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Motivation

• Existing prompt optimization methods mostly rely on 
fixed datasets, assuming static input distributions and 
therefore missing unseen failure modes.

• Static optimization offers limited support for iterative 
self-improvement, since the prompt is not continuously 
challenged by new, failure-revealing examples.

Contribution
• We introduce a feedback-driven framework SIPDO that 

integrates synthetic data generation into prompt 
optimization.

• We develop a method to construct synthetic examples 
that dynamically stress-test prompts, revealing failure 
modes and guiding refinement.

• We empirically demonstrate that augmenting prompt 
optimization with synthetic data improves performance 
across multiple reasoning benchmarks, surpassing 
existing prompt tuning methods.

Method

The data generator first draws a target label y˜ ∼ p∗(y) where uuuuuuuuuuuuuuu . By sampling a latent variable                                          
mmmmmm  that captures the structure of few-shot from true data distribution S , the decoder qψ produces      
qψ(z, y, ,        where c is a controlled difficulty tier. The generator is prompted to produce label-realistic yet 
failure-revealing examples by optimizing

At iteration t                          and using the synthetic history D                           ,  ,           , SIPDO defines the 
error set E(t)={(x~,y~)∈Dt:f(p(t),x~)≠y~} , analyzes these failures, generates a textual patch    ,   , and updates 
the prompt via p~(t)=Uθ(Δ(t),p(t),   .. .. If errors are found in previously generated questions, the prompt is 
further refined; otherwise, the process moves on to the next difficulty level. The cycle repeats until no errors 
remain in any previously generated questions or the optimization budget is reached.

Figure 1: Data Generator first produces a synthetic 
question-answer pair at difficulty level c. The Auto 
Prompt Optimizer evaluates the prompt via three sub-
modules-error analysis, recommendation, and 
refinement-and outputs a revised prompt. The revised 
prompt is tested on failures and previously solved 
examples. If errors remain, it returns for refinement; 
otherwise, it moves to the next sample (with higher c). 
The cycle repeats until no errors remain or the budget is 
reached, yielding a self-improved prompt.

Results Key Points & Insights
• SIPDO shows that prompt optimization can be improved 

through a closed-loop framework rather than static dataset.
• By combining synthetic data generation with iterative prompt 

refinement, SIPDO achieves stronger robustness and better 
performance on reasoning tasks.

• Progressive difficulty is key to stable refinement, forcing the 
prompt to improve gradually from challenging synthetic data 
instead of failing on overly hard examples.

• Prompt optimization can be feedback-driven, not limited to 
fixed benchmarks.


