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ABSTRACT

LLM-powered coding agents are reshaping the development paradigm. However,
existing evaluation systems, neither traditional tests for humans nor benchmarks
for LLMs, fail to capture this shift. They remain focused on well-defined algo-
rithmic problems, which excludes problems where success depends on human-AI
collaboration. Such collaborative problems not only require human reasoning to
interpret complex contexts and guide solution strategies, but also demand AI effi-
ciency for implementation. To bridge this gap, we introduce HAI-Eval, a unified
benchmark designed to measure the synergy of human-AI partnership in coding.
HAI-Eval’s core innovation is its “Collaboration-Necessary” problem templates,
which are intractable for both standalone LLMs and unaided humans, but solv-
able through effective collaboration. Specifically, HAI-Eval uses 45 templates to
dynamically create tasks. It also provides a standardized IDE for human partic-
ipants and a reproducible toolkit with 450 task instances for LLMs, ensuring an
ecologically valid evaluation. We conduct a within-subject study with 45 partic-
ipants and benchmark their performance against 5 state-of-the-art LLMs under 4
different levels of human intervention. Results show that standalone LLMs and
unaided participants achieve poor pass rates (0.67% and 18.89%), human–AI col-
laboration significantly improves performance to 31.11%. Our analysis reveals an
emerging co-reasoning partnership. This finding challenges the traditional human-
tool hierarchy by showing that strategic breakthroughs can originate from either
humans or AI. HAI-Eval establishes not only a challenging benchmark for next-
generation coding agents but also a grounded, scalable framework for assessing
core developer competencies in the AI era. Our benchmark and interactive demo
are openly accessible.

1 INTRODUCTION

Coding agents powered by Large Language Models (LLMs) are fundamentally reshaping the soft-
ware development paradigm (Soni et al., 2023; Coutinho et al., 2024; Martinović & Rozić, 2025).
Tools such as Claude Code (Anthropic, 2024), Cursor (Anysphere, 2024), and GitHub Copi-
lot (GitHub, 2024) are now widely used in practice (Perumal, 2025). As a result, the role of a
developer is shifting from that of a code producer to a leader within a human-AI collaborative sys-
tem. Developers are now responsible for strategic planning, directing AI contributions, and ensuring
final code quality (Alenezi & Akour, 2025; Eshraghian et al., 2025). Simultaneously, coding agents
are evolving to automate increasingly higher-level tasks. This trend continuously extends the frontier
of human-AI collaboration (Hou et al., 2024; Nghiem et al., 2024; Pezzè et al., 2025).

Nonetheless, this revolution in development practice exposes a fundamental gap in evaluation. Most
current assessments, for both humans and AI, share a common flaw: they assume the existence
of a perfectly defined problem. Human-focused platforms like LeetCode (LeetCode, 2015) and
Codeforces (Codeforces, 2010), emphasize well-structured algorithmic problems, which incentivize
developers to master skills that are increasingly automated (opentools, 2025; April Bohnert, 2023).
Similarly, recent AI benchmarks that aim for realism (Jimenez et al., 2024; Yu et al., 2024; Li
et al., 2024b) often focus on environmental details (e.g., using real-world repositories), but they
still frame tasks as cleanly defined problems. These benchmarks overlook the complex stage of
problem formulation and thus fail to evaluate higher-order reasoning skills. Such skills, including
problem formulation, requirement engineering, and strategic decomposition, are essential for navi-
gating ambiguity before a problem is fully defined (Hemmat et al., 2025; Mozannar et al., 2024a).
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Some advanced evaluation methods, such as LLM-as-a-Judge (Zheng et al., 2023; Li et al., 2024a)
and Agent-as-a-Judge (Zhuge et al., 2024), are emerging to evaluate performance on higher-order
definitions. However, this progress in evaluators has not been matched by an evolution in datasets;
these powerful methods are still applied to benchmarks with only perfectly defined problems (Wang
et al., 2025; Crupi et al., 2025), limiting the comprehensive evaluation of above crucial skills.

This situation highlights two critical needs: a framework for quantifying the human contribution
in human-AI collaboration (Haupt & Brynjolfsson, 2025), and a benchmark that pushes LLMs to-
ward higher-order reasoning skills as human experts have (Zhang et al., 2024). To address both
needs, we introduce HAI-Eval, a unified benchmark designed to measure human-AI synergy in
collaborative coding through “collaboration-necessary” tasks. Figure 1 provides an overview of the
HAI-Eval workflow. HAI-Eval comprises four core components: (i) A problem template bank with
45 templates spanning 3 professional tracks and 3 difficulty levels. Each template is designed to be
intractable for either state-of-the-art (SOTA) LLMs or unaided developers, thus allowing the mea-
surement of performance gains driven by collaboration. (ii) An agentic task system dynamically
creates unique, context-rich tasks from these problem templates. (iii) An ecologically valid cloud
Integrated Development Environment (IDE), built upon Copilot and VS Code (Microsoft, 2015),
provides a realistic, full-featured interface for human evaluation. (iv) An autonomous evaluation
toolkit with a custom VS Code extension and 450 manually-curated task instances provides a repro-
ducible interface for benchmarking LLMs.

Figure 1: HAI-Eval provides two interfaces for evaluation, underscoring its two contributions to the
community. The chart displays the performance improvement by human-AI collaboration.
Leveraging HAI-Eval’s dual interfaces, we conduct a comprehensive empirical user study. Our
human evaluation involves a within-subject study design with 45 expert users, proficient in both
unaided and AI-assisted coding. We benchmark their performance against 5 SOTA LLMs under
varying levels of human intervention. To ensure reliability, we validate results through both partic-
ipant feedback and independent expert review. The results demonstrate that HAI-Eval effectively
quantifies the contribution of human-AI collaboration compared to standalone developers and LLMs
(see Figure 1). More importantly, our findings show a shift in how experts use coding agents. The
agent is no longer just an implementation tool but becomes a partner in strategic design. This new
dynamic of human-AI co-reasoning provides a clear direction for future developer education and
research into fully autonomous coding agents.

Our core contributions are summarized as follows:
❶ Unified Benchmark. We introduce HAI-Eval, the first benchmark designed both to quantify

the human contribution in AI-assisted coding and to challenge the higher-order reasoning ability
of coding agents with human-AI collaboration-dependent coding tasks. It consists of a carefully
curated problem bank and an agentic dynamic task instantiation system.

❷ Dual Interfaces. For human evaluation, we build a cloud IDE integrated with coding agents, of-
fering an authentic development experience. For benchmarking LLMs, we release a reproducible
toolkit with 450 manually-curated static tasks.

❸ Empirical Validation. Our experiments quantify the contribution of human developers, expose
the limitations of current SOTA coding agents, and derive key insights for future research.

2 RELATED WORKS

Assessment of Human Developers. Currently, the technical evaluation of developers is de-
fined by recruitment-oriented platforms like LeetCode, HackerRank (HackerRank, 2012), and Top-
Coder (TopCoder, 2001), as well as competitive programming platforms like Codeforces and Lu-
ogu (Luogu, 2013). By placing developers in an isolated, well-defined setting with clear inputs
and outputs, these platforms enable standardized and reproducible assessment. However, their core
philosophy of evaluating a developer in isolation as a mere code producer is fundamentally mis-
aligned with the modern AI-assisted paradigm, where value is generated through the synergistic
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partnership between developers and coding agents. Consequently, they fail to measure the com-
petencies that now define engineering excellence: interpreting ambiguous requirements, leveraging
advanced development tools, strategically collaborating with coding agents, and critically validating
AI-generated solutions (Chen et al., 2024; Priya R, 2025).

Benchmarks for Coding Agents. Numerous benchmarks have emerged to evaluate the coding
performance of LLMs and agents. Foundational benchmarks like HumanEval (Chen et al., 2021)
and MBPP (Austin et al., 2021) test function-level code generation, while more sophisticated ones,
including SWE-Bench (Jimenez et al., 2024), MLE-Bench (He et al., 2024), ClassEval (Du et al.,
2023), and DS-1000 (Lai et al., 2023), challenge agents to resolve real-world engineering problems
in specific domains. Despite their increasing realism, these benchmarks evaluate agents on well-
defined, pre-specified tasks with complete requirements. Even stress-test benchmarks designed to
push the performance limits such as LiveCodeBench series (Zheng et al., 2024; 2025) are largely
one-dimensional, focusing on extreme algorithmic complexity. Consequently, they systematically
fail to evaluate higher-order skills such as requirement engineering, navigating ambiguity in under-
specified tasks, and formulating executable plans from complex scenarios.

User Studies in AI-Assisted Coding. A growing body of user studies has examined the impact of
AI-assisted coding in real-world settings. Fundamentally, this line of research investigates a crucial
initial question: ”Does AI make developers faster?” Numerous enterprise-based experiments (Cui
et al., 2025; Paradis et al., 2025; Bakal et al., 2025) and academic investigations (Dohmke et al.,
2023; Solohubov et al., 2023; Prather et al., 2024; Barke et al., 2023) report substantial productiv-
ity gains ranging from qualitative insights to quantitative improvements of 15%–30%, while some
studies reveal negative impacts on efficiency (Vaithilingam et al., 2022; Becker et al., 2025). These
conflicting findings arguably stem from a methodological limitation: relying on ad-hoc evaluations
in specific settings and thus lacking the standardized, benchmark-style reproducibility for general-
izable conclusions. This limitation also prevents the community from addressing a more profound
question systematically: ”Does AI make us more capable?” This question subsumes the limitations
of prior work, focusing not on speed metrics for general tasks, but on the ability to solve previously
intractable problems that explicitly isolate human contributions at the frontier of AI capabilities.
Although recent initiatives have begun to explore frameworks for evaluating human-agent interac-
tion (Lee et al., 2022; Shao et al., 2024), a standardized benchmark designed for the complex domain
of coding remains a critical gap.

3 DESIGN PRINCIPLE OF HAI-EVAL

Drawing on distributed cognition theory (Hutchins, 1995; Hollan et al., 2000), which conceptual-
izes cognition as a process distributed across humans, artifacts, and environments, and on established
frameworks for human-AI collaboration (Bansal et al., 2019; Amershi et al., 2019; Shneiderman,
2020), the design of HAI-Eval is anchored in two foundational principles: Ecological Validity and
Necessary Collaboration. Together, these two principles instantiate distributed cognition: ecologi-
cal validity ensures that cognition is evaluated in authentic, tool-mediated settings, while necessary
collaboration ensures that the human–AI pair, not either alone, is the operative unit of analysis. This
grounding not only justifies our design but also sets a research agenda for benchmarks that capture
the true dynamics of human–AI problem solving.

Ecological Validity. Ecological validity ensures that the skills being evaluated, whether human
or AI, are meaningful and transferable to professional contexts. This principle mandates that the
test environment must faithfully mirror the real-world workflow, drawing on the ecological validity
theory in psychology (Holleman et al., 2020; Kihlstrom, 2021; Ullah et al., 2023) and evidence from
software engineering research (Fragiadakis et al., 2024; Sergeyuk & Zaytsev, 2025). Accordingly,
HAI-Eval formalizes ecological validity along three dimensions:

❶ Interaction Method (Human→Machine): The user’s interaction must be analogous to indus-
try standards, e.g., a VS Code-like workflow. The focus is on preventing the introduction of
confounding variables related to tool proficiency.

❷ Assistance Strength (Machine→Human): The support provided by the coding agent must
reflect current professional practice. This requires it to be powered by SOTA LLMs.

❸ Task Requirement (Task→Human-Machine): Tasks must simulate a real-world project con-
text. First, the task must represent an authentic engineering scenario. Second, requirements
should be presented in a natural format.
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Necessary Collaboration. Necessary collaboration defines a problem space where neither hu-
mans nor AI can achieve optimal results independently, thereby enabling the quantification of col-
laborative value beyond simple productivity metrics. This principle stipulates that tasks must be
designed to necessitate genuine human-AI partnership. It builds on theoretical advances in comple-
mentary human-machine collaboration (Donahue & Kleinberg, 2022) and human-AI team perfor-
mance (Vaccaro et al., 2024; Fujikawa et al., 2024). Distributed cognition reinforces this principle by
framing the human–AI pair as the operative cognitive system where performance emerges only when
both contribute complementary strengths. HAI-Eval operationalizes this through two constraints:

❶ AI-Incomplete Tasks: Tasks must include elements that remain intractable for SOTA coding
agents, thus requiring human guidance. This intractability should be introduced through real-
world contextual complexity rather than algorithmic difficulty, ensuring that tasks expose a
fundamental gap between current LLMs and developers, namely, the ability to perform higher-
order reasoning (Rangarajan et al., 2024; Xin et al., 2024), which we ground in Relational
Complexity Theory (Halford et al., 1998).

❷ Human Reliance on AI: Tasks must make purely manual solutions suboptimal, encourag-
ing strategic collaboration where humans recognize and execute optimal task delegation to AI
partners. This reliance should be created by incorporating scale, repetition, or low-level imple-
mentation demands that make manual completion inefficient, ensuring that tasks test the ability
to orchestrate collaboration and integrate AI-generated outputs (Hemmer et al., 2025).

Formally, they impose the following constraints on any given task T :

Pr(Solve(t,A)) ≤ θlow; E[Score(sH+A)]− E[Score(sH)] ≥ δ (1)

where θlow represents the success probability for any autonomous agent A, which should be negligi-
ble, δ > 0 defines a significant collaboration incentive margin, and E[Score(·)] denotes the expected
overall performance score for a solution submitted by the human H, the agent A, or the team H+A.

Figure 2: The overall architecture of HAI-Eval.
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4 HAI-EVAL FRAMEWORK

Figure 2 illustrates the architecture of HAI-Eval, the implementation of our design principles. Its
four core components work synergistically to enable comprehensive evaluation of both developers
and coding agents. The Problem Template Bank and Agentic Task System are designed to uphold
both Ecological Validity and Necessary Collaboration, while the Standardized Cloud IDE and
Evaluation Toolkit primarily ensure Ecological Validity by providing authentic and reproducible
evaluation environments. This section also details the evaluation metrics used by HAI-Eval.

4.1 PROBLEM TEMPLATE BANK

The central design challenge for our problem bank is to construct tasks that are simultaneously
intractable for SOTA LLMs and suboptimal for unaided human developers, yet remain solvable
through effective human-AI collaboration. Our problem template bank is engineered to meet this
challenge by wrapping basic algorithmic cores with layers of complexities that require human rea-
soning to resolve (Figure 3). To ensure broad coverage across contemporary development scenarios,
the bank contains 45 templates arranged in a 3×3 matrix spanning three difficulty levels and three
professional tracks: Software Development Engineer (SDE), Machine Learning Engineer (MLE),
and Data Scientist (DS). Details on how difficulty levels are determined and calibrated are provided
in Appendix D. This design is further operationalized through two complementary approaches, each
targeting the limitations of one side in the collaboration:

➠ AI-Incomplete. To ensure templates are AI-Incomplete, we introduce relational complexi-
ties (Halford et al., 1998) that impede LLM comprehension by strategically injecting elements
designed to prevent LLMs from inferring well-defined specifications and directly decomposing
them into actionable steps, thus making human intervention, or advanced LLM reasoning capa-
bilities, essential for successful task completion. These relational complexities are drawn from
documented challenges in real-world software development. This includes (i) underspecified
requirements that require human-level clarification and decomposition (Kamsties et al., 2001;
Mozannar et al., 2024b), (ii) multimodal specifications, such as UML or ER diagrams, which re-
quire extracting logic and constraints from information-dense symbolic systems (Larkin & Simon,
1987; Siau & Cao, 2001; Ozkaya & Erata, 2020), (iii) legacy codebases with minimal documenta-
tion (Jimenez et al., 2024), and (iv) domain-specific constraints embedded in business logic (Joel
et al., 2024; Gu et al., 2025).

➠ Human Reliance on AI. To foster human reliance on AI, we employ a complementary strategy of
injecting elements that make purely manual solutions prohibitively inefficient and thus encourage
humans to recognize and execute optimal task delegation to AI partners. This strategy is based on
established practices in human-AI collaboration (Hemmer et al., 2023), and achieved through two
methods: (i) embedding components that are tedious or repetitive to implement manually, such
as boilerplate code, data parsing scripts, and configuration-heavy setup tasks, coupled with time-
sensitive scoring to render manual solutions suboptimal (Pandey et al., 2024; Kuutila et al., 2020);
and (ii) incorporating industry-relevant algorithms or APIs that are practically valuable but not
typically covered in standard curricula, creating strategic knowledge gaps that encourage human
developers to leverage LLMs as specialized tools for subproblems (Nam et al., 2024).

Figure 3: The design-validation pipeline for transforming algorithmic cores into templates.

To rigorously validate that each template is AI-Incomplete, we implement a two-stage validation
protocol, detailed in Appendix B. The first stage is a fidelity test against a widely deployed com-
mercial baseline model (Abase). The second stage is a generalization test across a representative set
of state-of-the-art coding LLMs (ASOTA). Formally, let T denote a problem template, and let S(T )
and S′(T ) be sets of 20 and 10 task instances from T , respectively. For an agent A and task t, let
Pass(A, t) ∈ 0, 1 indicate whether A solves t in one attempt. A template T is accepted only if it
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satisfies both of the following benchmark conditions:

1

|S(T )|
∑

t∈S(T )

Pass(Abase, t) ≤ 0.05; ∀A ∈ ASOTA,
1

|S′(T )|
∑

t∈S′(T )

Pass(A, t) ≤ 0.10 (2)

Condition (i) ensures that templates are not trivially solvable by a typical baseline, while condition
(ii) ensures robustness across models, preventing leakage through model-specific weaknesses.

To ensure lasting reproducibility, all templates are released as open source with comprehensive
documentation. Additionally, we commit to a one-year active maintenance through Oct.2026, in-
cluding quarterly new SOTA model evaluations and empowering community contributions via open-
sourcing. Details of our maintenance protocol and timeline are provided in Appendix D.3.

4.2 AGENTIC TASK SYSTEM

To generate dynamic, contextualized task instances while preserving Collaboration-Necessary prop-
erties, we develop an agentic task system around a GPT-4.1-powered agent (OpenAI, 2025). The
agent instantiates static templates into realistic tasks by orchestrating structured tool invocations.
Each instance is constructed from four components, generated by specialized tools:

➠ TechnicalParameterTool: Generates logic-critical parameters (e.g., data scales, perfor-
mance thresholds) using rule-based methods constrained within pre-calibrated ranges.

➠ ImplementationConstraintTool: Selects framework versions and environment configu-
rations from a validated list to define implementation boundaries.

➠ ContextualVariableTool: Produces realistic scenarios (e.g., company profiles, user roles,
industry contexts) through constrained prompt generation.

➠ InterfaceSpecificationTool: Dynamically generates low-level interface elements such
as function names, API endpoints, and variable naming conventions requiring code adaptation.

To ensure fairness and consistency across all rendered tasks, the agent strictly separates logic-critical
generation performed by the TechnicalParameterTool and ImplementationConstraintTool from
cosmetic and contextual generation, handled by the ContextualVariableTool and InterfaceSpec-
ificationTool. Upon receiving a template, the agent analyzes its complexity indicators, such as
domain requirements and algorithmic dependencies, and determines an optimal tool invocation se-
quence. Technical parameters are resolved first; if interdependencies arise, tools are coordinated
iteratively using intermediate outputs as constraints. An internal error-checking mechanism moni-
tors for parameter conflicts and triggers corrective re-invocation as needed. Once core parameters
are fixed, the agent wraps the task in a realistic scenario, embedding surface-level ambiguity that
requires requirement analysis to correctly interpret.

The agent produces two synchronized outputs: (1) a task instance that includes a README, starter
code, project structure, and environment configuration for LLMs and humans; and (2) an evaluation
script, accessible to the system, that extracts parameters and interface signatures to execute instance-
specific checks. This structure enables consistent, automated evaluation pipelines per instance.

Finally, to ensure task instances are fair and benchmark-consistent, we validate agent output through
a formal review process involving two independent human experts. By design, logic-critical compo-
nents are produced deterministically within validated ranges, while contextual variables are gener-
ated under constrained prompts. This guarantees that variation does not introduce additional cogni-
tive or technical difficulty. Expert evaluations achieved high inter-rater agreement (IRR), as detailed
in Appendix D. Agent hyperparameters and prompt configurations are provided in Appendix C.

4.3 STANDARDIZED CLOUD IDE FOR HUMAN EVALUATION

Rather than building a custom development environment, HAI-Eval adopts an “outsourcing” phi-
losophy by orchestrating a high-fidelity, industry-standard development workflow using established
cloud tools. This approach offers a level of realism and capability far beyond the limited web editors
used in traditional coding evaluations.

We leverage GitHub Codespaces (GitHub, Inc., 2021) to provide a standardized, fully-featured
cloud IDE. Users access the test environment via their GitHub accounts. For each task instance,
a new Codespaces environment is provisioned using a devcontainer file defined in the associ-
ated problem template. This file configures the remote VS Code instance and specifies the operating
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system, runtime dependencies, and required extensions, including the critical Copilot extension. As
one of the most widely used coding agents, Copilot has over 20 million users and is used by 90%
of Fortune 100 companies (StackOverflow, 2024; TechCrunch, 2025). It supports multiple series of
mainstream model backends, including GPT, Claude, and Gemini, and plays a key role in ecological
validity by reflecting realistic developer workflows. When a user begins a task, Codespaces auto-
matically launches a browser-accessible, preconfigured VS Code instance. This instance includes
an integrated terminal, full file system access, a built-in debugger, and native Git version control
support. By aligning with modern cloud development practices and eliminating confounding factors
such as IDE familiarity, this setup ensures that performance reflects actual development skill. Each
task includes a set of visible unit tests to assist users during implementation. Final scoring, however,
is determined by a comprehensive suite of hidden test cases executed on the backend.

This workflow extends seamlessly into the evaluation process. Upon completing a task, the user
executes a provided shell script in the terminal, which automatically packages the project directory
and submits it via HTTPS POST to our backend endpoint. This endpoint, a robust and lightweight
API implemented with FastAPI and deployed on a secure cloud server, validates the request, receives
the submission, and forwards it to the evaluation system. The corresponding evaluation scripts are
then executed, and a structured JSON file is returned containing a detailed performance breakdown.
Evaluation metrics are formally defined in Section 5.1.

4.4 EVALUATION TOOLKIT FOR LLMS

To enable systematic and reproducible benchmarking of LLMs in realistic development settings, and
to support comparative analysis between coding agents and human-AI teams, HAI-Eval includes an
autonomous evaluation toolkit. The toolkit is built on top of VS Code and Copilot, allowing it to
interact with any LLM supported by Copilot Agent mode. This design ensures ecological validity
by aligning the evaluation environment with modern industry-standard workflows. We implement
a dedicated VS Code extension, HAI-Eval Controller (HAI-EC). HAI-EC is designed to repli-
cate the mechanical, procedural interactions of a human developer using HAI-Eval, enabling
direct comparability between LLMs and humans without introducing confounding variables. HAI-
EC replaces Codespaces with Docker (Merkel, 2014) to locally deploy environments, improving
efficiency while maintaining configuration fidelity. It iterates through the full task set, sequentially
deploying isolated environments and orchestrating the evaluation workflow through a strictly defined
automated pipeline for each task instance: (i) building the containerized environment; (ii) invoking
Copilot via the VS Code API and uploading the task README to Copilot; (iii) triggering code
generation and iteratively refining the solution by feeding back test execution logs; and (iv) once all
visible tests pass or a predefined time limit is reached, executing the evaluation script, recording the
results, and cleaning up the environment. This automated pipeline ensures consistent evaluation of
coding agents across all tasks in HAI-Eval.

To ensure reproducible results, the evaluation toolkit uses a static dataset of 450 task instances
rather than real-time dynamic task generation, in contrast to the human-facing evaluation setup.
These instances are instantiated from 45 problem templates, with 10 unique tasks per template. All
instances have been manually reviewed and validated to ensure consistency in quality and difficulty,
as detailed in Appendix D. To support replication and benchmarking across different coding agents,
the dataset is released as a standalone resource. This release strategy ensures that future researchers
can benchmark new models against the same, consistent task distribution used in this work.

4.5 METRICS & EVALUATION SYSTEM

The HAI-Eval evaluation system uses a two-stage protocol to assess performance for any human or
LLM. It first records five raw metrics per trial, then derives four aggregated metrics for analysis. A
trial is defined as a single task completed by either a human developer or an LLM. For each trial, the
system records the following raw metrics: (i) binary pass/fail outcomes for each functional test case;
(ii) solution execution time; (iii) peak memory usage; (iv) total completion time; and (v) token usage
from LLM interactions. To ensure fair and comparable evaluation of execution time and memory
usage, we introduce Auto-Calibrated Baselines. Prior to each evaluation run, the system executes
canonical reference solutions (representing efficient and inefficient implementations) to establish
dynamic thresholds. These thresholds are used to convert continuous performance data into discrete
binary pass/fail outcomes. This calibration process mitigates the effects of large-scale numerical
variance across tasks and ensures platform-independent evaluation by adapting thresholds to the
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current computational environment. The resulting binary efficiency metrics are robust, interpretable,
and directly comparable across heterogeneous task instances.

We then derive four aggregated metrics that capture two core dimensions: solution quality and
development efficiency. For solution quality: (i) Overall Pass (0/1) indicates whether the solution
passes all test cases, including both functional and efficiency checks; (ii) Partial Pass (0-1) measures
the proportion of test cases passed. For development efficiency: (iii) Completion Time records the
total task-solving duration with a 60-minute timeout. Trials that fail or exceed the time limit are
assigned a value of 60 minutes, following the standard penalized average runtime (PAR) approach;
(iv) Token Usage captures the total number of used tokens.

5 EXPERIMENTS & ANALYSIS

We conduct a controlled user study alongside fully automated LLM evaluations. Our experiments
are designed to measure performance under four distinct conditions that vary in the level of hu-
man–AI interaction, enabling us to measure human-AI synergy.

5.1 SETUP

Experimental Conditions. We design 4 conditions of varying levels of human intervention:

➠ CH (Human-Only): Participants solve tasks independently without any AI assistance.
➠ C0 (Fully Autonomous AI): Copilot operates without any human input, relying solely on its

built-in robustness features (e.g., automatic retries, up to 25 attempts)
➠ C1 (Minimally-Intervened AI): A researcher intervenes only in strictly defined procedural fail-

ures, with no logical or semantic assistance. Details are provided in Appendix F.3.
➠ C2 (Human-AI Collaboration): Human developers freely use Copilot throughout the task.

C0 and C1 are evaluated using the static 450-instance dataset and HAI-EC. C0 measures end-to-
end autonomous agent performance, while C1 isolates core reasoning capabilities by mitigating
procedural execution failures. CH and C2 are tested via our cloud IDE and dynamic task instances.
This design enables direct comparison of human and AI contributions, and the measurement of
synergy: human benefit (C2 vs. CH ), AI benefit (C2 vs. C0/C1), and failure isolation (C1 vs. C0).

Human Study Design. To maximize statistical power, We conduct a within-subject, fully coun-
terbalanced study where 45 participants each complete four tasks: two under CH and two under C2.
While order effects are a known concern in within-subject designs, we mitigate this risk through
a combination of participant expertise and full counterbalancing. Our participants are expert users
(highly proficient in programming, VS Code, and AI coding assistants) and prior research shows
that such users are minimally influenced by task order (MacKenzie, 2002; 2024). To further control
for order effects, we apply full counterbalancing along two dimensions. Each participant’s task se-
quence is randomly selected from all balanced permutations of the four conditions. A Latin Square
design ensures that every problem appears equally across conditions and is completed by different
participants. The study is conducted over two sessions with a 24-hour interval to reduce cogni-
tive fatigue. All participants complete their tasks via assigned anonymous GitHub accounts after a
brief standardized training session. To ensure data quality, we record operational logs and perform
manual spot checks to verify protocol adherence.

Participants. We recruit 45 participants through personal contacts and advertisements posted on
university forums. All participants are East-Asian current students or recent graduates (undergradu-
ate to PhD) in Computer Science or related majors, and all regularly use coding agents. Participants
were assigned to one of three professional tracks based on a detailed questionnaire assessing their
background and technical skills. This academic demographic is strategically selected for its accessi-
bility and relevance: (i) they frequently engage in unaided coding scenarios (e.g., exams, LeetCode),
making them well-suited for CH ; and (ii) the pool is large enough to reliably screen for expert users.
While this group is highly relevant, the generalizability to industry professionals and other ethnic
groups is limited, so some care needs to be taken when drawing conclusions from our research. Full
selection criteria and background details are provided in Appendices J and H.

Technical Specifications. We evaluate all SOTA models supported by Copilot Agent mode as
of July 26, 2025. Since Copilot does not permit hyperparameter customization, all models are
evaluated with default settings. We select Claude-Sonnet-4 (Anthropic, 2025) as the ecologically
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valid baseline across all conditions due to its market prevalence (Menlo Ventures, 2025). To assess
model boundaries in C0 and C1, we additionally benchmark GPT-4.1, GPT-4o (Hurst et al., 2024),
Claude-Sonnet-3.7 (Anthropic, 2025a), and Gemini-2.5-Pro (Comanici et al., 2025). We apply the
four aggregated metrics defined in Section 4.5 and report both pass@1 and pass@10 in C0 and C1

to evaluate robustness. Statistical comparisons use appropriate tests with averaged results.

5.2 EXPERIMENTAL RESULTS

Our empirical results highlight a fundamental insight into the nature of human-AI synergy: the
dynamic is shifting from a traditional human-as-tool-user paradigm to an emergent co-reasoning
partnership, in which strategic breakthroughs can originate from either the human or the AI. Our
Observations are presented as below.

Table 1: SOTA LLMs universally struggle on HAI-Eval, exposing a fundamental gap in reasoning.

Claude-Sonnet-4 Claude-Sonnet-3.7 GPT-4.1 GPT-4o Gemini-2.5-Pro

C0 C1∆(%) C0 C1∆(%) C0 C1∆(%) C0 C1∆(%) C0 C1∆(%)

Overall Pass@1 (%) 0.67 2.89↑2.22 0.00 1.56↑1.56 0.00 1.78↑1.78 0.00 0.00− 0.22 2.22↑2.00
Overall Pass@10 (%) 3.11 4.22↑1.11 0.44 2.40↑1.96 1.33 3.56↑2.23 0.00 0.00− 0.67 2.22↑1.55
Partial Pass@1 (%) 19.24 30.13↑10.89 8.71 17.47↑8.76 11.16 23.64↑12.48 5.82 12.09↑6.27 8.27 21.33↑13.06

Partial Pass@10 (%) 15.89 28.71↑12.82 12.05 20.34↑8.29 13.97 24.82↑10.85 7.63 15.28↑7.65 10.41 23.15↑12.74

Obs 1: SOTA LLMs hit a wall of higher-order reasoning. Our experiments show that HAI-Eval’s
collaboration-necessary tasks pose a significant challenge to current SOTA LLMs. As shown in
Table 1, all tested LLMs achieve near-zero pass rates under both C0 and C1, with the best-performing
model achieving only an overall pass@10 of 4.22%. This result exposes a core limitation of current
LLMs: they are unable to perform higher-order reasoning tasks, such as interpreting complex
requirements and planning multi-step solutions, revealing a performance gap that current LLMs
cannot bridge alone.

Table 2: Performance comparison of 4
conditions across difficulties. The final
row shows the Averaged Overall Pass@1
across 3 difficulties.

Easy CH C0 C1 C2

Overall Pass@1 (%) 36.67 1.33 4.00 43.33
Partial Pass@1 (%) 52.50 27.60 43.20 62.90
Completion Time (s) 2165 127 142 1379
Tokens (M) 0 0.42 0.44 2.04

Medium CH C0 C1 C2

Overall Pass@1 (%) 13.33 0.67 2.67 26.67
Partial Pass@1 (%) 27.50 18.53 29.20 50.80
Completion Time (s) 2889 216 235 2377
Tokens (M) 0 0.49 0.50 2.26

Hard CH C0 C1 C2

Overall Pass@1 (%) 6.67 0.00 2.00 23.33
Partial Pass@1 (%) 20.60 11.60 18.00 37.10
Completion Time (s) 3306 309 328 2814
Tokens (M) 0 0.58 0.62 2.31

Avg. Overall P@1 18.89 0.67 2.89 31.11 Figure 4: Visualization of key participant feedback. De-
tails of feedback statistics are provided in Appendix K.3.

Obs 2: The synergy paradigm can help address the gap. In contrast to the limitations of stan-
dalone LLMs, pairing human users with coding agents yields substantial performance improvement.
As shown in Table 2, the overall pass@1 rises to 31.11% under C2, a statistically significant im-
provement over the 18.89% overall pass@1 achieved by unaided users (CH ), and far exceeding the
best standalone LLM. This synergy also improves efficiency: average completion time under C2

is significantly lower than in CH , reflecting enhanced problem-solving fluency. This advantage is
most pronounced on the most challenging tasks. Difficulty-wise analysis reveals that while unaided
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human performance degrades sharply with increasing task difficulty, standalone LLM performance
remains uniformly low. In contrast, collaborative performance remains stable across difficulty levels.
This suggests that human problem-solving is constrained by the task’s intrinsic strategic complex-
ity, whereas LLMs are bottlenecked by a fundamental inability to parse contextual complexity. By
bridging these complementary weaknesses, human-AI collaboration acts as a capability multiplier,
especially on complex tasks. Together, these results provide the first strong quantitative evidence
that effective human-AI collaboration not only boosts productivity, but also enables the successful
resolution of tasks that neither humans nor LLMs can solve alone.

Obs 3: LLMs are no longer execution tools, but co-reasoning partners. To better understand the
nature of this synergy, we analyze participant feedback and behavioral logs. The observations reveal
a collaboration dynamic far more complex than the traditional user–tool model, in which humans
lead and delegate execution tasks to AI. As shown in Figure 4.a, a plot of participants’ confidence
versus cognitive load reveals a prominent “cognitive shift”: most participants reported a substan-
tial increase in confidence without a proportional decrease in perceived mental effort. Critically,
Figure 4.b shows a strong positive correlation between participants’ trust in the AI’s code and its ex-
planations, suggesting they trusted the model’s reasoning process as much as its outputs. This shift
is further reflected in participants’ self-reported usage patterns (Figure 4.c): while implementation
support (e.g., generating boilerplate, debugging) was universally adopted, 80% of participants also
used the AI for strategic brainstorming. Notably, 51% adopted a fundamentally different approach
(e.g, algorithmic core, key library) proposed by AI. Among top performers, this strategic reliance on
AI was particularly salient, where 12 of the 15 highest-performing participants reported leveraging
this specific high-level capability. Expert analysis of user logs corroborates these self-reports, con-
firming a consistent pattern: high-performers engaged in active co-reasoning with the AI to discover
and implement more effective solution paths. Together, these observations suggest that LLMs are
no longer mere execution tools, they are emerging as true co-reasoning partners.

This evidence of a dynamic, co-reasoning partnership extends beyond the scope of prior studies.
It emerges directly from the HAI-Eval framework, whose problem design is tailored not only to
measure productivity, but to isolate and quantify the collaborative value of human–AI problem-
solving. Additional analyses and track-specified results are provided in Appendix K.1 & K.2. We
also provide a case study in Appendix K.3 to concretely illustrate this co-reasoning partnership
through a fundamental approach shift.

5.3 HUMAN FEEDBACK ON TASK REALISM AND EVALUATION ACCURACY

Based on our post-test questionnaire in
Appendix J.3, we collect participant feed-
back on task design and the fairness of
our evaluation metrics. As shown in Ta-
ble 3, the high mean scores across all
items indicate a positive reception. Par-
ticipants rate the tasks as highly realistic
and consistently agree that our metrics ac-
curately reflect their performance and ef-
fort in both CH and C2. This feedback
validates the authenticity of our problem
space and the fairness of our evaluation,
including the reasonableness of its hidden
test cases. More human feedback results
are provided in Appendix K.3.

Table 3: Summarized results of participant ratings on
task realism and evaluation accuracy. The ratings use
a 5-point Likert scale (1 = Strongly Disagree, 5 =
Strongly Agree). SD indicates standard deviation.

Statement Mean SD
Tasks reflected real-world challenges 4.07 0.86

Accuracy of metrics in CH :
Functional Correctness 4.27 0.78
Efficiency Metrics 3.82 0.88

Accuracy of metrics in C2:
Functional Correctness 4.20 0.85
Interaction Cost 3.96 0.99

6 CONCLUSION

We introduce HAI-Eval, the first unified benchmark for quantifying human value in AI-assisted
coding and challenging coding agents with tasks that necessitate human-AI collaboration. HAI-Eval
reveals fundamental capability gaps between current LLMs and human developers in higher-order
reasoning. We believe that HAI-Eval paves the way for defining developer competencies in the AI
era and developing truly autonomous coding agents.
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ETHICS STATEMENT

For the experiments with participants, we strictly adhere to all ethical guidelines. All participants
were clearly informed of the research purpose, procedures, potential task difficulty, and data usage,
and signed informed consent forms allowing them to withdraw at any time. To protect privacy, all
data has been anonymized, and we provided fair compensation for the participants. All procedures
in this study were reviewed and approved by the Institutional Review Board (IRB) of the primary
contributors’ university.

As a benchmark including ”human contribution” measurement, we recognize the potential for mis-
use. We stress that HAI-Eval is developed as a research tool to understand human-AI collaboration
and the limitation of current SOTA LLMs. Its direct application in high-stakes evaluations, such
as employee recruitment or performance reviews, should be approached with extreme caution, as it
may introduce bias and inadequately capture the diverse spectrum of engineering talent.

REPRODUCIBILITY STATEMENT

To ensure the reproducibility of our research and maximize its community value, we adopt a two-
way open strategy.

First, to allow reviewers and the community to personally experience the core challenge of our
benchmark, we provide a public, anonymous, and interactive demo. The goal is to provide an
intuitive, first-hand understanding of the pre-specification task design that creates a significant per-
formance gap for both standalone coding agents and unaided human developers, which can only
be bridged by effective human-AI collaboration. This demo enables anyone to act as a participant,
tackling “necessary collaboration” tasks within our environment with “ecological validity”. We also
provide the instruction for participants in our repository and a brief walkthrough in Appendix J.4.

Second, we provide the code and dataset for automatically evaluating LLMs on HAI-Eval, which
allow any researcher to easily reproduce our results, more importantly, to use HAI-Eval to evaluate
their own or future code models. Our goal is to make HAI-Eval a continuously evolving platform that
serves the entire community, driving research into next-generation code agents capable of handling
complex, real-world scenarios.

Our goal is to make HAI-Eval a continuously evolving platform that serves the entire community,
simultaneously driving the development of next-generation code agents while also helping to define
and cultivate the necessary skills for human developers in the AI era.
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Miikka Kuutila, Mika Mäntylä, Umar Farooq, and Maelick Claes. Time pressure in software engi-
neering: A systematic review. Information and Software Technology, 121:106257, 2020.

Yuhang Lai, Chengxi Li, Yimeng Wang, Yufan Wang, Yasheng Wang, Chi Yu, Yuandong Tian,
Yi Zhu, and Wen-tau Yih. DS-1000: A natural and reliable benchmark for data science code
generation. In International Conference on Machine Learning (ICML), pp. 19355–19385. PMLR,
2023.

J Richard Landis and Gary G Koch. The measurement of observer agreement for categorical data.
biometrics, pp. 159–174, 1977.

Jill H Larkin and Herbert A Simon. Why a diagram is (sometimes) worth ten thousand words.
Cognitive science, 11(1):65–100, 1987.

14

https://arxiv.org/abs/2409.12186
https://arxiv.org/abs/2410.21276


756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

Mina Lee, Megha Srivastava, Amelia Hardy, John Thickstun, Esin Durmus, Ashwin Paranjape, Ines
Gerard-Ursin, Xiang Lisa Li, Faisal Ladhak, Frieda Rong, et al. Evaluating human-language
model interaction. arXiv preprint arXiv:2212.09746, 2022.

LeetCode. Leetcode - the world’s leading online programming learning platform. https://
leetcode.com/, 2015. Accessed: September 7, 2025.

Haitao Li, Qian Dong, Junjie Chen, Huixue Su, Yujia Zhou, Qingyao Ai, Ziyi Ye, and Yiqun
Liu. Llms-as-judges: a comprehensive survey on llm-based evaluation methods. arXiv preprint
arXiv:2412.05579, 2024a.

Jia Li, Ge Li, Xuanming Zhang, Yihong Dong, and Zhi Jin. Evocodebench: An evolving code gen-
eration benchmark aligned with real-world code repositories. arXiv preprint arXiv:2404.00599,
2024b.

Luogu. Luogu. https://www.luogu.com.cn/, 2013. Accessed: September 7, 2025.

I Scott MacKenzie. Within-subjects vs. between-subjects designs: Which to use? Human-Computer
Interaction: An Empirical Research Perspective, 7:2005, 2002.

I Scott MacKenzie. Human-computer interaction: An empirical research perspective. 2024.
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Nabeel Ullah, Marcus Liwicki, and Mats Sjöberg. Towards enhancing ecological validity in user
studies: a systematic review of guidelines and implications for qoe research. Quality and User
Experience, 8(1):1–32, 2023. doi: 10.1007/s41233-023-00059-2.

Michele Vaccaro, Adrian Weller, and Arto Klami. When combinations of humans and ai are useful:
A systematic review and meta-analysis. Nature Human Behaviour, 8:1–13, 2024. doi: 10.1038/
s41562-024-02024-1.

Priyan Vaithilingam, Tianyi Zhang, and Elena L. Glassman. Expectation vs. experience: Evaluating
the usability of code generation tools powered by large language models. In CHI Conference on
Human Factors in Computing Systems Extended Abstracts, pp. 1–7, 2022.

Amandine Van Rinsveld, Martin Brunner, Karin Landerl, Christine Schiltz, and Sonja Ugen. The
relation between language and arithmetic in bilinguals: insights from different stages of language
acquisition. Frontiers in psychology, 6:265, 2015.

Ruiqi Wang, Jiyu Guo, Cuiyun Gao, Guodong Fan, Chun Yong Chong, and Xin Xia. Can llms
replace human evaluators? an empirical study of llm-as-a-judge in software engineering. Pro-
ceedings of the ACM on Software Engineering, 2(ISSTA):1955–1977, 2025.

xAI. Grok Code Fast 1 Model Card. Technical report, xAI, August 2025. URL https:
//data.x.ai/2025-08-26-grok-code-fast-1-model-card.pdf. Released Au-
gust 26, 2025.

Yuanzheng Xin, Cuiyun Li, Hongyu Lin, Xianpei Wang, Yingfei Dong, Jiaxin Chen, Yuhang Zhang,
Linzheng Zhao, Xingzhao Han, and Le Sun. A survey on code generation with llm-based agents.
arXiv preprint arXiv:2508.00083v1, 2024.

An Yang, Baosong Yang, Binyuan Hui, Bo Zheng, Bowen Yu, Chang Zhou, Chengpeng Li,
Chengyuan Li, Dayiheng Liu, Fei Huang, Guanting Dong, Haoran Wei, Huan Lin, Jialong
Tang, Jialin Wang, Jian Yang, Jianhong Tu, Jianwei Zhang, Jianxin Ma, Jianxin Yang, Jin
Xu, Jingren Zhou, Jinze Bai, Jinzheng He, Junyang Lin, Kai Dang, Keming Lu, Keqin Chen,
Kexin Yang, Mei Li, Mingfeng Xue, Na Ni, Pei Zhang, Peng Wang, Ru Peng, Rui Men,
Ruize Gao, Runji Lin, Shijie Wang, Shuai Bai, Sinan Tan, Tianhang Zhu, Tianhao Li, Tianyu
Liu, Wenbin Ge, Xiaodong Deng, Xiaohuan Zhou, Xingzhang Ren, Xinyu Zhang, Xipin Wei,

17

https://survey.stackoverflow.co/2024/
https://survey.stackoverflow.co/2024/
https://techcrunch.com/2025/07/30/github-copilot-crosses-20-million-all-time-users/
https://techcrunch.com/2025/07/30/github-copilot-crosses-20-million-all-time-users/
https://www.topcoder.com/
https://data.x.ai/2025-08-26-grok-code-fast-1-model-card.pdf
https://data.x.ai/2025-08-26-grok-code-fast-1-model-card.pdf


918
919
920
921
922
923
924
925
926
927
928
929
930
931
932
933
934
935
936
937
938
939
940
941
942
943
944
945
946
947
948
949
950
951
952
953
954
955
956
957
958
959
960
961
962
963
964
965
966
967
968
969
970
971

Under review as a conference paper at ICLR 2026

Xuancheng Ren, Yang Fan, Yang Yao, Yichang Zhang, Yu Wan, Yunfei Chu, Yuqiong Liu,
Zeyu Cui, Zhenru Zhang, and Zhihao Fan. Qwen2.5 technical report. arXiv, 2024. URL
https://arxiv.org/abs/2412.15115.

An Yang, Baosong Yang, Binyuan Hui, Bo Zheng, Bowen Yu, Chang Zhou, Chengpeng Li,
Chengyuan Li, Dayiheng Liu, Fei Huang, et al. Qwen3 technical report. arXiv, 2025. URL
https://arxiv.org/abs/2505.09388.

Hao Yu, Bo Shen, Dezhi Ran, Jiaxin Zhang, Qi Zhang, Yuchi Ma, Guangtai Liang, Ying Li, Qianx-
iang Wang, and Tao Xie. Codereval: A benchmark of pragmatic code generation with generative
pre-trained models. In Proceedings of the 46th IEEE/ACM International Conference on Software
Engineering, pp. 1–12, 2024.

Jieming Zhang, Yuzhen Chen, Yizhou Chen, Jifeng Xuan, Shengcheng Yu, Mingkai Wang, Qing
Guo, Zhiyong Wang, Yingfei Li, and Shijie Wang. From llms to llm-based agents for software
engineering: A survey of current, challenges and future. arXiv preprint arXiv:2408.02479v2,
2024.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan Zhuang, Zhanghao Wu, Yonghao Zhuang,
Zi Lin, Zhuohan Li, Dacheng Li, Eric Xing, et al. Judging llm-as-a-judge with mt-bench and
chatbot arena. Advances in neural information processing systems, 36:46595–46623, 2023.

Zihan Zheng, Kaiyuan Liu, Hansen He, Shang Zhou, Jianzhu Yao, Zerui Cheng, Zeyu Shen,
et al. LiveCodeBench: A comprehensive benchmark for general-purpose language agents. arXiv
preprint arXiv:2406.01869, 2024.

Zihan Zheng, Zerui Cheng, Zeyu Shen, Shang Zhou, Kaiyuan Liu, Hansen He, Dongruixuan Li,
Stanley Wei, Hangyi Hao, Jianzhu Yao, et al. Livecodebench pro: How do olympiad medalists
judge llms in competitive programming? arXiv preprint arXiv:2506.11928, 2025.

Mingchen Zhuge, Changsheng Zhao, Dylan Ashley, Wenyi Wang, Dmitrii Khizbullin, Yunyang
Xiong, Zechun Liu, Ernie Chang, Raghuraman Krishnamoorthi, Yuandong Tian, et al. Agent-as-
a-judge: Evaluate agents with agents. arXiv preprint arXiv:2410.10934, 2024.

18

https://arxiv.org/abs/2412.15115
https://arxiv.org/abs/2505.09388


972
973
974
975
976
977
978
979
980
981
982
983
984
985
986
987
988
989
990
991
992
993
994
995
996
997
998
999
1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025

Under review as a conference paper at ICLR 2026

APPENDIX

A Limitation & Future Work 21

B Details of Problem Template Validation 21

C Agent Configuration and Prompt Examples 21

C.1 Hyperparameters . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

C.2 Planning Prompt Example . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 22

C.3 Execution Prompts Example . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 23

D Task Instance Validation and Quality Control 23

D.1 Validation Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

D.2 Difficulty Calibration and Quality Criteria . . . . . . . . . . . . . . . . . . . . . . 24

D.3 Inter-Rater Agreement & Pass Rate Analysis . . . . . . . . . . . . . . . . . . . . . 25

E Maintenance and Repository Governance 25

E.1 Repository Governance . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

E.2 Maintenance Process . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

F Examples of Task Instances across Tracks & Difficulty 26

F.1 DS-HARD . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 26

F.2 MLE-MEDIUM . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

F.3 SDE-EASY . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

G Standardized Intervention Protocol for Condition C1 30

H Demographic Statistics of Participants 31

H.1 Participant Selection Criteria . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 31

H.2 Demographic Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 32

I Confidentiality Statement 32

J User Study Materials & Details 33

J.1 Informed Consent Form . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

J.2 Pre-Test Questionnaire . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 34

J.3 Post-Test Questionnaire . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

J.4 Experimental Protocol . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 38

K Detailed Experimental Results 40

K.1 Detailed LLM Benchmarking Results . . . . . . . . . . . . . . . . . . . . . . . . 40

K.2 Detailed Human Study Results . . . . . . . . . . . . . . . . . . . . . . . . . . . . 41

19



1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043
1044
1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079

Under review as a conference paper at ICLR 2026

K.3 Detailed Human Feedback Statistics . . . . . . . . . . . . . . . . . . . . . . . . . 41

L Case Study 43

L.1 Task Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

L.2 User Interaction Process . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

M Use of LLMs 44

20



1080
1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101
1102
1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133

Under review as a conference paper at ICLR 2026

A LIMITATION & FUTURE WORK

Limitations. While our study provides a pioneering framework and valuable insights, we ac-
knowledge several limitations. First, although HAI-Eval is theoretically language-agnostic, our
current implementation is exclusively focused on Python. Second, our reliance on GitHub Copilot
as a standardized interface, while beneficial for controlling experimental variables, constrained our
evaluation to models currently supported by Copilot’s agent mode. Consequently, several advanced
models including o3 (OpenAI, 2025d) and GPT-5 (OpenAI, 2025), and prominent open-source mod-
els such as Deepseek (DeepSeek-AI, 2024; DeepSeek-AI et al., 2025), Llama (Dubey et al., 2024;
Meta AI, 2025), and Qwen (Team, 2024; Yang et al., 2024; Hui et al., 2024; Yang et al., 2025) series
were not included in our benchmark. Third, our user study participants consist entirely of East-
Asian university students and recent graduates, all regularly using coding agents. While this group
is highly relevant, the generalizability may be limited. Finally, to facilitate cross-task and platform-
independent comparisons, we converted raw performance data into discrete pass/fail checks for our
final analysis. While this approach is common practice on competitive programming platforms, it
can impact the transparency and interpretability of our results.

Future Work. Our future work will aim to address these limitations. Planned directions include:
(i) extending the benchmark to additional programming languages (e.g., C++, Java) and new pro-
fessional tracks (e.g., DevOps, Cybersecurity); (ii) broadening LLM evaluations to include models
accessible via direct APIs; (iii) conducting follow-up user studies with experienced industry de-
velopers and participants from more ethnic diverse backgrounds; (iv) developing a more granular
evaluation framework that reports detailed scores for correctness and various efficiency metrics sepa-
rately. More substantially, we plan to enhance HAI-Eval by integrating emerging LLM-based review
frameworks. This will enable us to move beyond purely quantitative metrics towards qualitative as-
sessments of generated code, capturing crucial software engineering attributes such as readability,
maintainability, and extensibility. Such advancements would further strengthen HAI-Eval as a holis-
tic benchmark for both developer and AI capabilities.

B DETAILS OF PROBLEM TEMPLATE VALIDATION

Model Selection. As shown in Figure 3, we use Claude-Sonnet-4 as the test model for the fidelity
check, which is identical to the model used by Copilot in our human study. For the generalization
test, we select two additional SOTA LLMs: GPT-4.1 and Gemini-2.5-Pro. Together, these three
selected models represent the latest and most capable offerings of OpenAI, Anthropic, and Google,
the leading providers of LLM services (Menlo Ventures, 2025), that are available in Copilot’s Agent
Mode. This selection ensures that our validation protocol reflects both the strongest commercially
available models and the practical constraints of widely deployed developer tools.

Validation Setup. Validation tests are conducted in an environment identical to that described in
Section 5.1 for LLM evaluation. The entire testing process is under the C0 condition, ensuring a
standardized, objective, and reproducible assessment. Following Equation 2, in the fidelity check,
a maximum of 1 out of the 20 instances for each template is permitted to pass, corresponding to a
maximum pass rate of 0.05. In the generalization test, a maximum of one out of the 10 instances per
template is allowed to pass, resulting in a maximum pass rate of 0.1.

Detailed Results. Table 4 presents the validation results for our final template bank across three
models. All 45 templates successfully meet both criteria in Equation 2. Notably, 42 templates
achieve 0% pass rate across all models, demonstrating the effectiveness of our Collaboration-
Necessary design principles.

Table 4: Validation results across models on final template bank.

Metric Claude-Sonnet-4 GPT-4.1 Gemini-2.5-Pro
Overall Pass Rate 0.33% 0% 0.22%
Templates with 0% pass 42 45 44

C AGENT CONFIGURATION AND PROMPT EXAMPLES

To ensure the transparency of our task instantiation process, this appendix provides comprehensive
technical details of the task system. We describe the key hyperparameters used by the GPT-4.1
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model that powers our agent, and we include representative prompt templates used to guide the
agent in instantiation.

C.1 HYPERPARAMETERS

The LLM in our task system, GPT-4.1, is configured with the hyperparameters below. This setup,
particularly the use of a moderate temperature, ensures that task instances exhibit sufficient variabil-
ity to prevent repetition, while maintaining the consistency necessary for controlled benchmarking.

• temperature: 0.7
• top p: 0.9
• max tokens: 8192

C.2 PLANNING PROMPT EXAMPLE

Prompt for Task Planning

You are a task agent. Analyze the given template {template info} and then:

1. Based on the potential tool list provided by the template, determine which tools are
needed

2. According to the tool dependency information provided in {tool info}, plan the invo-
cation sequence

3. Based on the scenario and value ranges provided by the template, set appropriate pa-
rameters for each tool

You can:
• Adjust tool invocation order based on template characteristics
• Skip unnecessary tools
• Repeatedly invoke the same tool for parameter refinement

Below are two examples. Please return the execution plan following this JSON format.
Example 1 (Network Optimization Problem):
{

"template_id": "SDE-HARD-001",
"difficulty": "hard",
"track": "SDE",
"execution_plan": [

{
"step": 1,
"tool": "TechnicalParameterTool",
"parameters": {

"num_nodes_range": [10, 30],
"edge_ratio_range": [1.2, 2.5],
"budget_range": [3, 10]

},
"rationale": "First generate network scale parameters

as foundation for all subsequent tools"
},
{

"step": 2,
"tool": "ImplementationConstraintTool",
"parameters": {

"required_libraries": ["networkx", "json"],
"python_version": "3.8+"

},
"dependencies": ["step_1_output"],
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"rationale": "Determine tech stack based on network scale"
},
...

]
}

C.3 EXECUTION PROMPTS EXAMPLE

Prompt for Task Execution

You are now executing the plan. You will receive:
1. The execution plan (execution plan)
2. Tool interface specifications (tool interfaces)
3. Current step information (current step)

Your tasks are:
1. Execute strictly in the step order specified in the plan
2. Invoke tools using parameters specified in the plan
3. Use outputs from previous steps as dependency inputs for current step
4. Handle potential errors from tool invocations

If tool invocation fails, you should:
• Analyze the failure reason
• Adjust parameters and retry (maximum 3 attempts)
• If failures persist, mark the step as failed with explanation

Please return execution results for each step in the following format:
Execution Example:
{

"step": 1,
"tool": "TechnicalParameterTool",
"status": "success",
"execution": {

"attempt": 1,
"input_parameters": {

"num_nodes_range": [10, 30],
"edge_ratio_range": [1.2, 2.5]

},
"tool_response": {

"num_nodes": 23,
"num_edges": 42,
"upgrade_budget": 7

}
},
"validation": {

"is_valid": true,
"checks": ["Parameters within range",

"Edge-node ratio reasonable"]
}

}

D TASK INSTANCE VALIDATION AND QUALITY CONTROL

To ensure the integrity, fairness, and consistency of task instances within the final dataset for LLM
evaluation, we implement a comprehensive quality control protocol that verifies task validity and
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adherence to the “Collaboration-Necessary” design principles. This section details the validation
methodology, review procedures, and quality control metrics. All validation work was conducted
independently of the human study by two domain experts, each with over three years of industry
experience in software engineering and AI, or equivalent academic research credentials.

D.1 VALIDATION METHODOLOGY

Our quality control protocol comprises two complementary validation methods: (1) Document Re-
view, and (2) Manual Testing. In Document Review, experts systematically examine each task
instance, including task descriptions, code frameworks, configuration files, and other supporting
materials, to assess structural soundness, clarity, and internal consistency. This method is applied
to all task instances. In Manual Testing, experts attempt to implement a subset of task instances
to verify solvability and confirm the presence of Collaboration-Necessary characteristics. Due to
resource constraints, this method is applied using a representative sampling strategy.

To ensure both efficiency and rigor in the evalidation process, we design a two-stage review protocol:
➠ Initial Validation. For each of the 45 problem templates, we use the agentic task system (Section

4.2) to generate an initial set of 3 task instances. Two independent experts conduct validation on
each instance validate each instance through both document review and manual testing. All three
instances must pass both validation stages to proceed. If any instance fails, the template is flagged
for revision, and adjustments are made either to the template itself or the task system’s tools based
on the identified failure. Revised templates must restart the full validation process from the first
stage.

➠ Extended Validation. Templates that successfully pass the first stage to a second round, where
the task system generates an additional 7 task instances. The same two experts apply identical
validation criteria. At this stage, document review is performed on all seven instances, while
manual testing is conducted on two randomly selected instances. All instances must pass their
respective validation checks. Any failure triggers a return to the revision process, after which
validation must restart from the first stage. Only templates that successfully complete both stages
contribute their full set of 10 validated task instances to the static evaluation dataset.

This process not only validates the effectiveness of individual templates from a performance per-
spective, but also verifies the reliability of both the dynamic task system and the resulting static
evaluation dataset. Through this rigorous quality control pipeline, we ensure that the task system
consistently instantiates tasks that meet benchmark standards, while guaranteeing that each task
included in the final static dataset satisfies our design requirements.

D.2 DIFFICULTY CALIBRATION AND QUALITY CRITERIA

Our difficulty calibration and quality examination follows a rigorous two-stage process: (1) Ob-
jective Indicator Assessment, where tasks are measured against specific metrics; and (2) Expert
Calibration, where domain experts validate these metrics against standards. Experts evaluate each
task instance across four critical dimensions, issuing binary judgments (Pass/Fail). Notably, the
Difficulty Consistency metrics are derived from established software engineering literature (Pelánek
et al., 2022). A task instance is considered valid only if it passes all dimensions simultaneously:

• Requirement Clarity:
– Task Description Precision: The task description provides an unambiguous specification of

the objective.
– Context Completeness: All necessary background information, assumptions, and constraints

are clearly stated.
– Criteria Definition: Evaluation metrics and expected outcomes are clearly defined.

• Code Framework Correctness:
– Initial Code Validity: All provided starter code compiles and runs without errors.
– Dependency Completeness: All required libraries and tools are properly declared.
– Environment Setup: The functional development environment can be successfully instanti-

ated with the provided configuration.
• Difficulty Consistency:

– Algorithmic Complexity: The core algorithmic challenges align with the defined difficulty
level and remain consistent across instances.
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– Implementation Scope: The volume of required code and functional components falls within
the pre-calibrated range for the assigned difficulty.

– Time Requirements: The estimated completion time for a qualified expert aligns with the
designated difficulty category.

• Collaboration-Necessary Characteristics:

– Requirement Analysis Necessity: Solving the task requires meaningful interpretation and
decomposition of ambiguous or complex requirements.

– Contextual Reasoning: The solution requires understanding of domain-specific constraints
or business logic that cannot be directly inferred through pattern-matching.

D.3 INTER-RATER AGREEMENT & PASS RATE ANALYSIS

Inter-Rater Agreement. To ensure the objectivity and reliability of quality assessments, we cal-
culated inter-rater agreement (IRR) between the two expert reviewers. IRR was computed on a
subset of 90 task instances selected via stratified sampling, with exactly two instances sampled from
each template. For each instance, both experts independently provided binary judgments (Pass/Fail)
on each of the four quality dimensions.

We report IRR using Cohen’s κ (Cohen, 1960), calculated for each quality dimension. As shown
in Table 5, all dimensions achieved “substantial agreement” (κ > 0.80) or higher (Landis & Koch,
1977). Notably, the Difficulty Consistency metric achieved a score of 0.97, demonstrating that
our two-stage determination process yields highly stable and objective difficulty classifications. For
cases where the two experts initially disagreed on any dimension during the initial assessment, we
conducted structured review discussions and revision processes. All such instances were revisited
and updated to ensure both experts agreed that the tasks fully satisfied all quality dimensions.

Table 5: Inter-rater agreement results across dimensions.

Quality Dimension Cohen’s κ

Requirement Clarity 0.93
Code Framework Correctness 1.00
Difficulty Consistency 0.97
“Collaboration-Necessary” Characteristics 0.91

Pass Rate. Among the 45 problem templates submitted for manual validation, 40 successfully
passed both validation stages on their first attempt. Two templates required one round of revision af-
ter first-stage failures, one template required revision after a second-stage failure, and two templates
were ultimately rejected and replaced. These results demonstrate that our task system consistently
produces high-quality, structurally valid task instances from validated templates.

The 88.9% first-attempt pass rate reflects the system’s ability to apply parameterized adjustments
while preserving core task characteristics. Simultaneously, this validation protocol ensures that
every task included in the static dataset meets benchmark design standards, exhibiting consistent
difficulty levels, unambiguous specifications, and robust Collaboration-Necessary properties.

E MAINTENANCE AND REPOSITORY GOVERNANCE

HAI-Eval is designed as a benchmark to track the evolving capability frontier between state-of-the-
art LLMs and human developers. Given the rapid pace of model improvements, a static benchmark
would quickly become outdated, reducing its scientific value. To address this, we establish a main-
tenance protocol focused on community governance and reproducibility, to ensure that HAI-Eval
remains both challenging and representative, continuously upholding its value as a Collaboration-
Necessary benchmark.
E.1 REPOSITORY GOVERNANCE

To ensure transparency, usability, and community alignment, we not only open-source HAI-Eval,
but also establish clear governance practices for the repository of HAI-Eval. These practices govern
how updates are versioned and how the community can participate in task refinement and expansion,
supporting HAI-Eval as a sustainable and evolving benchmark.
Versioning. All major updates to HAI-Eval are tracked using semantic versioning (e.g., v1.1,
v2.0). Each version is accompanied by a detailed changelog published on the project’s repository.
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Community Engagement. We actively welcome community contributions through GitHub is-
sues and requests, including reporting bugs, identifying quality concerns, or proposing maintenance
for existing templates. Moreover, we encourage the community to propose new templates and
Collaboration-Necessary designs, which can be vetted and incorporated into future community-led
forks or versions.

Open Leaderboard. We maintain an open leaderboard in the Github repository of HAI-Eval to
track most advanced model performance. Our maintenance plan, starting in Q4 2025, involves
conducting quarterly evaluations at the end of each period. These evaluations will benchmark new
SOTA models supported by Copilot Agent mode. For instance, based on the updated support after
the submission of this paper, our next evaluation cycle will include Claude Sonnet 4.5 (Anthropic,
2025b), GPT-5 (OpenAI, 2025), GPT-5-Codex (OpenAI, 2025c), GPT-5.1 (OpenAI, 2025a), GPT-
5.1-Codex (OpenAI, 2025b), and Grok Code Fast 1 (xAI, 2025). While our team provides these
regular updates, we also strongly support community contributions. Researchers are encouraged
to use our open-source toolkit to run evaluations on new models and submit their results via pull
requests. Upon verification, these community-driven results will be integrated, ensuring it remains
a comprehensive and up-to-date resource.

E.2 MAINTENANCE PROCESS

To maintain the integrity and consistency of the benchmark, all contributions that modify or replace
templates, whether from our team or the community, should adhere to the following maintenance
process.
Step 1: Re-validation of Existing Templates. Any contribution that proposes replacing a tem-
plate must demonstrate that the existing template is ”compromised” by conducting pass@1 tests on
10 dynamic tasks that show the template’s pass@1 score on a certain new SOTA model exceeds our
defined generalization test threshold in Section 4.1 (>0.10).

Step 2: Validation of New Templates. New templates (including both replacement and expan-
sion) must pass the full validation protocol. We encourage contributors to use our open-source
toolkit to run the automated validation checks and include the results in their pull request. Our team
will then conduct the final manual review to ensure the template meets the both Ecological Validity
and Collaboration-Necessary design principles, such as requirement clarity and code correctness.

Step 3: Synchronization of the Static Dataset. Any update to a template must be accompanied by
10 new, manually-reviewed static instances for the evaluation toolkit. This ensures the static dataset
always reflects the most up-to-date and representative task set for reproducible benchmarking.

F EXAMPLES OF TASK INSTANCES ACROSS TRACKS & DIFFICULTY

To illustrate the diversity and complexity of tasks in HAI-Eval, we present representative exam-
ples across professional tracks and difficulty levels. The following subsections showcase sample
instances from the Data Science (DS), Machine Learning Engineering (MLE), and Software Devel-
opment Engineering (SDE) tracks at varying levels of difficulty.

F.1 DS-HARD
Task Description: The task description below is a short summary of the original text. The original
version is more verbose to make it hard for LLM parsing. This makes human-LLM cooperation
necessary, a central idea in our framework.

The primary objective is to develop a robust algorithm for calculating a proprietary metric,
the Prime Impact Aggregate, across a rolling time window of customer transactions. Given
a time-series list of transaction values, a window size k, and a number of top seg-
ments x, the task is to compute this aggregate for every contiguous sub-array (cohort) of
length k. The calculation for a single cohort begins with a frequency analysis of its transac-
tion values. From this analysis, the top x most frequent transaction values are identified as the
“core segments.” A tie-breaking rule specifies that if two values share the same frequency,
the one with the higher value is prioritized. The Prime Impact Aggregate is then the sum
of all occurrences of these identified core segment values within the cohort; all other values
are ignored. A special case exists where if a cohort contains fewer than x distinct transaction
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values, the aggregate is simply the sum of all transactions in that cohort. The final deliverable
is a list of integers, where the i-th element represents the calculated aggregate for the cohort
starting at index i, resulting in an output list of length len(transaction values)− k + 1.

Folder Structure:

• README.md: This is a complete, human-readable description of the problem.
• solution.py: This is the user’s deliverable. It contains all starter code.
• task data.json: This is an example test case given to the user. The true test dataset

contains hidden testcases.

Starter Code:

1 def calculate_rolling_cohort_sum(transactions, size, topk):
2 """
3 For each window of size `size`, this function finds the sum
4 of values that belong to the `topk` most frequent categories.
5 """
6 # --- Your implementation starts here ---
7 # [Student Code]
8 # --- Your implementation ends here ---
9

10 if __name__ == '__main__':
11 transactions, k, x = load_test_data("task_data.json")
12 result = calculate_rolling_cohort_sum(transactions, k, x)
13 print(f"Result preview: {result[:5]}")

Key Challenge: The key challenge is the efficient management of state across sliding windows.
The difficulty lies in creating a system that can incrementally update the set of top segments as one
transaction enters the window and another exits, without re-sorting or recounting the entire window
each time.

Evaluation Logic:
Correctness. The participant’s solution correctness is verified by comparing its output list against
the one produced by a simple, brute-force implementation. The two lists must be identical.

Performance. The solution performance is measured by running it against a large dataset. A suc-
cessful solution must be significantly faster than the naive approach to pass the evaluation.

F.2 MLE-MEDIUM

Task Description: The task description below is a short summary of the original text. The original
version is more verbose to make it hard for LLM parsing. This makes human-LLM cooperation
necessary.

The primary objective is to detect the longest palindromic signature within a network secu-
rity graph. Given a network with n nodes (where each node has a security label character),
edges representing bidirectional connections, and a string of security codes, the task is to
find the maximum length palindromic sequence that can be formed by traversing the net-
work. The traversal begins at any node and moves through adjacent nodes, collecting their
security labels to form a signature. Each node can be visited at most once during a single
traversal. A palindromic signature represents a symmetric security pattern that could indicate
verified bidirectional communication channels or encrypted pathways. The algorithm must
explore all possible paths through the network using depth-first search with backtracking,
checking if the collected labels form a palindrome at each step. The final deliverable is an
integer representing the length of the longest palindromic signature achievable through any
valid traversal of the network graph.
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Folder Structure:

• README.md: This is a complete, human-readable description of the problem.

• solution.py: This is the user’s deliverable. It contains all starter code.

• task data.json: This is an example test case given to the user. The true test dataset
contains hidden testcases.

Starter Code:

1 def find_longest_palindrome_path(n: int, edges: List[List[int]],
2 label: str) -> int:
3 """
4 Finds the longest palindromic pattern in the network graph.
5 """
6 if n == 0:
7 return 0
8

9 # Build adjacency list
10 graph = defaultdict(list)
11 for u, v in edges:
12 graph[u].append(v)
13 graph[v].append(u)
14

15 max_length = 1 # Single character is always a palindrome
16

17 def is_palindrome(s: str) -> bool:
18 """Check if a string is a palindrome."""
19 return s == s[::-1]
20

21 def dfs(node: int, visited: Set[int], path: str) -> None:
22 """Depth-first search to explore all paths."""
23 nonlocal max_length
24 # --- Your implementation starts here ---
25 # [Student Code]
26 # --- Your implementation ends here ---
27

28 # Try starting from each node
29 for start_node in range(n):
30 # TODO: Initialize DFS from each starting node
31 pass
32

33 return max_length
34

35 if __name__ == "__main__":
36 task_data = load_task_data()
37 result = find_longest_palindrome_path(task_data['n'],
38 task_data['edges'],
39 task_data['label'])
40 print(f"Longest palindromic signature: {result}")

Key Challenge: The key challenge is efficiently exploring all possible paths through the graph
while tracking visited nodes and checking for palindromes. The difficulty lies in implementing an
optimized backtracking algorithm that can prune unnecessary branches early when the remaining
unvisited nodes cannot possibly form a longer palindrome than the current maximum.

Evaluation Logic:
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Correctness. The participant’s solution correctness is verified by comparing its output against the
expected maximum palindrome length for various test graphs. The solution must correctly handle
edge cases including disconnected nodes, single-node graphs, and graphs with no palindromic paths
longer than 1.

Performance. The solution performance is measured on large graphs with up to several hundred
nodes. A successful solution must employ efficient pruning strategies to avoid exploring all O(n!)
possible paths, achieving reasonable runtime through techniques such as early termination and dy-
namic programming optimizations where applicable.

F.3 SDE-EASY

Task Description: The task description below is a short summary of the original text. The original
version is more verbose to make it hard for LLM parsing. This makes human-LLM cooperation
necessary.

The primary objective is to implement a counting algorithm for binary palindromic num-
bers within a specified range. Given a non-negative integer n, the task is to count all integers
k where 0 ≤ k ≤ n such that the binary representation of k (without leading zeros) reads
the same forwards and backwards. A binary palindrome is defined as a number whose bi-
nary string representation is symmetric. For example, 5 (binary: 101) and 7 (binary: 111)
are binary palindromes, while 6 (binary: 110) is not. The algorithm must efficiently handle
large values of n up to 109. While a brute-force approach checking each number individually
works for small inputs, an optimized solution should leverage the mathematical patterns of
binary palindromes, potentially generating them directly rather than checking all numbers.
The final deliverable is a single integer representing the total count of binary palindromic
numbers in the inclusive range [0, n].

Folder Structure:

• README.md: This is a complete, human-readable description of the problem.
• solution.py: This is the user’s deliverable. It contains all starter code.
• task data.json: This is an example test case given to the user. The true test dataset

contains hidden testcases.

Starter Code:

1 def count_binary_palindromes(n: int) -> int:
2 """
3 Counts the number of binary palindromic numbers from 0 to n.
4

5 A binary palindrome is a number whose binary form reads the
6 same forwards and backwards.
7 """
8 if n < 0:
9 return 0

10

11 count = 0
12

13 def is_binary_palindrome(num: int) -> bool:
14 """Check if a number's binary form is palindromic."""
15 binary = bin(num)[2:] # Remove '0b' prefix
16 return binary == binary[::-1]
17

18 # --- Your implementation starts here ---
19 # [Student Code]
20 # --- Your implementation ends here ---
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21

22 return count
23

24 if __name__ == "__main__":
25 task_data = load_task_data()
26 n = task_data['n']
27 result = count_binary_palindromes(n)
28 print(f"Total binary palindromes found: {result}")

Key Challenge: The key challenge is developing an efficient algorithm that can handle large val-
ues of n (up to 109). While a brute-force approach checking each number is straightforward, it
becomes computationally expensive for large inputs. The optimal solution requires understanding
the mathematical patterns of binary palindromes and potentially generating them directly based on
bit-length patterns rather than checking every number in the range.

Evaluation Logic:
Correctness. The correctness is verified by comparing the output count against the expected number
of binary palindromes for various test cases. The solution must correctly handle edge cases including
n = 0, small values where brute force is acceptable, and large values up to 109.

Performance. The solution performance is measured on large inputs. A successful solution must
complete within reasonable time limits for n values up to 109. Solutions that use brute-force check-
ing for every number will likely timeout, while optimized approaches that leverage palindrome
generation patterns or mathematical formulas should pass the performance requirements.

G STANDARDIZED INTERVENTION PROTOCOL FOR CONDITION C1

The minimally human-intervened condition, denoted as C1, is designed to measure the upper bound
of a large language model’s core logical reasoning capabilities by eliminating common non-logical,
procedural obstacles. In this setting, researchers simulate an “idealized execution environment” and
are strictly prohibited from intervening in the model’s logical reasoning or problem-solving process
in any form. Minimal assistance is permitted only in narrowly defined cases of procedural failure,
where the model’s output is correct in intent but fails due to environmental or infrastructural con-
straints. The following list outlines the only permitted procedural interventions under the C1 con-
dition. Each case reflects a well-scoped operational exception where intervention restores intended
task execution without assisting with reasoning, decision-making, or problem decomposition.
• Environment and Command Invocation Errors

– Description: The model generates the correct command or script but executes it in an incor-
rect runtime context (e.g., wrong Conda environment or virtual environment).

– Permitted Intervention Example: If the model runs python main.py instead of the re-
quired conda run -n myenv python main.py, the researcher may intervene to
correct the command.

• Missing Dependency Errors
– Description: The code fails due to a missing library that was explicitly declared in a project

dependency file (e.g. requirements.txt). This typically occurs when the environment
fails to automatically install all declared dependencies. No intervention is allowed if the
dependency was not declared by the model.

– Permitted Intervention Example: If the code fails due to a missing library such as pandas
and that library was listed in requirements.txt, the researcher may manually execute
pip install pandas to install the intended library.

• File/Directory Permission Issues
– Description: The generated code fails due to insufficient file or directory permissions, such

as attempting to execute a non-executable script or write to a read-only location. These are
considered environmental issues rather than logic errors.

– Permitted Intervention Example: If the model generates a script without execution permis-
sions, the researcher may run chmod +x runscript.sh to allow execution.
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• Port Conflicts or Basic Network Configuration Errors

– Description: In tasks involving network services, the model may attempt to start a service on
a port that is unavailable due to environmental constraints (e.g., already in use or restricted).
These errors are considered infrastructure-level and not part of the model’s reasoning capa-
bilities.

– Permitted Intervention Example: If the model attempts to start a service on an occupied port
such as 8000, the researcher may modify the configuration to use an available port, such as
8001.

• Missing or Incorrect Environment Variables

– Description: The model correctly attempts to read a configuration value (e.g., an API key or
file path) from an environment variable that is expected to be defined as part of the task setup,
but the variable is missing or incorrectly set due to an environment configuration issue.

– Permitted Intervention Example: If the model references os.environ[’DATA DIR’]
and this variable is unset, the researcher may execute export
DATA DIR=/path/to/data, provided the expected configuration is explicitly or
implicitly required by the task.

H DEMOGRAPHIC STATISTICS OF PARTICIPANTS

H.1 PARTICIPANT SELECTION CRITERIA

Participant credentials were verified via publicly available materials, including GitHub profiles,
Google Scholar pages, and LinkedIn profiles. For selected participants, we also conducted brief
online interviews in which candidates completed a designated task using VS Code with Copilot,
allowing us to validate their practical proficiency in AI-assisted programming. Additional details
regarding data collection and privacy safeguards are provided in Appendix I. To ensure professional
competency with experimental tools and minimize learning effects related to tool unfamiliarity, all
participants were required to meet the following eligibility criteria:

• At least 18 years of age
• Major in Computer science, software engineering, or related field
• Minimum of two years of programming experience and demonstrated proficiency in unas-

sisted programming
• Proficient in using Visual Studio Code
• Regular use of AI programming assistants (e.g., Copilot, Claude Code) at least three times

per week in the past month
• Proficient in Python programming
• Proficient in the technology stack relevant to their assigned track
• English reading and writing proficiency sufficient to understand task requirements

Based on participants’ professional backgrounds and stated interests, we assigned them to one of
three professional tracks: Software Development Engineer (SDE), Machine Learning Engineer
(MLE), or Data Scientist (DS), with 15 participants in each track. Given the complexity of each
individual’s personal circumstances, these criteria were used as reference guidelines rather than
strict eligibility rules for participant assignment. Track assignment criteria are as follows:

• Academic background alignment: Prior coursework in core computer science topics for
SDE, machine learning or deep learning for MLE, and statistics or data analysis for DS.

• Project experience type: Experience with system development for SDE, model or algo-
rithm development for MLE, and data processing or visualization for DS.

• Career goal consistency: Track preferences were aligned with participants’ self-reported
career plans and professional interests.
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H.2 DEMOGRAPHIC STATISTICS

All 45 participants identified as East Asian, including 28 males and 17 females. Ages ranged from
19-26 years (mean = 21.4). Educational backgrounds include 24 participants with or currently pur-
suing undergraduate degrees, 15 with or currently pursuing master’s degrees, and 6 with or cur-
rently pursuing doctoral degrees. Participants reported an average of 1.47 internship experiences,
with 84.4% using LLMs for coding assistance on a daily basis. Participants’ current or previous
academic affiliations span institutions across the United States, Mainland China, Hong Kong, and
Singapore. Additional details are provided in Figure 5.

Figure 5: Visual representations of the participants’ demographic data.

As discussed in Appendix A, we acknowledge that a limitation of this study is the demographic
homogeneity, particularly in terms of race and cultural background. While this homogeneity may
enhance internal validity by minimizing potential cultural confounds, it also limits the generalizabil-
ity of our findings to the broader global developer population. In future work, we aim to replicate
this study with participants from a wider range of cultural backgrounds to evaluate the cross-cultural
robustness of the human-AI collaboration patterns observed in this study.

I CONFIDENTIALITY STATEMENT

This section details the protocol we implemented to ensure the strict confidentiality of participant
information throughout the study.

Participant Anonymity during the Study. The primary mechanism for ensuring participant
anonymity during the experimental phase was the use of pre-assigned, anonymous GitHub accounts.
Participants were explicitly instructed not to use their personal GitHub accounts. Instead, the re-
search team created and provided a unique, anonymous GitHub account for each participant. The
login credentials for these anonymous accounts were securely communicated to each participant via
their registered email address prior to their first session. By using these pre-assigned accounts, we
ensured that all actions within the experimental environment, including code submissions, IDE in-
teractions, and operational logs, were decoupled from the participant’s real-world identity from the
outset.

Participant Information Verification. To ensure the integrity of our participant pool and the
validity of self-reported expertise, we conducted a verification process based on the information
provided in the pre-test questionnaire, detailed in Appendix J.2. The verification involved cross-
referencing publicly available information based on participants’ names and institutional affiliations.
For example, we looked up academic profiles (e.g., publications on Google Scholar) and professional
networking sites (e.g., work experience on LinkedIn) to validate self-reported credentials. This
step was performed solely to validate that self-reported information met our selection criteria. All
information accessed during verification was handled with strict confidentiality by the core research
team and was used exclusively for eligibility screening.
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De-identification and Aggregation. After data collection, a rigorous de-identification protocol
was executed to ensure complete participant anonymity. During analysis, we used pre-assigned
anonymous GitHub usernames as sole identifiers while permanently removing all personally iden-
tifiable information, including names, email addresses, and verification details, from the research
dataset. The sensitive information was stored separately in encrypted files with restricted access for
compensation only. The anonymized experimental data and questionnaire responses were linked
using only the anonymous GitHub usernames. All published findings and any released data are
presented in aggregated, fully anonymized format, making individual participant identification im-
possible.

J USER STUDY MATERIALS & DETAILS

This section presents all materials provided to the user study participants, including the informed
consent form, the pre-test screening questionnaire, and the post-test feedback questionnaire.

J.1 INFORMED CONSENT FORM

The following is a static version of the informed consent form for inclusion in this appendix. All
identifying information has been replaced with placeholders. In the actual study, participants were
required to check a box and sign, indicating they had read, understood, and voluntarily agreed to
participate.

Research Project Title: HAI-EVAL: EVALUATE HUMAN VALUE IN AI-ASSISTED CODING
Principal Investigator: xxxxxxx
Institution: xxxxxxxxxxxxxx
Contact Information: xxxxxxxxxxxxxx@xxx.xxx

1. INTRODUCTION

You are invited to participate in an academic study aimed to develop a novel framework for assessing
programming abilities with coding agents. Your participation will provide valuable scientific data
for understanding the core value of programmers in the AI era and for improving future engineering
education and technical interviews. This test is conducted entirely in English and therefore requires
proficiency in English reading and writing. To ensure the ethical conduct of this research and the
protection of all participants, this study has been reviewed and approved by the Institutional Review
Board (IRB). If you have any questions, please contact the Principal Investigator.

2. PROCEDURES

If you agree to participate in this study, you will be asked to complete the following:

• Pre-Test Questionnaire: You will first complete an online questionnaire (approx. 10 minutes)
to provide basic information, educational background, and technical experience. This helps us
ensure you meet the study’s criteria.

• Programming Tasks & Conditions: If you are selected as a participant, you will complete a
total of four programming tasks related to your selected professional track in a pre-configured
cloud IDE. The tracks include Software Development Engineer (SDE), Machine Learning En-
gineer (MLE), and Data Scientist (DS). The IDE is developed based on GitHub Codespaces and
Visual Studio Code. The experiment follows a within-subject design, meaning you will experience
both experimental conditions:

– Two tasks will be completed in a human-only condition, without the aid of GitHub Copilot.
– Two tasks will be completed in a human-AI collaboration condition, with GitHub Copilot

enabled.
– The order of tasks and conditions will be fully counterbalanced to prevent order effects.

• Time Commitment and Arrangement:
– We estimate each task will take approximately 45-60 minutes. The total time commitment is

expected to be around 3-4 hours.
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– The experiment is divided into two sessions separated by a 24-hour interval to mitigate fa-
tigue. You will complete two tasks per session. Ideally, the interval between the two sessions
should be exactly 24 hours. However, if you have important personal business, please inform
us via email. After reviewing your request, we may provide a flexible window of up to two
hours.

• Data Collection: The system will automatically collect your final submitted code and perfor-
mance metrics for evaluation. To guarantee data quality, we will also record operational logs.

• Post-Test Feedback: After finishing all tasks, you will be asked to complete a brief final question-
naire (approx. 5-10 minutes) to provide feedback on your experience, which should be completed
within one day of finishing all tasks.

3. RISKS AND BENEFITS

• Risks: As approved by the IRB, the risks associated with this study are minimal. You may
experience some stress or frustration. All your personal data will be strictly anonymized.

• Benefits: You will gain insight into a novel evaluation method.

4. COMPENSATION

Upon completion of all four programming tasks and the questionnaires, selected participants will be
compensated with 40 USD or the equivalent amount in another currency. Payment will be made via
one of the following methods: Amazon Gift Card, PayPal, Zelle, Alipay, or WeChat. The specific
method will be determined in consultation with you after the study is complete.

5. CONFIDENTIALITY

We will take strict measures to protect your privacy.

• Anonymous Access: To ensure your anonymity, you will not use your personal GitHub account.
You will be provided with a uniformly assigned, anonymous GitHub account to access Codespaces
for the tasks. The credentials for this account will be sent to your registered email address.

• Data Usage: The personal information you provide will be used for specific, distinct purposes.
Your contact information, typically email, will be used strictly for study-related communication
and compensation. Your demographic and background information will be used for anonymized
statistical analysis in our research.

• Publication: All published research findings will use fully anonymized, aggregated data. No
information that could personally identify you will be disclosed.

6. VOLUNTARY PARTICIPATION

Your participation is voluntary. You may withdraw at any time without penalty.

J.2 PRE-TEST QUESTIONNAIRE

The following questionnaire was administered to screen and assign participants. For inclusion in
this appendix, all interactive input fields have been removed.

This questionnaire is designed to understand your background to ensure you meet the participation
criteria for this study and to assign you to the most suitable task group. The information you provide
will be kept strictly confidential. Please ensure that all information you provide is truthful and
accurate. We reserve the right to withhold compensation if any of the information is found to be
false or does not match the actual situation. We will try our best to arrange you to the role applied
by you, but we do not guarantee it.

PART 1: BASIC INFORMATION & ROLE SELECTION

1. Name:

2. Email Address:
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3. Which role are you applying for? (Select one)

• Software Development Engineer (SDE)
• Machine Learning Engineer (MLE)
• Data Scientist (DS)

PART 2: DEMOGRAPHIC INFORMATION

4. Age:

5. Gender:

• Male
• Female
• Non-binary
• Prefer not to say

6. Race/Ethnicity (Please select all that apply):

• Arabic
• Black or African American
• East Asian
• Hispanic or Latino
• Native American
• Native Hawaiian or Other Pacific Islander
• South Asian
• White
• Other
• Prefer not to say

PART 3: EDUCATIONAL BACKGROUND

7. What is your current or highest level of education?

• Year 1 Undergraduate
• Year 2 Undergraduate
• Year 3 Undergraduate
• Year 4 Undergraduate
• Master’s Student
• PhD Student
• Bachelor’s Graduate (not current student)
• Master’s Graduate (not current student)
• PhD Graduate

8. University/Institution Name:

9. Major(s):

10. Graduation Year / Expected Graduation Year:

11. How would you rate your overall academic performance in courses most relevant to your
selected role?

• Excellent (Top 10%)
• Good (Top 10%-30%)
• Average (Top 30%-60%)
• Fair (Below Top 60%)
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PART 4: ENGLISH PROFICIENCY

12. Is English your native language? (Yes / No)
13. (If No) Standardized English test scores (if applicable):

• TOEFL
• IELTS
• Duolingo
• CET-4
• CET-6
• Other
• I have not taken any

PART 5: TECHNICAL & PROFESSIONAL EXPERIENCE

14. Number of relevant internships or full-time jobs:
• 0
• 1
• 2
• 3 or more

15. Brief description of most relevant work experience:
16. Have you published any peer-reviewed research papers? (Yes / No)
17. (If Yes) List of significant publications or link to academic profile:
18. Have you completed any significant personal/open-source projects? (Yes / No)
19. (If Yes) Link or description of the project you are most proud of:
20. Frequency of recent programming tasks WITHOUT AI assistance:

• Daily
• A few times a week
• A few times a month
• Rarely
• Almost never

PART 6: FAMILIARITY WITH DEVELOPMENT ENVIRONMENTS & AI TOOLS

21. Primarily used IDEs or code editors (Select all that apply):
• Visual Studio Code (VS Code)
• JetBrains IDEs (e.g., PyCharm, IntelliJ)
• Vim / Neovim
• Jupyter Notebook / JupyterLab
• Other

22. On a scale of 1 to 5 (1 = Novice, 5 = Expert), please rate your proficiency with Visual
Studio Code (VS Code):

23. On a scale of 1 to 5 (1 = Not familiar at all, 5 = Very familiar), please rate your familiarity
with container-based development or cloud-based IDEs:

24. On a scale of 1 to 5 (1 = Never, 5 = Almost always), please rate your frequency of relying
on AI-powered coding assistants in your daily workflow:

25. Usage of GitHub Copilot specifically:
• I use it daily as my primary AI assistant
• I use it frequently (a few times a week)
• I use it occasionally
• I have tried it but do not use it regularly
• I have never used it

26. Other AI coding tools used:
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J.3 POST-TEST QUESTIONNAIRE

The following questionnaire was administered after participants completed all tasks to collect sub-
jective feedback.

PART 1: OVERALL EXPERIENCE & USABILITY

1. On a scale of 1 (Strongly Disagree) to 5 (Strongly Agree), please rate your agreement with
the following statements:

• The GitHub Codespaces environment was stable and easy to use.
• The instructions in the README.md for each task were clear.
• The submission process (./scripts/submit.sh) was straightforward.

2. Did you encounter any significant technical issues or confusion? (Open-ended response)

PART 2: COMPARISON OF CONDITIONS (HUMAN-ONLY VS. HUMAN-AI)

3. Compared to tasks WITHOUT AI, how did tasks WITH AI affect your:
• Problem-Solving Speed: (Much Slower / Slower / About the Same / Faster / Much

Faster)
• Final Solution Quality/Correctness: (Much Lower / Lower / About the Same /

Higher / Much Higher)
4. On a scale of 1 to 5 (1 = Very Low, 5 = Very High), please rate the Mental Effort (Cogni-

tive Load) for each condition:
• Human-Only Condition:
• Human-AI Collaboration Condition:

5. On a scale of 1 to 5 (1 = Not Confident at All, 5 = Very Confident), please rate your
Confidence in your solution for each condition:

• Human-Only Condition:
• Human-AI Collaboration Condition:

6. In the Human-AI condition, which of the following roles did the AI play during your
problem-solving process? (Select all that apply):

• Brainstorming or exploring different solution strategies
• Suggesting a fundamentally different approach or algorithm (including a change in the

core algorithmic logic, different architectures, and the use of a completely different
key library or tool)

• Explaining high-level concepts or design trade-offs
• Generating boilerplate, repetitive, or utility code
• Implementing a specific, well-defined function or logic
• Debugging errors in my code
• Refactoring or optimizing existing code
• Other

7. On a scale of 1 (Strongly Disagree) to 5 (Strongly Agree), please rate your agreement with
the following statements about the AI assistant:

• I trusted the code suggestions provided by the AI assistant.
• I felt the explanations from the AI assistant were reliable.

PART 3: ORDER EFFECTS

8. On a scale of 1 (Strongly Disagree) to 5 (Strongly Agree), please rate your agreement with
the following statements:

• My performance in later tasks was influenced by the tasks I completed earlier.
• My strategy for Human-Only tasks was affected by my experience in Human-AI tasks.
• My strategy for Human-AI tasks was affected by my experience in Human-Only tasks.

9. If you felt there was an influence, please briefly describe it. (Open-ended response)
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PART 4: TASK & EVALUATION FEEDBACK

10. On a scale of 1 to 5 (1 = Not at all realistic, 5 = Very realistic), please rate how well the
tasks reflected real-world programming challenges:

11. On a scale of 1 (Strongly Disagree) to 5 (Strongly Agree), please rate your agreement with
the report’s accuracy:

• Regarding Human-Only tasks:
– The Functional Correctness score accurately reflected my performance.
– The Efficiency Metrics accurately reflected my effort.

• Regarding Human-AI Collaboration tasks:
– The Functional Correctness score accurately reflected my performance.
– The Interaction Cost metrics accurately reflected my collaboration with the AI.

12. Please explain your ratings on the evaluation report’s accuracy. (Open-ended response)

PART 5: FINAL OPEN-ENDED FEEDBACK

13. What was the most positive or satisfying part of your experience? (Open-ended response)
14. What was the most negative or frustrating part of your experience? (Open-ended response)
15. Do you have any other suggestions for improving HAI-Eval? (Open-ended response)

J.4 EXPERIMENTAL PROTOCOL

This section outlines the full procedural workflow experienced by participants during a single ses-
sion. It illustrates the evaluation process used in HAI-Eval for human developers and highlights
the framework’s ecological validity. The entire protocol is designed as a self-contained experience,
with all tasks performed within a pre-configured, cloud-based development environment.

Step 1: Environment Initialization. Participants begin by launching a dedicated Codespace in-
stance via a provided link using their assigned GitHub account. The environment installs all neces-
sary dependencies and extensions automatically. Once ready, a fully functional, browser-based VS
Code workspace appears, as shown in Figure 6. The interface consists of three main components: a
file explorer on the left, an integrated terminal at the bottom, and a central code editor. Environment
configurations vary by condition. In the human-AI collaboration condition (C3), GitHub Copilot
is pre-installed and activated, with its icon visible in the Activity Bar. In the human-only condi-
tion (H), the extension is omitted entirely. This setup mirrors a typical cloud-based development
workflow and requires no manual setup from the participant.

Figure 6: The standard workspace interface after initialization. The file explorer displays the core
files for the task including README.md for the task description, solution.py for the partici-
pant’s response, and scripts for submission. The terminal, which is used for executing code and
submission scripts, indicates that all environments have been configured.
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Step 2: Task Comprehension. Each task’s requirements, scenario, dataset description, and ob-
jectives are documented in the corresponding README.md file. Participants are instructed to read
this file carefully to understand the task context and expectations. Figure 7 illustrates the contents
of a typical README.md.

Figure 7: An example of a typical README.md.

Step 3: Implementation. Participants are required to write their code in the designated
solution.py file to complete each task. For every task, we provide a starter code template that
includes a basic framework and helper functions, allowing participants to focus on implementing
the core logic. The total time limit for completing all tasks is two hours. Figure 8 shows an example
of a starter code file.

Figure 8: An example of a typical solution.py.

Step 4: Solution Submission. After completing their coding and local testing, participants are
required to submit their solution by executing a shell script in the integrated terminal. They must
first navigate to the corresponding problem directory and then run the submission command. This
script automatically packages all necessary files and sends them to the backend evaluation server.
The submission process is illustrated in Figure 9.
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Figure 9: An example of the submission process.

K DETAILED EXPERIMENTAL RESULTS

K.1 DETAILED LLM BENCHMARKING RESULTS

Table 6 shows the performance comparison of SOTA LLMs across difficulty levels, and Table 7
shows the performance comparison across professional tracks. The results reveal a crucial insight
consistent with our main findings. While there is a slight, expected degradation in performance as
task difficulty increases, all models perform uniformly poorly across every difficulty level and every
professional track. The pass rates for “Easy” tasks are nearly as low as those for “Hard” tasks, and
performance shows no significant variation between different tracks.

This uniformity in failure strongly supports our finding that the higher-order reasoning presents
a fundamental wall. It suggests that the primary bottleneck is neither the algorithmic complexity,
which varies by difficulty, nor domain-specific knowledge, which varies by track, but rather the
initial, higher-order challenge of requirement engineering and strategic planning inherent in HAI-
Eval’s “collaboration-necessary” design. Because the LLMs fundamentally struggle to interpret the
context and formulate a valid plan for the problem, the subsequent difficulty or domain-specific
knowledge of the implementation becomes largely irrelevant. This further validates that HAI-Eval
effectively measures a fundamental capability gap that current LLMs cannot bridge, regardless of
task difficulty or engineering domain.

Table 6: Detailed performance comparison of SOTA LLMs across difficulty levels.

Metric Claude-Sonnet-4 Claude-Sonnet-3.7 GPT-4.1 GPT-4o Gemini-2.5-Pro
C0 C1∆(%) C0 C1∆(%) C0 C1∆(%) C0 C1∆(%) C0 C1∆(%)

Easy
Overall Pass@1 (%) 1.33 4.00↑2.67 0.00 2.67↑2.67 0.00 2.67↑2.67 0.00 0.00− 0.67 4.00↑3.33
Overall Pass@10 (%) 6.67 7.33↑0.66 0.67 4.00↑3.33 2.67 5.33↑2.66 0.00 0.00− 1.33 4.00↑2.67
Partial Pass@1 (%) 27.63 43.29↑15.66 11.65 23.35↑11.70 13.39 40.59↑27.20 7.61 16.12↑8.51 14.71 34.73↑20.02
Partial Pass@10 (%) 33.89 45.82↑11.93 19.09 28.82↑9.73 16.78 40.92↑24.14 10.04 20.56↑10.52 17.24 38.33↑21.09

Medium
Overall Pass@1 (%) 0.67 2.67↑2.00 0.00 1.33↑1.33 0.00 2.00↑2.00 0.00 0.00− 0.00 1.33↑1.33
Overall Pass@10 (%) 2.67 3.33↑0.66 0.67 2.00↑1.33 1.33 3.33↑2.00 0.00 0.00− 0.67 1.33↑0.66
Partial Pass@1 (%) 18.50 29.29↑10.79 8.01 19.23↑11.22 11.88 20.27↑8.39 5.69 11.99↑6.30 6.17 14.96↑8.79
Partial Pass@10 (%) 20.66 32.11↑11.45 11.43 20.91↑9.48 14.36 21.98↑7.62 7.83 16.33↑8.50 8.09 15.90↑7.81

Hard
Overall Pass@1 (%) 0.00 2.00↑2.00 0.00 0.67↑0.67 0.00 0.67↑0.67 0.00 0.00− 0.00 1.33↑1.33
Overall Pass@10 (%) 1.33 2.00↑0.67 0.00 0.67↑0.67 0.00 2.00↑2.00 0.00 0.00− 0.00 1.33↑1.33
Partial Pass@1 (%) 11.63 18.07↑6.44 6.47 9.83↑3.36 8.20 10.08↑1.88 3.96 8.16↑4.20 3.92 14.32↑10.40
Partial Pass@10 (%) 9.74 24.37↑14.63 5.63 11.29↑5.66 10.77 11.56↑0.79 5.02 8.95↑3.93 5.90 15.22↑9.32
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Table 7: Detailed performance comparison of SOTA LLMs across professional tracks.

Metric Claude-Sonnet-4 Claude-Sonnet-3.7 GPT-4.1 GPT-4o Gemini-2.5-Pro
C0 C1∆(%) C0 C1∆(%) C0 C1∆(%) C0 C1∆(%) C0 C1∆(%)

SDE
Overall Pass@1 (%) 0.00 3.33↑3.33 0.00 1.33↑1.33 0.00 1.33↑1.33 0.00 0.00− 0.00 2.67↑2.67
Overall Pass@10 (%) 4.00 4.00− 0.00 2.00↑2.00 1.33 1.33− 0.00 0.00− 0.67 2.67↑2.00
Partial Pass@1 (%) 18.81 27.00↑8.19 8.26 17.61↑9.35 13.48 25.32↑11.84 5.59 12.53↑6.94 7.48 21.45↑13.97
Partial Pass@10 (%) 22.83 34.12↑11.29 12.39 19.82↑7.43 14.14 26.26↑12.12 6.95 13.84↑6.89 11.23 24.25↑13.02

MLE
Overall Pass@1 (%) 1.33 2.67↑1.34 0.00 1.33↑1.33 0.00 1.33↑1.33 0.00 0.00− 0.00 1.33↑1.33
Overall Pass@10 (%) 3.33 4.67↑1.34 0.67 2.00↑1.33 0.67 1.33↑0.66 0.00 0.00− 0.67 2.00↑1.33
Partial Pass@1 (%) 22.19 31.97↑9.78 10.40 17.20↑6.80 9.60 22.80↑13.20 6.40 13.07↑6.67 8.40 22.57↑14.17
Partial Pass@10 (%) 23.01 34.72↑11.71 10.60 21.08↑10.48 13.93 24.41↑10.48 7.71 16.91↑9.20 10.51 22.61↑12.10

DS
Overall Pass@1 (%) 0.67 2.67↑2.00 0.00 2.00↑2.00 0.00 2.67↑2.67 0.00 0.00− 0.22 2.66↑2.44
Overall Pass@10 (%) 3.33 4.00↑0.67 0.67 2.67↑2.00 2.00 2.67↑0.67 0.00 0.00− 0.67 2.00↑1.33
Partial Pass@1 (%) 16.72 31.00↑14.28 7.47 17.60↑10.13 10.40 22.80↑12.40 5.47 10.67↑5.20 8.93 19.97↑11.04
Partial Pass@10 (%) 18.45 33.46↑15.01 13.16 20.12↑6.96 13.84 23.79↑9.95 8.23 15.09↑6.86 9.49 22.59↑13.10

K.2 DETAILED HUMAN STUDY RESULTS

Table 8: Performance comparison of 4 conditions across professional tracks.

SDE CH C0 C1 C2

Overall Pass@1 (%) 20.00 0.00 3.33 30.00
Partial Pass@1 (%) 34.00 18.93 30.32 50.80
Completion Time (s) 2966 216 229 2567
Tokens (M) 0 0.47 0.51 2.18

MLE CH C0 C1 C2

Overall Pass@1 (%) 20.00 1.33 2.67 33.33
Partial Pass@1 (%) 33.20 22.19 31.97 50.33
Completion Time (s) 2791 203 214 2652
Tokens (M) 0 0.40 0.47 2.26

DS CH C0 C1 C2

Overall Pass@1 (%) 16.67 0.67 2.67 30.00
Partial Pass@1 (%) 34.40 16.72 31.28 49.73
Completion Time (s) 2603 233 262 2551
Tokens (M) 0 0.62 0.58 2.17

Table 8 breaks down performance by professional track, confirming our core findings are highly
consistent across the three tracks. This stable performance across different expert user groups not
only proves the generalizability of our conclusions but also validates the reasonable design and
calibration of HAI-Eval’s task templates. The tasks consistently pose appropriate challenges to
experts from various fields while effectively limiting standalone AI performance at near-zero levels.
This successfully creates a reliable problem space to precisely isolate and measure the core human-
AI synergy within the emergent ”co-reasoning partnership”.

K.3 DETAILED HUMAN FEEDBACK STATISTICS

This section provides selected statistics from the post-test questionnaire in Appendix J.3, organized
according to its first three parts. The fourth part is provided in Section 5.2.

Part 1: Ecological Validity of IDE. To validate the Ecological Validity of our experimental setup,
participants rated three core aspects of the user experience on a 5-point Likert scale (1 = Strongly
Disagree, 5 = Strongly Agree). As shown in Figure 10, the feedback was consistently positive.
The high mean scores for the usability of the IDE, the clarity of instructions, and the simplicity of
the submission process confirm that our standardized environment provides a realistic development
experience, ensuring that our experimental results reliably reflect participants’ problem-solving ca-
pabilities.
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Figure 10: Averaged Ratings on overall user
experience and usability.

Figure 11: Averaged ratings on order effects and
standard deviation.

Part 2.1: Confidence, Cognitive Load, & Trust. Table 9 presents the descriptive statistics for
four key subjective metrics presented in Section 5.2 and Figure 5. The results strongly support the
core insights discussed in the main text. First, the data reveals a significant increase in participant
confidence that is not met with a correspondingly large decrease in cognitive load, providing clear
quantitative evidence for the “cognitive shift”. Second, the high mean scores for both Trust in Code
Suggestions and Trust in Explanations demonstrate a deep and holistic trust in the AI. The fact that
trust in the AI’s reasoning capabilities is rated as highly as its implementation output is powerful
evidence for the “co-reasoning partnership”.

Table 9: Descriptive statistics for confidence, cognitive Load, & trust).

Metric Mean Standard Deviation
∆Confidence 1.60 0.75
∆Cognitive Ease 0.51 1.66
Trust in Code Suggestions 4.09 0.90
Trust in Explanations 4.22 0.79

Part 2.2: Coding Agent Usage. Table 10 provides a detailed breakdown of the AI usage patterns
reported by participants, comparing all 45 participants with the top-15 performers. The data shows
that while implementation roles like “Generate boilerplate, repetitive, or utility code” and “Debug
errors in my code“ are nearly universally adopted, a significant majority also leveraged the AI for
strategic tasks such as “Brainstorm or explore different solution strategies”. The most notable dis-
tinction lies in high-level strategic usage: a remarkable 80% of top performers report using the AI to
“Suggest a fundamentally different approach”, compared to only 51% of the total participant group.
These statistics provide the quantitative backing for the conclusion drawn in the main text: that high
performance is strongly correlated with utilizing the AI for its advanced strategic capabilities.

Table 10: Statistics on AI usages reported by participants, comparing all 45 participants against the
top 15 performers.

AI Usage #Users (total) #Users (top-15)
Brainstorm or explore different solution strategies 36 14
Suggest a fundamentally different approach or algorithm 23 12
Explain high-level concepts or design trade-offs 33 10
Generate boilerplate, repetitive, or utility code 45 15
Implement a specific, well-defined function or logic 39 13
Debug errors in my code 41 15
Refactor or optimize existing code 29 6

Part 3: Order Effect. To assess potential order effects within our fully counterbalanced, within-
subject design, participants rated their agreement with three statements on the same Likert scale.
The results are summarized in Figure 11. The low mean scores across all three statements indicate
that participants did not perceive significant order effects, validating the robustness of our design.
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L CASE STUDY

This case study, simplified from an existing trial in our user study, exemplifies our Observation 1-3 in
Section 5.2. It demonstrates how human intervention resolves intentional ”AI-Incomplete” barriers
and how AI help human with both reasoning and productivity.

Notably, the selected participant in this case study is a male native Chinese speaker with high English
proficiency (TOEFL Total 106/120; Reading 30/30; Writing 26/30). Despite his ability to compre-
hend the English task documentation successfully, the participant chose to interact with the agent
primarily in Chinese to minimize cognitive load during the complex reasoning process (Van Rinsveld
et al., 2015; Jouravlev et al., 2021). For clarity and readability, the multi-turn interaction logs below
have been translated into English and summarized to highlight the core logical exchanges.

L.1 TASK INTRODUCTION

Task Description: The problem is a variant of the classic algorithmic game Clickomania. The goal
is to eliminate matching pairs from a grid, triggering gravity-like shifts that may create new matches,
and to be efficient enough to pass all test cases within the time limit, not requiring a global optimal
solution. We wrap this core algorithm with two real-world barriers:

➠ Underspecified Requirements: The rule for ”column merging”, what happens when a column
becomes empty, is intentionally vague in the text. The documentation simply states: Gravity
behaves consistently with the provided legacy prototype. This forces the solver to perform re-
quirement engineering, realizing that an empty column must trigger a horizontal shift, a logic
implicit only in the legacy code.

➠ Legacy Code Distraction: The provided ”legacy prototype” is a slow, recursive Python script. It
serves as a distractor, implementing a brute-force search that is functionally correct but computa-
tionally intractable for the target dataset.

L.2 USER INTERACTION PROCESS

AI-based Initial Effort. The process began with the participant attempting to generate the solution
using the agent solely. Without human guidance, the agent (driven by Claude-4-Sonnet) failed on
two fronts. First, distracted by the legacy code, it attempted to mimic the Brute-force Backtracking
approach, resulting in a Time Limit Exceeded (TLE) error. Second, it struggled to extract the precise
column-merging logic from the underspecified text, leading to failures in handling corner cases in
the gravity logic.

First-round Human Intervention. After the initial failure, the participant intervened the process.
Firstly, after a multi-turn natural language dialogue analyzing the task constraints, he correctly cut
through the legacy code distraction and identified that a global search was unnecessary, proposing a
Greedy strategy. Due to the prompt is originally in Chinese and multi-turn, we provide a translated
and summarized prompt below:

User: Ignore the recursive logic in the legacy script!!! You must use a greedy
approach! Just loop through the whole board, find a pair that can be eliminated,
remove it, and then repeat the loop until no more pairs exist.

While the “Greedy” direction was theoretically correct, the implementation, Naive Iteration, implied
a complexity of O(N3) or higher, which failed time constraints and related test cases.

AI Co-Reasoning Correction. After attempting to follow the user’s instruction to “loop through
the board” and failing again, the agent proactively proposed a structural optimization. As the chain-
of-thought of the agent was not completely presented, we polish and summarize the reply and action
below:

While the greedy strategy is correct, a naive iteration (rescanning the whole board
after every move) will be too slow. We should establish a Candidate Queue. When
a pair is removed, we only add the specific rows and columns affected by the
gravity shift back into the queue. This reduces the complexity.
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It represents the core observation defined in our study: LLMs did not merely code. They are also
co-reasoning partners. The agent did not change the intent, but it provided a fundamentally different
approach for execution, i.e., queue-based dynamic update.

Final Human-AI Synergy. Upon the participant’s approval of the “Queue Strategy,” the agent
generated the implementation. This solution required approximately 200 lines of code, involving
tedious logic for coordinate mapping, boundary checking, and gravity simulation. Notably, the AI-
generated code handled the complex off-by-one errors and coordinate transformations effectively on
the first try, a task that typically causes significant friction for human programmers.

The collaboration continued through the final stage. The participant reviewed the generated code,
fixing minor domain-specific logic bugs and adjusting specific parameter configurations to ensure
full alignment with the requirements. Most bugs were identified by the human participant, but
corrected by the AI. This iterative process resulted in a final solution that passed all test cases,
effectively demonstrating the complete synergy cycle.

M USE OF LLMS

We declare that LLMs are used as assistive tools during the preparation of this manuscript. Specif-
ically, Gemini-2.5-Pro from Google and Claude-Sonnet-4 from Anthropic assist with polishing and
translation. For the development of HAI-Eval, we use Claude-Sonnet-4 and Claude-Opus-4 as de-
velopment tools. All final ideas, arguments, and implementations remain the responsibility of the
human authors, who take full accountability for the entire content.
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