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Abstract

While Large Language Models (LLMs) have
revolutionized code generation, standard “Sys-
tem 1” approaches that generate solutions in
a single forward pass often hit a performance
ceiling on complex algorithmic tasks. Existing
iterative refinement strategies attempt to bridge
this gap at inference time, yet they predomi-
nantly rely on external oracles, execution feed-
back, or computationally expensive prompt-
response cycles. In this work, we propose Re-
flexiCoder, a novel reinforcement learning (RL)
framework that internalizes the structured rea-
soning trajectory, encompassing initial gener-
ation, bug and optimization aware reflection,
and self-correction, directly into the model’s
weights. Unlike prior methods, ReflexiCoder
shifts the paradigm from external-dependent
refinement to an intrinsic, fully autonomous
self-reflection and self-correction capabilities
at inference time. We utilize an RL-only train-
ing paradigm with granular reward functions
to optimize the entire reflection-correction tra-
jectory, teaching the model how to debug with-
out reliance on ground-truth feedback or ex-
ecution engines at inference time. Extensive
experiments across seven benchmarks demon-
strate that our ReflexiCoder-8B establishes a
new state-of-the-art (SOTA) among leading
open-source models in the 1.5B-14B range,
achieving 94.51% (87.20%) on HumanEval
(Plus), 81.80% (78.57%) on MBPP (Plus),
35.00% on BigCodeBench, 52.21% on Live-
CodeBench, and 37.34% on CodeForces in a
single-attempt setting, rivaling or surpassing
proprietary models like GPT-5.1. Notably, our
framework is significantly more token-efficient
than base models, reducing inference-time com-
pute overhead by approximately 40% through
disciplined, efficient reasoning and reflection
patterns. The source code and data are avail-
able at https://github.com/juyongjiang
/ReflexiCoder.

*Work done during a research internship at NAVER.
†Corresponding authors.

1 Introduction

Large Language Models (LLMs) have revolution-
ized software engineering, demonstrating excep-
tional proficiency in translating natural language
specifications into executable code (Chen et al.,
2021; Dakhel et al., 2023; Jiang et al., 2026; Li
et al., 2025a). Despite these advancements, stan-
dard “System 1” approaches which generate so-
lutions in a single forward pass face an inherent
ceiling when tackling complex, multi-step algorith-
mic problems (Li et al., 2022; Chen et al., 2024;
Bairi et al., 2023; Wang et al., 2024; Park et al.,
2025; Zhong et al., 2024). In intricate scenarios
typical of competitive programming or enterprise-
level development, even state-of-the-art models fre-
quently produce plausible-looking but functionally
incorrect code on their first attempt.

To mitigate this limitation, recent studies have
largely pivoted towards iterative refinement strate-
gies at inference time. These can be broadly catego-
rized into three paradigms: (1) Re-ranking, which
samples multiple candidates to select the best one
(Shi et al., 2022; Li et al., 2022; Chen et al., 2022;
Zhang et al., 2023b; Ni et al., 2023); (2) External
Repairers, utilizing separate models to patch er-
rors (Gupta et al., 2020; Jiang et al., 2023a; Zhang
et al., 2023a); and (3) Feedback-Guided Refine-
ment, including prompt-based self-reflection such
as Reflexion (Shinn et al., 2024), which relies on
signals from execution environments or prompting
frozen models to iteratively improve code (Chen
et al., 2024; Jiang et al., 2023b; Zhong et al., 2024;
Madaan et al., 2024). While effective, these meth-
ods suffer from a critical bottleneck: dependency
on external oracles, environmental interaction, and
excessive inference-time token consumption. In
real-world development, comprehensive unit tests
are often absent, and the iterative overhead of mul-
tiple prompt-response cycles leads to significant
latency and computational costs. Furthermore, re-
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Figure 1: A comparative overview of iterative code refinement workflows at inference time. (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, reflection 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 oracles and environmental interaction.

lying on external signals prevents models from
internalizing intrinsic debugging capabilities, the
ability to scrutinize and correct one’s own logic
autonomously.

Inspired by the success of reasoning-intensive
models like OpenAI o1 (Jaech et al., 2024; Qin
et al., 2024) and DeepSeek-R1 (Guo et al., 2025),
which utilize extended inference time to facilitate
deeper reasoning, we propose that code generation
models should similarly possess an autonomous
“inner monologue” for debugging. We introduce Re-
flexiCoder, a novel Reinforcement Learning (RL)
framework designed to internalize the structured
reasoning trajectory, encompassing initial reason-
ing, code generation, reflection for bugs and opti-
mization, and correction, directly into the model’s
weights. Unlike prior works (Shinn et al., 2024;
Madaan et al., 2024), ReflexiCoder shifts the
paradigm from external-dependent refinement
to intrinsic, fully autonomous self-reflection and
self-correction capabilities at inference time. By
optimizing the entire correction trajectory itself
rather than just the generation policy, we teach the
model the cognitive skill of “how to debug” with-
out reliance on ground-truth feedback or exter-
nal execution engines at inference time. Figure 1
compares this paradigm shift with prior practices.

To achieve this, our ReflexiCoder utilizes an
RL-only (R1-Zero) training paradigm, bypassing
traditional supervised fine-tuning (SFT) to au-
tonomously discover efficient reflection-correction
patterns tailored to its own parameter space and
problem-solving capabilities (Guo et al., 2025; Li
et al., 2025b). We optimize the problem-solving
trajectory via granular reward functions that incen-
tivizes both accurate error detection and successful
repair. It is worth noting that our approach marks a

fundamental departure from prior RL methods for
code generation, such as CodeRL (Le et al., 2022),
PPOCoder (Shojaee et al., 2023), DeepCoder (Luo
et al., 2025). While existing RL methods strictly
optimize the single-pass generation policy using
execution rewards, they fail to cultivate the in-
trinsic reasoning capability to identify and ana-
lyze potential errors and iteratively correct them
autonomously after an initial attempt. Our Re-
flexiCoder uniquely applies RL to optimize the
reflection-correction trajectory itself, transform-
ing self-debugging from an environment-dependent
test loop into an intrinsic cognitive skill.

Extensive experiments across seven bench-
marks demonstrate the efficacy of our approach.
ReflexiCoder-8B establishes a new state of the
art among leading open-source models, achiev-
ing 94.51% on HumanEval (Chen et al., 2021),
35.00% on BigCodeBench (Zhuo et al., 2024),
52.21% on LiveCodeBench (Naman Jain et al.,
2024), and 37.34% on CodeForces (Quan et al.,
2025) in a single-attempt setting. When utiliz-
ing our iterative reasoning-reflection setup, re-
ferred to as ReflexiCoder-8B (Multiple), perfor-
mance further scales to 95.73%, 36.84%, 54.12%,
and 37.68%, respectively, surpassing or remaining
competitive with proprietary models like GPT-5.1
(OpenAI, 2025).

Notably, we show that these gains do not come
from excessive inference-time compute overhead,
as our empirical observations (Section 3.3) reveal
that ReflexiCoder is significantly more token-
efficient than base model, consuming approxi-
mately 40% fewer tokens in iterative mode. This
is driven by a nearly 50% reduction in reason-
ing tokens, as our RL training teaches the model
to efficiently isolate fundamental logic rather than

37544



rambling. Furthermore, ReflexiCoder demonstrates
a highly disciplined reflection pattern, executing
exactly one reflection cycle in virtually all cases.
This ensures that our model achieves superior ac-
curacy at the same computational budget in the
single-attempt setting, or at an even lower budget in
the multi-attempt setting, effectively transforming
self-reflection and self-correction into an efficient,
low-latency cognitive process. In summary, our
main contributions are as follows:

• We propose ReflexiCoder, an RL-based frame-
work that transforms self-reflection and self-
correction from an environment-dependent
test loop into a fully autonomous, intrinsic
model capability, eliminating the need for ex-
ternal feedback at inference time.

• We formulate the reflection-correction loop
as a multi-step trajectory and optimize it via
RL. Unlike existing RL methods for code gen-
eration, our approach targets the reflection-
correction trajectory, teaching the model the
fundamental logic of self-debugging.

• Our ReflexiCoder-8B significantly outper-
forms leading open-source models and com-
petes with proprietary models like GPT-5.1.
We demonstrate that these gains hold even un-
der fair or reduced token-budget comparisons.

• We release our source code and data to fa-
cilitate future research into LLMs’ internal
self-improvement capabilities.

2 Methodology

In this section, we formalize the proposed Re-
flexiCoder training pipeline, shown in Figure 2,
which integrates structured self-reflection and self-
correction into LLMs and optimizes the resulting
trajectories via RL.

2.1 Structured Reasoning-Reflection Process

Let q ∈ Q denote a programming-related query,
and let an LLM parameterized by θ produce a se-
quence of textual outputs in structured segments

o =(o(think)
︸ ︷︷ ︸
reasoning

, o(answer)
︸ ︷︷ ︸

answer

,

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

)
(1)

where n ∈ N denotes the number of reflection iter-
ations. Each reflection-answer pair is constrained
to be contiguous and well-formed according to a
global format specification F .

We model the full trajectory corresponding to
one prompt-response interaction as

τ ≡
(
q, o(think), o(answer),

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

) (2)

and define the set of all format-compliant trajecto-
ries as Tvalid = {τ ∈ T | Φ(τ) = F⋆} with Φ(·)
denotes syntax extractor and F⋆ the target global
format specification, which will be strictly enforced
in reward computation.

2.2 Iterative Reflection Rewards
Format Compliance Constraints. A fundamen-
tal prerequisite for our reinforcement learning setup
is that the model’s outputs conform exactly to a pre-
determined structural format. Each generated re-
sponse must consist of a distinct internal reasoning
segment, an initial answer, and a reflection-answer
pair for every revision, with the reflection and its
subsequent revised answer always appearing to-
gether. Additional revision pairs are permitted only
when prior reflection identifies new issues, and
the total number of reflections must not exceed the
specified global limit.

This structure is not a superficial constraint that
our reward mechanisms rely on being able to un-
ambiguously identify each reasoning step, every
answer, and the corresponding reflection. Devia-
tions, such as missing segments, incorrect ordering,
or unmatched reflection-answer pairs, break the
parsing pipeline and undermine the core iterative
improvement process. To enforce strict adherence,
we introduce a format compliance reward F (τ):

F (τ) = I
[
τ ∈ Tvalid

]
⇒ F : T → {0, 1}. (3)

This binary reward F (·) acts as a gating factor that
if F (τ) = 0, the total reward for the trajectory is
zero, irrespective of content quality. Only trajecto-
ries that satisfy the format constraint are eligible
for further quality-related reward shaping.

Once format compliance is guaranteed, the
reward model incorporates three complemen-
tary components, including a smoothly decaying
penalty for excessive reflection cycles, a trajec-
tory improvement term that emphasizes progressive
quality gains, and an efficiency bonus that rewards
significant improvement with minimal iteration.
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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 correction success.

Cycle Count Regulation. Reflection cycles in-
herently present a trade-off between depth and effi-
ciency. Empirically, one to three cycles often yield
substantial benefits, such as clarity enhancement,
logical coherence, and factual accuracy. Beyond
that, gains diminish, and the LLM may waste com-
putational effort or even regress. Let n ∈ N denote
the total number of reflection cycles, and n0 is the
no-penalty depth. When 1 ≤ n ≤ n0, we apply
no penalty (P (n) = 1), preserving the freedom to
engage in “reasonable depth” revision. For n > n0,
rewards (P (n) ∈ (0, 1]) are multiplicatively atten-
uated by a composite decay term:

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)
where α > 0, β > 1 control polynomial decay
strength, γ > 0 governs exponential attenuation,
and δ ∈ (0, 0.3) introduces a mild oscillatory per-
turbation that encourages exploration over nearby
iteration depths. In multi-turn RL, policies often
exhibit trajectory collapse (Wang et al., 2025; Park
et al., 2026), for example, repeatedly producing the
same incorrect code, or oscillating between two
erroneous states. A purely monotonic penalty can
exacerbate this issue by encouraging premature ter-
mination once the model enters a bad local cycle.

By injecting a bounded sinusoidal term, we make
the per-step penalty slightly non-stationary across
turns, which periodically “nudges” the policy away
from repetitive local optima and promotes explo-
ration of alternative correction paths.

Iterative Quality Improvement. Beyond regu-
lating cycle count, the learning objective needs to
explicitly encourage sustained improvement in the
quality of generated answers. We denote the trajec-
tory of quality scores as r = (r0, r1, . . . , rn) ∈ Rn,
where rt represents the quality score of the t-th so-
lution obtained through automated execution and
validation. Ideally, the optimal trajectory should
satisfy r0 ≤ r1 ≤ · · · ≤ rn, reflecting a progres-
sive improvement in code quality. To emphasize
the importance of later improvement stages within
a trajectory, we apply exponential time-weighting

wt =
eλt∑n
k=1 e

λk
, λ > 0 (5)

which yields a normalized vector w =
(w1, w2, . . . , wn) ∈ ∆n over the probability sim-
plex in Rn, with the parameter λ controlling the
degree to which later iterations are prioritized. The
resulting weights satisfy w1 < w2 < · · · < wn,
thereby favoring improvements occurring in later
stages.

A central challenge in iterative refinement lies
in designing a reward signal that captures not only
the absolute quality of each answer but also the
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trajectory’s progression. Let ∆rt = rt − rt−1 for
t ≥ 1 denote the gains in quality between succes-
sive answers. We define the improvement signal
mt using a piecewise formulation:

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)
where s > 0 controls the sensitivity to quality
changes, ε is a small tolerance for numerical stabil-
ity, rmax denotes the maximum achievable score,
and hpos > 0 and hneg > 0 are constants used
to handle stagnation, with hpos providing a bonus
when the score has effectively converged near rmax

and hneg imposing a penalty when the answer stag-
nates below rmax. We adopt tanh(·) for f(·) and
g(·) as it provides a smooth mapping from raw
score differences to bounded rewards, which facili-
tates stable policy optimization.

The trajectory-level reward is then defined as

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

+ η
n∑

t=1

wtmt

︸ ︷︷ ︸
quality improv.

,

(7)
where rmax = 1 means code passes all tests, η > 0
adjusts the contribution of the improvement signal
relative to the absolute quality score.

Notably, this reward design provides positive re-
inforcement for quality gains, penalizes declines,
suppresses stagnation when improvement is still
possible, and avoids penalizing the absence of
change when the quality is already optimal. De-
tailed principles motivating this design are pro-
vided in Appendix B.

Efficiency Reward. However, solely combining
P (n) and Rtrajectory may lead to undesirable behav-
iors that the model might overfit to a fixed n, ignore
task difficulty, or become hypersensitive to noise in
rt. Strong penalties could discourage beneficial ex-
ploration, and credit assignment over long horizons
remains problematic (Parthasarathi et al., 2025). To
counter these problems, we introduce an efficiency
term:

E(n) =
I[rn ≥ τq]

n︸ ︷︷ ︸
absolute

+
rn − r0

max (1, n− 1) + ϵ︸ ︷︷ ︸
relative

, ϵ > 0

(8)

where I[·] is the indicator function, τq denotes the
required quality threshold, and ϵ prevents singular-
ities. This term rewards average quality gain per
reflection, encouraging policy to achieve maximal
improvement with minimal steps.

Finally, the overall reward model is:

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

+ ψE(n)
)
+ ξF (τ),

(9)
where φ, ψ and ξ control trajectory quality, effi-
ciency bonus, and formatting constraints, respec-
tively. The reward surface Roverall therefore en-
forces τ ∈ Tvalid and balances progressive refine-
ment Rtrajectory and economy of iterations E(n),
formalizing the self-reflection and self-correction
objectives in a mathematically explicit manner.

In practice, this integrated reward landscape al-
lows the learning process to internalize how to
reflect effectively across iterations and when to
stop, achieving a disciplined reflection mechanism
aligned with the overarching objectives of human.
The token budget is discussed in Appendix H.

2.3 Reflection-aware GRPO
We adopt GRPO objective (Guo et al., 2025) for
policy πθ updates, which replaces the value func-
tion V π(s) with a group-normalized advantage es-
timate Â(s, a), enhancing stability and reducing
variance in large action spaces A. The detailed
formulation is provided in Appendix C.

3 Experiments

3.1 Experimental Settings
Models and Benchmarks We instantiate our
model by fine-tuning a recent open-source base
model, Qwen3-8B (Yang et al., 2025), to obtain our
ReflexiCoder-8B. We evaluate performance across
a diverse set of seven widely-used code genera-
tion benchmarks, ranging from foundational pro-
gramming challenges such as HumanEval (Chen
et al., 2021), MBPP (Austin et al., 2021), and
EvalPlus (Liu et al., 2023), to significantly more
complex and competitive programming problems
found in BigCodeBench (Zhuo et al., 2024), Live-
CodeBench (Jain et al., 2024), and CodeForces
(Quan et al., 2025).

Implementation Details We implement our RL
pipeline using the TRL (von Werra et al., 2020).
We train the model for two epochs using our cu-
rated open-source dataset of programming prob-
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lems, derived from (Luo et al., 2025). The de-
tailed dataset curation can be found in Appendix
D.2. The no-penalty reflection depth n0 was set
to 5. For the cycle count penalty P (n), we used
α = 0.1, β = 2.0, γ = 0.05, and δ = 0.1. The
exponential weighting for trajectory improvement
Rtrajectory(τ) used λ = 0.2, with the improvement
signal weight η = 0.5. The main reward compo-
nent weights are φ = 0.5 for trajectory quality
Rtrajectory(τ), ψ = 1.0 for the efficiency bonus
E(n), and ξ = 1.0 for formatting constraints F (τ).
All experiments are conducted on a cluster of 8×
NVIDIA H200 GPUs with a per-device batch size
of 1. More details are provided in Appendix D,
including the baselines (Section D.1), dataset cura-
tion (Section D.2), hyperparameter settings (Sec-
tion D.3), and the system prompt (Section D.4).

Evaluation To ensure a rigorous and equitable
comparison, we evaluate all baseline models and
our ReflexiCoder utilizing the EvalChemy (Raoof
et al., 2025). To decouple the intrinsic quality of
the learned policy from gains attributable to in-
creased inference compute, we report results under
two configurations with different token budgets.
First, ReflexiCoder-8B (Single) denotes that the
model is evaluated in a single-attempt setting, in
which the system prompt (see Appendix Figure
10) is removed. This configuration keeps the to-
ken budget strictly identical to that of the base-
line models, thereby serving as a direct measure of
the model’s fundamental problem-solving capabil-
ity. Second, we report ReflexiCoder-8B (Multiple),
which utilizes the full iterative reasoning-reflection
paradigm enabled by the system prompt. Crucially,
as discussed in Appendix H, our RL process in-
centivizes the model to internalize an optimal tra-
jectory, encouraging it to generate high-quality,
bug-free solutions on the first attempt and require
only concise subsequent optimization.

3.2 Main Results

Table 1 presents a comprehensive evaluation of
ReflexiCoder-8B across seven diverse code gener-
ation benchmarks. Overall, our model establishes
a new state-of-the-art for open-source models in
the 1.5B to 14B parameter range. Compared to
its base model, Qwen3-8B, ReflexiCoder-8B (Sin-
gle) achieves significant absolute improvements
across all metrics, most notably increasing pass@1
accuracy by 14.46% on LiveCodeBench (LCB)
and 13.64% on CodeForces (CF). These gains on

reasoning-intensive tasks underscore the efficacy
of our RL paradigm in cultivating deep algorithmic
reasoning rather than mere syntax memorization.

Furthermore, ReflexiCoder-8B consistently out-
performs both specialized code LLMs, such as
Qwen2.5-Coder-7B and Seed-Coder-8B, and re-
cent RL-based models, including LeDex-RL-13B
and DeepCoder-14B-Preview. In a strict single-
attempt setting, ReflexiCoder-8B (Single) sur-
passes DeepCoder-14B-Preview by 18.16% on
LCB and 23.10% on CF, despite having 40% fewer
parameters. This directly validates our core hypoth-
esis that optimizing for the reflection-correction
trajectory via RL yields a significantly more ro-
bust policy than standard single-pass RL meth-
ods. Despite its compact 8B scale, ReflexiCoder-
8B demonstrates highly competitive performance
against much larger proprietary models. Under
the iterative setup, ReflexiCoder-8B (Multiple)
achieves parity with GPT-5.1 on HumanEval+
(87.80% vs. 87.20%) and MBPP+ (79.10% vs.
79.10%). Crucially, on the most challenging bench-
marks, it outperforms GPT-5.1 by clear margins,
scoring 54.12% (vs. 48.03%) on LCB and 37.68%
(vs. 34.70%) on CF. This highlights the effective-
ness of our granular reward design in empowering
smaller models to handle high-complexity tasks.

Moreover, comparing the Single and Multiple
inference settings reveals the intrinsic value of our
internalized self-reflection mechanism. By simply
activating the system prompt to trigger internal iter-
ations without any external execution feedback, per-
formance scales positively across all benchmarks,
such as rising to 95.73% on HE and 36.84% on
BigCodeBench. This confirms that our Reflexi-
Coder does not merely memorize code patterns
but has successfully internalized a generalizable,
inference-time self-improvement strategy.

For the remainder of this paper, we report the per-
formance of ReflexiCoder-8B (Single) and refer to
it simply as ReflexiCoder-8B unless otherwise spec-
ified. This choice is strategically motivated: while
our Multiple variant yields superior results through
iterative refinement, we aim to demonstrate that
the performance gains of our ReflexiCoder stem
from the intrinsic quality of the foundational policy
optimized via RL, rather than simply consuming
a higher inference-time token budget. By focus-
ing on the single-attempt setting, we eliminate the
confounding factor of iterative overhead and prove
that our RL paradigm fundamentally enhances the
model’s reasoning capabilities under a constrained,
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Table 1: Main results on seven code generation benchmarks, reporting pass@1 (%). We compare our ReflexiCoder
against leading proprietary and open-source models. Our models establish a new state-of-the-art for open-source
models in 1.5B-14B range and demonstrate competitive performance against much larger proprietary models. ∗

denotes results taken from (Jiang et al., 2024). HE(+) denotes HumanEval(+). BCB is BigCodeBench, LCB is
LiveCodeBench, and CF is CodeForces. ReflexiCoder-8B (Single) is evaluated in single-attempt without the system
prompt (see Figure 10), while ReflexiCoder-8B (Multiple) uses the full iterative reasoning-reflection setup. We
show the score improvement (±) of our model relative to its base model (Qwen3-8B). Bold indicates the best
performance among open-source and proprietary models, respectively.

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 38.21∗ 37.18∗ 16.58 1.19 0.68

Purdue
LeDex-RL-13B∗ 61.71 56.68 61.98 57.89 - - -
LeDex-RL-7B∗ 55.84 50.04 57.92 52.90 - - -

rLLM
DeepCoder-14B-Preview 80.49 75.00 63.40 67.46 28.33 34.05 14.24
DeepCoder-1.5B-Preview 67.07 61.59 36.00 52.12 6.84 22.94 9.89

Ours
ReflexiCoder-8B (Single) 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

ReflexiCoder-8B (Multiple) 95.73+6.71 87.80+7.31 82.00+11.8 79.10+8.73 36.84+4.21 54.12+16.37 37.68+13.98

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 trajectories.

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

equivalent computational budget.

3.3 In-depth Analysis and Insights

In this section, we conduct a series of analyses to
understand the emergent behaviors and scalability
of ReflexiCoder, with a case study in Appendix I.

Ablation Study We conduct an ablation study
to deconstruct the influence of each component in
our composite reward function Roverall. We train
four variants of ReflexiCoder where each variant
removes one term from the full reward formulation
in Equation 9: (1) Remove Format Gating F (τ)
to quantify the importance of enforcing a strict
reasoning-answer-reflection-answer format for the
learning process. (2) Remove Cycle Regulation
P (n) to test our hypothesis that without regulation,
the model may indulge in computationally wasteful

or even counter-productive deep reflection, failing
to learn when to terminate the process. (3) Remove
Efficiency Reward E(n) to investigate its role in
encouraging the model to make more substantial
corrections in fewer steps. (4) Remove Progres-
sive Improvement mt from Rtrajectory(τ), relying
solely on the absolute quality scores rt, to verify
that explicitly rewarding the positive delta in qual-
ity is crucial for guiding the model towards a mono-
tonically improving trajectory. As shown in Table
2, the results demonstrates that each component of
our reward designs plays a distinct and indispens-
able role in achieving the optimal performance and
trajectories.

Impact of Reasoning & Reflection To inves-
tigate the source of ReflexiCoder’s performance
gains, we conduct a comparative analysis against
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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.

three critical baselines: (1) Baseline, the base
model without any additional fine-tuning; (2) No
Reasoning Pattern, where the base model with
non-thinking mode; and (3) Vanilla Outcome-RL,
which optimizes the model using a binary pass/fail
reward signal without incentivizing the intermedi-
ate reflection-correction trajectory. The results are
summarized in Figure 3. The substantial perfor-
mance gains of ReflexiCoder over both the Non-
Reasoning and Vanilla RL baselines with absolute
average improvements of 18.64% and 5.22%, re-
spectively, across three reasoning-intensive bench-
marks demonstrate that the model’s success is not
merely a byproduct of reasoning and RL, but rather
stems from the structured self-reflection and self-
correction process. This suggests that our Reflexi-
Coder has developed an intrinsic debugging capa-
bility that mimics human-like cognitive oversight.

Scalability with Model Size We evaluate scal-
ability by training ReflexiCoder on Qwen3 mod-
els from 0.6B to 14B. Figure 4 reports average
pass@1 over HumanEval, BigCodeBench, Live-
CodeBench, and CodeForces for the base model,
a non-reasoning variant, and our RL-trained Re-
flexiCoder. Across all sizes, non-reasoning con-
sistently underperforms, with the largest drops on
LiveCodeBench and CodeForces, highlighting that
intermediate reasoning is critical for algorithmic

planning and bug detection. In contrast, our Reflex-
iCoder yields larger gains as model size increases,
with especially strong improvements on reasoning-
intensive benchmarks. This supports our key claim
that optimizing the full “generate, reflect, correct”
trajectory with RL teaches intrinsic self-correction,
and larger models can internalize this policy more
effectively. Training curves in Appendix Figure 7
further show faster optimization of Rtrajectory(τ)
and E(n) for larger models, indicating more effec-
tive and efficient reflection.

Token Budget Analysis To thoroughly investi-
gate the computational overhead of our proposed
framework, we analyze the token consumption
across different models and settings. As detailed in
Table 3, both configurations of our model, Reflexi-
Coder (Single) without the system prompt, and Re-
flexiCoder (Multiple) with the system prompt con-
sistently exhibit lower average full token budgets
compared to the reasoning baselines, Qwen3-8B
and Qwen3-14B. Notably, the “Reflection” distribu-
tion reveals that ReflexiCoder (Multiple) performs
exactly one self-reflection step across nearly all
tasks (164/164 on HumanEval and 1,139/1,140 on
BigCodeBench). This empirically validates our pre-
vious assertion: the model successfully learns the
“optimal trajectory”, synthesizing a correct solution
on the first attempt and executing only a single,
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Table 3: Token budget statistics and self-reflection count distributions across benchmarks of varying difficulty
levels. The “Reflection” column details the frequency distribution of reflection cycles executed per task. The “Full”
designation refers to the token count of the entire generated response, whereas “Reasoning” isolates the specific
token footprint of the reasoning process.

Model
HumanEval (164 tasks) BigCodeBench (1,140 tasks)

Min Avg Max Reflection Min Avg Max Reflection

Qwen2.5-Coder-7B-Instruct 61 289.18 820 - 116 430.02 1104 -
Qwen2.5-Coder-14B-Instruct 52 376.15 749 - 89 329.63 770 -
Qwen3-8B (Full) 690 4,170.03 16,385 - 856 5,214.01 16,385 -
Qwen3-14B (Full) 402 3,558.22 15,956 - 608 4,152.02 14,572 -
ReflexiCoder (Single) (Full) 553 3,455.13 16,381 {0: 164} 860 3,477.28 16,384 {0: 1140}
ReflexiCoder (Multiple) (Full) 551 2,214.51 11,107 {1: 164} 695 2,422.33 16,385 {0: 1, 1: 1139}

Qwen3-8B (Reasoning) 0 3,133.70 15,300 - 0 4,592.46 15,357 -
Qwen3-14B (Reasoning) 0 2,744.73 13,476 - 516 3,754.36 13,556 -
ReflexiCoder (Single) (Reasoning) 0 2,701.11 13,827 - 0 2,866.30 8,782 -
ReflexiCoder (Multiple) (Reasoning) 253 1,743.43 10,529 - 0 1,841.67 6,919 -
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Figure 5: Probability density distributions of token consumption for both full responses (top) and reasoning
segments (bottom) across the HumanEval and BigCodeBench benchmarks. The reasoning segments correspond
to the <think>...</think> generation phases. Note that the Qwen2.5-Coder-7B/14B-Instruct baselines are not
reasoning models, and thus lack corresponding reasoning token budgets.

concise optimization pass. Despite engaging in an
additional reflection and optimization phase, Re-
flexiCoder (Multiple) consumes significantly fewer
total tokens than ReflexiCoder (Single). To un-
cover the mechanism driving this efficiency, we
isolate and analyze the token budget specifically al-
located to the reasoning process (denoted as “Rea-
soning” in Table 3). A clear hierarchical reduc-
tion in reasoning tokens emerges: Qwen3-8B >
Qwen3-14B > ReflexiCoder (Single) > Reflexi-
Coder (Multiple). This demonstrates that our RL
training paradigm profoundly enhances the model’s
core deductive capabilities. By internalizing a more
structured and goal-directed reasoning process, Re-
flexiCoder efficiently isolates the critical logic re-
quired to solve the problem, thereby eliminating
redundant exploration and verbalization.

These statistical findings are further corrobo-
rated by the visual distribution of token budgets
shown in Figure 5. The probability density curves
for both the full response and the reasoning seg-
ments illustrate a distinct leftward shift for Reflexi-
Coder compared to the Qwen3 baselines, indicating
a strong concentration toward lower token budgets.
Specifically, the distribution for ReflexiCoder (Mul-

tiple) exhibits the sharpest peak at the lowest token
range across both HumanEval and BigCodeBench.

Therefore, the dynamic self-reflection and self-
correction mechanisms do not impose a computa-
tional burden. On the contrary, the highly effective
RL optimization suppresses inefficient generation
and improves reasoning capabilities, allowing the
model to achieve superior performance with a sub-
stantially more economical token consumption.

4 Conclusion

In this work, we propose ReflexiCoder, a frame-
work that leverages reinforcement learning to teach
LLMs intrinsic self-reflection and self-correction
without relying on external oracles and environmen-
tal interaction at inference time. By formulating de-
bugging as a trainable decision-making trajectory,
our ReflexiCoder-8B achieves state-of-the-art per-
formance among open-source models in the 1.5B
to 14B range and surpasses or remains competitive
with proprietary models like GPT-5.1 on complex
reasoning benchmarks. These results demonstrate
that optimizing internal self-debugging capabilities
via RL is a scalable and effective direction for the
next generation of reliable code LLMs.
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5 Limitations

Our proposed ReflexiCoder improves reliability
by allocating multiple reflection and correction cy-
cles. Even with cycle regulation and efficiency
bonuses, the method may increase token usage and
latency compared to single pass generation. This
trade-off can limit applicability in tight latency set-
tings, and the optimal reflection budget may vary
by task difficulty in ways that are hard to predict
a priori. The proposed intrinsic debugging primar-
ily targets algorithmic correctness and local code
issues within a single file setting. It does not ex-
plicitly address repository level development, long
horizon refactoring, dependency management, or
interactive debugging with evolving specifications.
Extending the trajectory formulation to multi-file
contexts and richer tool interfaces remains future
work. We instantiate ReflexiCoder on Qwen3 fam-
ily models and evaluate on common Python centric
benchmarks. While scaling trends are promising,
it is unclear how well the same trajectory format
and reward shaping transfer to other base models,
other programming languages, or domains where
correctness cannot be captured by unit tests alone.
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A Related Work

Iterative Refinement with External Feedback.
Recent advancements suggest that code genera-
tion is fundamentally an iterative process rather
than a single-turn translation task (Shinn et al.,
2024; Zhuo et al., 2025). A prevalent paradigm
prompts frozen models to iteratively refine their
outputs using external feedback. For example, Self-
Debugging (Chen et al., 2024) and LDB (Zhong
et al., 2024) revise code based on execution traces
or unit test results, while Self-Evolve (Jiang et al.,
2023b) and Reflexion (Shinn et al., 2024) incorpo-
rate critic-style feedback from external evaluators
or self-generated reflections. LATS (Zhou et al.,
2023) further augments this paradigm by coupling
refinement with Monte Carlo Tree Search (MCTS)
guided by external value estimates. Despite their
promise, these methods depend on high-quality
external oracles (e.g., compilers, test suites, or
critic models), which may be unavailable or
expensive in real-world deployment. Unlike
these methods, our ReflexiCoder internalizes self-
debugging by learning to self-correct from intrin-
sic self-reflection signals, eliminating the need for
external oracles (e.g., execution environments or
separate critic models) at inference time.

RL for Code and Reasoning. Reinforcement
Learning (RL) has been widely adopted to align
LLMs with functional correctness. CodeRL (Le
et al., 2022) and PPOCoder (Shojaee et al., 2023)
leverage actor-critic architectures to optimize mod-
els using compiler feedback or unit test pass rates
as reward signals. DeepCoder (Luo et al., 2025)
further explores multi-stage RL to enhance code
generation. However, these methods typically op-
timize the single-pass generation policy with exe-
cution rewards, but fail to cultivate the intrinsic
reasoning capability to identify and analyze po-
tential errors and to iteratively correct them
autonomously after an initial attempt. Recently,
reasoning-oriented models like DeepSeek-R1 (Guo
et al., 2025) have demonstrated that extending in-
ference time with intrinsic chain-of-thought (CoT)
can significantly boost performance. While these
models illustrate the potential of test-time scaling,
supervising or incentivizing the specific structure
of “self-reflection and self-correction” for code re-
mains underexplored. ReflexiCoder addresses this
gap by formulating the self-debugging loop as a
structured trajectory and optimizing it via RL, al-
lowing the model to autonomously discover effec-
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tive strategies for error localization and correction.

B Reward Design Principles

This trajectory-level quality reward is motivated by
the intrinsic requirements of iterative refinement
tasks in reinforcement learning. The reward struc-
ture serves three interrelated objectives as follows:

• First, it promotes continuous improvement of
answers by providing positive reinforcement
for any quality gain and proportional scaling
with the magnitude of improvement.

• Second, it penalizes decline in quality and
also discourages stagnation when the per-
formance is below the maximum achievable
level, thereby maintaining the incentive to
search for better solutions.

• Third, it preserves stability once the quality
has reached its maximum by avoiding penal-
ties for lack of improvement at that point.

This combination of principles balances the drive
for progress with the preservation of optimal states,
preventing policies from sacrificing existing high-
quality answers in pursuit of transient improvement
signals or prematurely halting refinement before
reaching optimal performance.

C Reflection-aware GRPO

For a given prompt q under the old policy πθold , we
sample a group of G outputs {oi}Gi=1, each eval-
uated with the proposed reward Roverall(τi). The
group-relative normalized advantage for the i-th
trajectory is

Âi =
Roverall(τi)− µR

σR
(10)

where µR = 1
G

∑G
j=1Roverall(τj), σR =

(
1
G

∑G
j=1 (Roverall(τj)− µR)

2
) 1

2 Policy optimiza-
tion then follows the clipped surrogate objective:

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)

ri,t(θ) =
πθ(oi,t | q, oi,<t)

πθold(oi,t | q, oi,<t)
.

where ri,t(θ) denotes per-token likelihood ratio.
This formulation preserves GRPO’s stability advan-
tages while embedding ReflexiCoder’s reflection-
aware reward into advantage computation, aligning
gradient updates with both code correctness and
self-reflection efficiency.

D Implementation Details

In this section, we further illustrate the implemen-
tation details as follows.

D.1 Baselines

We compare against seven representative code
models: Qwen2.5-Coder-7B-Instruct (Hui et al.,
2024), Seed-Coder-8B-Instruct (Seed et al., 2025),
DeepSeek-Coder-7B-Instruct (Guo et al., 2024),
CodeGemma-7B-IT (Team et al., 2024), and
CodeLlama-7B-Instruct (Roziere et al., 2023),
LeDex-RL-7B (Jiang et al., 2024), and DeepCoder-
14B-Preview (Luo et al., 2025). For the six open-
weights models, we perform evaluation using the
official chat templates and generation settings rec-
ommended by the authors. However, as the weights
for LeDex-RL-7B are not publicly accessible, we
report its results directly from the original paper
(Jiang et al., 2024).

D.2 Dataset Curation

Our training dataset is derived from the open-
source DeepCoder training corpus (Luo et al.,
2025). We directly use four subsets released
by DeepCoder: TACO-Verified (7,436 problems),
LiveCodeBench (599), CodeForces (6,128), and
LeetCode (2,641). We follow DeepCoder’s re-
leased preprocessing, including quality filtering
and decontamination, to ensure reliable problem
statements and to reduce overlap with standard eval-
uation benchmarks. The LiveCodeBench portion of
our training data only contains problems submitted
between May 1, 2023 and July 31, 2024. We addi-
tionally verify that it does not overlap with the Live-
CodeBench v5 test split used by the EvalChemy 1

evaluation framework, whose problems fall in the
time window August 1, 2024 to February 1, 2025.

D.3 Hyperparameters Settings

Our ReflexiCoder optimizes a multi-step self-
reflection and self-correction trajectory with a com-
posite reward. For clarity and reproducibility, we
list all reward-related coefficients and thresholds

1https://github.com/mlfoundations/evalchemy
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Table 4: 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 0.5 weight of trajectory quality term
ψ 1.0 weight of efficiency term
ξ 1.0 weight of formatting constraints term
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Figure 6: Pass@1 sensitivity to reward weights Format (ξ), Iter. Quality (φ), Efficiency (ψ) on four benchmarks.

in Table 4. Unless otherwise specified, we keep
these hyperparameters fixed across all tasks and
benchmarks. In the sensitivity analysis in Section
E, we observe that final performance is stable over
a broad range of values, suggesting that the pro-
posed RL objective does not rely on brittle tuning.

D.4 System Prompt

To mitigate hallucination and logic errors in code
generation, we define a structured interaction pro-
tocol. As detailed in Figure 10, the system prompt
instructs the LLM to follow a strict verification
loop. Before delivering the final output, the model
must: (i) perform a first-pass analysis, (ii) reflect
on potential edge cases, and (iii) execute a fix or op-
timization only if the previous version is confirmed
functional. This design ensures that efficiency im-

provements never sacrifice correctness, a critical
safeguard for automated code generation tasks.

E Hyperparameter Analysis

We evaluate the sensitivity of ReflexiCoder to the
reward weights in Eq. 9: trajectory quality φ, ef-
ficiency bonus ψ, and format constraint ξ. Fig-
ure 6 shows that performance is robust across a
wide range of settings, indicating a stable RL objec-
tive. The best overall configuration is ⟨ξ, φ, ψ⟩ =
⟨1.0, 0.5, 1.0⟩, which yields the strongest and most
consistent results across all benchmarks, with par-
ticularly large gains on reasoning-intensive tasks
(LiveCodeBench and CodeForces). Notably, overly
large φ degrades performance, suggesting that the
improvement comes from reward-aligned, effec-
tive self-reflection that enables repair, rather than
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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.

longer or more elaborate reflection. Increasing ψ
generally helps, supporting the need to explicitly
encourage efficient multi-step self-correction.

F Training Dynamics and Reward Scaling

In this section, we provide a detailed analysis of the
reward-learning dynamics across different model
scales, as referenced in the main text. To investigate
how model capacity influences the optimization of
the reflection policy, we track the progression of the
key reward components during the RL fine-tuning
process.

As illustrated in Figure 7, we observe that dif-
ferent reward components exhibit distinct scaling
behaviors, rather than a uniform “larger-is-always-
better” trend:

• Cycle Count Regulation (P (n)): Larger
backbones improve cycle-count control more
substantially. In particular, the 0.6B model
continues to climb and reaches the highest
P (n) by the end of training, while 4B/8B/14B
rise quickly but plateau earlier at a lower level.
This suggests that smaller models may rely
more on increasing/refining the number of cy-
cles to gain reward, whereas larger models
learn an adequate stopping behavior earlier.

• Progressive Improvement (Rtrajectory(τ)):
Scaling is crucial for learning genuine it-
erative quality gains. The 0.6B model’s
Rtrajectory(τ) degrades after early training and
becomes persistently negative, indicating un-
stable or even harmful reflection updates.
In contrast, models ≥4B steadily reach and
maintain positive Rtrajectory(τ) (with 8B/14B
slightly higher and more stable), suggesting
that sufficient capacity is needed to internalize
the “reflect-and-correct” mechanism without
drifting.

• Efficiency Reward (E(n)): Larger models
achieve higher and more stable efficiency re-
wards. The 0.6B model remains low through-
out training, 1.7B improves but saturates at a
moderate value, while 4B/8B/14B converge
to a clearly higher plateau. This indicates that
scaling helps produce concise yet effective de-
liberation, reducing redundant or oscillatory
reflection traces.

• Trajectory Format (F (τ)): Formatting com-
pliance improves with scale, but the most pro-
nounced gain appears in the smallest model:
0.6B eventually attains the highest F (τ),
while larger models improve quickly and then
saturate. This suggests that format adherence
is comparatively easy to learn across scales,
and may not be the main bottleneck once a
model reaches moderate capacity.

Overall, these dynamics reinforce that the gains
of our ReflexiCoder are driven by learning struc-
tured self-correction policies, especially the abil-
ity to generate positive iterative improvements
(Rtrajectory(τ)) and efficient deliberation (E(n))
which emerge reliably only at sufficient model
scale, rather than being a mere artifact of longer
rollouts or increased sampling.

G Interpretation of Reward Shaping

To understand how our shaping terms drive the per-
formance gains of ReflexiCoder, we visualize the
learned reward landscape over training. For each
model scale, we fit a smooth surface ẑ = f(x, y)
with RBF regression, where x = P (n) is the cycle-
count regulation reward, y = Rtrajectory is the itera-
tive quality improvement reward, and z is the final
code-quality reward (reward on the last rewritten
code). Figure 8 reveals three consistent patterns
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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 generated 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.

across scales. The surface height and colormap
jointly encode the predicted ẑ (higher/brighter in-
dicates 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.

Across 0.6B to 14B, the highest ẑ concentrates in
regions where both P (n) and Rtrajectory are strong.
This indicates that quality gains are not explained
by “more iterations” or “better rewriting” alone.
Instead, the model benefits most when it learns a
structured self-debugging trajectory: allocating an
appropriate number of reflection cycles while mak-
ing each revision measurably improve the solution.
This supports our framing of self-correction as a
multi-step decision process optimized end-to-end
by RL.

Moreover, the surfaces show that pushing
Rtrajectory without sufficient P (n) does not reliably
yield high z. In practice, unconstrained reflection

can lead to over-editing, oscillations, or verbose
but non-functional changes. The positive gradient
along P (n) suggests that cycle-count regulation
acts as an implicit budgeting and credit assignment
aid, steering the policy toward reflection depths that
are most likely to convert into correct final code
rather than extended but low-yield “thinking”.

Furthermore, as scale increases, the high-ẑ re-
gion becomes broader and the attainable ẑ in-
creases, indicating that larger models can convert
trajectory-level improvement signals into final cor-
rectness more consistently. Importantly, the same
qualitative landscape persists across scales, suggest-
ing the reward design is not brittle or size-specific.
This helps explain why our ReflexiCoder’s RL
training yields robust gains on complex bench-
marks: the model is not merely optimizing for
a better first-pass solution, but learning an inter-
nalizable debugging strategy that generalizes with
capacity.

Overall, the visualization provides mechanistic
evidence that the performance jump comes from
our RL-optimized intrinsic self-reflection and self-
correction loop. The shaping terms jointly encour-
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age (i) when to stop reflecting and (ii) how to
make corrections that monotonically improve code,
reducing reliance on external execution feedback
while improving final functional correctness.

H Token Budget Discussion

A potential concern regarding our iterative refine-
ment frameworks is the increased computational
cost, as multi-round reflection and correction in-
evitably consume a larger token budget compared
to standard single-attempt inference. To ensure
a fair comparison with baseline models and to
demonstrate the intrinsic strength of our Reflex-
iCoder, we clarify the relationship between our re-
inforcement learning paradigm and inference-time
behavior.

Policy Conditioning via System Prompts. The
structured reasoning-reflection behavior of Reflexi-
Coder is conditioned on the specific system prompt
utilized during RL training. Our training objective
encourages the model to internalize the “Reasoning
→ Answer → Reflection → Correction” loop as
a specialized operating mode. Crucially, this be-
havior is not hard-coded but is a learned response
to the prompt’s instructions. In the absence of this
system prompt, ReflexiCoder reverts to the stan-
dard inference behavior of its vanilla base model
(i.e., Qwen3-8B), producing a single-pass solution
without internal reflection and iterative cycles.

Fair Comparison under Identical Budgets. To
eliminate any “unfair” advantage provided by ex-
tra tokens, we evaluate ReflexiCoder on standard
benchmarks using a single-attempt setting without
the iterative system prompt. This ensures that our
model operates under the exact same token budget
as all baseline models. As demonstrated in Table 1,
our ReflexiCoder consistently outperforms base-
lines even in this restricted zero-reflection mode.
This empirical evidence validates that the proposed
RL training pipeline enhances the model’s funda-
mental problem-solving capability rather than sim-
ply relying on repeated trials.

Optimal Trajectory Internalization. The supe-
rior zero-reflection performance is a direct conse-
quence of our reward design (see Eq. 9). Within the
RL environment, the optimal rewards are naturally
assigned to trajectories where the initial solution
is correct and requires only a single, brief opti-
mization step. By optimizing for the maximum
expected reward, the model learns to prioritize the

“optimal trajectory” generating a high-quality, bug-
free solution on the first try.

Furthermore, since our efficiency reward (Eq. 8)
penalizes redundant iterations, the model learns
that subsequent reflections should ideally focus on
non-functional improvements (e.g., readability or
style) rather than fixing logic errors. Consequently,
the first-pass success rate (Pass@1) is significantly
bolstered, ensuring that the model remains highly
competitive and efficient even when computational
resources are strictly constrained.

I Case Study

To provide qualitative insight into the self-
correction process, we conduct a case study on
a challenging problem from the TACO benchmark.
We sample a trajectory generated by ReflexiCoder-
8B (Multiple) and manually annotate the errors
in the initial solution and the corrections made in
subsequent reflection cycles. As illustrated in Fig-
ure 9, in Cycle 0, the model produces an initial
brute-force implementation to count valid subar-
rays under the 2j scaling constraint. In Cycle 1,
self-reflection detects a correctness bug: the check
mistakenly allows equal consecutive scaled val-
ues (non-decreasing), and is corrected to enforce
strict increase by changing < to <=. In Cycle 2,
the model performs an optimization-only revision
by precomputing powers of two and reducing re-
dundant computations, improving efficiency and
readability while preserving correctness.
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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
<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
<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 9: A qualitative example of ReflexiCoder’s iterative self-reflection and self-correction on a TACO task.
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System Prompt for ReflexiCoder

You are an expert Python programmer capable of self-correction and iterative optimization. Your
goal is to provide code that is not only functional and bug-free but also efficient and clean.
Crucially, any optimization must rigorously preserve the original, correct functionality. Do
not introduce bugs in the name of optimization.
You must follow a strict “Reasoning -> Code -> Reflection -> Iteration” loop.
## Code Formatting Rules (CRITICAL)
• Markdown Wrappers: All code generated within the <answer> tags MUST be wrapped in

standard Markdown code blocks (e.g., ```python ... ```).

• No Plain Text Code: Do not output code as plain text. If you are writing code, it must be inside
the triple backticks.

## Core Workflow
1. Analyze & Draft: Start with internal reasoning <think>, then provide the initial code solution
<answer>.

2. Reflect: Critically evaluate the previous <answer> in a <reflection> block.

3. Decide Next Step: based on the reflection:

• Case A: Potential Bugs Found. If logical errors, syntax errors, or edge-case failures are
detected:

– Define the fix.
– Generate a corrected <answer>.
– Loop back to step 2 (Reflect on the new answer).

• Case B: Correct Functionality Confirmed (Ready for Optimization). If the code is fully
functional, perfectly correct, and handles all edge cases but could be improved (efficiency,
readability, style):

– Define the optimization. Before applying any optimization, explicitly verify that the
optimization will not alter the correct output or introduce any new bugs.

– Generate the optimized <answer>.
– TERMINATE the process immediately. Do NOT reflect again.

## Constraints & Safety
• Maximum Iterations: You are allowed a maximum of 5 <answer> outputs total. If you reach

the 5th attempt, output the best version and stop, regardless of remaining issues.

• Optimization Limit: Once you enter “Case B” (Optimization), you must stop after the next
answer. Do not optimize an already optimized answer.

• Correctness First: Never sacrifice correctness for optimization. If an optimization intro-
duces even a minor functional error, it is considered a regression and must be reverted or
fixed before proceeding.

## Output Format
You must strictly adhere to the following XML-style tags.
Step 1: First Pass
<think>
[Internal monologue: Analysis of requirements, logic design, edge cases. Focus on achieving
correct functionality first.]
</think>
<answer>
[The initial code implementation wrapped in standard Markdown code blocks:
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```language_name
# Your code goes here
# STRICTLY inside markdown code blocks
```]
</answer>
Step 2: Reflection Loop
Every reflection must start with a STATUS indicator:

• STATUS: BUG_DETECTED (implies correction is needed)

• STATUS: OPTIMIZATION_ONLY (implies code is correct, only quality improvements needed,
with strict correctness preservation.)

<reflection>
STATUS: [BUG_DETECTED | OPTIMIZATION_ONLY]
[Critical analysis. If BUG_DETECTED, list errors and explain the fix. If OPTIMIZATION_ONLY,
explain how to improve complexity/readability/style, and explicitly state how correctness will be
preserved during this optimization.]
</reflection>
Step 3: The Next Answer (Iterative)
<answer>
[The corrected OR optimized code based on the previous reflection wrapped in standard Markdown
code blocks:
```language_name
# The corrected OR optimized code
```]
</answer>
(Repeat Step 2 and 3 only if STATUS was BUG_DETECTED. If STATUS was OPTIMIZA-
TION_ONLY, stop after the answer.)
## Example of Logic Flow
Scenario 1 (Bugs Found):
reason -> answer (draft) -> reflection (BUG_DETECTED) -> answer (fix) -> reflection
(BUG_DETECTED) -> answer (fix) -> reflection (OPTIMIZATION_ONLY) -> answer (op-
timized) -> [STOP]
Scenario 2 (No Bugs initially):
reason -> answer (draft) -> reflection (OPTIMIZATION_ONLY) -> answer (optimized) -> [STOP]
## Example of Output Format
Always respond strictly in the following sequence and format:
<think>\n...\n</think>\n<answer>\n...\n</answer>
<reflection>\n...\n</reflection>\n<answer>\n...\n</answer>
...(more iteration)...

Figure 10: System prompt for ReflexiCoder. The model is instructed to follow a strict “Reasoning → Code →
Reflection → Iteration” loop to generate, self-reflect, and iteratively correct code. The prompt enforces a rigid
XML-style output format with <think>, <answer>, and <reflection> blocks, requires all code to be wrapped
in Markdown code fences, and mandates that each reflection begins with a STATUS indicator (BUG_DETECTED
or OPTIMIZATION_ONLY) to decide whether to continue debugging or perform a single, correctness-preserving
optimization and then terminate. Additional constraints cap the process to at most five <answer> iterations and
explicitly prohibit trading correctness for optimization.
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