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Abstract—We present RIDER (Reflective Iterative Diversity-
Enhanced Reasoning), a metaheuristic framework for automatic
prompt optimization that evolves task-specific instructions for
large language models through adaptive evolutionary compu-
tation. Existing approaches either generate candidates without
iterative refinement or apply fixed mutation strategies that
ignore task-specific operator effectiveness. RIDER addresses
these limitations with three contributions: (1) adaptive operator
selection via Windowed Thompson Sampling over a pool of nine
evolutionary operators, allowing the search strategy to shift as the
population matures; (2) an evaluate-first (4 )\) retention scheme
where all offspring are evaluated before any selection decision
and diversity acts as a tiebreaker rather than a gate, so that
genuinely superior prompts are never discarded; and (3) error-
directed evolution, which converts scalar fitness into verbal feed-
back by feeding the best prompt’s failure cases back to operators
as context for generating improvements. We evaluate on six NLP
benchmarks—GSMS8K, AG_News, SQuAD 2.0, CommonGen,
XSum, and CodeSearchNet—across four language models (GPT-
40-mini, Claude Haiku 4.5, Gemini 2.5 Flash Lite, DeepSeek-
V3.2), each evaluated on 30 validation and 150 test examples.
RIDER wins all eleven same-model pairwise comparisons against
five baselines, with margins from +6.9% to +224%, using
approximately 3,500 API calls per task—comparable to existing
evolutionary approaches.

I. INTRODUCTION

Large language models have displayed impressive capabil-
ities as general-purpose computers [1], yet the behaviors and
capabilities of these systems are significantly influenced by
the prompts we provide to them [2]. Improperly-constructed
contexts cause artificially low performance [3], and even
paraphrasing the original instruction can lead to failure on
certain tasks [4]. The ordering of few-shot examples further
amplifies this fragility [5]. These observations demonstrate the
sensitivity of LLMs to prompts and the importance of finding
effective prompts automatically [2].

The infinitely large search space makes finding the right
instruction extremely difficult [1]. Prompt design typically
requires substantial human effort and expertise [6], and the
absence of gradient imposes challenges on many real-world
applications, especially when the most powerful LLMs are
black boxes [4]. Their ability to understand natural language,
however, lays out a new possibility: instead of formally
defining the optimization problem and deriving the update step
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with a programmed solver, one can describe the optimization
problem in natural language [7].

Several black-box approaches have been proposed. APE [1]
treats instruction generation as natural language program
synthesis, searching over a pool of instruction candidates
proposed by an LLM. EvoPrompt [6] synergistically connects
LLMs with evolutionary algorithms, but applies a single fixed
operator per run. PromptBreeder [2] is a self-referential self-
improvement mechanism that also mutates the mutation oper-
ators themselves, yet provides no diversity management. None
of these methods adaptively allocates budget across operators.

We argue that operator selection should be treated as
a dynamic problem that depends on the task, the popula-
tion, and the stage of evolution. An operator that generates
breakthroughs early on may be counterproductive when fine-
grained refinement is needed. In our companion poster [8], we
introduced the core RIDER framework and demonstrated its
effectiveness on six benchmarks. In this paper, we provide a
comprehensive description of the algorithm, a detailed per-
model analysis across four language models, an operator
effectiveness study, and a cost comparison with baselines.

To this end, we propose RIDER (Reflective Iterative
Diversity-Enhanced Reasoning), a general-purpose framework
that evolves and adapts prompts for a given domain. The
architecture is shown in Fig. 1. Taking advantage of LLMSs’
expertise in natural language processing [6], RIDER simul-
taneously leverages the powerful language processing capa-
bilities of LLMs and the efficient optimization performance
of evolutionary algorithms [6]. The framework is organized
around three mechanisms:

1) Adaptive operator selection. RIDER allocates bud-
get across nine operators via Windowed Thompson
Sampling [9] with an epsilon-greedy overlay, treating
each operator as an arm in a multi-armed bandit for-
mulation [10]. The posterior naturally concentrates on
operators with higher expected reward as the population
matures.

Evaluate-first (4 )) retention. Different from prior
work [2], [6], all offspring are evaluated before any
retention decision is made. Parents compete directly with
offspring in a merged pool; diversity acts as a tiebreaker,
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ga_crossover Genetic crossover of two prompts

first_order_ref. Addedge cases and constraints

lamarckian Backward translation from errors

reflection cross. Verbal-gradient guided crossover

\ Long-Term Memory

Updated every 3 generations:
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Fig. 1. RIDER pipeline. Left: main evolution loop with adaptive operator selection via Thompson Sampling, error-directed evolution, and evaluate-first (p+X\)
retention. Right: operator pool organized into four classes (EDA, Generative, Evolutionary, Reflective) and long-term memory. Badges mark contributions:

adaptive selection (1), error-directed evolution (2), evaluate-first retention (3).

not as a gate—prior systems discard unevaluated off-
spring based on embedding similarity alone.
Error-directed evolution. The best prompt’s failure
cases are fed back to operators as context, reflecting
on model errors and generating constructive error feed-
back [11] that steers candidates toward weaknesses of
the current solution.

3)

We evaluate on six benchmarks spanning mathematical
reasoning, classification, question answering, text generation,
summarization, and code intelligence, using four LLMs from
four different providers. RIDER ranks first on all six tasks,
winning every same-model comparison. Taken together, these
results suggest that adaptive operator selection, when coupled
with fitness-first retention and error feedback, yields a robust
prompt optimization strategy.

II. RELATED WORK

Instruction induction. APE [1] generates candidate in-
structions and selects the one that maximises task accuracy.
OPRO [7] describes each optimization step in natural language
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and instructs the LLM to generate new solutions from the
prompt that contains previously generated solutions with their
values. InstructZero [4] optimizes a soft prompt applied to
an open-source LLM to generate instructions for a black-
box LLM. None of these methods maintains a population or
adapts the search strategy over time. RIDER addresses this by
maintaining a diverse population across multiple generations
with iterative refinement and error-directed feedback.

Evolutionary approaches. EvoPrompt [6] starts from a
population of prompts and iteratively generates new prompts
with LLMs based on evolutionary operators, striking a good
balance between exploration and exploitation [6]. However,
it applies a single fixed operator per run. PromptBreeder [2]
is not just improving task-prompts but also improving the
mutation-prompts that improve these task-prompts; it features
nine operators falling into five broad classes which drive
the exploration of prompt strategies [2]. Yet it provides no
diversity maintenance, and the budget allocation across oper-
ators is uniform. All mutation operators are important for the
system to work [2], yet none of these methods dynamically
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reallocates computational budget based on observed operator
effectiveness. RIDER combines adaptive budget allocation
via Thompson Sampling with diversity tiebreaking, ensuring
that operator selection and population management co-evolve
throughout the search.

Gradient-free prompt editing. Discrete prompts are diffi-
cult to optimize and are often created by enumeration-then-
selection heuristics that do not explore the prompt space
systematically [12]. GrIPS [13] is an iterative, edit-based,
gradient-free search over instructions. ProTeGi [14] propagates
natural-language “gradients” by examining batch-level errors.
ReEvo [15] couples humanoid reflections to boost the rea-
soning capabilities of LLMs, with evolutionary computation
for efficient exploration of the heuristic space [15]. PromptA-
gent [11] views prompt optimization as a strategic planning
problem, autonomously crafting expert-level prompts [11] by
reflecting on model errors and generating constructive error
feedback. RIDER integrates error-directed feedback into a
multi-operator evolutionary loop, where failure cases of the
current best prompt are passed as context to operators, en-
abling targeted rather than random improvement.

Bandits for operator selection. The multi-armed bandit
formulation—the balance between exploring the environment
and taking the empirically best action [10]—has been applied
to algorithm configuration. RIDER extends it to the prompt
evolution setting, where each operator is an arm whose reward
is estimated by Thompson Sampling within a sliding window.

III. THE RIDER ALGORITHM
A. Overview

Abstaining from any gradients or parameters [6] and treating
the LLM as a black-box function [12], RIDER maintains a
population of N=12 textual prompts over G=8 generations.
The algorithm proceeds in three stages: initialization, iterative
refinement via the evolutionary loop, and final ensemble selec-
tion. At each generation, 3N =36 offspring are generated, eval-
uated on a held-out validation set, merged with parents, and
the top N are selected by fitness with a diversity tiebreaker.
After evolution, k=5 prompts are selected via a k-DPP [16]
for ensemble prediction with majority voting.

B. Population Initialization

We leverage the generalist capabilities of LLMs [1] to seed
the initial population through three channels:

« Data-aware seeding (5 prompts). For each task, we
sample 5 input—output pairs from the training data [1]
and ask the LLM to reverse-engineer the instruction,
with temperature variation (0.8—1.2) to produce diverse
framings.

Zero-order generation (5 prompts). We generate a new
task-prompt by concatenating the problem description [2]
with rotating approach templates at temperatures 0.5-1.3,
ensuring stylistic diversity.

Fallback templates (2 prompts). Hand-written task-
specific baselines that serve as a safety net when gen-
eration produces degenerate output.
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Degenerate outputs (under 15 words or containing meta-
commentary such as “Here is the improved prompt:”) are
rejected and regenerated up to three times with increasing
temperature.

C. Operator Pool

RIDER employs nine operators falling into four classes,
echoing the taxonomy of [2]:

Estimation of Distribution (EDA)  operators
(eda_mutation, eda_rank_index) provide a filtered
and numbered list of the current population [2] to the LLM,
which synthesises a new instruction from the top-K prompts
ranked by fitness. They receive 42% of the initial budget
based on empirical operator analysis showing near-100%
acceptance in later generations.

Generative operators (31%) include zero_order, which
generates a new task-prompt by concatenating the problem de-
scription with a template—it has a higher likelihood of escap-
ing local optima [6]—and first_order_refinement,
where we concatenate a refinement instruction to the parent
task-prompt [2] and ask the LLM to add edge cases, con-
straints, and tiebreaking rules. The latter is high-variance: ap-
proximately 80% of outputs degrade fitness, but the remaining
20% produce detailed prompts that win on structured tasks
such as SQuAD 2.0.

Evolutionary operators (20%): two parent solutions are
selected based on tournament selection [6] and recom-
bined through LLM-mediated crossover (ga_crossover)
or mutation (ga_mutation). de_mutation implements
DE/current-to-best/1 [17], considering mutating only the dif-
ferent parts of two randomly selected prompts [6]. Sequences
of phrases in discrete prompts can be regarded as gene
sequences in typical EAs, making them compatible with the
natural evolutionary process [6].

Reflective operators (7%): reflection_crossover
propagates natural-language “gradients” [14]—short-term re-
flections over the relative performance of two prompts and the
reasons behind such discrepancy [15]. lamarckian mimics
a Lamarckian process [2] by back-translating from errors. Both
are disabled on generation tasks (XSum, CommonGen) where
no single correct output exists.

Three additional operators were disabled after empirical
evaluation showed consistently negative improvement across
all datasets and models.

D. Adaptive Operator Selection

At each offspring step, RIDER selects an operator through
a two-layer mechanism that strikes a balance between explo-
ration and exploitation [6].

Layer 1: Epsilon-greedy. With probability e=0.10 (raised
to 0.25 during stagnation), a uniformly random operator is
chosen, forcing exploration independent of historical perfor-
mance. This ensures that the system does not prematurely
commit to a narrow subset of operators.

Layer 2: Windowed Thompson Sampling. Each operator
maintains a Beta(a, 8) posterior. We sample 6 ~ Beta(c, 3)
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per operator and choose the highest. A sliding window of
5 generations with decay v=0.9 ensures that early failures
do not permanently suppress an operator—making use of the
full optimization trajectory enables the system to gradually
shift its strategy throughout the optimization process [7]. Task-
adaptive priors from empirical operator analysis initialize the
distributions.

Operators with average reward below 0.3 after 10+ trials
receive a soft penalty: «; < 0.3¢, 5; < max(;, 10), which
reduces their selection probability to near zero without fully
removing them from the pool.

E. Evaluate-First (u+X\) Retention

A key distinction from prior work [2], [6] is that we
evaluate all 3N offspring on the held-out validation set before
any retention decision. The resulting candidates are then
merged with parents and sorted by fitness. The top N are
selected greedily: if cosine similarity (Sentence-BERT [18])
exceeds 0.92 to an already-selected prompt and fitness is
within 1%, the candidate is skipped as a near-duplicate;
if fitness exceeds 1%, it replaces the similar prompt. This
prevents premature convergence without sacrificing selection
pressure.

FE. Stagnation Escape

When best-fitness improvement falls below 1% for two con-
secutive generations, RIDER raises the temperature by 1.3x
and sets €=0.25, since a higher temperature allows the LLM
to more aggressively explore solutions [7]. After four stagnant
generations, the bottom 50% of the population is replaced with
fresh zero-order prompts—a soft restart that preserves the best
solutions while injecting new diversity. Temperature recovery
(T" < 0.97") applies only after genuine improvement from a
non-stagnated state, preventing oscillations observed in earlier
versions of the system.

G. Error-Directed Evolution

After evaluation, RIDER collects examples where the best
prompt’s predictions disagree with the ground truth. These
error cases are passed as context to operators, converting scalar
fitness into verbal feedback [19] that steers generation toward
weaknesses of the current solution. Reflections can indeed
function as verbal gradients that lead to better neighborhood
structures [15]. By reflecting on model errors and generating
constructive error feedback [11], operators induce precise task-
specific insights and in-depth instructions [11] that patch
specific failure modes.

H. Ensemble Selection

A greedy MAP approximation of a k-DPP—where diverse
sets are inherently more probable [16]—selects k=5 prompts
that balance fitness and embedding diversity. Final predictions
use majority voting across the ensemble members.
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IV. EXPERIMENTAL SETUP

Tasks and metrics. We experiment on six benchmarks
that span different NLP capabilities [6]: GSM8K [20] (math
reasoning, exact match), AG_News [21] (4-class news clas-
sification, macro F1), SQuAD 2.0 [22] (extractive QA with
unanswerable questions, token-level F1), CommonGen [23]
(constrained text generation, BERTScore F1 [24]), XSum [25]
(extreme summarization, BERTScore F1), and CodeSearch-
Net [26] (code documentation generation from Python func-
tions, BERTScore F1).

Data splits. For each dataset we randomly sample a subset
with a per-dataset deterministic random seed [7]: 30 training
examples (used for data-aware seeding and APE candidate
generation), 30 validation examples (fitness evaluation during
evolution), and 150 test examples (final held-out evaluation).
All methods operate on identical splits to ensure a fair com-
parison. Using T'=0.0 for all evaluation calls further reduces
stochasticity.

Models. Four instruction-following LLMs accessed via
OpenRouter: GPT-40-mini (OpenAl), Claude Haiku 4.5 (An-
thropic), Gemini 2.5 Flash Lite (Google), and DeepSeek-
V3.2 (DeepSeek). We set the temperature to 0.7 for prompt
generation and to 0.0 when evaluating performance [7].

Baselines. We compare with five methods: ZeroShot (10
random prompts, pick best; ~300 API calls), APE [1] (50
candidates + 25 Monte Carlo variants of top-5; ~2,250 calls),
EvoPrompt-GA and EvoPrompt-DE [6] (pop=10, gen=10;
~3,000 calls each), and PromptBreeder [2] (pop=10,
gen= 10, nine mutation types with binary tournament selec-
tion; ~3,000 calls). All baselines share identical data splits,
models, and evaluation code.

RIDER hyperparameters. Population 12, 8 generations
(~3,500 API calls per task), elite 3, tournament 3, Thompson
window 5, decay 0.9, diversity threshold 0.92, ensemble k=5.
The population size of 12 balances diversity (sufficient can-
didates per generation to avoid premature convergence) with
computational budget. Eight generations provide convergence
across all tested tasks while preventing overfitting to the
validation set. Initial operator budget allocation (EDA 42%,
Generative 31%, Evolutionary 20%, Reflective 7%) is derived
from pilot experiments; Thompson Sampling adjusts these
allocations dynamically as the population matures.

V. RESULTS

Aggregate results across all models are reported in our
companion poster [8]. Here we focus on per-model pairwise
comparisons to understand how RIDER performs under dif-
ferent model capabilities and task types. Since the optimal
prompt can be model-specific and task-specific [7], we evalu-
ate RIDER and the strongest baseline on the same model for
each task.

Table I presents eleven same-model pairwise comparisons
across six tasks and four models. RIDER wins all eleven
pairings, with margins from +6.9% to +224%. On GSMS8K,
where models must decompose multi-step word problems into
a chain of intermediate reasoning steps [27], the evolved
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TABLE I. SAME-MODEL PAIRWISE COMPARISONS (RIDER WINS
11/11)

Model Task RIDER  BL Meth A
GPT-40-m GSMS8K 1.000 0.873 APE +14.5%
GPT-40-m AG_News 0934  0.840 APE +11.2%
GPT-40-m  SQuAD 0.846  0.521 APE +63%
Gemini SQuAD 0.799  0.637 PB +25%
Haiku SQuAD 0.823  0.770 PB +6.9%
Gemini CGen 0.585  0.513 APE +14%
Haiku CGen 0.580  0.476 PB +21.8%
GPT-40-m  XSum 0352 0.288 EvoDE  +22%
Haiku XSum 0.332  0.296 PB +12.3%
DeepSeek  CodeSrch 1.000 0.577 APE +73.2%
Haiku CodeSrch 1.000 0309 EvoGA  +224%

TABLE II. OPERATOR ACCEPTANCE RATE AND AVERAGE FITNESS

CHANGE
Operator Acc.% Avg AF
zero_order 53.3 +11.5%
eda_mutation 47.2 +8.1%
eda_rank_index 44.8 +6.9%
first_order_ref 21.0 +3.4%
de_mutation 18.5 —0.3%
ga_mutation 15.2 —1.1%
ga_crossover 12.0 —2.8%
reflection_xover 11.3 —1.5%
lamarckian 1.8 —8.2%

prompt reaches a perfect score. The SQuAD 2.0 gain on
GPT-40-mini (+63%) traces to detailed tiebreaking rules
(e.g., “shortest span by character count,” “output nothing if
unanswerable”) that the evolutionary loop discovered but no
baseline did.

On CodeSearchNet [26], where function-docstring pairs are
extracted from real-world open-source repositories, RIDER
reaches perfect BERTScore on both tested models, outper-
forming the best baseline by +73% (DeepSeek) and +224%
(Haiku). The generated prompts are human-readable [6], av-
eraging 65-85 words, and require only API access without
updating model parameters.

The convergence curves in Fig. 2 show that RIDER sur-
passes all baselines within 3-5 generations and that the
optimization curves exhibit a clear decrease of variance [7]
over time, confirming that eight generations are sufficient for
convergence.

VI. ANALYSIS

A. Operator Effectiveness

Table II clearly demonstrates the importance of adaptive
operator selection. The top-3 operators account for 78% of
all population improvements. zero_order delivered positive
improvement on 3 of 5 tasks with >50% acceptance on XSum,
confirming that it has a higher likelihood of escaping local
optima [6]. The EDA operators reached near-100% acceptance
in later generations, benefiting from their ability to synthesize
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common patterns across the population. Somewhat surpris-
ingly, removing any single operator from the pool degrades
aggregate performance, suggesting that even low-acceptance
operators contribute occasional breakthroughs.

The initial operator budget allocation is derived from em-
pirical pilot experiments on a held-out development set: EDA
operators (42%) receive the highest allocation due to consistent
acceptance rates across tasks; Generative operators (31%)
include the exploration-focused zero_order; Evolutionary
operators (20%) contribute differential evolution; Reflective
operators (7%) provide verbal gradients but are disabled on
generation tasks. These initial priors are updated by Thompson
Sampling: by generation 4, the actual allocation typically
diverges by 30-50% from the initial distribution, as shown
in Fig. 3.

lamarckian was consistently the worst: acceptance never
exceeded 3% and average fitness decreased on every dataset.
Thompson Sampling learns to suppress it automatically, allo-
cating near-zero budget by generation 4.

B. Thompson Sampling Adaptation

Fig. 3 illustrates how Thompson Sampling reallocates the
operator budget on SQuUAD 2.0 (GPT-40-mini). By gener-
ation 4, first_order_refinement dominates at 46%;
EDA operators stabilise at 15-20%; ineffective operators
decay to near-zero. Leveraging the optimization trajectory
helps identify promising directions [7]; the operator budget
naturally shifts as the population matures, confirming that
adaptive selection is a practical necessity for multi-operator
evolutionary prompt optimization.

VII. CONCLUSION

We have presented RIDER (Reflective Iterative Diversity-
Enhanced Reasoning), a framework for automatic prompt
optimization that evolves task-specific instructions through
adaptive operator selection, fitness-first (u+\) retention, and
error-directed generation. Extending our companion poster [8],
this paper provides a detailed per-model analysis, operator ef-
fectiveness study, and cost comparison. The generated prompts
are human-readable [6] and require only API access, treating
the LLM as a black-box function [12] and abstaining from
any gradients or parameters [6]. RIDER wins all eleven
same-model pairwise comparisons with gains from +6.9%
to +224%, using ~3,500 API calls per task—comparable to
EvoPrompt (~3,000) and PromptBreeder (~3,000).

Current limitations include evaluation on English-language
benchmarks only and the use of 30 validation / 150 test
examples per task; larger evaluation sets would increase
statistical power at the cost of additional API calls. Our
evaluation is restricted to four instruction-following models;
extending to open-weight models with direct logit access
is a natural next step. Going forward, we plan to evaluate
on software engineering benchmarks such as HumanEval
and SWE-bench, to investigate cross-model prompt transfer,
and to explore whether LLMs can effectively self-tune the
hyperparameters of the evolutionary process itself. We hope
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Fig. 2. Best fitness over eight generations on three representative tasks (SQuAD 2.0, CommonGen, XSum). Dashed lines mark same-model baselines; shaded
regions span population average to best. RIDER converges above all baselines within 3-5 generations.
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Fig. 3. Operator selection probability over generations on SQuUAD 2.0

(GPT-40-mini). ~ Thompson  Sampling  concentrates  budget on

first_order_refinement while suppressing ineffective operators.

that our explorations will inspire further investigations on
the combination of LLMs and conventional algorithms [6],
pointing toward an exciting future where increasingly open-
ended self-improvement systems can directly use language as
the substrate for optimization [2].
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