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Prompt Optimization
Motivation

Task perform
e Manual prompting can be brittle and unscalable P EEREESseTES

o Akin to hand-tuning the weights for a classifier
e No use of data in prompt design

e Iterative development is unreliable (regressions)

e Compound Al system are hard to tune Your prompt

e Some prompts can be surprisingly effective:

o “Model’s proficiency in mathematical reasoning can
be enhanced by the expression of an affinity for Star | __ ... bcey The power of good abstractions
Trek”

(The Unreasonable Effectiveness of Eccentric Automatic Prompts)
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https://arxiv.org/pdf/2402.10949
https://thedataquarry.com/blog/learning-dspy-1-the-power-of-good-abstractions/

Prompt Optimization

Overview

[Evolutionary Computing ] Value Function or Policy Parameter Space ]

e Data-driven prompt development

Y WY
finite difference

e Prompt tuning similar to training a ML model Sk

e Components to optimize

o Instructions

o Few-shot examples

e Optimization approaches

approximated gradient

o Meta prompting

o Evolutionary

o Gradient-based
A Survey of Automatic Prompt Engineering:
o Reinforcement Learning An Optimization Perspective; Li
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https://arxiv.org/pdf/2502.11560
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. . Meta Prompting
Prompt Optlm 1zation A Practical Guide to Optimising & Test Prompts Automatically

Meta Prompting @

o |
. |
- |
. |
e Let Al design the prompts Y i this news artct.] i g
|
|
|

v
[Meta Prompt: "Describing the desired output”] . (Meta-Prompt Creator)
® |

e Meta prompts generate task prompts

B i I I T B AT |

e Meta prompting enhances LLM performance

(Meta-Prompting: Enhancing Language Models; Suzgun)

e Applications # (Worker Model)

Less Advanced Model

0 \
o«

o Prompt linting & formatting . &;"’ L L
o Optimization i g%) i
o Cross-model support ot HF | GPT-40 :
: Model :

" II II II II II i (Model as a Judge) i

Criteria Used For Judging

A

Average Score

Meta Prompting: A Practical Guide to Optimising Prompts Automatically
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https://arxiv.org/pdf/2401.12954
https://cobusgreyling.medium.com/meta-prompting-a-practical-guide-to-optimising-prompts-automatically-c0a071f4b664

Prompt Optimization
OPRO

e Optimization by PROmpting (OPRO)
o Simplest instruction optimizer

o No few-shot examples selection

generated |
o  Everything passed to meta prompt return top solutions\_solutions /v

when finish
e More advanced strategies can be used

objective function
evaluator

A

A

SCOores

meta-prompt

i LLM as solution-score pairs
o  Chain-of-Thought can
optimizer task description
o Reflection
° Beam Search LARGE LANGUAGE MODELS AS OPTIMIZERS

e Can be combined with heuristic search methods
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https://arxiv.org/pdf/2309.03409

DSPy

Declarative Self-improving Python

e Optimization library inspired by PyTorch
e Declarative definition of prompts through programs

e Developed at Stanford in series of papers starting "
from 2022 Prompting

e Adopted by industry: Databricks, AXA, Replit
e Has support in GenAl ecosystem

o Arize Phoenix, MLFlow, Langfuse
e Can be used without optimizer

Intro to DSPy
o Useful abstractions and primitives (Al Modified)

(¢ GoodData Al Rights Reserved 2026


https://medium.com/data-science/intro-to-dspy-goodbye-prompting-hello-programming-4ca1c6ce3eb9

DSPy

Architecture Components

e Signatures
o Instruction specification

o LLM input output definition

e Modules
o A core unit of DSPy program
o Composable

e Adapters

o Interface (middleware) for LLMs
e Optimizers

o Tune the DSPy program

(¢ GoodData Al Rights Reserved 2026

import dspy
from pydantic import BaseModel

# Using OpenRouter. Switch to another LLM provider ps needed
n = dspy.LM(
model="openrouter/google/gemini-2.0-flash-001",

api_base="https://openrouter.ai/api/vi", P — LM
api_key=0PENROUTER_API_KEY,
) Output
dspy.configure (lm=1m)
class Resume(BaseModel): Resume (
first_name: str
last_name: str <«— Data model first_name='Samuel',
languages: list[str] last_name='Colvin',
frameworks: list[str] > languages=['Python', 'Rust']

frameworks=['Pydantic']

class ExtractResume(dspy.Signature): )

Extract the resume from the text. < Signature

text: str = dspy.InputField()
resume: Resume = dspy.OutputField()

if _name__ = "_main__":
| extractor = dspy.Predict(ExtractResume) |g—— Module
Text =

Samuel Colvin is the creator of Pydantic. His main languages
are Python and Rust.

Wi

resume = extractor(text=text)

print(resume)

Learning DSPy: Understanding the internals



https://thedataquarry.com/blog/learning-dspy-2-understanding-the-internals/

DS Py dspy.Predigt

Module Signature = Demos | Other attrs ‘
. forward() > Adapter
e A core unit of DSPy programs |
e Encapsulates the logic for interacting J pr——
Input Output
with LLMs
DSPy: Build and Optimize Agentic Apps
o Can contain arbitrary Python code
1 class Hop(dspy.Module):
@) Composable 2 def __init__(self, num_docs=10, num_hops=4):
g self.num_docs, self.num_hops = num_docs, num_hops
4 self.generate_query = dspy.Chain0fThought('claim, notes —> query')
1 1 5 self.append_notes = dspy.Chain0OfThought('claim, notes, context —> new_notes: list[str], titles: 1
e Abstracts various prompting ;
. 7 def forward(self, claim: str) —> list[str]:
techniques 8 notes =[]
9 titles = []
10
H 11 for _ in range(self.num_hops):
o Chaln Of thought 12 query = self.generate_query(claim=claim, notes=notes).query
13 context = search(query, k=self.num_docs)
. 14 prediction = self.append_notes(claim=claim, notes=notes, context=context)
(@) ReﬂeCtIO‘ﬂ 15 notes.extend(prediction.new_notes)
16 titles.extend(prediction.titles)
117/
O ReACt 18 return dspy.Prediction(notes=notes, titles=list(set(titles)))

(@GoodData Al Rights Reserved 2026 DSPy Modules Documentation



https://learn.deeplearning.ai/courses/dspy-build-optimize-agentic-apps/lesson/nj890/introduction
https://dspy.ai/learn/programming/modules/

DSPy

Optimizers
DSPy
. R Declarative -
e Tunable parameters in DSPy = Program
Human
o Prompt instructions lAdapters
o Few-shot examples
Prompt

o Underlying LLM itself (LOBA)

(natural language)

e Optimizing few-shot examples often provides greatest gains

(Optimizing Instructions and Demonstrations)

e Successful optimization requires appropriate evals

LM
weights

e Prominent Optimizers

o Few-shot Examples

m BootstrapFewShotWithRandomSearch

Signatures,
Modules

Optimizers

Learning DSPy: The power of good abstractions

o Instruction Optimization

m  GEPA - Instruction tuning through reflective prompt mutation
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https://arxiv.org/pdf/2106.09685v1/1000
https://arxiv.org/pdf/2406.11695
https://thedataquarry.com/blog/learning-dspy-1-the-power-of-good-abstractions/

DSPy

Genetic-Pareto Reflective Prompt Evolution (GEPA)

H : Discard P Perform
e Reflective prompting I N°—<— sinioncen val

while budget > © Evaluate on all tasks | /»’?‘\
- <_YES ( \\“ Propose

Add P, to pool LP,,Q,,/; new

new
............... i __~ candidate

o BReflect on the execution traces for

each module g . {)
Candidate pool P 4 Zz::nlng A4 Reflective
e Evolutionary approach B, AP prome
O] Q) Filtered pool Reflect and prop
. /X 4 - (Pareto Frontier) n:wecw:” v: osew
o Mutate prompts and track their v 9 Bert Saats eyt v Tetl
_ A
. Task 1 X[ | X| X X"*@ _f_>
lineage Task 2 | X X | X > ()@
Task 3 | X X | X #

e Pareto-Based candidate selection
GEPA: REFLECTIVE PROMPT EVOLUTION CAN OUTPERFORM REINFORCEMENT LEARNING

Diagram redrawn by Rao

o Avoid stucking in local optimum by

maintaining multiple candidates

Text feedback

o Specify feedback instruction yourself
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https://thedataquarry.com/blog/learning-dspy-3-working-with-optimizers/

Evals
Usage Pyramid

e LLM/Agent-as-Judge

O Use sparingly

o G-Eval - faithfulness, answer relevancy ...

O  Optimize open-ended tasks

e Deterministic Assertions
o Use case specific
o Programmatic evals, regex, ...

o Optimize classification, info. extraction ...

e Analytical Metrics

o  Globally applicable numerical metrics
o Perplexity, pass@k, NLP metrics ...
o Not a good proxy for optimization

(¢ GoodData Al Rights Reserved 2026

LLM-as-
a-Judge

Deterministic
Assertions

Analytical Metrics



https://arxiv.org/pdf/2303.16634
https://proceedings.neurips.cc/paper/2019/file/7298332f04ac004a0ca44cc69ecf6f6b-Paper.pdf

Evals
G-Eval (LLM-as-a-Judge)

e LI Msare unreliable at producing
real-number scores

e G-Eval improves score extraction by
1. Chain-of-Thought
2. Form-filling Paradigm Scoring
3. Weighting By Token Probabilities

e Reference Implementation DeepkEval
o Rubrics Support
o  Multi-turn Evaluation
o Predefined Metrics

o CoTl Caching

@GoodDotu All Rights Reserved 2026

o : ™
Task Introduction
You will be given one summary written for a news
article. Your task is to rate the summary on one
metric <<==e*
E
(" Evaluation Criteria R
Coherence (1-5) - the collective quality of all
sentences. We align this dimension with the DUC
Quality question of structure and coherence +*++*+ /

f Evaluation Steps )

1. Read the news article carefully and identify the
main topic and key points.
2. Read the summary and compare it to the news

Auto
CoT

article. Check if the summary covers the main topic
and key points of the news article, and if it presents
them in a clear and logical order.

3. Assign a score for coherence on a scale of 1 to
10, where 1 is the lowest and 5 is the highest based

Kon the Evaluation Criteria. /

4 Input Context R

Article: Paul Merson has restarted his row with
Andros Tt d after the Tottenham midfielder
was brought on with only seven minutes remaining

I \Uin his team 's 0-0 draw with Burnley on *++*+* )
o Input Target )
Summary: Paul merson was brought on with only

seven minutes remaining in his team 's 0-0 draw
Qvith burnley ***** )
Evaluation Form (scores ONLY):
- Coherence:
0.6
0.4
G-Eval ,
 —
®
1) 2 3 4 5

\ )
T
Weighted Summed Score: 2.59

G-EVAL: NLG Evaluation using GPT-4 with Better Human Alignment



https://deepeval.com/docs/metrics-llm-evals
https://arxiv.org/pdf/2303.16634

Evals
Agent-as-a-Judge

e | M Judge is to static for agentic workflow
e Agent-a-as-ludge has extended capabilities
o Environment access
o Tools
o Rubric Discovery
e Much more aligned with human judges
e Possibility to optimize much more
o Context management
o Multiple prompts at once

e Still an area of active research for optimization

@GoodDam All Rights Reserved 2026

( &
‘@’ User (Agentic Task)

Hi! Please follow the instruction and set up the script from the
blog https://www.factsmachine.ai/p/hidden-in-
plain-sight to generate 1080p images with hidden text
(“FUTURE,” in src/visualize.py. Save them in
results/ and verify the text is embedded.

Agent A Agent
Workspace O 3 'N,', Workspace

- - 8
C
& viuaizay | S & & R B vsuaizopy
<~‘3, ) docker <‘j Y
results
T ,
= hidden.jpg

I Workspace {28 Environment I Workspace
’ Judge Agent & F @
0= Interact

§ is better because it runs and generates the required

! files, fulfilling the user's request. A didn't generate

&> useful code, likely due to website access issues, and
didn't produce the required files like B did.

Time: 1800.6 s Time: 500.7s

Cost: $1.7 Cost: $1.5
Requirements: Requirements:
Satisfied 0/2 (0%) Satisfied 2/2 (100%)

~



https://arxiv.org/pdf/2410.10934

Demo (

r—» Extract merger
Information Extraction Task merger e {
Merger object
{ } —»[Classify article J——%
Input article acquisition Extract acquisition { }
inf
L TaSkS other e Acquisition object
o Classification
o Information extraction u.[ Do nothing {}
e Optimizers used Emnny dhyea

o  BootstrapFewShotWithRandomSearch

o GEPA
e ||Msused

o Predictor - gemini-2.5-flash-lite

o Teacher - openai/gpt-40
e Dataset

o  Gold mining industry domain

o 40 articles about mergers and acquisitions
e FEvaluated with deterministic assertions

Github Repository
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https://thedataquarry.com/blog/learning-dspy-3-working-with-optimizers/
https://github.com/Zovi343/dspy-demo-improved

You are given a news article text describing a merger deal between two companies. Your task is to extract structured information about

R eS u I ts the merger, focusing on the following fields:
Optimized Extraction Prompt article_id: The unique identifier for the article (provided in the input context).

company_1: The full name of the first company involved in the merger, as mentioned in the article.
company_1_ticker: The stock ticker(s) for company_1, including the exchange prefix if present (e.g., 'TSXV:TGI'). If no ticker is

mentioned, return None.

company_2: The full name of the second company involved in the merger, as mentioned in the article.

company_2_ticker: The stock ticker(s) for company_2, including the exchange prefix if present (e.g., 'TSXV:BML'). If no ticker is
mentioned, return None.

merged_entity: The name of the new or continuing entity after the merger, as specified in the article. If the merged entity retains
0] Extract |nfo rmation abo ut the name of one of the original companies, use that name.

deal_amount: The value of the merger deal, including both the numeric value and the magnitude (e.g., '2.8 billion', '540 million').

companies involved in a Merger o not omit the magnitude.

H ¢ deal_currency: The three-letter currency code for the deal amount (e.g., 'USD', 'CAD', 'AUD"). If the currency symbol is '
deal If the Currency SymbOI 1S ', assume'USD'.I fthesymbolis' A', use 'AUD". If the symbol is 'C$', use 'CAD".
just \"S\", assume USD.

article_type: Always set this to 'merger".

e Baseline prompt

Guidelines:
° . .
O ptl |Zed pro pt Captures * Extract company names and tickers exactly as they appear in the article. If a ticker is given with an exchange prefix (e.g.,
'TSXV:TGI'), include the prefix. If only the ticker symbol is given, include it as is.
For deal_amount, always include the magnitude (e.g., 'billion’, 'million') as stated in the article. Do not return only the numeric

o Business logic

value.

For deal_currency, map currency symbols to their respective codes as follows: " —' USD', A' - 'AUD', 'C$' - 'CAD".

If any field is not mentioned in the article, return None for that field.

Output your answer as a single line in the following format: article_id= company_1='<company_1>' company_1_ticker=

o Data StrUCture <company_1_ticker> company_2="'<company_2>' company_2_ticker=<company_2_ticker> merged_entity='<merged_entity>'

o Generic edge cases

deal_amount="'<deal_amount>' deal_currency="'<deal_currency>' article_type='merger’
Ensure all string values are enclosed in single quotes, and list tickers as Python lists (e.g., ['TSXV:TGI']) or None.

o Problem example

Example: If the article says "Tundra Gold Inc. (TSXV:TGI) and Boreal Mining Ltd. (TSXV:BML) have entered a definitive agreement to
merge in a C$540 million all-stock transaction. The combined company, to be named Northern Tundra Resources...", your output
should be:

article_id=39 company_1='Tundra Gold Inc.! company_1_ticker=['TSXV:TGI'] company_2="'Boreal Mining Ltd.! company_2_ticker=

['TSXV:BML'] merged_entity='Northern Tundra Resources' deal_amount='540 million' deal_currency='CAD' article_type='merger"
@GoodDoto All Rights Reserved 2026



Results
Conclusion

e Few-shot boost the performance the most

e GEPA captured domain specific instruction

Model Performance Comparison

e Few-shot + GEPA = ~10% improvement

100
92.92 92.64 94.44

Train Scores - Test Scores

e DSPy benefits grow with 8500 S s
0 80 79.44
o Domain complexity
o 60 Y
o Dataset size 2 2
®» ? o
e DSPyisnot a silver bullet
20 20
o Not necessary for simpler tasks
° BASELINE FEWSHOT GEPA FEWSHOT_GEPA ° BASELINE FEWSHOT GEPA FEWSHOT_GEPA

o Steep learning curve
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Thank you for your attention!

e Any questions?
e We are hiring
o Al Architect
m Skilled in AI/ML
m Also proficient in SWE
e Feel free to connect with me on LinkedIn:



https://www.linkedin.com/jobs/view/4368025766/?alternateChannel=search&trk=d_flagship3_company_posts&refId=NotAvailable
https://www.linkedin.com/in/jakub-zovak/

