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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.
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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.

The data generator first draws a target label § ~ p*(y) where {(z;, ;) }Y.; ~ S. By sampling a latent variable
z ~ g4(2]9) that captures the structure of few-shot from true data distribution S , the decoder gy produces

Z = qy(z,7,c) where c is a controlled difficulty tier. The generator is prompted to produce label-realistic yet
failure-revealing examples by optimizing

min KL(gy(y)llp*(y)) + AEq, [L(f(p, 2),9)],

Atiteration ¢ € {1,..., M} and using the synthetic history D; = {(Z;,7;)}}=; € & x ¥, SIPDO defines the
error set E® = {(,9) € D, : f(p¥), &) # §}, analyzes these failures, generates a textual patch A® | and updates
the prompt via ) = Up(A®, p), E®). 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.

. 1st 2nd 3rd Final Result | Accuracy (%) Avg. Acc. (%) GPT-40 . GPT-do-mini .

MMLU Subject Method Roston  Jerafie, Swadn  [opescasdod Model Mol | G Eseme O, Coun Tomporal ol | (Comparative Ace) :k:w : v:;:u w;:;,s :2; ur,\;:vr. 5.;;.:, n:v:; N:;w;s :: RRZ:;W 3‘71;"30

TeGd & 8% 8. 40) o Am | WEOOBDOE ML BD M| B o |l mope mnomun) w2 Zmosy g opane
" M-TextGrad 85 87 87 89(4 4.0) PromptAgent 96.1 8.0 96 984 718 89.2(1 0.1) - 3

College Computer Science iy 25 88 30 90( 3.0) S1PDG @2 w3 s w3 o w1 Memge | 100 920 802 644 86dq4n | 5 74 DS 69 8169
SIPDO kil - APE 445 816 33 92 756 782(,9.1) "
TextGrad 848 875 821 8840 5.4) 2 PompiAgent | 898 70 86 843 95 16 8520 21) Table 3: Performance(%) on ProofWriter, FOLIO, and PrOntoQA by Neuro-Symbolic, CoT, RE-
M-TextGrad  85.5 854 853 85.0(1 8.8) SIPDO 1 m2 81 875 980 830 873 VOLVE, SIPDO, and Baseline Prompting methods across GPT-40 and GPT-4o-mini.

N N y y & ~ s CoT 704 683 855 90.1 940 66.8 79.2(, 3.7)

Machine Leaning REVOLVE 857 86.6 857 88.4( 5.4) e s b e e ma i -y -
ANN = = 90.1( 3.7) emini-LSASh  prigent | 674 703 816 863 942 619 78.0(, 4.9) Model | PENGUINS ~GEOME.  EPISTEMIC OBJ.CNT. TEMPORAL CAUSAL Avg.
o , , i e | o3 A3 mp m B oml | na

coT B8 o1 928 89 615 7950 3.9) GPT-do o i i o o 1

TextGrad 95.1 972 95.1 96.5(1 0.0) " APE 402 566 887 86 860 65, 693, 14.1) (241%)  (L172%)  (L5.1%)  (J409%) (L2.3%) (L 134%) | (L 17.3%)

College Biology REVOLVE 96.5 96.1 972 96.5(} 0.0) Gemini-. 3P0 prompragent 736 583 838 726 984 T2 768(,6.6) GPT-do- 69.6 475 80.0 399 92.1 67.4 66.1
SIPDO _ _ 96.5 SIPDO 793 64.3 893 913 98.0 834 mini. (124.4%) (1351%) (1 6.0%) (1 544%) (I 6.0%) (4 23.4%) (1 24.3%)

Table 1: Results on MMLU Machine Learning, College Computer Science, and College Biology
subject by GPT-4o, demonstrating SIPDO’s effectiveness on different subjects

Table 2: Results on BIG-Bench tasks across multiple LLMs. SIPDO consistently outperforms stan-
dard prompting basclines (CoT, APE, PromptAgent) across most tasks and models, demonstrating
e nt)

of the prompt

by synthetic data feedback.

Table 4: Accuracy (%) after removing the difficulty gradient. Numbers in parentheses show the
absolute drop (1) relative to the performance with difficulty gradient placed.

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.



