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Abstract

Existing prompt optimization methods often
improve prompts for a specific task or deploy-
ment setting, but their optimized prompts trans-
fer poorly to new tasks and usually require re-
optimization. We propose Prompting to Prompt
(PTP), a framework that learns meta-templates
as structured intermediate representations for
reusable prompt construction. PTP decom-
poses prompts into transferable elements and
optimizes them with LL.M-generated textual
gradients. Its inner loop refines task-specific
prompts from natural-language feedback and
an element list, while its outer loop abstracts
structural changes across tasks to update the
meta-template. The learned meta-template
is then reused for task-level and query-level
prompt generation, reducing the need to rerun
full prompt optimization for each target setting.
Experiments on six benchmarks show gains in
both offline transfer and test-time deployment
settings, with improvements up to 10.52 points
on Arena-Hard.

1 Introduction

Large language models (LLMs) excel in various
NLP tasks (Zhao et al., 2023; Bubeck et al., 2023;
Li et al., 2025a; Brown et al., 2020), but traditional
task-specific model tuning is computationally ex-
pensive and impractical for large models. Prompt
engineering offers an efficient alternative (Shin
et al., 2020; Tang et al., 2025; Trivedi et al., 2025),
yet minor prompt variations can drastically affect
outputs (Lu et al., 2022; Sclar et al., 2024; Zheng
et al., 2024a; He et al., 2025; Madaan et al., 2023).
Manual prompt design often relies on extensive
trial-and-error and domain expertise, making it
resource-intensive and challenging to scale. To
address these limitations, automated prompt engi-
neering has been proposed to replace manual ef-
forts, enabling LL.Ms to generate more effective
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responses (Cui et al., 2025; Yan et al., 2025; Agar-
wal et al., 2024; Ramnath et al., 2025).

While some prompt optimization methods rely
on access to internal state variables of the
LLM (Lester et al., 2021; Shin et al., 2020), practi-
tioners typically interact with LLMs through APIs,
where such access is unavailable. To address this,
existing methods broadly include offline task-level
prompt optimization and deployment-time prompt
rewriting. Offline optimization (Pryzant et al., 2023;
Guo et al., 2024; Opsahl-Ong et al., 2024) refines
system prompts for specific tasks using existing
datasets. While effective in closed environments,
these prompts often overfit and fail to general-
ize to new tasks. Deployment-time prompt rewrit-
ing (Cheng et al., 2024; Zheng et al., 2024b) dy-
namically enhances user prompts during inference
using auxiliary models trained on paired datasets.
Although flexible, this approach requires additional
model training and exhibits limited transferability
to new domains. Hybrid methods (Zhang et al.,
2025) combine offline system-prompt optimization
with dynamic user-prompt enhancement at deploy-
ment. While improving runtime performance to
some extent, they still face challenges in cross-task
generalization and reusability.

Our test-time setting is different from meth-
ods that optimize or adapt prompts during de-
ployment. PTP performs no test-time training,
feedback-driven search, or per-query parameter
adaptation. Instead, a meta-template learned once
offline is used for test-time query-level prompt in-
stantiation, which requires only a single generation
step and can be reused across tasks and model fam-
ilies.

Despite recent advancements, prompt optimiza-
tion still lacks a clear mechanism for transferring
optimized prompt knowledge from source tasks
to target tasks. In this paper, transferability refers
to applying prompt structures learned from one or
more source tasks to new tasks or queries without
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Task Description
Causal Judgment. .. determine how a typical person would
answer .. 7

Meta-Template

**Role Definition:x*
You are a highly specialized {role description}, with ..

**xBackground: **

Prompt
**Role Definition:#*x
You are a highly specialized

Your task is to solve .. 7 @

Solution
To answer the question about
causation in the context of the
machine and the wires, let’s
break down the scenario step by
step.

#HHt Step 1: Understanding the
Setup .

#HHE Step 2: Analyzing the

The current situation is as follows: {background ..

problem-solving expert with ..
[::i **Background : %

The current situation is ..

**Task Description:**

Situation ..

*xTask Description:*x
Your task is to complete the following: ..

*#xSpecific Requirements:**

1.%*Accuracy and Professionalismx*: ALl responses .. 7 &

User Query

How would a typical person answer ..
Did the black wire cause the short
circuit?

Options: - Yes - No

#HH# Step 3: Causation Analysis ..
#HH Step 4: Conclusion ..

##H Final Answer

— **xNo**, the black wire did not
cause the short circuit ..

Figure 1: An example of model questioning based on the PTP method under the offline setting. Given a task
description and a query as input, PTP generates the solution by instantiating a meta-template.

rerunning full prompt optimization on target-task
training data. This limitation manifests in two key
aspects:

1) Insufficient Cross-task Performance: Existing
methods are highly dependent on task-specific data
and configurations, leading to performance degra-
dation when moved to new tasks.

2) Limited Reusability Efficiency: Optimized
prompts are typically one-off solutions, lacking
mechanisms for reuse across offline optimization
and test-time query-level instantiation scenarios.

Most existing studies focus primarily on enhanc-
ing single-task performance, paying limited atten-
tion to prompt reuse across multiple tasks. This
motivates a transferable framework that supports
both offline task-level optimization and test-time
query-level prompt instantiation.

In this paper, we propose Prompting to Prompt
(PTP), a meta-template optimization framework de-
signed to enhance prompt transferability. The core
idea of PTP is to introduce a meta-template—a
structured intermediate representation that decom-
poses prompts into transferable elements—and use
it to guide a generalizable optimization mechanism.
PTP supports both offline training and test-time
query-level prompt instantiation without requir-
ing task-specific retraining. During training, PTP
adopts a bi-level optimization strategy: 1) Inner
Loop: Uses LLM-generated textual gradients and
a prompt element list to perform semantic-level re-
finement and restructuring of prompts. Unlike con-
ventional string-level tuning, this allows for struc-
tural improvements and expressive prompt variants.
2) Outer Loop: Analyzes structural differences be-
tween pre- and post-optimization prompts to iden-
tify transferable patterns, during which the element
list is also leveraged to optimize prompt compo-
sition. This step adjusts the meta-template struc-
ture and improves cross-task adaptability by accu-
mulating reusable prompt knowledge. In deploy-

ment, PTP can generate task-level or query-specific
prompts without additional training. Leveraging
the learned meta-templates, PTP can quickly adapt
to new tasks and dynamically generate enhanced
prompts based on user input.

Our contributions are summarized as follows:
1) We introduce a learnable meta-template repre-
sentation that decomposes prompts into reusable
structural elements for transferable prompt opti-
mization.
2) We design a bi-level textual-gradient optimiza-
tion procedure that refines task-specific prompts
in the inner loop and updates transferable meta-
template structures in the outer loop.
3) We evaluate PTP in offline cross-task transfer
and test-time query-level prompt instantiation set-
tings across multiple benchmarks and LL.Ms. Re-
sults show that PTP improves over competitive
prompt-optimization baselines, with gains up to
10.52 points on Arena-Hard.

2 Related Work

2.1 Prompt Engineering

Compared to resource-intensive fine-tuning,
prompt engineering adjusts only inputs without
modifying parameters. However, manual design
requires expert knowledge and lacks cross-model
transferability (Li et al., 2025c¢), driving interest
in automatic methods (Zhang et al., 2023b; Shum
et al., 2023; Guo et al., 2024).

Automatic prompt engineering divides into soft
and hard approaches. Soft methods (Lester et al.,
2021; Qin and FEisner, 2021) optimize continuous
embeddings via gradient descent but become im-
practical at scale due to computational costs and
API restrictions. Hard methods (Chung et al., 2024;
Pryzant et al., 2023; Zhao et al., 2025) use discrete
textual instructions, offering better interpretability,
flexibility, and API compatibility. We adopt the
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hard approach.

2.2 Hard Prompt Engineering

Recent work can be classified into offline prompt
optimization and deployment-time prompt rewrit-
ing. Offline methods refine task-specific prompts
before deployment, including: APE (Zhou et al.,
2023) uses Monte Carlo search to select high-
performing variants; ProTeGi (Pryzant et al., 2023)
employs beam search with natural language gra-
dients; OPRO (Yang et al., 2024) uses LLMs as
optimizers to generate candidate prompts condi-
tioned on a fixed meta-prompt containing historical
optimization traces. Deployment-time rewriting
methods refine prompts dynamically during infer-
ence: BPO (Cheng et al., 2024) rewrites inputs
using preference data; PAS (Zheng et al., 2024b)
enhances prompts with contextual guidance. Hy-
brid approaches like P3 (Zhang et al., 2025) com-
bine both strategies, optimizing system prompts
offline while supporting dynamic enhancement at
deployment. Despite this progress, most methods
optimize prompts at the task or query level rather
than treating prompt structure as a reusable ob-
ject to be learned. This leaves a gap between im-
proving a prompt for one setting and extracting
prompt knowledge that can be reused in another
setting. PTP addresses this gap with learnable meta-
templates: unlike OPRO’s fixed meta-prompt, the
meta-template is the optimization target itself and
captures task-agnostic structural priors through bi-
level optimization. This supports both offline adap-
tation and plug-and-play deployment across diverse
tasks.

3 Method

3.1 Preliminary

3.1.1 Objectives of Prompt Engineering:

Consider datasets D = {(D;, C;)}, where D; =
{(wij, yiz) }jL, refers to the dataset for task i(i =
1,2,...,n). Each D; consists of pairs of questions
x;; and their corresponding answers y;;. C; is the
task description associated with D;. Given a black-
box task LLM M, (e.g., ChatGPT) that gener-
ates responses with input questions x;; from D;,
the goal of prompt optimization is to identify the
optimal prompt P* that maximizes the expected
average task-specific score over D;, denoted by the

scoring function ¢;(+). This can be formalized as:

P* = arg m}g«XE(CEiyyij)NDi [

(1
& (Mtask(xij; P), ,%'j)]

3.1.2 Meta Prompting & Meta-Template:

Traditional prompt design methods, such as Chain-
of-Thought (CoT) Prompting (Wei et al., 2022),
often struggle with deep reasoning for complex
tasks and lack flexibility and generalization for new
tasks.

Meta Prompting (Zhang et al., 2023a) demon-
strates that prompt structures, independent of task-
specific content, can already support a degree of
cross-task generalization. By aligning tasks with
systematically designed prompt forms, it highlights
the importance of structural regularities in facilitat-
ing transfer across tasks. Extending this idea, meta-
templates build on such inherent generalization by
introducing a learning-based mechanism to induce
structural patterns from data. Rather than relying
on fixed or handcrafted formats, meta-templates
capture higher-level abstractions that are optimized
through experience, thereby enhancing the robust-
ness and scalability of cross-task transfer. This
data-driven extension retains the generalization ca-
pacity of Meta Prompting while further improving
adaptability in task-level and query-level settings.

3.1.3 Meta-Learning & Bi-level Optimization:

As a method for optimizing the meta-template,
we draw inspiration from meta-learning, often de-
scribed as “learning how to learn.” Designed to
improve multi-task generalization by leveraging
knowledge across diverse task distributions, meta-
learning employs a bi-level optimization process:
the inner loop adapts to specific tasks, while the
outer loop refines global meta-knowledge to en-
hance performance across tasks. This approach,
exemplified by frameworks like Model-Agnostic
Meta-Learning (MAML) (Finn et al., 2017), of-
fers a strong foundation for learning transferable
meta-templates that adapt efficiently in multi-task
scenarios.

3.2 Overview

Our PTP method introduces a framework to in-
corporate meta-learning based on meta prompt-
ing, as shown in Figure 2. Unlike prior meth-
ods (Yang et al., 2024; Pryzant et al., 2023) that
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Figure 2: Overview of the proposed method. Given a dataset D, an initial meta-template 7', and a static element list
©—curated from prompt engineering best practices—our framework employs a bi-level optimization to refine 7'
into 7”. In both the outer loop (updating T") and the inner loop (optimizing its instantiated form P), elements are
iteratively sampled from © to guide structural refinement. At inference time, 7" is used to construct prompts in two
scenarios: task-level prompting for offline settings, combining task descriptions with 7”; and test-time query-level
prompt instantiation, composing user queries with 7”. In both cases, the resulting prompts are fed into an LLM for

downstream inference.

focus on individual prompts, PTP learns a trans-
ferable meta-template 7" from task-specific meta-
prompts P. This structural flexibility allows PTP
to identify common patterns, enhancing its trans-
ferability across multi-task settings. PTP employs
a bi-level optimization process: the inner loop fine-
tunes task-specific prompts, while the outer loop
refines T' by learning a general paradigm across
tasks from inner-loop optimization results.

The initial meta-template contains only
role-defining elements, while the remainder—
comprising task-relevant structural patterns and
transferable prompt components—is progressively
learned and incorporated through optimization. To
support meta-template construction, we use an
element list ©—a pool of fundamental prompt
components (detailed in Appendix F.1)—as a
repository for constructing and refining 7". Overall,
given dataset D = {(D;, C;)}, element list ©, and
initial meta-template 7" as input, PTP extends Eq. 1
into a new optimization objective:

T" = arg max B(wij i) ~Di [
ei(Muask (zij; Po(T, 0, Cy)), yij) |

where P;(T,0,C;) denotes the task-specific
prompt instantiated from 7', © and C;. The op-
timization is performed by an advanced prompt
optimizer My (e.g., GPT-4), which generates zex-
tual gradients (Pryzant et al., 2023; Yiiksekgoniil

2

et al., 2025)—mnatural-language feedback analo-
gous to numeric gradients that indicate directions
for prompt improvement—to optimize 7.

Distinct from ProTeGi (Pryzant et al., 2023) that
primarily summarizes errors, PTP employs two lev-
els of textual gradients: (1) the inner-loop behavior
textual gradient gp, which encodes task-specific
feedback for P; and further suggests structural edits
over O (including additions, deletions, and modi-
fications), and (2) the outer-loop structural textual
gradient gg, which abstracts cross-task patterns
by contrasting pre- and post-optimized prompts to
guide meta-template revisions based on ©. The
prompts used during the optimization phase are
provided in Appendix F.

The following sections detail the inner and outer
loops.

3.3 Inner Loop

For each task 7, the meta-template 7' is instanti-
ated into an initial task-specific prompt P? under
the task description C; using an instantiation LLM
Mins:

PO = Mins(Ta Ci;pins)

(2

3

Here, piys is the instantiation prompt that Mg
requires to generate the task-specific prompt Pio.
During each iteration ¢, the current prompt Pf‘l,
combined with the input question z;, is used to
query the task LLM Mj,s, producing predictions

1190



Algorithm 1 PTP Algorithm

Require: Dataset D = {(z,y), C'}, Initial Meta-Template
T, Element List ©
1: for k < 1 to Kouer + 1 do
2 Instantiate 7" with current tasks: Eq.3;
3: for t < 1 to Kimer + 1 do
4. Generate predictions ¥;
5 Evaluate ¢ and generate incorrect example set: Eq.
4;

6: Yield behavioral textual gradient: Eq. 5;

7: Refine instantiated prompts: Eq. 6;

8: Select refined prompts via beam search; {See
Alg. 2}

9:  end for

10:  Generate structural textual gradient: Eq. 7;

11: Refine the meta-template: Eq. 8;

122 T« T

13: end for

14: T* <+ T,

15: return Optimal Meta-Template 7™

;. These predictions are then evaluated against the
ground truth y; with score function ¢;(-). Errors
identified in the evaluation are collected into a set
of incorrect examples B¢~

Btfl

< Select ({(z,4,9) | e(g,9) <7}) 4

where 7 is a threshold for selecting incorrect ex-
amples. To refine the prompt, the optimizer My
takes the previous task-specific prompt Pit_l, the
error set B!, and the element list ©, guided by
the instructive prompt perr, and produces behavioral
textual gradients ggl

953_1 opt (Pit_la Bt717 ©; perr) ©)

These behavioral textual gradients ggl contain
insights on prediction errors and element-level edit-
ing suggestions for improving the prompt. Guided
by pgg{er , Mop leverages ggl to refine Pf*1 by
performing structural modifications—adding, re-
moving, or revising elements—yielding a series of
updated prompts P}:

Pl = My (P71, 647! (6)

1nner)
)

opt
By referencing the element list O, this refinement
guides the prompt optimization toward meaningful
structural and element-level modifications, ensur-
ing systematic and directed improvements.
Following ProTeGi (Pryzant et al., 2023), we
apply beam search to select the most promising
candidates and use them to initialize the next op-
timization step. Specifically, at each iteration £,
multiple candidate prompts P! (from Eq. 6) are
evaluated on the validation set, retaining only the

E Prompt Generation Process Inference Stage
: Query (2]

Meta-
Template

Description

m@-m

Myask

Mins

Prompt Generation Process

i
{

— )/ '
Prumpl Soluuom '

(b) Online & Query-level

Inference Stage

Query .

Meta
Templ ate

Figure 3: Application pipeline of PTP. First, instantiation
LLM M, generates prompts based on the meta-template
and task description/user query. These prompts are then
input into Task LLM M,y to produce solutions.

top-b candidates (beam width b) based on their val-
idation scores ¢;(+). Details are provided in Algo-
rithm 2 (Appendix B). This inner-loop adaptation
is repeated for a fixed number of iterations K (typ-
ically a small constant). After K iterations, the
refined prompt PZ.K converges to an approximately
optimal task-specific prompt P;": PiK ~ P;.

3.4 Outer Loop

In contrast to the inner loop, which produces be-
havioral gradients from incorrect examples, the
outer loop derives structural gradients by compar-
ing prompts before and after inner-loop refinement.
Specifically, it analyzes the changes from the initial
prompt Pf to the refined prompt PiK , attributing
improvements in task performance to structural
modifications. Guided by the element list ©, this
process generates the structural textual gradient:

(M

where pgir is an instructive prompt guiding M to
generate the structural gradient.

Similarly, the structural textual gradient gg
guides updates to the meta-template 7'. Structural
patterns or elements that consistently improve per-
formance are reinforced, while less effective ones
are pruned. The meta-template is updated as:

9s = Mo (P, P}, ©; pair)

T = Mopt(Ta gs’pggier) (8)

Through iterative meta-training, 7" gradually con-
verges toward an optimal meta-template 7™ that
encodes generalizable structural priors for prompt
construction across tasks: 7" ~ T*

The pseudo code of PTP is shown in Algo-
rithm 1.
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3.5 Offline Optimization and Test-Time
Instantiation

In the offline setting (Figure 3(a)), each new task
undergoes a single inner-loop adaptation using 1’
to generate a task-specific prompt P;, which the
LLM uses to infer solutions based on user queries.
At test time, the learned meta-template is instan-
tiated in a single step conditioned on the query
to produce a prompt for inference. This process
performs no training, feedback-driven search, or
parameter adaptation at deployment. By encoding
transferable prompt structures, 1" enables effective
prompts with one instantiation step, avoiding ex-
tra training (Cheng et al., 2024) or query-specific
augmentation models (Zheng et al., 2024b).

4 Experiments

4.1 Experimental Setup

Datasets. Our evaluation covers six represen-
tative benchmark suites: mathematical reason-
ing via GSMS8K (Cobbe et al., 2021) and
MATH (Hendrycks et al., 2021), diverse sym-
bolic and logical tasks from Big-Bench Hard
(BBH) (Suzgun et al., 2023), as well as open-
ended instruction-following environments includ-
ing Arena-Hard (Li et al., 2025b), Alpaca-Eval
2.0 (Li et al, 2023), and Alpaca-Eval 2.0
LC (Dubeois et al., 2024). For BBH, we select 8
representative tasks spanning diverse domains and
reasoning types: Causal Judgment (CJ), Hyperba-
ton (HB), Logical Deduction Seven Objects (LD),
Multistep Arithmetic Two (MA), Navigate (Nav),
Reasoning About Colored Objects (CO), Track-
ing Shuffled Objects Five Objects (Track-5), and
Tracking Shuffled Objects Seven Objects (Track-7).
These datasets collectively cover arithmetic rea-
soning, symbolic problem solving, complex task
understanding, and general-purpose alignment eval-
uation. More details about datasets are shown in
Appendix C.

Comparison Methods & Baselines. To assess
the effectiveness of PTP, we compare it against sev-
eral LLM-based prompting methods employing di-
verse optimization strategies. These include offline
approaches such as APE (Zhou et al., 2023), Pro-
TeGi (Pryzant et al., 2023), and OPRO (Yang et al.,
2024); the deployment-time rewriting method
PAS (Zheng et al., 2024b); and the hybrid frame-
work P3 (Zhang et al., 2025). We also consider
chain-of-thought prompting (“CoT”) (Kojima et al.,

2022), which uses the instruction “Let’s think step
by step.” Additionally, original LLM outputs with-
out prompt optimization are reported as baselines.

Implementation Details. In the offline setting,
GPT-40-mini serves as both the instantiation model
(M) and task model (Mi,g) for all methods,
while prompt optimization is performed by GPT-40
(Mopt). The initial meta-template (Appendix G.2)
includes only role-defining elements, with struc-
tural components learned progressively from ele-
ment list © (Appendix F.1) through optimization.
To ensure consistent initialization, all methods use
a standardized prompt: “Solve the problem step
by step and provide the final answer.”’, which PTP
uses to instantiate the initial meta-template. PTP
sets both inner-loop and outer-loop iterations to
4, as supported by the ablation in Figure 5. For
test-time query-level prompt instantiation, no train-
ing, feedback-driven search, or per-query parame-
ter adaptation is performed. The optimized meta-
template 7 is instantiated on-the-fly by Mg using
the user query, and M, performs inference with
the resulting prompt. To evaluate the generaliza-
tion of 1™ across different LLMs, we test Qwen2-
7B-Instruct (Bai et al., 2023), GPT-4-turbo-2024-
04-09, GPT-4-1106-preview, GPT-40-mini, GPT-
3.5-turbo-1106 (Welsby and Cheung, 2023), and
DeepSeek-V3-0324 (DeepSeek-Al, 2024). Each
model serves as both Mj,s and Mg during in-
ference. For GSM8K, MATH, and BBH, we re-
port accuracy averaged over three runs; for Arena-
Hard, Alpaca-Eval 2.0, and Alpaca-Eval 2.0 LC,
we report the corresponding judge-based bench-
mark scores. Additional implementation details are
provided in Appendix D.

4.2 Main Results

We evaluate whether Prompting to Prompt (PTP)
can learn reusable meta-templates that improve per-
formance beyond the source training task. Specif-
ically, we test whether meta-templates trained
on a limited task corpus (e.g., GSM8K or BBH-
CJ) transfer to related reasoning tasks. We fur-
ther examine whether these templates support test-
time query-level prompt instantiation without full
prompt re-optimization, while still improving over
existing prompting methods. These experiments
assess both the transfer behavior and practical de-
ployment value of PTP.
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Table 1: Performance comparison of offline prompting methods across varying training sets, demonstrating cross-
task transferability. Bold highlights the best method per training setting.

Method Reasoning BBH Tasks
GSMS8K MATH | CJ HB LD MA  Nav CO  Track-5 Track-7 Average
Raw 93.23 7546 | 62.75 86.80 59.33 96.04 9427 83.73 68.40 68.13 77.48
CoT 94.10 7732 | 63.10 86.67 57.60 98.27 92.80 84.00 71.07 66.53 77.51
Training Set: GSM8K
ProTeGi | 94.20 7741 | 63.10 90.60 61.20 96.60 9520 82.80 68.80 65.60 77.92
APE 93.75 75.03 | 64.71 86.00 6040 98.00 9520 83.20 68.40 69.60 78.06
OPRO 93.56 75.88 | 64.17 87.20 60.00 96.80 97.20 88.80  73.20 69.60 79.62
PTP 94.90 77.82 | 65.78 92.60 61.60 97.80 97.30 89.20 77.20 75.60 82.14
Training Set: BBH Causal Judgment
ProTeGi | 93.85 76.60 | 67.30 89.20 54.00 97.20 91.60 84.20 67.60 70.00 77.69
APE 93.56 7341 | 64.71 87.60 63.20 96.20 94.40 81.60 70.00 70.80 78.56
OPRO 93.93 72.37 | 64.17 9120 6240 9240 95.60 8240 71.20 69.40 78.60
PTP 9476 7743 | 66.67 9240 63.20 98.60 95.00 84.60 75.60  76.00 81.33
4.2.1 Offline.
>
To evaluate the transferability of PTP meta- £ B2 Raw
templates, we conduct offline experiments train- &

ing on a single dataset, either GSM8K or BBH
Causal Judgment (CJ), and testing across three
benchmarks: GSM8K, MATH, and eight diverse
BBH tasks. As shown in Table 1, when trained on
GSMSK, PTP achieves 94.9% on GSM8K, 77.82%
on MATH, and an average of 82.14% on BBH tasks,
surpassing the strongest baseline by 2.52 points on
BBH and 0.41 points on MATH. When trained
on BBH-CJ, PTP obtains 94.76%, 77.43%, and
81.33%, again outperforming all baselines in terms
of average BBH accuracy, with a +3.64 point gain
over ProTeGi and +2.73 points over OPRO. Since
ClJ is included in the reported BBH average for the
BBH-CI setting, we interpret this result as all-task
transfer performance rather than strictly unseen-
task transfer. These results provide evidence that
PTP can extract reusable structural patterns from
limited source data and transfer them across related
tasks.

4.2.2 Test-Time Query-Level Prompt
Instantiation.

To evaluate the plug-and-play capability of PTP
across different large language models (LLMs), we
apply a GSM8K-trained meta-template to three
open-ended benchmarks—Arena-Hard, Alpaca-
Eval 2.0, and Alpaca-Eval 2.0 LC. For each LLM,
we keep the task model and the instantiation
model identical, ensuring a fair comparison with-
out retraining or deployment-time adaptation. As

3 1-Task

[ 2-Task

©
©
=

I 3-Task

Bl 6-Task

Accuracy

MA Track-5

Figure 4: Effect of multi-task training scale on PTP’s
transfer accuracy across BBH evaluation tasks.

shown in Table 2, PTP matches or improves over
deployment-time baselines including Raw, PAS,
and P3, with average improvements of 4.74 to
10.52 points over P3.

4.3 Detailed Analysis

Effect of Model Headroom. The magnitude of
PTP’s improvement depends on the performance
headroom of the underlying model. On Arena-
Hard, DeepSeek-V3 already achieves 92.50 with
the Raw prompt and reaches 94.00 with PTP, a 1.50-
point improvement over Raw near the upper end of
the benchmark. In contrast, GPT-3.5-turbo starts
at 18.90 and reaches 47.50, yielding a 28.60-point
improvement over Raw. Thus, the smaller absolute
gain for stronger models is consistent with a ceiling
effect rather than a loss of effectiveness: PTP im-
proves every evaluated model, while the attainable
margin naturally shrinks as the unoptimized model
approaches saturation.
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Table 2: Performance comparison of test-time query-level prompting methods using transferred meta-templates
(trained on GSMS8K) across multiple models and benchmarks. Bold highlights the best method per benchmark.

Dataset Model Raw PAS P3 PTP A
GPT-4-turbo-2024-04-09 76.60 76.90 78.00 84.60 +6.60
GPT-4-1106-preview 74.80 78.80 77.21 85.20 +6.40
GPT-3.5-turbo-1106 18.90 22.10 25.56 47.50 +21.94
Arena-Hard Qwen2-72b-Instruct 48.10 52.20 52.82 69.60 +16.78
DeepSeek-V3-0324 92.50 93.00 92.70 94.00 +1.00
GPT-40-mini 73.80 72.50 73.30 81.80 +8.00
Average 64.12 65.92 66.60 77.12 +10.52
GPT-4-turbo-2024-04-09 46.12 65.31 70.50 70.62 +0.12
GPT-4-1106-preview 50.00 65.92 69.94 70.19 +0.25
GPT-3.5-turbo-1106 9.20 15.82 34.53 50.94 +16.41
Alpaca-Eval 2.0 Qwen2-72b-Instruct 31.70 45.53 61.37 62.38 +1.01
DeepSeek-V3-0324 74.84 79.06 80.25 81.25 +1.00
GPT-40-mini 41.31 56.75 59.75 69.38 +9.63
Average 42.20 54.73 62.72 67.46 +4.74
GPT-4-turbo-2024-04-09 55.02 56.54 58.31 62.60 +4.29
GPT-4-1106-preview 50.00 53.63 56.95 59.91 +2.96
GPT-3.5-turbo-1106 19.30 23.31 35.35 49.65 +14.30
Alpaca-Eval 2.0 LC | Qwen2-72b-Instruct 39.24 4431 55.72 56.58 +0.86
DeepSeek-V3-0324 78.25 78.29 79.04 80.64 +1.60
GPT-40-mini 49.82 51.51 51.74 58.01 +6.27
Average 48.61 51.27 56.19 61.23 +5.04

Table 3: Effect of instantiation model selection on PTP
prompt generation performance across datasets, with a
fixed GPT-40-mini task model. Raw scores are reported
once per dataset, while PTP and A are shown for each
instantiation model.

GPT-3.5-turbo-1106 GPT-40-mini  DeepSeek-V3
PTP A PTP A PTP A

79.76 +5.96 81.81 +8.01 8133 +7.53
68.62 +27.31 69.38 +28.07 64.56 +23.25
55.89 +6.07 5801 +8.19 57.66 +7.84

Dataset Raw

Arena-Hard 73.80
Alpaca-Eval 2.0 41.31
Alpaca-Eval 2.0 LC  49.82

We conduct a detailed analysis of the key factors
that affect the transferability of PTP. In particular,
we examine the effect of multi-task training, the
influence of the prompt instantiation model, and
the impact of inner- and outer-loop iteration counts.

Effect of Multi-task Training Scale. Figure 4
presents the impact of the number of training tasks
on PTP’s transfer performance across BBH eval-
uation tasks. As the number of training tasks in-
creases from 1 to 6, the overall performance of
meta-templates is maintained or improved. Some
evaluation tasks overlap with the larger training
sets, so we treat these results as evidence for
the benefit of broader task exposure rather than
a strictly unseen-task transfer test. These results
suggest that exposing PTP to a broader range of
tasks helps it capture more reusable prompt pat-
terns. Although performance on a few evaluation
tasks may fluctuate as more training tasks are in-
troduced, the overall trend indicates that greater

task diversity can improve prompt behavior across
related tasks.

Consistency of the Instantiation Model. To
evaluate sensitivity to the instantiation model, we
fix the task model (GPT-40-mini) and instantiate
prompts using three models: GPT-3.5-turbo-1106,
GPT-40-mini, and DeepSeek-V3. As reported in
Table 3, all three instantiation models achieve com-
parable improvements over the Raw baseline across
datasets. For instance, on Arena-Hard, PTP instan-
tiated with GPT-3.5-turbo-1106 achieves 79.76%
(+5.96), closely matching GPT-40-mini (81.81%,
+8.01) and DeepSeek-V3 (81.33%, +7.53). Similar
patterns are observed on Alpaca-Eval 2.0 and its
length-controlled variant, with performance differ-
ences limited to a few percentage points. These
results indicate that PTP meta-templates can trans-
fer across different instantiation models, although
performance still varies by benchmark and model.
This supports the practical use of PTP when the
instantiation model differs from the optimizer or
task model.

Ablation on Loop Iterations.  To assess the
impact of iteration numbers in PTP’s bi-level opti-
mization, we systematically varied the outer-loop
(Kouter) and inner-loop (Kjnner) iterations. Results
are shown in Figure 5. Performance generally im-
proves with larger Koyer or Kinner, but the gains
plateau beyond 4. Increasing Kjyner from 2 to 4
leads to substantial improvements across all K gyeer
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Figure 5: Ablation study on the number of inner and
outer loops in PTP optimization.

Table 4: Ablation on the size of the element list (|©]) on
Arena-Hard. PTP is trained on GSM8K and evaluated
with GPT-40-mini as both M,y and Mj,.

0| 4 8
75.50 80.70

12 (Default) 16
81.80 82.20

Accuracy

values, but further increases yield diminishing re-
turns. Similarly, raising Koy, from 2 to 4 steadily
improves performance for each Kjyper, though per-
formance slightly degrades beyond 4. Based on
this trend, we set Koyer = 4 and Kipper = 4 as the
default to balance performance and efficiency, en-
abling sufficient prompt refinement and cross-task
adaptation without excessive computation.

Sensitivity to Element List Size. On Arena-
Hard, PTP reaches 75.50% with four elements,
exceeding Raw (73.80%) and P3 (73.30%). Ac-
curacy rises to 81.80% at the default 12 elements
and changes only to 82.20% at 16, showing dimin-
ishing returns from further expansion.

Effect of Optimizer Model Choice. Replacing
GPT-40 with DeepSeek-V3 yields 79.07 average
accuracy on CJ, MA, and Track-5, close to GPT-
40’s 80.26. GPT-40-mini reaches 77.37, showing
that PTP remains effective with both alternative
optimizers.

Computational Cost and Trade-Offs. We use
optimizer API calls as a cost proxy because dollar
cost varies with provider pricing and token length.
PTP needs 844 calls to learn a reusable meta-
template and 3 calls per new target task, whereas
ProTeGi needs 772 calls whenever a task is opti-
mized. Across GSMS8K and eight BBH tasks, this
gives 868 calls for PTP versus 6,948 for repeated
ProTeGi.

Table 5: Effect of the optimizer model (M) on PTP
performance. Meta-templates are trained on GSM8K
and evaluated on three representative BBH tasks, with
GPT-40-mini fixed as both Mg and M.

Optimizer Model CJ MA Track-5 Average
GPT-40-mini 63.80 96.50 71.80 77.37
DeepSeek-V3 65.10 97.40 74.70 79.07
GPT-40 (Default) 65.78 97.80 77.20 80.26

Table 6: Comparison of optimization API calls. PTP
learns a reusable meta-template once, while ProTeGi
re-optimizes for each task.

Training  Per-New-Task  9-Task
Method Calls Calls Total
PTP 844 3 868
ProTeGi 772 772 6,948

5 Conclusion

In this paper, we propose Prompting to Prompt
(PTP), a framework for learning reusable meta-
templates for prompt optimization. PTP shifts op-
timization from isolated prompt strings to struc-
tured prompt representations, using an inner loop
to refine task-specific prompts and an outer loop to
abstract structural changes into the meta-template.
Experiments in offline transfer and test-time de-
ployment settings show that PTP improves over
competitive prompt-optimization baselines across
reasoning and instruction-following benchmarks.
Further analysis suggests that broader task expo-
sure, suitable instantiation models, and balanced
inner- and outer-loop iterations help the learned
meta-template capture reusable prompt patterns.
These results support meta-template learning as
a practical direction for transferable prompt opti-
mization, while also indicating the need for broader
evaluation on more diverse task families and opti-
mizer settings.

Limitations

Dependence on Advanced Optimizers. PTP re-
lies on advanced LLMs (e.g., GPT-40) as prompt
optimizers to generate textual gradients and refine
meta-templates, making the template quality in-
herently constrained by the optimizer’s reasoning
capability. Future work could explore techniques
such as incorporating human feedback or ensemble-
based strategies to improve optimization robustness
under resource constraints.
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Expansion of Element List Design. The element
list © is curated from established prompt engineer-
ing practices, which provides a structured founda-
tion but may not cover all specialized components
in novel domains. Future work could investigate
automated methods to mine and expand element
lists from task data, or allow the optimizer to dy-
namically propose new elements during training.

Evaluation on Additional Task Types. While
our experiments validate PTP on reasoning and
instruction-following benchmarks, evaluating its
transferability across additional modalities and do-
mains (e.g., multi-modal understanding, code gen-
eration, and domain-specific applications) remains
an important next step.
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A Use of Large Language Models

Large language models (LL.Ms) were used for lan-
guage polishing and literature-search assistance
during manuscript preparation. The authors re-
viewed the resulting text, claims, citations, and
experimental descriptions.

B Beam Search over Prompts

The beam search procedure used in the inner loop
(Section 3.3) is formally described in Algorithm 2.
This search strategy guides the exploration of
prompt candidates generated via behavioral gra-
dient refinement (Eq. 6).

Algorithm 2 Beam Search for Prompt Selection

Require: Candidates C' (all P in Eq. 6), Validation set D},

Beam width b, Metric function &;(-)

1: for each candidate c € C' do

2:  Compute validation score:

s(c) E(z,y)ND;ﬂl [ei (Musk(7; ), y)]

3: end for

4: Rank candidates by score: Crumkea < Sort(C,by =
s(+), descending)

5: Select top-b candidates: B < Chanked[1 : D]

6: return Beam set B containing top-b prompts

C Dataset and Task Details

We conduct experiments across six diverse bench-
marks spanning mathematical reasoning, multi-
domain reasoning, and instruction-following ca-
pabilities. Table 7 provides a summary of dataset
statistics and splits.

C.1 Mathematical Reasoning Benchmarks

GSMS8K. GSMBS8K (Cobbe et al., 2021) contains
approximately 8,500 grade-school level math word
problems designed to evaluate arithmetic and multi-
step reasoning capabilities. Each problem requires
detailed step-by-step solutions. We use 200 in-
stances from the training set (split into 100 train
/ 100 validation) and all 1,319 instances from the
test set.

MATH. MATH (Hendrycks et al., 2021) is a
challenging collection of high-school competition
problems covering algebra, geometry, calculus, and
other advanced topics. We use a 500-problem sub-
set with 200 training instances (100 train / 100 vali-
dation) and 300 test instances to evaluate advanced
mathematical reasoning.

C.2 Multi-Domain Reasoning Benchmark

Big-Bench Hard (BBH). BBH (Suzgun et al.,
2023) comprises 23 challenging tasks selected from
BIG-Bench based on their difficulty for large lan-
guage models. We select 8 representative tasks
spanning logical reasoning, spatial reasoning, lan-
guage understanding, and mathematical problem-
solving:

e Causal Judgment (CJ): Evaluate causal reason-
ing through moral and counterfactual scenarios.

* Hyperbaton (HB): Identify correct adjective or-
dering in English sentences.

* Logical Deduction (LD): Deduce object order-
ing from spatial relationship clues.

* Multi-Step Arithmetic (MA): Solve multi-step
problems with basic arithmetic operations.

» Navigate (Nav): Determine if an agent returns to
its starting position after movement instructions.

* Reasoning About Colored Objects (CO): An-
swer simple color-based reasoning questions.

* Tracking Shuffled Objects — 5/7 (Track-5/7):
Track object positions after pairwise swaps.

For each task, we follow a 2:3 split for train-
ing/validation and testing. Except for Causal Judg-
ment (74 train, 113 test), all tasks use 100 training
instances and 150 test instances.

C.3 Instruction-Following Benchmarks

Arena-Hard. Arena-Hard (Li et al., 2025b) com-
prises 500 challenging tasks for evaluating LLM
robustness in complex and adversarial scenarios,
requiring advanced reasoning and fine-grained lan-
guage understanding.

Alpaca-Eval 2.0 & Alpaca-Eval 2.0 LC.
Alpaca-Eval 2.0 (Li et al., 2023) is an enhanced
evaluation framework for instruction-following lan-
guage models, assessing instruction adherence
and alignment quality through diverse open-ended
queries. Its length-controlled variant, Alpaca-Eval
2.0 LC (Dubois et al., 2024), introduces regression-
based debiasing to mitigate response length in-
fluence, improving robustness and interpretability.
Leveraging GPT-4 as an automatic annotator, this
framework demonstrates high efficiency and con-
sistency while maintaining strong correlation with
human judgments.
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Table 7: Overview of datasets used in our experiments.

Dataset Domain ‘ Train ‘ Val ‘ Test
GSMSK Math Reasoning 100 | 100 | 1,319
MATH Advanced Math 100 | 100 300
BBH (8 tasks) Multi-domain Reasoning 774 - | 1,163
- Causal Judgment Logic 37| 37 113
- Hyperbaton Language 50 | 50 150
- Logical Deduction Logic 50| 50 150
- Multi-Step Arithmetic | Math 50| 50 150
- Navigate Spatial Reasoning 50 | 50 150
- Colored Objects Visual Reasoning 50 | 50 150
- Track-5 Object Tracking 50 | 50 150
- Track-7 Object Tracking 50 | 50 150
Arena-Hard Open-ended QA - - 500
Alpaca-Eval 2.0 Instruction Following - - 805
Alpaca-Eval 2.0 LC Instruction Following - - 805

C.4 Data Splitting Strategy

For all tasks with training data, we employ a three-
way split:

* Training Set: Used in the inner loop for gen-
erating candidate prompts via textual gradient
updates.

* Validation Set: Used in the inner loop for evalu-
ating candidates and beam search selection (Al-
gorithm 2).

» Test Set: Held-out set for final evaluation, com-
pletely disjoint from training and validation.

For Arena-Hard and Alpaca-Eval 2.0, which are
evaluation-only benchmarks, we report zero-shot
performance using meta-templates learned from
other tasks.

D Supplementary Experimental Details

D.1 Experimental Configuration

Model Temperature Settings. In all experi-
ments, the temperature of both the task model
(M,sx) and the instantiation model (M) 1s set
to O to ensure deterministic behavior. The prompt
optimizer (M) uses a temperature of 0.7 to en-
courage diversity in candidate generation, produc-
ing 4 candidate prompts at each optimization step.

Training Configuration. PTP is trained with
Kinner = 4 inner-loop iterations and Koyer = 4
outer-loop iterations. For fair comparison, baseline
methods (APE, ProTeGi, and OPRO) are trained
for 16 iterations, ensuring comparable computa-
tional cost across all methods.

D.2 Effect of Multi-task Training Scale

Figure 4 examines how the number of training tasks
affects PTP’s transfer performance on BBH evalu-
ation tasks. We train PTP on progressively larger
task sets while maintaining identical training con-
figurations:

 1-task: GSMSK only.
o 2-task: GSM8K + Hyperbaton.

» 3-task: GSMS8K + Hyperbaton + Reasoning
About Colored Objects.

e 6-task: GSMS8K + Causal Judgment + Logical
Deduction Seven Objects + Multistep Arithmetic
Two + Navigate + Tracking Shuffled Objects Five
Objects.

This controlled design isolates the effect of task
diversity, revealing how broader task exposure dur-
ing training enhances the meta-template’s general-
ization to unseen tasks.

E Supplementary Experiments

E.1 Impact of Training Data Selection on
Transfer Performance

We compare meta-templates trained on different
datasets to assess transferability, and the results are
shown in Table 8. The Initial Prompt baseline
achieves 79.38% average accuracy on BBH tasks,
while the Initial Meta-template (trained only
on GSMS8K without iterative refinement) reaches
79.65%, showing minimal improvement.
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Table 8: Impact of training set choice on PTP transfer performance compared to baselines.

Method Reasoning BBH Tasks
GSM8K MATH | CJ HB LD MA  Nav CO  Track-5 Track-7 Average
Initial Prompt 93.80 76.80 | 6524 90.80 61.20 97.20 96.80 85.60 64.00 62.40 79.38
Initial Meta-template | 94.00 76.80 | 65.51 91.80 60.00 96.60 9540 8340 69.20 63.80 79.65
Training Set: GSMSK
PTP ‘ 94.90 77.80 ‘ 65.78 92.60 61.60 97.80 97.30 89.20 77.20 75.60 82.14
Training Set: BBH Causal Judgment
PTP ‘ 94.76 77.40 ‘ 66.67 9240 63.20 98.60 95.00 84.20 75.60 76.00 81.33

Applying PTP optimization on GSM8K' sub-
stantially improves performance to 82.14% av-
erage BBH accuracy (+2.49% over Initial Meta-
template), with consistent gains on GSMSK
(94.90%) and MATH (77.80%). Training on BBH
Causal Judgment yields 81.33% average BBH accu-
racy (+1.68%), with peak performance on its source
task (CJ: 66.67%) and strong results on structurally
similar tasks (LD: 63.20%, MA: 98.60%).

The results reveal complementary strengths:
GSMB8K-trained templates excel on quantitative
reasoning (MA: 97.80%), while CJ-trained tem-
plates perform better on causal and logical tasks
(CJ: 66.67%, LD: 63.20%). Both consistently out-
perform baselines, validating PTP’s ability to ex-
tract transferable structures from limited training
data.

E.2 Computational Cost Analysis

We analyze the computational efficiency of PTP
compared to task-specific optimization methods.
Table 9 compares the optimization overhead during
training and transfer phases.

Training Overhead. Both PTP and ProTeGi use
GPT-40 for 16 optimization iterations, resulting
in comparable training costs. PTP incurs ~844
optimizer API calls while ProTeGi requires ~772
calls. The slight difference stems from PTP’s meta-
template generation process, but overall training
time is comparable between methods.

Transfer Efficiency. The critical difference
emerges during transfer to new tasks. PTP’s meta-
template enables near-instant adaptation through
a single instantiation step: given a task de-
scription and optional examples, the instantiation
model M;,s generates task-specific prompts in
~3 API calls, typically completing within sec-
onds. In contrast, ProTeGi must perform full re-
optimization for each new task, requiring ~772
API calls—comparable to the full training process.

Multi-Task Deployment. This efficiency gap
compounds across multiple tasks. For the nine
tasks in our evaluation (GSM8K + 8 BBH sub-
tasks), PTP requires one training phase plus eight
instantiation steps. Task-specific optimization must
repeat the full optimization process for each of the
nine tasks. Under the simplifying assumption that
optimizer calls dominate runtime and cost, this re-
duces optimizer-call overhead by approximately
80-85% in multi-task scenarios.

E.3 Impact of Task-Aware Prompt
Instantiation on Cross-Task
Transferability

We investigate whether incorporating task-specific
guidance during prompt instantiation can enhance
cross-task transferability without retraining the
meta-template. In standard instantiation, prompts
are generated solely from a meta-template trained
on GSMS8K. To improve alignment with target
tasks, we augment the instantiation process with
two types of task-specific information: natural lan-
guage task descriptions and concrete task exam-
ples.

Task Description Augmentation. For each BBH
task, we prepend a concise natural language de-
scription that characterizes the task’s reasoning re-
quirements. For instance, the Causal Judgment task
uses the following description:

“Given a short story involving moral, in-
tentional, or counterfactual analysis, de-
termine how a typical person would an-
swer a causal question about the story.”

This description provides high-level task con-
text without exposing specific format or solution
patterns, allowing the meta-template to adapt its
reasoning approach while maintaining its learned
structural principles.
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Table 9: Comparison of optimizer API calls. PTP requires full optimization only once, while ProTeGi must
re-optimize for each task.

Method Opt Model Opt API Calls(Training) Opt API Calls(Transfer)

PTP GPT-40 ~844 ~3 (validation-only)
ProTeGi GPT-4o0 ~T72 ~772 (full re-optimization)

Table 10: Effect of task description and example augmentation during prompt instantiation on BBH transfer
performance.

Method Task Description Example CJ LD MA  Track-5

Raw 62.75 5933  96.40 68.40
ProTeGi 67.30 6433 97.20 74.08
PTP 65.78 61.60 97.80 77.20
PTP v 67.18 6840 9733 81.30
PTP v v 66.44 69.73 97.76 82.73

Example Augmentation. Beyond descriptions, F Element List and Prompts Used During
we include a single task-specific example to demon- Optimization
strate the expected input-output format and reason-

ing style. For Causal Judgment, the example is: This section presents the element list utilized in the

PTP framework, along with the system prompts
Input: How would a typical person answer each required for each LLM, as illustrated in Box F.1 to

of the following questions about causation? : :
An intern is taking care of a patient in a hospital. F.6. Note that these prompts remain fixed during

The intern notices that the patient is having some the optimization process.
kidney problems. [...] Despite this policy, the

doctor decides to sign off. Since both signatures Box F.1: Element List ©

were received, the patient is administered the drug.

As it happens, the patient immediately recovers, 1. Task Definition (Task / Instruction / Request)
and the drug has no adverse effects. Sﬁgﬂy states the specific task or request the model is expected to per-
Questlhon:’ Did the pharmacist’s decision cause 2. Role Assignment (Role / Capacity and Role)
the patient’s recover y? Defines the persona or expertise the model should assume to guide tone,
Options: Yes / No knowledge, and behavior.
Answer: No 3. Goal & Expectation (Goal / Objective / Purpose / Expectation / Key
: Result)
Describes the intended outcome or objective, along with any measurable
Results and Analysis. As shown in Table 10 expectations for the output.
R . y . . ’ 4. Contextual Background (Context / Background / Scenario)
task-aware instantiation COIlSlStently 1Mproves per- Provides necessary background information or situational context to help
. .. . the model understand the task accurately.
formance. Addlng descr IPUOHS (PTP + DCSCHP' 5. Output Requirements (Output Indicator / Format / Solution / Result)
tiOIl) ylelds +1.4% on CJ. +6.8% on LD. and +4.1% Specifies the desired form, structure, tone, or type of output expected
: ’ : ’ : from the model.
on Track-5 compared to vanilla PTP. Combining 6. Personality & Style (Personality)
.. . .. Sets the tone, voice, or emotional character of the response—e.g.,
descriptions with examples (PTP + Description + friendly, concise, formal,

. : 7. Examples & Demonstrations (Examples)
Example) achieves the hlghCSt accuracy on LD Offers sample inputs and/or outputs to illustrate desired response patterns

(69.73%, +8.13%) and Track-5 (82.73%, +5.53%). O BT

8. Action Steps (Action / Steps)

With this no—retralnlng augmentatlon, PTP Directs the model through sequential actions or procedures necessary to
h ProTeGi h f fi complete the task.
matches or surpasses ProleGi on three of four 9. Clarity & Focus (Clarity / Avoid Ambiguity)
tasks. with clear gains on LD (+54%) and Track- Ensures the task is framed clearly and unambiguously, removing any
> A K R extraneous or misleading information.
5 (+8.65%) despite using a meta-template trained 10. Relevant Information (Relevant Info)
. Supplies supporting details, such as keywords, facts, audience character-
only on GSMS8K. This demonstrates that PTP’s isﬁlzi mne,popr forn%atting preferences,y
meta-learned structures can be adapted through 1l it € IDKpplin (W) o —
. . o ] o Adds deeper context, reasoning, or domain-specific considerations to
simple instantiation augmentation, achieving per- enrich the model’s understanding and response.
. . . . 12. Structure & Format (Structure / F)
formance that can rival taSk'SpeCIﬁC optimization Specifies the organizational format of the response—e.g., bullet points,

tables, sections, Markdown.

without additional retraining.
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Box F.2: Instantiation Prompt p;,s Re-
quired by the Instantiation LLM M,

(Eq. )

You are an expert prompt engineer. Your task is to generate a concrete,
executable prompt instance (a grounded prompt) based on the provided
"meta-template” and "task description." Objectives

1. The grounded prompt must be highly executable, directly usable by
large language models to significantly improve output quality;

2. Retain the structure and format of the meta-template;

3. Clearly fill in or revise vague or abstract parts of the meta-template to
closely reflect the real intent expressed in the user instruction;

4. Avoid vague or generic expressions; the language must be clear,
specific, and cover core constraints or expectations;

5. Wrap the generated grounded prompt within <START> and <END>
tags for easy extraction.

Meta-template

{meta_prompt}

Task Description

{instruction}

Please generate the grounded prompt accordingly:

<START>

(your grounded prompt here)

<END>

Key points of difference analysis

Optimization suggestions (in the form: “*You should... because...*”)
Scope of applicability and potential risks

Wrap your suggestions within <START> and <END>> tags for easy
extraction

Your goal is to produce thoughtful, generalizable optimization advice for
improving meta-prompts.

Please generate your optimization advice as follows:

<START>

(Insert your optimization advice here)

<END>

Box F.5: Optimization Prompt pje" for

Guiding the Optimizer )/, to Generate
Better Prompts in the Inner Loop (Eq. )

T’m trying to refine a prompt for large language model.

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 {feed-

Box F.3: Instructive Prompt pe. for
Guiding the Optimizer )M,pt to Generate

Behavioral Text Gradients in the Inner
Loop (Eq. )

I’'m trying to refine a prompt for a large language model.

My current prompt is:

{prompt}

But this prompt gets the following examples wrong:

{error_string}

List of meta-prompt structural elements (add with caution to avoid overly
long prompts):

{meta_prompt_elements }

Focus on the difference between ground truth and prediction, and give
{num_feedbacks} reasons why the prompt could have gotten these exam-
ples wrong.

Based on the element list above, analyze which elements should be added,
removed, or modified to improve the effectiveness of the prompt.

Wrap the combined reason-and-edit suggestion within <START> and
<END>.

back_str} Based on the above information, I wrote a different improved
prompt. The improved prompt should be wrapped with <START> and
<END>.

The new prompt are:

Box F.6: Optimization Prompt pJie" for
Guiding the Optimizer )t to Generate

Better Meta-Template in the Outer Loop
(Eq. )

You are a meta-prompt design expert, skilled at integrating evaluation
data and structural components to generate more effective meta-prompts.
Your task is to optimize the current meta-prompt based on the provided
information.

1. Current meta-prompt

{current_meta_prompt}

2. Optimization suggestions

{optimization_advice}

Please conduct a multi-angle analysis and focus on the following ques-
tions:

* Which optimization suggestions can be transformed into concrete,

Box F.4: Instructive Prompt pyi; for
Guiding the Optimizer )M,pt to Generate

Structural Text Gradients in the Outer
Loop (Eq. )

You are a prompt engineering expert, specializing in reverse-optimizing

prompt generation rules (*meta-prompts*) through fine-grained analysis

of concrete prompt templates.

Please conduct an in-depth analysis of the following content:

1. Meta Prompt (meta_prompt)

{meta_prompt}

2. Initial Concrete Prompt & Score

Initial Prompt: {prompt_concrete}

Initial Score: {prompt_concrete_score}

3. Optimized Concrete Prompt & Score

Optimized Prompt: {opt_concrete_prompt }

Optimized Score: {opt_concrete_prompt_score}

4. List of meta-prompt structural elements

{meta_prompt_elements }

Your tasks:

¢ Identify the key differences between the initial and optimized prompts.

« Based on these differences and the change in scores, reflect deeply
and answer:

1. Which parts of the meta-prompt failed to effectively guide the
generation of high-quality concrete prompts? Why?

2. What successful expression strategies or structural improvements
in the optimized prompt could be integrated back into the meta-
prompt to enhance its performance?

Your optimization advice should be concise yet insightful, and must
include:

actionable template content?

Which current template elements should be strengthened, weakened,
or removed?

Should new structural elements be introduced to improve perfor-
mance? Please be cautious: only propose additions that are truly
necessary, and avoid making the prompt unnecessarily long.

Your output should include:

¢ A brief explanation of the overall meta-prompt optimization logic,
enclosed within <optimization_logic> tags.

The fully optimized meta-prompt, enclosed  within
<optimized_meta_prompt> tags. Do not include any op-
tional elements, every instruction must be essential, explicit, and
necessary.

< optimization_logic>

(Insert a brief explanation of the overall meta-prompt optimization logic
here)

</optimization_logic>

< optimized_meta_prompt>

(Insert the optimized meta-prompt content here)
</optimized_meta_prompt>

G Initial Prompt and Meta-Template

This section shows the initial meta-template to be
optimized.
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Box G.1: Initial Prompt(Baseline)

Solve the problem step by step and provide the final answer.

Box G.2: Initial Meta-Template T’
Role Definition:

You are a {role description} specializing in {area of expertise}.

Specific Requirements:
- {Other rules or process instructions }

r
.

H Display and Comparison of Optimized
Prompts under Different Experimental
Setups

H.1 Optimized Prompts of Different Offline
Methods

This section presents examples of prompts opti-
mized by our PTP approach and various offline
methods on GSMS8K dataset, corresponding to Ta-
ble 1 in the main text.

Box H.1.1: Offline: Refined Prompt un-

der ProTeGi on GSM8K Dataset

Your task is to solve the given problem step by step, paying special atten-
tion to contextual definitions, quantitative reasoning, and alternative
interpretations of key terms. Carefully verify each intermediate step
and assumption against the problem’s context or any provided ground
truth. Follow these instructions:

1. Clarify the Problem: Begin by restating the problem in your own
words. Identify all relevant data, constraints, and assumptions. Pay close
attention to definitions or terms that might have multiple interpretations
(e.g., "halfway," "remaining," "total").

2. Establish a Plan: Outline a clear plan for solving the problem. Break
the solution into small, logical steps. Include checks at each step to
ensure your reasoning aligns with the context and definitions provided.

3. Step-by-Step Solution:

a. Solve the problem incrementally, providing detailed explanations for
each calculation or logical step.

b. At each step, verify whether your intermediate results are consistent
with the problem’s requirements and context.

c. Explicitly handle any alternative interpretations of ambiguous terms,
explaining why you choose one interpretation over another.

4. Error Checking and Revisions:

- If an intermediate result or assumption contradicts the problem’s con-
text, pinpoint the error.

- Revise the solution from that point onward, ensuring all corrections are
carried forward.

5. Final Verification: After completing the solution, double-check your
final answer against the problem’s context, requirements, and any ground
truth. Clearly explain why the final result is correct and how it satisfies
the problem.

6. Clear Presentation: Communicate the final answer clearly and
concisely, ensuring all reasoning and calculations are transparent and
reproducible.

Remember, your goal is not just to find the answer but to provide a
solution that is logically sound, contextually accurate, and thoroughly
verified at every step.

Box H.1.2: Offline: Refined Prompt un-

der OPRO on GSM8K Dataset

Approach the problem with a structured and adaptable method to ensure
clarity and accuracy. Start by thoroughly analyzing the problem, identi-
fying its key details, constraints, and requirements. Then:

1. Break the solution into clear and logical steps. For each step:

- Clearly explain what you are doing, why it is necessary, and how it
contributes to solving the problem.

- Perform all calculations accurately and consistently, ensuring proper
use of units and logical alignment with the problem’s context.

- Actively verify the correctness of each intermediate result and check
that it fits within the problem’s scenario.

2. After completing all steps:

- Validate that the final result is both mathematically correct and reason-
able in the real-world context of the problem.

- Provide a clear, concise final answer directly addressing the question.
- Optionally, summarize key steps and reasoning for additional clarity.
Throughout the process, remain mindful of potential errors, such as unit
inconsistencies, misinterpretation of the problem’s details, or calculation
inaccuracies. Strive for a logical, clear, and correct solution that is easy
for others to follow.

Box H.1.3: Offline: Refined Prompt un-

der APE on GSM8K Dataset

- Take note of any mistakes made and think about how they can be
avoided in the future.

- Consider what strategies were effective and which ones were not.

- Reflect on any new skills or knowledge that were gained during the
problem solving process.

- Discuss the problem and solution with others to gain different perspec-
tives.

- Use the lessons learned to improve problem solving skills for future
challenges.

Box H.1.4: Offline: Refined Prompt un-

der PTP(Ours) on GSM8K Dataset

Role Definition:

You are a highly specialized {role description}, with expertise in {spe-

cific area of expertise}. Your primary focus is on delivering responses

that are accurate, clear, and aligned with user expectations. You are
skilled at explaining concepts systematically and providing actionable
insights.

Background:

The current situation is as follows: {background information, including

the task context, user goals, challenges, and success criteria}. The user

expects the output to address these challenges comprehensively and meet
their specific objectives.

Task Description:

Your task is to complete the following: {detailed overview of the task,

including objectives and measurable outcomes}. Ensure that your re-

sponse is precise, thorough, and logically structured.

Specific Requirements:

1. Accuracy and Professionalism: All responses must be factually
correct, contextually appropriate, and presented in a professional
tone.

2. Clarity and Logical Flow: Organize your response systematically,
ensuring a step-by-step approach where applicable. Avoid ambiguity
by clearly stating assumptions and reasoning.

3. Output Format: Follow the designated format, such as {paragraphs,
lists, tables, or other specific formats required}. Clearly label sections
if applicable.

4. Referencing and Style: Adhere to any provided style guidelines or
reference examples to match the expected tone and level of detail.

5. Verification: Double-check your response to ensure all aspects of
the task are addressed and that the solution is complete and accurate.

. J

H.2 Prompts under Test-Time Query-Level
Instantiation

This section presents examples of prompts gener-
ated by PTP under test-time query-level instantia-
tion on the Causal Judgment task, corresponding
to the deployment evaluation in the main text. The
instantiation is guided by the GSM8K-trained meta-
template from Box H.1.4.
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Box H.2.1: Test-Time Query: Causal

Judgment

Box H.3.1: Multi-Task Training: Refined
Prompt under PTP(Ours) of 1-Task

You are simulating how a typical person makes causal judgments in
everyday scenarios. Your task is to assess whether a specific event is
considered a cause of an outcome, based on how an average person
would intuitively reason about it.

Here is the situation:

A machine is set up in such a way that it will short circuit if both the black
wire and the red wire touch the battery at the same time. The machine
will not short circuit if just one of these wires touches the battery.

The black wire is designated as the one that is supposed to touch the
battery, while the red wire is supposed to remain in some other part of the
machine. One day, the black wire and the red wire both end up touching
the battery at the same time. There is a short circuit.

Question:

Did the black wire cause the short circuit?

Options:

- Yes

- No

Answer this question as a typical person would, considering both causal
contribution and the role of norms or expectations in everyday causal
reasoning.

Box H.2.2: Prompt Instantiation Based

on Causal Judgment Query

You are a highly specialized problem-solving expert with expertise in
logical reasoning and systematic analysis. Your primary focus is on
delivering responses that are accurate, clear, and aligned with user ex-

Role Definition:

You are a highly specialized {role description}, with expertise in {spe-

cific area of expertise}. Your primary focus is on delivering responses

that are accurate, clear, and aligned with user expectations. You are
skilled at explaining concepts systematically and providing actionable
insights.

Background:

The current situation is as follows: {background information, including

the task context, user goals, challenges, and success criteria}. The user

expects the output to address these challenges comprehensively and meet
their specific objectives.

Task Description:

Your task is to complete the following: {detailed overview of the task,

including objectives and measurable outcomes}. Ensure that your re-

sponse is precise, thorough, and logically structured.

Specific Requirements:

1. Accuracy and Professionalism: All responses must be factually
correct, contextually appropriate, and presented in a professional
tone.

2. Clarity and Logical Flow: Organize your response systematically,
ensuring a step-by-step approach where applicable. Avoid ambiguity
by clearly stating assumptions and reasoning.

3. Output Format: Follow the designated format, such as {paragraphs,
lists, tables, or other specific formats required}. Clearly label sections
if applicable.

4. Referencing and Style: Adhere to any provided style guidelines or
reference examples to match the expected tone and level of detail.

5. Verification: Double-check your response to ensure all aspects of
the task are addressed and that the solution is complete and accurate.

pectations. You are skilled at breaking down problems step by step,
explaining concepts in a structured manner, and providing actionable and
definitive solutions.

The current situation is as follows: The user has presented a task that
requires solving a problem in a methodical, step-by-step manner. The
user expects the solution to be both comprehensive and easy to follow,
with a clear final answer provided. The key challenges include ensuring
logical accuracy, maintaining clarity throughout the explanation, and
delivering a precise and unambiguous final result. The success of the
task depends on your ability to present a solution that is both correct and
easy to understand.

Your task is to solve the given problem step by step, ensuring that each
stage of the process is explained thoroughly. Start by identifying the
problem and any key variables or parameters involved. Then, proceed to
address the problem systematically, breaking it into smaller, manageable
steps. Use clear reasoning to justify each step of the process. Finally,
provide a definitive and accurate final answer that directly addresses the
problem.

Specific requirements:

1. Accuracy and Professionalism: Ensure that all steps and the final an-
swer are factually correct, logically sound, and contextually appropriate.
Present the solution in a professional and confident tone.

2. Clarity and Logical Flow: Organize your response in a step-by-step
manner, clearly labeling and explaining each part of the process. Avoid
ambiguity by explicitly stating assumptions and providing sufficient de-
tail.

3. Output Format: Present your response in a systematic format, using
numbered lists or labeled sections to ensure clarity. Highlight the final
answer at the end for easy identification.

4. Referencing and Style: Adhere to a clear and concise style, avoiding
unnecessary jargon. Ensure that the steps and final answer align with the
user’s expectations for a well-explained solution.

5. Verification: Double-check your solution to ensure that all steps are
correct and that the final answer is precise and complete. Confirm that
no relevant details have been overlooked.

H.3 Optimized Prompts under PTP in
Multi-Task Setting

This section presents examples of prompts opti-
mized by PTP under the multi-task setting, corre-
sponding to Figure 4 in the main text.

Box H.3.2: Multi-Task Training: Refined

Prompt under PTP(Ours) of 2-Task

Role Definition:

You are a {role description} with expertise in {area of expertise}. Your
role is to deliver precise, contextually relevant, and user-focused re-
sponses. Your approach must be methodical, emphasizing logical rigor,
actionable outcomes, and user accessibility.

Task Definition:

Your task is to complete the following: {overview of the task, objec-
tives, and expected outcomes}. Provide clear, concise, and actionable
responses that directly address the user’s query while adhering to the
task objectives.

Goals and Priorities:

1. Primary Goal: Deliver accurate, logically consistent, and actionable
results.

2. Secondary Goal: Ensure clarity and conciseness in both language
and structure.

3. Tertiary Goal: Justify all reasoning and decisions with transparent,
user-accessible explanations.

Contextual Background:

The task pertains to: {background information, including task context,
challenges, and user expectations}. Use this information to tailor your
response to the specific needs of the task.

Specific Requirements:

1. Accuracy and Verification:

¢ Ensure that all responses, calculations, or reasoning are error-
free.

¢ Revisit the problem statement after completing the task to
confirm alignment with the user’s query.

2. Handling Ambiguity:
¢ If information is incomplete or unclear, explicitly state your
assumptions.
¢ Justify why these assumptions are reasonable and explore
alternative interpretations, if applicable.
3. Clarity and Structure:

¢ Organize responses into clearly labeled sections to enhance
readability.

« Use concise and precise language without omitting critical
details.

4. Rationale and Explanation:
« Provide step-by-step reasoning for all decisions and outputs.
« Explain how your solution aligns with the task objectives and
user needs.
5. Examples and Demonstrations:
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¢ Where relevant, include examples, illustrative scenarios, or
alternative methods to clarify complex concepts.

¢ Ensure examples are tailored to the task context and user
expectations.
6. Error Avoidance and Common Pitfalls:

« Highlight potential errors or misconceptions related to the
task and explain how to avoid them.

Output Requirements:

- Use a professional and structured tone throughout the response.

- Organize the output into clearly defined sections, such as "Problem
Restatement," "Solution Steps," and "Conclusion."

- If applicable, include diagrams, tables, or visual aids to enhance clarity
and understanding.

- Prioritize usability and accessibility to ensure that the response can be
easily understood by the intended audience.

Handling Trade-Offs:

‘When conflicts arise between goals (e.g., accuracy vs. simplicity), pri-
oritize delivering accurate and actionable results. Clearly explain the
reasoning behind your decisions to ensure transparency and user trust.
Reminder:

Your focus is to deliver precise, user-centric, and actionable results while
adhering to the specified requirements. Continuously prioritize quality,
clarity, and logical rigor in all aspects of your response.

Box H.3.3: Multi-Task Training: Refined

Prompt under PTP(Ours) of 3-Task

Role Definition:

You are a {specific role description} with expertise in {specific domain

or area of expertise}. Your primary responsibility is to {specific action or

task related to the expertise, e.g., "analyze complex scenarios,” "provide

step-by-step guidance," or "interpret nuanced data"}. This role requires

balancing competing factors such as {e.g., "formal rules versus practical

application," "technical accuracy versus simplicity," or "brevity versus

completeness"} to achieve optimal results.

Situation and Context:

The situation is: {concise description of the background, including the

task’s context, challenges, and objectives}. Consider the specific audi-

ence, task complexity, and potential ambiguities. Anticipate challenges

or nuances, and state any assumptions explicitly to ensure clarity and

alignment with the task’s purpose.

Task Instructions:

Please complete the following task: {specific task description, including

required actions and objectives}. Ensure your response is:

1. Tailored to the audience and context, considering their needs, knowl-
edge level, and preferences.

2. Proactively addresses ambiguities or potential challenges in the task.

3. Balanced between clarity, depth, and brevity, based on the task’s
priorities.

Output Requirements: Your response must adhere to the following

criteria:

1. Accuracy and Depth: Provide precise, well-reasoned, and thorough
content that addresses all aspects of the task.

2. Structure: Organize your response with the following sections:

* Introduction: Briefly summarize the task and its context.

* Main Content: Deliver step-by-step explanations or analyses
as required. Use numbered lists, tables, or diagrams where
necessary to clarify complex points.

¢ Conclusion: Summarize key takeaways or actionable recom-
mendations.

3. Tone and Style: Maintain a {specific tone, e.g., "professional and
concise," "friendly and supportive," or "engaging and motivational"}
tone throughout, adapting your language to the audience.

4. Examples: Where applicable, include examples or scenarios to illus-
trate your points and clarify complex ideas.

5. Formatting: Present the output in a clear and organized format. Use
headings, bullet points, or tables to enhance readability.

Iterative Refinement Guidance:

1. Evaluate the Output: After generating the response, review it for
alignment with the task’s objectives, clarity, and contextual relevance.

2. Refine as Needed: Adjust tone, structure, or level of detail to better
match the audience’s needs and the task’s priorities.

3. Checklist for Quality: Ensure the response meets the following:

¢ Addresses the task’s objectives fully.
* Maintains clarity, conciseness, and appropriate tone.

« Effectively balances competing factors (e.g., brevity vs.
depth).
Additional Considerations:
« Tailor the response to the scoring framework or evaluation criteria, if
applicable.

If any part of the task is unclear, make reasonable assumptions and
explicitly state them.

Focus on practical utility and actionable insights to ensure relevance
and effectiveness.

Box H.3.4: Multi-Task Training: Refined

Prompt under PTP(Ours) of 6-Task

Role Definition:

You are a {specific role description} specializing in {area of expertise},

with a focus on delivering clear, actionable, and contextually relevant

solutions. Your expertise includes {specific skills or knowledge required

for the task}.

Task Objective:

Your task is to {specific task description}. The goal is to {objective or

intended outcome}. Ensure your reasoning is aligned with the task’s

context and is presented in a clear and structured manner.

Contextual Background:

The following context is essential for completing the task:

{Provide relevant background information, including rules, frameworks,

or domain-specific details critical to the task. Be concise and avoid

unnecessary details. }

Specific Requirements:

Clarity and Conciseness: Ensure your response is clear, concise, and

avoids unnecessary elaboration.

Relevance: Align your reasoning and outputs closely with the given

context and task requirements. Avoid irrelevant information or as-

sumptions.

Structure: Present your response in a well-organized format using

numbered steps, bullet points, or sections as appropriate.

Examples: Include examples or illustrative reasoning (if applicable)

to clarify your approach and align with expectations.

Error Handling: Anticipate potential ambiguities or errors in the task

and address them explicitly where necessary.

Output Format: Provide your final response in the following format:

¢ Include a clear heading for each section (if applicable).

* Highlight the final answer explicitly (e.g., Final Answer: (X)).

* Use Markdown formatting for tables, lists, or code blocks where
necessary to enhance readability.

Example Reasoning Process:

{Insert an example here that demonstrates the desired approach, structure,

and output format, tailored to the task’s domain. Keep it concise and

relevant. }

Guidelines for Success:

1. Prioritize clarity, accuracy, and task alignment at all times.

2. Avoid redundancy, overcomplication, or unnecessary assumptions.

3. Follow the structure and examples provided to ensure your response

meets the specified standards.

I Case Study

Effectiveness: Before and After PTP Optimiza-
tion. Figure 6 compares the qualitative model
responses generated by the initial prompt and
the PTP-enhanced prompt on a GSMS8K question.
While the initial prompt yields an incorrect calcu-
lation, the PTP prompt, guided by the instantiated
meta-template, derives the correct final result step
by step.

Structural Comparison Across Optimization
Methods. Figure 7 presents the final optimized
prompts generated by APE, OPRO, ProTeGi, and
PTP on GSMSK (instantiated from Box H.1.4).
Driven by sampling-based learning over the ele-
ment list ©, the PTP prompt exhibits a noticeably
more structured layout with explicit role definition,
contextual background, and verification guidelines.
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Question: If you follow these instructions, do you return to the starting point? Always face forward. Take 6 steps right. Take 5 steps
right. Take 7 steps left. Take 3 steps left. Take 7 steps left. Take 6 steps right.
Options:
*Yes
*No
Ground Truth: Yes
Initial prompt:
Solve the problem step by step and provide the final answer.
Initial prompt answer:
Let's break down the instructions step by step:
1.Start facing forward.
2.Take 6 steps right: You are now 6 steps to the right.
3.Take S steps right: You are now 6 + 5 = 11 steps to the right.
4.Take 7 steps left: You are now 11 - 7 =4 steps to the right.
5.Take 3 steps left: You are now 4 - 3 = 1 step to the right.
6.Take 7 steps left: You are now 1 - 7 = -6 steps (which means 6 steps to the left).
Now, since you started at the starting point (0 steps), being at -6 steps means you are 6 steps to the left of the starting point.
Therefore, the answer is [jlll, you do not return to the starting point.

PTP prompt:

Role Definition:
You are a highly specialized computational problem-solving assistant with expertise in spatial reasoning and algorithmic analysis. Your
primary focus is on delivering responses that are accurate, clear, and aligned with user expectations. You are skilled at analyzing step-
by-step navigation instructions, identifying patterns, and providing logical evaluations.
Background:
The current situation is as follows: The user is providing a series of navigation steps for an agent (e.g., "up," "down," "left," "right") and
wants to determine whether these steps result in the agent returning to its initial starting position. This task involves analyzing the given
sequence of movements and confirming whether the net displacement is zero (i.e., the agent's final position matches its starting position).
The user expects the output to address this challenge comprehensively by evaluating the sequence and providing a clear conclusion.
Task Description:
Your task is to complete the following: Given a specific sequence of navigation steps (e.g., ["up", "down", "left", "right"]), determine
whether the agent ends up back at its starting position. To achieve this:
1.Analyze the sequence of steps systematically, considering the directional impact of each step on the agent's position.
2.Calculate the net displacement in both the horizontal and vertical directions.
3.Provide a clear, step-by-step explanation of your reasoning and calculations.
4.Clearly state whether the agent returns to its starting point or not.
5.If applicable, highlight any assumptions or limitations in the input (e.g., only cardinal directions are used).
Specific Requirements:
1.Accuracy and Professionalism: Ensure that your analysis is mathematically sound and logically correct. Present your findings in a
concise and professional tone.
2.Clarity and Logical Flow: Organize your response systematically, providing detailed reasoning for each step of the evaluation. Avoid
ambiguity by clearly stating assumptions and calculations.
3.0utput Format: Structure your response as follows:

1.Input Analysis: Restate the input sequence.

2.Step-by-Step Evaluation: Show your calculations for net displacement.

3.Conclusion: Clearly state whether the agent returns to the starting point.
4.Referencing and Style: Use clear and unambiguous language, with labeled sections to ensure readability.

5.Verification: Double-check your response to ensure that your reasoning and calculations are complete and accurate.
PTP answer:
Input Analysis
The sequence of navigation steps provided is as follows:
1.6 steps right
2.5 steps right
3.7 steps left
4.3 steps left
5.7 steps left
6.6 steps right
Step-by-Step Evaluation
Let's break down the movements into net displacements:
1.Initial Position: 0 (starting point)
2.After 6 steps right:
1.Position=0+6=6
3.After 5 steps right:
1.Position=6+5=11
4.After 7 steps left:
1.Position=11-7=4
5.After 3 steps left:
1.Position=4-3 =1
6.After 7 steps left:
1.Position=1-7=-6
7.After 6 steps right:
1.Position=-6+6=0
Conclusion
After evaluating the sequence of movements, the agent ends up back at its starting point (position 0).
Final Answer: Yes

Figure 6: Qualitative comparison of model responses using initial prompt vs. PTP-enhanced prompt on the same
GSMSK question. The initial prompt leads to an incorrect answer, while PTP achieves the correct result.
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Initial Prompt:
Solve the problem step by step and provide the final answer.

APE Prompt:
- Take note of any mistakes made and think about how they can be avoided in the future.
- Consider what strategies were effective and which ones were not.
- Reflect on any new skills or knowledge that were gained during the problem solving process.
- Discuss the problem and solution with others to gain different perspectives.
- Use the lessons learned to improve problem solving skills for future challenges.

OPRO Prompt:

Approach the problem with a structured and adaptable method to ensure clarity and accuracy. Start by thoroughly analyzing the problem,
identifying its key details, constraints, and requirements. Then:
1. Break the solution into clear and logical steps. For each step:

- Clearly explain what you are doing, why it is necessary, and how it contributes to solving the problem.

- Perform all calculations accurately and consistently, ensuring proper use of units and logical alignment with the problem's context.

- Actively verify the correctness of each intermediate result and check that it fits within the problem’s scenario.
2. After completing all steps:

- Validate that the final result is both mathematically correct and reasonable in the real-world context of the problem.

- Provide a clear, concise final answer directly addressing the question.

- Optionally, summarize key steps and reasoning for additional clarity.
Throughout the process, remain mindful of potential errors, such as unit inconsistencies, misinterpretation of the problem's details, or
calculation inaccuracies. Strive for a logical, clear, and correct solution that is easy for others to follow.

———— ProTeGi Prompt:
Your task is to solve the given problem step by step, paying **special attention to contextual definitions, quantitative reasoning, and
alternative interpretations** of key terms. Carefully verify each intermediate step and assumption against the problem's context or any
provided ground truth. Follow these instructions:
1. **Clarify the Problem**: Begin by restating the problem in your own words. Identify all relevant data, constraints, and assumptions.
Pay close attention to definitions or terms that might have multiple interpretations (e.g., "halfway," "remaining," "total").
2. **Establish a Plan**: Outline a clear plan for solving the problem. Break the solution into small, logical steps. Include checks at each
step to ensure your reasoning aligns with the context and definitions provided.
3. **Step-by-Step Solution**:
a. Solve the problem incrementally, providing detailed explanations for each calculation or logical step.
b. At each step, verify whether your intermediate results are consistent with the problem's requirements and context.
c. Explicitly handle any alternative interpretations of ambiguous terms, explaining why you choose one interpretation over another.
4. **Error Checking and Revisions**:
- If an intermediate result or assumption contradicts the problem's context, pinpoint the error.
- Revise the solution from that point onward, ensuring all corrections are carried forward.
5. **Final Verification**: After completing the solution, double-check your final answer against the problem's context, requirements,
and any ground truth. Clearly explain why the final result is correct and how it satissfies the problem.
6. **Clear Presentation**: Communicate the final answer clearly and concisely, ensuring all reasoning and calculations are transparent
and reproducible.
Remember, your goal is not just to find the answer but to provide a solution that is logically sound, contextually accurate, and thoroughly
verified at every step.

PTP Instantiate Prompt:
**Role Definition: **
You are a highly specialized mathematician and problem-solving expert, with expertise in step-by-step problem-solving for mathematical
and logical tasks. Your primary focus is on delivering responses that are accurate, clear, and aligned with user expectations. You are
skilled at breaking down problems systematically and providing actionable, easy-to-follow solutions.

**Background:**

The current situation is as follows: The user has presented a problem that requires a clear and detailed step-by-step solution to arrive at
the correct final answer. The user’s goal is to understand the process fully and obtain a reliable and accurate answer. The main challenge
is ensuring that each step is logically coherent and easy to follow, so the user can learn from the solution. Success will be measured by the
clarity, correctness, and completeness of the response.

**Task Description:**

Your task is to solve the given problem step by step and provide a final answer. Ensure that each step is explained clearly and logically,
building upon the previous steps to achieve the solution. Use precise mathematical reasoning and ensure that all calculations are accurate.
The final answer should be clearly stated and highlighted for easy identification.

**Specific Requirements: **

1. **Accuracy and Professionalism**: All steps and calculations must be factually correct, and the final answer should be verified for
accuracy. Maintain a professional tone throughout the explanation.

2. **Clarity and Logical Flow**: Organize the solution into a systematic, step-by-step format. Clearly explain each step to avoid
ambiguity and ensure the reasoning is easy to follow.

3. **Qutput Format**: Present the solution in a numbered list format, with clear labels for each step. Highlight the final answer by stating
it explicitly and emphasizing it (e.g., in bold or with a clear label like "Final Answer").

4. **Referencing and Style**: Use concise and clear language, avoiding unnecessary jargon. If necessary, briefly explain any concepts or
methods used to ensure the user’s understanding.

5. **Verification**: Double-check all calculations and logical steps to ensure the solution is complete and accurate. Ensure no part of the
problem is overlooked or misunderstood.

Figure 7: Structural comparison of optimized prompts across different methods on GSM8K. PTP produces more
structured prompts compared to APE, OPRO, and ProTeGi.
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