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Can we transform optimization
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How can we teach Al new tasks?

Standard way: weight updates with gradient descent: pretraining, supervised
fine tuning (SFT), reinforcement learning (RL)

Very effective, but requires huge numbers of examples!
. Trillions of tokens for pretraining
- 10,000s of labeled examples for SFT
- 100,000s of rollouts (trials) for RL (math, coding, etc)
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of domain specific
knowledge resources




Sample and Data Efficiency Challenge

of domain specific
knowledge resources

either the LLM
workflow for the task or the task metric
is slow/expensive to execute




Sample and Data Efficiency Challenge

RL with verified rewards:
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How to optimize a Compound Al System for complex tasks
in domains facing
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Insight 1: Text space

Instruction

It is possible to use very
few data and rollout
samples, to reflectively
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Example 2

update the prompt
making a large and
successful change to the
model, as compared to
weight updates, which

Compound Al System requires much more data
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RL in text space: Instead of just receiving a reward

score, we obtain <score, text feedback>

GEPA: Evolutionary Prompt Optimization for Compound Al Systems

Pareto (Multi Objective)

Leverage text feedback to create Discovers test case specific
good prompts from genetic pool solutions first and aggregate later




GEPA is sample-efficient

HotpotQA, Qwen3 8B HoVer, Qwen3 8B
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Seed Prompt for Second-Hop of Multi-Hop QA System

Given the fields question, summary_1, produce the fields query.

GEPA
Prompt
Optimizer

GEPA generates
detailed prompts

GEPA’s Optimized Prompt for Second-Hop of Multi-Hop QA System, GPT-4.1 Mini

You will be given two input fields: question and summary_1. Your task: Generate a new search query (query) optimized for the second hop of a
multi-hop retrieval system.

» The original user question is typically complex and requires information from multiple documents to answer.

 The first hop query is the original question (used to retrieve initial documents).

* Your goal: generate a query to retrieve documents not found in first hop but necessary to answer the question completely.

Input Understanding: question is the original multi-hop question posed by the user. summary_1 is a concise summary of information from a document
retrieved in the first hop, which partially addresses the question.

Purpose and Context:

* Your generated query aims to find the missing pieces of information needed to fully answer the question. ...

* The query must retrieve relevant documents NOT found in first hop ... . for final answer extraction.

Key Observations and Lessons:
First-hop documents often cover one entity or aspect.

Remaining relevant documents often involve connected or higher-level concepts mentioned in summary-1 but not explicitly asked in the original question.
The query should target these missing, but logically linked, documents.

Avoid merely paraphrasing the original question or restating known facts from summary_1.
Infer what broader or related entities/concepts might provide the crucial missing information.
For example:

— If summary_1 describes a population for a small civil parish, but the question wants the total population of the wider region, your query should target
that wider region (e.g., “Madeira archipelago population in 2011”).

— If summary-1 covers a song and the question asks for the album, target album-level documents.
How to Build the Query:
* Identify entities or topics mentioned in summary_1 that are related but different from first-hop documents.
* Reframe the query to explicitly mention these broader or related entities connected to the original question.
* Include relevant key context from the question to maintain specificity, but shift focus to the missing piece.

* The goal is to retrieve documents that link or complement what was retrieved initially.

Practical Strategy:
¢ Read the summary._1 carefully to spot references to bigger contexts or other entities not covered in the first hop.
¢ Ask: “What entity or aspect does this summary hint at that could answer the original question but was not found yet?”

» Formulate a precise, focused factual query targeting that entity or concept to retrieve the missing documents.

Output:
* Produce query as a clear, concise question or keyword phrase designed for efficient retrieval of second-hop documents.

* Ensure the query relates logically to the original question while targeting the broader or complementary knowledge identified in summary_1
include the original question or simply rephrase it. Do not duplicate information already well-covered by the first hop retrieval ...




AMD NPUEval Case Study

Recently announced Ryzen chip: First x86 to Integrate CPU, GPU and NPU



How to program these new devices?

Can we use LLMs to kelp-users
program this new processor?



How to program these new devices?

Can we use LLMs to kelp-users
program this new processor?

Latest Al models cannot produce efficient NPU Kernels out-of-the-box

due to no pretraining knowledge about this task



How little data about the new task are we talking about?

detail 1 £/ Copyright
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AMD NPUEval Benchmark: Tracking Al progress on NPU Kernel Generation

e Evaluation dataset targeting
vectorized NPU single-tile kernel
generation

e 40 kernel tasks Prompt

e Runsgenerated C++ code directly ’ ‘
on hardware 12 vol fer, uints_t* out uint32_t nbytes) {

e Evaluates To be completed

; . L by Al
o Functional correctness by "
in/out tests
o Efficiency:
Vector Utilization (%)

int8_t*)out_buffer, result_buffer);




GEPA is sample-efficient

Comparing GEPA and GRPO Training Dynamics
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Evaluating GEPA on AMD NPUEval Benchmark

Mean Vector Utilization for functionally correct kernels

Leverage train-time textual 30.52%
feedback to perturb prompts

N
o

Discovers test case specific
solutions first and aggregate later

Pareto (Multi Objective)
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Achieves 7x performance on
NPU kernel generation °awp
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Mean Vector Utilization for functionally correct kernels
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Vector Utilization for Functionally Correct Kernels
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You are a part of a code generation system for AIE (AI Engines).
Your job is to write C++ code for a single kernel that will run on an AIE tile.
Produce only the C++ code for the requested kernel including any required headers and imports.
Make sure the C++ code is complete and self contained in a single code block.
Produce only the kernel function, no main, no additional examples or code.
You are tasked with generating C++ code for a single kernel function that will run on an AI Engine (AIE) tile. The kernel should perform a

specified operation on a vector of bfloatl6 values. Your code should be complete and self-contained within a single code block, including all
necessary headers and imports. Follow these guidelines

1. xxHeaders and Importskx: Include only the necessary headers for AIE operations. Avoid including ‘<adf.h>" or any headers that are not part of
the standard AIE API. Use:
“epp
#include <stdint.h>
#include <aie_api/aie.hpp>
#include <aie_api/utils.hpp>

GEPA Optimizer

GEPA Optmizer (rastrs K

2. skKernel Functionxx: Implement the kernel function as specified in the input. The function should take pointers to input and output buffers
and a size parameter. Use AIE vector operations to process the data efficiently.

Loop nnatsaton
Parto Font [Bas Program Screfor tescase n Dstase

3. skVector Operationsxx: Utilize the AIE API's vector operations for loading, processing, and storing data. For example, use ‘aie::vector' for
vector operations and ‘aie::reduce_min' for reduction tasks. Ensure that the vector size is compatible with the AIE hardware capabilities

4. xxAvoid Non-Existent Functionsxx: Do not use functions like ‘aie::exp’ or ‘aie::store_v' if they are not supported. Instead, implement the
required functionality using available AIE API functions.

5. skError Handlingkx: Ensure that the code is free of syntax errors and compatible with the AIE environment. Test the code for compilation
without errors.

Here is an example template for a kernel function
epp

#include <stdint.h>

#include <aie_api/aie.hpp>

#include <aie_api/utils.hpp>

void kernel_function_name(bfloat16 *input_vector, bfloatl16 *output_vector, uint32_t vector_size) {
constexpr int vector_length = 16; // Adjust based on AIE capabilities
s:ivector<bfloatl6, vector_length> input_data;
::vector<bfloatl6, vector_length> output_data;

for (uint32_t i = 0; i < vector_size; i += vector_length) {
input_data = aie::load_v<vector_length>(input_vector + i);
// Perform the required operation on input_data
// Store the result in output_data
aie::store_v(output_vector + i, output_data);

Replace “kernel_function_name® and the operation logic with the specific task details provided in the
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How does GEPA work?

Insight 1

Problem GEPA: Reflection

Use domain-specific textual
feedback as learning signal in

Prior learning techniques only
consider numeric scores as
learning signal, observed at the
end of long-running rollouts

addition to numeric rewards,
making large updates from one
rollout!

RL in Text space: Instead of just getting a reward score,

we obtain <score, text feedback >



How does GEPA work?

Insight 2

Problem




How does GEPA work?

Problem

Prior prompt optimizers
proposed all new prompts
upfront, to perform bayesian
search over them

Insight 2

GEPA: Genetic

Assume that good prompts are
derived from previous good
prompts - building a tree of

prompts that improve upon each
other

Genetic (Prompt descendents)
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Insight 3
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How does GEPA work?

Insight 3

Problem GEPA: Pareto

Most Al optimization techniques
focus on the aggregate score
across the full dataset, missing
on data point specific
improvements

Focus on improving on
individual data points to discover
testcase specific solutions, and

aggregate learnings later

Pareto (Multi Objective)




RL in text space: Instead of just receiving a reward

score, we obtain <score, text feedback>

GEPA: Evolutionary Prompt Optimization for Compound Al Systems

Pareto (Multi Objective)

Leverage text feedback to create Discovers test case specific
good prompts from genetic pool solutions first and aggregate later




GEPA Algorithm

Input: train set, Al system (parametrized by =1 prompts), and metric
- Split train set into dev & val sets

« Track a pool of candidates, including the best on each val item (Pareto front)
- Repeatedly:

- Select a prompt to try to improve

- Run system on a minibatch of dev examples, noting intermediate feedback

- Call a LM to propose alternatives for the prompt based on scores.& feedback
(can be by “mutating” one current prompt or “crossing over” two)

- Update pool based on how candidates score on val set



GEPA Algorithm

Initialize

Perform
Discard Ppey F:‘:‘;L NanEs Minibatch | ———Ppew

Eval
Eval on all tasks
+

Propose New Candidate
Add P, to Pool

/ Prom} /30 System Aware\

While Budget >0

ﬁ Mutation

Reflect and Strategically select|
Propose New prompt for each
Prompt module, either
) from P, or P;.
Obtain text

) If a module has
feedbacks using p¢ evolved in Py but

A not in P3, select
: Rollouts: from P, and vice-
: ] Execute P on M versa.
" ; " : = Best candidate
x x x x L,/ p Sample 1 candidate Sample 2 candidates
2 for mutation

to merge
X X _ T / T
Tsks | K| K K| K G

Candidate Pool P

Task 2

———Choose Strategy to create new candidate
Scores Matrix

Pareto-based Candidate Filtering




GEPA Search Tree



GEPA Performance across diverse benchmarks

HotPotQA Instruction Following (IFBench) HoVer (Claim Verification AIME (Math) 2025
39 Benchmark)
55

42.33 43.33 36.22 | 35.33 38.67
0 493 51.3

Baseline GRPO MIPROv2 GEPA Baselne GRPO MIPROv2 GEPA Baseline GRPO MIPROv2 GEPA
Best-1 Best-1 Best-1 Baseline MIPROv2 GEPA Best-1

Method (Qwen3 8B) Method (Qwen3 8B) Method (gpt-4.1-nano) Method (GPT-4.1 Mini)




HotPotQA

42.33 43.33

Baseline GRPO  MIPROv2

Method (Qwen3 8B)

GEPA

Best-1

Instruction Follgwing (IFBench)
39

36.9 35.88 36.22

Baselne GRPO MIPROv2 GEPA
Best-1

Method (Qwen3 8B)

600 rollouts!

HoVer (Claim Verification

Benchmark)
55

35.33 38.67

Baseline GRPO MIPROv2 GEPA
Best-1

Method (gpt-4.1-nano)

60

AIME (Math) 2025

49.3 51.3
Baseline MIPROv2 GEPA Best-1

Method (GPT-4.1 Mini)




Why Pareto-based Candidate Selection?

Ablation:
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(a) SelectBestCandidate Strategy (b) Pareto-based candidate sampling

Figure 6: Comparing the impact of different candidate selection strategies. (Left) As can be seen, selecting the
best-performing candidate in every iteration led to a local-optima after one iteration, leading to suboptimal search
performance. (Right) On the other hand, using pareto-based candidate selection strategy, GEPA was able to generate
a balanced search tree, finding a better performing program within the same budget.

Model HotpotQA IFBench Hover PUPA Aggregate Improvement

Qwen3-8B

SelectBestCandidate 58.33 30.44 45.33 85.45 54.89
GEPA 62.33 38.61 5233 91.85 61.28




Does text-feedback make a difference?
Ablation:

Validation Scores over Rollouts I;gnal Test Set Scores Comparison

—— With Subscores
Without Subscores
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GEPA can be integrated into your existing pipelines!

[J README  Ax Contributing 3 MIT license

GEPA

GEPA: System Optimization through Reflective Text
Evolution

Optimize text components—Al prompts, code, or instructions—of any system using reflective text evolution.
Overview || i 1]

GEPA (Genetic-Pareto) is a framework for optimizing arbitrary systems composed of text components—like Al - -

prompts, code snippets, or textual specs—against any evaluation metric. It employs LLMs to reflect on system g Ith u b - CO mlg e pa-a I/g e pa
behavior, using feedback from execution and evaluation traces to drive targeted improvements. Through iterative

mutation, reflection, and Pareto-aware candidate selection, GEPA evolves robust, high-performing variants with

minimal evaluations, co-evolving multiple components in modular systems for domain-specific gains.

This repository provides the official implementation of the GEPA algorithm as proposed in the paper titled "GEPA:
Reflective Prompt Evolution Can Outperform Reinforcement Learning" (https://arxiv.org/abs/2507.19457). In order
to reproduce experiments from the paper, we provide a separate reproduction artifact.




Let’s go into the GEPA tutorial!

https://tinyurl.com/gepa-tutorial




GEPA usecases

Prompt Learning to generalize to unseen data

(e.g., HotpotQA, AIME, etc.)
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Inference Time Search (Test Time Scaling)
(e.g., NPU and CUDA kernel generation)




GEPA usecases

Prompt Learning to generalize to unseen data
(e.g., HotpotQA, AIME, etc.)

Inference Time Search (Test Time Scaling)

(e.g., NPU and CUDA kernel generation)

Agent Architecture Discovery
GEPA to propose new agent workflow and architecture!




GEPA for Agent Architecture Discovery

GEPA Search Tree

Each node in the tree
represents a set of texts
being evolved for a target
metric

GEPA is a text evolution engine
Given a target metric, GEPA will reflectively evolve the text!



GEPA for Agent Architecture Discovery

GEPA Search Tree

Each node in the tree
represents a set of prompts
when GEPA is used for
Prompt Learning

GEPA is a text evolution engine
Given a target metric, GEPA will reflectively evolve the text!



GEPA for Agent Architecture Discovery

GEPA Search Tree

Instead, each node in the
tree can represent
agent code as text

GEPA is a text evolution engine
Given a target metric, GEPA will reflectively evolve the text!



GEPA for Agent Architecture Discovery

ARC-AGI Benchmark

i{ ™ El'.l?

Task Inputs Test Input

tinyurl.com/gepa-agent-search



https://tinyurl.com/gepa-agent-search

Base ARC Agent (Chain-of-Thought) Input to GEPA

Inputs = LLM (Chain-of-Thought) = Outputs

Inputs 1) Single LLM Step Outputs

- Traini I
g ELE LLM: Chain-Of-Thought - Test outputs

« Test inputs

2 Open in Colab

tinyurl.com/gepa-agent-search

ARC-AGI: 49.5%

GEPA-Evolved ARC Agent

Hypothesize — Synthesize — Execute — Debug/Refine — Apply

LLM-driven solve + self-correction
(= max_retries)

Inputs
Traini p | 3) Execute & Trace Code
« lraining examples
: 9 2 on training examples
« Test inputs

H
1
:
on failyre
'

Artifact i
NL Rule

Artifact 4) All training
Execution Trace examples
Artifact feedback & error details pass?
Python Function (code) No - Refine with feedback
def transform_matrix()

Yes — Output Python Function 6) Apply Code
to Test Inputs

H
i

consurhes Outputs
H

« Test outputs

5) Debug & Refine Code
LLM: Predict




GEPA for Agent Architecture Discovery

ARC-AGI 1 Held Out Eval MATH Dataset (500 Questions)

76.2
Chain of Thought GEPA Discovered 6-step agent Chain of Thought GEPA Discovered 2-step agent

Method (Gemini-2.5-Pro) Method (GPT-4.1 Nano)




GEPA usecases

Prompt Learning to generalize to unseen data
(e.g., HotpotQA, AIME, etc.)

Inference Time Search (Test Time Scaling)

(e.g., NPU and CUDA kernel generation)

Agent Architecture Discovery
GEPA to propose new agent workflow and architecture!




GEPA usecases

Prompt Learning to generalize to unseen data
(e.g., HotpotQA, AIME, etc.)

Inference Time Search (Test Time Scaling)
(e.g., NPU and CUDA kernel generation)

Agent Architecture Discovery
GEPA to propose new agent workflow and architecture!

Adversarial Prompt Search
Using GEPA to discover prompts that break your model!




GEPA for Adversarial Prompt Search

What if you want to find prompts, that confuse your agent?



GEPA for Adversarial Prompt Search

What if you want to find prompts, that confuse your agent?

Simply Invert the reward!



GEPA for Adversarial Prompt Search

What if you want to find prompts, that confuse your agent?

Simply Invert the reward!

Simple Prompt for solving Math questions (AIME)
You are a helpful assistant. You are given a question and you need to answer it. The answer should be

76% with
GPT-5 Mini

given at the end of your response in exactly the format '### <final answer>"'

GEPA

(Inverted)

GEPA Evolved Adversarial Prompt (AIME)
You are a helpful assistant. You are given a question and you need to answer it. It's interesting to note
that honey never spoils and that the longest river in the world is the Nile, stretching over 6,650
kilometers. When providing your answer, be sure to format it at the end of your response exactly as
"#H# <final answer>'". For this task, remember that many mammals, including dolphins, sleep with one
. eye open. Proceed to answer the given question accordingly.
10% with

GPT-5 Mini




GEPA usecases

Prompt Learning to generalize to unseen data
(e.g., HotpotQA, AIME, etc.)

Inference Time Search (Test Time Scaling)
(e.g., NPU and CUDA kernel generation)

Agent Architecture Discovery
GEPA to propose new agent workflow and architecture!

Adversarial Prompt Search
Using GEPA to discover prompts that break your model!




GEPA improves Multimodal/VLM Performance (OCR)

OCR Model Performance — GEPA Optimized vs Original (Intrinsic Labs)

EE Intrinsic Labs (GEPA Optimized)
96 - Original
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Figure 1: GEPA improved JSON extraction accuracy from baseline to optimized perfor-
mance. Source: Studio-Intrinsic / benchmarking-ocr-gepa.

Source: Intrinsic Labs report at https://tinyurl.com/gepa-ocr-example "



https://tinyurl.com/gepa-ocr-example

GEPA enables monitoring safety of Al-gen code

Safety vs Audit Budget

Trained on 200 Control-Tax samples, evaluated on 169 Apps Backdoor samples, 5 epochs

Monitor
DSPy GEPA Finetuned
DSPy GEPA
DSPy
Ensemble

D Basic

3.0

Audit budget

DSPy optimization improves monitor safety across various audit budgets. The prompt-optimized
monitors (green) achieve ~90% safety with a 1% audit budget, while baseline monitors fail to exceed 70%
safety. Each box plot shows safety scores across 5 evaluation epochs on 169 APPS samples, with monitors

trained on 200 samples from the ControlTax dataset. More detai

Source: LessWrong Blogpost at https://tinyurl.com/gepa-ai-code-monitor



https://tinyurl.com/gepa-ai-code-monitor

GEPA for Complex Informa

Building State-of-the-Art Enterprise
Agents 90x Cheaper with Automated
Prompt Optimization

gpt-oss-120b (GEPA)

© 0.82
et
o
O
n
0:80 gpt-oss-120
Databricks 0.78 " ;
for enterprise workflows. Our goal is to help customers gpt:oss-ZOb Llama 4 Maverick

the Pareto frontier for their domain-specific task:

on their own data. To support this, we develop en
evaluations on agents that measure accuracy and serving e
face in production.

t-5-nano
o76] PUX

tion Extraction

Quality-Cost Pareto Frontier
Claude Opus 4.1
Claude Sonnet 4 (GEPA)

g

(GEPA)

Claude Sonnet 4
-5 =

e

Claude Opus 4.1

=== Base Pareto Curve
Optimized Pareto Curve

Within our broader agent optimization toolkit, this post focu
tructured search guided|

technique that leverages itera
automatically improve prompts. We demonstrate how we can:

Source: Databricks Blogpost at https://tinyurl.com/gepa-databricks-blog

Serving Cost (log scale)
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How to optimize a Compound Al System for complex tasks
in domains facing
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RLVR (through GRPO) for Compound Al System Optimization

[1] [1] [1]
Wiq Wiz 0 W1
[1] [1] [1]
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[ [ m
Woingy Wainy 7 Wain,i-u

Model Weights

Compound Al System
GRPO

TOO'. Retrieval Guardrails
Invocation




Joint prompt and weight optimization for Compound Al System

Role

Instruction Wl[ll] Wl[lz] Wl[l,]lu—u
[ 1 1]
Wai  Wa1 o W0
Example 1 T1x i 2 :
TIIIrrrrr 1 [ i [
555 Wi, Wi, Wollllt-1]

Example 2

Model Weights

Example 3

Compound Al System

Tool : .
. Retrieval Guardrails
Invocation
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Get Started  Learn DSPy

Tutorials
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Advanced Tool Use

Finetuning Agents

Reflective Prompt v
Evolution with
dspy.GEPA

GEPA for AIME (Math)

GEPA for Structured
Information Extraction
for Enterprise Tasks

GEPA for Privacy-
Conscious Delegation

Experimental RL v
Optimization for DSPy

RL for Privacy-Conscious
Delegation

RL for Multi-Hop
Research

Tools, Development,and v
Deployment

Use MCP in DSPy
Output Refinement
Saving and Loading
Cache

Deplovment

& Q search 2;33"

Tutorials ~ API Reference DSPy in Production

Experimental RL Optimization for DSPy

This section explores cutting-edge reinforcement learning (RL) approaches for optimizing DSPy programs. These
experimental techniques represent the frontier of Al program optimization, combining the power of RL with DSPy's
modular programming paradigm to achieve even better performance on complex tasks.

Advanced RL Optimization Techniques

RL for Privacy-Conscious Delegation

Explore how reinforcement learning can optimize privacy-conscious Al systems. This tutorial demonstrates how RL
agents can learn to balance task performance with privacy constraints, making intelligent decisions about when and
how to delegate sensitive operations.

RL for Multi-Hop Research

Learn to apply reinforcement learning to multi-hop reasoning tasks. This advanced tutorial shows how RL can optimize
the search strategy in complex information retrieval scenarios, learning to navigate through multiple information
sources more effectively.
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Both DSPy and (especially) GEPA are currently severely under hyped in
the Al context engineering world
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Have heard great things about DSPy plus GEPA, which is an even
stronger prompt optimizer than miprov2 — repo and (fascinating)

examples of generated prompts at github.com/gepa-ai/gepa and paper
at arxiv.org/abs/2507.19457

gepa-ai/gepa

Optimize prompts, code, and more with Al-powered

Reflective Text Evolution




GEPA can be integrated into your existing pipelines!

[J README  Ax Contributing 3 MIT license

GEPA

GEPA: System Optimization through Reflective Text
Evolution

Optimize text components—Al prompts, code, or instructions—of any system using reflective text evolution.
.IF 0
Overview || -*

L -
GEPA (Genetic-Pareto) is a framework for optimizing arbitrary systems composed of text components—like Al g Ith u b ] co m/g e pa -a I/g e pa

prompts, code snippets, or textual specs—against any evaluation metric. It employs LLMs to reflect on system
behavior, using feedback from execution and evaluation traces to drive targeted improvements. Through iterative
mutation, reflection, and Pareto-aware candidate selection, GEPA evolves robust, high-performing variants with
minimal evaluations, co-evolving multiple components in modular systems for domain-specific gains.

This repository provides the official implementation of the GEPA algorithm as proposed in the paper titled "GEPA:
Reflective Prompt Evolution Can Outperform Reinforcement Learning" (https://arxiv.org/abs/2507.19457). In order
to reproduce experiments from the paper, we provide a separate reproduction artifact.
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