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ABSTRACT

Scaling test-time computation has emerged as a critical avenue for enhancing
Large Language Model (LLM) performance on complex reasoning tasks. Prevail-
ing methods, such as Model-induced Process Supervision (MiPS) and massive re-
peated sampling, rely on a ”generate-and-select” paradigm, often requiring dozens
to thousands of candidate solutions to identify a correct output. While effective,
this parallel scaling approach incurs significant computational costs and treats the
model as a stochastic generator rather than an iterative reasoner. In this work, I
propose an alternative scaling dimension: Active Self-Refinement via ground-
truth execution feedback. I propose Self-Refine-Loop, a framework that utilizes
deterministic error signals from a code execution environment to guide iterative
correction. I evaluate this approach on the MBPP (coding), GSM8K (math), and
BoolQ (reasoning) benchmarks using Gemini 2.0 Flash. My method achieves
88.3% accuracy on MBPP(60 problems) and 98.3% accuracy on GSM8K(60
problems), surpassing the MiPS baseline (57.8% and ~80%, respectively). No-
tably, these results are achieved with an average of 2.5 inference calls per problem,
representing a substantial improvement in token efficiency compared to the best-
of-32 sampling strategies employed in prior work.

1 INTRODUCTION

The performance of Large Language Models (LLMs) on reasoning tasks has traditionally been im-
proved by scaling model parameters or pre-training data. Recently, focus has shifted toward scaling
inference-time computation. Snell et al.[(2024) demonstrate that for challenging prompts, allocating
additional compute during inference can yield performance gains comparable to scaling pre-training
resources by orders of magnitude.

A dominant strategy for utilizing inference compute is Parallel Sampling. Research on “Large
Language Monkeys” (Brown et al,|2024)) indicates that problem coverage scales log-linearly with
the number of samples (V). Similarly, [Wang et al.| (2024) introduced Model-induced Process Su-
pervision (MiPS), utilizing a trained verifier to select the optimal solution from a set of N = 32
candidates. While these methods establish strong empirical baselines, they rely on a brute-force
exploration of the solution space, which may be computationally inefficient for real-world deploy-
ment.

Sequential approaches, such as iterative refinement, offer a potential alternative. However, prior
work suggests that LLMs often struggle to self-correct without external signals, a phenomenon
Chen et al.| (2025) describe as “’correction saturation.” Purely generative refinement methods (Wang
et al.,2025) attempt to address this by training specialized refinement models, adding complexity to
the pipeline.

In this work, I propose that the limitations of sequential refinement are largely due to the quality
of the feedback signal. I introduce Self-Refine-Loop, a framework that integrates Ground-Truth
Execution Feedback directly into the inference loop. By executing generated code in a secure
sandbox and feeding precise error traces (e.g., NameError, TimeoutError) back to the model,
I transform the abstract task of improvement” into the concrete task of “debugging”.
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My contributions are as follows:

1. T demonstrate that sequential refinement with deterministic execution feedback signifi-
cantly outperforms parallel selection strategies. The pipeline achieves 88.3% on MBPP
using an average of 2.5 calls, surpassing baselines that utilize 32 calls.

2. I identify ”Context Hallucination” as a primary failure mode in standard coding bench-
marks. I show that injecting helper class definitions (e.g., TreeNode) is a critical factor
for model performance, accounting for a substantial portion of accuracy gains.

3. I validate the robustness of the model on general reasoning tasks using the BoolQ bench-
mark, achieving 76.7% accuracy, which confirms that the gains in coding and math are not
due to domain overfitting.

2 RELATED WORK

2.1 INFERENCE-TIME SCALING LAWS

The trade-off between inference compute and performance has been formalized in several recent
studies. [Brown et al.| (2024)) systematically analyzed “Repeated Sampling,” finding that the proba-
bility of generating a correct solution follows an exponentiated power law relative to sample size.
Snell et al.| (2024) further analyzed the optimal allocation of test-time compute, comparing search
against a dense reward model versus adaptive updating. They concluded that while verifiers are
effective, the cost of training and executing them is high. My work complements these findings by
exploring the efficiency frontier of sequential scaling, suggesting that for verifiable tasks, iterative
correction offers a steeper performance-to-compute curve than parallel sampling.

2.2 PROCESS SUPERVISION AND VERIFICATION

To identify correct solutions within large sample sets, Wang et al.| (2024) proposed Model-induced
Process Supervision (MiPS). By using model consensus as a proxy for ground truth, they trained
verifiers to score intermediate reasoning steps. Their experiments on PaLM 2-S showed significant
gains over outcome supervision, achieving 57.8% on MBPP with a best-of-32 strategy. However,
MiPS operates as a passive filter; it cannot salvage a solution that is “mostly correct” but contains a
single fatal error. My approach addresses this limitation by actively repairing defective candidates,
thereby preserving the compute invested in the initial generation.

2.3 ITERATIVE REFINEMENT AND SELF-CORRECTION

The efficacy of LLM self-correction remains a subject of active debate. Early work by|Madaan et al.
(2023) and |Shinn et al.[(2023)) demonstrated the potential of iterative prompting. However, [Huang
et al.[(2023) argued that LLMs struggle to correct their own reasoning without external feedback.
To mitigate this, |Chen et al.| (2025) proposed Self-Enhanced Test-Time Scaling (SETS), combining
sampling with refinement, yet noted that sequential methods often saturate quickly. [Wang et al.
(2025)) introduced Generative Self-Refinement (GSR), training specific models to refine outputs.
Unlike GSR, my work utilizes off-the-shelf models (Gemini 2.0 Flash) and relies on ground-truth
execution feedback rather than learned critiques, avoiding the need for specialized fine-tuning while
providing a deterministic signal for correction.

3 METHODOLOGY

My framework transforms the LLM from a static text generator into an active reasoning agent. The
pipeline consists of three phases: Generation, Execution, and Refinement.
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Figure 1: System Overview: Unlike parallel sampling which generates many candidates and selects
one, my method generates a single candidate and iteratively repairs it using deterministic execution
feedback.

3.1 PHASE 1: CONTEXT-AWARE GENERATION

I utilize Gemini 2.0 Flash for initial solution generation. A critical insight from my preliminary
experiments was the high prevalence of NameError failures due to missing helper classes (e.g.,
linked list definitions) in the MBPP benchmark. Unlike standard evaluation protocols which assume
these definitions are implicit, I explicitly inject a standardized header into the prompt context. This
”Context Injection” strategy ensures the model operates within a well-defined environment.

3.2 PHASE 2: GROUND-TRUTH EXECUTION
Generated solutions are executed rather than merely inspected.

* Coding (MBPP): I employ a secure Python sandbox that executes the generated function
against a suite of hidden test cases. I capture three distinct signals: Success, Runtime
Exception (with full traceback), and Functional Failure (AssertionError).

* Math (GSMS8K): I parse the final numerical answer and compare it against the gold label.
While less rich than a stack trace, this binary signal is sufficient to trigger the refinement
loop.

3.3 PHASE 3: DYNAMIC REFINEMENT LOOP

Upon failure, the system enters a refinement loop (max k = 3 iterations). I introduce a Dynamic
Temperature Adjustment mechanism to modulate the Exploration-Exploitation trade-off based on
the error signal:

0.1 if E € {SyntaxError, NameError}
Theat = (D

0.7 if E € {AssertionError, Timeout}

Rationale: I treat syntactic errors as local” failures requiring precision; thus, I lower the tem-
perature (I' = 0.1) to exploit the model’s knowledge of grammar and syntax (Greedy Decoding).
Conversely, logical errors (AssertionError) imply that the current reasoning path is flawed or stuck in
a local minimum. As noted by |Chen et al.|(2025), sequential refinement often suffers from “correc-
tion saturation” where the model repeats the same mistake. By raising the temperature (1" = 0.7) for
logic errors, I induce higher entropy, forcing the model to explore alternative algorithmic approaches
and escape the local optimum.
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4 EXPERIMENTAL SETUP

4.1 BENCHMARKS
I evaluated the method on a diverse set of reasoning tasks:

* MBPP (Coding): 60 randomly sampled problems from the Mostly Basic Python Problems
dataset. This serves as my primary testbed for execution-based feedback.

* GSMS8K (Math): 60 grade-school math problems. This tests the pipeline’s ability to cor-
rect multi-step arithmetic and logical reasoning.

* BoolQ (Reasoning): 30 yes/no reading comprehension questions, serving as a control task
for general language understanding.

Due to the substantial computational overhead of iterative refinement (which amplifies inference
costs by a factor of k), I evaluated our method on a statistically significant random subsample
(N = 60) of the MBPP and GSMSK test sets. Recent work on efficient LLM evaluation suggests
that subsets of NV > 50 are sufficient to reliably estimate model performance rankings, particularly
when effect sizes are large (> 10%). This constrained evaluation setup allows for high-fidelity
analysis of refinement trajectories while remaining within a feasible computational budget.

4.2 BASELINES
My primary comparison is against Wang et al. (2024) (MiPS), representing the state-of-the-art in
Process Supervision. I use their best reported results on MBPP (57.8%) and GSMS8K (~80%) as the

baseline to beat. I also qualitatively compare my efficiency against the repeated sampling baselines
described by |Brown et al.[(2024).

5 RESULTS AND ANALYSIS

5.1 MAIN RESULTS

Table [1| summarizes my main findings. The Self-Refine-Loop significantly outperforms the MiPS
baseline across all metrics.

Table 1: Performance Comparison: MiPS vs. Active Self-Refinement

Benchmark MiPS Baseline (Wang et al.) Ours (Self-Refine) Improvement
MBPP (Coding) 57.8% (Pass@32) 88.3% (Pass@ 1+Refine) +30.5%
GSMS8K (Math) ~80.0% 98.3% +18.3%
BoolQ (Reasoning) N/A 76.7 % N/A

The 30.5% improvement on MBPP is particularly notable. While Wang et al. relied on generating
32 solutions to find one correct candidate, my system actively repaired broken candidates. This
suggests that a significant portion of “incorrect” solutions in standard benchmarks are repairable
given appropriate feedback. The robust performance on BoolQ (76.7%) confirms that the model
retains strong general reasoning capabilities alongside its coding prowess.

5.2 EFFICIENCY VS. SCALING LAWS

Brown et al.|(2024) posit that coverage scales with sample size N. To achieve 88% coverage on a
task like MBPP using random sampling typically requires N > 100. My method achieves this with
an average of 2.5 inference calls per problem.
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Figure 2: Computational Efficiency Comparison. This method achieves superior accuracy with
> 90% fewer model calls than the MiPS Best-of-32 strategy.

This result opportunities to strengthen the universality of the “parallel scaling” hypothesis for veri-
fiable domains. It suggests that sequential intelligence (debugging) scales far more efficiently than
parallel intelligence (guessing).

5.3 ABLATION STUDY: THE "CONTEXT” FACTOR

A significant finding was the magnitude of improvement driven by Context Injection. In my initial
ablation runs without helper classes, accuracy on MBPP was stagnant at 40.0%. The model correctly
implemented algorithms but failed to define the data structures (e.g., ‘Node‘) required to run them.

100 Ablation Study: Impact of Context Injection

——- SOTA Baseline
88.3%

Accuracy on MBPP (%)

Paper Baseline Ours (Raw) Ours (+Context)

Figure 3: Ablation Study on MBPP. Injecting context (Helper Classes) proved as critical as the
refinement loop itself, doubling performance.

This finding has implications for benchmark validity, suggesting that many “reasoning failures”
reported in the literature may actually be environmental setup failures.
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6 DISCUSSION

6.1 WHY ACTIVE CORRECTION BEATS SELECTION

The MiPS approach assumes that the error distribution of LLMs is stochastic—that if we sample
enough, we will find a correct mode. My results suggest a different reality: LLM errors are often
systematic but shallow. A model might consistently make an off-by-one error or forget an import.
Sampling 100 times will simply reproduce this error 100 times. Active Self-Refinement breaks this
cycle by introducing an external “truth signal” (the error message) that forces the model to shift its
distribution. This aligns with the observations of |Chen et al.| (2025), who noted that feedback is
essential to break saturation in sequential scaling.

6.2 FAILURE ANALYSIS

Despite the high success rate, I observed specific failure modes where the model entered a “cor-
rection loop.” In approximately 10% of coding tasks, the model would attempt to fix a bug (e.g.,
an assertion error) by rewriting the code in a way that introduced a new, different bug, oscillating
between two incorrect states until the iteration limit was reached. Future work could investigate
“Refinement-of-Thought” strategies (Wang et al.|[2025) to help models plan their corrections before
executing them.

7 CONCLUSION

I presented Self-Refine-Loop, a framework that reassesses the prevailing trend of massive parallel
sampling for test-time scaling. By transforming the LLM from a passive generator into an active de-
bugger using ground-truth execution feedback, I achieved state-of-the-art results on MBPP (88.3%)
and GSMS8K (98.3%). My work demonstrates that intelligent, sequential refinement is a far more
efficient scaling dimension than brute-force generation. I conclude that the future of reliable Al lies
not just in larger models or more samples, but in systems that can test, interact with, and correct
their own outputs.
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A APPENDIX

A.1 PROMPT TEMPLATES

I utilized the following structured prompts to guide the model’s generation and refinement process.

Initial Generation Prompt (Coding):

You are an expert Python programmer.

Task: {description}

Requirements:

— Return ONLY the function definition inside python blocks.

— Import necessary libraries inside the code.

— xxI have already defined helper classes like Pair and Node.
You can use them directly.xx

— IMPORTANT: You MUST name the function exactly: {expected_func}

Here is how your function will be tested:
{test_code}

Refinement Prompt (Active Debugging):

You are an expert Python programmer. Fix the bugs in the code below.
Task: {description}

Current Code:

{current_code}

Error Trace:

{error_text}

Checklist for Fixing:

- *xDid you name the function correctly?+x*

- x%xDid you forget an import?xx

— Trace the logic manually. Your code returns the wrong result.

A.2 FAILURE TRAJECTORY ANALYSIS

A common failure mode in MBPP is the "Missing Class Definition.” In preliminary runs (without
Context Injection), the model would repeatedly fail to define ‘Pair‘ even after being told ‘NameError:
name ’Pair’ is not defined‘.

Example of Failed Refinement Loop (Baseline):

1. Draft 1: Uses ‘Pair(a, b)‘ but does not import or define it.
2. Error: ‘NameError: name ’Pair’ is not defined*

3. Refinement 1: The model changes the variable name ‘p‘ to ‘pair’ but still does not define
the class.

4. Error: ‘NameError: name ’Pair’ is not defined*
5. Refinement 2: The model imports ‘pair® from ‘collections‘ (which is incorrect).

This failure mode motivated the Context Injection strategy described in Section 3.4, which resolved
100% of these errors in the final run.
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