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Abstract 

This study addresses the challenge of enhancing Small Language Models (SLMs) for complex code 

generation tasks requiring structured planning, which current models struggle with due to their 

monolithic, single-pass generation approach. A three-stage pipeline architecture is proposed that 

decouples strategic planning from implementation: (1) an SLM generates diverse natural language 

strategies at high temperature, (2) a filtering mechanism selects high-quality strategies while 

removing noise, and (3) refined strategies guide a specialized coding model for final implementation. 

The approach was evaluated on the ClassEval benchmark for class-level code generation. The 

pipeline enabled a 1.5B parameter model to achieve 13% class success rate, representing a 30% 

relative improvement over direct generation (10%) and competitive performance with models 5-8 

times larger. Critically, effective strategy filtering proved more important than strategy diversity, 

with simple pattern-based filters successfully mitigating SLM artifacts like few-shot contamination. 

This work demonstrates that structured, inference-time computation offers an efficient alternative to 

parameter scaling, with strategic noise reduction being the key driver of performance gains in 

resource-constrained models. 
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1- Introduction 

The proficiency of Language Models (LMs) in code generation has advanced rapidly, evolving from producing simple 

snippets to authoring complete software components [1]. Despite this progress, their utility is often constrained when 

faced with complex programming problems that demand multi-step reasoning, algorithmic design, and strategic foresight 

[2, 3]. The predominant approach of direct, end-to-end code generation forces models to solve intricate problems in a 

single pass. This monolithic process is fundamentally at odds with the methodologies of human software development 

[4] and is a direct consequence of the autoregressive, token-by-token nature of the underlying transformer architecture 

[5], which lacks inherent mechanisms for high-level planning. 

This limitation can be understood through the lens of dual-process cognitive theory [6]. Current LMs excel at System 

1 thinking (fast, intuitive, and based on pattern recognition from vast training data). However, complex software 

engineering is a hallmark of System 2 thinking (slow, analytical, and strategic). Expert human programmers do not begin 

by writing code; they first decompose the problem, devise mental models, and evaluate multiple potential strategies 

before implementation [7, 8]. This strategic decomposition is the missing link in modern code generation systems. 

Recent empirical studies have demonstrated the limitations of direct code generation approaches. Wang et al. [2] 

showed that LLMs often fail on problems requiring algorithmic planning, while Abbassi et al. [3] documented systematic 

inefficiencies in LLM-generated code. These failures are particularly pronounced in Small Language Models, where 
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resource constraints exacerbate the planning deficit. Liu et al. [9] demonstrated that even surface-level correct code often 

contains latent functional errors when deeper reasoning is required. Specifically for small models, preliminary 

experiments with LLaMA-3.2-1B on ClassEval showed near-zero performance (1.6% function success), compared to 

25.3% for the specialized Qwen2.5-Coder-1.5B, highlighting the acute planning deficit in general-purpose SLMs. These 

empirical observations motivated the hypothesis that explicit strategic decomposition could compensate for SLMs' 

limited reasoning capabilities. Additionally, despite advances in prompting techniques [10-12] and planning-first 

approaches [2, 13, 14], a critical gap remains: existing methods either require hundreds of model queries (making them 

impractical for SLMs) or employ complex multi-stage transformations that introduce error cascades. Furthermore, while 

the importance of intermediate output quality has been recognized [15-17], systematic investigation of strategy filtering 

mechanisms specifically for SLMs remains unexplored. This gap is significant because SLMs produce qualitatively 

different artifacts (such as few-shot contamination and repetition anomalies) that require targeted mitigation strategies 

rather than general-purpose filtering. 

To bridge this gap, this paper introduces a novel three-stage pipeline architecture that explicitly separates strategic 

thinking from implementation, designed specifically to augment the performance of resource-efficient Small Language 

Models (SLMs). This architecture achieves significant efficiency gains, demonstrating that structured computation can 

substitute for sheer parameter growth. Our approach consists of three distinct phases: 

Strategy Generation: An SLM operating at a high temperature generates multiple, diverse problem-solving strategies 

in natural language, effectively broadening the exploration of the solution space. 

Strategy Selection: A filtering mechanism prunes the generated strategies, removing irrelevant, misleading, or noisy 

approaches. 

Code Generation: The curated set of high-quality strategies then guides a specialized code generation model to 

produce the final, correct implementation. 

This work is motivated by the growing need for efficient and accessible AI systems. While scaling model parameters 

has been the dominant paradigm for improving performance [18], it comes with prohibitive computational costs. 

Inference-time scaling, which allocates more computation during generation, offers a promising alternative [19]. The 

proposed pipeline is a form of inference scaling that structures this additional computation to mimic human cognitive 

workflows. 

A rigorous evaluation is conducted on the ClassEval benchmark [20], which assesses class-level code generation with 

interdependent methods, a task far more representative of real-world programming than simpler function-level 

benchmarks. The experiments yield two primary insights. First, our pipeline architecture is highly effective, enabling a 

1.5B parameter SLM to improve performance by 30% and compete with models 5-8x larger. Second, a surprising 

dynamic is uncovered: the key to success is not generating a wide diversity of strategies, but rather the aggressive filtering 

of strategic noise. The selection stage, which removes artifacts and conceptual contamination from the SLM's output, is 

the single most critical driver of performance. 

This paper makes the following contributions: 

• It proposes a novel, cognitively-inspired three-stage pipeline that enhances SLM code generation by decoupling 

planning and implementation. 

• It demonstrates that this architecture allows a 1.5B model to achieve results competitive with much larger models, 

offering an efficient path to improved performance. 

• It provides strong empirical evidence that for SLMs, effective strategy filtering is more critical than strategy 

diversity. 

• It analyzes the failure modes of SLMs in a strategic pipeline, revealing how simple mechanisms can correct for 

artifacts like few-shot contamination. 

The remainder of this paper is organized as follows: Section 2 reviews related work on prompting strategies, planning-

first approaches, and strategy selection methods. Section 3 presents our three-stage pipeline methodology in detail. 

Section 4 describes the experimental setup, including benchmark selection, model architecture, and evaluation metrics. 

Section 5 reports and analyzes our experimental results, with particular focus on the critical role of strategy filtering. 

Section 6 discusses broader implications and limitations of our findings. Section 7 concludes with key takeaways and 

future research directions. 

2- Related Works 

Our research builds upon four primary areas: prompting techniques for enhanced reasoning, explicit planning-first 

architectures, methods for strategy selection, and small language models. 
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2-1- Prompting Strategies for Enhanced Reasoning 

Early work revealed that the reasoning capabilities of LMs could be ''unlocked'' through structured prompting. Chain-

of-Thought (CoT) prompting [10] showed that instructing a model to generate step-by-step reasoning before the final 

answer dramatically improves performance on complex tasks. Self-Consistency [11] extended this by sampling multiple 

reasoning paths and taking a majority vote, demonstrating the value of exploring diverse solutions. Other linear 

approaches, like Least-to-Most prompting [12], explicitly decompose problems into simpler subproblems to be solved 

sequentially. 

Recent work has formalized these concepts under inference-time compute scaling, demonstrating that allocating 

additional computation during generation can match or exceed the benefits of parameter scaling [21]. Methods like 

parallel scaling through multiple answer generation and sequential scaling via iterative refinement have shown particular 

promise for code generation tasks [22]. 

While powerful, these methods concentrate the reasoning and generation processes within a single forward pass. 

Recognizing this limitation, non-linear structures were proposed. The Tree of Thoughts (ToT) [23] allows an LM to 

explore a tree of reasoning paths, using self-evaluation to guide its search. The Graph of Thoughts (GoT) [24] generalizes 

this to arbitrary graph structures, enabling more complex operations like thought aggregation and refinement. However, 

these non-linear methods often require hundreds of LLM queries, making them computationally expensive. Our pipeline 

differs by creating a clean, one-way separation between a distinct planning phase and an implementation phase, 

maintaining computational efficiency. 

2-2- Planning-First Approaches 

A more direct line of research explicitly separates planning from execution. PLANSEARCH [2] generates natural 

language plans for code, translates them to pseudocode, and then to executable code, using Monte Carlo Tree Search to 

explore the plan space. While effective, this involves multiple complex transformation steps, each a potential source of 

error. Other approaches utilize formal planning methods, instructing LMs to generate components for classical search 

algorithms [13] or to construct directed acyclic graphs of subtasks [14]. These formal methods offer rigor but sacrifice 

the flexibility of natural language, limiting their applicability to less structured programming problems. 

Recent advances in multi-agent frameworks have demonstrated the effectiveness of decomposing code generation 

into specialized agent roles [25, 26]. MapCoder introduced a four-agent system comprising retrieval, planning, coding, 

and debugging agents, achieving state-of-the-art results on competitive programming benchmarks including HumanEval 

and MBPP [26]. Self-Organized multi-Agent frameworks have shown promise for scaling to large codebases through 

dynamic agent multiplication based on problem complexity [25]. 

Our approach adopts the natural language planning paradigm but simplifies it into a more streamlined pipeline, 

avoiding complex intermediate transformations. 

2-3- Strategy Selection and Filtering 

A critical and often overlooked challenge in multi-strategy generation is how to evaluate and select the best 

intermediate plans without ground truth. The LLM-as-Judge paradigm [15] has emerged as a viable solution, where a 

model is used to assess the quality of another model's output [16]. For code, models like CODESCORE [17] can evaluate 

final outputs along dimensions like functionality and readability. 

However, these methods typically evaluate final code rather than intermediate planning artifacts. Our work is novel 

in that it systematically implements and compares several distinct selection mechanisms (including a baseline, a simple 

rule-based filter, and an LLM-as-Judge verifier) specifically for the task of filtering natural language strategies before 

implementation. As experimental results will show, this selection stage is not an auxiliary component but the primary 

driver of performance in our pipeline. In particular, section 3.2 describes a lightweight pattern-based filter that uses 

regular expressions over example-specific identifiers (such as class names from the few-shot problems) to remove 

contaminated strategies.  

Recent work by Liu et al. [9] highlighted the importance of rigorous evaluation frameworks for LLM-generated code, 

demonstrating that surface-level correctness often masks deeper functional failures. This finding reinforces our focus on 

comprehensive test-based evaluation and the need for quality filtering mechanisms before code generation. 

2-4- Small Language Models and Efficiency 

The last couple of years have witnessed growing interest in Small Language Models for code generation, motivated 

by computational efficiency and deployment constraints [27]. Benchmarking studies on competitive programming 

platforms have revealed that modern SLMs can achieve surprisingly competitive performance, with models like Phi-4-

14B reaching 63.6% pass@3 on Codeforces problems [27]. Comprehensive surveys have identified that while SLMs 

excel at certain code generation tasks, they face systematic challenges in complex reasoning and multi-step planning that 

require targeted architectural interventions [28]. 

https://sebastianraschka.com/blog/2025/state-of-llm-reasoning-and-inference-scaling.html
https://arxiv.org/abs/2504.07343


Emerging Science Journal | Vol. 10, No. 2 

Page | 803 

These findings directly motivate our pipeline architecture, which is specifically designed to compensate for the 

planning deficits inherent in resource-constrained models through structured decomposition and strategic filtering. 

3- Methodology: A Three-Stage Pipeline 

This work proposes a three-stage pipeline architecture for strategy-assisted code generation designed to mimic the 

human cognitive process of planning before acting. The workflow is illustrated in Figure 1. 

3-1- Stage 1: Strategy Generation 

Given a programming problem P, the first stage (see Figure 1, top section) generates a set of N diverse, natural 

language strategies S = {s1, s2, ..., sN}. This is formalized as: 

𝑆 =  𝑓𝑔𝑒𝑛(𝑃, 𝑇, 𝜃) (1) 

where, T is our strategy generation prompt template and θ represents the model parameters optimized for exploration. 

In terms of prompt design, the prompt template T is structured with three components: T = < Iinstruction, Iconstraints, 

Iexamples>. In particular, Iinstruction specifies the high-level task of formulating a solution strategy; Iconstraints defines output 

formatting rules, such as using a specific XML structure and, crucially, prohibiting the inclusion of any implementation 

code; finally, Iexamples provides several few-shot examples of problems paired with high-quality strategies. A complete 

prompt template is listed in Appendix I. 

To encourage the generation of diverse solution paths, we configure the SLM's sampling parameters for exploration. 

A high temperature (𝜏 = 1.2) is used to increase the randomness of token selection [29]. The probability distribution 

over the vocabulary V for the next token xt is given by: 

𝑝(𝑥𝑡 | 𝑥<𝑡) =
exp (𝑧𝑖/𝜏)

∑ exp (𝑧𝑗/𝜏)𝑗∈𝑉  
  (2) 

where, zi is the logit for token i. To maintain coherence while encouraging creativity, Min-P sampling [30] with a 

threshold pbase = 0.1 is employed. This method dynamically creates a reduced vocabulary Vmin from which to sample: 

𝑉min = { 𝑣 ∈ 𝑉 | 𝑃(𝑣 | 𝑥1:𝑡−1) ≥ 𝑝𝑏𝑎𝑠𝑒 × max 𝑣′∈𝑉  𝑃(𝑣′| 𝑥1:𝑡−1)}    (3) 

For our experiments, N=10 strategies are generated for each problem. 

3-2- Stage 2: Strategy Selection 

After generating a diverse set of strategies, the pipeline filters this set to produce a refined subset S' = {s'1, s'2, ..., s'k}, 

where k ≤ N. This stage (see Figure 1, middle section) is critical for removing noise and focusing the subsequent code 

generation phase. Three distinct selection mechanisms are implemented and compared: 

• Baseline: Unfiltered Passage. In this configuration, no filtering is applied (S' = S). This allows us to isolate the 

effect of strategy generation alone. 

• Pattern-Based Filtering. Our initial analysis revealed a specific failure mode: the strategy generator sometimes 

addressed the few-shot examples rather than the target ClassEval problem. This observation led us to develop a 

pattern-based filtering mechanism using regular expressions. Specifically, the procedure extracts the example-

specific identifiers (class names and distinctive tokens) used in the strategy prompt and constructs a set of regular 

expression patterns based on them. Given the initial strategy set, the procedure discards any strategy whose text 

matches that of the strategies appearing in the prompt, yielding a filtered set. 

• Model-Based Verification. Our most sophisticated mechanism uses the same SLM as a ''judge'' to evaluate the 

quality and relevance of its own generated strategies. The SLM is prompted to identify only the most helpful 

strategies. 

3-3- Stage 3: Code Generation 

In the final stage (see Figure 1, bottom section), the filtered set of strategies S' is used to guide a specialized coding 

model to produce the executable code C: 

𝐶 = 𝑓𝑐𝑜𝑑𝑒(𝑃, 𝑆′, 𝜑)  (4) 

where, 𝜑 represents the parameters of the code generation model. 

The prompt for the coding model includes the original problem P and the selected strategies S'. Crucially, the prompt 

frames the strategies as optional suggestions rather than strict requirements. This allows the coding model to exercise 

its own judgment, benefiting from the strategic guidance without being constrained by potentially suboptimal plans. 
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Figure 1. The workflow of our three-stage code generation pipeline. A problem is first used to generate a diverse set of natural 

language strategies. These strategies are then filtered by a selection mechanism. Finally, the curated strategies guide a coding 

model to produce the final implementation. 

4- Experimental Setup 

4-1- Benchmark Selection and Rationale 

The proposed pipeline is evaluated on the ClassEval benchmark [20], a challenging dataset specifically designed to 

assess class-level code generation capabilities (https://github.com/FudanSELab/ClassEval). This benchmark was 

selected for several reasons that align with our research objectives. Differently from function-level benchmarks such as 

HumanEval or MBPP, ClassEval requires models to generate complete Python classes with multiple interconnected 

methods, mirroring the complexity of actual software development where methods must maintain consistency, share 

state, and implement coherent interfaces. 

The benchmark's structure directly tests our hypothesis that strategic planning becomes crucial for complex, multi-

component programming tasks. Each of the 100 handcrafted problems features an average of 5.2 methods per class, with 

complex interdependencies that cannot be resolved through isolated function generation. This interdependency challenge 

is precisely what makes strategic decomposition valuable, as models must coordinate multiple related implementations 

rather than solving independent subproblems. 

Furthermore, ClassEval provides comprehensive evaluation through an average of 33.1 test cases per problem, 

allowing for robust verification across diverse input scenarios. The test suite covers both individual method functionality 

and class behavior, allowing us to conduct fine-grained analysis of where our pipeline succeeds or fails. 

4-2- Model Architecture 

Our pipeline employs a carefully designed two-model architecture that leverages complementary strengths while 

maintaining computational efficiency. For natural language strategy generation and verification, LLaMA-3.2-1B was 

selected based on several factors. As a general-purpose model, it demonstrates excellent natural language reasoning and 

planning capabilities, which are essential for generating coherent problem-solving strategies. At 1B parameters, it 

represents the resource-constrained setting we aim to optimize, making it an ideal testbed for our efficiency-focused 
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approach. Additionally, its strong performance on instruction-following tasks proves crucial for generating structured 

strategies that adhere to our specific formatting requirements. 

For the final implementation phase, we employ Qwen2.5-Coder-1.5B [31], chosen for its specialized training on code 

corpora that provides superior syntax and API knowledge compared to general-purpose models. At 1.5B parameters, it 

maintains our focus on small model efficiency while delivering the coding expertise necessary for high-quality 

implementations. The model's strong Python generation capabilities make it particularly well-suited for the ClassEval 

benchmark requirements. 

This heterogeneous approach allows each model to operate within its area of expertise while maintaining overall 

computational efficiency. The strategy generation model can focus on high-level reasoning without the burden of 

producing syntactically perfect code, while the specialized coding model can rely on the strategic guidance to produce 

better implementations than it could achieve through direct generation alone. 

4-3- Hyperparameter Configuration 

The strategy generation phase is configured to maximize exploration of the solution space through carefully tuned 

sampling parameters. In particular, a high temperature of 𝜏 = 1.2 is employed to encourage diverse strategy generation. 

This setting was empirically determined through preliminary experiments comparing values across 𝜏 ∈ {0.8, 1.0, 1.2, 

1.5}, where 𝜏 = 1.2 provided optimal diversity without semantic degradation. Lower temperatures produced repetitive 

strategies that failed to explore alternative solution approaches, while higher temperatures introduced excessive noise 

that compromised strategy coherence. 

To maintain coherence while preserving diversity, Min-P sampling with pbase = 0.1 is implemented. Unlike top-p 

sampling, Min-P adapts the cutoff threshold relative to the most likely token, preventing the inclusion of extremely low-

probability tokens that could harm semantic coherence while still allowing creative exploration. Each problem generates 

exactly 10 strategies, a number chosen to balance computational cost and the solution space coverage. 

For the critical filtering phase, a low temperature of 𝜏 = 0.4 is used to ensure consistent and reliable filtering decisions. 

This conservative approach prioritizes the stability and repeatability of our selection mechanism, which our results 

demonstrate is the most crucial component of the entire pipeline. 

The final code generation stage uses similarly conservative parameters to ensure implementation quality. A 

temperature of 𝜏 = 0.4 is considered to prioritize correctness over creativity, and employ top-p sampling with p = 0.95 

to focus on high-probability tokens while allowing minor variations that can improve code quality. These settings reflect 

the characteristics required for producing functional, testable code. 

The decision to generate N=10 strategies was based on preliminary experiments varying N in {5, 10, 15, 20} on a 15-

problem development set. Results showed diminishing returns beyond N=10: N=5 achieved 10% class success, N=10 

achieved 13%, N=15 achieved 13.3%, and N=20 achieved 13.3%, with no statistically significant difference between 

N=10, 15, and 20. This plateau effect occurs because strategy diversity saturates quickly: beyond 10 samples, the SLM 

largely generates semantic variations of existing approaches rather than genuinely novel strategies. Additionally, the 

filtering stage removes redundant strategies, so generating more provides minimal marginal value while increasing 

computational cost linearly. The choice of N=10 thus represents an efficient operating point balancing exploration 

breadth and computational budget. However, this optimal value may differ for other models or problem domains; 

adaptive N selection based on strategy diversity metrics could be explored in future work. 

4-4- Baseline and Evaluation 

Our primary baseline is a direct code generation approach using the Qwen2.5-Coder-1.5B model without any strategic 

pipeline. Code is generated directly from the problem statement using the model's default parameters. By comparing the 

proposed pipeline variants against this baseline, it is possible to isolate the contribution of our strategic decomposition 

methodology. 

The evaluation relies on the standard evaluation metrics from ClassEval [20]. In particular, the focus is on two primary 

metrics that capture different aspects of implementation success. The class success rate measures the percentage of 

problems where the entire generated class passes all test cases, reflecting the strict requirements of real-world 

deployment where partial functionality is often insufficient. The function success rate provides a more granular view by 

measuring the percentage of individual methods that pass their respective test cases, offering insight into the pipeline's 

ability to handle method-level complexity even when overall class integration fails. 

5- Results and Analysis 

Our experiments reveal that while strategic decomposition can significantly enhance SLM performance, the 

effectiveness of the pipeline is critically dependent on the selection mechanism used to filter strategies. 
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5-1- Overall Performance 

Table 1 presents the baseline performance of the SLMs and the aggregate results for our pipeline variants on the 

ClassEval benchmark. 

Table 1. Performance comparison of direct generation baseline and strategy-enhanced pipeline configurations 

Approach Model(s) Class Success (%) Function Success (%) 

Direct Generation Baselines    

Qwen Direct Qwen2.5-1.5B 10.0 25.3 

LLaMA Direct LLaMA-3.2-1B 0.0 1.6 

Strategy-Enhanced Pipeline    

No Filter LLaMA + Qwen 11.0 25.1 

Regex Filter LLaMA + Qwen 13.0 27.9 

SLM Verifier LLaMA + Qwen 13.0 25.5 

The direct generation baseline for Qwen2.5-1.5B achieves a 10.0% class success rate. The ''No Filter'' pipeline variant 

provides only a marginal benefit, increasing success to 11.0%. The transformative results come from the pipeline 

configurations with strategy selection. Both the Regex Filter and the SLM Verifier achieve a class success rate of 13.0%, 

representing a 30% relative improvement over the strong Qwen baseline. This demonstrates that the filtering step is the 

key performance driver. 

To contextualize this achievement, Table 2 compares our 1.5B parameter pipeline against previously reported results 

from much larger models on ClassEval. 

Table 2. ClassEval benchmark results across model scales 

Model Parameters Class Success (%) 

GPT-4-Turbo – 38 

deepseek-coder-instruct 6.7B 27 

CodeLlama-Instruct 13B 21 

Our Pipeline 1.5B 13 

WizardCoder 15B 8 

instruct-codegen 16B 5 

SantaCoder 1.1B 0 

Our pipeline, using a 1.5B model, outperforms several models with 15-16B parameters, demonstrating that 

architectural enhancements can be a highly effective and efficient alternative to simply scaling up model size. 

While the absolute gain (10% → 13%) may appear modest, its practical significance should be evaluated in context. 

First, ClassEval is specifically designed to be challenging, with even GPT-4-Turbo achieving only 38% success. The 3-

percentage point improvement represents solving 3 additional complete class-level problems correctly, each requiring 

multiple interdependent methods, a meaningful achievement for resource-constrained deployment scenarios. Second, 

the 30% relative improvement demonstrates a substantial efficiency gain: achieving this performance level without the 

pipeline would require scaling to 5-8× larger models, with corresponding increases in computational cost, latency, and 

memory requirements. For edge deployment or high-throughput applications where these resources are constrained, this 

represents a practically significant optimization. Third, the improvement is achieved with minimal additional inference 

cost (10-15 model queries vs. single-pass generation), making the cost-benefit ratio favorable. However, the absolute 

performance ceiling remains a limitation: for applications requiring high reliability (>90% success rates), even the 

improved pipeline remains insufficient, and larger models or formal verification methods would be necessary. The 

practical value proposition is thus clearest for applications with moderate quality requirements operating under strict 

resource constraints. 

5-2- The Critical Role of Selection: When Less is More 

Our problem-level analysis reveals a striking bimodal performance pattern that explains why filtering is so crucial. 

Rather than providing consistent modest improvements across all problems, our pipeline creates dramatic 

transformations in specific cases while potentially harming performance in others. This highlights that the selection 

mechanism is the most critical component of the pipeline. 
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A case study of the DataStatistics problem illustrates this aspect. This problem requires implementing a class for 

computing statistical measures including mean, median, and mode with proper error handling for edge cases. The 

baseline (Qwen Direct) approach achieves 0% test success, producing an incorrect implementation and failing to handle 

empty dataset edge cases appropriately. 

The unfiltered pipeline version achieves 31.25% test success, but analysis of the generated strategies reveals 

significant contamination. Among the 10 generated strategies, several included relevant statistical computation 

approaches, but these were mixed with completely irrelevant concepts such as ''UI event handling'' and ''data pipeline 

operations''. This conceptual confusion led to a partially correct but ultimately flawed implementation that incorporated 

unnecessary complexity and missed critical edge cases. 

The regex-filtered pipeline achieves 100% test success by removing five contaminated strategies and retaining five 

clearly focused on statistical computation. The clean, focused guidance enables the coding model to produce a perfect 

implementation with comprehensive error checking and mathematically correct algorithms. This improvement from 

31.25% to 100% success demonstrates that strategic noise reduction, rather than diversity, drives performance gains. 

Conversely, the ArgumentParser problem illustrates when strategic decomposition becomes counterproductive. This 

problem requires implementing a command-line argument parser with support for flags, options, and positional 

arguments. The baseline achieves 66.67% success while all pipeline variants achieve 0% success, suggesting that 

strategic decomposition introduced unnecessary complexity that caused the model to over-engineer a solution that 

worked well with direct generation. This case highlights the importance of understanding when strategic planning helps 

versus when it creates harmful interference. 

These case studies reveal several critical insights into the mechanism of improvement. Concerning the DataStatistics 

problem, first, the contaminated strategies introduced conceptual interference by mixing statistical computation concepts 

with unrelated software engineering patterns. The coding model, lacking strong discriminative capabilities, attempted to 

reconcile these conflicting directives, resulting in an overcomplex implementation that failed edge case handling. 

Second, the regex filter's success demonstrates that even simple, deterministic filtering can dramatically improve 

performance when targeted at specific, predictable failure modes. Third, the perfect 100% success after filtering indicates 

that the coding model possesses latent capability to solve this problem correctly, but requires clean strategic guidance to 

activate this capability. The ArgumentParser failure case provides complementary insights into when strategic 

decomposition becomes counterproductive. Analysis of the generated strategies reveals that they introduced unnecessary 

abstraction layers for what is fundamentally a straightforward parsing task. The baseline's 66.67% success suggests the 

coding model has strong prior knowledge for this problem type, likely from extensive training on similar command-line 

parsing examples. The strategic guidance, rather than clarifying the approach, created cognitive overhead by suggesting 

multiple implementation paradigms simultaneously (e.g., object-oriented parser design vs. functional parsing). This 

interference disrupted the model's natural generation patterns, leading to incomplete or incorrect implementations. These 

contrasting cases highlight the conditions under which strategic planning helps versus hinders: planning provides value 

when the problem requires coordination across multiple components (DataStatistics), but introduces harmful 

interference when the coding model already has strong, direct solution patterns (ArgumentParser). This finding has 

important implications for adaptive pipeline design, suggesting that future systems should include meta-reasoning to 

determine when strategic decomposition is appropriate. 

5-3- Analysis of SLM Artifacts 

Our comprehensive error analysis reveals two primary categories of artifacts that explain why filtering is so crucial 

for small language model performance. The first issue is few-shot contamination. The LLaMA-1B model systematically 

confuses target problems with few-shot examples present in its context, generating strategies that reference completely 

different problems.  

The success of the regex filter was largely attributable to its ability to mechanically identify and remove this specific 

failure mode through simple pattern matching, showing that sophisticated filtering mechanisms may be unnecessary 

when dealing with predictable failure modes. 

The second category involves repetition anomalies due to implementation bugs in the SLM verifier. In certain cases, 

such as the ArgumentParser problem, the verifier generates identical strategy copies despite our intended limit of 10 

strategies. Despite flooding the coding model with valid strategic guidance, performance remains at 0%, suggesting that 

overwhelming the model with information can be as detrimental as providing poor guidance. This finding reinforces the 

importance of curated, focused input rather than simply maximizing the quantity of strategic information. 

These artifacts reveal that the pipeline's value comes from providing a structured framework to manage and filter the 

predictable errors and artifacts of a resource-constrained model. 

5-4- Comparative Analysis with Previous Approaches 

The results position this work within the broader landscape of code generation enhancement methods. Compared to 

prompting-based approaches like Chain-of-Thought [10] and Self-Consistency [11], which operate within single forward 



Emerging Science Journal | Vol. 10, No. 2 

Page | 808 

passes, the pipeline achieves similar improvements (~30%) but with explicit separation of reasoning phases. This 

separation allows targeted intervention (filtering) that would be impossible in monolithic approaches.  

Relative to planning-first methods, the approach offers distinct advantages and trade-offs. PlanSearch [2] achieves 

higher absolute performance through Monte Carlo Tree Search exploration, but requires orders of magnitude more 

compute (hundreds of model queries vs. 10-15 in this pipeline). The 13% class success rate achieved here with 1.5B 

parameters demonstrates that strategic efficiency can partially compensate for reduced search breadth. However, the 

bimodal performance distribution observed here was not reported in PlanSearch, suggesting that more extensive search 

may provide robustness against strategic interference effects.  

The comparison with Tree of Thoughts [23] and Graph of Thoughts [24] is particularly interesting. These methods 

achieve strong performance through structured exploration but at substantial computational cost. The pipeline's simpler 

linear architecture (generate - filter - implement) achieves competitive efficiency by sacrificing exploration breadth for 

targeted noise reduction. The key insight is that for SLMs, eliminating low-quality reasoning paths (filtering) provides 

greater value than exploring additional paths (branching), a finding that diverges from results with larger models where 

exploration typically dominates.  

Regarding LLM-as-Judge approaches [15, 16], the results reveal an unexpected pattern: the sophisticated SLM 

verifier performed no better than the simple regex filter (both 13% class success). This contrasts with findings from 

CodeScore [17], where learned evaluation metrics outperformed rule-based approaches. The divergence likely stems 

from the evaluation target: CodeScore evaluates final code (where quality is complex and multidimensional), while this 

work filters intermediate strategies (where failure modes are simpler and more predictable). This finding suggests that 

the appropriate filtering mechanism depends critically on the artifact type and the specific failure modes of the model 

being filtered.  

Finally, positioning relative to parameter scaling [18], the results provide empirical support for inference-time 

compute scaling [19]. The 1.5B pipeline outperforming 15-16B models demonstrates that architectural allocation of 

compute during inference can substitute for parameter growth, at least within certain problem domains. However, the 

absolute performance ceiling (13% vs. 38% for GPT-4-Turbo) indicates clear limits to this substitution effect, suggesting 

that inference-time scaling is a complement to, rather than replacement for, parameter scaling. 

6- Discussion 

The experimental results provide a clear perspective on enhancing SLMs for complex tasks. Initially, it was 

hypothesized that mimicking human strategic thinking would unlock deeper reasoning capabilities. What we discovered 

is more pragmatic: our pipeline succeeds primarily by acting as a compensatory mechanism for the inherent limitations 

of SLMs. 

Our work was framed using the System 1 vs. System 2 thinking paradigm [6]. While our goal was to introduce a 

System 2-like planning layer, the practical outcome was a system that excels at cleaning up the noisy, artifact-laden 

outputs of the SLM's System 1-like generation process. The most successful components of our pipeline were those that 

most effectively filtered out the SLM's failure modes. 

The System 1 vs. System 2 framing, while conceptually appealing, requires careful qualification. The analogy 

provided a useful heuristic for pipeline design but should not be interpreted as a validated cognitive model of LM 

behavior. Empirical observations align only partially with the framework: the SLM's rapid, pattern-based strategy 

generation resembles System 1 characteristics, and the deliberate filtering stage adds System 2-like analytical processing. 

However, critical divergences exist. Human System 2 thinking actively inhibits System 1 responses and generates novel 

reasoning pathways, whereas the pipeline's filtering stage passively removes artifacts without creating new strategies. 

Furthermore, the finding that simple regex filtering matches sophisticated model-based verification suggests the “System 

2” component operates more mechanistically than the cognitive theory implies. Future work should move beyond 

conceptual analogies to develop empirically-grounded models of how SLMs actually process strategic information, 

potentially drawing on mechanistic interpretability techniques to trace information flow through the pipeline stages. 

Focusing on the implications for practitioners, our results suggest that when deploying SLMs, performance gains can 

be achieved through simple, targeted architectural improvements. Rather than pursuing complex reasoning structures, 

practitioners may find more value in identifying the specific failure modes of their chosen model and implementing 

simple, rule-based filters to mitigate them. 

Despite the relevant results achieved, it is important to highlight that our findings are largely based on the specific 

artifacts of the LLaMA-1B model. The evaluation was also limited to the ClassEval benchmark, raising important 

questions about generalizability. ClassEval was selected specifically because its class-level, multi-method problems 

align with the hypothesis that strategic planning benefits complex, coordinated implementations. However, different 

benchmark characteristics may yield different results. HumanEval [1, 32] and MBPP [33] focus on standalone functions 

rather than interconnected classes, potentially reducing the value of high-level strategic decomposition. Future work 
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should conduct systematic evaluation across multiple benchmarks with varying characteristics (function vs. class level, 

algorithmic vs. data manipulation focus, with/without API knowledge requirements) to map the conditions under which 

strategic decomposition provides value. Additionally, real-world coding benchmarks that capture diverse programming 

paradigms (e.g., BigCodeBench [34] and RepoEval [35]) would provide crucial evidence for practical deployment 

scenarios. 

7- Conclusion 

This research addressed the fundamental challenge of enabling Small Language Models to perform complex, multi-

step code generation tasks that require strategic planning capabilities. Through the development and rigorous evaluation 

of a three-stage pipeline architecture (comprising strategy generation, critical filtering, and guided code implementation), 

this work demonstrates that structured inference-time computation can substantially enhance SLM performance without 

parameter scaling. Evaluation on the ClassEval benchmark revealed a 30% relative improvement in class-level success 

rates, allowing a 1.5B parameter model to outperform specialized coding models 5-8 times its size. However, detailed 

analysis uncovered a complex performance landscape characterized by extreme bimodality: the pipeline transforms 

complete failures into perfect solutions for certain problems while actively interfering with baseline capabilities on 

others. This pattern reveals that the pipeline's primary function is not to elicit sophisticated reasoning but to manage and 

mitigate the specific artifacts and failure modes inherent to small, resource-constrained models.  

The work's central and most practically significant finding challenges conventional assumptions about multi-strategy 

approaches: for SLMs, performance gains arise primarily from strategic noise reduction rather than solution diversity. 

Simple, targeted filtering mechanisms, such as the regex filter that identifies few-shot contamination, proved as effective 

as sophisticated model-based verifiers, demonstrating that understanding a model's specific failure modes enables 

efficient compensatory interventions. This insight has important implications for practitioners deploying SLMs in 

production environments, suggesting that investment in model-specific error analysis and targeted architectural 

interventions may yield greater returns than pursuing general-purpose reasoning frameworks. While the approach has 

limitations (evaluation on a single benchmark, artifacts specific to the LLaMA-1B model, and absolute performance still 

substantially below frontier models), it establishes a foundational principle: progress in AI systems can emerge from 

deeply understanding and working with existing model limitations rather than solely attempting to impose idealized 

cognitive frameworks. Future work should extend this paradigm across model scales and task domains, develop 

automated methods for failure mode identification, and create adaptive pipelines that dynamically determine when 

strategic decomposition enhances versus interferes with generation. 
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Appendix I: Prompt Templates 

A-1- Strategy Generation Prompt Template 

<instruction> 

You are an expert software architect. Given a programming problem, your task is to formulate  

a high-level solution strategy. Focus on the conceptual approach, key algorithms, and design  

considerations. Do NOT include any implementation code. 

</instruction> 

 

<constraints> 

- Output must be wrapped in <strategy></strategy> XML tags 

- Describe the approach in natural language only 

- Identify key data structures and algorithmic patterns 

- Consider edge cases and potential challenges 

- Maximum 200 words 

</constraints> 

 

<examples> 

[Few-shot examples would be inserted here - 3 examples of problem-strategy pairs] 

</examples> 

 

<target_problem> 

{problem_description} 

</target_problem> 

 

A-2- Strategy Verification Prompt Template 

<instruction> 

You are evaluating solution strategies for quality and relevance. Given a programming problem  

and a set of proposed strategies, identify which strategies are actually addressing the target  

problem (not few-shot examples) and are conceptually sound. 

</instruction> 

 

<problem> 

{problem_description} 

</problem> 

 

<strategies> 

{strategy_list} 

</strategies> 

 

<output_format> 

Return a JSON array of strategy indices that should be kept: [1, 3, 5, ...] 

</output_format> 
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A-3- Code Generation Prompt Template 

<instruction> 

Implement the following Python class according to the problem specification. You may use the  

provided solution strategies as optional guidance, but you should exercise your own judgment  

and are not required to follow them if you have a better approach. 

</instruction> 

 

<problem> 

{problem_description} 

</problem> 

 

<strategies> 

{selected_strategies} 

</strategies> 

 

<output_format> 

Provide complete, executable Python code with proper error handling and edge case management. 

</output_format> 


