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ABSTRACT 

While large language models demonstrate impressive fluency in code generation, their ability to perform 

precise, structural reasoning about code remains poorly understood. This paper introduces Five Lines, One 

Question (5L1Q), a minimalist benchmark that isolates fundamental reasoning capabilities by presenting 

models with trivial five-line code snippets and atomic questions about their structure. Our evaluation of state-

of-the-art models reveals a striking reasoning-comprehension gap: although models excel at pattern-based 

tasks like token localization (up to 92% accuracy), their performance dramatically degrades on tasks requiring 

structural reasoning such as change detection (as low as 22% accuracy) and symbolic substitution. This 

consistent failure pattern, where models struggle with operations that are trivial for traditional program 

analysis tools, suggests current architectures lack robust internal mechanisms for representing and 

manipulating code structure. Our benchmark provides a lightweight, interpretable diagnostic tool for 

evaluating this critical dimension of code understanding, offering a pathway toward models that combine 

generative fluency with genuine analytical capability. 

Keyword: code understanding, large language models, benchmark, structural reasoning, programming 

languages. 

INTRODUCTION 

Picture a programmer, coffee in hand, staring at a ChatGPT response. The model has just generated fifty lines 

of elegant, seemingly correct Python. The programmer’s task, however, isn’t to write code it’s to review it. 

Somewhere in that block, a subtle bug is hiding: an off-by-one error in a loop condition, a variable name 

shadowed in a nested scope, or a comparison operator that should be its opposite. The programmer squints, 

tracing the logic. For a human, this is a familiar, taxing exercise of focused attention. For the model that just 

wrote the code, the same exercise should, in theory, be trivial. It authored every token; it should know its own 

structure. And yet, increasingly, both anecdotal experience and emerging research suggest it does not. 

The rapid ascent of large language models (LLMs) in code generation from GitHub Copilot to GPT-4’s 

acclaimed performance on benchmarks like HumanEval (Chen et al., 2021) has created a curious paradox. 

These models exhibit a form of fluency without grounding. They can generate syntactically valid and often 

semantically plausible code by leveraging vast statistical patterns learned from terabytes of public repositories. 

Yet, when probed on the most basic structural facts about their own output “What did you just change?” or “Is 

there a mistake on line 3?” they frequently falter. This is not a failure of knowledge, but a failure of reasoning: 

an inability to perform the discrete, deterministic operations that compilers and linters execute effortlessly. 

Recent work has begun to map the boundaries of this paradox. Studies reveal that while LLMs excel 

at generating code, they struggle with introspection and precise editing. Siddiq et al. (2024) found that models 

often fail to correctly identify syntactic errors in code snippets, even when they can generate correct versions 

from scratch. Similarly, Ni et al. (2023) demonstrated that code LLMs have surprising difficulty with tasks that 

require counterfactual reasoning about programs, such as predicting the output after a minimal edit. This 

suggests their understanding is more associative than analytical, more akin to pattern completion than to 
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building and manipulating a mental parse tree. As Valmeekam et al. (2023) aptly note, the “reasoning” 

observed in these models may often be a simulacrum a convincing performance that breaks down under 

controlled, mechanistic scrutiny. 

This gap matters deeply for the future of human-AI pair programming. If a model cannot reliably locate a 

single, known change in a five-line function a task we call the “one-hop” query its utility for collaborative 

debugging, code review, and iterative refinement is fundamentally limited. It becomes a brilliant, fast, but 

unreflective junior developer: full of ideas, yet unable to precisely articulate or audit its own work. 

In this paper, we argue that the community needs a new class of benchmarks to probe this specific capability. 

Moving beyond holistic “solve this problem” tasks, we propose micro-benchmarks: minimal, interpretable, and 

surgically targeted tests that isolate individual reasoning skills. We introduce Five Lines, One Question, a 

benchmark comprising hundreds of unique but trivial five-line code snippets. Each sample presents a model 

with a simple, single-hop question about the code’s structure e.g., “What is the third token on line 2?” or 

“What changed between version A and version B?”. The tasks are designed to be trivial for any system with 

explicit symbolic representation (like a compiler) but challenging for a purely neural, text-to-text model. 

LITERATURE REVIEW 

The evaluation of code understanding in large language models sits at the intersection of programming 

languages, software engineering, and machine learning. This review synthesizes three critical strands of 

research: 1) the evolution and limitations of existing code generation benchmarks, 2) studies on the 

mechanistic reasoning failures of LLMs, and 3) the emerging paradigm of micro-benchmarking for 

interpretable evaluation. 

Code Generation Benchmarks and Their Expanding Scope 

The landmark Human Eval benchmark (Chen et al., 2021) established the standard for evaluating LLMs on 

code generation, framing the task as function completion from a docstring. This catalyzed a proliferation of 

similar datasets, including MBPP (Austin et al., 2021) and more expansive, multi-language collections like 

MultiPL-E (Cassano et al., 2022). These benchmarks primarily measure functional correctness whether the 

generated code passes a suite of unit tests a holistic but coarse-grained metric. However, as Siddiq et al. (2024) 

argue, this focus on generation success obscures a model’s ability to understand, analyze, and 

manipulate existing code. Subsequent benchmarks have attempted to address this gap. For instance, Liu et al. 

(2023) introduced HumanEvalPack, extending tasks to include code repair and explanation, while 

CodeXGLUE (Lu et al., 2021) incorporated code-to-code tasks like clone detection and defect prediction. 

Despite this expansion, these evaluations remain largely “black-box,” offering a pass/fail score that provides 

little insight into why a model fails on a given sample or what specific cognitive capability is lacking. 

The Reasoning Gap in Code-Capable LLMs 

A growing body of empirical work reveals a dissociation between code generation fluency and robust 

programmatic reasoning. Ni et al. (2023) demonstrated that while LLMs can generate executable code, they 

struggle significantly with verification predicting the execution output of a given code snippet unless 

augmented with an external interpreter. This points to a model’s limited ability to simulate program state 

mentally. Similarly, Zan et al. (2023) found that models are poor at iterative code repair, often failing to 

incorporate feedback precisely, which suggests difficulty in relating natural language instructions to specific 

code locations. Crucially, research has begun to isolate failures in syntactic and local reasoning. Jain et al. 

(2022) showed that transformer-based models are surprisingly brittle to simple semantic-preserving code 

transformations (e.g., renaming variables, reordering independent statements), indicating a reliance on surface-

level cues rather than a deep understanding of program structure. This aligns with findings from general LLM 

research, where models exhibit poor performance on tasks requiring systematic, compositional reasoning, a 

phenomenon critically investigated by Valmeekam et al. (2023) in the context of planning. In the code domain, 

this translates to an inability to reliably perform “one-hop” operations such as tracing a single variable use or 

identifying a minimal edit that form the bedrock of software engineering tasks like debugging and review. 
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The Case for Minimalist and Interpretable Evaluation 

In response to the opacity of large-scale benchmarks, there is a push towards micro-benchmarks or targeted 

evaluations designed to probe specific model capabilities in isolation. This approach is inspired by diagnostic 

datasets in natural language understanding (e.g., GLUE diagnostics; Wang et al., 2019) and has gained traction 

in code analysis. The Counterfactual Evaluation framework proposed by Agarwal and Nivasarkar (2023), for 

example, tests a model’s sensitivity to minimal, correctness-preserving code changes. The concept of using 

extremely short code snippets is also not without precedent. Shirafuji et al. (2023) used single-statement 

programs to study token-level prediction confidence in code models, while the “Babylm” challenge used short 

text to probe fundamental language learning (Huebner et al., 2021). Our work, Five Lines, One Question, 

extends this philosophy into a systematic, generative benchmark. It differs from prior work by focusing 

exclusively on questions that require a single, precise operation on a minimal code unit (e.g., token location, 

edit identification). This design prioritizes interpretability: every failure is immediately analyzable, as the task 

complexity is reduced to its atomic form, stripping away confounding factors like long-range dependencies or 

complex problem-solving. It serves not as a replacement for holistic benchmarks but as a complementary 

diagnostic tool to pinpoint the exact boundaries of a model’s structural code understanding. 

Synthesis and Research Gap 

The literature establishes that while LLMs are proficient code generators, their understanding is shallow and 

non-systematic. Existing benchmarks measure end-point success but fail to diagnose the underlying reasoning 

deficits. Our work bridges this gap by introducing a minimalist, interpretable protocol that directly targets the 

hypothesized “one-hop reasoning gap.” By generating arbitrary five-line code questions, we create a 

controlled, scalable environment to test whether models possess the fundamental ability to read and reason 

about code structure a necessary condition for their reliable application in collaborative software engineering. 

METHODOLOGY 

Core Hypothesis 

We hypothesize that code-generating LLMs lack robust internal representations for performing atomic, single-

step reasoning operations on code structure. To test this, we construct a benchmark where every task is 

trivially solvable by deterministic algorithms but non-trivial for neural models. 

Benchmark Design 

The Five Lines, One Question (5L1Q) protocol consists of: 

1. Code Snippet: Exactly 5 lines of Python code (generated algorithmically) 

2. Single Question: One atomic query about the code's structure 

3. Expected Output: One exact string (no explanations) 

Task Taxonomy 

Four atomic query types test distinct reasoning capabilities: 

1. Token Location (TL): "What is the 3rd token on line 2?" 

2. Change Detection (CD): Given original and edited code (one token changed), identify the edit in 

format [line X, col Y]: old -> new 

3. Symbolic Substitution (SS): "If you replace all 'x' with 'y', what's the 4th token on line 3?" 

4. Structural Count (SC): "How many 'if' statements are in the code?" 

Dataset Generation 

Tasks are generated algorithmically using this pipeline: 
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import ast, random, tokenize 

def generate_task(): 

 # 1. Generate valid 5-line Python code via template 

 code = generate_5_line_code()   

 # 2. Randomly select query type 

query_type = random.choice(['TL', 'CD', 'SS', 'SC']) 

# 3. Compute ground truth via AST/tokenizer 

tree = ast.parse(code) 

tokens = list(tokenize.generate_tokens(StringIO(code).readline)) 

answer = compute_answer(tree, tokens, query_type) 

 return code, query_type, answer 

Experimental Setup 

• Models Tested: GPT-4 Turbo, Claude 3 Opus, CodeLlama-13B 

• Dataset Size: 2,000 tasks (500 per query type) 

• Prompt: Zero-shot, strict format: Code: {code}\nQuestion: {question}\nAnswer: 

• Evaluation: Exact string match to ground truth 

• Metrics: Accuracy per query type, overall accuracy, failure analysis. 

Implementation 

The benchmark is implemented as a standalone Python package requiring only ast, tokenize, and random. Each 

task generation is deterministic given a seed, ensuring full reproducibility. The entire evaluation runs in under 

10 minutes on consumer hardware. 

RESULT 

Quantitative Results 
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Figure 1: Model performance. 

Table 1: Benchmark result. 

 

As shown in Figure 1 and Table 1, our evaluation of three state-of-the-art models reveals a consistent pattern: 

while models excel at simple lookup tasks (Token Location: 71-92% accuracy), they struggle significantly 

with tasks requiring reasoning (Change Detection: 22-45%). GPT-4 achieves the highest overall accuracy 

(68.3%) but remains below 50% on both Change Detection and Symbolic Substitution tasks. 

Error Analysis 

 

Figure 2: Error analysis. 

The error analysis in Figure 2 reveals that the majority of failures (45-60%) are 'Wrong Position' errors. This 

suggests models can often identify what changed but cannot precisely locate where it changed a critical 

capability for debugging tools. The consistent 15-20% format errors across models indicate that even with 

explicit formatting instructions, LLMs struggle with structured output requirements. 
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Reasoning Gap Analysis 

 

Figure 3: Reasoning Gap analysis. 

Figure 3 quantifies the 'reasoning gap' by measuring the accuracy drop from Token Location to Change 

Detection tasks. The substantial degradation (39-49 percentage points) across all models suggests this is a 

fundamental limitation rather than a model-specific issue. This gap persists even in the largest models, 

indicating that scale alone may not solve structural reasoning deficiencies. 

Qualitative Analysis 

 

Figure 4: Quantitative analysis. 
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The qualitative examples in Figure 4 provide concrete illustrations of the failure patterns quantified in previous 

sections. In Example 1, GPT-4 correctly identifies that 'x' changed but misattributes the location, confusing the 

variable name with the changed value. Example 2 shows CodeLlama failing to apply a simple symbolic 

substitution it answers as if no substitution occurred. Example 4 reveals that models often provide semantically 

correct answers in natural language rather than the required structured format. 

DISCUSSION 

The 5L1Q benchmark reveals a critical dichotomy: code LLMs excel at pattern-based generation but 

fundamentally lack the structural reasoning required for precise software engineering tasks. Our findings 

extend recent observations that LLMs exhibit "fluent but fragile" code understanding (Siddiq et al., 2024) and 

align with research showing their difficulty with systematic reasoning (Valmeekam et al., 2023). 

The Nature of the Reasoning Gap. The 39-49 percentage point performance drop from Token Location to 

Change Detection tasks (Figure 3) cannot be explained by syntactic complexity both tasks operate on identical 

5-line snippets. Rather, it reveals that models operate primarily as token-level pattern matchers rather than 

structural analyzers. This aligns with findings that LLMs struggle with compositional reasoning (Nye et al., 

2021) and fail to build robust mental models of program execution (Ni et al., 2023). The fact that even models 

specifically trained on code (CodeLlama) show the largest degradation suggests current training paradigms 

insufficiently address structural reasoning. 

Error Patterns and Practical Implications. The dominance of "Wrong Position" errors (45-60% of all errors, 

Figure 2) has immediate implications for real-world applications. In debugging scenarios, 

identifying what changed without precise location data forces developers to manually search, negating 

efficiency gains. This complements recent findings that LLMs struggle with precise code navigation and 

localization (Shrivastava et al., 2023). The consistent format errors (15-20%) further indicate that even explicit 

instructions cannot overcome LLMs' tendency to treat code as natural language text rather than structured data. 

Pathways Forward. Our results suggest three promising directions: (1) Tool augmentation integrating LLMs 

with traditional program analysis tools (e.g., parsers, diff utilities) as proposed by Chen et al. (2024); 

(2) Architectural innovations incorporating explicit symbolic reasoning modules alongside transformer layers; 

and (3) Specialized training developing objectives that explicitly reward structural reasoning, such as 

predicting edit locations or completing partial ASTs. The minimal, interpretable nature of 5L1Q makes it ideal 

for rapidly evaluating such approaches. 

Limitations and Future Work. While our Python-focused benchmark provides controlled evaluation, future 

work should expand to languages with different paradigms (e.g., Rust's ownership system, Haskell's type 

inference) to test generality. Additionally, exploring the relationship between model scale and reasoning 

performance particularly with emerging models like Gemini Ultra and GPT-5 could reveal whether current 

limitations are fundamental or surmountable through scaling. 

Ultimately, our findings suggest that while code LLMs are powerful coding assistants, they require 

augmentation with traditional tools for precise engineering tasks. The 5L1Q benchmark provides a minimal 

diagnostic for tracking progress toward models that combine generative fluency with structural reasoning. 

CONCLUSION 

Our investigation with the 5L1Q benchmark demonstrates that current code-generating Large Language 

Models exhibit a fundamental reasoning-comprehension gap. While these models generate syntactically 

correct code with impressive fluency, they struggle with basic structural reasoning tasks that are trivial for 

traditional program analysis tools. The consistent failure patterns across models particularly the dramatic 

performance drop from simple token localization to change detection tasks suggest this is not a training 

deficiency but a fundamental limitation of current transformer-based architectures when applied to structured 

domains. 
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The benchmark's simplicity is its strength: by isolating single-hop reasoning tasks in minimal five-line 

contexts, we eliminate confounding factors and reveal core limitations. Our findings corroborate and extend 

recent work on LLMs' reasoning fragility (Valmeekam et al., 2023; Siddiq et al., 2024), providing a specific, 

quantifiable lens on these limitations within the code domain. The 5L1Q protocol offers a lightweight, 

interpretable diagnostic tool that complements existing benchmarks by focusing not on what models can 

generate, but on how they understand what they generate. 

RECOMMENDATION 

Adopt Minimal Benchmarks: Incorporate micro-benchmarks like 5L1Q alongside holistic evaluations. These 

targeted diagnostics provide clearer signals about specific capability gaps and enable faster iteration cycles. 

Develop Hybrid Architectures: Invest in models that integrate symbolic reasoning modules with neural 

components. Our results suggest pure sequence-to-sequence approaches may have inherent limitations for 

structural reasoning. 

Create Specialized Training Objectives: Design training tasks that explicitly reward structural understanding, 

such as predicting edit locations, completing partial ASTs, or identifying minimal patches between code 

versions. 

Study Cross-Language Transfer: Investigate whether reasoning capabilities transfer across programming 

languages or are syntax-specific, which would inform training strategies for multilingual code models. 

Future work 

The path forward lies not in abandoning LLMs for code, but in honestly acknowledging their limitations and 

strategically augmenting them. The most promising near-term applications will likely be human-in-the-loop 

systems where LLMs handle creative and exploratory tasks while traditional tools ensure precision and 

correctness. As architectural innovations emerge, benchmarks like 5L1Q will provide the clear signals needed 

to measure genuine progress in structural reasoning progress essential for transforming code LLMs from 

impressive autocomplete tools into reliable reasoning partners. 
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