative prompting frameworks, such as DSPy, offer a scalable alternative
to manual prompt engineering by crafting structured prompts that can be optimized per
task. However, such frameworks have not been systematically evaluated across established
benchmarks. We present a reproducible DSPy+HELM framework that introduces structured
prompting methods which elicit reasoning, enabling more accurate LM benchmarking. Using
four prompting methods, we evaluate four frontier LMs across seven benchmarks (gener-
al/medical domain) against existing HELM baseline scores. We find that without structured
prompting: (i) HELM underestimates LM performance (by 4% average), (ii) performance
estimates vary more across benchmarks (+2% standard deviation), (iii) performance gaps are
misrepresented (leaderboard rankings flip on 3/7 benchmarks), and (iv) introducing reasoning
(chain-of-thought) reduces LM sensitivity to prompt design (smaller performance A across
prompting methods). To our knowledge, this is the first benchmarking study to systematically
integrate structured prompting into an established evaluation framework, demonstrating how
scalable performance-ceiling approximation yields more robust, decision-useful benchmarks.
We open-source (i) | DSPy+HELM Integration[l:] and (ii) Prompt Optimization Pipelineﬂ

1 Introduction

Language models (LMs) have rapidly advanced in text generation, spurring deployment across diverse
domains (Thirunavukarasu et al., |2023; Van Veen et al., [2024} Seo et al., |2024)). Yet, integrating LMs
into downstream workflows remains challenging as LMs frequently commit errors (Aali et al.,|2025). Even
state-of-the-art general-purpose frontier LMs exhibit non-trivial hallucination rates (Wang et al. 2024a;
Sivarajkumar et al., 2024} |Bang et al., 2025} |Tamber et al., [2025). Such concerns are compounded by LMs’
sensitivity to prompt design (Razavi et al.l |2025)), introducing variability in leaderboard performance.

While benchmarking frameworks such as Holistic Evaluation of Language Models (HELM) (Liang et al.,
2022; |Bedi et al. 2025) enable holistic evaluation via a comprehensive suite covering diverse tasks, public
leaderboards typically evaluate multiple LMs under a fixed prompt per benchmark. However, fixed prompts
rarely generalize well across LMs, leading to unrepresentative performance estimates that obscure underlying
strengths and weaknesses of LMs. Hence, broader LM adoption necessitates scalable approximation of
performance ceilings (i.e., the maximum achievable via prompt-only changes), thereby allowing practitioners
to weigh cost—benefit tradeoffs and choose the right model for each downstream task.

1 DSPy+HELM Integration: https://anonymous.4open.science/pr/8684
2Prompt Optimization Pipeline: https://anonymous.4open.science/r/dspy-helm


https://anonymous.4open.science/pr/8684
https://anonymous.4open.science/r/dspy-helm
https://anonymous.4open.science/pr/8684
https://anonymous.4open.science/r/dspy-helm
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Figure 1: Pipeline overview. (a) DSPy takes HELM’s baseline prompt and produces structured prompt
variants. (b) HELM evaluates models under each prompt variant. With structured prompting, we observe
more robust evaluation: (i) improved performance, (ii) reduced variance, (iii) altered gaps (flipped rankings).

Prompt engineering has emerged as a practical alternative to fine-tuning. Well-designed prompts improve
performance, as demonstrated by Nori et al.| (2024)); Maharjan et al.| (2024), combining few-shot selection,
chain-of-thought (CoT) (Wei et al. |2022]), and ensembling. However, these methods rely on hand-engineered
prompts, demanding domain expertise and iterative experimentation, making them labor-intensive and often
non-robust to new model rollouts (Wang et al. 2025). Consequently, researchers have explored automatic
prompt optimization (APO) (Li et all [2025), which treats prompt design as an optimization problem.

DSPy (Khattab et all 2023)) is a widely used declarative framework that represents prompts as modular,
parameterized components with an intuitive structure that allows moving from zero-shot prompts to more
adaptive prompting styles all within a single unified system supporting reproducible, structured prompting.
Moreover, DSPy supports automatic prompt optimizers (APOs) such as MIPROv2 (Opsahl-Ong et al.l |2024]),
which can convert high-level task specifications into optimized instructions and few-shot examples.

However, despite the growing use of structured prompting, we lack a systematic evaluation of how these
approaches affect benchmark robustness and performance estimates across established evaluation suites. We
use DSPy as an instantiation of structured prompting and integrate it with HELM (Figure 7 presenting:

1. A reproducible DSPy+HELM framework that introduces structured prompting methods which elicit
reasoning, enabling more robust evaluation of LMs across HELM benchmarks.

2. An evaluation of prompting methods (Zero-Shot, Bootstrap Few-Shot with Random Search, MIPROv2)
against HELM’s baseline across four LMs and seven HELM benchmarks that span general and medical
domains (reasoning, knowledge QA, problem-solving, error-classification), where each prompting
method leverages a distinct mechanism for refining prompts to approximate LM performance ceilings.

3. Empirical evidence that without structured prompting: (i) HELM underestimates LM performance
(by 4% average), (ii) performance estimates vary more across benchmarks (+2% standard deviation),
(iii) performance gaps are misrepresented (leaderboard rankings flip on 3/7 benchmarks), and (iv)
introducing reasoning (CoT) reduces LM sensitivity to prompt design (smaller A across prompts).
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Prompt 1: HELM Baseline

Given a patient note and a clinical question, compute the requested medical value.
Patient Note and Question: —H—M————— —————— —————————

Prompt 2: Zero-Shot CoT

Your input fields are: “INPUTS”
Your output fields are: “REASONING” and “OUTPUT”
Your objective is: Given the fields “INPUTS”, produce the fields “OUTPUT”

INPUTS:

Given a patient note and a clinical question, compute the requested medical value.
Patient Note and Question: —— —

Respond with the corresponding output fields, starting with “REASONING”, then “OUTPUT”.

Prompt 3: BFRS (Few-Shot Optimized)

Your input fields are: “INPUTS”
Your output fields are: “REASONING” and “OUTPUT”
Your objective is: Given the fields “INPUTS”, produce the fields “OUTPUT”

IN-CONTEXT EXAMPLES (K Demos):
INPUTS: <input text> — REASONING: <steps>, OUTPUT: <output text>
INPUTS:

Given a patient note and a clinical question, compute the requested medical value.
Patient Note and Question: —— —

Respond with the corresponding output fields, starting with “REASONING”, then “OUTPUT”.

Prompt 4: MIPROv2 (Instruction + Few-Shot Optimized)

Your input fields are: “INPUTS”

Your output fields are: “REASONING” and “OUTPUT”

Your objective is: You are a highly skilled medical expert working in a busy emergency room. A
patient presents with a complex medical history and concerning symptoms. The attending physician
needs your immediate assistance in calculating a critical risk score to guide treatment decisions. The
patient’s life may depend on your accuracy.

IN-CONTEXT EXAMPLES (K Demos):
INPUTS: <input text> — REASONING: <steps>, OUTPUT: <output text>
INPUTS:

Given a patient note and a clinical question, compute the requested medical value.
Patient Note and Question: ——————————————————————

Respond with the corresponding output fields, starting with “REASONING”, then “OUTPUT”.

Figure 2: Structured prompting methods evaluated in our study (Zero-Shot CoT, BFRS, MIPROv2). Each
box corresponds to one method, showing how instructions and context differ across methods. For BFRS and
MIPROvV2, K denotes the number of in-context demonstrations (Inputs — Reasoning, Output).



Under review as submission to TMLR

Model API Identifier Release = Context Reasoning
Claude 3.7 Sonnet anthropic/claude-3-7-sonnet-20250219 02/19/2025 200k X
Gemini 2.0 Flash  google/gemini-2.0-flash-001 02/01/2025 1000k X
GPT 4o openai/gpt-40-2024-05-13 05/13/2024 128k X
03 Mini openai/o3-mini-2025-01-31 01/31/2025 200k v

Table 1: Language models evaluated in our study. Columns show API identifiers, release dates, maximum
context windows, and native reasoning modes (yes/no). We choose widely used models to evaluate whether
prompting meaningfully affects even top-tier frontier models. All experiments were run in August 2025.

2 Methodology

DSPy (Khattab et al.l [2023)) is a framework for composing modular LM pipelines. Formally, let ® denote a
LM program with m modules. Each module ¢ has a prompt template p; containing a set of variables (open
slots) for the instruction and K demonstration examples. Let V' be the set of all such prompt variables across
®, and let V' — S denote an assignment of each variable v € V' to a concrete string s € S. We write ®y_, g
to denote running program ® under a particular prompt assignment. Given a dataset D = (z,y) of inputs =
with ground-truth y and an evaluation metric p that compares the program’s output ®(z) against y, the
optimization maximizes p over all instructions and demonstrations:

. 1

®* = argmax —; Z u(@vﬂg(x)w). (1)
V=S |D|

(z,y)eD

2.1 Prompting Methods

Baseline Prompting
As a baseline, we evaluate LMs using the following prompting methods:

1. HELM Baseline. HELM supports multiple prompting configurations; we adopt the commonly reported
fixed, zero-shot (hand-crafted) prompt configuration without CoT as the baseline for comparison.

2. Zero-Shot Predict. DSPy’s Zero-Shot Predict configuration is an unoptimized non-adaptive baseline,
which we instantiate with the dspy.Predict module. Each module’s instruction prompt is initialized with
the same HELM baseline instruction, without in-context demonstrations (i.e. K = 0).

Structured Prompting
In addition, we evaluate LMs using the following structured prompting methods (Figure :

1. Zero-Shot CoT. DSPy’s Zero-Shot CoT configuration utilizes the same prompting structure as Zero-Shot
Predict, but instead instantiates the dspy.Chain0fThought module, which elicits step-by-step rationales,
instructing the LM to generate an explicit reasoning trace with the output.

2. BFRS. Bootstrap Few-Shot with Random Search (BFRS) (Algorithm leverages the idea of bootstrapping
and random sampling to select the best few-shot demonstrations (fixed instructions) in two phases: (i)
Bootstrapping demonstrations: the LM program & is run on a subset of training inputs to gather traces
for each module. Whenever the output of ®(z) for an example x achieves a sufficiently high score (on
metric p), the input-output pair is taken as a candidate demonstration. (ii) Random few-shot search: Given
demonstration pools, BFRS randomly samples sets of K demonstrations per module, inserts them into the
module, and evaluates the program on a validation split. After trying N combinations, the program with the
highest score is returned (with hyperparameters K and N).
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Benchmark Input — Output Task Samples
MMLU-Pro Reasoning Question — Answer Multi-Task Reasoning 1,000
GPQA Graduate Question — Answer Graduate-Level QA 446
GSMS8K Math Problem — Solution Numeric Problem-Solving 1,000
MedCalc-Bench Patient Note — Computed Value Computational Reasoning 1,000
Medec Medical Narrative — Errors Error Classification 597
HeadQA Medical Question — Answer USMLE-Style QA 1,000
MedBullets Medical Question — Answer USMLE-Style QA 308

Table 2: HELM benchmarks (publicly available) evaluated in our study. Columns summarize each benchmark’s
input — output mapping, underlying task type, and number of test samples. The benchmarks span reasoning,
knowledge QA, problem-solving, and error-classification tasks across both general and medical domains.

3. MIPROv2. MIPROv2 (Algorithm [2]) is an optimizer that jointly selects instructions and K few-shot
demonstrations via: (i) bootstrapping demos, (ii) grounded instruction proposals from a proposer LM
conditioned on dataset summaries, program structure, exemplar demos, and trial history, and (iii) Bayesian
search over instruction-demo pairs. It treats each configuration v as hyperparameters, learns p(y | v) from
trial outcomes, and steers toward high-scoring regions. For efficiency, candidates are scored on mini-batches of
size B, with periodic full-dataset D evaluations of top contenders; the best full-data configuration is returned
(with hyperparameters instruction text, demo-set, and K).

2.2 Benchmarks

We choose seven benchmarks (Table[2) based on (i) public availability, (ii) task diversity (reasoning, knowledge
QA, problem-solving, error classification), and (iii) domain coverage (general/medical).

MMLU-Pro. MMLU-Pro (Wang et al.| |2024b) is an enhanced version of MMLU that focuses on more
challenging, reasoning-intensive questions. It expands answer choices from four to ten and removes trivial
items, providing a more discriminative measure of higher-order reasoning. The metric u is exact match.

GPQA. GPQA (Rein et al, 2024) is a graduate-level multiple-choice benchmark covering biology, physics,
and chemistry to test advanced reasoning. The metric p is the fraction of correct answers (exact match).

GSMBK. GSMS8K (Cobbe et al., 2021)) consists of grade school math word problems designed to evaluate
reasoning. The task requires computing a final numeric answer, and the metric p is exact match.

MedCalc-Bench. MedCalc-Bench (Khandekar et al. 2024)) is a medical calculation benchmark, where the
input is a patient note and a question asking for a numerical/categorical value. The evaluation metric p is
exact match for the risk, severity, and diagnosis categories, and a within-range correctness check for others.

Medec. Medec (Abacha et al., 2024]) is an error detection and correction benchmark, where each input
contains a narrative that may contain factual errors, and the task is to identify/correct these errors. The
evaluation metric p involves checking how accurately LMs identify whether a note contains an error (binary).

HeadQA. HeadQA (Vilares & Gdémez-Rodriguez, 2019) is a collection of biomedical multiple-choice questions
for testing medical knowledge, where questions cover medical knowledge and often resemble medical board
exams. The performance metric p is exact match between the prediction and the correct option.

MedBullets. MedBullets (Medbullets, 2025) is a benchmark of USMLE-style medical questions with
multiple-choice answers. MedBullets covers broad topics and is designed to reflect the difficulty of medical
licensing exams. Like HeadQA, the primary metric p is exact match accuracy on the correct answer.
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Algorithm 1 BFRS: Bootstrap Few-Shot with Random Search

Require: Seed program ®geeq; train/val sets Dyy, Dya; threshold 7; demos per module Kj; trials R; minibatch

1:

® N S Ty

size B.
Bootstrap: For each (z,y) € Dy: run ®Pgeeq; if p(Pseed(),y) > 7, then for each module i add
(ui(x), @) (ui(2))) to Bi.
Search: For r=1:R:
for i = 1:m do
Sample SZ-(T) + SampleK(B;, K;)
Let v(") ¢ (I5eed, 57 pseed 500,
Draw minibatch BC Dy, with |B| = B; compute Jp(v(") by equation
Select: v* €arg max, J, 5(v("); optionally re-evaluate J(v*) on full Dyg.
Return v* and the resulting ®«.

Algorithm 2 MIPROvV2: Joint Optimization of Instructions & Demos

Require: Train/val sets Dy, Dy,; candidate sizes T; (instructions), K; (demos per module); minibatch size

1:
2:

7
8:
9:
10:
11:

12:

B; escalation period E; TPE quantile ~; trials T
Bootstrap demos: Build {B;}/”; as in equation
Propose instructions: For each 4, sample Z; = {I;
context.
Initialize history Ho ¢ @; best full-eval (v, J1) < (seed, 0).
for t = 1:T do
Fit/update TPE from H;_; to obtain ¢, g in equation
Acquire candidate:

t }tT;'l from proposer LM using task/program-aware

V(t) € arg max @
vel],@ixB{) (v)

Draw minibatch B C Dy, |B| = B, score y® = Jg(v(®).
Append to history: H; < H;—1 U {(v() y®)}.
if t mod E =0 then
Select top-K by running mean; evaluate each on full Dy, to get J(+).
If any J(v) > J' then update (v, JT) < (v, J(v)).
Return v and ®.
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Claude 3.7 Gemini 2.0 GPT o3

Prompting Method Sonnet Flash 40 Mini
HELM Baseline 64.81% + 22.6 61.41% =+ 23.8 61.04% =+ 23.9 70.93% + 19.7
Zero-Shot Predict 65.10% =+ 22.6 61.69% =+ 22.7 59.69% =+ 25.0 73.24% + 20.3
Zero-Shot CoT 69.36% =+ 18.8 66.21% + 20.9 65.67% =+ 22.5 72.73% + 19.7
BFRS 69.34% =+ 19.0 66.19% =+ 21.2 65.87% + 22.9 73.07% + 19.7
MIPROv2 69.80% + 19.0 66.19% + 21.1 65.34% =+ 23.0 73.07% + 19.6
Ceiling — Baseline (A) +4.99% +4.80% +4.83% +2.31%

Table 3: HELM leaderboard (macro-averaged over seven benchmarks) across four language models and
five prompting methods. Green marks the "ceiling" performance for a model (best value across prompting
methods). Entries are reported as the macro-average + standard deviation o over seven benchmarks. At each
model’s ceiling, structured prompting on average leads to +4% in accuracy and —2% in ¢ across benchmarks.

2.3 Experimental Setup

Implementation details. We evaluate four frontier LMs (Table . We initialize each DSPy program
with HELM’s baseline instruction for comparability. DSPy then applies its own standardized prompting
modules, treating the full HELM prompt as input. For BFRS and MIPROv2 optimizers, we follow DSPy’s
data separation: the demonstration pool is bootstrapped ezclusively from the training split, while candidate
prompts are evaluated on a disjoint held-out validation split from the original training partition; neither
optimizer ever sees the HELM leaderboard test set. Each benchmark’s loader creates a fixed train/val
partition (default 90/10 with the same seed), and we cap both bootstrapped and labeled demonstrations at
K < 3 per module. All final scoring is performed via HELM, so outputs are judged identically regardless of
how they were produced. All results reflect single, deterministic runs (temperature = 0), matching HELM’s
experimental setup. For HELM baselines, we report HELM’s public leaderboard scores when the setup
matches ours: (i) identical LM API version, (ii) zero-shot prompting, and (iii) no CoT reasoning. For
benchmarks where the leaderboard setup does not match, we reproduce them with single, deterministic runs.

Metric calculation. To summarize gains, we take the mean of the three structured prompting methods
(Zero-Shot CoT, BFRS, MIPROv2); for each LM, we first macro-average across benchmarks, and then average
the A (absolute % change over baseline) across LMs. The change in variability (o) is reported analogously.

3 Results and Discussion

3.1 Impact of Structured Prompting on HELM Leaderboard

Improved performance over HELM baseline. Structured prompting methods (Zero-Shot CoT, BFRS,
MIPROV2) consistently improve over the HELM baseline (Table . On average, LMs gain +4% in absolute
accuracy. Non-reasoning models benefit most (+5%), while 03 Mini sees smaller but consistent gains (+2%).

Flipped leaderboard rankings. At ceiling, three leaderboard rankings flip. On MMLU-Pro (Table ,
baseline 08 Mini > Claude 3.7 Sonnet (77.1% vs. 76.3%) reverses to Claude 3.7 Sonnet > 03 Mini (80.6% vs.
78.4%). On GSMS8K, GPT jo overtakes Gemini 2.0 Flash, shifting from (81.1% vs. 84.0%) to (90.7% vs.
84.2%). On MedCalc-Bench (Table [5)), baseline 03 Mini > Claude 3.7 Sonnet (34.0% vs. 21.0%) becomes
Claude 3.7 Sonnet > 08 Mini (35.3% vs. 34.7%), highlighting how prompt choice can moderate rankings.

Altered inter-model performance gaps. When evaluated at ceiling performance, models can either
narrow or widen their relative performance gaps, providing a more accurate view of true capability differences.
Averaging across benchmarks, the gap between the top two models (03 Mini and Claude 3.7 Sonnet) shrinks
from 6% at baseline (70.9 vs. 64.8) to 3% (73.2 vs. 69.8). However, this trend is not uniform: on GPQA, the
gap widens substantially, from 0.6% at baseline (57.6 vs. 57.0) to 4.3% at ceiling (68.4 vs. 64.1).
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Claude 3.7 Gemini 2.0 GPT o3
Benchmark Prompting Method Sonnet Flash 40 Mini
HELM Baseline 76.3% + 2.7 66.1% + 3.0 62.2% + 3.0 77.1% + 3.1
Zero-Shot Predict T7.7% + 2.6 70.3% =+ 2.8 60.7% + 31  78.4% +3.1 ]
MMLU-Pro
Zero-Shot CoT 79.7% + 25 75.3% + 2.7 67.6% + 3.0 76.2% + 3.1
BFRS 80.1% + 2.5 75.4% + 2.7 71.1% + 2.8 76.5% + 3.1
MIPROvV2 80.6% + 2.5 75.3% + 2.7 68.7% + 2.9 76.1% + 3.1
HELM Baseline 57.0% + 4.7 53.4% + 4.7 45.5% + 4.7 57.6% + 4.5
Zero-Shot Predict 62.1% + 45 54.5% + 4.7 41.7% + 45 66.6% + 4.3
GPQA
Zero-Shot CoT 61.4% + 4.7 59.2% + 4.5 52.5% =+ 4.7 66.4% + 4.5
BFRS 64.1% + 45 61.0% + 4.5 49.3% + 4.7 65.5% + 4.5
MIPROv2 61.9% + 45 59.0% + 4.5 47.8% + 47 68.4% + 4.3
HELM Baseline 80.5% + 2.5 84.0% + 2.3 81.1% + 2.5 88.6% + 2.0
GSMEK Zero-Shot Predict 83.0% + 2.3 77.3% + 2.6 84.6% + 2.2 93.6% + 1.6
Zero-Shot CoT 83.3% + 2.3 83.1% +24 90.7% +1.81T 92.6% + 1.7
BFRS 83.2% +23 84.2% + 2.3 90.4% +1.9 93.0% =+ 1.6
MIPROvV2 84.0% =+ 2.3 83.5% + 2.3 89.8% + 2.0 93.4% + 1.6

Table 4: HELM leaderboard (general domain) across four language models and five prompting methods.
Green marks the "ceiling" performance for a model (best value across prompting methods). 1 and | indicate a
one-step increase or decrease in leaderboard rank, respectively. Entries are reported as mean + 95% bootstrap
confidence interval. Overall, structured prompting consistently improves the robustness of benchmarks.

Reduced across-benchmark variance. Structured prompting methods reduce dispersion. Across-
benchmark o drops for Claude 3.7 Sonnet (22.6% — 18.8%), Gemini 2.0 Flash (23.8% — 20.9%), and GPT
40 (23.9% — 22.5%), while 08 Mini is unchanged (19.7%), indicating lower sensitivity.

Benchmark-dependent sensitivity. Performance gains vary across benchmarks (Figure [3)). Tasks requiring
reasoning, such as MMLU-Pro, GPQA, GSMS8K, MedCalc-Bench, and MedBullets, show the largest gains
(average +5.5% absolute across models). In contrast, HeadQA and Medec exhibit smaller improvements
(average 4+0.4% absolute across models). We hypothesize that HeadQA is bottlenecked by high baseline
scores (~90%), while Medec likely reflects fundamental limits in the LM’s knowledge base.

Ranking stability analysis. To assess how structured prompting shifts relative rankings, we compute
mean ranks (1 = best, 4 = worst) across all seven benchmarks. Under structured prompting, the ranking
spread compresses: 03 Mini remains the top model but becomes less dominant (1.29 — 1.57), Claude 3.7
Sonnet improves and moves closer to the top (2.29 — 2.00), GPT jo also improves modestly (3.14 — 3.00),
while Gemini 2.0 Flash slightly declines (3.29 — 3.43). Rank standard deviation (o) shows a similar but
more moderate pattern: Claude 3.7 Sonnet (0.95 — 1.15) and GPT 4o (0.90 —) 1.00) become slightly more
volatile, while Gemini 2.0 Flash stabilizes (0.76 — 0.53), and 03 Mini remains roughly unchanged (0.76 —
0.79). Overall, the results demonstrate that leaderboard rankings are not invariant to prompt design.

CoT reduces sensitivity to prompt design. We study the impact of each prompting method on the
leaderboard by averaging results across LMs and benchmarks. Moving from HELM’s baseline to Zero-Shot
Predict yields minimal improvement (64.6% — 64.9%). In contrast, introducing CoT reasoning and moving
from Zero-Shot Predict to Zero-Shot CoT results in substantial gains (64.9% — 68.5%). Interestingly, moving
from Zero-Shot CoT to more sophisticated optimizers, such as BFRS and MIPROv2, does not lead to a
meaningful additional improvement (68.5% — 68.6%), indicating that once CoT is introduced, LMs become
less sensitive to further optimization.
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Claude 3.7 Gemini 2.0 GPT o3
Benchmark Prompting Method Sonnet Flash 40 Mini
HELM Baseline 21.0% + 2.5 15.8% +23 18.8% + 25 34.0% + 3.0
Zero-Shot Predict 20.6% + 2.6 17.0% £ 24  15.7% + 2.3 33.4% + 2.9
MedCalc-Bench
Zero-Shot CoT 35.3% £ 307 26.3% + 2.7 26.6% +28 34.2% + 3.0
BFRS 34.1% + 3.0 252% + 2.7 27.0% + 2.8 34.7% + 3.0
MIPROv2 34.7% + 3.0 25.4% + 2.7 26.8% + 2.8 34.3% + 3.0
HELM Baseline 62.8% + 3.9 59.6% +40 58.0% =+ 3.9 68.7% + 3.9
Med Zero-Shot Predict 58.3% + 3.9 59.3% + 4.0  57.3% + 4.0 68.3% + 3.9
edec Zero-Shot CoT 61.8% + 4.0  59.5% + 40 59.5% + 40  68.2% + 3.9
BFRS 60.5% + 3.9 59.1% + 4.0 59.5% + 40 69.2% =+ 3.7
MIPROv2 62.5% +39 60.8% + 4.0 59.8% + 4.0 68.3% + 3.7
HELM Baseline 91.2% + 1.8 88.0% + 21  90.6% + 1.8 89.3% + 1.9
HeadOA Zero-Shot Predict 88.7% + 2.0 88.5% +21 86.4% +21 90.9% + 1.8
cadQ Zero-Shot CoT 92.2% + 1.7 89.3% £19 90.7% £18  90.0% + 1.9
BFRS 92.0% + 1.8 88.9% +19 91.1% +1.8 90.1% + 1.9
MIPROv2 92.2% + 1.7 89.5% + 20 91.1% + 1.8 89.5% + 2.0
HELM Baseline 64.9% + 5.5 63.0% +55 7T1.1% + 5.2 81.2% + 4.6
Zero-Shot Predict 65.3% + 5.5 64.9% + 5.2 71.4% +5.2 81.5% + 4.2
MedBullets
Zero-Shot CoT 71.8% +52 70.8% +5.2 72.1% +5.2 81.5% + 4.6
BFRS 71.4% + 5.2 69.5% +5.2 T72.7% +52 82.5% + 4.6
MIPROv2 72.7% +£ 5.2 69.8% +52 73.4% +49 81.5% + 46

Table 5: MedHELM leaderboard (medical domain) across four language models and five prompting methods.
Green marks the "ceiling" performance for a model (best value across prompting methods). 1 and | indicate a
one-step increase or decrease in leaderboard rank, respectively. Entries are reported as mean £ 95% bootstrap
confidence interval. Overall, structured prompting consistently improves the robustness of benchmarks.

3.2 Theoretical Insight: ""Why CoT Reduces Sensitivity to Prompt Design"'

We first formalize the effect of CoT on prompt sensitivity. Consider a LM with parameters 6, input x, and
two prompts p and p’ that share the same CoT interface but differ in instructions and/or demonstrationﬂ
Under prompt p, the model samples a full reasoning path 7 (CoT) and then produces a final answer y; i.e.,

Po(r,y | 2,p) = Po(7 | w,p) Po(y | , 7, p)- (2)
The predictive answer distribution under p is obtained by marginalizing over reasoning paths (self-consistency):
Py(y | x,p) =Y Po(7 | 2,p) Paly | ,7,p). (3)

Once a full reasoning path 7 has been generated, the residual dependence of y on the prompt is negligible:
Po(y |z, 7.p) = Py(y |z, 7,p') = Po(y | z,7). (4)

Because all structured prompt variants instruct the LM to output a reasoning trace, once 7 is fixed, small
changes in the instructions/demonstrations do not systematically change the conditional distribution over y:

p— T —y forms a Markov chain given =z, (5)

3Throughout, we fix the decoding temperature and sampling strategy, so that changing p only affects the textual prefix.



Under review as submission to TMLR

Increase in Accuracy over HELM Baseline
Claude 3.7 Sonnet Gemini 2.0 Flash GPT 40 03 Mini

15%

MedCalc-Bench
Medec

0/,) 3SLAIdUY AILANID
% 1 A\

HeadQA
MedBullets

Figure 3: Heat map showing A (increase in accuracy) of each prompting method over HELM’s baseline
(light=small, dark=large). Across four models, x-axis lists prompting methods, y-axis lists benchmarks. All
structured prompting methods exhibit similar improvements, while 08 Mini remains relatively insensitive.

ie,y L pl(x,7). The answer distribution Py(y | x, p) is obtained by passing the path distribution Py (7 | z, p)
through a fixed channel Py(y | , 7). Let ||-||Tv denote total variation distance and Dkt (+||-) Kullback—Leibler
divergence. Because Py(y | x,p) is the image of Py(7 | ,p) under 7 — y, the data-processing inequality yields

||P9(y | xap) - PG(y ‘ x’p,)HTV < HPH(T | 1'7p) - P@(T | I7p/)HTV' (6)
Applying Pinsker’s inequality to the right-hand side gives
1Po(y | 2.0) ~ Poly | 2.0l gy < /% Dra(Bo(r | 2.0) | Po(r | z.0)). (7)

Thus, the extent to which the answer distribution can change under prompt perturbations is upper-bounded
by how much the CoT path distribution changes. For a given prompt p and item x, define the decision margin

m(z;p) = Po(y”* | =,p) — max Polylz,p),  y" =argmaxPy(y | z,p). (8)
We now state a pointwise decision-stability result. Fix x and prompts p,p’. If
|Po(y | 2,p) = Po(y | 2,0))|| oy < 3mlz;p), (9)
then the prediction is invariant:
arg max Py(y | z,p') = arg max Py(y | z,p). (10)

Moreover, a sufficient condition is

Dxu(Py(7 | z,p) || Po(7 | ,p")) < k and m(z;p) > 28 = k/2 <& = equation (11)

Condition El implies that the probability mass on the top-class y* cannot be reduced by more than %m(:z:; D),
while the mass on any competitor cannot be increased by more than the same amount. Hence no competitor
can overtake y*, giving [I0] Inequality [[T] combines the TV bound in [7] with the margin condition [9}

In CoT decoding, Py(y | z,p) can be viewed as a marginalization over possible reasoning paths, which
typically enlarges the margin m(x;p) compared to direct (non-CoT) decoding. At the same time, structured
prompting methods mainly alter instructions and few-shot examples while preserving the CoT interface, so
they primarily act by reweighting Py(7 | x,p) rather than changing the conditional channel Py(y | 2, 7). Once
CoT is enabled, the effective KL divergence between path distributions under different structured prompts is
small enough that equation [11] holds for most items, and further optimization rarely flips decisions except on
near-tied examples. Empirically, this is reflected in our results: moving from non-CoT to Zero-Shot CoT
yields majority gains, while more aggressive optimizers (BFRS, MIPROv2) produce marginal improvements.

10
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Accuracy vs Cost Tradeoff
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Figure 4: Accuracy vs cost tradeoff across prompting methods. Each point represents a model-prompt pair,
with x-axis showing additional prompt tokens (relative to HELM baseline) and y-axis showing macro-averaged
accuracy across benchmarks. Overall, Zero-Shot CoT is the most cost-effective structured prompting method.

3.3 Computational Cost Analysis

We evaluate the inference-time computational cost across prompting methods by examining token usage.
BFRS and MIPROvV2 optimizations are one-time expenses amortized over future runs: DSPy’s documentation
reports that optimization runs range from a few cents to tens of dollars depending on the conﬁgurationﬂ Our
optimization costs match DSPy’s reported range. We therefore focus our analysis on inference-time tokens.

In our setup, the input (e.g., question, patient note) is identical across prompting methods, and outputs are
capped at <200 tokens. As a result, differences in inference cost arise almost entirely from the prompt prefiz
(the instructions and demonstrations prepended to the input). Hence, we quantify the number of additional
prompt tokens relative to the HELM baseline instruction, capturing each prompting method’s overhead.

DSPy introduces a lightweight structured prompt template across all methods, resulting in 138 additional
tokens for Zero-Shot Predict and 164 tokens for Zero-Shot CoT, which further includes a brief reasoning
header. In contrast, BFRS and MIPROV2 insert task-specific demonstrations, producing much larger prompts:
averaged across LMs and benchmarks, BFRS adds 1,779 tokens per query and MIPROv2 adds 1,694.

Figure [4 shows the resulting tradeoff. Few-shot optimizers reach high ceilings but require the largest token
budgets. Zero-Shot CoT captures most of these gains while using minimal additional prompt tokens, making
Zero-Shot CoT the most cost-effective structured prompting method in our study.

4DSPy Optimizer Costs: https://dspy.ai/learn/optimization/optimizers/.
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4 Related Work

Holistic benchmarking. The General Language Understanding Evaluation (GLUE) (Wang et al.; |2018)
benchmark was one of the first multi-task evaluation frameworks, aggregating nine distinct language un-
derstanding tasks. Benchmarks of increasing scale followed: (i) Measuring Massive Multitask Language
Understanding (MMLU) (Hendrycks et al.l 2020), including 57 tasks spanning STEM, humanities, social
sciences, and (ii) Beyond the Imitation Game (BIG-Bench) (Srivastava et al., [2023), with 204 diverse tasks.
The HELM framework is an established standard, designed for transparent, reproducible, and multi-metric
evaluation of model capabilities (Liang et all [2022). However, these benchmarks are typically evaluated
using static prompts. |[Liang et al.|(2022)) note they opt for simple, generic prompts to orient development
"towards generic language interfaces" that do not require "model-specific incantations". This reliance on fixed
prompts, however, risks the underestimation of the true capabilities of LMs. |Srivastava et al.| (2023); [Suzgun
et al.| (2023)) conclude that standard few-shot prompting substantially underestimates the capabilities of LMs.

Prompting methods. The discovery of in-context learning (Brown et al., |2020), where models learn
from n-shot demonstrations, and the breakthrough of chain-of-thought (CoT) prompting (Wei et al.l [2022)
established the important role of prompt design in model performance. Complex, manually-composed
strategies like Medprompt (Nori et al.l |2023), which combine few-shot selection, CoT, and ensembling,
demonstrate that a LM’s performance ceiling often lies higher than with the use of static prompts. Because
manual prompt engineering is impractical for systematically approximating this ceiling, researchers often
frame prompt design as a formal "optimization problem", leading to the field of APO. Early APO methods
include generation-and-selection, such as Automatic Prompt Engineer (APE) (Zhou et al., 2022), which uses
an LM to propose candidate instructions and a separate scoring function to select the best one. Subsequent
systems expanded this search paradigm (Wang et al.| 2023} [Yang et al., [2023; [Singla et al., [2024). These
methods often outperform zero-shot or manually engineered prompts on a variety of general tasks. In the
LM-as-Optimizer paradigm, an LM is instructed to iteratively refine prompts by showing it a trajectory
of previously evaluated candidates and their scores. Other approaches have employed evolutionary search,
like Promptbreeder (Fernando et al., 2024), which treats prompts as "genes" and evolves a population of
instructions over generations using a LM to perform mutation. The DSPy framework (Khattab et al.| [2023)
generalizes these methods, providing a programming model that compiles declarative, multi-stage pipelines.

5 Limitations

First, we focus on widely used frontier LMs rather than open-source models. While this choice highlights that
even strong models remain sensitive to prompt design, it limits the generality of our findings because frontier
LMs differ in training data transparency, accessibility, and reproducibility compared to open-source models.
Second, our benchmarks primarily involve multiple-choice and short-form reasoning tasks, and results may
not generalize to open-ended generation tasks. Third, we evaluate a subset of structured prompting methods
from the DSPy family; alternative frameworks could yield higher ceilings. However, our goal is not to identify
the optimal prompting method, but to demonstrate that fixed-prompt (without CoT) leaderboard evaluations
can systematically underestimate LM performance and often distort model comparisons and rankings.

6 Conclusion

By integrating DSPy with HELM, we empirically approximate LM performance ceilings, obtaining more
representative estimates. Our results show that structured prompting can materially alter benchmark
conclusions, shifting relative LM ordering and improving robustness by reducing sensitivity to arbitrary
prompt choices. Sensitivity is heterogeneous: reasoning LMs show marginal gains, whereas some benchmarks
for non-reasoning LMs benefit more, and gains are largely agnostic to the particular structured prompting
method. The key driver of improvement is the transition from the baseline prompt to any CoT variant,
with Zero-Shot CoT providing the most cost-efficient instantiation. Future public leaderboards should
report performance under multiple structured prompting methods, enabling practitioners to assess achievable
performance across prompting styles and make more informed deployment decisions. Together, we show that
scalable and automated performance-ceiling approximation enables more robust, decision-useful benchmarks.

12



Under review as submission to TMLR

References

Asad Aali, Vasiliki Bikia, Maya Varma, Nicole Chiou, Sophie Ostmeier, Arnav Singhvi, Magdalini Paschali,
Ashwin Kumar, Andrew Johnston, Karimar Amador-Martinez, et al. Medval: Toward expert-level medical
text validation with language models. arXiv preprint arXiv:2507.03152, 2025.

Asma Ben Abacha, Wen-wai Yim, Yujuan Fu, Zhaoyi Sun, Meliha Yetisgen, Fei Xia, and Thomas Lin. Medec:
A benchmark for medical error detection and correction in clinical notes. arXiv preprint arXiv:2412.19260,
2024.

Yejin Bang, Ziwei Ji, Alan Schelten, Anthony Hartshorn, Tara Fowler, Cheng Zhang, Nicola Cancedda, and
Pascale Fung. Hallulens: Llm hallucination benchmark. arXiv preprint arXiv:2504.17550, 2025.

Suhana Bedi, Hejie Cui, Miguel Fuentes, Alyssa Unell, Michael Wornow, Juan M. Banda, Nikesh Kotecha,
Timothy Keyes, Yifan Mai, Mert Oez, et al. Medhelm: Holistic evaluation of large language models for
medical tasks. arXiv preprint arXiv:2505.23802, 2025. URL https://arxiv.org/abs/2505.23802.

Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda Askell, et al. Language models are few-shot learners.
Adwvances in neural information processing systems, 33:1877-1901, 2020.

Karl Cobbe, Vineet Kosaraju, Mohammad Bavarian, Mark Chen, Heewoo Jun, Lukasz Kaiser, Matthias
Plappert, Jerry Tworek, Jacob Hilton, Reiichiro Nakano, Christopher Hesse, and John Schulman. Training
verifiers to solve math word problems. arXiv preprint arXiv:2110.14168, 2021.

Chrisantha Fernando, Dylan Sunil Banarse, Henryk Michalewski, Simon Osindero, and Tim Rocktéschel.
Promptbreeder: Self-referential self-improvement via prompt evolution. In Forty-first International
Conference on Machine Learning, 2024.

Dan Hendrycks, Collin Burns, Steven Basart, Andy Zou, Mantas Mazeika, Dawn Song, and Jacob Steinhardt.
Measuring massive multitask language understanding. arXiv preprint arXiv:2009.03300, 2020.

Nikhil Khandekar, Qiao Jin, Guangzhi Xiong, Soren Dunn, Serina Applebaum, Zain Anwar, Maame Sarfo-
Gyamfi, Conrad Safranek, Abid Anwar, Andrew Zhang, et al. Medcalc-bench: Evaluating large language
models for medical calculations. Advances in Neural Information Processing Systems, 37:84730-84745,
2024.

Omar Khattab, Arnav Singhvi, Paridhi Maheshwari, Zhiyuan Zhang, Keshav Santhanam, Sri Vardhamanan,
Saiful Haq, Ashutosh Sharma, Thomas T Joshi, Hanna Moazam, et al. Dspy: Compiling declarative
language model calls into self-improving pipelines. arXiv preprint arXiv:2310.03714, 2023.

Wenwu Li, Xiangfeng Wang, Wenhao Li, and Bo Jin. A survey of automatic prompt engineering: An
optimization perspective. arXiv preprint arXiv:2502.11560, 2025.

Percy Liang, Rishi Bommasani, Tony Lee, Dimitris Tsipras, Dilara Soylu, Michihiro Yasunaga, Yian Zhang,
Deepak Narayanan, Yuhuai Wu, Ananya Kumar, et al. Holistic evaluation of language models. arXiv
preprint arXiv:2211.09110, 2022.

Jenish Maharjan, Anurag Garikipati, Navan Preet Singh, Leo Cyrus, Mayank Sharma, Madalina Ciobanu,
Gina Barnes, Rahul Thapa, Qingqing Mao, and Ritankar Das. Openmedlm: prompt engineering can
out-perform fine-tuning in medical question-answering with open-source large language models. Scientific
Reports, 14(1):14156, 2024.

Medbullets. Medbullets. https://step2.medbullets.com/, 2025. Accessed 2025-08-25.

Harsha Nori, Yin Tat Lee, Sheng Zhang, Eric Horvitz, et al. Can generalist foundation models outcompete
special-purpose tuning? case study in medicine. arXiv preprint arXiw:2811.16452, 2023. doi: 10.48550/
arXiv.2311.16452. URL https://arxiv.org/abs/2311.16452.

13


https://arxiv.org/abs/2505.23802
https://step2.medbullets.com/
https://arxiv.org/abs/2311.16452

Under review as submission to TMLR

Harsha Nori, Naoto Usuyama, Nicholas King, Scott Mayer McKinney, Xavier Fernandes, Sheng Zhang, and
Eric Horvitz. From medprompt to ol: Exploration of run-time strategies for medical challenge problems
and beyond. arXiv preprint arXiv:2411.03590, 2024.

Krista Opsahl-Ong, Michael J Ryan, Josh Purtell, David Broman, Christopher Potts, Matei Zaharia, and
Omar Khattab. Optimizing instructions and demonstrations for multi-stage language model programs.
arXiv preprint arXiw:2406.11695, 2024.

Amirhossein Razavi, Mina Soltangheis, Negar Arabzadeh, Sara Salamat, Morteza Zihayat, and Ebrahim
Bagheri. Benchmarking prompt sensitivity in large language models. In Furopean Conference on Information
Retrieval, pp. 303-313. Springer, 2025.

David Rein, Betty Li Hou, Asa Cooper Stickland, Jackson Petty, Richard Yuanzhe Pang, Julien Dirani,
Julian Michael, and Samuel R Bowman. Gpqa: A graduate-level google-proof q&a benchmark. In First
Conference on Language Modeling, 2024.

Junhyuk Seo, Dasol Choi, Taerim Kim, Won Chul Cha, Minha Kim, Haanju Yoo, Namkee Oh, YongJin Yi,
Kye Hwa Lee, and Edward Choi. Evaluation framework of large language models in medical documentation:
Development and usability study. Journal of Medical Internet Research, 26:€58329, 2024.

Somanshu Singla, Zhen Wang, Tianyang Liu, Abdullah Ashfaq, Zhiting Hu, and Eric P Xing. Dynamic
rewarding with prompt optimization enables tuning-free self-alignment of language models. arXiv preprint
arXiv:2411.08738, 2024.

Sonish Sivarajkumar, Mark Kelley, Alyssa Samolyk-Mazzanti, Shyam Visweswaran, and Yanshan Wang. An
empirical evaluation of prompting strategies for large language models in zero-shot clinical natural language
processing: algorithm development and validation study. JMIR Medical Informatics, 12:€55318, 2024.

Aarohi Srivastava, Abhinav Rastogi, Abhishek Rao, Abu Awal Md Shoeb, Abubakar Abid, Adam Fisch,
Adam R Brown, Adam Santoro, Aditya Gupta, Adria Garriga-Alonso, et al. Beyond the imitation game:
Quantifying and extrapolating the capabilities of language models. Transactions on machine learning
research, 2023.

Mirac Suzgun, Nathan Scales, Nathanael Schérli, Sebastian Gehrmann, Yi Tay, Hyung Won Chung, Aakanksha
Chowdhery, Quoc Le, Ed Chi, Denny Zhou, et al. Challenging big-bench tasks and whether chain-of-thought
can solve them. In Findings of the Association for Computational Linguistics: ACL 2023, pp. 13003-13051,
2023.

Manveer Singh Tamber, Forrest Bao, Chenyu Xu, Ge Luo, Suleman Kazi, Minseok Bae, Miaoran Li, Ofer
Mendelevitch, Renyi Qu, and Jimmy Lin. Benchmarking llm faithfulness in rag with evolving leaderboards.
In Proceedings of the 2025 Conference on Empirical Methods in Natural Language Processing: Industry
Track, pp. 799-811, 2025.

Arun James Thirunavukarasu, Darren Shu Jeng Ting, Kabilan Elangovan, Laura Gutierrez, Ting Fang Tan,
and Daniel Shu Wei Ting. Large language models in medicine. Nature medicine, 29(8):1930-1940, 2023.

Dave Van Veen, Cara Van Uden, Louis Blankemeier, Jean-Benoit Delbrouck, Asad Aali, Christian Bluethgen,
Anuj Pareek, Malgorzata Polacin, Eduardo Pontes Reis, Anna Seehofnerové, et al. Adapted large language

models can outperform medical experts in clinical text summarization. Nature medicine, 30(4):1134-1142,
2024.

David Vilares and Carlos Gémez-Rodriguez. Head-qa: A healthcare dataset for complex reasoning. arXiv
preprint arXiv:1906.04701, 2019.

Alex Wang, Amanpreet Singh, Julian Michael, Felix Hill, Omer Levy, and Samuel Bowman. Glue: A
multi-task benchmark and analysis platform for natural language understanding. In Proceedings of the 2018
EMNLP workshop BlackboxNLP: Analyzing and interpreting neural networks for NLP, pp. 353-355, 2018.

14



Under review as submission to TMLR

Li Wang, Xi Chen, XiangWen Deng, Hao Wen, MingKe You, WeiZhi Liu, Qi Li, and Jian Li. Prompt
engineering in consistency and reliability with the evidence-based guideline for llms. NPJ digital medicine,
7(1):41, 2024a.

Xinyuan Wang, Chenxi Li, Zhen Wang, Fan Bai, Haotian Luo, Jiayou Zhang, Nebojsa Jojic, Eric P Xing,
and Zhiting Hu. Promptagent: Strategic planning with language models enables expert-level prompt
optimization. arXiv preprint arXiv:2310.16427, 2023.

Yubo Wang, Xueguang Ma, Ge Zhang, Yuansheng Ni, Abhranil Chandra, Shiguang Guo, Weiming Ren,
Aaran Arulraj, Xuan He, Ziyan Jiang, et al. Mmlu-pro: A more robust and challenging multi-task language
understanding benchmark. Advances in Neural Information Processing Systems, 37:95266-95290, 2024b.

Zifeng Wang, Hanyin Wang, Benjamin Danek, Ying Li, Christina Mack, Luk Arbuckle, Devyani Biswal,
Hoifung Poon, Yajuan Wang, Pranav Rajpurkar, et al. A perspective for adapting generalist ai to specialized
medical ai applications and their challenges. npj Digital Medicine, 8(1):429, 2025.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny Zhou, et al.
Chain-of-thought prompting elicits reasoning in large language models. Advances in neural information
processing systems, 35:24824-24837, 2022.

Chengrun Yang, Xuezhi Wang, Yifeng Lu, Hanxiao Liu, Quoc V Le, Denny Zhou, and Xinyun Chen. Large
language models as optimizers. In The Twelfth International Conference on Learning Representations,
2023.

Yongchao Zhou, Andrei Ioan Muresanu, Ziwen Han, Keiran Paster, Silviu Pitis, Harris Chan, and Jimmy Ba.
Large language models are human-level prompt engineers. In The eleventh international conference on
learning representations, 2022.

15



Under review as submission to TMLR

Appendix
A Bootstrap Few-Shot with Random Search (BFRS)

Problem setup. Let ® be a LM program with m modules {®;}" ,, each parameterized by
(

i) an instruction
string I; € Z; and (ii) an ordered list of K; few-shot demonstrations S; = [(ugl) v(l)), N (7} )

v, 9 uf)] drawn
from a module-specific pool B;. Write the prompt configuration as v=(11,S51,...,1,S,) € V, and define

the end-to-end score on (z,y) as u(®y(x),y) € [0,1]. Given train/validation splits Dy, Dyal, the objective is

I = == Y u(@u(@)). (12)

(I,y) 6[)val

.
)

|Dva1‘

Bootstrapping demonstration pools. BFRS constructs candidate demo pools {B;}; via rejection
sampling with a seed program ®geeq (typically zero-shot):

B = { (ui(z), 0i(z)) ’ (2,y) € Dy, N((I)seed(x)ay) > 7, 0i(x) = (Piged(u,(x))}, (13)

where u;(x) denotes input to module ¢ induced by running ®geeq on z, and T €0, 1] is an acceptance threshold.

Random search over few-shots. With instructions fixed at I; =1:°*d, BFRS draws R candidates
S ~ SampleK(B;, K;) and v = (Izeed, 5 pseed gy (14)

evaluates J; B(v(r)) on a size-B minibatch of Dy,

T = 5 Y (@), (15)

(z,y)EBCDyal

and returns the best v* €argmax,¢[g fB( (T)); optionally, v* is re-scored on the full Dy, . Since p€[0,1],
Hoeffding implies |J5(v) — J(v)| < 4/ 1’](2/5) with prob. > 1 — 4.

B MIPROv2

Search space and objective. As in v = (I1,51,...,Im, Sm) parameterizes ® and J(v) is defined
in equation MIPROvV2 jointly searches over instructions and few-shot demos by (a) bootstrapping
demo candidates {B;}, (b) proposing instruction candidates {Z;} via a proposer LM, and (c) using Bayesian
Optimization (BO) with a Tree-structured Parzen Estimator (TPE) surrogate to choose v.

Initialization (proposal sets). For each module i, construct

B; by bootstrapping as in equation Z = {Ii(l), ... ,Ii(T") I3
~— ~—
demo sets instruction set

t)

where Ii( ~ q;(+ | ctx;) are sampled by the proposer LM given context ctx;.

Bayesian surrogate via TPE. Maintain a history H; = {(v(®),4())}¢_, of tried configurations and noisy
scores y®) = Jp_(v(*)) from minibatches. Let y* be the y-quantile of {y*)}¢_, (e.g., y=0.2). TPE models

(v) = pv]y<y’), gv) = p(v]y>y"), (16)

and proposes v to maximize the ratio £(v)/g(v) (improvement proxy). With categorical choices per module,
TPE factorizes v across modules/slots and estimates equation 16| from H; by smoothed frequency models.

Noisy validation and escalation. Each candidate v is scored on a minibatch B of size B by equation
Every E trials, the current top-K candidates (by posterior mean or running average) are escalated to full-Dyy,;
evaluation; the best full-eval configuration vl to date is tracked and returned at the end. Concentration of
Jp to J is controlled by B (Hoeffding bound as above).
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