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Abstract

Large Language Models (LLMs) have demon-
strated remarkable capabilities across diverse
natural language processing tasks. How-
ever, their performance often hinges on care-
fully designed prompts, whose creation re-
quires substantial human effort. While nu-
merous automatic prompt optimization tech-
niques have been proposed, existing methods
typically apply the same prompt across all
samples within a dataset, ignoring variation
in sample difficulty. To address these lim-
itations, we propose HIPO, a Hlerarchical
Prompt Optimization framework that shifts the
paradigm from dataset-level to sample-level
optimization. Our framework first employs a
lightweight router model, trained offline, to
predict the difficulty of each sample at test
time. Based on this prediction, HIPO dynam-
ically selects a prompt from a five-tiered hier-
archy, tailoring complexity to sample difficulty.
Furthermore, two refinement stages—7ask De-
scription Prompt Refine and Attribution-Based
Prompt Refine—enhance generalizability and
fine-grained optimization. Extensive exper-
iments on 27 tasks demonstrate that HIPO
outperforms all baselines, achieving state-of-
the-art performance on 25% more tasks than
the strongest baseline. Cost analysis further
demonstrates substantial efficiency gains, re-
ducing API calls, token consumption, and over-
all cost by 1.2x to 80x. Our implementation
is publicly available at https://github.com/
LuQiCode/HIPO.

1 Introduction

Large language models (LLMs) such as GPT-
4 (OpenAl et al., 2024) and DeepSeek (DeepSeek-
Al 2025, 2024) have demonstrated impressive per-
formance across a wide range of tasks (Colombo
et al., 2024; Zhang et al., 2024; Touvron et al.,
2023). Prompting has become the primary mode
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Figure 1: Comparison between dataset-level and sample-
level prompt optimization. More details in Sec. 2.

of interaction between users and these models (Liu
et al., 2023). Carefully designed prompts allow
users to steer model outputs more effectively, mak-
ing prompt engineering a crucial factor in eliciting
desirable results from LLMs (Wang et al., 2023a,b).
However, crafting high-quality prompts often de-
mands significant human expertise, labor, and sub-
jective intuition (Reynolds and McDonell, 2021;
Mishra et al., 2021). As LLMs continue to evolve
rapidly and user tasks become increasingly diverse,
automating prompt engineering has attracted grow-
ing attention as a way to reduce human effort and
improve adaptability (Pryzant et al., 2023; Zhou
et al., 2023).

Automated prompt generation refers to methods
that automatically generate prompts tailored for a
given task, either using LLMs themselves or other
optimization strategies (Lester et al., 2021; Wang
et al., 2022; Shin et al., 2020; Deng et al., 2022a;
Zhang et al., 2022). It has emerged as a key enabler
for applying LLMs to various downstream applica-
tions and also represents a central challenge in the
LLM era (Pryzant et al., 2023; Zhou et al., 2023).
Recent methods have focused on enumerating di-
verse prompts or refining existing ones to optimize
instructions for black-box LLMs (Zhou et al., 2023;
Lin et al., 2024; Chen et al., 2024; Fernando et al.,
2024; Guo et al., 2024; Yang et al., 2024; Wang
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et al., 2024; Ye et al., 2024; Hu et al., 2024; Wu
et al., 2024). These strategies can generally be
categorized into two main types: continuous and
discrete prompt optimization approaches. Contin-
uous methods, such as InstructZero (Chen et al.,
2024) and Instinct (Lin et al., 2024), reformulate
the prompt optimization problem in a continuous
space by leveraging soft prompts. Other continu-
ous approaches, such as ZOPO (Hu et al., 2024),
adopt a local optimization perspective by generat-
ing a large pool of candidate prompts along with
their corresponding embeddings. They then apply
localized zeroth-order optimization to identify lo-
cally optimal prompts. In contrast, discrete meth-
ods, such as APE (Zhou et al., 2023), OPRO (Yang
etal., 2024), PromptBreeder (Fernando et al., 2024)
and EvoPrompt (Guo et al., 2024)—generate di-
verse prompt variants using scoring mechanisms
or through evolutionary and self-referential strate-
gies. However, both continuous and discrete
prompt optimization methods typically apply
the same prompt across all samples within a
dataset, thereby overlooking the varying lev-
els of difficulty among individual samples, as
illustrated in the left part of Fig. 1. Specifically,
for relatively simple instances, this can lead to
over-optimization—resulting in unnecessary com-
putational overhead and, in some cases, even de-
graded performance due to the use of overly com-
plex prompts. Conversely, for more challenging
samples, prompts may be under-optimized, as the
presence of easier examples can cause the optimiza-
tion algorithm to converge prematurely.

To further investigate the aforementioned issues,
we conduct a comprehensive empirical study on
prompt optimization (Sec. 3). Specifically, we
examined the proportions of samples passed and
failed under the base instruction (i.e., the initial in-
struction without any optimization) across three
tasks in the Instruction Induction dataset (Hon-
ovich et al., 2023), as well as the changes in these
proportions after applying discrete prompt opti-
mization APE (Zhou et al., 2023) and continuous
prompt optimization ZOPO (Hu et al., 2024). We
observed that after optimization with either APE
or ZOPO, a significant portion of samples that ini-
tially succeeded under the base instruction began
to fail, while many of the originally challenging
samples continued to fail. This highlights consid-
erable room for further improvement. This finding
supports our hypothesis that existing optimization
algorithms, which focus on dataset-level prompt
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Figure 2: The performance profile for different methods
on 20 instruction induction tasks. A higher p(7) is better.
More details in Sec. 5.

optimization (Sec. 2), can negatively affect simple
samples and lead to degraded performance, while
simultaneously failing to sufficiently optimize com-
plex samples.

Motivated by these insights, we propose a
novel Hlerarchical Prompt Optimization frame-
work (HIPO) (Fig. 4), which achieves substan-
tially improved prompt optimization performance,
as illustrated in Fig. 2. Unlike prior works that
predominantly focus on dataset-level prompt opti-
mization, our approach shifts toward sample-level
optimization, enabling finer-grained optimization
(Fig. 1, where color intensity indicates the level of
difficulty or complexity). Specifically, we classi-
fies prompts into five complexity levels, allowing
samples of varying difficulty to be paired with ap-
propriately complex prompts. Notably, in the sec-
ond level, we introduce heuristic, user-configurable
thinking styles, which enable iterative refinement
of task descriptions and allow HIPO to generalize
across a wide range of natural language processing
tasks. Additionally, in the fifth level, we incorpo-
rate attribution analysis to identify and refine issues
within problem descriptions, thereby enhancing the
overall performance of HIPO.

In summary, our main contributions are as fol-
lows:

o To the best of our knowledge, we are the first to
conduct a thorough empirical study comparing
dataset-level and sample-level prompt optimiza-
tion strategies. Our findings highlight the neces-
sity of shifting from dataset-level to sample-level
optimization to achieve more efficient and effec-
tive prompt optimization (Sec. 3).

e Drawing on the insights gained from our empiri-
cal analysis, we propose HIPO based on sample-
level strategies, which significantly outperforms
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existing baselines in both optimization perfor-
mance and query efficiency (Sec. 4).

e We conduct extensive experiments across a di-
verse set of natural language processing tasks
to validate the effectiveness, scalability, and
low-overhead nature of our proposed framework
(Sec. 5).

2 Problem Formulation

The goal of prompt optimization is to find the tex-
tual prompt p* that achieves the best performance
on a given dataset D when using a given LLM
Mt as the task model. More specifically, as-
sume that all datasets can be formatted as textual
input-output pairs, i.e., D = {(z,y)}. A training
set Dyyqin is provided for optimizing the prompt,
along with a validation set D, for validation and
a test set Dy for final evaluation. Following the
notations in Zhou et al. (2023), the prompt opti-
mization problem can be described as:

>

(x’y)EDt'rain

f(Mtask (1’; p), y)7

(1
where M,k (; p) is the output generated by the
task model when conditioning on the prompt p,
and f is a per-example evaluation function. For
example, if the evaluation metric is exact match,
f(Mtask(x;p)ay) = ]l[Mtask(x;p) = y] After
obtaining p*, it is subsequently evaluated on Dyeg;.
We refer to the optimization strategy defined in
Equation 1 as dataset-level prompt optimization,
as it yields a single optimized prompt for the en-
tire dataset. However, we argue that this paradigm
overlooks the varying levels of difficulty across
individual samples. In practice, it often leads to
over-optimization for easier instances, which re-
sults in unnecessary computational overhead or
even degraded performance, while more challeng-
ing examples may suffer from under-optimization
due to premature convergence. We empirically val-
idate these insights in Sec. 3. Furthermore, to ad-
dress this issue, we propose a new paradigm called
sample-level prompt optimization, which adapts
the prompt to each individual input. We formulate
as follows:

p* = arg max

Py = argmax f(Myase(2;p),y), V(2,y) € Diest.
p

2
In this formulation, the optimal prompt p}. is
determined for each individual input z, allowing

the model to dynamically adapt prompts based on
instance-specific difficulty or characteristics.

3 Empirical Study on Prompt
Optimization

3.1 Motivation and Background

Most prior works on prompt optimization adopt a
dataset-level paradigm (Zhou et al., 2023; Lin et al.,
2024; Chen et al., 2024; Fernando et al., 2024; Guo
et al., 2024; Yang et al., 2024; Wang et al., 2024;
Ye et al., 2024; Hu et al., 2024; Wu et al., 2024)
(Sec. 2), where the goal is to identify a single op-
timized prompt that performs best on a given task
dataset. Specifically, the entire dataset is treated
as a whole, and the optimization process attempts
to find a universal prompt p* that maximizes the
average performance across a validation set. While
this approach has shown promising results in var-
ious benchmarks, it implicitly assumes that all in-
stances in the dataset can be equally well served
by the same prompt. However, this assumption
often fails in practice. Task datasets typically con-
tain instances of varying difficulty. A prompt that
works well for easy examples may not generalize
to harder ones, and vice versa.

3.2 Experimental Setup

We design our empirical study to answer the fol-
lowing question: Does dataset-level prompt op-
timization disproportionately benefit easy exam-
ples while failing to adequately optimize harder
ones? To answer the question, we select three sub-
tasks from the Instruction Induction dataset (Hon-
ovich et al., 2023): antonyms, negation, and
taxonomy_animal. For each subtask, we first es-
timate the difficulty of each sample by evaluating
whether a fixed vanilla prompt p (e.g., “Output the
list of animals.”) can elicit the correct output from
the model. Samples that are correctly answered
under this vanilla prompt are labeled as easy, while
those that are not are labeled as hard, resulting in
two subsets per subtask: easy samples and hard
samples. Next, we follow the dataset-level opti-
mization paradigm described in Equation 1 to de-
rive a single optimized prompt p* for each subtask.
Specifically, we apply both the APE and ZOPO
algorithms to obtain p* based on the full dataset of
each subtask. The evaluation function f is defined
as exact match accuracy, and we use ChatGPT-
3.5-Turbo as the task model My,g. Finally, we
evaluate the performance gain of the optimized
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Figure 3: Proportions of passed and failed samples un-
der the vanilla prompt on three Instruction Induction
tasks, and changes after applying APE (discrete) and
ZOPO (continuous) prompt optimization.

prompt p* over the vanilla prompt p on both the
easy and hard subsets of each subtask. By com-
paring the accuracy improvement (A accuracy) in
these two subsets, We aim to empirically verify
whether dataset-level optimization indeed harms
the performance on easier examples while offering
limited benefits for harder ones.

3.3 Results and Findings

The results, as shown in Fig. 3, reveal that for easy
samples(blue bars), which already achieve perfect
performance under vanilla prompt, the use of opti-
mized prompts often leads to performance degrada-
tion. This holds true regardless of whether the opti-
mized prompt is produced by a discrete or contin-
uous optimization algorithm. For instance, the in-
struction optimized by APE results in performance
drops across all three datasets, with a notable de-
cline of 15% observed on the antonyms task. A
similar pattern is observed for the instruction op-
timized by ZOPO. In contrast, hard samples(grey
bars), which have more room for improvement,
benefit less from dataset-level optimization. Specif-
ically, many samples that fail under the vanilla
prompt continue to fail even after applying prompts
optimized by APE or ZOPO. These findings indi-
cate existing optimization algorithmms, which focus
on dataset-level prompt optimization (Sec. 2), may
harm simple samples by degrading their perfor-
mance, while failing to adequately improve the
performance on complex ones.

4 The Methodology

Inspired by the insights established in Sec 3, we
propose HIPO, a hierarchical prompt optimization
framework designed to tailor prompt complexity
to individual sample difficulty. HIPO employs a
two-stage process: an offline training stage for

a difficulty router and an online inference stage
for efficient, sample-aware prompt generation, as
shown in Fig 4.

4.1 HIPO Framework Design

The core objective of HIPO is to select the most
appropriate prompt for each sample, balancing be-
tween avoiding over-optimization on easy cases
and enhancing performance on hard ones. To this
end, we design five levels of prompting, each tai-
lored to different sample complexities. A repre-
sentative example from a code generation task is
shown in Fig. 5 to illustrate the layered architec-
ture.

The five distinct levels of prompt complexity
in HIPO are grounded in Bloom’s taxonomy of
human cognitive functions (Bloom et al., 1956),
which organizes cognitive processes into six hierar-
chical dimensions in ascending order of complex-
ity: Remembering, Understanding, Applying, An-
alyzing, Evaluating, and Creating. HIPO system-
atically evaluates the extent to which each prompt
level influences these cognitive dimensions and
defines the five prompt levels in the following or-
der: Level 1: Expert Profile Prompting, Level 2:
Task Description Prompting, Level 3: Few-shot
Chain-of-Thought (CoT) Prompting, Level 4:
Generated Knowledge Prompting, and Level 5:
Attribution-based Prompting (see more details
in Appx. A). These levels are designed to progres-
sively engage deeper cognitive processes.

4.1.1 Task Description Prompt Refine

This stage aims to iteratively refine the task descrip-
tion through a systematic, feedback-driven process.
Specifically, the refinement procedure consists of
the following four key modules:

(1) Mixing & Mutate Module: Given an ini-
tial task description, this module generates a set
of prompt variations by combining the original in-
struction with user-defined heuristic thinking styles
(see more details in Appx. E). These heuristics
guide the LLM to reinterpret or reframe the task
from diverse perspectives, resulting in richer and
more instructive prompt candidates. These are then
passed to the next module as candidate prompts.

(2) Scoring Module: This component evaluates
each candidate prompt based on its performance
over a randomly sampled mini-batch of 5 train-
ing examples with known ground truths. Specifi-
cally, the prompt that successfully solves the high-
est number of training examples in the mini-batch

19931



Jser Task

N 1 Expert Profile '/

Task Description Prompt Refine - \
=

/
R /
[Task Description] ,l, Prompting e 5 _&
Complete the ! ," I\ifnlo N|= Step2 Random Mini batch of
following code. .. '.’ / ot Scoring K Examples
[Thinking styles] i / &Muiale]
[Optional]...... |====—u- ! /s N Mutated
[Problem Description] ! £ Task Description Task Descriptions
‘Write a python H 2T v
function to identify ! ;Sk De:;rll; o TH ]0“‘tPU1 the o Mutated Task Description | Passed Examples
5 1 roms efine ighest-scoring One
non-prime numbers. ! P . First, outline the logical. .. 2
! AN Stepd = Step3
N : 3 < { i
! \\ s Re;c;n:g ) - Feedback Break down the coding ... 4
N Same K Example: y
[Task Description] . Regularly evaluate and ... 3
3 N Improved
Complete the w "
3 = 3 Task Descriptions
following code... = Few-shot CoT
[Thinking styles] | ______ : Prompt Complexi 1
[Optional]...... 8 Prompting P P ty
[Problem Description] - - Attribution-Based Prompt Refine
‘Write a function to o .
find the perimeter of /’ Problem Description 2@ Bug” Prompt Localization
a square. J 0
! e 1
/ i
4  Generated / Stepl ® - f=d)
Knowledge 7 Attribution il Problem Description ]—'[Dehugger "H “Bug” Information ]
[Task Description] Prompting 7 RN H
Complete the K RN
following code... / ~
[Thinking styles] ~ |—emameme LT “Bug” Prompt Fix
[Optional]...... T ®
i e w * {Brovm oweimin d
s . ! - Improve
split a string at Refinement N ] Refiner 6;4 I Problem Description
lowercase letters. ) S i R
e S s Il “Bug” Information
----- N,

Figure 4: Overview of our framework’s architecture. In an offline stage, we leverage our five-level prompt hierarchy, ranging
from simple Expert Profiles to complex Attribution-based Refinement, to generate training data. This data is used to train a
lightweight router model capable of predicting sample difficulty. In the online inference stage (depicted here), the router
receives a problem description and directly predicts the optimal complexity level. HIPO then constructs a single, targeted prompt
corresponding to that level for efficient, non-iterative execution. This design enables sample-aware prompt optimization.

Hierarchical Prompt Structure

You are a seasoned software engineer with a strong background in algorithm design and
computational problem-solving. You specialize in creating efficient......

@Expert Profile

Complete the provided code, first ensure a deep of the problem

and expected output. Break the problem into smaller parts and draft pseudocode. ... @Task Description

def order_by._points(nums):

Sorts a list of integers based on the sum of their absolute digits (ignoring signs),

5 5 Lo @Demonstration Examples
and in case of ties, preserves their original order.

return sorted(nums, key=lambda x: (sum(map(int, str(abs(x)))), nums.index(x)))

The function order_by_points(nums) sorts a list of integers by the sum of the digits of their

absolute values in ascending order. If multiple numbers. ... @Generated Knowledge

def order_by_points(nums):

Write a function which sorts the given list of integers in ascending order according to the
sum of their digits. Note: if there are several items with similar sum of their digits, order
them based on their index in original list.

For example:

>>> order_by_points([1, 11, -1, -11, -12]) == [-1, -11, 1, -12, 11]

(®Problem Description
(Specific Sample Need
To Be Solved)

Figure 5: Illustration of the five-level prompting strate-
gies in a code generation task.

is selected as the best-performing candidate. The
scoring mechanism can be task-specific or use an
LLM-based evaluator. Both approaches are sup-
ported. The use of randomly sampled mini-batches
enhances the robustness of evaluation and avoids
overfitting to a fixed set of examples.

(3) Feedback Module: If the best-performing
prompt fails to pass all examples in the mini-batch,
the failed examples are recorded. For code genera-
tion tasks, this includes error messages; for other
NLP tasks, it involves logging mismatches with the
ground truth. These failure cases are then provided
as additional context to the LLM, which is tasked

with further refining the current task description.

The resulting refined prompts are appended to the

candidate instruction pool for re-evaluation.

(4) Rescoring Module: Finally, the newly gen-
erated candidate prompts from the feedback loop
are re-evaluated using the same scoring procedure
as in Step (2). The most effective task description
is then selected based on its overall performance,
concluding the iterative refinement process.

4.1.2 Attribution Based Prompt Refine

This stage aims to refine problem descriptions via a
two-step, attribution-driven process to improve clar-
ity, specificity, and instructional effectiveness. The
core assumption is that prompts, like traditional
programs for computers, can be seen as “programs’
for language models. This stage first identifies po-
tential “bugs” in the prompt through attribution
analysis, then applies targeted refinements accord-
ingly. It consists of two main components:

(1) Attribution Module: Given a raw problem
description (Fig. 5), this module identifies salient
and influential components—typically key words
or phrases—that significantly impact the model’s
output (see App. F). Instead of relying on gradients,
we adopt a black-box, model-consistent strategy:
the LLM itself is asked, via carefully designed
meta-prompts, to introspect and verbalize which
parts of the prompt most likely influence its own
reasoning. This reflective querying approach draws
on the LLM’s internal alignment between linguistic

’
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cues and output behavior, enabling reliable attribu-
tion without requiring access to internal states.

(2) Refinement Module: Using an LLM as the
refiner, this module improves the original problem
description based on the identified attributed com-
ponents. It performs targeted edits to enhance the
instruction (see details in Appx. F). The result is a
optimized version of the original problem descrip-
tion instruction. By grounding refinement in attri-
bution, this process ensures changes are purposeful
and semantically aligned with the problem’s core
intent.

4.2 Offline Stage: Training the Router

The core of our efficient sample-level assignment
is a lightweight router model. The purpose of this
model is to learn a mapping from a given sample
to one of the five complexity levels in our HIPO
hierarchy. To achieve this, we first need to generate
a training dataset where each sample is labeled with
its “optimal” prompt level.

We generate these labels by running our full
HIPO pipeline on the training set. For each training
sample, we iteratively apply prompts from Level
1 to Level 5. After each level, we use the ground-
truth label to check if the generated output is cor-
rect. The first level at which the sample is solved
correctly is recorded as its optimal complexity la-
bel. This process yields a labeled dataset of the
form {(x,y:, 1)} Y, where ; is the input sample,
y; is its ground-truth output, and [; € {1,2,3,4,5}
is its optimal HIPO level.

Using this labeled data, we then train a simple
yet effective text classification model as our router.
The router takes a new, unseen sample as input and
predicts its required prompt complexity level, [,.cq.

4.3 Online Stage: Sample-Aware Inference

At test time, the HIPO execution flow is highly ef-
ficient. An unseen test sample is first passed to our
pre-trained router model to predict the necessary
prompt complexity level, l,..q. The framework
then constructs a single, targeted prompt by cu-
mulatively combining all components from Level
1 up to the predicted level l),.q. Finally, this tai-
lored prompt is used with the task model (Mqg1)
to generate the final answer.

S Experiments

5.1 Datasets and Baselines

We evaluate the effectiveness of HIPO on a total
of 27 tasks, including 20 tasks from the Instruction
Induction benchmark (Honovich et al., 2023), 2
code generation tasks: HumanEval (Chen et al.,
2021) and MBPP (Austin et al., 2021), 2 senti-
ment analysis tasks: SST-2 (Socher et al., 2013)
and SST-5 (Socher et al., 2013), and 3 arithmetic
reasoning tasks: GSMS8K (Cobbe et al., 2021),
AQUARAT (Ling et al., 2017), and SVAMP (Patel
et al., 2021).

We compare HIPO against seven representa-
tive state-of-the-art (SOTA) methods, covering
both continuous and discrete prompt optimiza-
tion approaches: Instinct (Lin et al., 2024), In-
structZero (Chen et al., 2024), ZOPO (Hu et al.,
2024), PromptBreeder (Fernando et al., 2024), Evo-
Prompt (Guo et al., 2024), APE (Zhou et al., 2023),
and OPRO (Yang et al., 2024). Specifically, for the
Instruction Induction benchmark, we use the per-
formance profile (Dolan and Moré, 2002), defined
in Appx. C.1, as the overall evaluation metric that
measures the frequency (i.e., p(7)) of a method
within some distance (i.e., 7) from the highest ac-
curacy achieved by any method.

5.2 Implementation Details

We conduct experiments using both proprietary and
open-source large language models. For the propri-
etary model, we use ChatGPT-3.5-Turbo to ensure
fair comparison and budget cost. For the open-
source counterpart, we adopt DeepSeek-V3. All
evaluations are conducted on the full test sets of
each dataset (see more details in Appx. C.2). To en-
sure robustness, we report the average performance
over three independent runs. Specifically, we limit
the number of thinking styles to 5 and use a mini-
batch size of 5 training examples during prompt
scoring and refinement.

5.3 Experimental Results And Analysis

Superior performance of HIPQ. For better com-
parison, we follow the experimental setup of Lin
et al. (2024) and report results on 20 challenging
tasks. All experiments are conducted using the
same black-box LLM (GPT3.5Turbo) under a zero-
shot setting, ensuring fair and consistent compar-
isons across all methods. As shown in Table 1,
HIPO outperforms all baselines, achieving the high-
est accuracy on 14 out of 20 tasks (70%), compared
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Table 1: Average test accuracy achieved by the best instruction generated by different SOTA algorithms on 20
instruction induction tasks. We bold the highest accuracy when comparing HIPOgpr with baseline methods. Note:

“GPT” refers to ChatGPT-3.5-Turbo.

Tasks APE InstructZero INSTINCT EvoPrompt PB OPRO ZOPO ‘ HIPOgpr
antonyms 63.7 827 84.7 84.0 78.0 79.0 85.2 88.0
auto_categorization 25.0 25.7 25.0 31.0 24.0 24.0 32.7 33.0
auto_debugging 29.2  37.5 29.2 33.0 25.0 37.5 41.7 50.0
cause_and_effect 57.3 81.3 58.7 84.0 82.7 82.7 94.7 68.0
common_concept 6.9 8.6 21.3 11.1 10.9 8.6 23.5 3.3
diff 67.3  69.3 100.0 27.3 71.3  100.0 100.0 100.0
informal_to_formal 57.4 53.1 55.3 51.6 54.2 48.0 61.3 32.6
letters_list 100.0 59.0 100.0 100.0 99.3 99.7 100.0 100.0
negation 75.3 177 81.7 86.0 70.7 73.3 86.3 64.0
object_counting 36.3  36.0 34.0 55.0 29.3 36.0 52.3 67.0
odd_one_out 63.3 61.3 70.0 10.0 66.7 47.3 32.0 76.0
orthography_starts_with 45.7  50.7 66.7 15.0 59.8 33.5 56.5 68.0
rhymes 15.7  100.0 100.0 59.7 45.0 23.0 100.0 20.0
second_word_letter 74.7  43.3 10.0 24.7 88.7 86.7 25.7 100.0
sentence_similarity 0.0 0.0 14.0 2.0 0.0 2.7 7.6 20.0
sum 67.3  100.0 100.0 100.0 98.3 100.0 100.0 100.0
synonyms 36.0 27.7 30.7 40.3 36.3 40.0 43.3 37.5
taxonomy_animal 34.7 717 85.7 83.0 29.7 30.0 90.0 96.0
word_sorting 33.0 31.0 51.3 48.0 45.7 50.3 60.0 74.0
word_unscrambling 44.0  55.0 63.3 51.3 51.0 61.3 59.3 69.0

Table 2: Generalization results of HIPO across multiple
datasets and task domains. Evaluation metrics for dif-
ferent tasks are detailed in Appx. C.1.

Task Dataset Orig. HIPO Imp.
HumanEval 92.6 100 +7.4

Code Generation MBPP 84.2 92.5 +8.3
Average 884 963 +7.9
SST-2 947 959 +1.2

Sentiment Analysis SST-5 54.8 68.6 +13.8

Average 748 823 475

GSMSK 928 957 429
AQUARAT 88.6 89.8  +1.2
SVAMP 947 950 403

Average 92.0 935 +1.5

Arithmetic Reasoning

to ZOPO’s 9 tasks (45%). Moreover, HIPO attains
the best performance profile across varying 7 val-
ues (Fig. 2), further demonstrating its robustness.
Generalization of HIPO. In real-world appli-
cations, the generalizability of automatic prompt
optimization algorithms is critical for their practi-
cal adoption. To evaluate the robustness and task-
level generalization capability of HIPO, we con-
duct experiments on seven datasets spanning three
representative task domains: two code generation
datasets, two sentiment classification datasets, and
three arithmetic reasoning datasets. Due to bud-
get constraints, we evaluate HIPO only under the
DeepSeek-V3 backbone. As shown in Table 2,

Table 3: Cost analysis of various prompt optimization
methods, averaged per task across the 20 tasks in the In-
struction Induction benchmark. HIPO achieves compet-
itive performance with the lowest API calls and overall
cost.

Method API Calls Total Tokens Cost($)
APE 757 3.8M 7.6
InstructZero 1730 0.11M 0.23
INSTINCT 1730 0.11M 0.23
EvoPrompt 5000 0.4M 0.8
PB 18600 1.49M 29
ZOPO 1514 7.6M 15.2
HIPO 681 0.09M 0.19

HIPO improves performance across all evaluated
datasets.

Cost Analysis of HIPO. While achieving high
accuracy is essential, the efficiency of prompt gen-
eration is equally critical for real-world applica-
tions. To this end, we perform an in-depth cost
analysis showing that HIPO not only achieves su-
perior accuracy compared to baseline methods, but
also incurs minimal computational overhead. Our
evaluation includes metrics such as the total num-
ber of API calls, tokens processed, and estimated
cost.

As shown in Table 3, HIPO requires the fewest
API calls among all methods, consumes the least
number of tokens, and achieves a cost that is 1.2x to
80x cheaper compared to continuous methods like
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Table 4: Ablation study showing performance after
progressively adding each prompt level in the HIPO
pipeline.

Configuration II MBPP SST-5 GSMSK
Base (no prompt levels) ~ 50.6  84.2 54.8 92.8
wi/ levell 58.0 842 54.9 93.6
w/ levell+2 614 878 62.9 94.7
w/ level 14243 663 908 67.6 95.6
w/ levell+2+3+4 66.8 923 68.1 95.6

w/ level14+243+4+5 (full) 67.9  92.5 68.6 95.7

INSTINCT, InstructZero, and ZOPO, and 4x to 40x
cheaper compared to discrete methods like APE,
EvoPrompt, and PB—highlighting its practicality
and cost-effectiveness.

5.4 Ablation Study

We conducted an ablation study to assess the incre-
mental impact of each prompt level in HIPO. Start-
ing from a base configuration, we progressively
added each level and evaluated performance on In-
struction Induction (20 tasks), MBPP, SST-5, and
GSMSK. As shown in Table 4, each added level
consistently improves performance, validating the
effectiveness of the hierarchical design.

6 Related Work

Continuous Prompt Optimization. Continuous
methods such as InstructZero (Chen et al., 2024)
and Instinct (Lin et al., 2024) treat prompt opti-
mization as a continuous learning problem by us-
ing soft prompts, which are trainable embeddings
prepended to inputs to guide open-source LLMs.
These methods often adopt feedback-driven strate-
gies like Bayesian optimization or neural networks
to iteratively refine the prompt vectors. ZOPO (Hu
et al., 2024) offers a more efficient alternative by
encoding discrete prompts with model embeddings
and using a Neural Tangent Kernel-based Gaussian
Process to guide zeroth-order optimization toward
locally optimal, high-performing regions. While
these approaches offer flexibility and adapt well to
specific models, they face key limitations: (i) addi-
tional training incurs high computational costs, (ii)
soft prompts lack interpretability, reducing trans-
parency, and (iii) in complex reasoning tasks, the
unclear link between embeddings and performance
often leads to inconsistent results.

Discrete Prompt Optimization. Discrete
prompt optimization aims to improve prompt qual-
ity by manipulating token sequences, which is espe-
cially relevant for black-box LLMs that only accept

textual (i.e., discrete) inputs. A common approach
is to generate multiple candidate prompts and select
the best through heuristic or search-based strategies.
Early work (Deng et al., 2022b; Zhang et al., 2023)
used reinforcement learning to optimize prompts
based on LLM output distributions. However, such
methods are less applicable to black-box APIs (e.g.,
ChatGPT), where internal distributions are inacces-
sible. To address this, newer approaches avoid
reliance on internals. Zhou et al.(Zhou et al., 2023)
use a Monte Carlo framework to iteratively re-
sample and select candidate prompts, while Evo-
Prompt(Guo et al., 2024) and PromptBreeder (Fer-
nando et al., 2024) apply model-free evolutionary
algorithms with mutations and crossovers, guided
by meta-prompts. Other innovations include im-
plicit optimization methods: OPRO (Yang et al.,
2024) evaluates prompts on fixed datasets to drive
refinement, and Pryzant et al. (Pryzant et al., 2023)
guide LLMs to perform gradient-like refinements
implicitly. While effective, these methods often
require many queries and rely on powerful LLMs
like GPT-3.5, making them resource-intensive.

7 Conclusion

We introduce HIPO, a framework for dynamic,
sample-level prompt engineering that uses an
offline-trained router for efficient inference. Ex-
periments show HIPO outperforms state-of-the-art
methods and is 1.2x to 80x more cost-effective.
Future work could extend this approach to other
modalities, such as image and speech generation.

8 Limitations

While HIPO demonstrates consistent improve-
ments in both performance and efficiency, we note
several limitations that suggest directions for future
work.

First, the effectiveness of the framework depends
on the quality of the lightweight router model. Al-
though the router is inexpensive to train and per-
forms robustly in our experiments, its predictions
may be affected by the diversity and coverage of
the offline training data. Improving the router with
richer supervision signals or more adaptive training
strategies could further enhance routing accuracy.

Second, HIPO relies on a fixed hierarchical
prompt structure with a predefined number of com-
plexity levels. While this design is simple and ef-
fective across a wide range of tasks, more flexible
or adaptive prompt hierarchies may better capture
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task-specific characteristics. Exploring automatic
ways to adjust the number or form of prompt levels
is a promising direction for future research.
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A Cognitive Theory

According to Bloom’s Revised Taxonomy of the
Cognitive Domain (Bloom et al., 1956), cognitive
processes are categorized into six hierarchical lev-
els: Remembering, Understanding, Applying,
Analyzing, Evaluating, and Creating. Higher lev-
els in this hierarchy represent increasing levels of
cognitive complexity. The six cognitive dimensions
are described as follows:

* Remembering: Retrieving relevant knowl-
edge from long-term memory. For exam-
ple, recalling the dates of important historical
events or identifying the components of a bac-
terial cell. Common verbs include cite, define,
describe, identify, list, and recall.

Understanding: Constructing meaning from
instructional messages through interpretation,
classification, comparison, inference, and
other processes. For instance, classifying
types of diseases or comparing rituals of dif-
ferent religions. Typical verbs include classify,
compare, contrast, explain, paraphrase, and
summarize.

Applying: Using learned information or pro-
cedures in new situations. For example, ap-
plying Newton’s First Law to solve a physics
problem or performing multivariate statistical
analysis on a new dataset. Associated verbs in-
clude apply, calculate, demonstrate, execute,
solve, and use.

Analyzing: Breaking material into constituent
parts and determining how the parts relate to
one another and to an overall structure or pur-
pose. This might involve analyzing relation-
ships between organisms in an ecosystem or
between characters in a story. Common verbs
include analyze, break down, categorize, com-
pare, connect, and differentiate.

Evaluating: Making judgments based on cri-
teria and standards. Examples include detect-
ing inconsistencies in a process or assessing
whether a scientific conclusion is supported by
data. Frequently used verbs are assess, com-
pare, criticize, evaluate, judge, and justify.

Creating: Putting elements together to form
a novel, coherent, or functional whole, or reor-
ganizing elements into a new pattern or struc-
ture. This includes designing an original piece

of art, writing a report, or proposing a new
hypothesis. Suitable verbs include assemble,
build, create, design, develop, and generate.

In HIPO, we define five levels of prompting
complexity, each mapped to different degrees of
cognitive engagement based on Bloom’s taxonomy:
Remembering, Understanding, Applying, Ana-
lyzing, Evaluating, and Creating. The complexity
of each prompt level is determined by the breadth
and depth of its impact across these six cognitive
dimensions.

Level 1: Expert Profile Prompting. This level
defines the role or domain expertise of the language
model (e.g., ““You are a math teacher”). It is pri-
marily contextual and does not actively stimulate
higher-order cognitive functions. While it can pro-
vide subtle priming effects, it does not significantly
require the model to engage in any of the six dimen-
sions. Hence, its cognitive influence is minimal,
and it represents the lowest complexity prompt.

Level 2: Task Description Prompting. This level
involves presenting a high-level description of the
task objectives, expectations, and constraints. Its
primary impact is on:

* Understanding: By providing an explicit de-
scription of what is to be done, the prompt helps
the model grasp task semantics, clarify ambi-
guity, and align its behavior with task intent.

* Applying: Task descriptions serve as an op-
erational guide for the model, directing it to
perform specific actions in accordance with the
described requirements.

Level 3: Few-shot Chain-of-Thought (CoT)
Prompting. This level leverages in-context ex-
amples that guide the model to reason through
problems step-by-step. Following Yasunaga et al.
(2024), it includes analogical problem examples
and their solutions. The cognitive demands here
include:

* Applying: The model must generalize from
in-context examples and apply learned patterns
to new inputs.

* Analyzing: CoT prompts require the model
to decompose problems, establish intermediate
reasoning steps, and draw logical inferences.
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Compared to Level 2, this form of prompting in-
creases complexity by introducing structured rea-
soning, thus engaging deeper levels of cognition.

Level 4: Generated Knowledge Prompting.
Inspired by Liu et al. (2022), this level en-
hances prompts by incorporating external or model-
generated factual or conceptual knowledge. This
knowledge serves as scaffolding to support infer-
ence and address knowledge gaps. Its primary im-
pact is on:

* Analyzing: The model must integrate exter-
nal knowledge with task context and extract
relevant information.

* Evaluating: It is also required to assess the rel-
evance and correctness of injected knowledge
before using it in downstream reasoning.

By introducing new, non-trivial knowledge com-
ponents, this level increases the model’s need to
reason with, critique, and synthesize new informa-
tion, thereby deepening cognitive engagement.

Level 5: Attribution-based Prompting. As the
most sophisticated prompting strategy, this level
dynamically refines problem phrasing by identify-
ing and modifying its most influential components
via attribution analysis (See Sec. 4.1.2). This al-
lows for precise, feedback-driven prompt iteration.
It engages all six cognitive dimensions, especially:

* Evaluating: The model must judge which parts
of the prompt contribute most to performance,
based on internal attribution signals or external
metrics.

* Creating: It synthesizes revised prompts that
incorporate insights from attribution, enabling
problem redefinition or reformulation in a more
effective form.

This level emphasizes meta-level reasoning, self-
reflection, and adaptive improvement, marking it
as the highest in prompt complexity.

In summary, the ascending order of our prompt
levels reflects a gradual increase in cognitive en-
gagement. Lower levels set context and ensure
basic understanding, while higher levels require
reasoning, critical evaluation, and creative reformu-
lation—mirroring the progression of complexity in
human learning tasks.

B Dataset details

B.1 Instruction Induction Dataset details

Table 5 presents 20 challenging tasks selected from
the Instruction Induction dataset, along with their
corresponding task descriptions. Instruction In-
duction is a widely used benchmark, and the se-
lected tasks cover a broad range of language under-
standing abilities. Notably, they include all nine
tasks from the BigBench-Hard subset. Specifi-
cally, the selected tasks span emotional understand-
ing, context-free question answering, reading com-
prehension, summarization, algorithmic reasoning,
and various types of reasoning tasks (e.g., arith-
metic, commonsense, symbolic, and other forms of
logical reasoning). We selected tasks for which the
data is publicly available.

B.2 Code Generation Dataset details

We conduct experiments on three representa-
tive code generation benchmarks, including Hu-
manEval and MBPP, both in Python. The details
of these benchmarks are as follows:

* HumanEval (Chen et al., 2021) is a Python
function-level code generation benchmark
consisting of 164 hand-crafted programming
problems. Each problem includes an English
description, a function signature, and a set of
test cases, with an average of 7.7 test cases
per problem.

* MBPP (Austin et al., 2021) is another Python
function-level benchmark comprising 974
problems that cover simple numeric manip-
ulations and basic usage of standard libraries.
Each problem is defined by an English require-
ment, a function signature, and three manually
written test cases used for evaluation.

B.3 Sentiment Analysis Dataset details

We also evaluate our method on two widely-used
sentiment analysis benchmarks: SST-2 and SST-5.
The details of these datasets are as follows:

* SST-2 (Socher et al., 2013) is a binary senti-
ment classification benchmark derived from
the Stanford Sentiment Treebank. Each sen-
tence in the dataset is labeled as expressing
either positive or negative sentiment. It con-
sists of 67,349 training examples and 872 test
examples.
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Table 5: Instruction Induction Dataset

Task

Description

antonyms
auto categorization

auto debugging
cause and effect
common concept

diff
informal to formal

letters list
negation

object counting
odd one out

orthography starts with

rhymes

second word letter
sentence similarity
sum

synonyms

Make the pairs of words opposite.

Create a list of things that the input could be associated with, and the output would be the
category that the input belongs to

Identify and fix bugs in a given program, or provide the final output if no bugs are found
identify the sentence that is the cause of the effect in the input sentence pair

“involve” the objects mentioned in the input, so the answer would be “involve oscillations”
for the input “guitars, pendulums”

Find the difference between the two numbers

convert the input sentence into an output sentence that is grammatically correct and idiomatic
in English

output the input with a space after each letter

make the output false by adding the word “not” to the input

output the number of objects in the input list

find the word that is most dissimilar to the others in the group

output the word that starts with the letter that was inputted

output the first word that appeared in the input text

takes a string as input and returns the first character that is a vowel.

Find the difference between the two sentences and the output was 4 - almost perfectly

add the numbers of the two input numbers

create a list of words that could be used in the same way as the original words

taxonomy animal
word sorting
word unscrambling

output the name of an animal that starts with the letter
sort the input words alphabetically
output the word that is formed by rearranging the letters of the given word

* SST-5 (Socher et al., 2013) is a fine-grained
sentiment classification task that extends SST-
2 by categorizing sentences into five sentiment
labels: very negative, negative, neutral, posi-
tive, and very positive. The dataset contains
8,544 training examples and 2,210 test exam-
ples.

B.4 Arithmetic Reasoning Dataset details

We further evaluate our method on arithmetic rea-
soning tasks using three representative datasets:
GSMB8K, AQUARAT, and SVAMP. The details
of these datasets are as follows:

e GSMSK (Cobbe et al., 2021) is a collection of
8.5K high-quality, linguistically diverse grade
school math word problems written by human
annotators. Each problem requires a step-by-
step solution leading to a final integer answer.
The dataset contains 7,473 training examples
and 1319 test examples.

* AQUARAT (Ling et al., 2017) is a large-scale
dataset comprising approximately 100,000 al-
gebraic word problems. Each solution is ex-
plained step-by-step using natural language,

which makes it suitable for evaluating both
reasoning ability and interpretability. The
training set includes 97,467 examples and the
test set includes 254 examples.

SVAMP (Patel et al., 2021) is designed to
test arithmetic reasoning on elementary-level
problems by introducing simple variations to
existing math word problems. It contains one-
unknown arithmetic questions up to grade 4
level. The dataset consists of 700 training
examples and 300 test examples.

C Details of Experimental Settings

C.1 Evaluation Metrics

For the Instruction Induction datasets, following
prior works (Zhou et al., 2023; Lin et al., 2024; Hu
etal., 2024), we use the F1 score for tasks including
common_concept and informal_to_formal; we use
the exact set matching for orthography_starts_with
and taxonomy_animal; we use the set containing
for synonyms; we use the exact matching metric for
the rest of instruction induction tasks; and we use
the accuracy metric for the arithmetic reasoning
datasets.
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Table 6: Test dataset sizes across different benchmark datasets

Datasets

Test dataset size

Instruction Induction [’auto debugging’, *cause and effect’, ’common concept’, informal to formal’,’odd one out’]

8,25, 16, 15,50

Instruction Induction all except [auto debugging’, ’cause and effect’, ’common concept’,’ informal to formal’,’odd one out’] 100

HumanEval
MBPP
SST-2
SST-5

GSMS8k

AQUARAT

SVAMP

164
974
872
2210
1319
254
300

Given the large number of subtasks in this bench-
mark, we also use the performance profile (Dolan
and Moré, 2002) as the evaluation metric that mea-
sures the frequency (i.e., p(7)) of a method within
some distance (i.e., 7) from the optimality achieved
by any method, defined below

1 *
pm(T) = ]| {mell:rz —ram <7} ()

where 1I is the set of all tasks, rr ,, is the accu-
racy of method m on task 7, and 7 = max{ry , :
Vm € M} is the best performance achieved by any
method in M on task 7. Specifically, p(0) repre-
sents the number of tasks where a method achieves
the best performance. In this curve, the x-axis (7)
represents the performance ratio relative to the best-
performing method, and the y-axis (p(7)) reflects
the fraction of tasks where a method’s performance
is within this ratio.

For code generation tasks, we use Pass@1 as
the evaluation metric. For sentiment analysis and
arithmetic reasoning tasks, we use accuracy as
the evaluation metric.

C.2 Test Dataset Sizes Across Different
Benchmarks

The test dataset sizes used in our experiments
across different benchmarks are presented in Ta-
ble 6 and correspond to the results reported in
Sec. 5.3. For all datasets, during the scoring stage
described in Sec. 4.1.1, we randomly sample 5
examples from the training set as demonstrations.
Apart from this, HIPO does not require any addi-
tional training data.

C.3 Implementation Details

In the experiments presented in Table 1 of Sec. 5.3,
we employ ChatGPT-3.5-Turbo (accessed via the
OpenAl API) as the black-box model to ensure a

fair comparison with seven other baseline methods.
HIPOgpr represents the performance of HIPO eval-
uated on 20 datasets using ChatGPT-3.5-Turbo. In
Table 1, we include the results of seven baseline
methods as reported by Hu et al. (Hu et al., 2024),
who also use ChatGPT-3.5-Turbo as the black-box
model.

In the experiments shown in Table 2 and Ta-
ble 4 of Sec. 5.3, to reduce computational costs,
we chose the more budget-friendly DeepSeek-V3-
250324 as black-box model, whose input price is
approximately $0.278 per 1M tokens and output
price is approximately $1.111 per 1M tokens. Note:
For comparison, the price of ChatGPT-3.5-Turbo
is about $0.50 per 1M input tokens and $1.50 per
1M output tokens.

C.4 Details on Compute Resources

All experiments are conducted on a server equipped
with dual Intel(R) Xeon(R) Gold 5218 CPUs (32
cores, 64 threads in total) and two NVIDIA A100-
SXM4-80GB GPUs (160GB total GPU memory).
We mainly perform prompt optimization on the
GPT-3.5-Turbo model (for which OpenAl charges
USD $0.5 per 1M tokens for input and USD $1.5
per 1M tokens for output) and the DeepSeek-V 3-
250324 model (for which Volcengine charges USD
$0.278 per 1M tokens for input and USD $1.111
per 1M tokens for output). The execution time
of our algorithm on each prompt optimization
task (e.g., any task from the 20 Instruction Induc-
tion tasks, as well as tasks involving code genera-
tion, sentiment analysis, and arithmetic reasoning)
varies depending on the number of examples in
the dataset, the complexity of the task, and the re-
sponse speed of the OpenAl or Volcengine APIs.
For simpler datasets, our method may complete
within a few minutes, whereas for more complex
datasets, it may take 20-30 minutes or longer.
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D Discussion of potential risks

While our proposed HIPO framework significantly
enhances the efficiency and effectiveness of prompt
optimization, it shares potential risks associated
with automated prompt engineering technologies.
First, there is a possibility of misuse; the ability to
automatically refine and optimize prompts could
theoretically be exploited to generate adversarial
inputs or “‘jailbreak” prompts designed to bypass
the safety alignment of Large Language Models
(LLMs), potentially eliciting harmful or unethical
content. Second, the framework relies on the in-
herent capabilities of the underlying task model
and the router’s training data. Consequently, any
biases present in the training samples or the base
LLM may be preserved or even amplified during
the optimization process. We believe that future re-
search should explore integrating safety constraints
and alignment objectives directly into the prompt
optimization loop to mitigate these risks.
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E Thinking Styles

The thinking styles used by HIPO in the tasks of Code Generation, Sentiment Analysis, and Arithmetic
Reasoning are listed as follows:

Thinking Styles for Code Generation

"Before completing the code, you should first write the function

implementation process in pseudocode. At the same time, be sure to analyze
the test cases in the specific problem. Based on the analysis of the test
cases, complete the code.”

"Before completing the code, you should first write the function
implementation process in pseudocode. This pseudocode may include
sequential, branch, and loop structures, and then complete the code.”

"Break down the coding problem into smaller, manageable parts. Identify core
components and focus on solving one part at a time."

"Begin by clearly understanding the problem requirements and constraints.
Create a step-by-step plan before diving into the actual coding."”

"Use comments to outline the structure of your code before writing the
implementation. This helps clarify your logic and ensures you cover all
necessary components."”

Thinking Styles for Sentiment Analysis

"Focus on the emotional tone and intensity in the text. Think about whether
the sentiment is strongly expressed or mild, and whether it is positive,
negative, or neutral. This helps in distinguishing between 'very positive
', 'positive', and so on."

"Pay close attention to context and nuance. A word that seems negative might
be used sarcastically or affectionately, depending on the context.
Interpreting subtle emotional cues is key to fine-grained sentiment
classification.”

"Imagine how a human reader would feel after reading the text -- angry,
indifferent, happy, extremely pleased, etc. Map that feeling to one of the

sentiment categories. Empathizing with the text helps guide
classification.”

"Look at both individual emotional keywords and the overall structure of the
sentence or paragraph. Are the negative words dominant, or are they
outweighed by positive framing? Use the overall balance to decide the
label.”

"Think of the sentiment categories as a scale. Place each piece of text
somewhere along that scale by estimating its emotional weight--not just
whether it is positive or negative, but how much.”

Thinking Styles for Arithmetic Reasoning

"Break down the problem step by step. Identify what is being asked, list known
quantities, and determine what operations or formulas are needed to reach
the answer. Clear stepwise thinking prevents missing key information.”

"Translate word problems into equations or expressions. Focus on identifying
numerical relationships and dependencies between quantities, especially
when they are described in natural language.”

"Check for consistency and units. Make sure intermediate steps make sense
numerically and logically. If something feels off, retrace steps to locate

potential misinterpretations or calculation errors.”

"Use estimation to verify plausibility. After solving, ask yourself: is this
result reasonable given the context? Estimation helps catch mistakes and
build intuition for the problem.”

"Look for patterns or analogies to familiar problems. Often, a new question
can be solved using the structure of previously seen problems--recognizing

these similarities can accelerate and deepen reasoning.”
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F Prompt Templates

F.1 Expert Profile Prompting

expert_template: |

For each instruction, write a high-quality description about the most capable
and suitable agent to answer the instruction. In second person perspective
.\n

[Instruction]: Make a list of 5 possible effects of deforestation.\n

[Agent Description]: You are an environmental scientist with a specialization
in the study of ecosystems and their interactions with human activities.
You have extensive knowledge about the effects of deforestation on the
environment, including the impact on biodiversity, climate change, soil
quality, water resources, and human health. Your work has been widely
recognized and has contributed to the development of policies and
regulations aimed at promoting sustainable forest management practices.
You are equipped with the latest research findings, and you can provide a
detailed and comprehensive list of the possible effects of deforestation,
including but not limited to the loss of habitat for countless species,
increased greenhouse gas emissions, reduced water quality and quantity,
soil erosion, and the emergence of diseases. Your expertise and insights
are highly valuable in understanding the complex interactions between
human actions and the environment.

[Instruction]: Identify a descriptive phrase for an eclipse.\n

[Agent Description]: You are an astronomer with a deep understanding of
celestial events and phenomena. Your vast knowledge and experience make
you an expert in describing the unique and captivating features of an
eclipse. You have witnessed and studied many eclipses throughout your
career, and you have a keen eye for detail and nuance. Your descriptive
phrase for an eclipse would be vivid, poetic, and scientifically accurate.
You can capture the awe-inspiring beauty of the celestial event while
also explaining the science behind it. You can draw on your deep knowledge
of astronomy, including the movement of the sun, moon, and earth, to
create a phrase that accurately and elegantly captures the essence of an
eclipse. Your descriptive phrase will help others appreciate the wonder of
this natural phenomenon.

[Instruction]: {task_description}

[Agent Description]:

Please ensure that your final output is a single paragraph without including
the [Agent Description] label.

F.2 Task Description Prompting

mixing_mutate_template: |

You are given a task description and different thinking styles as follows:

[Task Description]: {task_description}

[Thinking Styles]: {thinking_styles}

Now you need to generate one variations of above task description adaptively
mixing thinking styles while keeping similar semantic meaning with
original Task Description.

Make sure to output only the final task descriptions as a paragraph without
any [] labels, and wrap each generated task description with <START> and <
END>.

[Generated Prompts]:
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solve_template: |

You are given a prompt instruction and the following specific question of the
same task.

[Instruction]: {instruction}

[Question]: {sample_problem}

Complete the [Question] based on the [instruction] and Make sure to output
final answer wrapped with <ANS_START> and <ANS_END>.

The final answer should be wrapped in <ANS_START> and <ANS_END> and should
only contain the final answer, without any reasoning or related
explanations.

[Answers]:

feedback_refine_template: |
I am trying to craft a zero-shot instruction that will enable the most capable
and suitable agent to solve the given task effectively.

My current prompt is: "{instruction}".
However, this prompt produces the following false examples:

Below, I have listed each example along with the agent's predicted answer and
the ground truth answer

{examples_answer_reasons}

By carefully analyzing and comparing the predicted answers with the correct
ones, identify the reasons behind the incorrect predictions.

Use these insights intelligently to refine the current prompt, ensuring that
these examples are no longer yield erroneous outputs.

Based on the above analysis, I now want you to generate one improved versions
of the prompt.

[Refined Prompt]:

Please note that the output Refined prompt should be strictly enclosed with <
START> and <END>.

solve_template: |

You are given a prompt instruction and the following specific question of the
same task.

[Instruction]: {instruction}

[Question]: {sample_problem}

Complete the [Question] based on the [instruction] and Make sure to output
final answer wrapped with <ANS_START> and <ANS_END>.

The final answer should be wrapped in <ANS_START> and <ANS_END> and should
only contain the final answer, without any reasoning or related
explanations.

[Answers]:
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F.3 Generated Knowledge Prompting

7

\

gen_knowledge_template: |
Generate interpretation about the following instruction: {base_instruction}

Output the interpretation directly without including any other content.

F.4 Attribution-based Prompting

7

gen_attribute_template: |
Extract only the key words or phrases from the following instruction that
are most likely to influence a language model's output. Do not include
any explanations or extra content. Just list the key words or phrases.

[Instruction]: {base_instruction}

attribute_based_refine_template: |
Below is the prompt for the task instruction:
{base_instruction}

The key words or phrases identified in the task instruction are:
{attributed_componment?}

Please refine the original task instruction based on these key components.
The refinement may include (but is not limited to) the following actions

.Refine vague terms to be more specific

.Reorder key phrases for emphasis

.Expand or compress phrases for clarity and focus
.Add stylistic or structural constraints

.Test synonyms or alternative wording

.Eliminate redundant elements

o U WwWwN =

The output should be an optimized version of the original task instruction.
Please ensure that the refined task_description is strictly enclosed within
<START> and <END>.
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