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Abstract001

Large language models (LLMs) have demon-002
strated remarkable proficiency in code genera-003
tion yet still frequently fail to produce correct004
solutions for complex programming tasks in a005
single attempt. While prior works attempt to006
mitigate this by incorporating external feedback007
such as execution results, these approaches suf-008
fer from heavy dependencies on environmental009
interaction and fail to cultivate the intrinsic de-010
bugging capabilities of the model. In this work,011
we propose ReflexiCoder-8B, a novel reinforce-012
ment learning (RL) framework that empowers013
models to autonomously self-reflect on their014
generated code and perform self-correction015
without reliance on external oracles. Reflex-016
iCoder first produces an initial solution, then017
repeatedly reviews the previously generated018
code, performs bug and optimization aware re-019
flection, and conditionally rewrites the program020
until no issues are found or a maximum num-021
ber of rounds is reached. To strictly enforce022
this behavior, we formulate the process as a023
structured trajectory and optimize it with RL024
to align the model with effective self-reflection025
and self-correction trajectories, guided by a re-026
ward function specifically designed to value027
accurate error detection and successful repair.028
Extensive experiments on seven widely used029
benchmarks demonstrate that ReflexiCoder-8B030
achieves state-of-the-art results among open-031
source code models, reaching 94.51% and032
87.20% on HumanEval and HumanEval Plus,033
81.80% and 78.57% on MBPP and MBPP034
Plus, 35.00% on BigCodeBench, 52.21% on035
LiveCodeBench, and 37.34% on CodeForces.036
Furthermore, our ReflexiCoder-8B is compet-037
itive with strong proprietary GPT-5.1 model038
on the first five benchmarks and surpasses it039
on complex reasoning benchmarks including040
LiveCodeBench and CodeForces. To facilitate041
future research, we release our source code at042
https://anonymous.4open.science/r/Re043
flexiCoder-EF3C.044

1 Introduction 045

Large Language Models (LLMs) have revolution- 046

ized software engineering, demonstrating excep- 047

tional proficiency in translating natural language 048

specifications into executable code (Chen et al., 049

2021; Dakhel et al., 2023; Jiang et al., 2024). De- 050

spite these advancements, standard “System 1” ap- 051

proaches which generate solutions in a single for- 052

ward pass face an inherent ceiling when tackling 053

complex, multi-step algorithmic problems (Li et al., 054

2022; Chen et al., 2024; Bairi et al., 2023; Zhong 055

et al., 2024). In intricate scenarios typical of com- 056

petitive programming or enterprise-level develop- 057

ment, even state-of-the-art models frequently pro- 058

duce plausible-looking but functionally incorrect 059

code on their first attempt. 060

To mitigate this limitation, recent studies have 061

largely pivoted towards iterative refinement strate- 062

gies. These can be broadly categorized into three 063

paradigms: (1) Re-ranking, which samples mul- 064

tiple candidates to select the best one (Shi et al., 065

2022; Li et al., 2022; Chen et al., 2022; Zhang et al., 066

2023b; Ni et al., 2023); (2) External Repairers, uti- 067

lizing separate models to patch errors (Gupta et al., 068

2020; Jiang et al., 2023a; Zhang et al., 2023a); and 069

(3) Feedback-Guided Refinement, which relies on 070

signals from execution environments (e.g., compil- 071

ers, unit tests) or human annotators to iteratively 072

improve code (Chen et al., 2024; Jiang et al., 2023b; 073

Zhong et al., 2024; Shinn et al., 2024). While effec- 074

tive, these methods suffer from a critical bottleneck: 075

dependency on external oracles and environmental 076

interaction. In real-world software development, 077

comprehensive unit tests are often absent, and high- 078

quality human feedback is costly and unscalable. 079

Furthermore, relying heavily on external feedback 080

prevents models from cultivating intrinsic debug- 081

ging capabilities, the ability to “read”, scrutinize, 082

and correct one’s own logic before execution. 083

Inspired by the recent success of reasoning- 084
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Figure 1: A comparative overview of code refinement workflows. (a) Existing code LLMs often struggle to generate
correct solutions for complex programming tasks on a single attempt. (b) Prior practices mitigate this by relying on
external feedback (e.g., compilers or human oracles). (c) Our proposed ReflexiCoder fosters an intrinsic capability
to self-reflect and self-correct via a structured reasoning trajectory, eliminating the need for external supervision.

intensive models like OpenAI o1 (Jaech et al., 2024;085

Qin et al., 2024) and DeepSeek-R1 (Guo et al.,086

2025), which utilize extended inference time to087

facilitate deeper reasoning, we propose that code088

generation models should similarly possess an au-089

tonomous “inner monologue” for debugging. We090

introduce ReflexiCoder, a novel Reinforcement091

Learning (RL) framework designed to teach LLMs092

to self-reflect on generated code and perform self-093

correction without reliance on ground-truth feed-094

back or external execution engines. Figure 1 pro-095

vides a comparative overview of this paradigm shift096

from prior practices.097

Unlike previous methods that treat generation098

and correction as separate supervised tasks, Reflex-099

iCoder formulates the entire debugging process,100

generating an initial solution, reviewing the code101

for bugs/optimization, and rewriting, as a struc-102

tured decision-making trajectory. We optimize this103

trajectory directly using RL. This approach aligns104

the model with effective self-reflection and self-105

correction paths guided by a specialized reward106

function that values both accurate error detection107

and successful repair. Crucially, we adopt an RL-108

zero training paradigm, bypassing the traditional109

supervised fine-tuning (SFT) warm-up stage (Guo110

et al., 2025; Li et al., 2025). We hypothesize that111

supervising weaker models with trajectories dis-112

tilled from stronger teacher models (e.g., GPT-5113

(OpenAI, 2025)) may inadvertently suppress the114

student’s exploration of correction strategies that115

best suit its own capabilities (Wang et al., 2022;116

Wei et al., 2024; Yuan et al., 2024; Kumar et al.,117

2024). By optimizing via RL directly, ReflexiCoder118

autonomously discovers efficient reflection patterns119

tailored to its parameter space.120

Our extensive experiments on seven diverse121

benchmarks demonstrate the efficacy of this122

paradigm. ReflexiCoder-8B establishes new state- 123

of-the-art performance among leading open-source 124

models, achieving 94.51% on HumanEval (Chen 125

et al., 2021), 35.00% on BigCodeBench (Zhuo 126

et al., 2024), 52.21% on LiveCodeBench (Na- 127

man Jain et al., 2024), and 37.34% on CodeForces 128

(Quan et al., 2025). Remarkably, despite having 129

significantly fewer parameters, our model remains 130

competitive with the proprietary GPT-5.1 on stan- 131

dard benchmarks and surpasses it on complex rea- 132

soning tasks including LiveCodeBench (52.21% vs. 133

48.03%) and CodeForces (37.34% vs. 34.70%). 134

These results suggest that cultivating intrinsic self- 135

reflection and self-correction is a scalable and po- 136

tent direction for the next generation of code LLMs. 137

In summary, our main contributions are as follows: 138

• We propose ReflexiCoder, an RL-based frame- 139

work that empowers LLMs to autonomously 140

detect and correct coding errors through intrin- 141

sic self-reflection, eliminating the dependency 142

on external feedback. 143

• We formulate the self-reflection and self- 144

correction loop as a multi-step trajectory and 145

optimize it via RL. By designing a granular re- 146

ward function that targets both reflection qual- 147

ity and repair success, we enable the model to 148

incentivize intrinsic debugging strategies. 149

• Our ReflexiCoder-8B significantly outper- 150

forms leading open-source models across 151

seven benchmarks. It surpasses proprietary 152

models like GPT-5.1 on challenging com- 153

petitive programming tasks including Live- 154

CodeBench and CodeForces. 155

• We release our model, code, and data to facili- 156

tate reproducibility and foster future research 157

into the self-improving capabilities of LLMs. 158
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Figure 2: The architecture of ReflexiCoder formulates code generation as an RL-optimized intrinsic self-debugging
trajectory. A carefully designed composite reward jointly incentivizes reflection quality and repair success.

2 Methodology159

In this section we formalize the proposed Reflex-160

iCoder training pipeline, which integrates a struc-161

tured self-reflection and self-correction mechanism162

into large language models (LLMs) and optimizes163

their behavior via reinforcement learning.164

2.1 Structured Reasoning-Reflection Process165

Let q ∈ Q denote a programming-related query,166

and let an LLM parameterized by θ produce a se-167

quence of textual outputs in structured segments168

o =(o(think)︸ ︷︷ ︸
reasoning

, o(answer)︸ ︷︷ ︸
answer

,

{(o(reflection,j), o(answer,j+1))}nj=1︸ ︷︷ ︸
n reflection cycles

)
(1)169

where n ∈ N denotes the number of reflection iter-170

ations. The internal reasoning segment o(think) may171

be unobservable to the end-user yet available to the172

training environment for evaluation, ensuring the173

policy incorporates invisible planning before pro-174

ducing visible answers. Each reflection-answer pair175

is constrained to be contiguous and well-formed176

according to a global format specification F .177

We model the full trajectory corresponding to178

one prompt-response interaction as179

τ ≡
(
q, o(think), o(answer),

{(o(reflection,j), o(answer,j+1))}nj=1

) (2)180

and define the set of all format-compliant trajecto- 181

ries as Tvalid = {τ ∈ T | Φ(τ) = F⋆} with Φ(·) 182

denotes syntax extractor and F⋆ the target global 183

format specification, which will be strictly enforced 184

in reward computation. 185

2.2 Iterative Reflection Rewards 186

Format Compliance Constraints. A fundamen- 187

tal prerequisite for our reinforcement learning setup 188

is that the model’s outputs conform exactly to a pre- 189

determined structural format. Each generated re- 190

sponse must consist of a distinct internal reasoning 191

segment, a user-facing answer, and a reflection- 192

answer pair for every revision, with the reflection 193

and its subsequent revised answer always appearing 194

together. Additional revision pairs are permitted 195

only when prior reflection identifies new issues, and 196

the total number of reflections must not exceed the 197

specified global limit. 198

This structure is not a superficial constraint that 199

our reward mechanisms rely on being able to un- 200

ambiguously identify each reasoning step, every 201

answer, and the corresponding reflection. Devia- 202

tions, such as missing segments, incorrect ordering, 203

or unmatched reflection–answer pairs, break the 204

parsing pipeline and undermine the core iterative 205

improvement process. To enforce strict adherence, 206

we introduce a format compliance reward F (τ): 207

F (τ) = I
[
τ ∈ Tvalid

]
⇒ F : T → {0, 1}. (3) 208

This binary reward F (·) acts as a gating factor that 209

if F (τ) = 0, the total reward for the trajectory is 210
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zero, irrespective of content quality. Only trajecto-211

ries that satisfy the format constraint are eligible212

for further quality-related reward shaping.213

Once format compliance is guaranteed, the214

reward model incorporates three complemen-215

tary components, including a smoothly decaying216

penalty for excessive reflection cycles, a trajec-217

tory improvement term that emphasizes progressive218

quality gains, and an efficiency bonus that rewards219

significant improvement with minimal iteration.220

Cycle Count Regulation. Reflection cycles in-221

herently present a trade-off between depth and effi-222

ciency. Empirically, one to three cycles often yield223

substantial benefits, such as clarity enhancement,224

logical coherence, and factual accuracy. Beyond225

that, gains diminish, and the LLM may waste com-226

putational effort or even regress. Let n ∈ N denote227

the total number of reflection cycles, and n0 is the228

no-penalty depth. When 1 ≤ n ≤ n0, we apply229

no penalty (P (n) = 1), preserving the freedom to230

engage in “reasonable depth” revision. For n > n0,231

rewards (P (n) ∈ (0, 1]) are multiplicatively atten-232

uated by a composite decay term:233

P (n) =


1, 1 ≤ n ≤ n0,

1

1 + α(n− n0)β
· e−γ(n−n0)

·
[
1− δ sin

(π
2
(n− n0)

)]
,
n > n0

(4)234

where α > 0, β > 1 control polynomial decay235

strength, γ > 0 governs exponential attenuation,236

and δ ∈ (0, 0.3) introduces a mild oscillatory per-237

turbation to encourage exploration of slightly dif-238

ferent iteration depths.239

Iterative Quality Improvement. Beyond regu-240

lating cycle count, the learning objective needs to241

explicitly encourage sustained improvement in the242

quality of generated answers. We denote the trajec-243

tory of quality scores as r = (r0, r1, . . . , rn) ∈ Rn,244

where rt represents the quality score of the t-th so-245

lution obtained through automated execution and246

validation. Ideally, the optimal trajectory should247

satisfy r0 ≤ r1 ≤ · · · ≤ rn, reflecting a progres-248

sive improvement in code quality. To emphasize249

the importance of later improvement stages within250

a trajectory, we apply exponential time-weighting251

wt =
eλt∑n
k=1 e

λk
, λ > 0 (5)252

which yields a normalized vector w =253

(w1, w2, . . . , wn) ∈ ∆n over the probability sim-254

plex in Rn, with the parameter λ controlling the 255

degree to which later iterations are prioritized. The 256

resulting weights satisfy w1 < w2 < · · · < wn, 257

thereby favoring improvements occurring in later 258

stages. 259

A central challenge in iterative refinement lies 260

in designing a reward signal that captures not only 261

the absolute quality of each answer but also the 262

trajectory’s progression. Let ∆rt = rt − rt−1 for 263

t ≥ 1 denote the gains in quality between succes- 264

sive answers. We define the improvement signal 265

mt using a piecewise formulation: 266

mt =


+f

(
∆rt
s

)
∆rt > 0,

+hpos |∆rt| < ε and |rt−1 − rmax| < ε,

−g
(
|∆rt|
s

)
∆rt < 0,

−hneg |∆rt| < ε and rt−1 < rmax

(6) 267

where s > 0 controls the sensitivity to quality 268

changes, ε is a small tolerance for numerical stabil- 269

ity, rmax denotes the maximum achievable score, 270

and hpos > 0 and hneg > 0 are constants used to 271

handle stagnation: hpos provides a bonus when the 272

score has effectively converged near rmax, while 273

hneg imposes a penalty when the answer stagnates 274

below rmax. We adopt tanh(·) for f(·) and g(·) 275

as it provides a smooth mapping from raw score 276

differences to bounded rewards, which facilitates 277

stable policy optimization. 278

The trajectory-level reward is then defined as 279

Rtrajectory(τ) = I[rn = rmax]︸ ︷︷ ︸
final solution

+ η

n∑
t=1

wtmt︸ ︷︷ ︸
quality improv.

,

(7) 280

where rmax = 1 means code passes all tests, η > 0 281

adjusts the contribution of the improvement signal 282

relative to the absolute quality score. 283

Notably, this reward design provides positive re- 284

inforcement for quality gains, penalizes declines, 285

suppresses stagnation when improvement is still 286

possible, and avoids penalizing the absence of 287

change when the quality is already optimal. De- 288

tailed principles motivating this design are pro- 289

vided in Appendix C. 290

Efficiency Reward. However, solely combining 291

P (n) and Rtrajectory may lead to undesirable behav- 292

iors that the model might overfit to a fixed n, ignore 293

task difficulty, or become hypersensitive to noise in 294

rt. Strong penalties could discourage beneficial ex- 295

ploration, and credit assignment over long horizons 296
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remains problematic. To counter these problems,297

we introduce an efficiency term:298

E(n) =
I[rn ≥ τq]

n︸ ︷︷ ︸
absolute

+
rn − r0

max (1, n− 1) + ϵ︸ ︷︷ ︸
relative

, ϵ > 0

(8)299

where I[·] is the indicator function, τq denotes the300

required quality threshold, and ϵ prevents singular-301

ities. This term rewards average quality gain per302

reflection, encouraging policy to achieve maximal303

improvement with minimal steps.304

Finally, the overall reward model is:305

Roverall(τ) = I[F (τ) = 1]P (n)
(
φRtrajectory(τ)

+ ψE(n)
)
+ ξF (τ),

(9)306

where φ, ψ and ξ control trajectory quality, effi-307

ciency bonus, and formatting constraints, respec-308

tively. The reward surface Roverall therefore en-309

forces τ ∈ Tvalid and balances progressive refine-310

ment Rtrajectory and economy of iterations E(n),311

formalizing the self-reflection and self-correction312

objectives in a mathematically explicit manner.313

In practice, this integrated reward landscape al-314

lows the learning process to internalize both how to315

think more effectively across iterations and when to316

stop, achieving a disciplined reflection mechanism317

aligned with the overarching objectives of human.318

2.3 Reflection-aware GRPO319

We adopt GRPO objective (Guo et al., 2025) for320

policy πθ updates, which replaces the value func-321

tion V π(s) with a group-normalized advantage es-322

timate Â(s, a), enhancing stability and reducing323

variance in large action spaces A. The detailed324

formulation is provided in Appendix D.325

3 Experiments326

3.1 Experimental Settings327

Models and Benchmarks We instantiate our328

model by fine-tuning a recent open-source back-329

bone, Qwen3-8B (Yang et al., 2025), to obtain330

our ReflexiCoder-8B. We evaluate performance331

across a diverse set of seven code generation bench-332

marks, ranging from foundational programming333

challenges such as HumanEval (Chen et al., 2021),334

MBPP (Austin et al., 2021), and EvalPlus (Liu335

et al., 2023), to significantly more complex and336

competitive programming problems found in Big-337

CodeBench (Zhuo et al., 2024), LiveCodeBench338

(Jain et al., 2024), and CodeForces (Quan et al.,339

2025). The entire evaluation pipeline is managed 340

by the EvalChemy framework (Raoof et al., 2025). 341

Implementation Details We implement our RL 342

pipeline using the Open-R1 framework (Hugging 343

Face, 2025) 1. We train the model for two epochs 344

using our curated open-source dataset of program- 345

ming problems, derived from (Luo et al., 2025). 346

The detailed dataset curation can be found in Ap- 347

pendix E.2. The no-penalty reflection depth n0 was 348

set to 5. For the cycle count penalty P (n), we used 349

α = 0.1, β = 2.0, γ = 0.05, and δ = 0.1. The 350

exponential weighting for trajectory improvement 351

Rtrajectory(τ) used λ = 0.2, with the improvement 352

signal weight η = 0.5. The main reward compo- 353

nent weights are φ = 0.5 for trajectory quality 354

Rtrajectory(τ), ψ = 1.0 for the efficiency bonus 355

E(n), and ξ = 1.0 for formatting constraints F (τ). 356

All experiments are conducted on a cluster of 64× 357

NVIDIA H200 GPUs with a per-device batch size 358

of 1. More details are provided in Appendix E. 359

3.2 Main Results 360

We evaluate our ReflexiCoder-8B across seven 361

representative benchmarks to assess its code gen- 362

eration and self-correction capabilities. Table 1 363

summarizes the pass@1 performance compared 364

to state-of-the-art (SOTA) proprietary and open- 365

source models. ReflexiCoder-8B establishes a new 366

SOTA performance for open-source models in the 367

7B-8B parameter range. Compared to its backbone 368

Qwen3-8B (Yang et al., 2025), our ReflexiCoder 369

achieves substantial absolute gains by +5.49% on 370

HumanEval, +14.46% on LiveCodeBench, and 371

+13.64% on CodeForces. Notably, it outperforms 372

specialized code models like Qwen2.5-Coder-7B- 373

Instruct (Hui et al., 2024) and Seed-Coder-8B- 374

Instruct (Seed et al., 2025) by significant margins, 375

particularly on reasoning-intensive benchmarks 376

(LCB and CF). These gains demonstrate that our 377

proposed RL paradigm, which optimizes the en- 378

tire reflection-correction trajectory, is effective for 379

cultivating deep algorithmic reasoning. A pivotal 380

finding is that our ReflexiCoder-8B, despite its com- 381

pact parameter scale, competes directly with and 382

occasionally surpasses leading proprietary mod- 383

els. While maintaining parity with GPT-5.1 on Hu- 384

manEval+ and MBPP+, ReflexiCoder-8B demon- 385

strates superior performance on the most challeng- 386

ing benchmarks: it outperforms GPT-5.1 on Live- 387

CodeBench (52.21% vs. 48.03%) and CodeForces 388

1https://github.com/huggingface/open-r1
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Table 1: Main results on seven code generation benchmarks, reporting pass@1 accuracy (%). We compare our
ReflexiCoder against leading proprietary and open-source models. Our models establish a new state-of-the-art for
open-source models and demonstrate competitive performance against much larger proprietary models. HE(+)
denotes HumanEval(+). BCB is BigCodeBench, LCB is LiveCodeBench, and CF is CodeForces

Institution Model HE HE+ MBPP MBPP+ BCB LCB CF

OpenAI
GPT-5.1 95.12 87.20 84.00 79.10 39.56 48.03 34.70
GPT-4.1 96.34 78.88 85.20 79.10 41.32 42.77 31.37

Anthropic Claude-Sonnet-4.5 98.17 77.44 76.80 75.40 45.00 50.78 53.79
Google Gemini-2.5-Pro 97.56 92.07 94.20 84.39 41.32 62.01 52.40

Alibaba
Qwen3-8B 89.02 80.49 70.20 70.37 32.63 37.75 23.70
Qwen2.5-Coder-7B-Instruct 86.59 79.88 75.80 69.84 33.33 13.86 6.39

ByteDance Seed-Coder-8B-Instruct 85.98 80.49 68.40 72.49 36.05 21.03 4.09
DeepSeek DeepSeek-Coder-7B-Instruct 73.17 67.07 65.00 63.76 27.02 8.24 2.56

Google CodeGemma-7B-IT 54.88 41.46 53.20 54.76 25.44 8.12 1.88
Meta CodeLlama-7b-Instruct 30.49 26.22 2.40 3.97 16.58 1.19 0.68

Ours ReflexiCoder-8B 94.51+5.49 87.20+6.71 81.80+11.6 78.57+8.20 35.00+2.37 52.21+14.46 37.34+13.64

Table 2: Ablation study of reward components. Performance is reported as pass@1 (%) on four benchmarks. The
results confirm that each component is vital for achieving optimal performance and behaviors.

Method HumanEval BigCodeBench LiveCodeBench CodeForces

ReflexiCoder-8B (Full) 94.51 35.00 52.21 37.34

w/o Format Gating F (τ) 84.75 32.02 39.07 24.81
w/o Cycle Regulation P (n) 92.68 33.68 52.09 35.84
w/o Efficiency Reward E(n) 91.46 33.42 42.41 29.92
w/o Progressive Imp. mt 93.29 34.74 39.19 34.10

(37.34% vs. 34.70%). These results are particularly389

salient as LCB and CF consist of high-complexity390

problems that typically require multiple logical it-391

erations. This performance leap stems from our392

granular reward function, which incentivizes the393

model to detect its own errors and refine outputs394

autonomously. By eliminating the bottleneck of395

external execution feedback, ReflexiCoder proves396

that intrinsic self-reflection and self-correction is397

not only a scalable path toward reliable code gener-398

ation but also the key to mastering complex algo-399

rithmic reasoning.400

3.3 In-depth Analysis and Insights401

In this section, we conduct a series of deeper analy-402

ses to understand the emergent behaviors and scal-403

ability of our ReflexiCoder.404

Ablation Study We conduct an ablation study405

to deconstruct the influence of each component in406

our composite reward function Roverall. We train407

four variants of ReflexiCoder where each variant408

removes one term from the full reward formulation409

in Equation 9: (1) Remove Format Gating F (τ)410

to quantify the importance of enforcing a strict411

reasoning-reflection-answer format for the learn-412

ing process. (2) Remove Cycle Regulation P (n)413

to test our hypothesis that without regulation, the 414

model may indulge in computationally wasteful or 415

even counter-productive deep reflection, failing to 416

learn when to terminate the process. (3) Remove 417

Efficiency Reward E(n) to investigate its role in 418

encouraging the model to make more substantial 419

corrections in fewer steps. (4) Remove Progres- 420

sive Improvement mt from Rtrajectory(τ), relying 421

solely on the absolute quality scores rt, to verify 422

that explicitly rewarding the positive delta in qual- 423

ity is crucial for guiding the model towards a mono- 424

tonically improving trajectory. As shown in Table 425

2, the results demonstrates that each component of 426

our reward designs plays a distinct and indispens- 427

able role in achieving the optimal performance and 428

behaviors. 429

Impact of Reasoning & Reflection To inves- 430

tigate the source of ReflexiCoder’s performance 431

gains, we conduct a comparative analysis against 432

three critical baselines: (1) Baseline, the back- 433

bone model without any additional fine-tuning; (2) 434

No Reasoning Pattern, where the backbone model 435

with non-thinking mode; and (3) Vanilla Outcome- 436

RL, which optimizes the model using a binary 437

pass/fail reward signal without incentivizing the 438

intermediate reflection trajectory. The results are 439
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Figure 3: Analysis of the impact of reasoning and reflection. We compare ReflexiCoder against baselines that lack a
structured reasoning and reflection step. Performance is pass@1 (%). The significant performance gap highlights
that the structured reasoning-reflection cycle is the key driver of improvement.
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Figure 4: Scaling analysis of ReflexiCoder with model size. Performance is pass@1 (%) across four representative
benchmarks. The performance grow with model scale, indicating a super-linear benefit.

summarized in Figure 3. The substantial perfor-440

mance gains of ReflexiCoder over both the Non-441

Reasoning and Vanilla RL baselines with absolute442

average improvements of 18.64% and 5.22%, re-443

spectively, across three reasoning-intensive bench-444

marks demonstrate that the model’s success is not445

merely a byproduct of reasoning and RL, but rather446

stems from the structured self-reflection and self-447

correction process. This suggests that our Reflexi-448

Coder has developed an intrinsic debugging capa-449

bility that mimics human-like cognitive oversight.450

Scalability with Model Size We evaluate scal-451

ability by training ReflexiCoder on Qwen3 back-452

bones from 0.6B to 14B. Figure 4 reports average453

pass@1 over HumanEval, BigCodeBench, Live-454

CodeBench, and CodeForces for the base model,455

a no-reasoning variant, and our RL-trained Re-456

flexiCoder. Across all sizes, no-reasoning con-457

sistently underperforms, with the largest drops on458

LiveCodeBench and CodeForces, highlighting that459

intermediate reasoning is critical for algorithmic460

planning and bug detection. In contrast, our Reflex-461

iCoder yields larger gains as model size increases,462

with especially strong improvements on reasoning-463

intensive benchmarks. This supports our key claim464

that optimizing the full “generate, reflect, correct”465

trajectory with RL teaches intrinsic self-correction,466

and larger models can internalize this policy more467

effectively. Training curves in Appendix Figure 7 468

further show faster optimization of Rtrajectory(τ) 469

and E(n) for larger models, indicating more effec- 470

tive and efficient reflection. 471

Hyperparameter Analysis We evaluate the sen- 472

sitivity of ReflexiCoder to the reward weights in 473

Eq. 9: trajectory quality φ, efficiency bonus ψ, and 474

format constraint ξ. Figure 5 shows that perfor- 475

mance is robust across a wide range of settings, 476

indicating a stable RL objective. The best overall 477

configuration is ⟨ξ, φ, ψ⟩ = ⟨1.0, 0.5, 1.0⟩, which 478

yields the strongest and most consistent results 479

across all benchmarks, with particularly large gains 480

on reasoning-intensive tasks (LiveCodeBench and 481

CodeForces). Notably, overly large φ degrades per- 482

formance, suggesting that the improvement comes 483

from reward-aligned, effective self-reflection that 484

enables repair, rather than longer or more elaborate 485

reflection. Increasing ψ generally helps, supporting 486

the need to explicitly encourage efficient multi-step 487

self-correction. 488

3.4 Case Study 489

To provide qualitative insight into the self- 490

correction process, we conduct a case study on 491

a challenging problem from the TACO benchmark. 492

We sample a trajectory generated by ReflexiCoder- 493

8B and manually annotate the errors in the ini- 494
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Figure 5: Pass@1 sensitivity to reward weights Format (ξ), Iter. Quality (φ), Efficiency (ψ) on four benchmarks.

Case Study: Self-Reflection and Correction on a TACO Problem

Problem: Given an array a of length n and an integer k, find the number of indices 1 ≤ i ≤ n − k such that the subarray [ai, . . . , ai+k]
with length k + 1 (not with length k) has the following property: ... More formally, count the number of indices 1 ≤ i ≤ n − k such that
20 · ai < 21 · ai+1 < 22 · ai+2 < · · · < 2k · ai+k..

Cycle 0: Reasoning and Generation

<think>Okay, I need to solve this programming problem. Let's read the question carefully...</think>
<answer>
...

if val < (a[i + j - 1] * (1 << (j - 1))):
...
</answer>

Cycle 1: Reflection and Correction (BUG DETECTED)
<reflection>STATUS: BUG_DETECTED
The logic inside the inner loop currently uses the condition if val < (a[i + j - 1] * (1 << (j - 1))) to invalidate a
sequence. This means that if val is equal to the previous value, valid remains True, effectively checking for a
non-decreasing sequence. However, the problem logic typically requires a strictly increasing sequence, meaning the current
value must be strictly greater than the previous one. Therefore, the condition should be if val <= ... to ensure
valid = False when values are equal or smaller.
</reflection>
<answer>
...

# Corrected: Strictly increasing check
if val <= (a[i + j - 1] * (1 << (j - 1))):

...
</answer>

Cycle 2: Reflection and Correction (CODE OPTIMIZATION)
<reflection>STATUS: OPTIMIZATION_ONLY
The code is functionally correct, but it can be optimized for better readability and efficiency. The nested loops result in a
time complexity of O(t * n * k), which may be too slow for large values of n and k. To optimize, we can precompute the power
of two values and avoid redundant calculations. Additionally, using a more efficient approach for checking the conditions can
reduce the time complexity. These changes will not affect the correctness of the algorithm.
</reflection>
<answer>
...

# Precompute powers of two up to k
powers_of_two = [1 << j for j in range(k + 1)]

...
</answer>

Figure 6: A qualitative example of ReflexiCoder’s iterative self-reflection and self-correction on a TACO task.

tial solution and the corrections made in subse-495

quent reflection cycles. As illustrated in Figure496

6, in Cycle 0, the model produces an initial brute-497

force implementation to count valid subarrays un-498

der the 2j scaling constraint. In Cycle 1, self-499

reflection detects a correctness bug: the check500

mistakenly allows equal consecutive scaled val-501

ues (non-decreasing), and is corrected to enforce502

strict increase by changing < to <=. In Cycle 2,503

the model performs an optimization-only revision504

by precomputing powers of two and reducing re-505

dundant computations, improving efficiency and506

readability while preserving correctness.507

4 Conclusion 508

In this work, we propose ReflexiCoder, a frame- 509

work that leverages reinforcement learning to teach 510

LLMs intrinsic self-reflection and self-correction 511

without relying on external oracles. By formulating 512

debugging as a trainable decision-making trajec- 513

tory, our ReflexiCoder-8B achieves state-of-the-art 514

performance among open-source models and sur- 515

passes proprietary models like GPT-5.1 on complex 516

reasoning benchmarks. These results demonstrate 517

that optimizing internal debugging capabilities via 518

RL is a scalable and effective direction for the next 519

generation of reliable code LLMs. 520
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5 Limitations521

Our proposed ReflexiCoder improves reliability522

by allocating multiple reflection and correction cy-523

cles. Even with cycle regulation and efficiency524

bonuses, the method increases token usage and la-525

tency compared to single pass generation. This526

trade-off can limit applicability in tight latency set-527

tings, and the optimal reflection budget may vary528

by task difficulty in ways that are hard to predict529

a priori. The proposed intrinsic debugging primar-530

ily targets algorithmic correctness and local code531

issues within a single file setting. It does not ex-532

plicitly address repository level development, long533

horizon refactoring, dependency management, or534

interactive debugging with evolving specifications.535

Extending the trajectory formulation to multi-file536

contexts and richer tool interfaces remains future537

work. We instantiate ReflexiCoder on Qwen3 fam-538

ily models and evaluate on common Python centric539

benchmarks. While scaling trends are promising,540

it is unclear how well the same trajectory format541

and reward shaping transfer to other backbones,542

other programming languages, or domains where543

correctness cannot be captured by unit tests alone.544
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A Related Work762

Iterative Refinement with External Feedback.763

Recent advancements suggest that code generation764

is fundamentally an iterative process rather than a765

single-turn translation task. A prevalent paradigm766

involves refining initial outputs using feedback sig-767

nals. Approaches such as Self-Debugging (Chen768

et al., 2024) and LDB (Zhong et al., 2024) prompt769

LLMs to revise code based on execution traces or770

unit test results. Similarly, SelfEvolve (Jiang et al.,771

2023b) and Reflexion (Shinn et al., 2024) utilize772

iterative loops where models generate feedback or773

consult external evaluators to guide rectification.774

While promising, these approaches predominantly775

rely on extrinsic signals, such as compilers, test776

suites, or separate critic models, to identify errors.777

LATS (Zhou et al., 2023) extends this by integrat-778

ing Monte Carlo Tree Search (MCTS) with external779

evaluation values. A significant limitation of this780

paradigm is the dependency on high-quality exter-781

nal oracles, which are frequently unavailable or782

computationally expensive in real-world deploy-783

ment. Unlike these methods, our ReflexiCoder is784

designed to internalize the debugging capability,785

enabling the model to self-correct based on intrin-786

sic reflection without accessing external execution787

environments.788

RL for Code and Reasoning. Reinforcement789

Learning (RL) has been widely adopted to align790

LLMs with functional correctness. CodeRL (Le791

et al., 2022) and PPOCoder (Shojaee et al., 2023)792

leverage actor-critic architectures (such as PPO)793

to optimize models using compiler feedback or794

unit test pass rates as reward signals. DeepCoder795

(Luo et al., 2025) further explores RL to enhance796

code generation. However, these methods typi-797

cally treat the generation process as a black box,798

optimizing for the final output correctness via799

sparse binary rewards without explicitly incentiviz-800

ing the intermediate reasoning or error-detection801

process. Recently, reasoning-oriented models like802

OpenAI o1 (Jaech et al., 2024; Qin et al., 2024)803

and DeepSeek-R1 (Guo et al., 2025) have demon-804

strated that extending inference time with intrin-805

sic chain-of-thought (CoT) can significantly boost806

performance. While these models illustrate the807

potential of test-time scaling, supervising or incen-808

tivizing the specific structure of “self-reflection and809

self-correction” for code remains underexplored.810

ReflexiCoder addresses this gap by formulating811

the debugging loop as a structured trajectory and812

optimizing it via RL, allowing the model to au- 813

tonomously discover effective strategies for error 814

localization and repair. 815

B Algorithm for ReflexiCoder 816

Algorithm 1 REFLEXICODER TRAINING VIA

REFLECTION-AWARE GRPO
Require: Prompt distribution D, old policy πθold ,

reflection limit nmax, group size G, reward
parameters (α, β, γ, δ, n0, λ, η, τq, ϵ, φ, ψ, ξ)

1: Initialize policy parameters θ ← θold
2: while not converged do
3: Sample prompt q ∼ D
4: Rollout G structured trajectories {τi}Gi=1

from πθold(· | q)
5: for i = 1 to G do
6: Parse segments(

o(think), o(answer), {(o(reflection,j), o(answer,j+1))}ni
j=1

)
7: Compute format gate F (τi) = I[τi ∈
Tvalid] ▷ Eq. (3)

8: if F (τi) = 0 then
9: Set Roverall(τi)← 0

10: else
11: Evaluate quality scores ri =

(ri,0, ri,1, . . . , ri,ni) ▷ ri,0 for o(answer), ri,t for
o(answer,t+1)

12: Compute cycle penalty P (ni) ▷
Eq. (4)

13: Compute trajectory quality reward
Rtrajectory(τi) ▷ Eq. (7)

14: Compute efficiency term E(ni) ▷
Eq. (8)

15: Compute overall reward:
16: Roverall(τi) ←

P (ni)
(
φRtrajectory(τi) + ψE(ni)

)
+ ξ

▷ Eq. (9) since F (τi) = 1
17: end if
18: end for
19: Compute µR ← 1

G

∑G
j=1Roverall(τj)

20: Compute σR ← ( 1
G

∑G
j=1(Roverall(τj) −

µR)
2)

1
2

21: for i = 1 to G do
22: Âi ← Roverall(τi)−µR

σR+ϵ ▷ Group-relative
advantage

23: end for
24: Update πθ with Reflection-aware GRPO

using {τi, Âi}Gi=1 (see Sec. D)
25: θ ← θ + ηoptimization∇θJGRPO(θ)
26: end while
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C Reward Design Principles817

This trajectory-level quality reward is motivated by818

the intrinsic requirements of iterative refinement819

tasks in reinforcement learning. The reward struc-820

ture serves three interrelated objectives as follows:821

• First, it promotes continuous improvement of822

answers by providing positive reinforcement823

for any quality gain and proportional scaling824

with the magnitude of improvement.825

• Second, it penalizes decline in quality and826

also discourages stagnation when the per-827

formance is below the maximum achievable828

level, thereby maintaining the incentive to829

search for better solutions.830

• Third, it preserves stability once the quality831

has reached its maximum by avoiding penal-832

ties for lack of improvement at that point.833

This combination of principles balances the drive834

for progress with the preservation of optimal states,835

preventing policies from sacrificing existing high-836

quality answers in pursuit of transient improvement837

signals or prematurely halting refinement before838

reaching optimal performance.839

D Reflection-aware GRPO840

For a given prompt q under the old policy πθold , we841

sample a group of G outputs {oi}Gi=1, each eval-842

uated with the proposed reward Roverall(τi). The843

group-relative normalized advantage for the i-th844

trajectory is845

Âi =
Roverall(τi)− µR

σR
(10)846

where µR = 1
G

∑G
j=1Roverall(τj), σR =847 (

1
G

∑G
j=1 (Roverall(τj)− µR)2

)− 1
2 Policy opti-848

mization then follows the clipped surrogate objec-849

tive:850

JGRPO(θ) = Eq∼D, {oi}∼πθold
[
1

G

G∑
i=1

1

|oi|

|oi|∑
t=1

(

min(ri,t(θ)Âi, clip (ri,t(θ), 1− ε, 1 + ε) Âi)

−βKL DKL(πθ ∥ πref))],
(11)851852

ri,t(θ) =
πθ(oi,t | q, oi,<t)

πθold(oi,t | q, oi,<t)
.853

where ri,t(θ) denotes per-token likelihood ratio. 854

This formulation preserves GRPO’s stability advan- 855

tages while embedding ReflexiCoder’s reflection- 856

aware reward into advantage computation, aligning 857

gradient updates with both code correctness and 858

self-reflection efficiency. 859

E Implementation Details 860

In this section, we further illustrate the implemen- 861

tation details as follows. 862

E.1 Baselines 863

We compare against five representative open- 864

source code models: Qwen2.5-Coder-7B-Instruct 865

(Hui et al., 2024), Seed-Coder-8B-Instruct (Seed 866

et al., 2025), DeepSeek-Coder-7B-Instruct (Guo 867

et al., 2024), CodeGemma-7B-IT (Team et al., 868

2024), and CodeLlama-7B-Instruct (Roziere et al., 869

2023). For each baseline, we use the official chat 870

template and generation settings recommended by 871

the authors whenever available. 872

E.2 Dataset Curation 873

Our training dataset is derived from the open- 874

source DeepCoder training corpus (Luo et al., 875

2025). We directly use four subsets released 876

by DeepCoder: TACO-Verified (7,436 problems), 877

LiveCodeBench (599), CodeForces (6,128), and 878

LeetCode (2,641). We follow DeepCoder’s re- 879

leased preprocessing, including quality filtering 880

and decontamination, to ensure reliable problem 881

statements and to reduce overlap with standard eval- 882

uation benchmarks. The LiveCodeBench portion of 883

our training data only contains problems submitted 884

between May 1, 2023 and July 31, 2024. We addi- 885

tionally verify that it does not overlap with the Live- 886

CodeBench v5 test split used by the EvalChemy 2 887

evaluation framework, whose problems fall in the 888

time window August 1, 2024 to February 1, 2025. 889

E.3 Hyperparameters Settings 890

Our ReflexiCoder optimizes a multi-step self- 891

reflection and self-correction trajectory with a com- 892

posite reward. For clarity and reproducibility, we 893

list all reward-related coefficients and thresholds in 894

Table 3. Unless otherwise specified, we keep these 895

hyperparameters fixed across all tasks and bench- 896

marks. In the sensitivity analysis in Section 3.3, 897

we observe that final performance is stable over a 898

2https://github.com/mlfoundations/evalchemy
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Table 3: Reward-related hyperparameters. Unless otherwise stated, these values are kept fixed across all tasks and
benchmarks for reproducibility.

Source Symbol Value Meaning

Eq. 4

α 0.1 polynomial decay strength
β 2.0 polynomial decay curvature
γ 0.05 exponential decay strength
δ 0.1 oscillation magnitude
n0 5 reflection depth with no penalty

Eq. 5 λ 0.2 weight concentration on later iterations

Eq. 6

s 0.1 sensitivity to quality changes
ε 1e-4 tolerance for numerical stability
hpos 0.05 stagnation penalty
hneg 1.0 stagnation penalty
rmax 1.0 maximum achievable pass rate

Eq. 7 η 0.5 weight of improvement term

Eq. 8
τq 1.0 required quality threshold
ϵ 1e-6 prevents division singularity

Eq. 9
φ 1.0 weight of trajectory quality term
ψ 0.5 weight of efficiency term
ξ 1.0 weight of formatting constraints term
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Figure 7: Training dynamics of key reward components and behaviors for different model sizes. Larger models
learn to achieve higher progressive improvement and efficiency rewards more quickly. They also converge to a
more optimal number of reflection cycles, whereas smaller models struggle to fully optimize the complex reward
landscape.

broad range of values, suggesting that the proposed899

RL objective does not rely on brittle tuning.900

F Training Dynamics and Reward Scaling901

In this section, we provide a detailed analysis of the902

reward-learning dynamics across different model903

scales, as referenced in the main text. To investigate904

how model capacity influences the optimization of905

the reflection policy, we track the progression of the906

key reward components during the RL fine-tuning907

process.908

As illustrated in Figure 7, we observe that dif-909

ferent reward components exhibit distinct scaling910

behaviors, rather than a uniform “larger-is-always-911

better” trend: 912

• Cycle Count Regulation (P (n)): Larger back- 913

bones improve cycle-count control more sub- 914

stantially. In particular, the 0.6B model con- 915

tinues to climb and reaches the highest P (n) 916

by the end of training, while 4B/8B/14B rise 917

quickly but plateau earlier at a lower level. 918

This suggests that smaller models may rely 919

more on increasing/refining the number of cy- 920

cles to gain reward, whereas larger models 921

learn an adequate stopping behavior earlier. 922

• Progressive Improvement (Rtrajectory(τ)): 923

Scaling is crucial for learning genuine 924

iterative quality gains. The 0.6B model’s 925

14
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Figure 8: Reward surface induced by shaping terms. For each model scale (0.6B-14B), we fit a smooth 2D surface
ẑ = f(x, y) via RBF regression, where x is the cycle-count regulation reward P (n), y is the iterative quality
reward Rtrajectory, and z is final code-quality reward (reward on the last rewritten code). The surface height and
colormap jointly encode the predicted ẑ (higher/brighter indicates better code quality), while overlaid points denote
the observed training samples (xt, yt, zt) colored by training step; grey contour projections highlight local gradients.
Consistent high-ẑ regions across scales indicate regimes where shaping terms synergistically improve code quality,
whereas steep slopes/contour crowding reveal sensitivity to the corresponding reward component.

Rtrajectory(τ) degrades after early training and926

becomes persistently negative, indicating927

unstable or even harmful reflection updates.928

In contrast, models ≥4B steadily reach and929

maintain positive Rtrajectory(τ) (with 8B/14B930

slightly higher and more stable), suggesting931

that sufficient capacity is needed to internalize932

the “reflect-and-correct” mechanism without933

drifting.934

• Efficiency Reward (E(n)): Larger models935

achieve higher and more stable efficiency re-936

wards. The 0.6B model remains low through-937

out training, 1.7B improves but saturates at a938

moderate value, while 4B/8B/14B converge939

to a clearly higher plateau. This indicates that940

scaling helps produce concise yet effective de-941

liberation, reducing redundant or oscillatory942

reflection traces.943

• Trajectory Format (F (τ)): Formatting com-944

pliance improves with scale, but the most pro-945

nounced gain appears in the smallest model:946

0.6B eventually attains the highest F (τ),947

while larger models improve quickly and then948

saturate. This suggests that format adherence 949

is comparatively easy to learn across scales, 950

and may not be the main bottleneck once a 951

model reaches moderate capacity. 952

Overall, these dynamics reinforce that the gains 953

of our ReflexiCoder are driven by learning struc- 954

tured self-correction policies—especially the abil- 955

ity to generate positive iterative improvements 956

(Rtrajectory(τ)) and efficient deliberation (E(n)) 957

which emerge reliably only at sufficient model 958

scale, rather than being a mere artifact of longer 959

rollouts or increased sampling. 960

G Interpretation of Reward Shaping 961

To understand how our shaping terms drive the per- 962

formance gains of ReflexiCoder, we visualize the 963

learned reward landscape over training. For each 964

model scale, we fit a smooth surface ẑ = f(x, y) 965

with RBF regression, where x = P (n) is the cycle- 966

count regulation reward, y = Rtrajectory is the itera- 967

tive quality improvement reward, and z is the final 968

code-quality reward (reward on the last rewritten 969

code). Figure 8 reveals three consistent patterns 970
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across scales. The surface height and colormap971

jointly encode the predicted ẑ (higher/brighter in-972

dicates better code quality), while overlaid points973

denote the observed training samples (xt, yt, zt)974

colored by training step; grey contour projections975

highlight local gradients. Consistent high-ẑ regions976

across scales indicate regimes where shaping terms977

synergistically improve code quality, whereas steep978

slopes/contour crowding reveal sensitivity to the979

corresponding reward component.980

Across 0.6B to 14B, the highest ẑ concentrates in981

regions where both P (n) and Rtrajectory are strong.982

This indicates that quality gains are not explained983

by “more iterations” or “better rewriting” alone.984

Instead, the model benefits most when it learns a985

structured self-debugging trajectory: allocating an986

appropriate number of reflection cycles while mak-987

ing each revision measurably improve the solution.988

This supports our framing of self-correction as a989

multi-step decision process optimized end-to-end990

by RL.991

Moreover, the surfaces show that pushing992

Rtrajectory without sufficient P (n) does not reliably993

yield high z. In practice, unconstrained reflection994

can lead to over-editing, oscillations, or verbose995

but non-functional changes. The positive gradient996

along P (n) suggests that cycle-count regulation997

acts as an implicit budgeting and credit assignment998

aid, steering the policy toward reflection depths that999

are most likely to convert into correct final code1000

rather than extended but low-yield “thinking”.1001

Furthermore, as scale increases, the high-ẑ re-1002

gion becomes broader and the attainable ẑ in-1003

creases, indicating that larger models can convert1004

trajectory-level improvement signals into final cor-1005

rectness more consistently. Importantly, the same1006

qualitative landscape persists across scales, suggest-1007

ing the reward design is not brittle or size-specific.1008

This helps explain why our ReflexiCoder’s RL1009

training yields robust gains on complex bench-1010

marks: the model is not merely optimizing for1011

a better first-pass solution, but learning an inter-1012

nalizable debugging strategy that generalizes with1013

capacity.1014

Overall, the visualization provides mechanistic1015

evidence that the performance jump comes from1016

our RL-optimized intrinsic self-reflection and self-1017

correction loop. The shaping terms jointly encour-1018

age (i) when to stop reflecting and (ii) how to1019

make corrections that monotonically improve code,1020

reducing reliance on external execution feedback1021

while improving final functional correctness.1022

H The Use of Ai Assistants 1023

Ai Assistants (e.g., LLMs) are employed solely for 1024

polishing writing. 1025
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