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Abstract

Recent advances in models and agent frameworks have significantly improved the ability of Al
systems to perform complex tasks. However, existing benchmarks largely evaluate capabilities
selected by researchers, leaving open a fundamental question: to what extent can current agents
accomplish the end-to-end work that people actually wish to delegate to AI? We argue that
successful startup-agent products provide a unique lens into this question, as they represent market-
validated services built around real user demand. To study this gap, we introduce StartupBench,
a benchmark of end-to-end workflows derived from extensive analysis of startup-agent products,
product demonstrations, and user interviews across diverse professional domains. The resulting
tasks capture real-world work that users actively adopt and pay for AI systems to perform,
ranging from research and analysis to content creation and business operations. We evaluate
frontier general-purpose agents on StartupBench and find that many market-validated workflows
remain challenging despite recent advances in foundation models and agent frameworks. Through
detailed task and failure-mode analyses, we identify recurring limitations in long-horizon execution,
implicit requirement understanding, workflow orchestration, and deliverable quality. Our results
reveal a substantial gap between the work users seek to delegate and the capabilities of current
general-purpose agents, highlighting important directions for future agent training, evaluation,
and development.
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1 Introduction

Large language models (LLMs) are increasingly evolving from systems that primarily retrieve information
or answer questions[4, 11, 22] into agents capable of executing complex real-world tasks. Beyond assisting
users through isolated interactions, current Al systems are expected to complete end-to-end(E2E) workflows,
coordinate multiple capabilities, and produce deliverables that satisfy practical requirements under realistic
constraints. As AI becomes integrated into professional work, the ability to autonomously complete user-
delegated tasks has become an increasingly important indicator of model capability. Evaluating whether Al
systems can reliably transform their underlying capabilities into professionally usable deliverables is therefore
becoming a central challenge for the next generation of benchmarks.

Recent benchmarks have made important progress toward evaluating E2E task execution under increasingly
realistic settings. Nevertheless, several important limitations remain. First, benchmark tasks are still largely
defined from researchers’ perspectives rather than grounded in workflows that have demonstrated practical
demand through real-world AI adoption [11, 15, 16], limiting their ability to reflect authentic user needs
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Figure 1 Overview of StartupBench: real Al-product workflows, long-horizon agent execution, six-domain coverage,
and multi-format deliverable generation.

and deliverable requirements. Second, although several benchmarks evaluate complete deliverables [20, 21],
their evaluation protocols are often substantially coarser than the deliverables themselves. Real-world work
products typically involve numerous functional, structural, formatting, and domain-specific requirements that
holistic evaluations cannot faithfully assess. Consequently, existing benchmarks still provide only limited
evidence of how well current models and agents can satisfy complex real-world user requirements and reliably
produce professionally usable deliverables.

To address these limitations, we introduce StartupBench, a survey- and interview-driven benchmark for
evaluating whether models and general-purpose agents can satisfy complex real-world user requirements
through E2E task completion. StartupBench is built around following design principles:

e Real-world task sourcing. Rather than designing tasks from curated scenarios, StartupBench derives
benchmark tasks from Al-native startups whose products have demonstrated practical demand and
economic value, ensuring that benchmark workflows reflect authentic user needs.

e E2E deliverables. Each task requires producing the complete deliverables that users ultimately expect in
realistic workflows, rather than intermediate outputs or simplified demonstrations.

e Fine-grained rubric-based evaluation. Each StartupBench task is evaluated using multiple independent
rubrics covering distinct dimensions of the expected deliverable, including functionality, structure,
formatting, and domain-specific quality, ensuring a comprehensive and faithful assessment of real-world
task completion.

We evaluate a broad range of leading foundation models and general-purpose agents on StartupBench under a
unified agent harness. Results show that even the strongest model successfully completes fewer than 30% of
benchmark tasks, indicating that current systems remain far from reliably producing professionally usable
deliverables. Performance varies substantially across domains, with STEM & Computer Science and Education
& Humanities proving particularly challenging. Trajectory analysis further attributes these failures primarily
to limitations in complex instruction following and domain-specific expertise, highlighting promising directions
for future foundation models and agent systems.

To summarize, our contributions are as follows:

e We propose a survey- and interview-driven methodology for constructing agent benchmarks from real



AT adoption scenarios.

e We construct StartupBench, a benchmark built through Al-native startup research, enterprise-user
interviews, user-oriented task abstraction, expert data construction, and multi-stage quality control.

e We present a comprehensive empirical study of current foundation models and general-purpose agents
on startup-derived workflows, providing a practical evaluation signal for assessing whether Al agents are
progressing from answering questions toward reliably completing real work.

2 Related Work

2.1 Commercial Al agents and Vertical Workflows

Recent advances in foundation models have enabled Al agents to gradually acquire planning, tool-use, file-
processing, and multi-step execution capabilities [18, 26], pushing Al systems from general conversational
assistants toward workflow-oriented products. In practice, commercial Al products increasingly package these
capabilities into vertical workflows such as document processing, data analysis, financial research, enterprise
operations, and knowledge work. This trend suggests that real-world Al value is not determined only by
isolated model capabilities, but also by whether these capabilities can be productized into useful work products.
However, existing academic benchmarks rarely use commercial adoption itself as a source of task discovery.
StartupBench addresses this gap by deriving tasks from market-validated Al-native startups and their deep
users, moving task construction from researcher-defined settings toward demand-driven workflow construction.

2.2 End-to-end evaluation of Al agents

Agent benchmarks have evolved from capability evaluation toward end-to-end task completion. Early
benchmarks mainly focus on tool use, multi-step reasoning, and general assistant abilities, as in AgentBench
and GATA [9, 11]. Later work extends evaluation to more realistic interactive environments, including web
interaction and computer-use tasks [23, 30]. More recent benchmarks further move toward professional work
and economically meaningful tasks, covering enterprise software, simulated workplaces, occupational tasks,
and long-horizon workflows [3, 6, 10, 15, 24, 31]. These works reflect a clear transition from isolated capability
tests to realistic task-completion evaluation. StartupBench follows this direction, but differs in its task source:
rather than relying primarily on public environments, occupational taxonomies, or simulated workplaces, it
derives tasks from Al-native startup products, ToB user needs, and expected business deliverables.

2.3 Agent-as-Judge for complex deliverable evaluation

As agent tasks shift from short answers to heterogeneous deliverables such as reports, spreadsheets, slides,
code patches, and structured files, evaluation must move from capability-centric scoring to deliverable-centric
assessment[27]. LLM-as-a-Judge has been widely used for open-ended response evaluation, with MT-Bench and
Prometheus studying preference-based or rubric-conditioned judging [7, 29]. For agentic workflows, however,
judging often requires evidence retrieval, file inspection, state verification, and constraint checking over
final artifacts. Agent-as-a-Judge extends LLM judging by equipping evaluators with tools and environment
interaction, while AJ-Bench further studies judge agents on information acquisition, state verification, and
process verification [19, 32]. StartupBench adopts this deliverable-centric evaluation paradigm by combining
expert rubrics with automated judge agents that inspect original artifacts and evidence views, evaluating
whether agents can transform model capabilities into usable work products.

3 StartupBench

StartupBench is designed to evaluate whether models and agents can complete realistic workflows that
users already delegate to AI products. This objective requires data that reflects authentic user demand
while supporting controlled evaluation. We therefore require each task to be realistic, answerable, evaluable,
and discriminative: it should originate from actual AI product usage, provide sufficient information for a
valid solution, specify clear output requirements and assessment criteria, and remain challenging enough to
distinguish current models and agents.



Table 1 Comparison of StartupBench with existing benchmarks. E2E denotes end-to-end workflow completion;
Item-wise Eval. denotes criterion-level judging. v/, X, and Aindicate full, no, and partial support.

Final Item-wise Process Open- Evaluation
Benchmark Task Source Output E2E Eval. Logic ended Method
GAIA [11] Manual Text A X X X Rule
OSWorld [23] Real+Manual Env State A X X X Execution
DAComp 8] Real+Manual Workspace v X X v Hybrid
GDPrval [15] Manual Work products v/ X X A Manual
Workspace-Bench [21] Sim.+Manual Workspace v X X v Agent-as-Judge
OneMillionBench [25] Expert-authored Text A X A v LLM-judge
Agents’ Last Exam [20]  Occupation-guided Workspace v X A AN Hybrid
OfficeQA Pro [14] Corpus-grounded Text X X X X Answer match
Market-vetted
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Figure 2 StartupBench data construction pipeline. We select market-validated startup agents, collect real user
workflows, construct task artifacts and instances, and calibrate quality and difficulty through multi-stage review.

Neither manual task design nor direct extraction from product demonstrations is sufficient to obtain such data.
The former is controllable but may be detached from real demand, while the latter is realistic but often lacks
context, success criteria, or reproducible specifications. We therefore adopt a survey- and interview-driven
multi-stage pipeline shown in Figure 2. We first survey market-validated Al-native startups, interview deep
users to identify usage contexts, task goals, and expected deliverables, recruit domain experts to convert
validated scenarios into benchmark instances, and finally apply quality control for realism, answerability,
evaluability, and discriminative difficulty.

3.1 Dataset Construction
3.1.1 Startup Survey for Market-Validated Agent Scenarios

We first survey Al-native startups that build agent products across diverse domains. To identify workflows
with market validation, we retain startups with more than USD 1M in funding and require evidence of real
adoption, either through paid usage or substantial user traction. Funding provides a coarse signal of market
expectation, while payment or user-scale evidence indicates that the product is used beyond exploratory
demonstrations. The output of this stage is a pool of candidate products and workflows for user interviews.
During this stage we collect 20+ start-up agents as the basis for subsequent stage.



3.1.2 User Interviews for Scenario and Requirement Discovery

For each candidate Startup-product, we interview deep users of the corresponding agent from different domains
to recover practical usage beyond public product descriptions. The interviews elicit the usage context, user
goal, input information, expected deliverable, success criteria, and common constraints. We summarize these
findings into scenario specifications and representative demo cases, which serve as anchors for later annotation
stage. During this stage we interviewed over 30 deep users and collected at least one demo case for each
candidate Agent.

3.1.3 Expert Construction of Domain Tasks

Given the interview-derived workflow specifications and representative user scenarios as a reference or seed
task, we recruit domain experts to reconstruct benchmark tasks that preserve the original workflow objectives,
practical constraints, and expected deliverables while adapting them into reproducible evaluation instances.
Rather than designing synthetic problems, experts standardize authentic user requests into benchmark tasks
that faithfully represent real professional workflows.

Each task is required to satisfy three principles: it must originate from a realistic work request that users
would naturally delegate to Al agents, involve an end-to-end workflow rather than an isolated subtask, and
produce concrete professional deliverables with clearly defined success criteria and fine-grained evaluation
rubrics for objective evaluation.

To standardize these reconstructed workflows for benchmark evaluation, each task is represented as a triple
T = (q? 6’ R)7

where ¢ is a natural-language user request describing the task, £ denotes the workspace containing all input
files and resources required to complete the task, and R = {(p;, w;)}; is a set of weighted evaluation
rubrics that assess complementary aspects of deliverable quality. Detailed task specifications and annotation
guidelines are provided in Appendix A.1.

3.1.4 Quality Control

To ensure benchmark quality and consistency, every task undergoes the following multi-stage quality control
process:

Expert Cross Validation. Every task is independently reviewed by at least one additional domain expert.
Reviewers verify four aspects of task quality: (1) the authenticity and correctness of the task description and
workspace, (2) the fidelity of the reconstructed workflow, (3) the validity of the evaluation rubrics, and (4) the
consistency between the reference deliverable and the finalized evaluation protocol. Detailed review criteria
are provided in Appendix A.2.

Difficulty Control.We calibrate task difficulty through pilot executions using several frontier models under
the same evaluation harness adopted in the benchmark'. Tasks that are consistently completed with high
quality are excluded due to limited discriminative value. Pilot results also serve as an additional quality
assurance stage: when failures are attributed to ambiguous instructions, incomplete workspace information,
or inadequately specified evaluation criteria rather than intrinsic task difficulty, the corresponding task is
revised and re-validated before inclusion.

3.2 Statistics for StartupBench

StartupBench contains 97 real-world workflow tasks across 6 top-level domains: Medical & HealthCare,
Finance, Legal, Business & Management, STEM & computer science, and education & humanities. These
tasks are designed to reflect deliverable-oriented workflows in realistic office settings, requiring agents to
understand task contexts, follow complex constraints, process heterogeneous files, and produce usable work
products. For evaluation, each task is evaluated using an average of 25.3 fine-grained rubrics, enabling detailed

'We randomly select models from GPT-5.5, Seed2.1-pro and GLM-5.2 as the for for pilot executions.



Table 2 Statistics of StartupBench. The benchmark contains 97
real-world workflow tasks across six top-level domains and requires
diverse deliverable formats.

Category Count Percentage (%)
Overall statistics

Total tasks 97 100.0
Top-level domains 6 -

Domain distribution

Medical&HealthCare 21 21.6
Finance 18 18.6
Legal 16 16.5
Business & Management 19 19.6
STEM & Computer Science 16 16.5
Education & Humanities 7 7.2

Output formats: DOCX, XLSX, PPTX, PDF, Markdown, images, and
text-based deliverables.

assessment of complex, long-horizon workflows and diverse work deliverables. The summary of the domain
coverage and main output formats of StartupBench is shown in Table 2.

3.3 Automatic Evaluation of StartupBench Tasks

As stated above, every task in StartupBench is defined as a triple T = (¢,&, R). Given (g, &), the evaluated
model produces a set of deliverables D. Before evaluation, we construct a lightweight evidence view V(D),
consisting of extracted textual content and rendered page images, to facilitate navigation over heterogeneous
artifacts while allowing the judge to access the original files whenever necessary.

Rather than relying on a single holistic judgment, StartupBench evaluates each rubric item independently
through a dedicated AgentJudge session. Each task typically contains 20+ fine-grained rubric items covering
diverse aspects of the expected deliverables, including functionality, completeness, formatting, and domain-
specific requirements. Evaluating these criteria separately allows each rubric to receive dedicated reasoning and
tool usage without interference from unrelated evaluation dimensions, while ensuring that every requirement
is assessed explicitly. The final task score is then obtained by aggregating the outcomes of all rubric-level
evaluations.

Following Agent-as-a-Judge, each rubric evaluation is carried out by a lightweight agent rather than a single
forward pass. Let J denote the judging prompt and evaluation protocol used by the AgentJudge, given the
task specification, deliverables, evidence view, and the target rubric item p;, the judge produces both a binary
decision y; € {0, 1} indicating whether the rubric is satisfied and a textual justification e;:

(yi7ei) = AgentJudge(']aQ7Dav(D)7pi)a (1)

The final task score is computed by aggregating the weighted decisions across all rubric items:

score(D,T) = ZW € [0,1]. (2)
i=1 Wi

4 Experiments
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Figure 3 Leaderboard of StartupBench.

4.1 Experimental Setup

For every task, the agent is initialized in the task-specific workspace together with the corresponding input
query. The end-to-end agent solves the task and then the generated deliverables under the designated output
directory are collected as the task output. Following the evaluation protocol described in previous section, the
output, together with the task specification, workspace context, and rubric set, is provided to the judge agent
for automatic evaluation.

We evaluate 7 representative models spanning both closed- and open-source families:(i) closed-source: GPT-
5.5 [13], Gemini-3.1-Pro [5], Seed-2.1-Pro [1],Qwen-3.6-Max [17];(ii) open-source: DeepSeck-V4-Pro [2],
Kimi-K2.6 [12], GLM-5.1 [28]. All worker agents are executed under the same NANOBOT harness with an
identical tool configuration. Each run is capped at a maximum of 200 interaction steps. For evaluation, the
judge agent also runs under the same NANOBOT harness to ensure a consistent execution environment, while
using GPT-5.5 as the underlying judge model. Apart from the continuous task score, we also report pa ss
rate, the fraction of runs that are successfully completed, pooled over the three runs. A task is considered
successful if its final score is at least 90; otherwise, it is counted as a failure. All reported metrics are averaged
over three independent runs, with 95% bootstrap confidence intervals (10,000 resamples).

4.2 Main Results

Startup tasks remain far from saturated under a general-purpose agent harness. Although the strongest
models, Kimi-k3 and GPT-5.6-s0l, achieve average scores of 73.67% and 73.61%, respectively, no model
successfully completes even one third of the benchmark under the strict acceptance criterion (score > 90).
More broadly, the average scores of most models lie between roughly 55 and 75, indicating that current agents
are generally capable of making substantial progress toward solving realistic professional workflows. However,
high average scores do not necessarily translate into high task completion rates. This is particularly evident
for the Kimi series: Kimi-k3 achieves the highest average score overall but a lower pass rate than GPT-5.6-sol,
while Kimi-K2.6 similarly attains a higher average score than Qwen-3.6-Max but a lower pass rate. These
discrepancies suggest that some models can satisfy a substantial fraction of task requirements while still falling
short of complete delivery. More generally, all models exhibit substantially lower pass rate than average score,
suggesting that the primary bottleneck is no longer executing large portions of a workflow, but consistently
producing artifacts that satisfy the standards required for direct professional use.



Table 3 Model performance of StartupBench, averaged over three independent runs. Top block: importance-weighted
mean per-task score (0-100); bottom block: pass rate, the fraction of samples scoring > 90 (%), pooled over the three
runs. Per-column best in bold, second-best underlined.

Model Overall Med Financial Legal Business STEM Education

Average score

Kimi-k3 73.67 80.03 62.38 69.45 83.90 68.34 7.1
GPT-5.6-so0l 73.61  79.32 61.66 73.53 77.61 74.77 73.94
GPT-5.5 72.79 78.59 62.09 71.75 79.59 72.14 68.32
Seed-2.1-Pro 67.19 73.15 57.26 61.35 77.83 65.61 62.91
Kimi-K2.6 59.95  67.70 51.17 54.62 71.91 51.38 58.60
GLM-5.1 60.79  65.66 51.22 50.20 78.53 52.18 66.50
Qwen-3.6-Max 59.46  66.51 62.45 50.33 75.03 48.83 59.26

DeepSeek-V4-Pro  61.11 69.42 51.11 54.53 73.69 54.89 57.03
Gemini-3.1-Pro 49.73 54.05 41.00 43.49 61.18 45.88 51.23

Pass rate (> 90)

Kimi-k3 29.55 3492  20.37 20.83  52.63  16.67 23.81
GPT-5.6-s0l 3127 3333 2778 2292  38.60  33.33 28.57
GPT-5.5 26.80  30.16  22.22 2500  38.60  22.92 9.52
Seed-2.1-Pro 2234  19.05  16.67 1458  45.61  20.83 4.76
Kimi-K2.6 13.06 1587  14.81 6.25 24.56 4.17 4.76
GLM-5.1 16.49 1270  16.67 8.33 36.84 8.33 9.52
Qwen-3.6-Max 1512 11.11 16.67 10.42  33.33 6.25 4.76
DeepSeek-V4-Pro  16.49  20.63  16.67 8.33 20.82  10.42 0.00
Gemini-3.1-Pro 6.53 6.35 11.11 6.25 8.77 0.00 4.76

This gap has two important implications. First, it helps explain why specialized vertical agents continue to
provide practical value in many market-validated workflows, where consistently meeting professional standards
remains essential. Second, it suggests that the next frontier for foundation models is not merely performing
professional tasks, but reliably producing work products that users can adopt without further verification or
revision. We further investigate the underlying causes of this gap in Section 4.4.2.

Performance varies substantially across professional domains. Table 3 reveals that current general-purpose
agents do not exhibit uniform competence across real-world workflows. Among the six domains, Business
is consistently the easiest: every model achieves an average score above 60, and the average pass@1 across
models is also substantially higher than in any other domain. In contrast, Finance is the most challenging,
with the lowest average score of 54.48%. The large gap between Business and Finance suggests that current
models handle structured, relatively standardized tasks more reliably than workflows requiring sustained
quantitative reasoning, cross-document consistency, and multi-step verification.

The results also reveal pronounced domain specialization. While Kimi-k3 and GPT-5.6-sol achieve nearly
identical average scores overall (73.67 vs. 73.61), their strengths differ substantially across domains. Under
pass rate, Kimi-k3 performs best in Medical and Business, whereas GPT-5.6-sol leads in Finance, STEM, and
Education; GPT-5.5 remains strongest in Legal. A similar pattern emerges in average score, where Kimi-k3
leads in Medical, Business, and Education, GPT-5.6-sol in Legal and STEM, and Qwen-3.6-Max in Finance.
Thus, even among the strongest models, no single agent consistently dominates across professional domains.
These results suggest that current general-purpose agents still exhibit substantial domain-dependent variation,
leaving considerable room for improving the robustness and transferability of end-to-end task execution across
heterogeneous professional workflows.
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Figure 4 Performance across rubric dimensions. Importance-weighted pass rates (%) of different models on the six
rubric dimensions in StartupBench. Higher values indicate better performance under the corresponding evaluation
dimension.

4.3 Effectiveness of Proposed Evaluation Framework

To validate the reliability of our evaluation framework, we compare its judgments against expert annotations.
We randomly sample the outputs of two representative models for every task and ask domain experts to
score each submission independently according to the predefined rubrics. We then compare the rubric-level
decisions produced by our automatic evaluation pipeline with the corresponding human judgments. Across
all evaluated rubrics, our framework achieves an average agreement rate of 92%, indicating that the rubric
decomposition and agent-based evaluation can accurately reproduce expert assessments while substantially
reducing manual annotation effort.

We further investigate the necessity of evaluating each rubric independently. As an ablation, instead of
assigning one rubric to one judge agent, we directly provide the complete model output together with the
full rubric list to a single judge agent, requiring it to score all rubrics in one end-to-end inference. This
alternative reduces the agreement with human experts to 83%. More importantly, the holistic setting proves
considerably less stable in practice. Since the judge agent must simultaneously perform long-context reasoning,
maintain consistency across numerous evaluation criteria, and finally generate a structured output covering all
rubric scores, failures such as malformed outputs or incomplete formatting frequently occur, forcing repeated
executions. On average, each evaluation requires more than two runs before a valid result is obtained. In
contrast, our rubric-wise evaluation decomposes the assessment into a collection of independent, lightweight
judging tasks, yielding both substantially higher agreement with human experts and significantly better
execution robustness.

4.4 Failure-Mode Analysis



Table 4 Output-format compliance on the 56 StartupBench tasks with explicit output-file requirement rubrics. Models
are ranked by compliance rate.

Model Compliance (%)
Kimi-k3 98.2
Seed-2.1-Pro 94.6
Qwen-3.6-Max 94.6
DeepSeek-V4-Pro 94.6
GPT-5.6-so0l 94.6
GPT-5.5 92.9
Kimi-K2.6 91.1
Gemini-3.1-Pro 85.7
GLM-5.1 83.9

4.4.1 Outcome-level Failure Analysis

Capability differences across rubric dimensions. Figure 4 further breaks down model performance by
rubric dimension. Overall, current models achieve consistently higher scores on Structure & Completeness,
Information Integration, and especially Output & Presentation, indicating that they are generally capable
of organizing heterogeneous information into well-structured and visually polished deliverables. In contrast,
Domain-Specific Compliance emerges as the most challenging dimension across all evaluated models, while
Accuracy also remains substantially weaker than the other dimensions. This suggests that although modern
foundation models can produce artifacts that appear complete and professional, reliably satisfying domain-
specific regulations, business conventions, and numerical correctness continues to be a major obstacle for
real-world deployment.

The two strongest models, GPT-5.5 and Seed-2.1-Pro, outperform the remaining systems across nearly all
rubric dimensions rather than relying on a single specialized capability. Their largest advantages are observed
in Structure & Completeness, Calaulation Precision, Information Integration, and Output & Presentation,
demonstrating stronger end-to-end workflow execution and artifact construction capabilities. Nevertheless,
even these leading models obtain their lowest scores on Domain-Specific Compliance, indicating that adherence
to professional standards and domain-specific requirements remains the primary bottleneck even for state-of-
the-art systems.

Output format non-compliance. Some failures arise from models not producing deliverables in the file
type explicitly required by the task. Unlike most failure modes discussed above, this requirement involves
neither complex reasoning nor domain knowledge and can be verified deterministically from file extensions.
Nevertheless, no model achieves perfect compliance on the 56 tasks with explicit output-format requirements
(Table 4), with success rates ranging from 98.2% to 83.9%. Most violations fall into two recurring patterns:
generating an incorrect file type (e.g., returning .md/.txt instead of the required .pdf) and omitting part
of the requested deliverables (e.g., producing only one of the required .x1sx and .docx files). These errors
suggest that even elementary deliverable-level constraints remain a non-negligible source of failures for current
foundation models.

4.4.2 Behavior-level Failure Analysis

Complex Instruction Following. Complex real-world workflows typically impose numerous constraints on the
final deliverable, including structural organization, computation logic, formatting, and executable correctness.
Although these requirements are explicitly specified in the task description, current models frequently
exhibit partial compliance: they satisfy the most visible requirements while overlooking other equally critical
constraints. As a result, the generated artifact appears largely complete from a superficial inspection, yet fails
to satisfy the complete acceptance criteria required for direct use. This behavior indicates that models often
optimize for producing outputs that look correct, rather than ensuring that every instruction governing the
final deliverable has been faithfully executed.

A representative example is shown in Figure 5. The task requires generating a complete HR payroll workbook
from multiple source sheets under a diverse set of structural, computational, and formatting constraints.

10



Behavior Pattern

Complex Instruction Following

Partial compliance: workbook structure is present, but key computed outputs remain unverifiable

0 Complex instruction load

HR payroll workbook generation

Generate a complete 2024 payroll and talent-review
XLSX from seven source sheets.

7 sheets: roster, attendance,
quarterly performance, salary adjustments,
insurance, tax, and budget

13 sheets in fixed order; preserve 7 raw

Q Partial compliance mechanism

Visible scaffold is built

The model creates the workbook, sheets, formulas, charts,
and dashboard layout

Verification coverage remains partial

Final checks confirm structure and formula presence, but
do not verify cached outputs

e Result + judge evidence

What failed

Key computed values
are not verifiable

What looked complete

13 sheets in order

sheets; add 6 analysis sheets Verification misses the result state
The final check does not reproduce the judge’s artifact-level
read: data_only=True
deductions, payroll, cumulative tax,
= performance calibration, talent matrix
Success claim contradicts artifact state Submitted XLSX zoom: formulas are visible; cached values remain None.
The final response says All validations pass even though
cached values are missing

Observed model claim
"All validations pass. The solution is complete."

StartupBench checks the submitted workbook artifact, not the final status message.

computed outputs, dashboard KPs,
charts, filters, and formatting Artifact-level judge evi

e gro

idence
2600027500

Complexity factors
Cross-sheet integration, formula-driven calc
dashboard construction, and final-workbook

Pattern: partial compliance. The model satisfies much of the
visible workbook specification, but key requested outputs remain
unverifiable when the final XLSX is reopened for artifact-level
inspection.

Workflow artifact File inspection Failure mode

The submitted XLSX is reopened and checked for
actual values and dashboard KPIs.

The task asks for a usable HR payroll workbook,
not a text-only explanation

Visible formulas and charts do not guarantee
verifiable computed outputs

Figure 5 A representative case of complex instruction following failure. Although the generated workbook appears
complete, artifact-level evaluation reveals that several critical acceptance conditions remain unsatisfied, illustrating a
common pattern of partial compliance.

Although the model produces an artifact that appears largely complete—including all required worksheets,
formulas, charts, and dashboard layouts—the artifact-level evaluation reveals that several critical acceptance
conditions remain unsatisfied. Specifically, key cached values required for downstream verification are missing,
rendering the workbook unverifiable despite its polished appearance. This case illustrates a common pattern
of partial compliance, where the model satisfies the most visible requirements while overlooking less obvious
but equally essential deliverable constraints.

Self-Verification Hallucination. We also observe that many models fail not because they cannot complete
the required workflow, but because they incorrectly assume that successful execution implies successful
delivery. After producing a plausible artifact, the model often summarizes the intended reasoning process
or completed steps as evidence that the task has been verified, without independently inspecting the final
deliverable against the original user requirements. Consequently, subtle yet critical errors—such as incorrect
cell values, unmatched identifiers, missing constraints, or formatting inconsistencies—remain undetected
despite an otherwise convincing output. This behavior reflects a form of self-verification hallucination, where
the model mistakes confidence in its own reasoning process for evidence that the generated artifact satisfies
the acceptance criteria. In real-world office workflows, however, successful completion requires validating the
final deliverable itself rather than merely confirming the execution process, making this a common source of
deployment-critical failures. A typical case is shown at Appendix C.1.

Domain-Specific Expertise. Another major source of failure arises from insufficient domain-specific expertise,
corresponding to the relatively poor performance of the rubrics of dimension "Domain Knowledge". Unlike
general instruction-following errors, these failures are driven by the unique operational requirements of different
professional domains. Although models often generate outputs that appear fluent and professionally formatted,
they frequently fail to satisfy the domain-specific constraints that determine whether a deliverable is actually
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Table 5 Performance under different general-purpose agent frameworks. For each model, we report the average score
under three general-purpose frameworks and the performance range (max—min) across frameworks.

Model Hermes Claude Code nanobot Max--Min
GPT-5.5 71.00 70.11 72.79 2.68
GLM-5.1 60.20 60.18 60.79 0.61
Qwen-3.6-Max 59.10 57.38 59.46 2.08
Average 63.43 62.56 64.35 1.79

usable. As a result, the dominant failure patterns vary substantially across domains, reflecting different
notions of correctness, evidence, precision, and actionability required by real-world workflows.

From a domain perspective, different professional areas expose distinct failure characteristics. Business and
management tasks primarily stress artifact correctness, particularly for spreadsheets, dashboards, formulas, and
structured reports. Finance tasks emphasize source attribution, numerical precision, valuation assumptions,
and temporal consistency, where errors commonly arise from insufficient reconciliation, inadequate numerical
self-verification, or inconsistent accounting conventions. Legal tasks are less constrained by legal writing style
than by the completeness and correctness of legal reasoning, including missing citations, incomplete factual
coverage, insufficient statutory support, or incorrect mapping between facts and applicable rules. Medical
tasks achieve relatively higher average scores but pose substantially greater safety risks, since mistakes in
medication timing, continuation criteria, or discharge planning directly undermine clinical usability. STEM
and computer science tasks instead require precise object-level grounding, demanding accurate relationships
among code, engineering drawings, images, bills of materials, and system components. Finally, education and
humanities tasks place greater emphasis on fine-grained rule following, such as curriculum requirements, credit
allocation, document organization, and textual coherence. A typical example of failure caused by insufficient
domain-specific expertise is shown at Appendix C.2.

4.5 Impact of Harness
4.5.1 Effect of General-Purpose Harness

In the main experiment, all models are evaluated under nanobot Agent framework. To examine whether the
observed performance is primarily determined by the choice of agent framework rather than the underlying
model, we re-evaluate the benchmark using two more representative general-purpose agent frameworks:
Hermes and Claude Code. All frameworks are evaluated under the same task set and identical evaluation
protocol, with only the execution framework replaced.

As shown in Table 5, replacing the general-purpose framework leads to only minor performance differences.
Across all evaluated models, the average variation between the best and worst framework is only 1.66 points.
GLM-5.1 is almost completely unaffected (0.40 points), while even the largest difference observed on GPT-5.5
is only 2.85 points. More importantly, the relative ordering of models remains unchanged across all three
frameworks. These results suggest that StartupBench is largely robust to the choice of general-purpose
agent framework. Although different frameworks adopt different prompting strategies, tool interfaces, and
interaction mechanisms, simply replacing one general-purpose framework does not substantially alter end-
to-end task performance. Consequently, the performance gap observed on StartupBench primarily reflects
the capability of the underlying foundation models rather than implementation-specific characteristics of a
particular framework.

4.5.2 General-Purpose Agents versus Specialized Agents

To further understand the role of agent frameworks, we compare general-purpose agent frameworks with
the specialized startup agents from which StartupBench tasks are derived. Unlike the previous experiment,
this comparison evaluates each task using its corresponding production startup agent, which has been
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Table 6 General-purpose versus specialized agent systems. Oracle General denotes the highest score achieved by any
evaluated general-purpose agent for each task.

Agent System Avg Score Pass Rate
General (All Runs) 64.26 19.74
General (Oracle) 71.75 28.06
Specialized Agent 83.50 39.18

specifically optimized for its target workflow through domain-specific model selection, prompting strategies,
tool orchestration, and workflow design.

Table 6 summarizes the comparison between general-purpose and specialized agent systems. Across all
executions, general-purpose agents achieve an average score of 64.26 and a Pass rate of 19.74%, substantially
below the specialized agents at 83.50 and 39.18%, respectively. Since specialized agents are explicitly designed
and optimized for their target domains, we further consider a stronger oracle setting for the general-purpose
agents: for each model-task pair, we retain the best result among three independent trials. This oracle selection
raises the average score to 71.75 and Pass rate to 28.06%, but still falls well short of the specialized agents, with
gaps of 11.75 points in average score and 11.12 percentage points in Pass@1. Thus, the performance gap cannot
be explained simply by stochastic variation or occasional execution failures: even when general-purpose agents
are allowed multiple attempts and evaluated by their best observed outcome, specialized agent systems remain
substantially more effective on these tasks. Combined with the failure-mode analysis presented earlier, these
findings provide a more complete picture of the remaining gap between general-purpose foundation models
and specialized startup agents. While today’s foundation models still cannot fully replace domain-specialized
agents under a unified general-purpose framework, their shortcomings are concentrated in a relatively clear set
of capabilities, including complex instruction following, domain-specific knowledge, professional operational
conventions, and long-horizon workflow execution. This suggests that the observed advantage of specialized
systems does not necessarily require fundamentally different agent architectures, but may instead reflect
capabilities that current general-purpose models have yet to acquire reliably. As these underlying capabilities
continue to improve, general-purpose agents may increasingly accomplish valuable professional end-to-end
tasks without relying on domain-specific agent harness designs.

5 Conclusion

Current foundation models have made substantial progress toward performing realistic professional workflows,
yet a significant gap remains before they can consistently deliver work products that are ready for direct
professional use. Our results suggest that this gap lies not primarily in whether models can perform the
required work, but in whether they can produce deliverables that satisfy the full set of practical acceptance
criteria without further human correction. Across diverse domains, the remaining failures consistently arise
from a relatively small set of capabilities—including complex instruction following, domain-specific knowledge,
professional operational conventions, and long-horizon workflow execution—ultimately preventing otherwise
strong solutions from becoming fully reliable deliverables. By grounding evaluation in market-validated Al
workflows and systematically characterizing these bottlenecks, StartupBench provides not only a realistic
benchmark for measuring practical agent capabilities, but also a concrete roadmap for future foundation-model
development. We hope StartupBench will facilitate the development of increasingly capable general-purpose
agents that are able not only to perform valuable professional work, but also to deliver production-ready
results that users can trust without relying on task-specific agent designs.
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Appendix

A Tutorial of StartupBench Task Annotation

A.1 Task Construction

A STARTUP task can be defined as a triple T = (¢,&,R). The experts are required to provide all the elements
of a task:

e Input query: The query ¢ is a natural-language statement of the task, specifying the user instruction
that initiates the task. Derived from authentic scenarios of the work of annotators, the input query is
supposed to reflect realistic user intent, including task background, implicit constraints and expected
deliverables.

e Task workspace: The environment £ denotes the complete workspace provided to the agent, including
the multimodal source files together with any additional resources and interaction setting required
to complete the task. The task workspace provides a self-contained execution environment for the
agent. Each workspace includes all necessary input artifacts (e.g., files, datasets, or structured resources)
required to complete the task, and ensures that the agent has access to sufficient input information
to solve the problem. This design enables reproducible evaluation under controlled conditions while
preserving realistic workflow structure.

¢ Evaluation rubrics: The rubric R = {(p;, w;)}}_; is a checklist within which every item consists of a
natural-language scoring point p; and a positive importance weight w;. The evaluation rubrics define a
set of fine-grained criteria used to assess task completion quality. Due to the complexity and multi-faceted
nature of real-world workflows, each task is evaluated using multiple rubric items covering different
dimensions. We categorize all rubrics in StartupBench to 6 dimensions, which is detailed in Appendix B.

Together, these components preserve the structure of real-world agent workflows while enabling systematic
and objective evaluation. Tasks may require information synthesis, constraint following, structured generation,
or domain-specific reasoning and judgment.

A.2 Cross Validation

To ensure reliability of the quality of data, in our construction process each task is independently reviewed by
at least one additional domain expert with relevant professional experience. Rather than focusing only on
annotation consistency, reviewers validate the realism and correctness of the task from multiple complementary
perspectives.

e Task authenticity. Reviewers verify the authenticity of both the task description and the accompanying
workspace. This includes checking that the input query reflects realistic user requests, that all provided
materials are factually correct, and that no domain-specific knowledge errors exist.

e Workflow fidelity. Reviewers examine whether the task faithfully represents real-world workflows in the
corresponding profession. Tasks that deviate from practical working procedures or fail to reflect genuine
job responsibilities are revised or discarded.

e Rubric validity. Reviewers inspect the evaluation rubrics to ensure that the assessed capabilities are
meaningful for the target workflow, that rubric items are clear and unambiguous, and that their relative
weights reasonably reflect task priorities.

e Ground-truth verification. Reviewers validate the reference solution (ground truth) by evaluating
it against the finalized rubrics. The ground-truth deliverable is required to achieve a full score. If
inconsistencies are identified between the reference solution and the evaluation criteria, both the solution
and the rubrics are revised until they are mutually consistent.
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B Rubrics of StartupBench

To facilitate consistent evaluation across heterogeneous real-world tasks, we organize all evaluation rubrics into
six high-level categories according to the primary capability they assess. Rather than being tied to specific
application domains, these categories capture common dimensions of deliverable quality that recur across
office tasks, including correctness, completeness, data processing, professional reasoning, engineering quality,
and presentation. This taxonomy enables more interpretable analysis of model strengths and weaknesses
while maintaining a unified evaluation framework across different task types.

e Structure & Completeness. Evaluates whether the required deliverables are fully produced with the
correct organization, file structure, required components, and overall completeness.

e Accuracy. Evaluates the correctness of numerical results, logical reasoning, formula execution, factual
consistency, and other objective computations.

e Information Integration. Evaluates data cleaning, transformation, aggregation, statistical analysis,
feature engineering, modeling, and other structured data manipulation workflows.

e Domain-Specific Compliance. Evaluates whether outputs satisfy domain-specific professional require-
ments, including business logic, financial principles, legal reasoning, medical practice, educational
standards, and other expert knowledge.

e Engineering & Format. Evaluates implementation quality, coding conventions, spreadsheet engineering,
document formatting, reproducibility, robustness, naming conventions, and compliance with technical
specifications.

e Output & Presentation. Evaluates the quality of visual presentation and communication, including
charts, layouts, formatting, readability, report organization, and overall usability of the final deliverables.

Table 7 summarizes the distribution of all 2,453 rubrics in StartupBench. Accuracy-related rubrics constitute
the largest category (38.9%), reflecting the importance of producing objectively correct work products.
Structure & Completeness and Domain Knowledge together account for another 42.8%, highlighting that
successful completion of realistic office workflows requires not only correct computations but also complete
deliverables and professional domain reasoning.

Table 7 Distribution of rubric categories in StartupBench.

Category Percentage
Structure & Completeness 27.31%
Accuracy 38.89%
Data Processing 9.46%
Domain Knowledge 15.49%
Engineering & Format 6.20%
Output & Presentation 2.65%
Total 100.00%

C Examples of Behavior-level Failure Modes

C.1 Self-Verification Hallucination

A representative example is shown in Fig. 6. The task requires the model to filter all level-11 members, simulate
route check-ins until each member reaches the level-12 threshold, and generate an Excel workbook satisfying a
set of precise value and formatting constraints. The produced workbook appears largely complete, containing
the required worksheet, member records, and output columns, leading the model to conclude that the task
has been successfully finished. However, artifact-level inspection reveals multiple acceptance-critical errors,
including incorrect effective-point values and mismatched member names. The underlying issue is not that the
model fails to perform the required computation, but that it never verifies the generated artifact itself. Instead,
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Behavior Pattern

Self-Verification Hallucination

The agent checks selected calculations, but does not reconcile the final workbook with source names and output-field semantics.

0 Verification target e Self-check drift e Claim vs judge evidence
Membership anniversary workbook Local calculation succeeds Model self-check Judge check
Filter level-11 members and simulate route check-ins The agent computes thresholds and finds 30 level-11 members Complete; 30 members; route Arifact checks expose unresolved name
until each reaches level 12 simulation done. and field-value errors.

Judge-inspected output rows

A plausible workbook is generated g N N . .
member roster, route table, and store The model's own summary is positive, but arifact-level spot c
reward table The output has one worksheet, 30 data rows, and 8 requested columns
check Member code Model Needed  Judge
m effective points = total points - expired o ) ) Points Vember w01 w07 2 fai
points Verification coverage remains partial
points Vember 102 o508 7548 il
The agent checks selected calculations and rows, but
does not reconcile output fields with source semantics.
m stop immediately at the level-12 Points Mermber M-03 8527 7484 fail
threshold
Artifact coniradictions are missed Submitted H-columi stores post-upgrade points, not current effective points.
m XLSX with 8 required columns and The reopened workbook stores post-upgrade points in the
specified headers current effective-points column; this goes undetected

Failure evidence

Two sorrce labels contain requied spaces; subitted labels omit them

@I s tecive o cos v postsopvlues, ot curentvaes

Partial checks miss name and column-semaniic mismatches.

Model completion summary (translated)

Acceptance sensitivity

X I-11 members were selected; each simulation stops
Asummary can look correct even when exact-name and
cell-level spot checks fail n the | reshold is reached

StartupBench compares the submitted workbook with explicit task requirements. Pattem: overconfident self-verification. The agent reopens

the workbook and checks selected calculations, but fails to
reconcile exact names and the effective-points column with

Instruction-level spot checks Artifact-first grading Self-check gap 3 q
source data before declaring completion.

The judge checks named members and exact cells The benchmark reads the submitted XLSX table The case separates plausible file generation from

rather than trusting a final summary and compares values to expected outputs instruction-level verification.

Figure 6 A representative example of self-verification hallucination. The model generates a plausible workbook and
concludes that the task has been completed based on its execution process. However, artifact-level spot checks expose
acceptance-critical errors in the final deliverable, showing that the model mistakes a progress summary for actual
verification instead of validating the generated artifact against the original task requirements.

it treats a successful execution summary as evidence that the final deliverable has been validated. Consequently,
localized yet user-critical errors remain unnoticed, illustrating a form of self-verification hallucination, where
confidence is derived from the reasoning process rather than from independently checking the completed
artifact against the original task requirements.

C.2 Domain-Specific Failure

A representative example of failure caused by insufficient domain-specific clinical actionability is shown at
Figure 7. The model generates a well-formatted multidisciplinary treatment plan that appears clinically
professional, yet violates multiple safety-critical treatment constraints. The failure stems not from poor

writing quality, but from an inability to convert medical knowledge into actionable and clinically reliable
decisions.
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Domain Profile

Medical Domain: Clinical Actionability

The submitted MDT plan is well structured, but conflicts with case-specific medication, timing, and handoff criteria.

0 Domain pressure o Medical failure chain o Representative case evidence
Clinical actionability Conflicting clinical priorities What looked complete What failed
i e (B e el Fa R REesEs Upper Gl bleeding conflicts with recent DES thrombosis Five sectons wih staged medlcations Four casespecifc decisons confic with
protection. roles, escalation, and discharge drugs. or are absent from the submitted plan.

a coordinated plan that meets case-level criteria.

Case-specific P2Y12 criterion is violated
The case rubric requires uninterrupted clopidogrel; the plan

stops it before hemostasis. ase rubric: clopidogrel uninterrupted

Submitted: ~ stopped before hemostasis

Artifact-level judge findings
Clinical decision dependencies

Balance active bleeding control with very-early
post-DES thrombosis protection.

- Align anticoagulation restart with the
benchmark-defined window.

@ sz o ried escalaton and dishrge
plan

Restart timing falls outside the case rubric

The plan uses day 5-7; the rubric specifies day 7-10. Guse condion: state no immediate cath b
Submited: 1ok tated s unifed decision

Unified cath-lab decision is omitted Case rubric: day 7-10; not earler than day 7

Submitted: restart day 57

Case rubric: step down from tiple therapy
Discharge

Submitted:  defaults (o trple therapy

The plan does not restate that immediate cath-lab transfer is
not the current priority.

Representative domain risk Discharge step-down is omitted

Medication continuation, restart timing, and discharge The plan defaults to triple therapy rather than the discharge
step-down are coupled decisions. Surface fluency alone step-down required by the case rubric
does not establish case-level clinical actionability.

A structured answer can still fail artifact-level evaluation when

Fluent MDT structure can still fail case-specific safety criter medication timing or unified decisions conflict with case criteria.

StartupBench checks the submitted handoff against the case and benchmark-defined criteria. P | . P
attern: clinical actionability failure. The model produces

a structured MDT plan, but key medication and timing
decisions, together with the unified handoff, conflict with

Clinical grounding Workflow realism Safety constraints

case-specific evaluation criteria.
Medication and escalation decisions are checked The task requests a unified MDT plan for direct Continuation, restart timing, and discharge
against the stated case and case rubric. adoption in the medical record sequencing are evaluated together.

Figure 7 A representative example of failure caused by insufficient domain-specific clinical actionability.
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