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Prompt Optimization

● Manual prompting can be brittle and unscalable 

○ Akin to hand-tuning the weights for a classifier

● No use of data in prompt design

● Iterative development is unreliable (regressions)

● Compound AI system are hard to tune

● Some prompts can be surprisingly effective:

○ “Model’s proficiency in mathematical reasoning can 
be enhanced by the expression of an affinity for Star 
Trek”
(The Unreasonable Effectiveness of Eccentric Automatic Prompts)

Motivation

Learning DSPy: The power of good abstractions

https://arxiv.org/pdf/2402.10949
https://thedataquarry.com/blog/learning-dspy-1-the-power-of-good-abstractions/


Prompt Optimization

● Data-driven prompt development

● Prompt tuning similar to training a ML model

● Components to optimize

○ Instructions

○ Few-shot examples

● Optimization approaches

○ Meta prompting

○ Evolutionary

○ Gradient-based

○ Reinforcement Learning

Overview

A Survey of Automatic Prompt Engineering: 
An Optimization Perspective; Li

https://arxiv.org/pdf/2502.11560
https://arxiv.org/pdf/2502.11560


Prompt Optimization

● Let AI design the prompts

● Meta prompts generate task prompts

● Meta prompting enhances LLM performance
(Meta-Prompting: Enhancing Language Models; Suzgun)

● Applications
○ Prompt linting & formatting

○ Optimization

○ Cross-model support

Meta Prompting

Meta Prompting: A Practical Guide to Optimising Prompts Automatically

https://arxiv.org/pdf/2401.12954
https://cobusgreyling.medium.com/meta-prompting-a-practical-guide-to-optimising-prompts-automatically-c0a071f4b664


Prompt Optimization

● Optimization by PROmpting (OPRO)

○ Simplest instruction optimizer

○ No few-shot examples selection

○ Everything passed to meta prompt

● More advanced strategies can be used

○ Chain-of-Thought 

○ Reflection

○ Beam Search

● Can be combined with heuristic search methods

OPRO

LARGE LANGUAGE MODELS AS OPTIMIZERS

https://arxiv.org/pdf/2309.03409


DSPy

● Optimization library inspired by PyTorch

● Declarative definition of prompts through programs

● Developed at Stanford in series of papers starting 
from 2022

● Adopted by industry: Databricks, AXA, Replit

● Has support in GenAI ecosystem

○ Arize Phoenix, MLFlow, Langfuse

● Can be used without optimizer

○ Useful abstractions and primitives

Declarative Self-improving Python

Intro to DSPy
(AI Modified)

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


DSPy

● Signatures

○ Instruction specification

○ LLM input output definition

● Modules

○ A core unit of DSPy program

○ Composable

● Adapters

○ Interface (middleware) for LLMs

● Optimizers

○ Tune the DSPy program

Architecture Components

Learning DSPy: Understanding the internals

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


DSPy

● A core unit of DSPy programs

● Encapsulates the logic for interacting 
with LLMs

○ Can contain arbitrary Python code

○ Composable

● Abstracts various prompting 
techniques

○ Chain of thought

○ Reflection

○ ReAct

Module

DSPy: Build and Optimize Agentic Apps

DSPy Modules Documentation

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


DSPy

● Tunable parameters in DSPy

○ Prompt instructions

○ Few-shot examples

○ Underlying LLM itself (LORA)

● Optimizing few-shot examples often provides greatest gains
(Optimizing Instructions and Demonstrations)

● Successful optimization requires appropriate evals

● Prominent Optimizers

○ Few-shot Examples

■ BootstrapFewShotWithRandomSearch

○ Instruction Optimization

■ GEPA - Instruction tuning through reflective prompt mutation

Optimizers

Learning DSPy: The power of good abstractions

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

● Reflective prompting

○ Reflect on the execution traces for 

each module

● Evolutionary approach

○ Mutate prompts and track their 

lineage

● Pareto-Based candidate selection

○ Avoid stucking in local optimum by 

maintaining multiple candidates 

● Text feedback

○ Specify feedback instruction yourself

Genetic-Pareto Reflective Prompt Evolution (GEPA)

GEPA: REFLECTIVE PROMPT EVOLUTION CAN OUTPERFORM REINFORCEMENT LEARNING 
Diagram redrawn by Rao

https://arxiv.org/pdf/2507.19457
https://thedataquarry.com/blog/learning-dspy-3-working-with-optimizers/


Evals

● LLM/Agent-as-Judge

○ Use sparingly

○ G-Eval - faithfulness, answer relevancy …

○ Optimize open-ended tasks

● Deterministic Assertions
○ Use case specific

○ Programmatic evals, regex, …

○ Optimize classification, info. extraction …

● Analytical Metrics
○ Globally applicable numerical metrics

○ Perplexity, pass@k, NLP metrics …

○ Not a good proxy for optimization

Usage Pyramid

Analytical Metrics

Deterministic 
Assertions

LLM-as-
a-Judge

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


Evals

● LLMs are unreliable at producing 

real-number scores

● G-Eval improves score extraction by

1. Chain-of-Thought

2. Form-filling Paradigm Scoring

3. Weighting By Token Probabilities

● Reference Implementation DeepEval

○ Rubrics Support

○ Multi-turn Evaluation

○ Predefined Metrics

○ CoT Caching

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

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

● LLM Judge is to static for agentic workflow

● Agent-a-as-Judge has extended capabilities

○ Environment access

○ Tools

○ Rubric Discovery

● Much more aligned with human judges

● Possibility to optimize much more

○ Context management

○ Multiple prompts at once

● Still an area of active research for optimization

Agent-as-a-Judge

Agent-as-a-Judge: Evaluate Agents with Agents

https://arxiv.org/pdf/2410.10934


Demo

● Tasks
○ Classification
○ Information extraction

● Optimizers used
○  BootstrapFewShotWithRandomSearch
○ GEPA

● LLMs used
○ Predictor - gemini-2.5-flash-lite
○ Teacher - openai/gpt-4o

● Dataset
○ Gold mining industry domain
○ 40 articles about mergers and acquisitions

● Evaluated with deterministic assertions

Information Extraction Task

Learning DSPy: Working with optimizers

Github Repository
Zovi343/dspy-demo-improved

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


Results

● Baseline prompt

○ Extract information about 
companies involved in a merger 
deal. If the currency symbol is 
just \"$\", assume USD.

● Optimized prompt captures

○ Business logic

○ Generic edge cases

○ Data structure

○ Problem example

Optimized Extraction Prompt



Results

● Few-shot boost the performance the most

● GEPA captured domain specific instruction

● Few-shot + GEPA = ~10% improvement

● DSPy benefits grow with

○ Domain complexity

○ Dataset size

● DSPy is not a silver bullet

○ Not necessary for simpler tasks

○ Steep learning curve

Conclusion



Thank you for your attention!

● Any questions?
● We are hiring

○ AI Architect
■ Skilled in AI/ML
■ Also proficient in SWE

● 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/

