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Abstract001

Beyond training-time optimization, scaling002
test-time computation has emerged as a key003
paradigm to extend the reasoning capabilities004
of Large Language Models (LLMs). However,005
most existing methods adopt a rigid Planning-006
before-Trial (PbT) policy, which inefficiently007
allocates test-time compute by incurring plan-008
ning overhead even on directly solvable prob-009
lems. We propose Planning-after-Trial (PaT),010
an adaptive policy for code generation that in-011
vokes a planner only upon verification failure.012
This adaptive policy naturally enables a hetero-013
geneous model configuration: a cost-efficient014
model handles generation attempts, while a015
powerful model is reserved for targeted plan-016
ning interventions. Empirically, across multiple017
benchmarks and model families, our approach018
significantly advances the cost-performance019
Pareto frontier. Notably, our heterogeneous020
configuration achieves performance compara-021
ble to a large homogeneous model while reduc-022
ing inference cost by approximately 69%.023

1 Introduction024

Large Language Models (LLMs) have achieved025

remarkable success in code generation, driven by026

massive model and data scaling (Chen et al., 2021;027

Li et al., 2022; OpenAI, 2023). Beyond scal-028

ing, conventional approaches focused on training-029

time strategies, such as Supervised Fine-Tuning030

(SFT) (Roziere et al., 2023; Luo et al., 2023) and031

Reinforcement Learning from Human Feedback032

(RLHF) (Ouyang et al., 2022). Complementing033

these efforts, recent research scales test-time com-034

putation to handle complex algorithmic logic (Wei035

et al., 2022; Yao et al., 2023; Snell et al., 2025). In036

particular, advancements have been made to simu-037

late human-like coding behavior by decomposing038

complex problems into manageable sub-problems039

(Chen et al., 2024a; Le et al., 2024) rather than040

generating the solution directly.041
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Figure 1: Cost (↓) - Pass@1 (↑) trade-off across di-
verse sizes. We plot the average Pass@1 across foun-
dational benchmarks (HumanEval (Chen et al., 2021),
MBPP (Austin et al., 2021) and their EvalPlus (Liu et al.,
2023) variants) against the relative inference cost. PaT
consistently advances the Pareto frontier across model
sizes (Qwen34B,8B,14B and 32B). Detailed results are pro-
vided in Section 4.1.1 and Table 1.

However, existing test-time scaling code genera- 042

tion methods often incur prohibitive inference cost. 043

This is primarily due to their heavy reliance on 044

explicit planning modules (Chen et al., 2024a; Le 045

et al., 2024) or iterative repair and debugging loops 046

(Shinn et al., 2023; Zhong et al., 2024), which con- 047

sume significant computational resources. As illus- 048

trated in Figure 1, previous state-of-the-art methods 049

such as FunCoder (Chen et al., 2024a) consume 050

excessive test-time resources, often making a small 051

model (Qwen34B) with this method more expen- 052

sive than a much larger model (Qwen332B) with 053

standard inference, even with inferior performance. 054

This indicates that previous methods underperform 055

standard scaling in their cost-performance ratio. 056

This inefficiency stems from ignoring the in- 057

trinsic difficulty distribution of the workload. As 058

shown in Figure 1, a small model (Qwen34B) al- 059

ready achieves 76% Pass@1 using standard infer- 060

ence, suggesting that a substantial fraction of tasks 061

can be solved without complex interventions. Only 062
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Figure 2: Comparison with existing methods and PaT (Ours). Problems are grouped by difficulty (easy, mid, and
hard). Boxes denote the key components: a Generator (creates code), a Planner (decomposes the problem), and an
Executor (verifies the solution). (a) Standard directly generate and execute; works on easy problems but often fails
on harder ones. (b) FunCoder (PbT) always plans first, so planning cost is paid even when unnecessary. (c) PaT
(Ours) trials first and plans only on failure; solves easy problems cheaply and hard problems adaptively.

a minority of hard instances truly require expen-063

sive planning. Nonetheless, many prior approaches064

follow a rigid “Planning-before-Trial” (PbT) pol-065

icy, wasting resources by indiscriminately applying066

expensive planning to these tractable problems.067

To address this, we introduce “Planning-after-068

Trial” (PaT), an adaptive method that inverts PbT.069

Unlike PbT, which enforces planning for every070

problem, PaT initiates with standard inference and071

leverages execution feedback to verify this solu-072

tion. As illustrated in Figure 2, expensive decom-073

position is triggered only when the initial attempt074

fails. By strictly limiting planning to problems075

that demonstrably require it, PaT concentrates com-076

putational resources precisely on hard instances077

while keeping simple ones cheap. Consequently,078

PaT significantly lowers the average inference cost079

while improving performance, thereby advancing080

the cost-performance Pareto frontier as shown in081

Figure 1.082

The efficiency of PaT is further amplified within083

a heterogeneous model configuration. This enables084

a strategic division of labor, where a cost-efficient085

model is assigned to the high-volume “generator”086

role and a powerful one to the infrequent “plan-087

ner” role. This alignment reflects the intuition088

that planning requiring more complex reasoning089

(e.g., problem decomposition) is better handled by090

stronger models, while the resulting decomposed091

sub-tasks can often be implemented proficiently by092

smaller models.093

We empirically validate our claims across di-094

verse model families and a comprehensive suite of095

benchmarks. Our results first establish that PaT 096

consistently outperforms the state-of-the-art PbT 097

baseline, FunCoder (Chen et al., 2024a), achiev- 098

ing higher performance across all model scales 099

while using, on average, only 60% of the infer- 100

ence cost. Furthermore, we show that the hetero- 101

geneous model configuration further enhances this 102

efficiency. For instance, a small generator model 103

guided by a powerful planner achieves compet- 104

itive performance, with a <1% gap to a larger 105

model in the homogeneous setting, while incurring 106

only 31% of the cost. These findings confirm that 107

PaT’s adaptive policy establishes a new, superior 108

cost-performance frontier. Collectively, our work 109

demonstrates that scaling test-time compute need 110

not be uniform, proving that unnecessary overhead 111

can be effectively eliminated while maintaining or 112

even enhancing performance. 113

Our contributions are summarized as follows: 114

• We propose Planning-after-Trial (PaT), an 115

adaptive policy that invokes planning only 116

upon verification failure to avoid unnecessary 117

overhead. 118

• We pair PaT with a heterogeneous model con- 119

figuration, combining small models for genera- 120

tion and large models for planning to maximize 121

efficiency. 122

• We provide a comprehensive evaluation across 123

model families and benchmarks, showing that 124

our approach consistently advances the cost- 125

performance Pareto frontier. 126

2



2 Related work127

Code Generation with LLMs. To advance code128

generation, research has prioritized enhancing in-129

trinsic capabilities via post-training (Dubey et al.,130

2024; Zhu et al., 2024) and self-improvement131

frameworks like rStar-Coder (Liu et al., 2025),132

SPIN (Chen et al., 2024b), and SCoRE (Kumar133

et al., 2024). In parallel, significant attention has134

shifted toward scaling test-time reasoning and com-135

putation given models. Key approaches utilize136

few-shot prompting (Brown et al., 2020) and diver-137

sity sampling (Chen et al., 2021), often refined by138

test-driven verification (Chen et al., 2022a; Shinn139

et al., 2023), iterative refinement (Wang et al., 2024;140

Zhang et al., 2024; Zhong et al., 2024; Zhu et al.,141

2025), or retrieval from external bases (Li et al.,142

2022; Zhang et al., 2023). To tackle higher com-143

plexity, recent systems have further incorporated144

hierarchical decomposition (Chen et al., 2024a; Le145

et al., 2024) and natural language planning (Wang146

et al., 2025a). While these approaches improve147

robustness, they often apply sophisticated interven-148

tions uniformly across problems, incurring unnec-149

essary overhead for simple cases. PaT addresses150

this inefficiency by optimizing test-time computa-151

tion, reserving complex interventions strictly for152

verified failures using execution feedback as a pre-153

cise trigger.154

Decomposition and Structured Reasoning. To155

tackle complex problems beyond the reach of di-156

rect generation, divide-and-conquer strategies have157

evolved from implicit reasoning steps in Chain-of-158

Thought (Wei et al., 2022) and Tree-of-Thoughts159

(Yao et al., 2023) to explicit planning paradigms.160

This evolution spans diverse domains, ranging161

from sequential solving in Least-to-Most prompt-162

ing (Zhou et al., 2023) and mathematical reasoning163

with Program of Thoughts (Chen et al., 2022b),164

to using a society of models for complex tasks165

(Juneja et al., 2024). In the code domain, structured166

pipelines like Self-Plan (Jiang et al., 2024b) and167

FunCoder (Chen et al., 2024a) explicitly decom-168

pose problems before implementation. However,169

these approaches predominantly adhere to a rigid170

Planning-before-Trial (PbT) policy, where plan-171

ning is invoked unconditionally prior to execution.172

While recent work attempts to mitigate this ineffi-173

ciency by learning an adaptive policy for invoking174

planning (Paglieri et al., 2025), such approaches175

introduce additional training complexity and aux-176

iliary models. In contrast, PaT offers a simpler,177

learning-free alternative: it utilizes the definitive 178

execution signal as a reactive trigger, avoiding both 179

the universal cost of PbT and the overhead of train- 180

ing separate policy models. 181

3 PaT: Planning after Trial 182

Problem Formulation. We model a code gen- 183

eration instance as a specification x (e.g., natural 184

language description) and seek a program F that 185

satisfies x. Let MG denote a generator model and 186

MP a planner model. For any specification x, the 187

generator MG produces a direct candidate imple- 188

mentation, denoted f̂ . The planner MP , when in- 189

voked, produces a decomposition plan consisting 190

of a new top-level implementation, f̂ , and a set 191

of subproblem specifications {xi}. The final pro- 192

gramF is constructed by COMPOSE that merges an 193

implementation f̂ with a set of verified helper func- 194

tions H . For verification, we construct a test set 195

T (x) = {(inj , outj)}tj=1 and execute programs in 196

a sandboxed Python runtime. We evaluate F with 197

EVALUATE
(
F , T (x)

)
=

t∑
j=1

1
[
F(inj)=outj

]
, (1) 198

i.e., the number of tests passed. 199

3.1 Adaptive Planning via Failure Feedback 200

PaT executes a simple yet effective failure- 201

triggered policy. Given the problem specification 202

x, the generator MG first attempts a Best-of-N 203

trial by sampling multiple candidate solutions. We 204

verify these candidates on a test set T (x). If any 205

candidate passes all tests, the pipeline terminates 206

and returns that solution immediately without in- 207

curring any decomposition overhead. However, if 208

all candidates fail, this consistent failure serves as a 209

strong signal that the problem complexity exceeds 210

the generator’s direct reasoning capability, rather 211

than being a simple implementation error. Only in 212

this case, PaT invokes the planner MP to decom- 213

pose x into subproblems {xi}, which are solved 214

recursively using the same trial-first policy. 215

When all subproblems have verified solutions, 216

i.e., EVALUATE(f̂i, T (xi)) = |T (xi)| for all i, 217

PaT composes them into a parent-level candidate 218

and re-verifies against T (x). If this composite so- 219

lution passes, the process terminates successfully. 220

Otherwise, the planner is invoked again on the orig- 221

inal problem specification x. For this subsequent 222

planning attempt, the planner is provided with the 223
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Algorithm 1 PLANNING AFTER TRIAL (PAT)
1: Input: Problem x, Set of Helper Functions H ,
2: Generator MG, Planner MP

3: Output: Generated Program F
4: PaT:
5: f̂ ←MG(x;H) ▷ Best-of-N trial
6: T (x)← GENERATETESTS(x)
7: p← EVALUATE(COMPOSE(f̂ , H), T (x))
8: if p = |T (x)| then
9: F ← COMPOSE(f̂ , H)

10: return F ▷ Trial success
11: end if
12: while True do ▷ Until success or plateau
13: f̂prev, pprev ← f̂ , p

14: f̂ , {xi} ←MP (x;H) ▷ Planner invoked
15: for each xi not implemented in H do
16: f̂i ← PAT(xi, H,MG,MP )
17: H ← H ∪ {f̂i}
18: end for
19: p← EVALUATE(COMPOSE(f̂ , H), T (x))
20: if p = |T (x)| then ▷ Final success
21: return COMPOSE(f̂ , H)
22: end if
23: if p ≤ pprev then ▷ Plateau condition
24: return COMPOSE(f̂prev, H)
25: end if
26: end while

original problem and the set of previously success-224

ful subsolutions {f̂i} as additional context. This225

allows the planner to make a more informed decom-226

position decision while reusing already successful227

components, further enhancing cost-efficiency.228

3.2 Test Cases and Verification229

Relying solely on provided public test cases is of-230

ten insufficient. Benchmarks typically provide only231

basic scenarios that lack critical edge cases (Chen232

et al., 2021), or in some cases like MBPP, provide233

none at all (Austin et al., 2021). To ensure robust234

operation in such environments, we explicitly gen-235

erate test cases T (x), producing an average of 6.7236

test cases per problem.237

However, prior works note that generated test238

cases can be noisy or incorrect (Chen et al., 2022a;239

Wang et al., 2025b; Prasad et al., 2025). To mitigate240

this, most previous works adopt consensus-based241

scoring to identify the most robust output (Chen242

et al., 2022a, 2024a). This approach evaluates a243

pool of candidate outputs against generated test244

inputs, selecting the one that achieves the broadest245
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Figure 3: Distribution of incorrect test cases (false
positives) per problem on HumanEval. The percent-
age of problems where the generated test cases contain
0, 1, 2, or 3+ incorrect test cases, given an average of
6.7 generated test cases per problem.

consensus. However, such consensus-based scor- 246

ing is ill-suited for our framework, as its objective 247

of selecting the most likely correct outputs con- 248

trasts with PaT’s need for a definitive binary signal 249

(success or failure) to trigger its adaptive escalation 250

to planning. 251

We therefore separate the success criterion from 252

the termination rule. The success criterion is strict: 253

a candidate is accepted only if it passes all test cases 254

in T (x). This reliance on a strict signal is feasible 255

because, as shown in Figure 3, generated test cases 256

are completely error-free for the majority of prob- 257

lems (e.g., 63.4% on HumanEval with Qwen34B). 258

Furthermore, even in noisy instances, errors are 259

typically limited to 1-2 false positives, with severe 260

noise (3+ errors) concentrated in a small minor- 261

ity. To handle these residual noisy test cases and 262

prevent unproductive recursion, we track the pass 263

count p(t) = EVALUATE(f̂ , T (x)) at iteration t 264

and apply a plateau rule: if p(t) ≤ p(t−1) then halt 265

and return the best-known solution. We find this 266

heuristic to be practically effective, as it prevents 267

the model from overfitting to potential false posi- 268

tives by terminating the search when performance 269

saturates. 270

3.3 Heterogeneous Model Configuration 271

To further enhance efficiency, we adopt a hetero- 272

geneous model configuration that assigns distinct 273

models to the two key roles inherent in PaT: the gen- 274

erator and the planner. These roles place different 275

demands on model capability. The generator’s task, 276

which is to produce a solution for a well-scoped 277

and often manageable subproblem, can be effec- 278

tively handled by a cost-efficient small language 279

model (sLM). In contrast, the planner’s task, which 280
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is to understand the nuances of a complex specifica-281

tion and propose a helpful decomposition, benefits282

from the advanced reasoning of a high-performance283

large language model (LLM). Building on this ob-284

servation, we instantiate PaT with an sLM as the285

generator and an LLM as the planner.286

However, achieving efficiency requires more287

than simply “using a smaller model as the genera-288

tor.” While decomposition is less expensive than289

full generation, it still incurs a planning token cost.290

We must therefore navigate a critical trade-off: an291

overly weak sLM triggers frequent failures, necessi-292

tating repeated interventions by the planner, which293

raises the total cost. Conversely, an overly strong294

sLM reduces the need for planning but increases295

the baseline cost of every trial, eroding the benefits296

of heterogeneity. Therefore, maximizing efficiency297

requires empirically tuning the generator selection298

to strike a balance between minimizing baseline299

costs and avoiding excessive planning overhead.300

To provide a rigorous foundation for these observa-301

tions, we provide a formal analysis of this trade-off302

in Appendix A.303

4 Experiments304

In this section, we evaluate PaT in terms of both305

performance and cost efficiency. We conduct ex-306

periments on two settings: a homogeneous setting307

(Section 4.1), and a heterogeneous setting (Sec-308

tion 4.2). Below we describe the experimental309

setup used in our evaluation, including benchmarks,310

LLMs, evaluation metrics, and baselines.311

Benchmarks. We evaluate on established code312

generation benchmarks. HumanEval (Chen et al.,313

2021) and MBPP (Austin et al., 2021) measure314

foundational code generation. For both, we use315

EvalPlus (Liu et al., 2023) to obtain expanded316

and more robust unit tests (i.e., HumanEval+ and317

MBPP+). For challenging tasks, we use xCodeE-318

val (Khan et al., 2023) benchmark, partitioning319

instances into four categories (Easy, Mid, Hard,320

and Expert) following FunCoder’s rating scheme.321

LLMs. We primarily adopt the Qwen3 family322

(4B, 8B, 14B, and 32B) (Yang et al., 2025) as our323

main testbed, since it provides fine-grained scaling324

steps within a single model family. To evaluate325

the cross-family generalization of our method, we326

additionally conduct experiments on Llama-3.1-8B-327

Instruct (Dubey et al., 2024) and DeepSeek-Coder-328

V2-Lite-Instruct (≈16B) (Zhu et al., 2024). For the329

cost analysis, we calculate inference costs based on 330

public market pricing as detailed in Appendix E. 331

Evaluation Metric. We report two primary met- 332

rics: Pass@1 and LLM cost. Pass@1 is our pri- 333

mary performance metric, reflecting the ability to 334

generate a correct solution on the first attempt, 335

which aligns with real-world efficiency goals. LLM 336

cost for each experiment is computed directly from 337

the per-token prices in Table 5. 338

Baselines. To validate the effectiveness of PaT, 339

we compare it against the following state-of-the-art 340

algorithms for scaling test-time computation: 341

• Standard (Brown et al., 2020) uses few-shot 342

prompting, giving several in-context examples 343

to the model and asking it to generate a solu- 344

tion; we follow the original prompting protocol 345

to measure baseline quality without post-hoc 346

filtering or decomposition. 347

• Best-of-N (Chen et al., 2021) generates multi- 348

ple candidates (N=5) and selects the best one; 349

we include it to distinguish the gains of our 350

adaptive planning from those achievable sim- 351

ply by scaling inference compute. 352

• CodeT (Chen et al., 2022a) performs 353

consensus-based selection by executing solu- 354

tions against automatically generated test cases; 355

it serves as a representative benchmark for the 356

efficacy of test-driven verification methods. 357

• FunCoder (Chen et al., 2024a) implements 358

a static divide-and-conquer pipeline with a 359

fixed hierarchy, solves subproblems, and as- 360

sembles the final solution; we compare against 361

it to highlight the efficiency gains of our adap- 362

tive, failure-driven policy over rigid Planning- 363

before-Trial strategies. 364

For the sake of reproducibility and clarity, a de- 365

tailed account of our implementation is included in 366

Appendix C–G. 367

4.1 Homogeneous Setting 368

In this section, we compare results from run- 369

ning PaT using a homogeneous language model 370

against baselines. Evaluations are performed on 371

the foundational benchmarks (HumanEval and 372

MBPP; Sec. 4.1.1) and the challenging benchmark 373

(xCodeEval; Sec. 4.1.2). 374

5



Model Method HumanEval MBPP Avg. ∆ Avg. Cost
base plus base plus

Qwen34B

Standard 78.66 70.12 79.43 76.00 76.05 - 1.00
Best-of-N 79.27 71.95 80.00 76.57 76.95 + 0.90 3.39
CodeT 78.66 70.73 80.00 77.14 76.63 + 0.58 18.82
FunCoder 85.98 79.88 81.14 77.71 81.18 + 5.13 8.31
PaT (Ours) 89.63 82.32 82.29 78.29 83.13 + 7.08 4.85

Qwen38B

Standard 78.66 71.34 81.14 79.43 77.64 - 1.00
Best-of-N 80.49 72.56 80.57 77.71 77.83 + 0.19 3.50
CodeT 80.49 73.78 84.57 81.14 80.00 + 2.36 11.37
FunCoder 89.02 81.10 83.43 81.71 83.82 + 6.18 9.43
PaT (Ours) 90.85 82.32 85.14 84.00 85.58 + 7.94 5.00

Qwen314B

Standard 83.54 76.83 80.57 78.29 79.81 - 1.00
Best-of-N 82.93 77.44 82.86 81.14 81.09 + 1.28 3.58
CodeT 83.54 76.22 85.71 81.71 81.80 + 1.99 8.22
FunCoder 89.63 81.71 85.14 82.86 84.84 + 5.03 8.82
PaT (Ours) 91.46 83.54 85.71 84.00 86.18 + 6.37 4.91

Qwen332B

Standard 87.20 80.49 83.43 82.29 83.35 - 1.00
Best-of-N 90.24 82.93 85.14 84.00 85.58 + 2.23 3.46
CodeT 89.02 80.49 86.86 85.71 85.52 + 2.17 7.56
FunCoder 93.29 84.76 86.86 85.71 87.66 + 4.31 8.93
PaT (Ours) 93.90 84.15 88.57 86.86 88.37 + 5.02 5.09

Llama3.18B

Standard 68.29 59.15 66.86 66.29 65.15 - 1.00
Best-of-N 70.12 62.20 72.57 69.14 68.51 + 3.36 2.60
CodeT 71.95 61.59 72.00 71.43 69.24 + 4.09 4.86
FunCoder 75.00 67.68 72.00 71.43 71.53 + 6.38 8.07
PaT (Ours) 78.05 68.90 74.29 72.00 73.31 + 8.16 5.32

DeepSeek-Coder

Standard 83.54 75.61 80.57 78.86 79.65 - 1.00
Best-of-N 81.10 75.00 81.71 81.14 79.74 + 0.09 3.05
CodeT 81.10 72.56 84.57 82.86 80.27 + 0.62 6.40
FunCoder 85.98 79.27 85.14 84.00 83.60 + 3.95 8.77
PaT (Ours) 86.59 79.88 85.14 85.14 84.19 + 4.54 5.97

Table 1: Performance and cost comparison on foundational benchmarks. We report Pass@1 across four
benchmarks (HumanEval, HumanEval+, MBPP, and MBPP+) and their average (‘Avg.’). Cost is normalized relative
to the Standard baseline (1.00). Best results are in bold.

4.1.1 Foundational Benchmarks375

We evaluate PaT and baselines on the foundational376

benchmarks (HumanEval and MBPP) and their377

EvalPlus variants. As shown in Table 1, PaT con-378

sistently outperforms all baselines across all tested379

model families and scales. The effectiveness of380

this policy is best illustrated by its ability to dra-381

matically improve the capability of smaller mod-382

els. For instance, PaT enables Qwen34B to achieve383

an average Pass@1 of 83.13%, which is remark-384

ably similar to the 83.35% achieved by Standard385

on Qwen332B, a model eight times larger. This386

demonstrates that PaT is not merely an incremental387

improvement but a powerful policy that fundamen-388

tally alters the performance curve of a given model.389

Beyond its superior performance, PaT also390

shows critical advantages in cost-efficiency. As de-391

tailed in Table 1, PaT consistently achieves higher392

performance than FunCoder, the previous state-of-393

the-art hierarchical method, while consuming, on394

average 60% of its cost. This efficiency gain can be 395

explained by examining Standard performance. On 396

these foundational benchmarks, Standard solves, 397

on average, 76% of problems directly, demonstrat- 398

ing that a large majority of tasks do not require 399

decomposition. FunCoder’s rigid PbT policy is 400

forced to pay a cost of planning on all of these 401

problems, incurring its expensive planning over- 402

head even when it is not needed. In contrast, PaT 403

only invokes its planner on the much smaller frac- 404

tion of problems (24%) that actually fail the initial, 405

cheaper trial. By avoiding this universal planning 406

overhead, PaT establishes a new and more effective 407

cost-performance frontier for code generation. 408

4.1.2 Challenging Benchmark 409

On the challenging xCodeEval benchmark, PaT 410

again achieves higher performance than all base- 411

lines across all model variants. However, we ob- 412

serve an interesting cost dynamic: for smaller mod- 413

els like Qwen34B and Llama3.18B, PaT incurs a 414
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Model Method Easy Mid Hard Expert All ∆ All Cost

Qwen34B

Standard 37.70 17.86 3.45 0.00 18.40 - 1.00
Best-of-N 51.91 29.46 8.05 0.00 27.00 + 8.60 4.06
CodeT 40.44 20.54 3.45 0.00 20.00 + 1.60 21.64
FunCoder 55.19 29.46 12.64 0.00 29.00 + 10.60 12.95
PaT (Ours) 61.75 40.18 14.94 0.00 34.20 + 16.20 17.93

Qwen38B

Standard 54.10 28.57 5.75 0.00 27.20 - 1.00
Best-of-N 66.67 42.86 6.90 0.00 35.20 + 8.00 3.34
CodeT 45.92 31.25 8.05 0.00 25.20 - 2.00 17.00
FunCoder 64.48 43.75 9.20 0.00 35.00 + 7.80 8.62
PaT (Ours) 69.95 45.54 11.49 0.00 37.80 + 10.60 6.98

Qwen314B

Standard 53.55 36.61 9.20 0.00 25.20 - 1.00
Best-of-N 68.31 50.00 13.79 0.00 38.60 + 13.40 3.16
CodeT 55.19 41.07 9.20 0.00 31.00 + 5.80 7.48
FunCoder 73.22 52.68 18.39 0.00 41.80 + 16.60 9.03
PaT (Ours) 73.77 53.57 21.84 0.85 43.00 + 17.80 6.49

Qwen332B

Standard 54.64 39.29 11.49 0.00 30.80 - 1.00
Best-of-N 71.04 50.00 14.94 0.00 39.80 + 9.00 3.28
CodeT 57.92 39.29 12.64 0.00 32.20 + 1.40 7.55
FunCoder 74.86 54.46 16.09 0.00 42.40 + 11.60 7.87
PaT (Ours) 74.32 54.46 18.39 1.69 43.00 + 12.20 6.00

Llama3.18B

Standard 13.11 3.57 1.15 0.00 5.80 - 1.00
Best-of-N 22.40 8.04 1.15 0.00 10.20 + 4.40 1.39
CodeT 13.11 3.57 1.15 0.00 5.80 + 0.00 2.59
FunCoder 26.78 7.14 2.30 0.00 11.80 + 6.00 5.46
PaT (Ours) 32.79 11.61 2.30 0.00 15.00 + 14.20 8.42

DeepSeek-Coder

Standard 43.17 19.64 9.20 0.85 22.00 - 1.00
Best-of-N 59.56 26.79 10.34 0.85 29.80 + 7.80 2.57
CodeT 46.99 22.32 9.20 0.00 23.80 + 1.80 5.46
FunCoder 62.30 31.25 12.64 1.69 32.40 + 10.40 8.69
PaT (Ours) 63.39 33.93 13.79 1.69 33.60 + 11.60 7.69

Table 2: Performance breakdown on xCodeEval by difficulty. We report Pass@1 scores for each difficulty
category (Easy, Mid, Hard, and Expert) and the overall score.
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Figure 4: Adaptive decomposition probability and cost analysis for Qwen34B on xCodeEval. (a) Decomposition
rate of FunCoder and PaT by problem difficulty. Per-difficulty cost distribution (solid line) and average cost (vertical
dashed line) on (b) FunCoder and (c) PaT.

higher cost than FunCoder. This is not a sign of415

inefficiency but a direct consequence of PaT’s adap-416

tive strategy. Less capable models fail more fre-417

quently on xCodeEval’s difficult problems, and418

PaT correctly interprets these failures as signals419

to invest in decomposition. This strategic escala-420

tion, while costly, is precisely what allows these421

smaller models to overcome challenges where rigid422

policies like FunCoder’s fall short.423

For a deeper analysis, we examine the behavior424

of Qwen34B in Figure 4, which reveals a funda-425

mental limitation of pre-emptive planning. While426

both PaT and FunCoder increase decomposition 427

for harder problems, PaT exhibits a much more 428

dynamic response compared to FunCoder’s more 429

restrained increase. Remarkably, despite this ag- 430

gressive decomposition, the cost difference remains 431

marginal because FunCoder incurs a planning over- 432

head on 100% of problems, whereas PaT invokes 433

the planner exclusively on failed instances. This 434

reinforces a key insight: planning is a high-cost 435

resource that must be allocated reactively, relying 436

on the signal of failure to distinguish necessary 437

investment from wasteful overhead. 438
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...
- If a single function is too hard to solve,

you can decompose it into multiple
smaller functions.

...

(a) Decomposition prompt for FunCoder

...
- The previous attempt to direct implement

the target function is failed, indicating
its overall logic might be too complex
to implement directly.

- Therefore, you must decompose it into
multiple smaller, manageable helper
functions.

...

(b) Planning prompt for PaT

Figure 5: Comparison of planning prompts. Excerpts
from planning prompts for (a) FunCoder and (b) PaT.

This behavioral divergence stems from the dis-439

tinct prompt strategies shown in Figure 5. While440

FunCoder relies on the model’s subjective assess-441

ment of complexity, PaT leverages a grounded feed-442

back signal derived from trial failure to issue an443

imperative command. This explicit directive proves444

far more effective at triggering necessary decompo-445

sition than a conditional instruction, ensuring the446

model does not underestimate the task’s difficulty.447

4.2 Heterogeneous Setting448

Our discussion in Section 3.3 established the poten-449

tial for enhanced cost-efficiency in a heterogeneous450

model configuration. To empirically validate this,451

we conduct experiments on the foundational bench-452

marks, pairing a powerful planner (Qwen332B) with453

a series of smaller generator models. The results,454

presented in Table 3, provide strong support for455

our analysis. Pairing a Qwen38B generator with456

a Qwen332B planner achieves competitive perfor-457

mance (an average Pass@1 of 87.39%), with a <1%458

gap to the homogeneous Qwen332B, while reducing459

the relative cost to just 0.31.460

The superior cost-benefit trade-off of the het-461

erogeneous approach is visualized in Figure 6. In462

this graph, the slope of the curve represents the463

performance return on additional cost. The het-464

erogeneous model configurations exhibit a signifi-465

cantly steeper slope, demonstrating that upgrading466

only the planner is a highly capital-efficient strat-467

egy, yielding substantial performance gains for a468

marginal increase in cost. This confirms our cen-469

tral hypothesis: because PaT invokes the planner470

infrequently, reserving a powerful model for this471

critical but rare task is the most cost-effective way472

to enhance the overall system’s capability.473

Generator Planner Avg. Cost

Qwen332B Qwen332B 88.37 1.00

Qwen314B
Qwen314B 86.18 0.47
Qwen332B 87.53 0.49

Qwen38B
Qwen38B 85.58 0.25
Qwen332B 87.39 0.31

Qwen34B
Qwen34B 83.13 0.14
Qwen332B 84.78 0.18

Table 3: Performance (Pass@1) and relative cost re-
sults for homogeneous and heterogeneous PaT configu-
rations. The cost is normalized relative to the homoge-
neous Qwen332B model, which is set to 1.00.

0.2 0.6 1
82

86

90

(4B, 4B)

(8B, 8B)
(14B, 14B)

(32B, 32B)

(4B, 32B)

(8B, 32B) (14B, 32B)
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@
1

(%
)
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Figure 6: Trade-off curve for heterogeneous configu-
rations. Corresponding to Table 3, this plot visualizes
the Pass@1 performance vs. relative cost. Labels de-
note (Generator, Planner) sizes. Employing a powerful
Qwen332B planner (dashed line) yields a significant per-
formance gain for a marginal increase in cost compared
to Homogeneous configurations (solid line).

5 Conclusion 474

In this work, we introduced Planning-after-Trial 475

(PaT), an adaptive policy that addresses the critical 476

challenge of high inference costs in LLM-based 477

code generation. By inverting the conventional 478

Planning-before-Trial (PbT) policy, PaT avoids un- 479

necessary planning overhead on simple problems 480

and strategically allocates computational resources 481

only when a direct attempt fails. We demonstrated 482

that this adaptive nature is uniquely synergistic 483

with a heterogeneous configuration, allowing for 484

the decoupling of planning and generation costs. 485

Comprehensive experiments confirmed that PaT 486

outperforms existing state-of-the-art baselines in 487

homogeneous settings across diverse models and 488

benchmarks. Furthermore, we validated that our 489

heterogeneous model configuration establishes a 490

superior cost-performance frontier compared to ho- 491

mogeneous setups. By enabling principled test- 492

time computation scaling, PaT provides a practical 493

and effective framework for building more scalable 494

and cost-efficient code generation systems. 495
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Limitations496

Relying on self-generated test cases inherently in-497

troduces noise and potential inefficiency arising498

from unnecessary planning for correctly solved499

problems. While integrating emerging high-fidelity500

generation methods (Wang et al., 2025b; Prasad501

et al., 2025) offers synergistic potential, achiev-502

ing a perfectly noise-free oracle remains unlikely;503

thus, robust mechanisms like our plateau heuristic504

remain essential for practical deployment. Regard-505

ing computational resources, our heterogeneous506

configuration entails a higher static memory foot-507

print. However, this design aligns with efficient508

architectures like Mixture-of-Experts (MoE) (Jiang509

et al., 2024a), prioritizing the significant reduction510

of average dynamic inference cost and user-facing511

latency for the majority of tasks.512

AI writing assistance513

We utilized large language models solely for the514

purpose of refining the clarity, grammar, and style515

of the manuscript under the scope of “Assistance516

purely with the language of the paper.” All scien-517

tific claims, experimental designs, and empirical518

results presented in this paper are the original work519

of the authors.520
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A Theoretical Analysis717

In this section, we provide a formal theoretical analysis supporting the cost-efficiency of the Heterogeneous718

Model Configuration in Section 3.3. We first establish the notations and cost model, then prove the719

existence of an efficient heterogeneous policy (Theorem 1). We subsequently extend our analysis to720

consider the asymptotic cost for problems of large complexity k and derive the optimal cost for the721

generator sLM under scaling laws.722

Preliminaries and Notations. We denote the problem complexity by k > 0. We consider a set of723

models M ∈ {L, s}, where L represents a large, capable model (used as the Planner) and s represents724

a smaller, cost-efficient model (used as the Generator). For each model M , let pM denote its problem-725

solving capability (the maximum complexity it can solve in a single attempt) and cM denote its unit726

inference cost. Consistent with the heterogeneous setting, we assume 0 < ps < pL and 0 < cs < cL.727

Based on these notations, we define the core assumptions that characterize our cost model.728

Assumption 1 (Generation cost). A generation call by MG on a problem of complexity k incurs729

CostGeneration =

{
k cMG

, k ≤ pMG
(success),

pMG
cMG

, k > pMG
(failed attempt).

(2)730

Assumption 2 (Planning cost). A Planner-produced n-way plan maps a problem of size k to n independent731

subproblems of size k
n and incurs a fixed per-subproblem overhead DMP

, so that732

CostPlanning = nDMP
. (3)733

To formally connect a model’s capability pM and its unit cost cM , we adopt a standard assumption734

from the literature on neural scaling laws.735

Assumption 3 (Scaling law). We assume that a model’s capability pM and its unit cost cM are related by736

a power-law scaling relation, consistent with prior work (Kaplan et al., 2020):737

pM = α cβM , α > 0, 1 ≥ β > 0. (4)738

The constraint 0 < β ≤ 1 reflects the principle of diminishing returns.739

With these definitions established, we now formally state the condition under which the heterogeneous740

policy outperforms the homogeneous one.741

Theorem 1 (Existence of an efficient sLM capability). Let k ∼ Unif(0, pL]. Under Assumptions 1, 2,742

and 3, if the total planning overhead satisfies743

nDL <
(
1
2 −

1
n2

)
pLcL, (5)744

then there exists ps ∈ (0, pL) for which PaT with a Heterogeneous Model Configuration has strictly lower745

expected cost than an LLM-only policy.746

Proof. First, for the homogeneous LLM-only policy, the cost for any problem k ≤ pL is kcL. The747

expected cost is therefore:748

E[CostHomogeneous] =
1

pL

∫ pL

0
kcL dk =

1

pL

p2LcL
2

=
pLcL
2

(6)749

Next, for the Heterogeneous policy, we consider two cases based on the capability of the small model,750

ps. If ps ≥ k, the generator s succeeds, incurring a cost of kcs. Else, i.e., ps < k, the generator s fails751

(cost pscs), the planner L is invoked (cost nDL), and then the generator s solves the n subproblems of752
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size k
n . Consider ps ≥ pL

n , we can calculate the cost in this case pscs + nDL + kcs. The expected cost is 753

the sum of the integrals over these two ranges, divided by pL: 754

E[CostHeterogeneous] =
1

pL

(∫ ps

0
kcs dk +

∫ pL

ps

pscs + nDL + kcs dk

)
(7) 755

=
1

pL

(
p2scs
2

+ pscs(pL − ps) + nDL(pL − ps) +
(p2L − p2s)cs

2

)
(8) 756

=
pLcs
2

+
pL − ps

pL
(pscs + nDL) (9) 757

To analyze a concrete scenario, let’s assume we can choose an sLM such that its capability is a fraction 758

of the LLM’s, i.e., ps =
pL
n . Using the scaling law from Assumption 3 (pM = αcβM ), we can relate the 759

costs: cs =
(ps
α

)1/β
=
( pL
nα

)1/β
= n−1/βcL. 760

Substituting these into the heterogeneous cost equation 9: 761

E[CostHeterogeneous] =
pLcs
2

+
pL − ps

pL
(pscs + nDL) (10) 762

=
pLn

−1/βcL
2

+
n− 1

n

(pL
n
n−1/βcL + nDL

)
(11) 763

=

(
1

2
+

n− 1

n2

)
n−1/βpLcL + (n− 1)DL (12) 764

For the heterogeneous policy to be strictly more efficient, the difference must be positive: 765

0 > E[CostHeterogeneous − CostHomogeneous] (13) 766

= (n− 1)DL +

(
1

2
+

n− 1

n2

)
n
− 1

β pLcL −
pLcL
2

(14) 767

Rearranging to solve for the planning overhead nD gives the condition stated in the theorem: 768

nDL <
n

n− 1

(
pLcL
2
−
(
1

2
+

n− 1

n2

)
n
− 1

β pLcL

)
=

(
n− n

1− 1
β

2(n− 1)
− n

−1− 1
β

)
pLcL. (15) 769

As a specific intuitive case, if we consider linear scaling where β = 1, the condition simplifies to: 770

nDL <

(
1

2
− 1

n2

)
pLcL (16) 771

This shows that as long as the total planning cost is less than the savings achieved by the heterogeneous 772

configuration, a more efficient sLM exists. 773

Theorem 2 (Asymptotic efficiency of the heterogeneous configuration). For any sufficiently complex 774

task k, the Heterogeneous strategy is asymptotically more cost-efficient than the Homogeneous strategy, 775

provided that the cost of decomposition satisfies the following condition: 776

DL <
cL − cs
1
ps
− 1

pL

. (17) 777

Proof. We prove the theorem by analyzing the asymptotic cost of each strategy for a large problem of 778

complexity k. Let hM = ⌈k/pM⌉ be the number of recursive division levels for a model M . The total 779

number of division operations is 1 + n+ n2 + ...+ nhM−1 = nhM−1
n−1 . For a large k, we can approximate 780

it as nhM−1
n−1 ≈ k

pM (n−1) . 781
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The total cost for a model M is the sum of three components: the cumulative cost of failures at each782

division step k
pM (n−1)pMcM , the cumulative cost of decomposition k

pM (n−1)nDL, and the final cost of783

conquering the sub-problems kcM . Summing these components gives the total asymptotic cost:784

nk

n− 1

(
cM +

DL

pM

)
. (18)785

For the heterogeneous setting to be more cost-efficient than the homogeneous one, it requires:786

nk

n− 1

(
cs +

DL

ps

)
<

nk

n− 1

(
cL +

DL

pL

)
. (19)787

The nk
n−1 term cancels. Rearranging the remaining terms to solve for DL yields the condition stated in788

the theorem:789

DL <
cL − cs
1
ps
− 1

pL

. (20)790

791

This theorem provides a theoretical basis for the efficiency of heterogeneous model configuration. It792

indicates that the heterogeneous configuration becomes more cost-efficient when the cost of decomposition793

(DL) is less than the savings generated by executing the sub-problems with a more cost-effective model794

(s). This provides a formal rationale for using the heterogeneous configuration and shows that the PaT795

policy is a structured approach to allocating computational resources.796

Theorem 3 (Optimal Generator cost under scaling laws). The cost of the optimal small model, c∗s, that797

minimizes the asymptotic cost of the heterogeneous configuration is given by the following closed-form798

solution:799

c∗s = min

{(
β ·DL

α

) 1
β+1

, cLLM

}
(21)800

Proof. The asymptotic cost of the heterogeneous configuration is proportional to the coefficient cs + DL
ps

.801

Substituting the scaling law gives cs + DL

αcβs
. To find the minimum, we take the derivative with respect to802

cs and set it to zero:803

1− βDL

α
c−β−1
s = 0. (22)804

Solving for cs yields the unconstrained optimum. The final solution is capped at cL to respect the805

problem’s practical constraints.806

This theorem provides a practical, closed-form solution for the cost of the optimal generator model807

in the asymptotic regime. The result serves as a powerful heuristic to approximately estimate the most808

cost-effective smaller model to use in real-world heterogeneous configurations.809

Empirical Validation. To validate the practical utility of Theorem 3, we applied the formula to our810

HumanEval experimental data using Qwen3 models. We modeled model capability p against normalized811

input token costs c ∈ {0.11, 0.18, 0.35, 0.70} using the scaling law p = αcβ . Fitting this to our observed812

data yielded α ≈ 1722.2 and β ≈ 0.12, with an average planning cost DL ≈ 1270.73 derived from the813

heterogeneous (4B+32B) experiments. Substituting these parameters into Theorem 3 yields a theoretical814

optimal cost c∗s ≈ 0.114. This value is remarkably close to the actual cost of the 4B model (c = 0.11).815

While our main experiments (Figure 6) suggest the 8B model offers a strong performance-cost balance,816

the 4B model is indeed the strictly cost-optimal generator as predicted. This alignment confirms that817

despite simplified assumptions, our theoretical model successfully captures the underlying cost dynamics818

and serves as a practical guideline for selecting the initial sLM size for hyperparameter search.819
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Generator Planner HumanEval MBPP Avg. ∆ Avg. cost
base plus base plus

Qwen332B Qwen332B 93.90 84.15 88.57 86.86 88.37 - 1.00

Qwen314B
Qwen314B 91.46 83.54 85.14 82.29 86.18 - 2.19 0.47
Qwen332B 93.29 85.98 86.29 84.57 87.53 - 0.84 0.49

Qwen38B
Qwen38B 90.85 82.32 85.14 84.00 85.58 - 2.79 0.25
Qwen332B 93.90 85.37 86.29 84.00 87.39 - 0.98 0.31

Qwen34B
Qwen34B 89.63 82.32 82.29 78.29 83.13 - 5.24 0.14
Qwen34B 92.07 84.76 82.29 80.00 84.78 - 3.40 0.18

Table 4: Full results on heterogeneous setting. We report the average cost relative to Qwen332B is normalized to
1.00.

B Additional Results 820

Full version of Table 3. Table 4 presents the full results for our heterogeneous setting experiments across 821

all four foundational benchmarks (HumanEval, HumanEval+, MBPP, and MBPP+). In this configuration, 822

we pair a series of smaller generator models with a powerful, fixed planner (Qwen332B). The table 823

provides the detailed Pass@1 scores and relative costs for each combination, which were aggregated and 824

visualized in Figure 6 in the main body of the paper. 825

C Implementation Details 826

Generation. The trial phase of our PaT policy incorporates a Best-of-N strategy to maximize the chance 827

of a direct success. For each problem specification, the generator model MG produces 5 candidate 828

solutions, using a temperature of 0.8 to encourage diverse outputs. Each of these 5 candidates is then 829

verified against the test set. If any of the candidates passes all test cases, the process terminates successfully, 830

and that solution is returned. Only if all 5 candidates fail the verification step does the policy escalate to 831

the planning phase. The generation is retried up to 3 times if it fails to produce a parsable output. 832

Planning. If the trial fails, the planning phase is triggered. The planner model MP is prompted to 833

decompose the problem specification x by rewriting the main function to call new unimplemented helper 834

functions. A single decomposition plan is generated with a temperature of 0.2. From the resulting Python 835

code block, we parse the new function signatures and docstrings, which become the specifications for the 836

subproblems. If the output is not a valid code block, this planning step is retried up to 3 times, and the 837

maximum recursion depth is limited to 3 to prevent overly complex solutions. Once all subproblems are 838

recursively solved, their solutions are composed into a final program and verified against the original test 839

suite for x. If this composite solution still fails, PaT initiates a re-planning loop. The planner is invoked 840

again on the original problem x, but this time it is provided with the set of previously successful helper 841

functions as additional context, enabling a more informed and cost-efficient re-planning attempt. 842

Test case generation & verification. Our verification process requires a test suite T (x) for each 843

problem x, which we construct in two stages. First, we process any example test cases provided directly 844

in the problem description. Then, to ensure a comprehensive and robust evaluation, we augment the initial 845

suite by prompting an LLM to generate additional test cases based on the problem description, a technique 846

inspired by CodeT. This test generation process is performed consistently with a temperature of 0.2 and is 847

retried up to 3 times. 848

D Benchmark Details 849

HumanEval (Chen et al., 2021) is a foundational dataset for evaluating the functional correctness 850

of generated code. It consists of 164 hand-written programming problems, each including a function 851

signature, a detailed docstring, and a set of hidden unit tests for evaluation. This benchmark is the standard 852

for measuring the code generation capabilities of a model. 853

15



MBPP (Chen et al., 2022b) is a larger, crowd-sourced dataset. A critical challenge with the original854

MBPP dataset is that the prompts contain the ground-truth test cases, which can cause label leakage,855

particularly for baselines that perform selection or refinement. To ensure a fair comparison, we follow856

the setup of (Shinn et al., 2023). For our experiments, we use a representative subset of 175 problems857

sampled from the full dataset.858

EvalPlus (Liu et al., 2023) ensures a rigorous and reliable evaluation by augmenting the standard859

test suites of both HumanEval and MBPP. HumanEval and MBPP sometimes pass solutions that are860

functionally correct on the provided tests but fail on more subtle edge cases. EvalPlus mitigates this risk861

by automatically generating a much larger and more comprehensive set of unit tests, providing a more862

robust measure of a candidate solution’s true correctness.863

xCodeEval (Khan et al., 2023) is more challenging, competition-level problems, which is sourced864

from the CodeForces platform. For our experiments, we sample a subset of 500 problems, after first865

filtering out any instances with incomplete or invalid test cases. A key feature of xCodeEval is its difficulty866

labels, which allow us to partition problems into four categories (Easy, Mid, Hard, and Expert) for a more867

fine-grained analysis of policy behavior.868

Model Input Output

Qwen34B 0.11 0.42
Qwen38B 0.18 0.70
Qwen314B 0.35 1.40
Qwen332B 0.70 2.80

Llama3.18B 0.10 0.10

DeepSeek-Coder 0.14 0.28

Table 5: Token pricing (USD per million tokens). The values represent the cost for input and output, respectively.

E LLMs Details869

We selected a range of state-of-the-art open-source language models to evaluate our PaT policy across870

different architectures and scales. All experiments were conducted using NVIDIA A 6000 GPUs, with871

models served via the vLLM framework at float16 precision. Due to its memory size, the Qwen332B872

model was run using 2-way tensor parallelism across two A6000 GPUs. Table 5 reports input and output873

token prices (USD per million tokens) collected from public provider listings1. Since there is no official874

price available for DeepSeek-Coder-V2-Lite-Instruct, we use the pricing policy of DeepSeek-Coder-V2875

as a proxy.876

Qwen3 (Yang et al., 2025) As our primary model family, we use the Qwen 3 series in four sizes: 4B, 8B,877

14B, and 32B. For all experiments, we used the base, pre-trained versions of these models. Additionally,878

for all experiments with the Qwen3 model family, we prepended the /no_think command to all prompts.879

Llama-3.1 (Dubey et al., 2024) To test the cross-family generalization of our approach, we use Llama-880

3.1-8B-Instruct. This is the instruction-tuned version of the Llama-3.1 8B model, optimized for following881

user commands and prompts.882

DeepSeek-Coder-V2-Lite (Zhu et al., 2024) To evaluate on a model specifically fine-tuned for code883

generation, we use DeepSeek-Coder-V2-Lite-Instruct. This is the instruction-tuned “Lite” version of the884

DeepSeek-Coder-V2 family, with approximately 16B parameters.885

F Baseline Details886

Standard (Brown et al., 2020) represents the most direct approach to code generation, establishing887

the base capability of a model. It performs a single, one-time generation attempt to produce the entire888

1https://artificialanalysis.ai (accessed 2025-09-25).
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Method Standard Best-of-N CodeT FunCoder PaT

Generation

Samples (N) 1 5 11 1 + 10 5
Temperature 0.3 0.8 0.8 0.8 0.8
Retries 3 3 3 3 3

Planning

Samples - - - 1 1
Temperature - - - 0.2 0.2
Retries - - - 3 3

Test case generation & verification

Benchmark-provided X O X O O
Generation X X O O O
Temperature - - 0.2 0.2 0.2
Retries - - 3 3 3

Table 6: Baseline details. Hyperparameter details for baselines and PaT.

program from the problem specification. For our code generation tasks, we follow a few-shot prompting 889

protocol, providing the model with a small number of in-context examples to guide its output. We generate 890

a single candidate solution with a low temperature of 0.3 to produce the most probable and deterministic 891

result. This baseline serves to measure the model’s raw performance without any complex strategies like 892

sampling, refinement, or decomposition. 893

Best-of-N (Chen et al., 2021) aims to improve performance by exploring a diverse set of potential 894

solutions through sampling. For each problem, it generates N candidate programs using a high temperature 895

to encourage variety. To ensure a fair comparison with the trial phase of our PaT policy, we use the 896

same sampling parameters: we set N = 5 and use a temperature of 0.8. Each of the 5 candidates is then 897

executed against the provided test suite, and the one that passes the most tests is selected as the final 898

solution. This method increases the probability of finding a correct solution at the cost of generating and 899

evaluating multiple candidates. Since MBPP does not have a test suite, we deterministically submit the 900

first of the 5 generated candidates. 901

CodeT (Chen et al., 2022a) is utilized from the implementation provided by the authors of FunCoder 902

to ensure a faithful reproduction of their setup. The process begins by sampling a pool of candidate 903

solutions. Following the hyperparameter settings of FunCoder, we used a larger sample size of N = 11 904

with a temperature of 0.8, which diverges from PaT and Best-of-N’s N = 5. This is because CodeT’s 905

consensus-based ranking mechanism is highly dependent on a large and diverse candidate pool to function 906

effectively; using a smaller sample size would artificially weaken this baseline. 907

FunCoder (Chen et al., 2024a) serves as our primary baseline for the Planning-before-Trial (PbT) 908

policy, and we use the official implementation to ensure a fair and accurate comparison. The method 909

operates as a rigid two-stage pipeline. First, a planner model decomposes the problem into a complete 910

plan of helper functions using a temperature of 0.8. Only after this static plan is finalized does it proceed 911

to the second stage, where it solves each subproblem using a consensus-based mechanism similar to 912

CodeT, with N = 10 and a temperature of 0.8. This rigid, plan-first approach, where the plan is fixed 913

regardless of generation outcomes, provides a direct contrast to our adaptive PaT policy. 914

G Prompt Details 915

Our prompting strategy largely follows the one provided in the FunCoder (Chen et al., 2024a) implemen- 916

tation to ensure a fair comparison. We use the same few-shot examples and sampling methods for both 917

the generation (conquer) and planning (divide) phases. 918

G.1 Prompt for Generation 919
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You are a programming copilot, you can solve a problem by writing Python functions. Your task is to:920
921

- For every turn, you need to write a Python function that returns the answer, based on current922
code (not code in chat history) and problem description.923

- Do not modify function name, arg names, docstring in given functions.924
- Consider reusing existing functions that are already implemented.925
- You can import libraries to better solve the problem.926

927
<User>:928

929
Current Code:930

931
‘‘‘python932
def prime_factor(x: int) -> list:933

"""get a list of prime factors of number $x$"""934
ret = []935
i = 1936
while i * i <= x:937

i += 1938
if x % i == 0 and is_prime(i):939

ret.append(i)940
return ret941

942
def is_prime(x: int) -> bool:943

"""determine $x$ is a prime number or not"""944
if x < 2:945

return False946
for i in range(2, int(x**0.5) + 1):947

if x % i == 0:948
return False949

return True950
951

def get_common(a: list, b: list) -> list:952
"""get common element in two list $a$ and $b$"""953
ret = []954
for item in a:955

if item in b:956
ret.append(item)957

return ret958
959

def sum_common_factors(a: int, b: int) -> int:960
"""Return the sum of all common prime factors of $a$ and $b$"""961

962
raise NotImplementedError()963

’’’964
965

Let’s think step by step and implement the following method ‘sum_common_factors‘ using existing966
functions to solve:967

"Return the sum of all common prime factors of $a$ and $b$"968
969

<Assistant>:970
971

First, I need to get the prime factors of $a$ and $b$.972
Second, I can use ‘for‘ loop to find common element in two factors list.973
Finally, sum the common factor list and return the answer.974
Here is the ‘sum_common_factors‘ function:975

976
‘‘‘python977
def sum_common_factors(a: int, b: int) -> int:978

"""Compute the sum of all common prime factors of $a$ and $b$"""979
factors_a = prime_factor(a)980
factors_b = prime_factor(b)981
common_factors = get_common(factors_a, factors_b)982
return sum(common_factors)983

’’’984
985

<User>:986
987

Current Code:988
989
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‘‘‘python 990
{prev_code} 991
’’’ 992

993
Let’s think step by step and implement the following method ‘{cur_func_name}‘ using existing 994

functions to solve: 995
"{cur_func_doc}" 996

G.2 Prompt for Planning 997

You are a programming copilot, you can solve a problem by writing Python functions. Your task is to: 998
- The previous attempt to direct implement the target function is failed, indicating its overall 999

logic might be too complex to implement directly. 1000
- For every turn, you need to write a Python function that returns the answer based on Current Code 1001

(not code in chat history). 1002
- Do not modify function name, arg names, docstring in given functions. 1003
- You can import libraries to better solve the problem. 1004
- You can leave new function unimplemented for now, but write the function at the end of the code 1005

and comment what the function does. 1006
- Therefore, you must decompose it into multiple smaller, manageable helper functions. 1007

1008
<User>: 1009

1010
Current Code: 1011
‘‘‘python 1012
def sum_common_factors(a: int, b: int) -> int: 1013

"""Compute the sum of all common prime factors of $a$ and $b$""" 1014
raise NotImplementedError() 1015

’’’ 1016
1017

Let’s think step by step and complete the following Python function ‘sum_common_factors‘ that solves: 1018
"Compute the sum of all common prime factors of $a$ and $b$" 1019

1020
<Assistant>: 1021

1022
First, I need to get the prime factors of $a$ and $b$. 1023
Second, I can use ‘for‘ loop to find common element in two factors list. 1024
Finally, sum the common factor list and return the answer. 1025
Here is the ‘sum_common_factors‘ function: 1026

1027
‘‘‘python 1028
def sum_common_factors(a: int, b: int) -> int: 1029

"""Compute the sum of all common prime factors of $a$ and $b$""" 1030
factors_a = prime_factor(a) 1031
factors_b = prime_factor(b) 1032
common_factors = get_common(factors_a, factors_b) 1033
return sum(common_factors) 1034

1035
def prime_factor(x: int) -> list: 1036

"""get a list of prime factors of number $x$""" 1037
raise NotImplementedError() 1038

1039
def get_common(a: list, b: list) -> list: 1040

"""get common element in two list $a$ and $b$""" 1041
raise NotImplementedError() 1042

’’’ 1043
1044

<User>: 1045
1046

Current Code: 1047
‘‘‘python 1048
def sum_common_factors(a: int, b: int) -> int: 1049

"""Compute the sum of all common prime factors of $a$ and $b$""" 1050
factors_a = prime_factor(a) 1051
factors_b = prime_factor(b) 1052
common_factors = get_common(factors_a, factors_b) 1053
return sum(common_factors) 1054

1055
def get_common(a: list, b: list) -> list: 1056

"""get common element in two list $a$ and $b$""" 1057
raise NotImplementedError() 1058
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’’’1059
1060

Let’s think step by step and complete the following Python function ‘get_common‘ that solves:1061
"get common element in two list $a$ and $b$"1062

1063
<Assistant>:1064

1065
Here is the ‘get_common‘ function:1066

1067
‘‘‘python1068
def get_common(a: list, b: list) -> list:1069

"""get common element in two list $a$ and $b$"""1070
ret = []1071
for item in a:1072

if item in b:1073
ret.append(item)1074

return ret1075
’’’1076

1077
<User>:1078

1079
Current Code:1080
‘‘‘python1081
{prev_code}1082
’’’1083

1084
Let’s think step by step and complete the following Python function ‘{cur_func_name}‘ that solves:1085
"{cur_func_doc}"1086
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