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Introduction



Intro: Prompt Optimization Engines in LLMs
① TextGrad

② DSPy ③ LangChain
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Intro: Problems in Prompt Optimization

(1) Optimizers are too broad and 
inefficient
“We need to optimize both the code and 
the proteins.”

(2) Different optimizers each have 
strengths, but are hard to combine
Is it possible to combine the advantages 
of different optimizers?



Intro: Our Goal

design a meta-optimizer that improves existing large-model optimizers and 
better aligns them to specific tasks



Motivation



Existing LLM optimizers

Existing LLM optimizers like TextGrad and DSPy are manually designed to 
perform well across many different tasks. Their prompts are highly general.



Problem: Noisy Feedback
However, this generality can sometimes limit their effectiveness on specific tasks.
When the optimizer only receives noisy feedback, such as overly detailed textual 
suggestions:

It may incorporate irrelevant information and fail to improve the model effectively.



Solution: Task-aligned Optimizer
In contrast, a task-aligned optimizer can be explicitly aligned with the target task 
distribution.
For instance, an optimizer optimized for Dyck Languages (bracket matching) might 
include guidance such as focusing on proper nesting and LIFO order:

Find a good initial value for the optimization process.



Solution: Task-aligned Optimizer

In contrast, a task-aligned optimizer can be explicitly aligned with the 
target task distribution. (Find a good initial value for the optimization process.)

Such alignment helps the optimizer produce better programs even 
when the feedback remains noisy.

Therefore, rather than designing new optimizers manually for every 
task, metaTextGrad aims to meta-learn how to adapt optimizers 
automatically and create optimizers that are both stronger and task-
aligned.



Theoretical Insight



Theoretical Insight

That is, an optimizer adapted through meta-optimization to a specific task can 
effectively optimize data drawn from the same distribution.

On the other hand, for an optimizer that has not undergone meta-optimization, 
there will always exist some tasks for which its optimization performance is poor.

This demonstrates the necessity of conducting meta optimization.

Let 𝑅𝑅 be the loss function, 𝑆𝑆1 the training dataset, and 𝑆𝑆2 the test dataset (drawn from 
the same distribution).
Let �𝜃𝜃 be the optimizer after meta-training, and 𝜃𝜃∗ be the optimizer that is optimal 
under a given distribution.

Then we can prove that with probability at least 1 − 𝛿𝛿:



Method



Meta Optimizer: Inner Loop



Meta Optimizer: Outer Loop



Meta Optimizer: Overview

metaTextGrad consists of a meta-prompt optimizer and a meta-structure optimizer. Given a set of optimizers, 
the meta optimizer performs optimization in two steps. First, it optimizes each optimizer individually so that 
they align better with the specific task. Then, it combines these optimized optimizers into a new optimizer.



Experiment



Overview

Across various math-reasoning datasets, metaTextGrad shows a marked 
improvement in performance over baselines.



Cost Analysis

With the help of metaTextGrad, GPT-4o-mini even performs better than GPT-4o 
on BBH Dyck Languages.

To control cost, we want to use a regular model to perform the computationally 
expensive program execution, a moderately stronger model as the optimizer, and 
the best model as the meta-optimizer. 

The results show that metaTextGrad exhibits significant differences in token usage 
across different reasoning levels, indicating that this hierarchical design is efficient.



Generalizability

The optimizers produced by metaTextGrad can effectively generalize across different 
models and datasets.



Open-Source Models & Harder Tasks

metaTextGrad remains effective on open-source models and complex tasks.



Ablation Study

Each component of metaTextGrad can effectively improve optimization performance.



Summary



Summary of Contribution

• Identify the necessity of improving existing large-model 
optimizers and better aligning them with specific tasks.

• Provide both theoretical and empirical insights for 
performing meta-optimization.

• Design a meta-prompt optimizer and a meta-structure 
optimizer to optimize LLM optimizers.

• Demonstrate the effectiveness of our approach across 
different tasks.



metaTextGrad is open-source!

Source Code Paper
https://arxiv.org/abs/2505.18524https://github.com/zou-group/metatextgrad



Thank you!
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