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Introduction

Automatic Prompt Optimization?
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« Gradient-based Methods vs Gradient-free Methods
Continuous Methods(Soft Prompt) vs Discrete Methods(Hard Prompt) vs Feedback-based Methods

 Instruction Optimization vs Exemplar Optimization vs Both
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Motivation & Contribution

Motivation
o 7|Z AH2| SHA

1. Gradient-based Methods

- White-box 220|| $HEH
2. Continuous Methods

- 7121 NN 20| Q7 E|0f H|&0| Z7tet

- Effectiveness?t open-source 22 5! task complexity0l| dependent
3. Discrete Methods

- Inefficient, suboptimal exploration

- =2 instruction optimizationd|Zt = H

4. Feedback-based Methods
- A|4H H[Z0| O B0| &

T LS



Methodology
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Methodology

1. lterative Refinement of Prompt Instructions

TOP 3 MUTATED PROMPTS :
" Let's devise a step-by-step experiment to reach the solution of this mathematical problem."
" Let's simplify and tackle this mathematical problem step by step to make it easier to solve. "

" Let's list out ideas and apply them one by one, thinking step by step, to solve mathematical
problems. "

1. Mutate Component
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REFINED PROMPT:

Provide question answering on mathematical school grade problems that require multi-step
reasoning and understanding of the problem's context. The problems should take between 2
and 8 steps to solve, and solutions primarily involve performing a sequence of elementary
calculations using basic arithmetic operations (+ - / *), handling percentages, and converting
them into numbers. The agent should be able to interpret real-world scenarios and
understand the implications of the problem, including handling time conversions. The agent
should also be able to follow a sequence of actions and their impact on the final answer. Let's
think step by step to arrive at the solution of this mathematical problem.

TOP SCORED PROMPT:

"Provide question answering on mathematical school grade questions that require multi-step
reasoning. The problems should take between 2 and 8 steps to solve, and solutions
primarily involve performing a sequence of elementary calculations using basic arithmetic
operations (+ - / *) to reach the final answer.\nLets think step by step to arrive at the solution
of this mathematical problem",

2. Scoring Component
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3. Critique Component

CRITIQUE/FEEDBACK :

Firstly, the instruction doesn't specify the need for the agent to understand the problem
context, such as interpreting relationships. Secondly, the instruction lacks clarity on the
agent's ability to handle percentages and real-world scenarios. Understanding sequences of
actions and their impact are crucial. Lastly, the instruction doesn't mention the agent's ability
to handle time conversions, such as converting an hourly rate to a per-minute rate.




Methodology

2. ldentification of Diverse Examples
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Methodology

3. Sequential Optimization of Prompt Instructions and Few-Shot Examples

Critique Component

EXAMPLES :

[Question]: Albert is wondering how much pizza he can eat in one day. He buys 2
large pizzas and 2 small pizzas. A large pizza has 16 slices and a small pizza has 8
slices. If he eats it all, how many pieces does he eat that day?
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( CRITIQUE/FEEDBACK :

\_more complexity, such as introducing fractions or percentages.\n\n

This example is simple and straightforward, involving basic multiplication and addition.
It's relevant and relatable to students. However, it could be improved by adding a bit

Synthesize Component
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because 32 + 16 = <<32+16=48>>48. The answer is 48.
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——| 3 Cnthue / SRS S——— [Question]: Albert buys a pizza that is cut into 8 slices. He eats 3 slices and gives 2
s " _ﬁ' —_—  — — slices to his friend. He then buys another pizza that is cut into 12 slices and eats half of
—— R/—j Feedback ﬁ— IS it. How many slices of pizza does Albert have left?
| —— —

P G — [Answer]: From the first pizza, Albert has 8 - 3 - 2 = <<8-3-2=3>>3 slices left. From
the second pizza, Albert eats 12 / 2 = <<12/2=6>>6 slices, so he has 12 - 6 = <<12-
6=6>>6 slices left.\nIn total, Albert has 3 + 6 = <<3+6=9>>9 slices of pizza left. The

ritique

_answer is 9.
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4. Self-generated Reasoning and Validation
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4-2. Validate Component
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5. Task Intent and Expert Persona

ENTI
M M o : You are a mathematlcs educator with a deep understanding of elementary and middle
P rO b | e m d eSCH pth nE 7 | H|_|-9§ Synth eS I Ze CO m pO n e nt7 |- g g school mathematics. You are experienced in teaching multi-step problem-solving
techniques and have a knack for breaking down complex problems into manageable
steps. Your expertise lies in basic arithmetic operations such as addition, subtraction,
multiplication, and division. You can provide clear, step-by-step solutions to
mathematical problems that require multi-step reasoning. You are patient and thorough,
ensuring that each step is clearly explained and understood. Your ability to simplify
complex problems and guide students through the problem-solving process makes you
an excellent resource for answering school-grade mathematical questions.

INTENT : Mathematical Reasoning, Multi-step Problem Solving, Basic Arithmetic
Operations, Data Analysis, Solution Verification




Experiments & Results

Datasets

» Language understanding scenarios: BIG-Bench Instruction Induction (BBIl) (79)
» Arithmetic reasoning datasets: GSM8k, AQUARAT, SVAMP (3)
« Domain specific tasks: BigBench Hard (BBH) €& (23)

Baselines

» SOTA discrete, continuous prompt optimization methods
Discrete: PromptBreeder, EvoPrompt, APE
Continuous: Instinct, InstructZero

Models

e GPT 3.5 Turbo/ GPT-4



Experiments & Results

Main Results
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Experiments & Results

Ablation Study
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Discussion & Conclusion
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Motivation & Contribution

Motivation

« Z|4l automatic prompt engineering 452 = text-gradient, & feedback-based method0i|
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Problem Definition

Given 1) a language model f;;, 2) a small representative task dataset Dy 51 = {(x1, Y1), -» (X, V) }

p'=argmax, Y m(fum(p)y)
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Ol £, (ox; p)= prompt pE A2 S M input x| CHEH task language model f;;,,2] output
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Methodology

GREATER ++&

Optimization applied sequentially in each token position p;

Updated Prompt

Use parentheses reasoning

} { and think step by step.

Final Prompt
Use parentheses and
the step wise order
((-1+2+49%5) - ... =? \/
((-9*5-6+2) -... =? Initial Prompt---"""
Use logical reasoning
((8+9-34-9) - ...=?

((-4+8+3"9) * ...=7?

\ Task Samples /
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Therefore, the
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{Updated Prompt 5 0._
= = = = < Use parentheses reasoning §'§' g, —
. and think step by step. 2 9o
Prompt Token Candidate Proposal J 8
((-1+2+9%5) - ... =?
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Updated Prompt
e v Use pz theses reasoning
and think step by step.

A T Candidate Gradient Calculation +———
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« Reasoning Generation and Extraction
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« Gradient Over Reasoning Driven Candidate Selection

1. Cross-Entropy Loss —
Lcg = cross_entropy (7, y)

2. Perplexity Regularization

|p|
1 __ 3. Final Loss Computation
ﬁperpl =eXp | =17 E :log fLLM(pi | x1p<i) P

p| i=1 — L = Lcg + ALperpl

4. Gradient 7|%F token replacement

| |
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Experiments & Results

Datasets

* Mathematics: GSM8k
« Commonsense: Big-Bench-Hard (BBH)
» Logical reasoning: FOLIO

Baselines

 SOTA prompt optimization methods
APE, APO, PE2, TextGrd, OPRO, EvoPrompt

* Original zero-shot CoT

Models

 Llama 3-8B / Gemma-2-9B



Experiments & Results

Main Results

Method Gemma-2-9B Llama-3-8B « GREATER 22l0| zero-shot CoT ¥ 7|& CHE prompt optimization
GSM8K BBH FOLIO GSM8K BBH FOLIO HHHZ2 =L H| p3HS o MA| &l Ms0| 7HE =4 L=,

ZS-CoT (Kojima et al., 2022) 886 717 650 796 622 586 o AAMOICH ME9 HEM0| 2 CHE prompt optimization EHHEE1H= CHEH|

APE (Zhou et al., 2022) 88.6 71.7 67.5 79.9 63.1 57.6 GREATER EE1|0|°_|39| HQ AL =2 gtability2 HQl.

APO (Pryzant et al., 2023) 886 723  63.1 81.1 627 586 =T eTeen® y= =5

PE2 (Ye et al., 2023) 886 689  62.1 80.1 615  62.6

TextGrad (Yuksekgonul et al., 2024) 87.8 72.9 67.5 78.5 58.5 56.2

GREATER 894 766  69.1 826 687  62.6

Comparison with Prompts Optimized by Larger Proprietary Models

BBH (5 randomly chosen tasks)

Target Model Method (Optimized by) GSMS8K - o o
movie_rec. object_count. tracking five. hyperbaton causal Average J GPT-4' GPT-36' Pa LM-2-LJ_.'.|' 7E|'8 EH %I E':élg Af-go}OZI

APE (GPT-4) 80.7 50 82 50 76 56 628 = imization EIEHE 7|HIO imized Me
% EvoPrompt (GPT-3.5) : a8 74 22 68 8 560 7| ._f)rompt optimization &'& '_._7| sASS OpierjlzeJ prompt dsECt
o APO (GPT-4) 81.1 56 68 49 75 51 59.8 0X35| GREATER Zg|Ql{3e Ms50| O 28 &HQl.
E PE2 (GPT-4) 81.5 48 82 45 79 49 606
= OPRO (PaLM-2-L) 82.3 60 78 40 70 57 610
GREATER (Llama-3-8B)  82.6 57 90 70 84 57 716
o APE (GPT-4) 89.2 48 61 83 83 60 670
Q EvoPrompt (GPT-3.5) - 51 70 82 83 61 694
M APO (GPT-4) 89.3 52 84 72 82 59 69.8
£ PE2 (GPT-4) 89.6 50 65 71 84 64 668
& OPRO (PaLM-2-L) 89.0 50 58 76 81 58 646

GREATER (Gemma2-9B) 89.4 56 87 85 88 61 754




Experiments & Results

Ablation of Gradient Over Reasoning

Llama-3-8B: Impact of Gradient Over Reasoning Gemma-2-9B: Impact of Gradient Over Reasoning
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* Transfer between Gemma-2 and Llama-3
Prompt Transferabilit Mogel b4 Opimized b T e, lpeiicin,
p y movie_rec. object_count. tracking five. hyperbaton causal_judgement Average
Llama-3-8B — Gemma-2-9B
a TextGrad (Llama-3) 53 78 56 84 63 66.8
. Transfer to laraer m | Q APO (Llama-3) 53 84 68 84 58 69.4
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g PE2 (Llama-3) 59 92 83 73 54 722 A APO (Gemma-2) 54 69 48 71 53 59.0
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Experiments & Results

Case Study

Task

Optimized Prompt by GREATER

Optimized Prompt by APO

llama3-formal fallacies
llama3-causal_judgement
llama3-object_counting

llama3-navigate

llama3-
sports_understanding

gemma-
multistep_arithmetic_two
gemma-date_understanding

gemma_reasoning_colored

Use formal notation and and think step ...
Use causal diagram...

Use only addition. Add think step by ...
Use your reasoning here. 1 would like
numbers assigned.. to.. To represent mov-
ing

Use the context or a sentence similar prior
knowledge. Assume you a journalist, I
would have been covering NHL hockey in
Min- nesota before joining this assignment
to report sports.

Use parentheses and and the step wise or-
der...

Use your format Excel formula for this an-
swer to find it...

Use your logic. Please answer. person ...

Analyze the argument step by step consid-
ering premises, logical ...

Analyze the situation by identifying the di-
rect and indirect causes ...

Let’s think step by step.

Analyze the instructions step by step, con-
sidering each action’s ...

Assess the plausibility of the sentence,
considering both literal and figurative
meanings, as well as context and domain
knowledge. Evaluate the sentence’s coher-
ence and relevance to the given context ...

Let’s think step by step.
Let’s think step by step.

Analyze the given text and answer ...

GREATER Z2| QI3 E E3f| optimizest

HUHO 2 tasko|| et TS 2t



Trial...

Outer loop —

Few-shot %| &5}

1 LlamaZ} Z£7] thinking path ‘4.
<think>{thinking path}</think><answer>{answer}</answer> &4l
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