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Abstract001

Large Language Models (LLMs) have made002
significant progress in handling complex pro-003
gramming tasks. However, current methods004
rely on manual model selection and fixed work-005
flows, which limit their ability to adapt to006
changing task complexities. To address this, we007
propose SEMAG, a Self-Evolutionary Multi-008
Agent code Generation framework that mim-009
ics human coding practices. It decomposes010
programming tasks into stages, including plan-011
ning, coding, debugging, and discussion, while012
adapting workflows to task difficulty. Its self-013
evolutionary agents can access the latest mod-014
els in real time and automatically upgrade the015
backbone model. SEMAG sets new state-of-016
the-art Pass@1 accuracy across benchmarks.017
Using identical backbone models, SEMAG out-018
performs prior methods by 3.3% on CodeCon-019
tests. When augmented with self-evolutionary020
model selection that automatically identifies021
optimal backbones, SEMAG reaches 52.6%,022
showcasing both framework effectiveness and023
adaptability to evolving LLM capabilities.024

1 Introduction025

Large Language Models (LLMs) have demon-026

strated substantial progress in code generation027

and completion, driven by large-scale pretraining028

on diverse codebases. The GPT series (Achiam029

et al., 2023; Hurst et al., 2024), CodeLLaMA-2030

(Roziere et al., 2023), Qwen2.5-Coder (Hui et al.,031

2024), and DeepSeek-v3 (Liu et al., 2024) exhibit032

strong coding capabilities, unlocking new avenues033

for automated software development. In parallel,034

multi-agent frameworks and debugging-enhanced035

methodologies—such as planning-centric work-036

flows (Lei et al., 2024), self-debugging paradigms037

(Chen et al., 2023), and collaborative agent systems038

(Zhong et al., 2024)—have shown promising per-039

formance on standard benchmarks. Nonetheless,040

real-world scenarios present open-ended tasks, con-041

strained computational budgets, and evolving spec-042
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Figure 1: Overview workflow of Self-Evolution Agents.
Agents integrate insights from recent research, news,
and community discussions, dynamically identify and
deploy the most suitable models.

ifications, revealing critical limitations in current 043

approaches. 044

First, frameworks such as Self-Debugging (Chen 045

et al., 2023), LDB (Zhong et al., 2024) typically 046

adopt a fixed reasoning depth. On simple tasks, 047

they introduce unnecessarily complex workflows, 048

leading to redundant computation and excessive 049

token usage, while on difficult tasks, the shallow 050

reasoning depth results in poor success rates. Al- 051

though hierarchical prompting has been shown to 052

mitigate unnecessary reasoning (Budagam et al., 053

2025), these approaches still lack a principled 054

mechanism to adapt reasoning depth dynamically 055

to task complexity. 056

Second, current pipelines utilize a single debug- 057

ging iteration. When initial outputs diverge signifi- 058

cantly from the target, systems are prone to local 059

minima. Though advanced reasoning paradigms 060

such as Chain-of-Thought (Wei et al., 2022), Tree- 061

of-Thoughts (Yao et al., 2023a), and parallel candi- 062

date exploration (Li et al., 2025) enhance complex 063

reasoning, they lack explicit discussion–decision 064
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Figure 2: Overview of SEMAG. (1) Self-Evolve: Agents dynamically select optimal backbone LLMs per task
requirements. (2) Plan: Planning Agent creates solution plans validated by Plan Verifying Agent through I/O
simulation. (3) Debug: Coding Agent generates code; upon failure, specialized agents (Embedding Trace, Code
Explaining, Suggesting, Debugging) collaboratively refine using trace logs. (4) Debate: When debugging stalls,
Debating Agents propose alternatives with Discriminating Agent selecting the optimal configuration.

phases that aggregate diverse reasoning trajectories065

for improved synthesis.066

Third, most systems are tightly coupled to a sin-067

gle backbone model. Frameworks built on GPT068

(Achiam et al., 2023; Hurst et al., 2024), Gemini069

(Team et al., 2023, 2024), or Claude (Anthropic,070

2024) typically depend on a static model through-071

out execution. As task characteristics shift or new072

models emerge, backbone switching often requires073

manual intervention, limiting adaptability and scal-074

ability.075

To address these challenges, we propose076

SEMAG, a Self-Evolutionary Multi-Agent code077

Generation framework. Our contributions are sum-078

marized as follows:079

• Adaptive hierarchical prompting: We pro-080

pose a dynamic strategy that adjusts reasoning081

depth based on task complexity.082

• Collaborative self-evolution: We introduce083

discussion–decision module enabling escape084

from local optima and adaptive backbone085

switching.086

• Empirical gains: Achieves state-of-the-art087

performance on seven benchmarks. With con-088

trolled backbone comparison, SEMAG im-089

proves 3.3% over the previous best method on090

CodeContests; with self-evolutionary model091

selection, it further reaches 52.6%.092

We evaluate SEMAG across seven text-to-code 093

benchmarks, including four foundational datasets 094

(HumanEval, MBPP, HumanEval-ET, MBPP-ET) 095

and three competition-level benchmarks (APPS, 096

LiveCode, CodeContests). Experimental results 097

show that SEMAG achieves new state-of-the-art 098

performance, including 98.8% Pass@1(Chen et al., 099

2021; Dong et al., 2024) on HumanEval, 87.6% 100

on MBPP, and 65.0% on LiveCode. Most no- 101

tably, on the most challenging dataset CodeCon- 102

tests, SEMAG achieves 38.0% Pass@1 accuracy 103

with GPT-4o (3.3% improvement over LPW un- 104

der the same backbone). When augmented with 105

self-evolutionary model selection that automati- 106

cally identifies the optimal backbone, SEMAG 107

further reaches 52.6%. These results demonstrate 108

that SEMAG achieves superior performance and re- 109

source efficiency, while offering strong adaptability 110

to evolving programming tasks. 111

2 Related Work 112

2.1 Traditional Approaches to Program 113

Synthesis 114

Program synthesis has a long-standing research 115

foundation in artificial intelligence (Waldinger and 116

Lee, 1969; Manna and Waldinger, 1971). Tra- 117

ditional methods leverage search strategies and 118

data flow analysis (McCarthy, 1978). Early ef- 119

forts aimed to advance automatic programming 120
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and to identify viable approaches (BALZER, 1985;121

Soloway, 1986) or explore large program spaces122

through domain-specific languages (Mernik et al.,123

2005; Gu et al., 2021). These approaches struggle124

with generalization and scalability due to search125

space complexity.126

2.2 Large Language Models for Code127

Synthesis128

Pretrained language models have enhanced code129

synthesis, with specialized models such as130

Qwen2.5-Coder (Hui et al., 2024), CodeLLaMA-2131

(Roziere et al., 2023), Mistral (Jiang et al., 2024a),132

and DeepSeek-v3 (Liu et al., 2024) excelling in pro-133

gramming tasks. General-purpose models, includ-134

ing GPT (Achiam et al., 2023; Hurst et al., 2024),135

Gemini (Team et al., 2023, 2024), and Claude (An-136

thropic, 2024), also demonstrate robust code gen-137

eration capabilities. However, these models still138

face challenges related to syntactic correctness, se-139

mantic alignment, generation robustness, and ver-140

sion conflicts. As a result, more refined control141

and evaluation mechanisms for code generation are142

necessary.143

2.3 Prompting and Debugging Techniques144

Researchers have proposed various prompting and145

debugging techniques to improve code genera-146

tion. Prompting strategies generally fall into three147

categories: retrieval-based (Islam et al., 2024),148

planning-based (Yao et al., 2023b), and debugging-149

based (Chen et al., 2023) approaches. These aim150

to guide LLMs in decomposing complex tasks151

into manageable parts through step-by-step reason-152

ing. Techniques such as Chain-of-Thought (Wei153

et al., 2022), Tree-of-Thoughts (Yao et al., 2023a),154

and cumulative reasoning mimic human problem-155

solving paths, significantly enhancing model per-156

formance on complex tasks (Zhou et al., 2022;157

Zhang et al., 2023). More advanced methods simu-158

late the software development process by construct-159

ing multiple candidate programs and exploring the160

solution space in parallel (Li et al., 2025; Antoni-161

ades et al., 2025).162

Debugging systems such as Self-Debugging163

(Chen et al., 2023) and LDB (Zhong et al., 2024)164

iteratively refine code using model explanations,165

execution, and human feedback. However, their166

effectiveness decreases when the initial code di-167

verges from the intended function. To improve168

generation quality with limited supervision, some169

methods break down the coding task by incorporat-170

ing visible test cases, step-by-step verification (Hu 171

et al., 2025; Li and Yuan, 2024; Mathews and Na- 172

gappan, 2024), and natural language instructions 173

to improve controllability and alignment. 174

Previous methods either fix reasoning 175

depth—wasting compute on simple tasks 176

and underperforming on hard ones—or rely on 177

a single LLM, limiting recovery from failures. 178

SEMAG tackles both with three mechanisms: a 179

hierarchical controller that scales from one-shot 180

to multi-step planning based on feedback; a 181

discussion–decision phase where agents critique 182

and merge solutions to avoid local optima; and an 183

automatic model selector that switches to a more 184

capable backbone, boosting Pass@1 accuracy as 185

difficulty rises. 186

3 Method 187

We present a hierarchical multi-agent framework 188

for code synthesis that adapts to task complex- 189

ity through progressive refinement levels, cou- 190

pled with a self-evolution mechanism for dynamic 191

model selection. The overview of SEMAG is 192

shown in Figure 2. 193

3.1 Problem Formulation 194

We define a code generation task as T = (P, S, C) 195

where P ∈ P is problem description, S = 196

{(xi, yi)}ni=1 are input-output examples, and C is 197

the program space. The core agent operations are: 198

CODER : P × S ×Π×Θ → C,
PLANNER : P × S → Π,

VERIFIER : Π× P × S → 0, 1×Π× L,
DEBUGGER : C × Σ → C

(1)

199

where Π is the plan space, Θ parameters, L 200

logs, and Σ suggestions. Additional agents in- 201

clude EMBEDTRACE (C → T ), EXPLAINER 202

(C×P → E), and SUGGESTOR (T ×L×E → Σ). 203

3.2 Hierarchical Code Synthesis Framework 204

Our framework employs a four-level hierarchical 205

architecture that progressively increases computa- 206

tional effort based on task complexity. 207

Level 1 (Direct Generation): The system ini- 208

tially attempts direct code synthesis using minimal 209

prompting: 210

Y = CODER(P, S,∅,∅), (2) 211
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Algorithm 1 Hierarchical workflow of SEMAG
Input: Problem P , examples S
Output: Program Y

1: Y ← CODER(P, S) ▷ Level 1
2: if TEST(Y, S) then return Y
3: end if
4: π ← PLANNER(P, S) ▷ Level 2
5: for i = 1 to Mplan do
6: (ν, π, ℓ)← VERIFIER(π, P, S)
7: if ν = 1 then break
8: end if
9: end for

10: Y ← CODER(P, S, π)
11: if TEST(Y, S) then return Y
12: end if
13: for t = 1 to Mtry do ▷ Level 3
14: τprev ← ∅
15: for d = 1 to Mdebug do
16: τ ← EMBEDTRACE(Y )
17: σ ← SUGGESTOR(τ, ℓ,EXPLAINER(Y, P ))
18: Y ← DEBUGGER(Y, σ)
19: if TEST(Y, S) then return Y
20: end if
21: if ρ(τ, τprev) > δ(d, T ) then break
22: end if
23: τprev ← τ
24: end for
25: H ← {DEBATERj(P, τ, Y )}Ndebater

j=1 ▷ Level 4
26: Y ← CODER(P, S,DECIDER(H))
27: if TEST(Y, S) then return Y
28: end if
29: end for
30: return Y

where ∅ indicates no plan or parameters.212

Level 2 (Planning and Verification): Upon Level213

1 failure, the system generates and iteratively re-214

fines a structured solution plan. The planning pro-215

cess operates as:216

π0 = PLANNER(P, S), (3)217

followed by iterative verification:218

(νi, πi, ℓi) = VERIFIER(πi−1, P, S),

i ∈ [1,Mplan].
(4)219

where νi ∈ {0, 1} indicates verification status,220

πi is the refined plan, and ℓi contains verification221

logs. The process terminates when νi = 1 or222

i = Mplan, with the final plan π∗ guiding code223

generation:224

Y = CODER(P, S, π∗,∅). (5)225

226

Level 3 (Trace-Guided Debugging): When Level227

2 fails, the system enters an iterative debugging228

phase with Kpass passes and Mtry attempts per pass.229

For each attempt, the debugging process consists230

of: 231

τ = EMBEDTRACE(Y ),

ϵ = EXPLAINER(Y, P ),

σ = SUGGESTOR(τ, ℓ∗, ϵ),

Y ′ = DEBUGGER(Y, σ).

(6) 232

This process repeats for Mdebug iterations, where 233

τ captures runtime variable states, ϵ provides se- 234

mantic analysis, and σ synthesizes targeted modifi- 235

cations. 236

Level 4 (Multi-Agent Collaborative Refinement): 237

When iterative debugging stalls, the system em- 238

ploys collaborative multi-agent discussion. Each of 239

Ndebater agents generates proposals incorporating 240

discussion history: 241

dj = DEBATERj(P, τ, Y,Hj−1),

j ∈ [1, Ndebater].

(7)
242

where Hj−1 = {d1, ..., dj−1} represents accumu- 243

lated discussion history. The decision aggregation 244

employs weighted consensus: 245

(α∗, θ∗) = argmax
(α,θ)

Ndebater∑
j=1

wj · ϕ(dj , α, θ),

wj =
exp(ηj/τw)∑
k exp(ηk/τw)

.

(8) 246

where ηj represents historical performance and ϕ 247

evaluates proposal alignment. 248

3.3 Adaptive Level Transition Mechanism 249

Rather than using fixed iteration thresholds, we 250
employ an adaptive transition mechanism based on 251
execution trace similarity. The transition decision 252
is formulated as: 253

Transition(t) =

{
True, if ρ(τt, τt−1) > δ(t, T )
False, otherwise

(9) 254

where ρ measures trace similarity using normal- 255

ized edit distance: 256

ρ(τt, τt−1) = 1− EditDist(τt, τt−1)

max(|τt|, |τt−1|)
(10) 257

The adaptive threshold δ(t, T ) adjusts based on 258

task complexity and iteration count: 259

δ(t, T ) = δ0 · exp
(
−λ · t

Tmax
· complexity(T )

)
(11) 260
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Model Method HumanEval MBPP HumanEval-ET MBPP-ET

GPT-3.5

Direct 72.0% ± 1.2% 55.2% ± 0.8% 62.8% ± 0.6% 45.6% ± 0.6%
Self-Planning 77.4% ± 1.8% 69.2% ± 0.4% 69.5% ± 0.6% 52.4% ± 1.0%
MapCoder 77.4% ± 0.6% 72.0% ± 0.6% 66.5% ± 1.2% 56.6% ± 0.8%
LDB 81.1% ± 0.6% 72.4% ± 0.2% 72.6% ± 1.8% 55.6% ± 0.4%
LPW 89.0% ± 0.8% 76.0% ± 0.2% 77.4% ± 0.8% 57.6% ± 0.2%

SEMAG (Ours) 91.5% ± 1.8% 76.2% ± 0.8% 79.9% ± 0.6% 64.4% ± 0.4%
(+27.1%) (+38.0%) (+27.2%) (+41.2%)

Table 1: Pass@1 accuracy comparison of different methods using GPT-3.5 on code generation benchmarks. The
values enclosed in parentheses represent the improvement over the Direct Prompting approach. The standard
deviation (±) is calculated based on the results of three independent runs and applies to the data analysis of
subsequent experiments.

where δ0 = 0.85 is the initial threshold, λ = 0.5261

is the decay rate, t ∈ [1, Tmax] is the current iter-262

ation count within the active level, and Tmax rep-263

resents the maximum iterations before mandatory264

level transition.265

3.4 Self-Evolution Mechanism266

To enable dynamic adaptation to evolving267

LLMs, we propose an automated model se-268

lection framework employing Nselectors parallel269

agents. Each selector i performs four opera-270

tions: First, it generates task-specific keywords271

κi = KEYWORDGEN(T, context) and retrieves272

recent information Li = SEARCH(κi) by search-273

ing tools. Then, relevant links are filtered and sum-274

marized:275

L′
i = {l ∈ Li : relevance(l, T ) > θr}, (12)276

Ci =
⋃
ℓ∈L′

i

SUMMARIZE(ℓ). (13)277

Third, each selector proposes models mi with278
confidence score:279

(mi, ri, si) = SELECTOR(Ci, Perf(mi, Tsample)), (14)280

where si reflects sampled performance on task281

subset Tsample. Finally, consensus is achieved282

through weighted voting:283

m∗ = arg max
m∈M

Nselectors∑
i=1

si · I[mi = m]. (15)284

This mechanism ensures optimal model selection285

without manual intervention while maintaining286

adaptability to emerging LLMs.287

4 Experiments 288

4.1 Experimental Setup 289

Evaluation Datasets. We evaluate SEMAG on 290

seven text-to-code benchmarks across two cate- 291

gories. The foundational datasets include Hu- 292

manEval (Chen et al., 2021) and HumanEval-ET 293

(164 problems each), and MBPP (Austin et al., 294

2021) and MBPP-ET (500 problems each). The 295

ET variants (Dong et al., 2025) extend their coun- 296

terparts with additional edge test cases. For 297

MBPP/MBPP-ET, which lack sample input-output 298

pairs, we follow previous work (Zhong et al., 2024; 299

Lei et al., 2024) by randomly selecting one test 300

case from the hidden test set as a sample (excluded 301

from evaluation). The competition-level datasets 302

consist of APPS (Hendrycks et al., 2021) (139 prob- 303

lems), LiveCode (Jain et al., 2025) (140 problems), 304

and CodeContests (Li et al., 2022) (150 problems). 305

LiveCode, released after the LLM training cutoff, 306

ensures uncontaminated evaluation. 307

Baseline Methods. We compare SEMAG against 308

several baseline approaches: Direct inputs tasks 309

directly into an LLM; Self-Planning (Jiang et al., 310

2024b) decomposes tasks into subgoals; MapCoder 311

(Islam et al., 2024) employs four agents for re- 312

trieval, planning, execution, and debugging; LDB 313

(Zhong et al., 2024) utilizes control flow diagrams 314

for programme decomposition and error localiza- 315

tion; and LPW (Lei et al., 2024), the state-of-the-art 316

approach, verifies plans step-by-step and uses print 317

statements for debugging. 318

4.2 Main Results 319

Comparison with Baselines. Tables 1 and 2 320

present results using GPT-3.5 and GPT-4o as back- 321

bone models. With GPT-3.5, SEMAG achieves the 322

highest Pass@1 accuracy across all benchmarks, 323

outperforming the strongest baseline LPW by 2.5%, 324
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Model Method HumanEval MBPP HumanEval-ET MBPP-ET

GPT-4o

Direct 91.5% ± 1.8% 62.8% ± 0.4% 79.3% ± 1.2% 51.0% ± 0.2%
LDB 92.1% ± 1.2% 82.4% ± 0.8% 81.7% ± 1.8% 65.4% ± 1.0%
LPW 98.2% ± 0.6% 84.8% ± 0.6% 84.8% ± 1.2% 65.8% ± 0.8%

SEMAG (Ours) 98.8% ± 0.6% 87.6% ± 0.4% 86.6% ± 0.6% 71.8% ± 0.2%
(+8.0%) (+38.9%) (+9.2%) (+40.8%)

Model Method APPS LiveCode CodeContests Overall Avg.

GPT-4o

Direct 47.5% ± 0.3% 46.4% ± 0.8% 24.6% ± 1.3% 57.6%
LDB 53.2% ± 0.7% 54.3% ± 0.7% 29.3% ± 0.7% 65.5%
LPW 62.6% ± 0.3% 59.3% ± 1.4% 34.7% ± 0.7% 70.0%

SEMAG (Ours) 67.6% ± 0.8% 65.0% ± 0.7% 38.0% ± 1.3% 73.6%
(+42.3%) (+40.1%) (+54.5%) (+27.7%)

Table 2: Pass@1 accuracy comparison of different methods using GPT-4o (2024-05-13) across multiple benchmarks.
The values enclosed in parentheses represent the improvement over the Direct Prompting approach.

Level Benchmark

HumanEval MBPP HumanEval-ET MBPP-ET APPS LiveCode CodeContests

Level 1 148 314 130 255 66 65 37
Level 2 8 18 6 10 9 16 6
Level 3 4 48 2 46 7 4 5
Level 4 4 120 26 189 57 55 102

Table 3: Distribution of prompt difficulty levels across multiple benchmarks using GPT-4o (2024-05-13).
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Figure 3: Pass@1 accuracy on CodeContests using
GPT-4o(2024-05-13), GPT-4.1(2025-04-14), DeepSeek-
v3(2025-03-24) and Claude-3.7-Sonnet(2025-02-19).

0.2%, 2.5%, and 6.8% on HumanEval, MBPP,325

HumanEval-ET, and MBPP-ET respectively.326

Using GPT-4o, SEMAG establishes new state-327

of-the-art results across all seven benchmarks,328

achieving 98.8% accuracy on HumanEval (solving329

162/164 problems). Compared to LPW, SEMAG330

demonstrates consistent improvements of 1.8-6.0%331

on foundational benchmarks and 3.3-5.7% on332

competition-level benchmarks, with particularly333

significant gains of 40-54% over Direct prompting.334

Self-Evolution Agents in Code Task. To evaluate335

self-evolution capability, we deploy agents on the336

CodeContests benchmark to select optimal LLMs 337

autonomously. Agents analyze real-time informa- 338

tion to identify three candidate models: Claude- 339

3.7-Sonnet, GPT-4.1, and DeepSeek-v3. Figure 340

3 shows that Claude-3.7-Sonnet achieves 52.6% 341

Pass@1 accuracy, establishing a new state-of- 342

the-art and significantly outperforming GPT-4o’s 343

38.0%. GPT-4.1 and DeepSeek-v3 both achieve 344

48.7%, demonstrating that the self-evolution mech- 345

anism effectively identifies and evaluates task- 346

optimized models for continuous improvement. 347

4.3 Ablations Studies and Analyses 348

Token Efficiency Analysis. Table 3 presents the 349

distribution of prompt difficulty levels (1–4, indi- 350

cating increasing complexity) across benchmarks 351

using GPT-4o. Simpler datasets (HumanEval, 352

MBPP) predominantly use Level 1 prompts (90.2% 353

and 62.8%, respectively), while complex datasets 354

(APPS, CodeContests) require more Level 3–4 355

prompts (46.0% and 71.3%, respectively). Figure 356

4 compares token consumption between LPW and 357

SEMAG. Our hierarchical prompt strategy reduces 358

token usage while improving accuracy across all 359

datasets. On simpler tasks (HumanEval, MBPP), 360

SEMAG achieves 19.3% and 15.5% token reduc- 361

tion compared to LPW, respectively. For com- 362

plex tasks (APPS, CodeContests), where Level 4 363
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Plan Refine Discussion and Pass@1
Verification Suggestion Decision accuracy

× × × 71.9% (-21.4%)
✓ × × 77.4% (-15.4%)
× ✓ × 80.5% (-12.0%)
× × ✓ 81.7% (-10.7%)
× ✓ ✓ 83.5% (-8.7%)
✓ × ✓ 83.5% (-8.7%)
✓ ✓ × 82.9% (-9.4%)
✓ ✓ ✓ 91.5%

Table 4: Pass@1 accuracy of different component com-
binations in SEMAG, showing relative decreases from
the full implementation (91.5% baseline). Results ob-
tained using GPT-3.5 on the HumanEval benchmark.

prompts dominate, token reduction is 9.3% and364

5.1%, respectively, constrained by inherent task365

complexity. This demonstrates SEMAG’s hierar-366

chical decomposition effectively optimizes both367

performance and efficiency.368
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Figure 4: Comparison of Pass@1 accuracy and average
token count per question for LPW and SEMAG across
benchmarks, using GPT-4o as the LLM backbone. Here,
K = 103.

Impact of Different Agents. We conduct an ab-369

lation study on HumanEval using GPT-3.5 to eval-370

uate each agent’s contribution. As shown in Ta-371

ble 4, excluding any component reduces Pass@1372

accuracy. Individual agents achieve limited im-373

provements: Plan Verification alone reaches 77.4%374

(+5.5% from baseline 71.9%), Refine Suggestion375

80.5%, and Discussion and Decision 81.7%. Dual-376

agent configurations perform better (82.9%-83.5%)377

but remain 8.7%-9.4% below the full implemen-378

tation. The complete SEMAG achieves 91.5%379

Pass@1, demonstrating the synergistic importance380

of all three components.381

Impact of Tool Using. In the planning stage,382

the planning agent can choose to utilise external383

tools, such as search engines, to enhance decision- 384

making. We conduct an experiment on the Hu- 385

manEval benchmark with GPT-3.5. Table 5 shows 386

that when the planning agent uses tools, SEMAG 387

achieves a Pass@1 accuracy of 91.5%. Without 388

tools, the accuracy decreases to 87.8%. This 3.7% 389

decline emphasizes the importance of external tools 390

in planning. The results demonstrate that these 391

tools help the planning agent access more relevant 392

information, improving the quality of plans and 393

SEMAG’s overall performance. 394

With Tool Using Without Tool Using

91.5% 87.8%

Table 5: Pass@1 accuracy of SEMAG with and without
tool usage in the planning stage. Results are obtained
using GPT-3.5 on the HumanEval benchmark.

Analysis of Self-Evolution Agents. To cali- 395

brate the crawler depth of self-evolution agents, 396

we vary the number of returned pages, Nlinks ∈ 397

{10, 15, 20, 25, 30}, while fixing all other vari- 398

ables (five random seeds, identical search prompts, 399

temperature = 0.1). After summarizing the first 400

N URLs (published ≤ 30 days ago), the agents 401

ranked the evidence and proposed 3 candidate 402

LLMs for the given code task. Table 6 reports 403

(i) the probability that Claude-3.7-Sonnet appears 404

in the Top-3 list, (ii) average token consumption 405

during summarization & reasoning, and (iii) end- 406

to-end selection latency, all averaged over the five 407

seeds. 408

Nlinks Pr(%) ↑ Tokens (K) ↓ Latency (min) ↓

10 40.0 30.4 3.5
15 60.0 39.1 4.6
20 80.0 45.9 6.0
25 80.0 65.2 7.8
30 80.0 78.3 9.2

Table 6: Impact of crawl depth on the probability (%)
of discovering Claude-3.7-Sonnet in Top-3 and asso-
ciated resource costs (averaged over five runs, 30-day
window).

The results show that shallower crawls with 10– 409

15 pages often miss key benchmark posts, yielding 410

a lower than 70% probability of identifying Claude- 411

3.7-Sonnet and defaulting to weaker models, albeit 412

at lower cost. Scaling to Nlinks = 20 achieves per- 413

fect discovery (probability 80%) with modest over- 414

head (45k tokens, 6 minutes). Further increases 415

add little value but inflate costs by 30–55%. 416

7



This highlights uncertainties in search-417

dependent model selection: online information418

may be incomplete or biased due to search419

algorithms, recency effects, or uneven coverage. In420

our experiments, insufficient depth (Nlinks ≤ 15)421

omitted Claude-3.7-Sonnet in up to 60% of runs,422

risking suboptimal choices. Thus, Nlinks = 20423

balances reliability and efficiency, ensuring424

top performers are captured while minimizing425

resources.426

Parameters Details. We experiment on how differ-427

ent temperatures of LLM influence the accuracy of428

SEMAG. Figure 5 shows the variation in Pass@1429

accuracy on the HumanEval benchmark using GPT-430

3.5. The highest mean Pass@1 accuracy (91.1%)431

is achieved at T = 0.1 and T = 0.8, with T = 0.1432

exhibiting the lowest variance. To improve the433

reproducibility and consistency of our experimen-434

tal results, we maintain a constant temperature of435

T = 0.1 throughout all stages of SEMAG.
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Figure 5: Pass@1 accuracy (right y-axis) and its vari-
ance (left y-axis, scaled by ×10−4) on the HumanEval
benchmark using GPT-3.5 as the backbone, measured
over three independent runs for each temperature setting
(0.1 to 1.0).

436
To further quantify the influence of the num-437

ber of candidate generations (Mtry) and debug-438

ging iterations (Mdebug), we conduct a grid search439

over (Mtry,Mdebug) ∈ {0, 1, . . . , 6}2. Figure 6440

shows the variation in Pass@1 accuracy on the441

HumanEval benchmark using GPT-3.5. Increas-442

ing either Mtry or Mdebug consistently improves443

performance. Starting from (0, 0), where only444

71.3% accuracy is achieved, the Pass@1 accuracy445

increases steadily with higher values of both pa-446

rameters. The performance begins to plateau near447

(Mtry = 5,Mdebug = 4), where SEMAG reaches448

91.5%, representing a near-optimal balance be-449
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Figure 6: Pass@1 accuracy on the HumanEval bench-
mark with GPT-3.5 as the backbone, evaluated under dif-
ferent combinations of Mtry and Mdebug values. Each
cell represents the mean Pass@1 accuracy for a specific
parameter pair.

tween solution diversity and iterative refinement. 450

Although the highest accuracy observed (92.1%) 451

occurs at (5, 6), the gain over (5, 4) is minimal 452

and comes with increased inference costs. As a 453

result, we set Mtry = 5 and Mdebug = 4 for all 454

subsequent experiments, as these values have been 455

empirically shown to optimize SEMAG’s perfor- 456

mance. 457

5 Conclusion 458

We introduce SEMAG, a Self-Evolutionary Multi- 459

Agent framework designed for code generation. 460

By employing a division of labour with hierar- 461

chical prompting mechanisms, the coding agents 462

of SEMAG significantly enhance the performance 463

of LLMs across diverse programming tasks. The 464

self-evolutionary agents of SEMAG feature self- 465

evolving capabilities, enabling them to access the 466

latest models in real-time and automatically up- 467

grade the backbone model. The coding agents 468

of SEMAG achieve state-of-the-art Pass@1 accu- 469

racy across seven benchmarks, including 98.8% 470

on HumanEval, 87.6% on MBPP, and 38.0% on 471

CodeContests, while substantially reducing com- 472

putational resource overhead and token consump- 473

tion. With controlled backbone, SEMAG improves 474

3.3% over LPW on CodeContests. With self- 475

evolutionary model selection, it further reaches 476

52.6%, demonstrating the benefit of adaptive back- 477

bone switching. Future work will explore finer- 478

grained decomposition, cross-modal collaboration, 479

and efficient model selection strategies. 480
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6 Limitations481

Among the limitations of our work, firstly, SEMAG482

involves inference-time hyperparameters (Mtry and483

Mdebug) that affect the trade-off between accuracy484

and cost; however, our experiments in Section485

4.3 identify a stable configuration that general-486

izes across benchmarks, and adaptive tuning strate-487

gies are left for future work. Secondly, the hier-488

archical multi-agent design invests more compu-489

tation on challenging problems through iterative490

refinement, which may increase latency in time-491

sensitive scenarios; our adaptive level transition492

mechanism partially addresses this by reducing493

token consumption by 15–20% on simpler tasks494

compared to fixed-depth baselines. Thirdly, the495

self-evolutionary model selection component re-496

lies on real-time information retrieval to identify497

optimal backbones; we note that this module is498

optional—the core framework operates indepen-499

dently with any fixed model as shown in Table 1500

and Table 2. Offline model recommendation could501

be explored in future work. Finally, as with any502

system executing machine-generated code, running503

outputs inside a sandbox environment is advisable504

to mitigate potential security risks.505
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A Analysis of Solving Different Levels693

A.1 APPS694

APPS is a well-established dataset for evaluating695

algorithmic problem-solving capabilities, categoris-696

ing programming problems into three distinct dif-697

ficulty levels: Introductory, Interview, and Com-698

petition. These levels range from basic coding699

exercises to advanced competitive programming700

challenges, providing a structured framework to701

assess the performance of LLM-based methods702

across varying complexities.703
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Figure 7: Pass@1 accuracy on the APPS benchmark
across different difficulty levels, Introductory, Interview,
and Competition, of Direct, LDB, LPW and SEMAG,
when using GPT-4o as the LLM backbone.

Figure 7 compares accuracy on the APPS bench-704

mark across different levels of problems. SEMAG705

demonstrates superior performance in Introductory706

and Interview levels, achieving 89.4% and 80.4%707

respectively, which represents a significant margin708

over existing approaches. Specifically, SEMAG709

surpasses the next-best LPW approach by 2.2%710

in the Introductory level and establishes a notable711

15.2% advantage in the Interview level. However,712

in competitive environments, SEMAG (32.6%)713

shows slightly reduced effectiveness compared to714

LPW’s 34.8%, suggesting potential areas for op-715

timization in Competition level. The hierarchical716

prompting strategy affects model performance, re-717

sulting in success in visible tests but failure in718

hidden tests. The baseline Direct exhibits funda-719

mental limitations, particularly in competition con-720

texts (13%), while LDB demonstrates moderate im-721

provements in Interview (52.2%) and Competition722

(28.3%) levels compared to Direct. These results723

collectively highlight SEMAG’s exceptional capa-724

bility in the initial engagement and interpersonal725

evaluation phases. 726

A.2 LiveCode 727

LiveCode benchmark focuses on real-time coding 728

scenarios reflective of practical software develop- 729

ment tasks. Its problems are classified into Easy, 730

Medium, and Hard levels, capturing varying de- 731

grees of complexity encountered in applied set- 732

tings. 733
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Figure 8: Pass@1 accuracy on the LiveCode benchmark
across different difficulty levels, Easy, Medium, and
Hard, of Direct, LDB, LPW and SEMAG, when using
GPT-4o as the LLM backbone.

Figure 8 compares accuracy on the LiveCode 734

benchmark across different levels of problems. In 735

the Easy level, both SEMAG and LPW achieve the 736

highest accuracy of 86.7%, which is 6.7% higher 737

than the Direct prompting approach (80.0%). This 738

indicates that both methods possess effective rep- 739

resentation capabilities in low-complexity scenar- 740

ios. In the Medium level, SEMAG demonstrates 741

a significant advantage, achieving an accuracy of 742

60.0%, which surpasses the second-best method, 743

LPW (47.3%), by 12.7%. In the most challenging 744

Hard level, SEMAG continues to lead with an ac- 745

curacy of 47.5%, outperforming LPW (40.0%) and 746

LDB (35.0%). This validates the strong robustness 747

of SEMAG in extremely complex problems. 748
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B Prompt of SEMAG749

Here, we list the prompts of SEMAG in detail as follows.750

Plan Agent Prompt

Persona:

Your primary role is to decompose complex programming tasks into modular components and provide guidance on how to structure them

for reusability and maintainability.

Problem:

{problem}

Instructions:

• Break down the coding task into modules and recommend a clear and concise structure for each module.

• Advise on data structures, algorithms, and modularization techniques.

• Guide the Coder Agent step-by-step to implement code.
• You have access to the following tools: {tool_des}.

Output Format:

• Action: The action you take, must be one of [{tool_names}]. (Learn tool usage first, e.g., the parameters of the tool).

• Action input: The input to the action.,

• Final plan: Your concise, structured final plan for the task.

Remember:

Strictly follow the JSON Output Format and give only the plan to solve the problem. Avoid extra explanation or words. Tools are optional. If

using tools, specify ‘Action’ and ‘Action input’, then await output before providing the ‘Final plan’. If not using tools, leave ‘Action’ and

‘Action input’ empty.

Figure 9: The prompt of Planning Agent.

Plan Verify Agent Prompt

Persona:

Your primary role is to verify the solution plan for the given programming task. You must perform a step-by-step analysis of the provided

solution plan, record intermediate variable values, and compare the derived results with the expected test outcomes.

Problem:

{problem}

Plan:

{plan}

Instructions:

• Review the provided solution plan for the given Python problem.

• For each test case, begin by recording all necessary intermediate variables.

• As you process the plan, update any intermediate variable values.

• After executing the verification steps for a test case, compare the derived result with the expected test output.

• If the derived result matches the expected output, output the plan as the ‘Final plan’ and mark it as correct.

• If the derived result does not match, provide a revised solution plan as the ‘Final plan’.

Output Format:

• Verification: A detailed, step-by-step verification process.

• Correctness: The given solution plan is correct or not (True/False).

• Final plan: The final plan you provide for the task.

Remember:

Strictly follow the JSON Output Format and include only the verification process and final plan. Do not include any extra explanations or

words.

Figure 10: The prompt of Plan verifying Agent.
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Code Agent Prompt

Persona:

Your primary role is to generate python3 code to solve the given coding problem based on the given plan and the problem description.

Problem:

{problem}

Plan:

{plan}

Plan verification:

{plan_verification}

Instructions:

• Use the entry point {entry_point} of the problem, do not add main function.

Output Format:

• Code: The code you generate.

Remember:

Start with “‘Code and end with “‘. Write all the code into a single .py file. Avoid extra explanation, words or ””” in your output.

Figure 11: The prompt of Coding Agent.

Add Trace Agent Prompt

Persona:

Your primary role is to add print statements to the given code to solve the problem.

Code:

{code}

Plan verification:

{plan_verification}

Instructions:

• Incorporate debug print statements to trace intermediate variable changes as described in the plan verifications.

Output Format:

• Code: The program with PRINT statements added to trace variable changes.

Remember:

Start with “‘Code and end with “‘. Write all the code into a single .py file. Avoid extra explanation, words or ””” in your output.

Figure 12: The prompt of Adding Trace Agent.

Code Explain Agent Prompt

Persona:

Your primary role is to explain each line of a given Python program, describing the effect of each line.

Problem:

{problem}

Code:

{code}

Instructions:

• You will receive a new problem description and a generated Python program intended to solve the problem.

• Generate a detailed explanation for each line of the provided Python program.

Output Format:

• Code explanation: A detailed explanation for each line of the Python program. Each line’s explanation should describe its effect on the

program’s behaviour.

Remember:

Strictly follow the JSON Output Format. Provide only the explanation for the Python program as specified, without extra explanation or

additional words.

Figure 13: The prompt of Code Explaining Agent.

13



Refinement Suggest Agent Prompt

Persona:

Your primary role is to verify error execution traces, comparing the provided ‘Error Execution Trace’ with the ‘Correct Plan Verification’ for

a Python problem and identify any discrepancies.

Problem:

{problem}

Code with Error:

{code}

Correct Plan Verification:

{plan_verification}

Error Execution Trace:

{test_log}

Instructions:

• The ‘Error Execution Trace’ is the output of the ‘Code with Error’ when it fails to meet the expected output.

• Compare the ‘Error Execution Trace’ with the ‘Correct Plan Verification’ and output the differences and your analysis of the errors.

• Provide a summary of the errors, including reasons for the discrepancies and suggestions for corrections.

Output Format:

• Analysis: Your output including a detailed discrepancy analysis.

• Refine suggestion: Your analysis of the errors and suggestions on how to correct them.

Remember:

Strictly follow the JSON Output Format. Provide only the explanation for the Python program as specified, without extra explanation or

additional words.

Figure 14: The prompt of Suggesting Agent.

Debug Agent Prompt

Persona:

Your primary role is to correct an erroneous Python program based on the provided error analysis and related explanations.

Problem:

{problem}

Code with Error:

{code}

Code Explanation:

{code_explanation}

Refine Suggestion:

{refine_suggestion}

Instructions:

• You will be presented with a new problem description, the code with error, its explanation, and analysis of the errors and suggestions on

how to correct them.

• Generate the refined Python program based on the ‘Refine Suggestion’.

• Output your refined code with only the Python code, and provide a refinement explanation that details the modifications made.

Output Format:

• Refined Explanation: A detailed explanation describing the modifications made to the code.

• Code: The refined code that according to the error analysis.

Remember:

Start with “‘Code and end with “‘. Write all code into a single .py file. Avoid extra explanation, words or ””” in your output.

Figure 15: The prompt of Debugging Agent.
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Algorithm Suggest Agent Prompt

Persona:

Your primary role is to analyze code failures on sample tests and suggest an improved algorithm, method, or parameters.

Instructions:

• Target problem: {problem}.

• The given code is not working as expected {test_log}.

• Provide a new algorithm, method, or parameters to address the problem.
• The existing code is: {code}.

Output Format:

• Algorithm: The proposed algorithm or method.

• Parameters: The suggested parameters.

• Reason: Explanation for choosing this algorithm, method, or parameters.

Remember:

Strictly follow the JSON Output Format. Avoid additional explanations or text outside the format.

Figure 16: The prompt of Discussing Agent.

Algorithm Decide Agent Prompt

Persona:

Your primary role is to decide which algorithm and parameters to use on the problem based on the discussion.

Instructions:

• Evaluate the performance of the algorithm and parameters for the problem {problem} and decide whether to adopt them.

• The given code is not working as expected {test_log}.

• The discussion is: {discussion}.

Output Format:

• Algorithm: The selected algorithm or method.

• Parameters: The chosen parameters.

Remember:

Strictly follow the JSON Output Format. Avoid additional explanations or text outside the format.

Figure 17: The prompt of Discriminating Agent.

Code Refinement Agent Prompt

Instructions:

• Refine the existing code to match the expected output using the algorithm/method: {algorithm} and parameters:{parameters}

provided by the discriminator for improved performance.
• Target problem: {problem}.

• The plan is: {plan}.

• Using the entry point {entry_point} of the problem, do not add main function.

• Handle edge cases such as invalid inputs, empty values, or boundary conditions.

Remember:

Start with “‘Code and end with “‘. Write all code into a single .py file. Avoid extra explanation, words or ””” in your output.

Figure 18: The prompt of Code Refining Agent.
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C Prompt of Self-Evolution Agent751

Here, we list the prompt of the Self-Evolution agent as follows.752

LLM Select Agent Prompt

Persona:

Your primary role is to search and decide on the best large language models for the given task.

Date:

{date}.

Task:

{task}.

Instructions:

• You need to select 3 best large language models for the task: {task}.

• You have access to the following tools: {tool_des}.

Output Format:

• Action: The action you take, must be one of [{tool_names}].(Remember to learn how to use the tool first, e.g., the parameters of the

tool.)

• Action input: The input to the action.

• Model name: The names of the large language models you select.

• Reason: The reason for selecting the model.

Remember:

Strictly follow the JSON Output Format. Avoid additional explanations or text outside the format. You must take action first, waiting

for the output. After receiving the output, you should make a decision on which model is best suited for the task.

Figure 19: The prompt of LLM Selecting Agent.

Link Select Agent Prompt

Persona:

Your primary role is to select 10 links most relevant to the given question.

Question:

{question}.

Links with relevant information:

{links}.

Instructions:

• You need to select the links most relevant to the question based on the information provided.

Output Format:

• Links: The selected links.

Remember:

Strictly follow the JSON Output Format. Avoid additional explanations or text outside the format.

Figure 20: The prompt of Link Selecting Agent.
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Content Summary Agent Prompt

Persona:

Your primary role is to summarize the content of the given article.

Article:

{content}.

Instructions:

• You need to summarize the content of the article.

• The summary should be short and informative..

Output Format:

• Summary: The summary of the article.

Remember:

Strictly follow the JSON Output Format. Avoid additional explanations or text outside the format.

Figure 21: The prompt of Content Summarizing Agent.

LLM Decide Agent Prompt

Persona:

Your primary role is to decide which large language model is best suited for the given task.

Task:

{task}.

Instructions:

• You need to decide which large language model is best suited for the task: {task}.

• The discussion is: {discussion}.

Output Format:

• Model name: The name of the large language model you select.

• Reason: The reason for selecting the model.

Remember:

Strictly follow the JSON Output Format. Avoid additional explanations or text outside the format.

Figure 22: The prompt of LLM Deciding Agent.

Model Match Agent Prompt

Persona:

Your primary role is to match the given model name with the given model list.

Model name:

{model_name}.

Model list:

{model_list}.

Instructions:

• You need to find the correct model name from the given list based on the given model name.

• You must use the newest model version (add date of release or ‘-latest’) of the model if available in the model list.

Output Format:

• Model name: The name of the large language model you select.

Remember:

Strictly follow the JSON Output Format. Avoid additional explanations or text outside the format.

Figure 23: The prompt of Model Matching Agent.
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D Example Problem753

Here, we show how SEMAG works on an example problem(51st problem) from the HumanEval bench-754

mark. The detailed prompts and responses are given as follows.755

==================================User==================================
"Persona": "Your primary role is to decompose complex programming tasks into modular components and
provide guidance on how to structure them for reusability and maintainability.",
"Problem": "

def encode_shift(s: str):
"""
returns encoded string by shifting every character by 5 in the alphabet.
"""
return "".join([chr(((ord(ch) + 5 - ord("a")) % 26) + ord("a")) for ch in s])

def decode_shift(s: str):
"""
takes as input string encoded with encode_shift function. Returns decoded string.
"""

",
"Instructinos": [
"Break down the coding task into modules and recommend a clear and concise structure for each module.",
"Advise on data structures, algorithms, and modularization techniques.",
"Guide the Coder Agent step-by-step to implement code.",
"You have access to the following tools: google_search: Use this tool to interact with the google API. Purpose:

Use this tool to perform a Google search. The input must be a valid JSON object.
Required Input Format (JSON):
{
{"search_query": "coffee"}

}"
],
"OutputFormat": [
"Action": "The action you take, must be one of [google_search](learn tool usage first, e.g., the parameters of

the tool).",
"Action input": "The input to the action.",
"Final plan": "Your concise, structured final plan for the task."

],
"Remember": "Strictly follow the json OutputFormat and give only the plan to solve the problem. Avoid extra
explanation or words. Tools are optional. If using tools, specify Action and Action input, then await output
before providing the Final plan. If not using tools, leave Action and Action input empty."
================================Assistant=================================
{
"Action": "google_search",
"Action input": {
"search_query": "how to decode a Caesar cipher"

}
===============================Search tool=================================
Take the value of 26 minus the shift value, and apply that new value to shift the encoded message back to its
original form.
================================Assistant=================================
{
"Final plan":
"1. Create a function decode_shift(s: str) that takes an encoded string as input.
2. Iterate through each character in the input string.
3. For each character, calculate the new shift value by subtracting 5 from 26.
4. Apply the new shift value to decode the character back to its original form.
5. Return the decoded string."

}

Figure 24: An example of Planning Agent.
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==================================User==================================
"Persona": "Your primary role is to verify the solution plan for the given programming task. You must perform a
step-by-step analysis of the provided solution plan, record intermediate variable values, and compare the
derived results with the expected test outcomes.",
"Problem": "

def encode_shift(s: str):
"""
returns encoded string by shifting every character by 5 in the alphabet.
"""
return "".join([chr(((ord(ch) + 5 - ord("a")) % 26) + ord("a")) for ch in s])

def decode_shift(s: str):
"""
takes as input string encoded with encode_shift function. Returns decoded string.
"""

",
"Plan": "1. Create a function decode_shift(s: str) that takes an encoded string as input.
2. Iterate through each character in the input string.
3. For each character, calculate the new shift value by subtracting 5 from 26.
4. Apply the new shift value to decode the character back to its original form.
5. Return the decoded string.",
"Instructions": [
"Review the provided solution plan for the given Python problem.",
"For each test case, begin by recording all necessary intermediate variables.",
"As you process the plan, update any intermediate variable values.",
"After executing the verification steps for a test case, compare the derived result with the expected test

output.",
"If the derived result matches the expected output, output the plan as the Final plan and mark it as correct.",
"If the derived result does not match, provide a revised solution plan as the Final plan."

],
"OutputFormat": [
"Verification": "A detailed, step-by-step verification process.",
"Correctness": "The given solution plan is correct or not (True/False)."
"Final plan": "The final plan you provide for the task."

],
"Remember": "Strictly follow the JSON OutputFormat and include only the verification process and final plan.
Do not include any extra explanations or words."
================================Assistant=================================
{
"Verification":
"Test Case 1: s = 'fghij'"
"Intermediate variables: None"
"1. Iterating through each character in 'fghij': "
" - For 'f': ((ord('f') + 5 - ord('a')) % 26) + ord('a') = ((102 + 5 - 97) % 26) + 97 = 106 -> 'j'"
" - For 'g': ((ord('g') + 5 - ord('a')) % 26) + ord('a') = ((103 + 5 - 97) % 26) + 97 = 107 -> 'k'"
" - For 'h': ((ord('h') + 5 - ord('a')) % 26) + ord('a') = ((104 + 5 - 97) % 26) + 97 = 108 -> 'l'"
" - For 'i': ((ord('i') + 5 - ord('a')) % 26) + ord('a') = ((105 + 5 - 97) % 26) + 97 = 109 -> 'm'"
" - For 'j': ((ord('j') + 5 - ord('a')) % 26) + ord('a') = ((106 + 5 - 97) % 26) + 97 = 110 -> 'n'"
"2. Decoded string: 'jklmn'"
"Expected output: 'fghij'"
"Derived result matches the expected output."
"Final plan: Given solution plan is correct.",

"Correctness": true,
}

Figure 25: An example of Plan Verifying Agent.
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==================================User==================================
"Persona": "Your primary role is to generate python3 code to solve given coding problem based on the given
plan and the problem description.",
"Problem": "

def encode_shift(s: str):
"""
returns encoded string by shifting every character by 5 in the alphabet.
"""
return "".join([chr(((ord(ch) + 5 - ord("a")) % 26) + ord("a")) for ch in s])

def decode_shift(s: str):
"""
takes as input string encoded with encode_shift function. Returns decoded string.
"""

",
"Plan": "1. Create a function decode_shift(s: str) that takes an encoded string as input.
2. Iterate through each character in the input string.
3. For each character, calculate the new shift value by subtracting 5 from 26.
4. Apply the new shift value to decode the character back to its original form.
5. Return the decoded string.",
"Plan verification": "Test Case 1: s = 'fghij'"

"Intermediate variables: None"
"1. Iterating through each character in 'fghij': "
" - For 'f': ((ord('f') + 5 - ord('a')) % 26) + ord('a') = ((102 + 5 - 97) % 26) + 97 = 106 -> 'j'"
" - For 'g': ((ord('g') + 5 - ord('a')) % 26) + ord('a') = ((103 + 5 - 97) % 26) + 97 = 107 -> 'k'"
" - For 'h': ((ord('h') + 5 - ord('a')) % 26) + ord('a') = ((104 + 5 - 97) % 26) + 97 = 108 -> 'l'"
" - For 'i': ((ord('i') + 5 - ord('a')) % 26) + ord('a') = ((105 + 5 - 97) % 26) + 97 = 109 -> 'm'"
" - For 'j': ((ord('j') + 5 - ord('a')) % 26) + ord('a') = ((106 + 5 - 97) % 26) + 97 = 110 -> 'n'"
"2. Decoded string: 'jklmn'"
"Expected output: 'fghij’”,

"Instructions": [
"Use the entry point decode_shift of the problem, do not add main function."

],
"OutputFormat": [
"Code": "The code you generate."

],
"Remember": "Start with "```Code" and end with "```". Write all code into a single .py file. Avoid extra explanation,
words or """ in your output. "

================================Assistant=================================
```Code
def decode_shift(s: str):
return "".join([chr(((ord(ch) - 5 - ord("a")) % 26) + ord("a")) for ch in s])

```

Figure 26: An example of Coding Agent.
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==================================User==================================
"Persona": "Your primary role is to add print statements to the given code to solve the problem.",
"Code": "
def decode_shift(s: str):
return "".join([chr(((ord(ch) - 5 - ord("a")) % 26) + ord("a")) for ch in s])

",
"Plan verification": "Test Case 1: s = 'fghij'"

"Intermediate variables: None"
"1. Iterating through each character in 'fghij': "
" - For 'f': ((ord('f') + 5 - ord('a')) % 26) + ord('a') = ((102 + 5 - 97) % 26) + 97 = 106 -> 'j'"
" - For 'g': ((ord('g') + 5 - ord('a')) % 26) + ord('a') = ((103 + 5 - 97) % 26) + 97 = 107 -> 'k'"
" - For 'h': ((ord('h') + 5 - ord('a')) % 26) + ord('a') = ((104 + 5 - 97) % 26) + 97 = 108 -> 'l'"
" - For 'i': ((ord('i') + 5 - ord('a')) % 26) + ord('a') = ((105 + 5 - 97) % 26) + 97 = 109 -> 'm'"
" - For 'j': ((ord('j') + 5 - ord('a')) % 26) + ord('a') = ((106 + 5 - 97) % 26) + 97 = 110 -> 'n'"
"2. Decoded string: 'jklmn'"
"Expected output: 'fghij’”,

"Instructions": [
"Incorporate debug print statements to trace intermediate variable changes as described in the plan

verifications."
],
"OutputFormat": [
"Code": "The program with PRINT statements added to trace variable changes."

],
"Remember": "Start with "```Code" and end with "```". Write all code into a single .py file. Avoid extra explanation,
words or """ in your output."
================================Assistant=================================
```Code
def decode_shift(s: str):
for ch in s:
print(f"Character: {ch}")
print(f"ord(ch): {ord(ch)}")
print(f"ord('a'): {ord('a')}")
print(f"((ord(ch) - 5 - ord('a')) % 26): {((ord(ch) - 5 - ord('a')) % 26)}")
print(f"chr(((ord(ch) - 5 - ord('a')) % 26) + ord('a')): {chr(((ord(ch) - 5 - ord('a')) % 26) + ord('a'))}")

return "".join([chr(((ord(ch) - 5 - ord("a")) % 26) + ord("a")) for ch in s])
```

Figure 27: An example of Embedding Trace Statement Agent.
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==================================User==================================
"Persona": "Your primary role is to provide an explanation for each line of a given Python program, describing
the effect of each line.",
"Problem": "

def encode_shift(s: str):
"""
returns encoded string by shifting every character by 5 in the alphabet.
"""
return "".join([chr(((ord(ch) + 5 - ord("a")) % 26) + ord("a")) for ch in s])

def decode_shift(s: str):
"""
takes as input string encoded with encode_shift function. Returns decoded string.
"""

",
"Code": "
def decode_shift(s: str):
return "".join([chr(((ord(ch) - 5 - ord("a")) % 26) + ord("a")) for ch in s])

",
"Instructions": [
"You will receive a new problem description and a generated Python program intended to solve the

problem.",
"Generate a detailed explanation for each line of the provided Python program.",

],
"OutputFormat": [
"Code explanation": "A detailed explanation for each line of the Python program. Each line's explanation

should describe its effect on the program's behavior."
],
"Remember": "Strictly follow the JSON OutputFormat. Provide only the explanation for the Python program as
specified, without extra explanation or additional words."
================================Assistant=================================
{
"Code explanation": {
"1": "Define a function named decode_shift that takes a string s as input.",
"2": "Return a string created by joining the characters generated by a list comprehension.",
"3": "For each character ch in the input string s, calculate the new character by shifting it back by 5 in the

alphabet.",
"4": "Convert the shifted character back to its ASCII value using ord() function.",
"5": "Subtract 5 from the ASCII value of the character and subtract the ASCII value of 'a' to normalize the

range.",
"6": "Take the modulo 26 of the result to handle wrapping around the alphabet.",
"7": "Add the ASCII value of 'a' to the result to get the final ASCII value of the decoded character.",
"8": "Convert the final ASCII value back to a character using chr() function.",
"9": "Return the decoded character and continue the process for each character in the input string."

}
}

Figure 28: An example of Code Explaining Agent.
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======================================User======================================
"Persona": "Your primary role is to verify error execution traces, comparing the provided 'Error Execution Trace' with the
'Correct Plan Verification' for a Python problem and identify any discrepancies.",
"Problem": "
def encode_shift(s: str):
"""
returns encoded string by shifting every character by 5 in the alphabet.
"""
return "".join([chr(((ord(ch) + 5 - ord("a")) % 26) + ord("a")) for ch in s])

def decode_shift(s: str):
"""
takes as input string encoded with encode_shift function. Returns decoded string.
"""

",
"Code with Error": "
def decode_shift(s: str):
for ch in s:
print(f"Character: {ch}")
print(f"ord(ch): {ord(ch)}")
print(f"ord('a'): {ord('a')}")
print(f"((ord(ch) - 5 - ord('a')) % 26): {((ord(ch) - 5 - ord('a')) % 26)}")
print(f"chr(((ord(ch) - 5 - ord('a')) % 26) + ord('a')): {chr(((ord(ch) - 5 - ord('a')) % 26) + ord('a'))}")

return "".join([chr(((ord(ch) - 5 - ord("a")) % 26) + ord("a")) for ch in s])
",
"Correct Plan Verification": "Test Case 1: s = 'fghij'"

"Intermediate variables: None"
"1. Iterating through each character in 'fghij': "
" - For 'f': ((ord('f') + 5 - ord('a')) % 26) + ord('a') = ((102 + 5 - 97) % 26) + 97 = 106 -> 'j'"
" - For 'g': ((ord('g') + 5 - ord('a')) % 26) + ord('a') = ((103 + 5 - 97) % 26) + 97 = 107 -> 'k'"
" - For 'h': ((ord('h') + 5 - ord('a')) % 26) + ord('a') = ((104 + 5 - 97) % 26) + 97 = 108 -> 'l'"
" - For 'i': ((ord('i') + 5 - ord('a')) % 26) + ord('a') = ((105 + 5 - 97) % 26) + 97 = 109 -> 'm'"
" - For 'j': ((ord('j') + 5 - ord('a')) % 26) + ord('a') = ((106 + 5 - 97) % 26) + 97 = 110 -> 'n'"
"2. Decoded string: 'jklmn'"
"Expected output: 'fghij’”,

"Error Execution Trace": "Error in test case: assert decode_shift(encode_shift('abc')) == 'abc'.
Status output:
Error in test case: assert decode_shift(encode_shift('abcabc')) == 'abcabc'.
Status output:
",
"Instructions": [
"The 'Error Execution Trace' is the output of the 'Code with Error' when it fails to meet the expected output."
"Compare the 'Error Execution Trace' with the 'Correct Plan Verification' and output the differences and your analysis of

the errors.",
"Provide a summary of the errors, including reasons for the discrepancies and suggestions for corrections."

],
"OutputFormat": [
"Analysis": "Your output including a detailed discrepancy analysis."
"Refine suggestion": "Your analysis of the errors and suggestions how to correct them."

],
"Remember": "Strictly follow the JSON OutputFormat. Provide only the analysis as specified, without any extra explanations
or words."
====================================Assistant====================================
{
"Analysis": "The error in the code lies in the calculation of the decoded character. The formula used to decode the

character is incorrect, leading to discrepancies in the output. The code subtracts 5 from the character value and then takes
the modulo 26, which is not the correct approach for decoding. This results in incorrect decoded characters and hence the
mismatch in the output.",
"Refine suggestion": "To correct the error, the decoding formula should be adjusted to correctly reverse the encoding

process. Instead of subtracting 5 and taking modulo 26, the code should add 21 (since 5 is the shift value and 26 - 5 = 21)
and then take modulo 26 to get the correct decoded character. By making this adjustment, the decoding process will be
accurate and match the expected output."
}

Figure 29: An example of Suggesting Agent.
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==================================User==================================
"Persona": "Your primary role is to correct an erroneous Python program based on the provided error analysis
and related explanations."
"Problem": "

def encode_shift(s: str):
"""
returns encoded string by shifting every character by 5 in the alphabet.
"""
return "".join([chr(((ord(ch) + 5 - ord("a")) % 26) + ord("a")) for ch in s])

def decode_shift(s: str):
"""
takes as input string encoded with encode_shift function. Returns decoded string.
"""

",
"Code with Error": "
def decode_shift(s: str):
return "".join([chr(((ord(ch) - 5 - ord("a")) % 26) + ord("a")) for ch in s])

",
"Code Explanation": "{'1': 'Define a function named decode_shift that takes a string s as input.', '2': 'Return a
string created by joining the characters generated by a list comprehension.', '3': 'For each character ch in the
input string s, calculate the new character by shifting it back by 5 in the alphabet.', '4': 'Convert the shifted
character back to its ASCII value using ord() function.', '5': "Subtract 5 from the ASCII value of the character and
subtract the ASCII value of 'a' to normalize the range.", '6': 'Take the modulo 26 of the result to handle
wrapping around the alphabet.', '7': "Add the ASCII value of 'a' to the result to get the final ASCII value of the
decoded character.", '8': 'Convert the final ASCII value back to a character using chr() function.', '9': 'Return the
decoded character and continue the process for each character in the input string.'}",
"Refine Suggestion": "To correct the error, the decoding formula should be adjusted to correctly reverse the
encoding process. Instead of subtracting 5 and taking modulo 26, the code should add 21 (since 5 is the shift
value and 26 - 5 = 21) and then take modulo 26 to get the correct decoded character. By making this
adjustment, the decoding process will be accurate and match the expected output."
"Instructions": [
"You will be presented with a new problem description, the code with error, its explanation, and analysis of

the errors and suggestions how to correct them.",
"Generate the refined Python program based on the 'Refine Suggestion'.",
"Output your refined code with only the Python code, and provide a refinement explanation that details the

modifications made."
],
"OutputFormat": [
"Refined Explanation": "A detailed explanation describing the modifications made to the code.",
"Code": "The refined code that according to the error analysis."

],
"Remember": "Start with "```Code" and end with "```". Write all code into a single .py file. Avoid extra explanation,
words or """ in your output."
================================Assistant=================================
```Code
def decode_shift(s: str):
return "".join([chr(((ord(ch) + 21 - ord("a")) % 26) + ord("a")) for ch in s])

```
Refined Explanation:
To correct the error in the decoding function, I adjusted the formula to correctly reverse the encoding process.
Instead of subtracting 5 and taking modulo 26, I added 21 (since 5 is the shift value and 26 - 5 = 21) and then
took modulo 26 to get the correct decoded character. This adjustment ensures that the decoding process
accurately matches the expected output.

Figure 30: An example of Debugging Agent.
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==================================User==================================
"Persona": "Your primary role is to analyze code failures on sample tests and suggest an improved algorithm,
method, or parameters."
"Instructions": [
"Target problem:

def encode_shift(s: str):
"""
returns encoded string by shifting every character by 5 in the alphabet.
"""
return "".join([chr(((ord(ch) + 5 - ord("a")) % 26) + ord("a")) for ch in s])

def decode_shift(s: str):
"""
takes as input string encoded with encode_shift function. Returns decoded string.
"""

."
"The given code is not working as expected Error in test case: assert decode_shift(encode_shift('abc')) ==

'abc'.
Status output:
Error in test case: assert decode_shift(encode_shift('abcabc')) == 'abcabc'.
Status output:
."
"Provide a new algorithm, method, or parameters to address the problem.",
"The existing code is:

def decode_shift(s: str):
for ch in s:
print(f"Character: {ch}")
print(f"ord(ch): {ord(ch)}")
print(f"ord('a'): {ord('a')}")
print(f"((ord(ch) - 5 - ord('a')) % 26): {((ord(ch) - 5 - ord('a')) % 26)}")
print(f"chr(((ord(ch) - 5 - ord('a')) % 26) + ord('a')): {chr(((ord(ch) - 5 - ord('a')) % 26) + ord('a'))}")

return "".join([chr(((ord(ch) - 5 - ord("a")) % 26) + ord("a")) for ch in s])
."],
"OutputFormat": [
"Algorithm": "The proposed algorithm or method.",
"Parameters": "The suggested parameters.",
"Reason": "Explanation for choosing this algorithm, method, or parameters."

],
"Remember": "Strictly follow the JSON OutputFormat. Avoid additional explanations or text outside the format."
================================Assistant=================================
{

"Algorithm": "To decode the shifted string, we need to reverse the encoding process. We can achieve this
by subtracting 5 from the ASCII value of each character and wrapping around if the result is less than the ASCII
value of 'a'.",

"Parameters": "None",
"Reason": "This algorithm directly reverses the encoding process by undoing the shift of 5 positions in the

alphabet. It ensures that the decoded string matches the original input."
}

Figure 31: An example of Debating Agent.

================================Assistant=================================
{

"Algorithm": "To decode the shifted string, we can modify the existing code by adding 5 to the ASCII value
of each character and wrapping around if the result exceeds the ASCII value of 'z'.",

"Parameters": "None",
"Reason": "This algorithm directly reverses the encoding process by undoing the shift of 5 positions in the

alphabet. It ensures that the decoded string matches the original input."
}
================================Assistant=================================
{

"Algorithm": "To decode the shifted string, we can modify the existing code by subtracting 5 from the
ASCII value of each character and wrapping around if the result is less than the ASCII value of 'a'.",

"Parameters": "None",
"Reason": "This algorithm directly reverses the encoding process by undoing the shift of 5 positions in the

alphabet. It ensures that the decoded string matches the original input."
}

Figure 32: An example of Debating Agent, following Figure 31.
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==================================User==================================
"Persona": "Your primary role is to decide which algorithm and parameters to use on the problem based on the
discussion."
"Instructions": [
"Evaluate the performance of the algorithm and parameters for the problem

def encode_shift(s: str):
"""
returns encoded string by shifting every character by 5 in the alphabet.
"""
return "".join([chr(((ord(ch) + 5 - ord("a")) % 26) + ord("a")) for ch in s])

def decode_shift(s: str):
"""
takes as input string encoded with encode_shift function. Returns decoded string.
"""
and decide whether to adopt them."
"The given code is not working as expected Error in test case: assert decode_shift(encode_shift('abc')) ==

'abc'.
Status output:
Error in test case: assert decode_shift(encode_shift('abcabc')) == 'abcabc'.
Status output:
.",
"The discussion is: {
"Algorithm": "To decode the shifted string, we need to reverse the encoding process. We can achieve this

by subtracting 5 from the ASCII value of each character and wrapping around if the result is less than the ASCII
value of 'a'.",

"Parameters": "None",
"Reason": "This algorithm directly reverses the encoding process by undoing the shift of 5 positions in the

alphabet. It ensures that the decoded string matches the original input."
},
{

"Algorithm": "To decode the shifted string, we can modify the existing code by adding 5 to the ASCII value
of each character and wrapping around if the result exceeds the ASCII value of 'z'.",

"Parameters": "None",
"Reason": "This algorithm directly reverses the encoding process by undoing the shift of 5 positions in the

alphabet. It ensures that the decoded string matches the original input."
},
{

"Algorithm": "To decode the shifted string, we can modify the existing code by subtracting 5 from the
ASCII value of each character and wrapping around if the result is less than the ASCII value of 'a'.",

"Parameters": "None",
"Reason": "This algorithm directly reverses the encoding process by undoing the shift of 5 positions in the

alphabet. It ensures that the decoded string matches the original input."
}

}."
],
"OutputFormat": [
"Algorithm": "The selected algorithm or method."
"Parameters": "The chosen parameters."

],
"Remember": "Strictly follow the JSON OutputFormat. Avoid additional explanations or text outside the format."
================================Assistant=================================
{

"Algorithm": "To decode the shifted string, we need to reverse the encoding process. We can achieve this
by subtracting 5 from the ASCII value of each character and wrapping around if the result is less than the ASCII
value of 'a'.",

"Parameters": "None"
}

Figure 33: An example of Discriminating Agent.
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==================================User==================================
"Instructions": [
"Refine the existing code to match the expected output using the algorithm/method: "To decode the shifted

string, we need to reverse the encoding process. We can achieve this by subtracting 5 from the ASCII value of
each character and wrapping around if the result is less than the ASCII value of 'a'.",

and parameters: "None"
} provided by the discriminator for improved performance.",
"Target problem:

def encode_shift(s: str):
"""
returns encoded string by shifting every character by 5 in the alphabet.
"""
return "".join([chr(((ord(ch) + 5 - ord("a")) % 26) + ord("a")) for ch in s])

def decode_shift(s: str):
"""
takes as input string encoded with encode_shift function. Returns decoded string.
"""

.",
"The plan is: The provided solution plan for the encode_shift function is correct..",
"Using the entry point decode_shift of the problem, do not add main function."
"Handle edge cases such as invalid inputs, empty values, or boundary conditions."

],
"Remember": "Start with "```Code" and end with "```". Write all code into a single .py file. Avoid extra explanation,
words or """ in your output."
================================Assistant=================================
```python
def encode_shift(s: str):
return "".join([chr(((ord(ch) + 5 - ord("a")) % 26) + ord("a")) for ch in s])

def decode_shift(s: str):
return "".join([chr(((ord(ch) - 5 - ord("a")) % 26) + ord("a")) for ch in s])

```

Figure 34: An example of Coding Agent (Refine stage).
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