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Abstract

The performance of Large Language Models (LLMs) hinges on carefully engi-1

neered prompts. However, prevailing prompt optimization methods, ranging from2

heuristic edits and reinforcement learning to evolutionary search, primarily target3

point-wise accuracy. They seldom enforce paraphrase invariance or searching sta-4

bility, and therefore cannot remedy this brittleness in practice. Automated prompt5

search remains brittle: small, semantically preserving paraphrases often cause6

large performance swings. We identify this brittleness as the textual sharpness7

of the prompt landscape. In this work, we provide the first formal treatment8

of textual sharpness in the discrete, semantic space of prompts, together with9

an operational robustness criterion over a semantic neighborhood; the design is10

black-box or API-only, requiring no gradients to update the model’s parameters.11

Then we introduce TARE (Textual Sharpness-Aware Evolving), a derivative-free12

framework that alternates between an inner, sampling-based adversarial search that13

stresses a prompt with hard paraphrases and an outer, robust selection that prefers14

candidates whose neighborhoods remain strong. We further propose ATARE, which15

learns anisotropic weights to shape the semantic neighborhood and adapts its radius16

over time to balance exploration and fidelity. Diverse tasks evaluate our methods,17

whose design for minimizing textual sharpness gap leads to prompts that preserve18

accuracy under paraphrasing, outperforming accuracy-only prompt search while19

remaining computationally practical. The code is available for anonymous access20

at https://anonymous.4open.science/r/ATARE_TARE/.21

1 Introduction22

Large Language Models (LLMs) have demonstrated remarkable capabilities across a wide array of23

natural language understanding and generation tasks [1, 29]. The efficacy of these models, however,24

is critically dependent on the quality of their input prompts. In this vein, prompt engineering aims25

at manually or automatically discovering optimal prompt structures to guide LLMs toward desired26

outputs. While automated methods [13, 47] have shown promise, they often produce prompts that are27

highly sensitive to minor, semantically-equivalent perturbations. An optimized prompt that performs28

well on a given set of inputs may fail dramatically when faced with slight paraphrasing or rephrasing,29

a phenomenon we term the “sharpness” of the prompt landscape. This brittleness severely limits the30

real-world reliability and robustness of LLM-based systems.31

The concept of “sharpness” in optimization landscapes is well-studied in the domain of deep neural32

networks. It has been shown that models converging to flat minima in the loss landscape exhibit33

superior generalization performance [15]. Sharpness-Aware Minimization (SAM) [10] and its variants34
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have emerged as powerful techniques to explicitly search these flat minima, thereby improving model35

robustness and generalization. These methods work by minimizing the loss in a “neighborhood”36

around the current parameters, effectively smoothing the loss landscape. However, the principles37

of SAM have been predominantly applied to continuous parameter spaces, such as model weights.38

Their application to the discrete and combinatorial nature of text-based prompts remains a significant39

and unexplored challenge.40

Figure 1: Problem Illustration. We illustrate the core
challenge in prompt optimization: I) conventional meth-
ods often find brittle, sharp minima (left), where a slight
semantic change from an optimal prompt Prompt A
to a paraphrase Prompt A’ results in a significant loss
increase. II) Our goal is to instead seek flat, stable so-
lutions (right), where a similar slight semantic change
from a robust prompt Prompt B to its paraphrase Prompt
B’ only causes the loss to remain nearly unchanged,
indicating high robustness.

Therefore, a natural research question arises:41

I) How can we formally define and quantify42

the concept of a “sharpness neighborhood”43

within the discrete, semantic space of textual44

prompts? Due to the discrete and semantically45

rich nature of text, traditional notions of local46

perturbations (e.g., infinitesimal gradient steps)47

are fundamentally inapplicable. Instead, we48

must construct neighborhoods that capture se-49

mantic similarity—accounting for paraphrasing50

and rephrasing—so that local sharpness reflects51

true linguistic and behavioral proximity relevant52

to LLMs. Defining such neighborhoods and53

associated metrics is crucial for robust optimiza-54

tion. Building on this, a closely related question55

arises: II) How can we design a practical opti-56

mization algorithm that navigates this discrete57

landscape to discover prompts that are both ef-58

fective and robust to semantic perturbations?59

This requires an algorithm that can efficiently60

explore the prompt space while incorporating61

a measure of landscape flatness into its search62

process.63

To address these challenges, we introduce Textual Sharpness-Aware Evolving (TARE), a novel64

framework inspired by SAM that adapts its core principles for the discrete domain of prompt65

engineering. Our core contribution is a textual sharpness metric that quantifies prompt robustness by66

evaluating its performance over a neighborhood of semantically similar variants. We then propose67

an evolutionary optimization algorithm that iteratively refines prompts, selecting candidates that68

exhibit both high performance and low sharpness. Furthermore, we introduce an adaptive version,69

Adaptive Textual Sharpness-Aware Evolving (ATARE), which dynamically adjusts the neighborhood70

size during optimization for efficiency and effectiveness. Our contributions are threefold:71

❶ Formalizing Textual Sharpness. We introduce the first definition of sharpness tailored for the72

discrete, semantic space of prompts. This is accompanied by a metric to quantify prompt robustness73

by evaluating performance stability across a semantically coherent neighborhood, bridging the gap74

between continuous optimization theory and discrete language-based optimization.75

❷ Sharpness-Aware Prompt Evolution. We propose TARE, a novel algorithm designed to explicitly76

navigate the discrete prompt landscape. By integrating our textual sharpness metric directly into its77

fitness function, TARE effectively co-optimizes for both high task performance and low sharpness,78

yielding prompts that are both effective and robust. We further enhance this with an adaptive79

variant, ATARE, which dynamically adjusts the neighborhood radius for greater efficiency.80

❸ Superior Robustness and Generalization. Through extensive experiments on multiple bench-81

marks, we provide strong empirical evidence that our proposed methods, TARE and ATARE, con-82

sistently discover prompts that are significantly more robust and generalize better to unseen data83

compared to existing state-of-the-art prompt optimization techniques.84

2 Problem Formulation85

2.1 Problem Setup and Notation86

We consider a black-box large language model and a discrete semantic space of textual prompts.87

2



For a supervised task with a training set, the empirical prompt risk is88

LD(p) =
1

|D|
∑

(x,y)∈D

ℓ
(
M(p, x), y

)
. (1)

When the task is generative or judgment based, an evaluator maps model outputs to a numeric loss89

ℓ
(
M(p, x), y

)
≡ E

(
M(p, x), y

)
. (2)

The same definitions apply for validation and test. We focus on robust optimization that accounts for90

semantic neighborhoods of a prompt.91

2.2 Semantic Neighborhoods of Prompts92

To make this precise, we endow the prompt space with a semantic dissimilarity measure and define93

the isotropic neighborhood as94

B
(
p, ρtext

)
:=

{
p′ ∈ P : dtext(p, p

′) ≤ ρtext
}
. (3)

In practice, the dissimilarity can reflect token-level edit distance, paraphrase embedding distance, or95

membership in transformation families such as rephrasing or style shifts.96

Anisotropic neighborhoods. To capture heterogeneous sensitivity across semantic components of97

a prompt, we use an anisotropic metric98

dani,Wp(p, p
′) :=

∥∥Wp ∆(p, p′)
∥∥
2
, (4)

and the corresponding ellipsoidal neighborhood99

Bp

(
p, ρtext

)
:=

{
p′ ∈ P : dani,Wp(p, p

′) ≤ ρtext
}
. (5)

2.3 Textual Sharpness and Robust Risk100

Building on these neighborhoods, the textual sharpness-aware loss is defined as the local worst-case101

risk over a semantic neighborhood102

LS(p, ρtext) := max
p′∈B(p,ρtext)

LD(p′). (6)

The corresponding robust optimization problem is103

min
p∈P

LS(p, ρtext). (7)

This mirrors the classical SAM perspective by replacing perturbations in parameter space with textual104

perturbations in a semantic neighborhood. In the discrete prompt setting, neighborhood exploration105

during the inner maximization can be operationalized by treating a generator as a sampler.106

3 Methodology107

3.1 Overview108

Motivation. Accuracy-only prompt search is brittle: small paraphrases or rephrasings can flip109

outcomes, exposing sharp, non-flat regions of the prompt landscape discussed in the introduction. Our110

aim is to explicitly prefer prompts that remain effective under semantically-preserving perturbations.111

We operationalize the textual sharpness formalization in Sec. 2 into a robust criterion that penalizes112

local fragility, so that selected prompts demonstrate stability across their semantic neighborhoods.113

Equivalently, we aim to shrink the textual sharpness gap Sharpρtext
(p) defined in Sec. 2.114

Design principles. (i) Black-box, derivative-free optimization compatible with LLM APIs and115

evaluator oracles; (ii) semantic neighborhoods that preserve task intent while revealing local sharpness;116

(iii) an inner worst-case search to expose adversarial neighbors; (iv) an outer robust update that117

chooses candidates improving the max-risk estimate; and (v) lightweight schedules (radius and118

budget) for stability under limited compute.119

Building on Sec. 2, our goal is to minimize the textual sharpness-aware risk by solving120

min
p∈P

max
p′∈B(p,ρtext)

L(p′), (8)
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Figure 2: An illustration of our proposed TARE framework. (a) The top panel shows the main TARE loop, consist-
ing of an Inner Adversarial Search, Feedback Generation, and an Outer Robustness Update. (b) The bottom-left
panel details the ATARE mechanism, which uses Sensitivity Estimation to guide an efficient Anisotropic search.
(c) The bottom-right panel presents the LATO, which perceives the local sharpness to guide updates towards a
flatter semantic basin.
via a derivative-free, LLM-driven procedure. In this discrete, black-box setting, we rely on sampling-121

based inner maximization and validation-driven outer selection. We describe TARE (isotropic) and122

ATARE (anisotropic) variants that iteratively (i) search adversarial neighbors and (ii) update the prompt123

to reduce the robust objective.124

Alignment to research questions. The neighborhood-based objective instantiates Q1 by defining125

sharpness in semantic prompt space, while our two-stage, derivative-free robust evolution addresses126

Q2 by providing a practical algorithm that co-optimizes task accuracy and local flatness under127

semantically-preserving perturbations.128

3.2 TARE: Textual Sharpness-Aware Evolving129

Let p0 ∈ P be an initial prompt. At iteration t = 0, 1, . . . , T − 1, with radius ρt > 0 and minibatch130

Bt ⊂ D: To make our algorithm concrete, we trace a running example for a simple text-based object131

counting task. Let the initial prompt p0 be:132

Initial Prompt: You are a helpful counting assistant. Your task is to count the number of objects.
Think step by step and then provide only the final numerical answer.

133

For a given input text, the desired output is a single integer (e.g., “3”), and the loss function L is 1 if134

the output deviates from this format and 0 otherwise.135

Inner adversarial search. We sample a candidate set inside the isotropic neighborhood using the136

generator oracle G:137

CKt(pt) := { p′1, . . . , p′Kt
} ∼ Sample

(
G, pt, ρt, Kt

)
, p′k ∈ B(pt, ρt). (9)

We evaluate the empirical loss on Bt and pick the worst case138

p⋆t,adv := argmax
p′∈CKt

(pt)

L̂(p′;Bt), L̂S(pt; ρt) := max
p′∈CKt

(pt)
L̂(p′;Bt). (10)

To illustrate this process, consider the isotropic generator G acting on our initial counting prompt139

pt. The generator produces perturbations that are semantically preserving, ensuring all candidates p′140

remain within the defined neighborhood B(pt, ρt). The goal is to test for fragility without altering141
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the fundamental task. For example, the set of candidates CKt(pt) might include the following142

paraphrases:143

❶ Candidate 1: You are a supportive counting assistant. Your job is to tally the number of
objects. Consider each step carefully and then give just the final numerical result.

❷ Candidate 2: You are a helpful assistant for counting. Your role is to determine the number
of objects. Think through each step and then offer only the final number.

❸ Candidate 3: You are a useful assistant for counting objects. Your task is to calculate how
many objects there are. Reflect on each step and then present only the final numerical answer.

144

A close analysis reveals that while the phrasing, synonyms (“helpful” → “supportive”, “count” →145

“tally”), and sentence structure are altered, the four foundational components of the prompt—persona,146

task definition, reasoning process, and output format—remain intact across all variations. The147

algorithm then proceeds to evaluate these candidates to determine if any of these seemingly innocuous148

rephrasings leads to a performance degradation, thereby revealing the prompt’s local sharpness and149

identifying the adversarial worst-case p⋆t,adv.150

Outer robustness update. Using an optimizer oracle O, we produce an improvement pool condi-151

tioned on the current and adversarial prompts with a semantic budget δt > 0:152

UMt(pt) := Propose
(
O, pt, p

⋆
t,adv, δt, Mt

)
= { p̃(1), . . . , p̃(Mt) }. (11)

In essence, the Propose function is the core step where the optimizer oracle O suggests Mt potential153

improvements by analyzing both the current prompt pt and its worst-performing neighbor p⋆t,adv. The154

semantic budget δt restricts edits to preserve task intent and local coherence. We then select the next155

prompt by robust validation over the union of current and proposals:156

pt+1 := argmin
p′∈{pt}∪UMt

(pt)

max
q∈C

K̃
(p′)

L̂(q;Bt) with CK̃(p′) ∼ Sample
(
G, p′, ρt, K̃

)
. (12)

This greedy selection ensures a non-increasing estimate of the robust risk L̂S(pt; ρt) across iterations157

when the minimizer is attained. Equivalently, it drives down the minibatch estimate of the textual158

sharpness gap. Intuition and relation to SAM: SAM perturbs weights toward the ascent direction159

and then takes a descent step optimal under that perturbation. TARE mirrors this logic in discrete text:160

the inner sampling-based maximization uncovers the worst paraphrase within B(pt, ρt), and the outer161

selection moves p toward regions whose neighborhoods are flatter, co-optimizing task performance162

and robustness.163

Schedules and acceptance. Typical schedules include: (i) radius annealing ρt+1 = γ ρt with164

γ ∈ (0, 1] when progress stalls; (ii) semantic budget δt constrained to preserve task intent; and (iii)165

budgets (Kt,Mt, K̃) chosen to trade off compute and robustness. An iteration is accepted based on a166

robust validation criterion that evaluates the generalization performance of the worst-case neighbors.167

Specifically, the worst neighbors p⋆t,adv and p⋆t+1,adv are identified on the previous training batch Bt−1168

and the current training batch Bt, respectively. Evaluating these worst-case neighbors on a separate169

validation set is crucial to ensure that any observed robustness is a generalizable property and not170

merely an artifact of a specific training minibatch. The update is therefore accepted only if the new171

worst neighbor demonstrates superior performance on Dvalid:172

L̂(p⋆t+1,adv;Dvalid) ≤ L̂(p⋆t,adv;Dvalid)− η, (13)

for tolerance η ≥ 0; otherwise we increase search budgets or reduce ρt.173

From TARE to ATARE. Uniform (isotropic) neighborhoods treat all prompt components equally, yet174

empirical sensitivity is heterogeneous across a prompt’s core constraints, methodological guidance,175

and stylistic elements. This uniformity is inefficient; an ideal search strategy should apply cautious,176

fine-grained perturbations to sensitive components where the landscape is steep, while exploring177

robust components more broadly where the landscape is flatter. To achieve this nuanced exploration,178

we introduce an adaptive, anisotropic variant that learns component-wise weights to shape the179

neighborhood accordingly, while jointly adapting the neighborhood size ρt when needed.180
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3.3 ATARE: Adaptive Textual Sharpness-Aware Evolving181

The isotropic ball B(p, ρ) may under/over-explore sensitive components of p. ATARE adapts an182

ellipsoidal neighborhood via a diagonal weight matrix Wpt = diag(wt), where wt ∈ Rm
≥0 scores183

component-wise sensitivity.184

Why anisotropy? Different parts of a prompt contribute unequally to its behavior: core constraints,185

methodological guidance, and stylistic elements exhibit heterogeneous sensitivity. For instance, in186

our counting-task example, the persona “You are a helpful...” is a stylistic element, the instruction to187

“think step by step” provides methodological guidance, and the rule to “provide only the final numerical188

answer” is a core constraint. An isotropic ball may overshoot sensitive tokens or underexplore robust189

ones. ATARE learns component-wise weights to shape an ellipsoidal neighborhood, applying finer,190

more constrained perturbations where the landscape is steep, while allowing for broader exploration191

in more stable regions. This accelerates convergence and reduces over-editing of fragile components.192

Sensitivity estimation. Given CKt(pt), define the per-component adversarial gain193

st,j := max
p′∈CKt

(pt) : ∆j(pt,p′)̸=0

[
L̂(p′;Bt)− L̂(pt;Bt)

]
+
, (14)

where [u]+ := max{u, 0} and ∆j extracts the change in component j. We update normalized194

weights with momentum195

w̃t+1,j = (1− α) w̃t,j + α st,j , wt+1,j =
w̃t+1,j

ϵ+
∑m

k=1 w̃t+1,k
, α ∈ (0, 1], ϵ > 0. (15)

This normalization keeps
∑m

j=1 wt+1,j ≈ 1, and ϵ prevents division-by-zero while stabilizing early196

iterations. For our counting prompt, if a minor paraphrase of the output format rule consistently leads197

to a high loss, this component’s weight wt,j would increase, marking it as highly sensitive.198

Anisotropic distance and sampling. Using Wpt = diag(wt), define dani(pt, p
′;Wpt) =199

∥Wpt
∆(pt, p

′)∥2 and the ellipsoid200

Bpt(pt, ρt) =
{
p′ : dani(pt, p

′;Wpt) ≤ ρt
}
. (16)

Here, a high weight wt,j for a sensitive component penalizes large edits, thus requiring smaller201

perturbations to stay within the neighborhood. Candidate generation is therefore biased away from202

sensitive components by sampling edit indices with a probability inversely proportional to their203

sensitivity:204

Pr{edit component j} ∝ (1/wt,j)
β , β ≥ 1. (17)

This ensures robust components are explored broadly while fragile ones are perturbed cautiously.205

The inner/outer steps then mirror TARE with B replaced by Bpt
.206

This anisotropic sampling process culminates in the generation of complete, holistic prompts where207

the degree of variation in each component reflects its learned sensitivity. For instance, in our counting-208

task example’s candidates below, the low-sensitivity persona is creatively reimagined—from a209

“helpful counting assistant” to a “cheerful counter”. In contrast, the high-sensitivity constraint on the210

output format is meticulously preserved; although its phrasing is subtly varied (e.g., “give just the211

final number” or “present only the final digit answer”), the core directive to output only a number212

remains unchanged:213

❶ Candidate 1: You are a friendly counting helper. Your task is to count the objects. Work
through the process step by step and then give just the final number.

❷ Candidate 2: You are an assistant designed to count things. First reason through the counting
carefully, then respond with the single final numeric result.

❸ Candidate 3: As a cheerful counter, your role is to determine how many items there are. Go
through your reasoning in order, but at the end present only the final digit answer.

214

Adaptive radius schedule. To realize the adaptive design, we adjust the radius using validation215

outcomes: if robust validation improves for s consecutive iterations, set ρt+1 = min{κ ρt, ρmax}216

with κ > 1; if an iteration is rejected, set ρt+1 = max{γ ρt, ρmin} with γ ∈ (0, 1). This expands217

exploration when stable and contracts it to preserve semantics.218
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Table 1: Main results across different backbone engines. We report accuracy (%) and the relative improve-
ment over TextGrad. The best and second-best results are highlighted with bold and underline, respectively.

BACKBONE: GPT-4o BACKBONE: Claude 3.5 Sonnet
Dataset Model

COT TEXTGRAD REVOLVE TARE ATARE COT TEXTGRAD REVOLVE TARE ATARE

Object
Counting

GPT-3.5 77.9↓10.1 88.0 89.8↑1.8 90.2↑2.2 91.0↑3.0 77.9↓5.4 83.3 87.5↑4.2 90.4↑7.1 88.0↑4.7

Gemini 1.5 Flash 8B 82.0↓1.3 83.3 83.5↑0.2 84.7↑1.4 85.7↑2.4 82.0↓6.5 88.5 90.0↑1.5 94.4↑5.9 91.0↑2.5

Gemini 1.5 Pro 94.0↑0.0 94.0 94.0↑0.0 97.3↑3.3 97.3↑3.3 94.0↓3.0 97.0 97.7↑0.7 98.0↑1.0 98.3↑1.3

Llama 3.1 8B Instruct 86.0↓2.6 88.6 88.2↓0.4 91.0↑2.4 92.4↑3.8 86.0↓3.5 89.5 88.0↓1.5 90.6↑1.1 93.5↑4.0

Llama 3 8B Instruct 80.0↓5.8 85.8 86.8↑1.0 88.7↑2.9 90.3↑4.5 80.0↓2.0 82.0 84.3↑2.3 89.5↑7.5 93.6↑11.6

Temporal
Sequences

GPT-3.5 79.0↓2.0 81.0 84.0↑3.0 87.5↑6.5 88.0↑7.0 79.0↓7.7 86.7 84.4↓2.3 88.0↑1.3 89.0↑2.3

Gemini 1.5 Flash 8B 92.0↓0.5 92.5 93.0↑0.5 94.3↑1.8 95.2↑2.7 92.0↓2.0 94.0 94.7↑0.7 95.3↑1.3 95.7↑1.7

Gemini 1.5 Pro 96.0↓1.7 97.7 97.7↑0.0 98.0↑0.3 98.0↑0.3 96.0↓1.0 97.0 98.0↑1.0 98.5↑1.5 98.8↑1.8

Llama 3.1 8B Instruct 86.0↓2.3 88.3 88.3↑0.0 90.0↑1.7 91.0↑2.7 86.0↓7.0 93.0 89.6↓3.4 93.7↑0.7 94.3↑1.3

Llama 3 8B Instruct 84.0↑0.0 84.0 84.5↑0.5 85.0↑1.0 88.7↑4.7 84.0↓7.5 91.5 89.2↓2.3 94.0↑2.5 94.0↑2.5

Tracking
Shuffled Objects

GPT-3.5 62.0↓4.3 66.3 65.7↓0.6 72.0↑5.7 69.0↑2.7 62.0↓13.0 75.0 72.2↓2.8 77.0↑2.0 77.0↑2.0

Gemini 1.5 Flash 8B 82.0↓1.0 83.0 82.5↓0.5 88.6↑5.6 93.7↑10.7 82.0↓5.3 87.3 89.8↑2.5 91.3↑4.0 94.0↑6.7

Gemini 1.5 Pro 99.0↑0.0 99.0 99.0↑0.0 99.0↑0.0 99.0↑0.0 99.0↓0.0 99.0 99.0↑0.0 99.0↑0.0 99.0↑0.0

Llama 3.1 8B Instruct 82.0↓4.3 86.3 83.7↓2.6 90.0↑3.7 93.5↑7.2 82.0↑0.8 81.2 79.2↓2.0 91.2↑10.0 93.0↑11.8

Llama 3 8B Instruct 50.0↓5.5 55.5 52.7↓2.8 57.5↑2.0 67.7↑12.2 50.0↓14.5 64.5 66.8↑2.3 72.3↑7.8 78.5↑14.0

GSM8K

GPT-3.5 72.9↓8.0 80.9 82.1↑1.2 83.0↑2.1 82.3↑1.4 72.9↓8.2 81.1 80.1↓1.0 83.7↑2.6 83.7↑2.6

Gemini 1.5 Flash 8B 88.6↓1.0 89.6 89.4↓0.2 90.1↑0.5 89.7↑0.1 88.6↓0.1 88.7 88.9↑0.2 89.6↑0.9 89.7↑1.0

Gemini 1.5 Pro 92.9↓0.4 93.3 93.0↓0.3 95.5↑2.2 94.7↑1.4 92.9↓2.4 95.3 95.3↑0.0 96.1↑0.8 95.5↑0.2

Llama 3.1 8B Instruct 84.9↑0.0 84.9 84.9↑0.0 86.2↑1.3 86.4↑1.5 84.9↓1.3 86.2 86.4↑0.2 86.9↑0.7 87.7↑1.5

Llama 3 8B Instruct 81.8↑0.0 81.8 81.8↑0.0 81.8↑0.0 81.8↑0.0 81.8↑0.0 81.8 81.8↑0.0 81.8↑0.0 81.8↑0.0

3.4 Landscape-Aware Textual Optimizer219

The Outer robustness update step relies on an optimizer oracle O to instantiate the Propose function.220

We operationalize this oracle with a potent, landscape-aware implementation, which we term the221

Landscape-Aware Textual Optimizer (LATO). LATO realizes this step as a principled, landscape-222

guided update, formally defining the Propose function with its full set of inputs:223

Propose :=
{
O(i)

LATO

(
pt, p

⋆
t,adv, L̂(pt;Bt), L̂(p⋆t,adv;Bt),Feedback

(
L̂(p⋆t,adv;Bt)

)
, δt

)}Mt

i=1
. (18)

The update mechanism of LATO is designed to enhance robustness directly. Instead of merely correct-224

ing errors at its current position pt, LATO analyzes the textual feedback, Feedback
(
L̂(p⋆t,adv;Bt)

)
,225

which is derived from the point of highest local loss. It then applies this insight to refine pt. This226

process preemptively addresses the sharpest vulnerabilities in the prompt’s immediate semantic227

neighborhood. By learning from the failure modes of its neighbors, the optimizer guides pt to become228

inherently more robust against similar types of semantic perturbations in the future.229

This approach is powerful because LATO is, by construction, landscape-aware. By processing the two230

distinct prompt-loss pairs, (pt, L̂(pt;Bt)) and (p⋆t,adv, L̂(p⋆t,adv;Bt)), it directly perceives the local231

sharpness of the semantic landscape. This awareness of the landscape’s geometry—the steepness of232

the loss increase from pt to p⋆t,adv and this empirically found worst-case direction—allows LATO to233

modulate its optimization strategy. It makes more informed decisions about both the direction and234

magnitude of the required edits, steering the prompt trajectory towards a demonstrably “flatter” and235

more stable semantic basin.236

Operationally, LATO is instantiated using a powerful LLM as the core of the optimizer oracle OLATO.237

The update process can be expressed as the LLM generating a new prompt based on a structured238

meta-prompt, ΠLATO, which contains all the landscape information:239

p̃(i) := LLM
(
ΠLATO

(
pt, p

⋆
t,adv, L̂(pt;Bt), L̂(p⋆t,adv;Bt),Feedback

(
L̂(p⋆t,adv;Bt)

)
, δt

))
. (19)

Here, ΠLATO represents a meta-prompt template that synthesizes all the landscape-aware inputs240

from Equation (18) into a coherent, actionable instruction. The semantic budget δt acts as a crucial241

constraint, ensuring that the edits proposed by the LLM remain coherent and preserve the core intent242
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of the task. The LLM then executes this instruction to generate an improved candidate prompt p̃(i),243

which forms an element of the proposal set Propose, effectively acting as a reasoning engine that244

performs a landscape-guided optimization step.245

4 Experiments246

We comprehensively evaluate our proposed methods, TARE and ATARE, through four axes: Q1247

(Superiority), Q2 (Effectiveness), Q3 (Resilience), and Q4 (Sensitivity). The answers of Q1-Q3 are248

illustrated in Sec. 4.2-Sec. 4.4, and sensitivity analysis (Q4) can be found in the Sec. D.249

4.1 Experimental Setup250

Tasks and Datasets. We evaluate our methods on four challenging reasoning tasks: three from251

the Big Bench Hard benchmark [36, 35]—Object Counting, Temporal Sequences, and Tracking252

Shuffled Objects (Five Objects)—and the GSM8K dataset [6]. For evaluation, our primary metric253

is Accuracy (Acc), measured by a strict string-based exact match on the final numerical answer [45].254

Further details on datasets and implementation are provided in Appendix B.255

LLM Backends. Our experiments are conducted on a diverse set of five LLM backends: GPT-256

3.5-turbo-0125, Gemini 1.5 Flash 8B, Gemini 1.5 Pro, Llama 3.1 8B Instruct, and Llama 3 8B257

Instruct. To ensure a fair and controlled comparison, the optimizer and evaluator oracles for all258

methods are powered by two universal backbones: GPT-4o and Claude 3.5 Sonnet.259

Counterparts. We compare our methods, TARE and ATARE, against three key baselines: Zero-shot260

Chain-of-Thought (CoT) [23, 41], TextGrad [45], and Revolve [46].261

4.2 Superiority262

To answer Q1, we present the main prompt optimization results in Tab. 1. We summarize our key263

observations as follows (Obs.): Obs. ❶ Our proposed methods, TARE and ATARE, consistently264

achieve state-of-the-art performance, outperforming all baselines, including TextGrad and Revolve,265

across nearly all evaluated tasks and LLM backbones. This significant performance gap stems from266

a fundamental difference in optimization objectives. While baselines are designed to maximize267

point-wise accuracy, our framework explicitly seeks robust solutions by optimizing for the worst-case268

performance within a semantic neighborhood, leading to more generalizable and effective prompts.269

Obs. ❷ ATARE consistently demonstrates a performance advantage over TARE in most scenarios. This270

underscores the benefit of its adaptive, anisotropic search mechanism, which intelligently perturbs271

prompt components based on their learned sensitivity. This more nuanced search strategy consistently272

discovers superior solutions within the prompt landscape. Obs. ❸ The framework’s superiority273

shows broad universality, with substantial performance gains observed across diverse architectures,274

including proprietary models like GPT-3.5 and Gemini 1.5 Pro, as well as open-source models like275

the Llama 3 Instruct series. This confirms that our sharpness-aware approach is a model-agnostic and276

widely applicable solution for robust prompt optimization.277

4.3 Effectiveness278

Figure 3: Ablation study of the key components:
the Inner Adversarial Search, the LATO, and the
Robust Validation. For an in-depth analysis, please
refer to Sec. 4.3.

To address Q2, we conducted an ablation study279

on the key mechanisms of our framework using280

the Llama 3.1 8B Instruct model, with results281

shown in Figure 3. The chart clearly shows that282

the full TARE and ATARE frameworks perform283

best, and removing any of their core compo-284

nents leads to a significant drop in performance.285

Specifically, the Inner Adversarial Search is286

essential for finding challenging perturbations,287

the LATO optimizer uses landscape informa-288

tion to make smarter updates, and the Robust289

Validation criterion ensures that improvements290

generalize well. Finally, the consistent superi-291
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(a) Object Counting (b) Temporal Sequences (c) Tracking Shuffled Objects (d) GSM8K

Figure 4: Resilience analysis of TARE and ATARE under oracle degradation, where the powerful
GPT-4o oracles are replaced with a weaker Llama 3.1 8B model. For an in-depth analysis, please
refer to Sec. 4.4.

(a) TARE vs. Kt (b) TARE vs. K̃ (c) ATARE vs. Kt (d) ATARE vs. K̃

Figure 5: Sensitivity analysis of TARE and ATARE with respect to the inner adversarial search budget
(Kt) and the outer robust validation budget (K̃). For an in-depth analysis, please refer to Sec. D.

ority of ATARE over TARE (detailed in Tab. 1)292

serves as a direct ablation for the Anisotropic Search, confirming the benefits of an adaptive strategy.293

When these components work together, the framework reaches its peak effectiveness, validating our294

design choices.295

4.4 Resilience296

To assess the resilience of our framework (Q3), we evaluate its performance under two challenging297

conditions: (i) degrading its powerful GPT-4o oracles by separately replacing the Generator and298

the Optimizer with a weaker Llama 3.1 8B model, and (ii) drastically reducing the search budgets299

for the inner adversarial search Kt and outer robust validation K̃. The results, illustrated in Figure 4300

and Figure 5, demonstrate the framework’s remarkable stability. As shown in Figure 4, even when301

individual core oracles are weakened, the performance degradation is remarkably graceful. With the302

exception of the Optimizer degradation on the Tracking Shuffled Objects task, the accuracy drop303

across all other conditions is consistently maintained within a 5% margin. Similarly, as shown in304

our sensitivity analysis (Figure 5), when the perturbation budgets (Kt, K̃) are reduced to a minimal305

value of 1 or 2, the framework’s performance remains highly stable, exhibiting only a minor decrease306

relative to its performance at a budget of 3. This dual resilience proves that our sharpness-aware307

approach is robust to component degradation and computationally efficient, maintaining strong308

performance even under such challenging conditions.309

5 Conclusion310

Reliable prompt optimization begins with naming the right failure mode. Our work identifies and311

formalizes the overlooked problem of textual sharpness—the tendency of a prompt to collapse under312

semantically equivalent paraphrases—and reframes prompt optimization from chasing point-wise313

accuracy to seeking neighborhood-stable solutions. We instantiate this perspective with TARE, a314

black-box, derivative-free procedure that adversarially probes a semantic neighborhood and selects315

candidates by their worst-case minibatch performance, and with ATARE, which learns anisotropic316

weights and adaptively schedules the neighborhood radius to balance exploration and fidelity. Both317

variants are API-only and gradient-free; the adaptive version adds only linear overhead in the318

number of semantic components while enforcing a fixed-margin decrease per accepted step. Across319

diverse tasks, TARE and ATARE consistently reduce the textual sharpness gap and preserve accuracy320

under paraphrasing, surpassing accuracy-only baselines while remaining computationally practical.321

Looking ahead, we see opportunities to extend textual sharpness-aware evolution to multi-turn and322

tool-augmented settings, to design task-aware semantic neighborhoods and edit families, and to323

deepen theory connecting textual sharpness with generalization in real-world LLM systems.324
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Question: Does the paper discuss the limitations of the work performed by the authors?542

Answer: [Yes]543

Justification: We discussed limitations and future work in the Conclusion section.544

Guidelines:545

• The answer NA means that the paper has no limitation while the answer No means that546

the paper has limitations, but those are not discussed in the paper.547

• The authors are encouraged to create a separate "Limitations" section in their paper.548

• The paper should point out any strong assumptions and how robust the results are to549

violations of these assumptions (e.g., independence assumptions, noiseless settings,550

model well-specification, asymptotic approximations only holding locally). The authors551

should reflect on how these assumptions might be violated in practice and what the552

implications would be.553

• The authors should reflect on the scope of the claims made, e.g., if the approach was554

only tested on a few datasets or with a few runs. In general, empirical results often555

depend on implicit assumptions, which should be articulated.556

• The authors should reflect on the factors that influence the performance of the approach.557

For example, a facial recognition algorithm may perform poorly when image resolution558

is low or images are taken in low lighting. Or a speech-to-text system might not be559

used reliably to provide closed captions for online lectures because it fails to handle560

technical jargon.561

• The authors should discuss the computational efficiency of the proposed algorithms562

and how they scale with dataset size.563

• If applicable, the authors should discuss possible limitations of their approach to564

address problems of privacy and fairness.565

• While the authors might fear that complete honesty about limitations might be used by566

reviewers as grounds for rejection, a worse outcome might be that reviewers discover567

limitations that aren’t acknowledged in the paper. The authors should use their best568

judgment and recognize that individual actions in favor of transparency play an impor-569

tant role in developing norms that preserve the integrity of the community. Reviewers570

will be specifically instructed to not penalize honesty concerning limitations.571

3. Theory assumptions and proofs572

Question: For each theoretical result, does the paper provide the full set of assumptions and573

a complete (and correct) proof?574

Answer: [NA]575
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Justification: The paper does not include formal theoretical results with proofs.576

Guidelines:577

• The answer NA means that the paper does not include theoretical results.578

• All the theorems, formulas, and proofs in the paper should be numbered and cross-579

referenced.580

• All assumptions should be clearly stated or referenced in the statement of any theorems.581

• The proofs can either appear in the main paper or the supplemental material, but if582

they appear in the supplemental material, the authors are encouraged to provide a short583

proof sketch to provide intuition.584

• Inversely, any informal proof provided in the core of the paper should be complemented585

by formal proofs provided in appendix or supplemental material.586

• Theorems and Lemmas that the proof relies upon should be properly referenced.587

4. Experimental result reproducibility588

Question: Does the paper fully disclose all the information needed to reproduce the main ex-589

perimental results of the paper to the extent that it affects the main claims and/or conclusions590

of the paper (regardless of whether the code and data are provided or not)?591

Answer: [Yes]592

Justification: Experiment settings and implementation details are described in Section 4 and593

Appendix.594

Guidelines:595

• The answer NA means that the paper does not include experiments.596

• If the paper includes experiments, a No answer to this question will not be perceived597

well by the reviewers: Making the paper reproducible is important, regardless of598

whether the code and data are provided or not.599

• If the contribution is a dataset and/or model, the authors should describe the steps taken600

to make their results reproducible or verifiable.601

• Depending on the contribution, reproducibility can be accomplished in various ways.602

For example, if the contribution is a novel architecture, describing the architecture fully603

might suffice, or if the contribution is a specific model and empirical evaluation, it may604

be necessary to either make it possible for others to replicate the model with the same605

dataset, or provide access to the model. In general. releasing code and data is often606

one good way to accomplish this, but reproducibility can also be provided via detailed607

instructions for how to replicate the results, access to a hosted model (e.g., in the case608

of a large language model), releasing of a model checkpoint, or other means that are609

appropriate to the research performed.610

• While NeurIPS does not require releasing code, the conference does require all submis-611

sions to provide some reasonable avenue for reproducibility, which may depend on the612

nature of the contribution. For example613

(a) If the contribution is primarily a new algorithm, the paper should make it clear how614

to reproduce that algorithm.615

(b) If the contribution is primarily a new model architecture, the paper should describe616

the architecture clearly and fully.617

(c) If the contribution is a new model (e.g., a large language model), then there should618

either be a way to access this model for reproducing the results or a way to reproduce619

the model (e.g., with an open-source dataset or instructions for how to construct620

the dataset).621

(d) We recognize that reproducibility may be tricky in some cases, in which case622

authors are welcome to describe the particular way they provide for reproducibility.623

In the case of closed-source models, it may be that access to the model is limited in624

some way (e.g., to registered users), but it should be possible for other researchers625

to have some path to reproducing or verifying the results.626

5. Open access to data and code627

Question: Does the paper provide open access to the data and code, with sufficient instruc-628

tions to faithfully reproduce the main experimental results, as described in supplemental629

material?630
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Answer: [Yes]631

Justification: All datasets used are public with proper citations. The code is available at632

https://anonymous.4open.science/r/ATARE_TARE/.633

Guidelines:634

• The answer NA means that paper does not include experiments requiring code.635

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/636

public/guides/CodeSubmissionPolicy) for more details.637

• While we encourage the release of code and data, we understand that this might not be638

possible, so "No" is an acceptable answer. Papers cannot be rejected simply for not639

including code, unless this is central to the contribution (e.g., for a new open-source640

benchmark).641

• The instructions should contain the exact command and environment needed to run to642

reproduce the results. See the NeurIPS code and data submission guidelines (https:643

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.644

• The authors should provide instructions on data access and preparation, including how645

to access the raw data, preprocessed data, intermediate data, and generated data, etc.646

• The authors should provide scripts to reproduce all experimental results for the new647

proposed method and baselines. If only a subset of experiments are reproducible, they648

should state which ones are omitted from the script and why.649

• At submission time, to preserve anonymity, the authors should release anonymized650

versions (if applicable).651

• Providing as much information as possible in supplemental material (appended to the652

paper) is recommended, but including URLs to data and code is permitted.653

6. Experimental setting/details654

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-655

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the656

results?657

Answer: [Yes]658

Justification: Experimental settings are described in Section 4 and Appendix.659

Guidelines:660

• The answer NA means that the paper does not include experiments.661

• The experimental setting should be presented in the core of the paper to a level of detail662

that is necessary to appreciate the results and make sense of them.663

• The full details can be provided either with the code, in appendix, or as supplemental664

material.665

7. Experiment statistical significance666

Question: Does the paper report error bars suitably and correctly defined or other appropriate667

information about the statistical significance of the experiments?668

Answer: [No]669

Justification: We report the main accuracy scores obtained from multiple experimental runs.670

Guidelines:671

• The answer NA means that the paper does not include experiments.672

• The authors should answer "Yes" if the results are accompanied by error bars, confi-673

dence intervals, or statistical significance tests, at least for the experiments that support674

the main claims of the paper.675

• The factors of variability that the error bars are capturing should be clearly stated (for676

example, train/test split, initialization, random drawing of some parameter, or overall677

run with given experimental conditions).678

• The method for calculating the error bars should be explained (closed form formula,679

call to a library function, bootstrap, etc.)680

• The assumptions made should be given (e.g., Normally distributed errors).681
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• It should be clear whether the error bar is the standard deviation or the standard error682

of the mean.683

• It is OK to report 1-sigma error bars, but one should state it. The authors should684

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis685

of Normality of errors is not verified.686

• For asymmetric distributions, the authors should be careful not to show in tables or687

figures symmetric error bars that would yield results that are out of range (e.g. negative688

error rates).689

• If error bars are reported in tables or plots, The authors should explain in the text how690

they were calculated and reference the corresponding figures or tables in the text.691

8. Experiments compute resources692

Question: For each experiment, does the paper provide sufficient information on the com-693

puter resources (type of compute workers, memory, time of execution) needed to reproduce694

the experiments?695

Answer: [No]696

Justification: Our experiments were conducted by querying LLM APIs. Therefore, local697

compute resource details are not applicable.698

Guidelines:699

• The answer NA means that the paper does not include experiments.700

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,701

or cloud provider, including relevant memory and storage.702

• The paper should provide the amount of compute required for each of the individual703

experimental runs as well as estimate the total compute.704

• The paper should disclose whether the full research project required more compute705

than the experiments reported in the paper (e.g., preliminary or failed experiments that706

didn’t make it into the paper).707

9. Code of ethics708

Question: Does the research conducted in the paper conform, in every respect, with the709

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?710

Answer: [Yes]711

Justification: The research conducted in this paper conforms with the NeurIPS Code of712

Ethics.713

Guidelines:714

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.715

• If the authors answer No, they should explain the special circumstances that require a716

deviation from the Code of Ethics.717

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-718

eration due to laws or regulations in their jurisdiction).719

10. Broader impacts720

Question: Does the paper discuss both potential positive societal impacts and negative721

societal impacts of the work performed?722

Answer: [NA]723

Justification: This is foundational research on prompt optimization with no direct societal724

impact.725

Guidelines:726

• The answer NA means that there is no societal impact of the work performed.727

• If the authors answer NA or No, they should explain why their work has no societal728

impact or why the paper does not address societal impact.729

• Examples of negative societal impacts include potential malicious or unintended uses730

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations731

(e.g., deployment of technologies that could make decisions that unfairly impact specific732

groups), privacy considerations, and security considerations.733

17

https://neurips.cc/public/EthicsGuidelines


• The conference expects that many papers will be foundational research and not tied734

to particular applications, let alone deployments. However, if there is a direct path to735

any negative applications, the authors should point it out. For example, it is legitimate736

to point out that an improvement in the quality of generative models could be used to737

generate deepfakes for disinformation. On the other hand, it is not needed to point out738

that a generic algorithm for optimizing neural networks could enable people to train739

models that generate Deepfakes faster.740

• The authors should consider possible harms that could arise when the technology is741

being used as intended and functioning correctly, harms that could arise when the742

technology is being used as intended but gives incorrect results, and harms following743

from (intentional or unintentional) misuse of the technology.744

• If there are negative societal impacts, the authors could also discuss possible mitigation745

strategies (e.g., gated release of models, providing defenses in addition to attacks,746

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from747

feedback over time, improving the efficiency and accessibility of ML).748

11. Safeguards749

Question: Does the paper describe safeguards that have been put in place for responsible750

release of data or models that have a high risk for misuse (e.g., pretrained language models,751

image generators, or scraped datasets)?752

Answer: [NA]753

Justification: The paper poses no such risks. This work focuses on prompt optimization754

algorithms without releasing high-risk models or datasets.755

Guidelines:756

• The answer NA means that the paper poses no such risks.757

• Released models that have a high risk for misuse or dual-use should be released with758

necessary safeguards to allow for controlled use of the model, for example by requiring759

that users adhere to usage guidelines or restrictions to access the model or implementing760

safety filters.761

• Datasets that have been scraped from the Internet could pose safety risks. The authors762

should describe how they avoided releasing unsafe images.763

• We recognize that providing effective safeguards is challenging, and many papers do764

not require this, but we encourage authors to take this into account and make a best765

faith effort.766

12. Licenses for existing assets767

Question: Are the creators or original owners of assets (e.g., code, data, models), used in768

the paper, properly credited and are the license and terms of use explicitly mentioned and769

properly respected?770

Answer: [Yes]771

Justification: All datasets and base models are properly cited with original papers. Public772

datasets are used with appropriate citations.773

Guidelines:774

• The answer NA means that the paper does not use existing assets.775

• The authors should cite the original paper that produced the code package or dataset.776

• The authors should state which version of the asset is used and, if possible, include a777

URL.778

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.779

• For scraped data from a particular source (e.g., website), the copyright and terms of780

service of that source should be provided.781

• If assets are released, the license, copyright information, and terms of use in the782

package should be provided. For popular datasets, paperswithcode.com/datasets783

has curated licenses for some datasets. Their licensing guide can help determine the784

license of a dataset.785
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• For existing datasets that are re-packaged, both the original license and the license of786

the derived asset (if it has changed) should be provided.787

• If this information is not available online, the authors are encouraged to reach out to788

the asset’s creators.789

13. New assets790

Question: Are new assets introduced in the paper well documented and is the documentation791

provided alongside the assets?792

Answer: [NA]793

Justification: The paper does not release new assets.794

Guidelines:795

• The answer NA means that the paper does not release new assets.796

• Researchers should communicate the details of the dataset/code/model as part of their797

submissions via structured templates. This includes details about training, license,798

limitations, etc.799

• The paper should discuss whether and how consent was obtained from people whose800

asset is used.801

• At submission time, remember to anonymize your assets (if applicable). You can either802

create an anonymized URL or include an anonymized zip file.803

14. Crowdsourcing and research with human subjects804

Question: For crowdsourcing experiments and research with human subjects, does the paper805

include the full text of instructions given to participants and screenshots, if applicable, as806

well as details about compensation (if any)?807

Answer: [NA]808

Justification: The paper does not involve crowdsourcing nor research with human subjects.809

Guidelines:810

• The answer NA means that the paper does not involve crowdsourcing nor research with811

human subjects.812

• Including this information in the supplemental material is fine, but if the main contribu-813

tion of the paper involves human subjects, then as much detail as possible should be814

included in the main paper.815

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,816

or other labor should be paid at least the minimum wage in the country of the data817

collector.818

15. Institutional review board (IRB) approvals or equivalent for research with human819

subjects820

Question: Does the paper describe potential risks incurred by study participants, whether821

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)822

approvals (or an equivalent approval/review based on the requirements of your country or823

institution) were obtained?824

Answer: [NA]825

Justification: The paper does not involve crowdsourcing nor research with human subjects.826

Guidelines:827

• The answer NA means that the paper does not involve crowdsourcing nor research with828

human subjects.829

• Depending on the country in which research is conducted, IRB approval (or equivalent)830

may be required for any human subjects research. If you obtained IRB approval, you831

should clearly state this in the paper.832

• We recognize that the procedures for this may vary significantly between institutions833

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the834

guidelines for their institution.835

• For initial submissions, do not include any information that would break anonymity (if836

applicable), such as the institution conducting the review.837
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16. Declaration of LLM usage838

Question: Does the paper describe the usage of LLMs if it is an important, original, or839

non-standard component of the core methods in this research? Note that if the LLM is used840

only for writing, editing, or formatting purposes and does not impact the core methodology,841

scientific rigorousness, or originality of the research, declaration is not required.842

Answer: [NA]843

Justification: The core method development in this research does not involve LLMs. LLMs844

were used only for writing assistance.845

Guidelines:846

• The answer NA means that the core method development in this research does not847

involve LLMs as any important, original, or non-standard components.848

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)849

for what should or should not be described.850
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A Related work.851

A.1 Large Language Models852

Large Language Models (LLMs) have rapidly advanced in scale and capability, from early few-shot853

systems such as GPT-3 [1] and GPT-4 [29] to general-purpose foundation and open models including854

PaLM [4], Llama 2 [37], Llama 3 [12], Mistral 7B [18], and Mixtral [19]. Instruction finetuning855

and alignment further steer model behavior toward user intents [5, 30, 32, 25]. Our problem setting856

assumes black-box (API-only) access to an LLM (and optionally an evaluator), and focuses on857

optimizing prompts rather than modifying model parameters, making our approach complementary858

to parameter-finetuning and alignment.859

A.2 Prompt Optimization860

Prompt engineering has evolved from manual design to automated optimization. Early automated861

approaches include gradient-free token editing and trigger search (AutoPrompt) [34], reinforcement-862

learning-based optimization (RLPrompt) [7], and search-based schemes such as APO [31]. Re-863

cent work connects evolutionary algorithms with LLMs or leverages LLMs as optimizers to itera-864

tively propose and select candidates [13, 47, 9, 28]; programmatic frameworks like DSPy compile865

declarative pipelines into self-improving prompt graphs [21]. In parallel, instruction induction and866

self-instruction curate high-coverage supervision for prompt/task design [16, 39]; and reasoning-867

oriented prompting (CoT, self-consistency, ToT, ReAct, PoT) improves average-case reasoning868

performance [40, 38, 44, 43, 3]. Nevertheless, most of these methods primarily optimize point-wise869

metrics on static validation sets and seldom enforce robustness under semantically preserving para-870

phrases. Our work explicitly targets this failure mode by formalizing textual sharpness in semantic871

prompt space and optimizing worst-case performance over a neighborhood.872

A.3 Sharpness-Aware Minimization873

Generalization and robustness in deep learning have been linked to the geometry of the loss landscape,874

where flat minima often correlate with better generalization [15, 20]. Sharpness-Aware Minimization875

(SAM) biases solutions toward flatter regions by minimizing loss under worst-case local pertur-876

bations [10, 11]. Subsequent variants extend this idea with scale-invariant updates (ASAM) [24],877

efficiency-focused or surrogate-gap formulations [8, 48, 27], and friendly/trustworthy adaptations [26].878

Related techniques encourage wide valleys via entropy or averaging [2, 17] and adversarial weight879

perturbations [42]. Unlike these methods that operate in continuous parameter space with gradient880

access, we instantiate an analogous principle in discrete text: we define and measure sharpness881

over a semantic neighborhood of prompts and develop a black-box, derivative-free algorithm that882

co-optimizes task performance and local flatness.883

B Experimental Details884

B.1 Dataset Details885

To assess the effectiveness of our framework, we conduct experiments on four diverse and challenging886

reasoning tasks. Consistent with prior work [45], the evaluation metric is string-based exact match887

accuracy. A detailed description is provided below:888

• BIG-Bench Hard Tasks [36, 35]. BIG-Bench Hard is a suite of 23 challenging tasks from the BIG-889

Bench benchmark, specifically selected because prior language models had failed to outperform890

the average human-rater on them. These tasks often require multi-step reasoning, making them891

suitable for evaluating advanced model capabilities. From this benchmark, we select three distinct892

tasks:893

– Object Counting: Given a list of items and their quantities, the task is to determine the total894

number of items belonging to a specific category.895

– Temporal Sequences: Given a series of events and activities a person has completed, the task is896

to determine a time they might have been free for another activity.897

– Tracking Shuffled Objects (Five Objects): Given the initial positions of several objects and a898

series of pairwise swaps, the task is to determine the final position of each object.899
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For the Object Counting task, we adopt the data split of 50 training, 100 validation, and 100 test900

samples from TextGrad [45]. For Temporal Sequences and Tracking Shuffled Objects (Five901

Objects), we follow an identical splitting methodology.902

• GSM8K [6]. To further assess mathematical reasoning, we use this widely-used benchmark903

consisting of grade-school math word problems that require multi-step reasoning. For this task, we904

adopt the dataset splits provided by DSPy [22], which include 200 training, 300 validation, and905

1319 test samples.906

B.2 Counterpart Details907

This section provides an overview of the baseline approaches employed in our study for comparison.908

• Zero-shot Chain-of-Thought (CoT) [23, 41]. A foundational baseline that elicits multi-step909

reasoning by prompting the model with instructions like “Think step-by-step” before it provides a910

final answer.911

• TextGrad [45]. A first-order optimization method that treats natural language feedback from an912

evaluator LLM as a “textual gradient” to iteratively refine variables based on immediate, local913

feedback.914

• Revolve [46]. An optimization method that extends first-order techniques by tracking how system915

responses evolve across iterations. By incorporating this historical context, Revolve aims for more916

stable optimization and to escape the local optima that can trap methods relying on single-step917

feedback.918

B.3 Implementation Details919

Our experiments are conducted on a diverse set of five LLM backends: GPT-3.5-turbo-0125, Gemini920

1.5 Flash 8B, Gemini 1.5 Pro, Llama 3.1 8B Instruct, and Llama 3 8B Instruct. To ensure a921

fair and controlled comparison, our setup relies on a universal backbone engine for three key roles:922

generators, optimizers, and evaluators. For these backbone roles, we employ two powerful models:923

GPT-4o and Claude 3.5 Sonnet.924

For all iterative methods, we follow the experimental setup in Revolve [46], using a batch size of 3925

across 12 optimization iterations, processing a total of 36 training examples. For our sharpness-aware926

methods, we set the key search budgets to Kt = 3 (inner adversarial search), Mt = 1 (proposal pool927

size), and K̃ = 3 (outer robust validation). For LLM generation, our configuration largely mirrors928

that of Revolve [46]: we allow a maximum of 2000 new tokens and use a top-p value of 0.99. To929

ensure maximum reproducibility, we set the decoding temperature to 0 for all models.930

C Complexity and Practical Notes931

Beyond asymptotic cost, the design rationale is that the inner loop diagnoses textual sharpness932

while the outer loop enforces progress on the robust objective; radius annealing preserves semantics,933

and acceptance tests prevent regressions. The framework is modular: G (candidate generators), O934

(optimizers), and evaluators E can be swapped without changing the principle. The choice of ρt can935

be guided by paraphrase detection or embedding-similarity thresholds to maintain semantic fidelity.936

Each iteration evaluates Kt adversarial and (Mt + 1)K̃ robust losses on a minibatch, totaling937

O
(
(Kt + (Mt + 1)K̃) |Bt|

)
calls to M and E . ATARE adds an O(m) overhead for weight updates938

and negligible cost for adaptive radius updates. In practice: (i) reuse evaluations across inner/outer939

loops; (ii) maintain a replay buffer of high-loss neighbors to warm-start future inner maximizations;940

and (iii) set ρt to preserve semantic intent while revealing sharp regions.941

D Sensitivity942

To address Q4, we perform a sensitivity analysis on the two key search budget hyperparameters of943

our framework: the inner adversarial search budget Kt and the outer robust validation budget K̃. As944

illustrated in Figure 5, we evaluate the performance of TARE and ATARE on the Llama 3.1 8B model,945
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using GPT-4o as the backbone engine, by systematically varying one budget within the range of [1,946

8] while keeping the other fixed at a moderate value of 3. The results indicate that our framework is947

not highly sensitive to the precise choice of these parameters. Performance generally improves as948

the budgets increase from 1 to 3 and then stabilizes, exhibiting only minor fluctuations for values up949

to 8. This demonstrates that our methods can achieve strong, robust performance without requiring950

extensive hyperparameter tuning, as a relatively small budget (e.g., Kt = K̃ = 3) is sufficient to951

capture the benefits of our sharpness-aware approach.952

E Solution Optimization953

While the core of our work focuses on prompt optimization, the principles of our framework can be954

extended to other complex textual domains. A critical application is Solution Optimization, which955

involves the iterative refinement of multi-step reasoning chains. Unlike prompts, solutions are highly956

structured and logically interlocked, presenting unique challenges that require a tailored approach.957

E.1 Applying ATARE to Fragile Reasoning Chains958

A key characteristic of a solution is its inherent fragility. A solution is not merely a collection of959

sentences; it is a delicate, logically-interlocked chain of reasoning where each step builds upon the960

previous one. A minor alteration to an early, correct step can invalidate the entire downstream logic.961

This fragility renders isotropic perturbation methods like TARE ineffective, as uniform paraphrasing962

would inevitably disrupt the “correct reasoning backbone,” creating a noisy and uninformative loss963

landscape.964

This very structure—a stable, correct reasoning backbone combined with a specific, identifiable965

flaw—makes the problem of solution optimization an ideal application for the ATARE framework.966

ATARE is fundamentally designed to handle textual components with varying degrees of sensitivity.967

The logical chain of a solution presents a natural, clear-cut case of anisotropic sensitivity, making968

ATARE not just a possible tool, but a perfectly suited one.969

Our approach applies the core components of the ATARE lifecycle to this problem as follows:970

1. Semantic Sensitivity Analysis and Anisotropic Neighborhood Definition. The first step in the971

ATARE lifecycle is sensitivity analysis. We implement this by performing a comprehensive semantic972

diagnosis of the entire incorrect solution to identify the single, core “cognitive trap.” This diagnosis973

effectively partitions the solution into two distinct regions of sensitivity:974

• Low-Sensitivity Region: The identified core logical flaw itself. This part is considered the primary975

target for perturbation. The rationale is that a single type of logical error can manifest in many976

different, deceptive forms. All solutions that commit the same conceptual error, regardless of977

phrasing, are considered to be within the same anisotropic semantic neighborhood.978

• High-Sensitivity Region: The entire chain of correct reasoning that precedes the flaw. This logical979

backbone is treated as immutable to maintain the solution’s structural integrity.980

2. Inner Adversarial Search. With the sensitivity regions defined, we conduct an inner adversarial981

search within this highly constrained neighborhood. To formalize this, let st be the original incorrect982

solution at a given iteration t. We represent st as a composition of two parts: its high-sensitivity983

correct backbone, denoted st,correct, and its low-sensitivity flaw, denoted st,flaw. The set of candidate984

solutions, CKt(st), is then generated by keeping the backbone fixed while using a generator to perturb985

only the flaw component. This process creates a set of Kt candidates, defined as:986

CKt(st) :=
{
st,correct ⊕ G(i)(st,flaw)

}Kt

i=1
, (20)

where the correct backbone st,correct is held fixed, Gflaw is the generator responsible for creating987

variations of the flaw, the superscript (i) indexes each of the Kt unique generation events, and the988

symbol ⊕ denotes the composition of the text segments. This process explores the defined semantic989

neighborhood to find the variations that perform the worst on the task.990

3. Outer Robustness Update. From the generated set of flaw variations, we identify the “worst-991

case” neighbor s∗t,adv . The textual feedback derived from critiquing this worst-case scenario is then992
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Table 2: Results of solution optimization. We report accuracy (%) and the relative improvement over Textgrad.
The best and second-best results are highlighted with bold and underline, respectively.

Dataset Model COT TEXTGRAD REVOLVE ATARE

GPQA

GPT-4o 48.5↓4.0 52.5 49.5↓3.0 53.0↑0.5

Llama 3.1 8B Instruct 27.8↓3.0 30.8 30.8↑0.0 33.8↑3.0

Qwen 2.5 7B Instruct 35.9↓1.5 37.4 37.4↑0.0 39.9↑2.5

MMLU
(College Physics)

GPT-4o 91.0↓2.5 93.5 94.1↑0.6 96.1↑2.6

Llama 3.1 8B Instruct 69.6↑0.0 69.6 70.6↑1.0 72.5↑2.9

Qwen 2.5 7B Instruct 78.4↑0.0 78.4 78.4↑0.0 79.4↑1.0

used to update the original solution st. By learning from the most challenging manifestation of its993

own core error, the solution is guided to patch this specific cognitive vulnerability. This directly994

implements the outer robustness update step of ATARE, optimizing for worst-case performance within995

the semantic neighborhood to guide the solution toward a flatter, more robust basin in the semantic996

landscape.997

E.2 Experiments998

Tasks and Datasets. We evaluate our solution optimization approach on two challenging bench-999

marks where model performance has not yet saturated.1000

• GPQA [33]: The Google-proof Question Answering benchmark consists of expert-level multiple-1001

choice questions in physics, biology, and chemistry. Its difficulty is highlighted by the performance1002

gap between experts (81% accuracy) and skilled non-experts (22%).1003

• MMLU [14]: We use the challenging College Physics subset from the Massive Multitask Language1004

Understanding benchmark, which is designed to measure human-level performance.1005

We follow the experimental setup of Revolve [46] for iterative methods: we perform three iterations1006

of optimization for each question and determine the final answer by majority voting. Consistent with1007

prior work [45], the evaluation metric is string-based exact match accuracy.1008

LLM Backends and Counterparts. We apply all methods on three distinct LLMs: GPT-4o, Llama1009

3.1 8B Instruct, and Qwen 2.5 7B Instruct. We compare our ATARE-based method against three1010

primary baselines: Zero-shot Chain-of-Thought (CoT) [23], TextGrad [45], and Revolve [46].1011

Results and Analysis. The performance of our method against the baselines is presented in1012

Table 2. As shown, our ATARE-based approach consistently outperforms all baselines—CoT, TextGrad,1013

and Revolve—across both datasets and all evaluated LLM backends. This strong and universal1014

improvement validates our central hypothesis: for fragile, logically-interlocked reasoning chains, an1015

anisotropic optimization strategy is superior. While first-order methods like TextGrad can sometimes1016

struggle with the delicate structure of solutions, and even advanced methods like Revolve may1017

not always escape local optima, our approach demonstrates a more robust path to improvement.1018

By precisely targeting only the low-sensitivity “flaw region” for perturbation while preserving the1019

high-sensitivity correct reasoning, our approach provides a stable and effective optimization signal,1020

consistently guiding the solution toward a more correct state.1021

F Prompt Details1022

This section provides the detailed architecture of the core prompts that power our optimization1023

framework. We present the prompts for the main components of our framework—the perturbation1024

generators for TARE and ATARE, and the LATO—as well as the prompts used for the Solution1025

Optimization task.1026
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F.1 TARE Perturbation Generator Prompt1027

This prompt directs the TARE perturbation generator to conduct the isotropic neighborhood search1028

required by our framework. It instructs a powerful LLM to create a set of minimally-altered,1029

semantically-equivalent variations of a given text. The key to this process is the explicit goal1030

of finding weaknesses; the prompt directs the generator to explore potentially worse-performing1031

variations. This serves as the inner adversarial search, designed to identify sharp cliffs in the semantic1032

landscape where the system’s performance is brittle.1033

TARE Perturbation Generator Prompt

You are an expert in semantics and creative writing. Your task is to generate {k} slightly different
versions of the following text.
These perturbed versions must adhere to these rules:
1. Maintain Core Intent: The core intent and theme of the original text must be preserved.
2. Small Degree of Perturbation: The changes should be minor. For example, you can replace

a few non-essential words, make small adjustments to sentence structure, or add/remove a
few descriptive words.

3. Preserve Factual Correctness: Do not introduce irrelevant information or factual errors.
4. Explore Vulnerabilities: The goal is to explore closely related, but potentially worse-

performing, variations of the text.

Input Text “system_prompt_text”

Output Format The output should be a Python-style list of strings, with each string being one
perturbed version.

Now, provide the {k} perturbed versions for the original text.
1034

F.2 ATARE Perturbation Prompt1035

The ATARE prompt architecture implements our framework’s anisotropic search. It operates as a1036

two-step “analyze-then-generate” chain. The first prompt performs Semantic Sensitivity Estimation,1037

directing an analyst LLM to decompose a prompt into three tiers of sensitivity (Constraint, Method,1038

Style). The second prompt then performs Anisotropic Perturbation, using this analysis to guide a1039

generator LLM in applying targeted, differentiated edits to each tier.1040

Step 1: Sensitivity Analysis Prompt

You are a specialized Prompt Architecture Analyst. Your task is to analyze a system prompt and
decompose it into a three-tier hierarchy of components based on their sensitivity.

Definition of Tiers
• Tier 1 (Constraint Layer - High Sensitivity): Non-negotiable rules that define success or

failure. Changing these will likely break the prompt’s core function or format. (e.g., format
rules, core task definition, absolute prohibitions).

• Tier 2 (Method Layer - Medium Sensitivity): Guidelines on “how” to perform the task.
Changing these affects the quality and reasoning path, but not task completion itself. (e.g.,
“think step by step”, process instructions).

• Tier 3 (Style Layer - Low Sensitivity): Persona, tone, and other stylistic elements. Changing
these affects the prompt’s personality, not its logic. (e.g., ’You are a helpful assistant’,
politeness).

Input Prompt “system_prompt_text”

Output Format Your output MUST be a single, valid JSON object with three keys:
“constraint_layer”, “method_layer”, and “style_layer”. Each key must have a list of
strings as its value.

Now, provide the three-tier JSON analysis for the original prompt.
1041
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Step 2: ATARE Perturbation Generator Prompt

You are an expert in semantics and creative writing. The goal is to explore closely related, but
potentially worse-performing, variations of the text.

Inputs
1. Original Prompt: “system_prompt_text”
2. Three-Tier Sensitivity Analysis: {analysis_text}

YOUR TASK & RULES Your generated versions MUST adhere to these rules:
1. Maintain Core Intent (Global Constraint): All perturbed versions MUST maintain the

core intent of the original prompt. The goal is to create semantically close variations to find
weaknesses, not to write a new prompt.

2. Targeted & Differentiated Perturbation: Your changes should be targeted, and their degree
must be based on the component’s sensitivity from the analysis:

• For Tier 1 (Constraint Layer - High Sensitivity) components, apply only MINIMAL
and SUBTLE changes (e.g., synonym swaps like “only” to “just”, slight rephrasing).
These are fragile and require careful stress-testing.

• For Tier 2 (Method Layer - Medium Sensitivity) components, you can apply MOD-
ERATE changes (e.g., rephrasing the reasoning process, altering the sequence of steps).

• For Tier 3 (Style Layer - Low Sensitivity) components, you have the most freedom.
Apply CREATIVE and DIVERSE changes (e.g., completely changing the persona, tone,
or conversational style).

3. No Invalid Information: Do not introduce irrelevant information, contradictions, or factual
errors.

Now, provide the {k} targeted, perturbed versions for the original text, strictly following all the
rules above.

1042

F.3 LATO Optimizer Prompt1043

The LATO prompt is the engine for the Outer Robustness Update step. It is composed of three main1044

parts: a glossary that defines the structured tags, a system prompt that outlines the optimizer’s core1045

task, and an instantiated user message that provides the specific context for an optimization step.1046

Glossary1047

To ensure the optimizer LLM correctly interprets the structured inputs, we first provide it with a1048

glossary defining all the tags used in the prompt.1049

LATO Prompt Glossary

• <ORIGINAL_VARIABLE>: The original variable that you need to improve.
• <PERTURBED_VARIABLE>: A slightly perturbed version of the original variable that resulted

in the feedback.
• <ORIGINAL_VARIABLE_LOSS>: The performance of the original variable on the current batch.
• <PERTURBED_VARIABLE_LOSS>: The performance of the perturbed variable on the current

batch.
• <LM_SYSTEM_PROMPT>: The system prompt for the language model.
• <LM_INPUT>: The input to the language model.
• <LM_OUTPUT>: The output of the language model.
• <FEEDBACK>: The feedback to the variable.
• <CONVERSATION>: The conversation history.
• <FOCUS>: The focus of the optimization.

1050
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• <ROLE>: The role description of the variable.
1051

LATO System Prompt1052

The LATO system prompt is designed to make the optimizer LLM explicitly landscape-aware. By1053

providing a rich, contextual view of the local semantic landscape and the nature of a performance1054

failure, it enables a more informed update than first-order methods, steering the variable towards a1055

flatter, more robust semantic basin.1056

LATO System Prompt

You are an expert optimizer and a creative critic within an advanced AI system. You will be
asked to creatively and critically improve text-based variables (prompts, solutions, code, etc.) to
make them more effective and robust.

THE PROCESS To do this, you will be given an <ORIGINAL_VARIABLE>. This variable was
perturbed into a <PERTURBED_VARIABLE>, and the system’s performance using this perturbed
version resulted in critical <FEEDBACK>.

YOUR TASK & OBJECTIVES Based on all available information, your goal is to generate a
new, improved version of the ORIGINAL_VARIABLE. The new version must achieve the following
objectives:

1. Address the Failure: It must resolve the specific issues pointed out in the provided
<FEEDBACK>.

2. Preserve Performance: It must maintain or improve upon the original variable’s good
performance.

3. Enhance Robustness: It must be more resilient to similar small perturbations in the
future.

GUIDING PRINCIPLES
• Preserve Core Meaning: Whatever the edit, you must strictly preserve the core task intent

and local coherence of the original text.
• Analyze Noisy Feedback: The provided <FEEDBACK> may be noisy. Critically evaluate it to

identify what is important and correct.
• Consider Full Context: Always pay attention to the variable’s <ROLE> and the full context in

which it is used to ensure your improvements are relevant.

IMPORTANT - OUTPUT FORMAT You MUST give your response by send-
ing the improved variable between {new_variable_start_tag}{improved
variable}{new_variable_end_tag} tags. The text you send between the tags will
directly replace the variable. GLOSSARYTEXT

1057

Example of an Instantiated LATO Prompt1058

The following box shows an example of a complete prompt constructed and sent to the optimizer1059

LLM, combining the system prompt with the specific variables for a single optimization step.1060

Example of an Instantiated LATO Prompt

Here is the role of the variable you will improve: <ROLE>structured system prompt to
a language model</ROLE>.
The optimizer is provided with two key variables that define the local semantic landscape, along
with their performance (loss) on the current batch:
• The ORIGINAL variable that we are optimizing is:

<ORIGINAL_VARIABLE>
You will answer a reasoning question. Think step by step. The
last line of your response should be of the following format:

1061
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‘‘Answer: $VALUE’’ where VALUE is a numerical value.
</ORIGINAL_VARIABLE>
<ORIGINAL_VARIABLE_LOSS> 1, 1, 1 </ORIGINAL_VARIABLE_LOSS>

• When this variable was slightly perturbed into the following version:

<PERTURBED_VARIABLE>
You are to solve a reasoning question. The final line of your
response should be in the format: ‘‘Answer: $VALUE’’ where
VALUE is a numerical value.
</PERTURBED_VARIABLE>
<PERTURBED_VARIABLE_LOSS> 1, 1, 1 </PERTURBED_VARIABLE_LOSS>

The system received the following feedback based on the PERTURBED version’s perfor-
mance:
<CONTEXT>
Here is a conversation:
<CONVERSATION>
...
<LM_INPUT>
I have three oranges, a pig, a frog, a cow, three bananas,
a nectarine, and a snail. How many animals do I have?
</LM_INPUT>
<LM_OUTPUT>
To find the total number of animals, we need to identify the
animals...So, the total number of animals is 4.
Answer: 4
</LM_OUTPUT>
</CONVERSATION>
Here is the feedback we got in the conversation:
<FEEDBACK>
To improve the adaptively perturbed prompt variable in order
to enhance the objective function, consider the following
strategies:
...
</FEEDBACK>
</CONTEXT>

Based on the feedback from the perturbed version, improve the ORIGINAL variable to
make it more robust.

1062

F.4 Solution Optimization Prompt Details1063

This section details the prompt architecture for our ATARE-based solution optimization pipeline. The1064

process is divided into two main stages, each with a corresponding prompt.1065

The first stage is Flaw Diagnosis, which operationalizes the Semantic Sensitivity Analysis step. The1066

prompt below instructs an expert LLM to identify the core “cognitive trap” in an incorrect solution,1067

thereby defining the low- and high-sensitivity regions.1068

Flaw Diagnosis Prompt

You are a world-class expert in logic and science. The following solution is INCORRECT. Your
task is to deeply analyze its reasoning and clearly describe the core “cognitive trap” or “flawed
reasoning path” that led to the wrong conclusion.

Incorrect Solution to Diagnose (st) {solution_var.value}

Please provide your detailed analysis of its flawed reasoning path.
1069
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The second stage is the Anisotropic Adversarial Search, executed by the ATARE Perturbation Generator.1070

This prompt takes the flaw analysis from Stage 1 as input and directs the LLM to generate diverse1071

variations of only the identified flaw, while strictly preserving the correct reasoning backbone.1072

ATARE Perturbation Generator Prompt

You are a creative AI that can mimic different thinking styles. You will receive an incorrect
solution and an analysis of its core flaw. Your task is to generate {k} new, distinct, but equally
flawed solutions.

Guiding Principle Treat the solution as a reasoning chain. The correct reasoning before the
identified flaw is the high-sensitivity backbone that MUST be preserved. Your task is to vary the
expression of the flaw itself (the low-sensitivity target).

Rules All new solutions MUST:
1. Commit the same type of core error as described in the “Flaw Analysis”.
2. Use different phrasing, examples, or intermediate steps to express this error. The goal is to

explore different deceptive manifestations of this single cognitive trap.
3. Ensure that the final conclusion and the chosen answer letter LOGICALLY FOLLOW from

your flawed reasoning.
4. Choose your final answer from the available options in the “Problem Context”. Do not invent

new options.

Inputs
• Problem Context: {question}
• Original Incorrect Solution (st): {solution_var.value}
• Flaw Analysis Report: {flaw_analysis}

Output Format The output MUST be a valid Python list of strings.
1073
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