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Abstract

“Vibe coding”—where users describe applications in natural lan-

guage and AI agents autonomously handle all implementation—has

rapidly emerged as a mainstream development paradigm. Yet exist-

ing benchmarks evaluate mainly agent’s ability at code completion

or fixing bug, not end-to-end application creation from a user’s per-

spective. We introduce ViBench, the first open-source benchmark

for evaluating AI agents on realistic, end-to-end web application

development. ViBench comprises tasks derived from production

traces across 15 applications spanning different domains, covering

both zero-to-one creation and feature extension—the two core work-

flows of vibe coding. Unlike prior benchmarks, tasks are specified

entirely through user-facing requirements with no implementation

constraints, and evaluation occurs at the abstraction level of an end

user interacting with the application. We contribute an adaptive

automatic evaluator that uses REPL-based browser automation to

verify arbitrary implementations without assuming anything about

code structure, achieving 99% step-level agreement with human

experts across 1,082 test steps. Evaluating nine models—five closed-

source and four open-weight—across 105 artifacts, we find that

even the best models are far from reliable: Opus 4.6 and GPT-5.2

lead with only 46% and 42% Pass@1—fully correct artifacts on the

first try—while no open-weight model exceeds 12% Pass@1. Fea-

ture extension on a stable reference codebase proves easier than

zero-to-one creation, but errors compound when models extend

their own code: seven of nine models degrade in the Vibe-on-Vibe

setting, with complete failure rates rising sharply. Notably, open-

weight models that perform competitively on coding benchmarks

such as SWE-bench struggle to generalize to end-to-end vibe cod-

ing, exhibiting complete failure rates up to 40%—underscoring that

end-to-end application development demands capabilities beyond

what current coding benchmarks measure. As vibe coding matures

into mainstream development practice, ViBench provides the open-

source infrastructure needed to measure progress, compare models,

and guide practitioners toward reliable AI-assisted development,

beyond just a “Vibe Check”.
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1 Introduction

Within the past two years, the advent and rapid improvement of

Large Language Models have introduced significant changes in AI-

powered programming. The field has seen a transition from simple

code completion and edits to agents powered by advanced LLMs

that generate entire applications or build features with minimal

developer guidance [37]. This autonomous, AI-driven development

experience, now known as “vibe coding” [17], has grown into a $36B

industry [31] in just one year. Popular services such as Replit, Lov-

able and V0 promise that a “vibe coder,” devoid of any technical ex-

perience, can create fully functional applications handling complex,

potentially multi-tenant projects—complete with databases, authen-

tication, and other infrastructure—through prompting [20, 30, 36].

But just how good are coding agents, and by extension their

underlying models? Early coding benchmarks focused on code

completion or repair, often involving a single function. Benchmarks

like HumanEval [10], MBPP [4], and ClassEval [13] assess a model’s

ability to complete short functions or classes, verified by running

unit tests. SWE-bench [16] and its intellectual successors (SWE-

bench Verified [27], SWE-bench Pro [12]) capture the ability of

LLMs to resolve issues in existing codebases. Models must patch

bugs in popular libraries like Django and Astropy based on well-

defined bug reports that detail reproduction steps and expected

behavior, with unit tests determining whether issues were correctly

resolved.
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However, these existing evaluations are inadequate for vibe-

coding tasks. A vibe coder typically delegates technical decisions—

from high-level architecture and framework selection to low-level

data structures and functions—entirely to the AI agent. Vibe coders

care about end-to-end correctness from the perspective of a user

interacting with the generated application. Unit tests, which rely on

specific programmatic structures, are inappropriate since we cannot

ascertain these structures a priori. Automated end-to-end tests, à la

SWE-Lancer [26], depend on page structure, layout, or specificDOM

elements—decisions also left to the agent. Therefore, evaluation

should occur at the abstraction level of an end user interacting with

the application, without imposing technical constraints.

Motivated by this gap, we introduce ViBench, a benchmark

designed to evaluate agents on realistic, end-to-end web appli-

cation development. ViBench focuses on two task types: zero-

to-one app creation and feature extension. Applications exhibit

complexities such as offline operation, multi-tenancy, multiplayer

interaction, and real-time updates. Zero-to-one tasks consist of a

concise, natural-language Product Requirement Document (PRD)

devoid of technical constraints (e.g., specific frameworks or data-

base schemas), leaving implementation choices entirely to the agent.

Feature extension tasks provide a reference implementation of a

correctly implemented base application along with a feature PRD

describing the desired changes.

Each task includes 2 to 4 natural-language test plans describing

a list of steps an end user or QA tester would take to verify correct

implementation. We introduce an evaluator that uses a notebook-

based [14, 18] browser-use [7] harness to assess the correctness

of generated applications. To validate this evaluation process, we

conducted a preliminary alignment phase in which two human

evaluators performed verification manually to label the preliminary

set of artifacts generated by the agents against their correspond-

ing test plans. We then compared human judgments against the

automatic evaluator, achieving 99% agreement on individual steps.

ViBench focuses on web applications with self-contained func-

tionality, excluding tasks requiring external API integration (with

the exception of LLM endpoints), long-horizon verification, or real-

time interaction. We evaluate nine state-of-the-art models using

OpenHands [37], an LLM-agnostic academic agent system, and

analyze results and failure modes in Section 5. As AI-driven de-

velopment matures, we believe benchmarks must evaluate what

users actually care about: working software, not passing unit tests.

ViBench and its evaluation harness are publicly available here.

2 Related Work

AI coding evaluation has moved from snippet-level generation to

end-to-end agentic software engineering. SWE-bench [16] set the

canonical issue-resolution setting, with SWE-bench Verified [27] im-

proving reliability via human validation and SWE-bench-Live [42]

reducing data leakage through a real-time pipeline. In parallel,

benchmarks broadened environment coverage: RepoBench [19]

targets repository-level completion, Web-Bench studies browser

workflows, SWE-bench Multimodal [39] adds visual reasoning, and

SWE-Lancer [26] frames tasks through an economic lens of free-

lance engineering work.
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Figure 1: Overview of the ViBench pipeline: Zero-to-one

task where a PRD is fed to an LLM agent to implement the

MVP (top); Vibe-on-Ref (VoRef) starting from a Reference

Implementation (RI-MVP) – created via human-in-the-loop

refinement with Claude Sonnet 4.5, the agent has to extend it

with new features (middle); Vibe-on-Vibe (VoV) tasks test the
endogenous feature extension capabilities of the agent, by

asking them to directly vibe-code the feature on top of their

zero-to-one generation (bottom). All task types are evaluated

by an agentic evaluator and human evaluators, achieving

high agreement.

As model capability increased, evaluation expanded to efficiency

and operational competence. SWE-fficiency [21] measures computa-

tional overhead; CodeClash [5] introduces competitive multi-round

code evolution; 𝜏-bench [40] tests tool-use, user interaction, and

policy adherence; Terminal-Bench [33] evaluates system-level op-

erations; and cline-bench [32] targets high-fidelity tasks grounded

in real open-source failure modes.

The latest frontier emphasizes interactive, agentic workflows.

FeatBench [9] evaluates feature implementation from abstract re-

quirements in the vibe-coding paradigm, and FrontendBench [43]

contributes complex interactive front-end tasks with sandboxed

evaluation. “You Don’t Know Until You Click” [6] motivates this

shift by showing that code inspection alone misses runtime behav-

ior, while browser-use [7] enables autonomous functional interac-

tion for verification. Even with this progress, existing setups still

under-capture vibe coding because they do not fully accommodate

agent-chosen architectures and therefore remain weak at user-level

end-to-end correctness. ViBench addresses this gap by validat-

ing arbitrary implementations without technical assumptions and

focusing on whether software fulfills user requirements.

Closest to our work are concurrent benchmarks App-Bench [3]

and Vibe Code Bench [35] (vals.ai). App-Bench evaluates full-stack

build-from-scratch performance with expert manual grading; in

contrast, ViBench uses human evaluation only as a sanity check for

automated scoring, enabling faster andmore scalable benchmarking

https://limewire.com/d/Eyktu#2UdtvN9yU1
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while preserving human alignment. Vibe Code Bench also targets

build-from-scratch tasks, but does not cover feature extension over

a base implementation, and both benchmark and evaluator are

closed-source. ViBench instead uses tasks from real production

traces and provides an open-source harness spanning both initial

app creation and iterative feature development.

3 ViBench

ViBench is designed to emulate realistic vibe coding tasks. We

drew tasks from anonymized production traces of Replit [30], a

popular AI-powered application development platform. This sec-

tion describes how we constructed the benchmark, the task setup

provided to agents, and the evaluation process.

3.1 Benchmark Construction

Application Selection. We selected applications fromReplit pro-

duction traces, meeting the following criteria: (1) web applications

using standard HTML interaction patterns, excluding visual games,

native mobile apps, or console applications; (2) applications with

interactive logic, excluding static landing pages or content-only

sites; (3) applications where correctness is apparent, excluding

those without clear success criteria such as AI strategy advisors;

(4) applications not fundamentally dependent on external services,

excluding those tightly coupled to third-party APIs for their core

functionality; and (5) applications that were the subject of active

development with agent activity spanning more than three days.

These criteria ensure that tasks are amenable to automatic verifica-

tion and sufficiently interesting to assess.

Feature Extraction. From each application, our team—all with

software engineering experience—identified a set of core features

constituting the base Minimum Viable Product (MVP), as well as a

set of independent features that could serve as candidates for feature
extensions. Feature extensions vary in complexity but must add

a substantial new pattern of interaction on top of the base MVP.

This process was informed by the vibe coder’s interactions with

Replit as they incrementally added features to their application,

though some separation decisions were made by our team when the

historical interaction trace did not yield a clean feature decomposi-

tion. An application was included in ViBench only if the base MVP

was nontrivial to implement and at least two nontrivial feature

extensions could be extracted.

We kept features as faithful as possible to the original user re-

quirements, with targeted modifications to ensure applications are

anonymized, deterministic (e.g., specifying dice rolls through en-

vironment variables), and independent of external providers (e.g.,

replacing OAuth with username/password authentication).

PRD Creation. From the base MVP descriptions and feature

extension specs, our team manually created PRDs in a uniform

format focusing exclusively on business-facing content: user flows,

roles, business rules, and user-visible (and therefore testable) states.

All technical details—data models, APIs, schemas, libraries—were

omitted. Any static assets important to the task, such as images

or JSON files, are also curated. Some example PRDs can be found

in Appendix A; a description of all applications can be found in

Appendix G.

Reference Implementation (RI).. Since feature extensions build
upon a stable foundation, we seek to isolate the model’s perfor-

mance on new features from any errors inherited from the base

code. To achieve this, we create a separate Reference Implementa-
tion (RI) of each MVP PRD. We developed each RI using Claude

Sonnet 4.5 with human-in-the-loop correction, iteratively refining

the output until it fully satisfied the PRD. Therefore, by construc-

tion, all base-level tests pass on the RI, ensuring that subsequent

failures reflect errors in the feature extension rather than legacy

bugs.

Test Plan Creation. For base MVPs, test plans cover all substan-

tial interaction patterns specified in the PRD. For feature extensions,

we create two types of test plans: one regression test and one or

more feature-specific tests. The regression test navigates through

any changes introduced by the feature (e.g., new authentication

flows or reorganized layouts) but verifies that base MVP functional-

ity remains intact. Feature-specific tests cover the new interactions

introduced by the feature PRD. All test plans are expressed purely

in terms of behaviors specified in the PRD—with specific values,

actions, and validation criteria—but make no assumptions about

implementation details. To the greatest extent possible, we ensured

that any reasonable implementation of the PRD could pass these

tests. To maximize reproducibility, we focus exclusively on high-

level functional correctness; visual design and performance are out

of scope.

Test Plan Format. Some test plans assume a particular applica-

tion state to provide more focused coverage—for example, verifying

appointment rescheduling requires that a past appointment already

exists. These test plans include a seeding section that specifies the

relevant data that must exist in the database before execution. Each

test plan comprises sequentially executed steps, where each step

groups closely associated actions and verifications. Some verifica-

tions are marked as non-fatal, meaning the test can continue even

if that verification fails; this allows for more granular understand-

ing of where and how an implementation breaks. Each step has a

point value, denoting its relative importance to the rest of the test

plan. A test plan’s graded score is the fraction of total points earned,

yielding a continuous measure of partial correctness; an artifact

achieves Pass@1 only when every associated test plan scores 100%,

indicating no bugs or missing functionality.

Quality Assurance. At least two team members reviewed each

PRD and test plan to ensure theywere clearly defined, unambiguous,

and implementation-agnostic.

Benchmark Summary. The final benchmark comprises 15 ap-

plications across domains including messaging, multiplayer turn-

based games, and social media. These yield 15 zero-to-one tasks

and 45 feature extensions; each feature extension is evaluated in

both VoRef and VoV modes, producing 105 total artifacts (15 + 45

+ 45). They are evaluated by 194 test plans containing 1,407 total

steps. Depending on the complexity of each step, it could contain

up to 7 distinct actions and verifications grouped together. ViBench

could be easily extended by adding new and possibly more com-

plex application ideas as long as these applications are amenable

to browser-based testing. While the evaluation is performed using
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OpenHands, the tasks and test plans are designed to be general and

can be adapted to other specialized harnesses.

Limitations. The benchmark enforces constraints to ensure

testability and focus on core functionality. External API integration

complicates setup and verification, so we generally exclude it—with

one exception: given the prevalence of AI-integrated software and

the statelessness of the API, we permit OpenAI endpoints. We also

exclude features requiring long-horizon verification (e.g., waiting

30 minutes for a notification), fast real-time interaction (e.g., action

games), and non-web applications. Finally, ViBench evaluates only

functional correctness, not visual aesthetics or design quality. While

visual polish is important to end users, it is inherently subjective

and difficult to evaluate automatically; we leave aesthetic evaluation

to future work.

3.2 Task Setup

ViBench comprises two task types (Figure 1). In zero-to-one tasks,
the agent receives only the PRD of the MVP and must generate

the full application from scratch. In feature extension tasks, the

agent receives the feature PRD, the original MVP PRD, and a base

codebase that it must modify to implement the feature. We classify

feature extension tasks into categories based on the origin of the

base codebase: in Vibe-on-Ref (VoRef) tasks, the feature extensions
are built atop of the known-correct RI-MVP. Alternatively, the

model can build the feature on the MVP that it built earlier in

its own zero-to-one task. This second setup assesses the model’s

ability to continue building on work that may itself be incorrect,

and reveals how much performance degrades when compounding

on its own errors. We refer this second build as Vibe-on-Vibe (VoV).

Environment. All tasks are conducted in a standardized De-

bian Docker environment with internet connectivity. Python and

Node.js are pre-installed, though the agent may install additional

packages. While tasks are agnostic to specific data management

strategies, we provide a PostgreSQL instance accessible via envi-

ronment variable to ensure uniformity in building and evaluation.

We chose PostgreSQL because most popular vibe coding platforms,

including Lovable and Replit, provide PostgreSQL to their users.

Deployment. The agent builds or augments the application in a

designated folder and must produce two scripts: a setup script that

installs dependencies, and a start script that launches the server.

Evaluation runs these scripts in a fresh instance of the same Debian

Docker environment to ensure no OS-level inconsistencies, but

without any state carried over from development—a capable agent

must not only ensure the application works during local develop-

ment, but have the foresight to produce scripts that start cleanly

from a cold state.

3.3 Evaluation

Seeding. Some test plans require the application database to be

in a particular state before testing. However, because agents have

complete control over database schema, we cannot write seeding

SQL scripts a priori. Instead, a seeding agent—powered by Claude

Sonnet 4.5
1
—inspects the application code and schema to produce

1
We suspect other frontier models of a similar weight class could also serve as the

seeding agent.

a seeding script. The seeding agent receives the seeding section

of the test plan, the application codebase, and the setup and start

scripts; it then generates a script that calls the setup script and

injects the required data. All date-based elements are specified

relative to the current time to ensure the seeding script remains

valid across runs. In manual inspection, we found that when the

seeding agent fails to produce a working script, the cause is typically

a failure in the application itself (e.g., server won’t start or schema

is malformed). For applications that could be seeded, all inspected

scripts contained correct seeding logic. Once seeding (if applicable)

and setup complete, the start script launches the server, which

serves as the target for either a human evaluator or the automatic

evaluator described in Section 4.

4 Automatic Evaluator

A benchmark relying solely on human evaluators cannot scale.

ViBench therefore contributes an automatic evaluator that uses

an LLM-powered agent to execute test plans against generated

applications. The central challenge is that, unlike traditional QA

automation, the evaluator cannot assume anything about the appli-

cation’s structure—the agent under evaluation has complete control

over UI layout, DOM structure, and interaction patterns. Our evalu-

ator must therefore be adaptive: capable of inspecting the generated

codebase, understanding the application’s specific implementation,

and dynamically constructing browser interactions to verify cor-

rectness.

4.1 Approach

We implement the evaluator as a tool-augmented LLM agent built

on the OpenHands [37] harness. Given a test plan and the generated

application artifact, the agent reads the source code to understand

the application’s structure, then iteratively executes browser actions

to carry out each test step.

The key design choice is a REPL2-based execution model for
browser automation. Rather than generating a complete test script

upfront—which would require perfect prediction of selectors, tim-

ing, and interaction sequences—the agent operates in a notebook-

style environment where it can execute Playwright [24] commands

incrementally. Each execution returns the resulting page state

(screenshot and ARIA snapshot [23]), allowing the agent to ob-

serve outcomes before deciding on subsequent actions. Variables

and browser contexts persist across executions, enabling complex

multi-step interactions while remaining responsive to the actual

application behavior.

This incremental approach mirrors how a human QA tester

would operate: inspect the page, perform an action, verify the re-

sult, and proceed—adapting to unexpected layouts or interaction

patterns as they arise.

4.2 Tools

The evaluation agent has access to three categories of tools:

2
Read-Eval-Print Loop
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Standard tools. File reading/writing, bash command execution,

and task management—standard OpenHands tools provided with-

out modification. These allow the agent to inspect the application

codebase and understand its structure before interacting with it.

Playwright Script Execution. The agent writes and executes

Playwright scripts in a persistent notebook environment. Variables

created in one execution (browser contexts, pages, stored values)

remain available in subsequent executions. Each execution returns

console logs, an ARIA accessibility snapshot [23], and a screenshot

of the active page.

Page State Inspection. For test plans requiring verification

across multiple browser contexts—such as checking whether a mes-

sage sent by one user appears for another—the agent can inspect

the state of any open page without switching the active context.

Together, these tools enable the agent to handle the full range of

ViBench test plans, including multi-tenancy verification (multiple

simultaneous user sessions), offline simulation, and file upload/-

download interactions.

4.3 Design Rationale

We considered several alternative approaches to automatic evalua-

tion before arriving at the REPL-based design.

Pre-generated test scripts. Traditional Playwright testing in-
volves writing complete test scripts that execute end-to-end. How-

ever, generating such scripts requires accurate prediction of element

selectors, page structure, and timing—all of which vary across agent

submissions. In practice, even expert engineers struggle to write

robust scripts for unfamiliar applications without iterative debug-

ging. A pre-generated script that works for one submission may

fail on another that implements the same PRD with different UI

choices. The REPL approach sidesteps this brittleness by allowing

the evaluator to adapt its actions based on observed page state.

Atomic browser-action tools. Browser automation frameworks

like Playwright MCP [25] and Chrome DevTools MCP [11] expose

individual actions (click, type, scroll) as separate tools. While in-

tuitive, this approach has two limitations. First, each tool requires

extensive documentation to specify its parameters and usage pat-

terns, increasing prompt complexity. Second, the action space is

constrained to the predefined tool set, making complex operations

like multi-browser coordination, network interception, or offline

simulation difficult to express. By contrast, Playwright’s full API is

well-represented in LLM training data, and the agent can compose

arbitrary Playwright code to handle edge cases without tool-specific

scaffolding.

Computer-use models. Vision-based computer-use agents [1,

29] operate by taking screenshots and predicting coordinate-based

actions (e.g., click at position X, Y).Whilemore general than browser-

specific approaches, they are suboptimal for web application testing.

Form filling requires many screenshot-action cycles. Verification

relies solely on visual inspection, which cannot access non-visible

state and may be unreliable depending on VLM architecture limi-

tations
3
[34]. Complex operations like simulating offline mode or

3
Vision-language models typically downsample images to a fixed resolution and tok-

enize them into patches (e.g., 16×16 pixels), with each patch projected into a single

managing multiple browser profiles require navigating system UI

rather than programmatic control. The Playwright-based approach

provides direct programmatic access to these capabilities.

4.4 Human Alignment

To validate that the automatic evaluator produces judgments compa-

rable to human experts, we conducted an alignment study compar-

ing automatic and manual evaluation on 10 out of the 15 ViBench

tasks.

Methodology. We selected 10 out of the 15 ViBench applica-

tions and randomly assigned each to one of four models: Claude

Sonnet 4.5, Gemini 3 Pro, GPT-5
4
, and Qwen Coder 480B

5
. We in-

cluded multiple models to ensure diversity in the artifacts assessed,

as different models may produce implementations with varying

UI patterns, code structures, and failure modes. Each model com-

pleted both zero-to-one and feature extension tasks for its assigned

applications.

Two human evaluators with software engineering experience

independently evaluated all test plans against the generated arti-

facts, marking each step as pass or fail. The evaluators then met

to resolve disagreements, reaching full consensus on all steps. The

automatic evaluator subsequently assessed the same artifacts using

identical seeding scripts.

Results. Across 136 test plans comprising 1,082 steps, human

evaluators marked 59% of steps as passing and 41% as failing. The

automatic evaluator agreed with human consensus on all but 10

steps—achieving 99.07% step-level agreement and 93.4% test-plan-
level agreement.6 Of the disagreements, six were false positives (the

automatic evaluator passed steps that humans failed) and two were

false negatives. The disagreements fell into the following categories:

• Specification ambiguity: In one case, the test plan required

clicking an edit button, but the application automatically transi-

tioned to edit mode upon navigation. Human evaluators accepted

this as a reasonable implementation; the automatic evaluator

marked it as a failure due to the absent button.

• Scoring judgment: One test plan included a non-fatal step veri-

fying that an input field received focus automatically. Both eval-

uators detected that the field was not focused, but the automatic

evaluator judged the failure too minor to penalize, while human

evaluators assigned zero points per the test plan specification.

• Browser interaction differences: In some cases, the automatic

evaluator could extract information from the DOM that was not

visually apparent to human evaluators, or could input text faster

than a human before a page refresh.

• Overeager evaluator: In early iterations, the evaluator occa-

sionally attempted to fix bugs or refresh the page to continue

the test plan rather than assessing the application as-is. Prompt

refinement virtually eliminated this behavior.

embedding. Fine-grained UI details—such as checkbox states, badge counts, or subtle

icon changes—can be lost in this process, whereas ARIA snapshots and DOM inspection

provide unambiguous access to such state.

4
The alignment study was conducted before the final benchmark evaluation and used

GPT-5, an earlier model in the GPT-5 family. Final results (Section 5) use GPT-5.2.

5
Our final results excluded Qwen Coder due to API access issues.

6
One test plan had two steps with disagreements, accounting for the difference between

step-level and test-plan-level agreement rates.
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Figure 2: ViBench Pass@1 by Model and Evaluation Slice

While the slight bias toward false positives means benchmark

scores may marginally overstate model performance, the overall

error rate remains below 0.6% of steps.

5 Results

5.1 Experimental Setup

Models. We ran ViBench on five frontier closed-source models:

GPT-5.2, GPT-5-mini, Gemini 3 Pro, Gemini 3 Flash, and Opus 4.6;

plus four open-weight models: DeepSeek-V3.2, GLM-4.7, MiniMax-

M2.1, and Kimi-K2.5. For open-weight models, we solely employ

Fireworks as the API provider. Detailed model API names are listed

in Table 2. We enabled the highest reasoning capabilities for all

models.

AgentHarness. All agentswere instantiatedwithOpenHands [37]
using standard file editing, terminal execution, and task manage-

ment tools. For the GPT-5 family, we used ApplyPatch [28] as the

file editing tool, while all other models used StrReplace [2], follow-

ing provider recommendations. LLM performance is sensitive to diff

format choice, and providers train models on specific formats for

reliability [15]. Agents were limited to 3 hours and 300 total steps.

Every 10 steps, the agent was reminded of the remaining budget.

Across 105 artifacts, DeepSeek-V3.2 hit the step limit 4 times and

MiniMax-M2.1 hit it once; all other models reported completion be-

fore reaching the limit. Therefore, the step limit is not a bottleneck

for any model.

5.2 Model Performance

Scoring and costs. Table 1 reports results across four evaluation
slices: zero-to-one (15), Vibe-on-Ref (45), Vibe-on-Vibe (45), and

Overall (105). To contextualize ViBench against classical repository-

level coding benchmarks, gray parenthesized tags next to model

names report SWE-bench Verified rank as (relative / absolute):

relative is the rank after restricting to models that overlap with our

ViBench comparison set, while absolute is the model’s rank on the

full SWE-bench Verified leaderboard.

An artifact’s Graded Score is the cumulative points earned

across all its test plans divided by the total possible points. The

table reports Pass@1 (fraction of artifacts that achieve a perfect

graded score on the first try) and Complete Failure Rate (fraction

that receive a graded score of 0, e.g., failed builds or non-runnable

Table 1: Results across four evaluation slices: Overall, Zero-

to-One, Vibe-on-Ref, and Vibe-on-Vibe. Parenthesized counts

next to slice names indicate the number of artifacts in that

slice. Pass@1 reports first-try full passes (100% graded score),

while Complete Failure Rate reports complete failures (0%

graded score). The gray parenthesized tags indicate SWE-

bench Verified rank as (relative/absolute). Alternate-harness

rows use the same underlying model with a different coding

agent harness. In Vibe-on-Vibe, the parenthesized arrow next

to each model name is the Pass@1 delta vs. Vibe-on-Ref.

Model Pass@1

Complete

Failure Rate

Graded Score

(Avg.)

Build $

(Avg.)

O
v
e
r
a
l
l

(
1
0
5
=
4
5
+
4
5
+
1
5
)

Opus 4.6 + Claude Code 54 (51.4%) 0 (0.0%) 89.0 4.91

Opus 4.6 (1/4) 48 (45.7%) 3 (2.9%) 81.0 3.79

GPT-5.2 (2/9) 44 (41.9%) 11 (10.5%) 74.0 1.75

GPT-5.2 + Codex 41 (39.0%) 14 (13.3%) 72.0 1.37

GPT-5-mini (-) 16 (15.2%) 12 (11.4%) 56.6 0.26

Kimi-K2.5 (4/18) 13 (12.4%) 10 (9.5%) 57.8 2.30

Gemini 3 Flash (3/13) 11 (10.5%) 38 (36.2%) 37.7 0.51

Gemini 3 Pro (5/24) 8 (7.8%) 33 (32.4%) 38.8 3.58

GLM-4.7 (6/30) 6 (5.9%) 25 (24.5%) 36.3 2.49

DeepSeek-V3.2 (7/36) 6 (5.7%) 42 (40.0%) 29.1 4.88

MiniMax-M2.1 (-) 1 (1.0%) 36 (35.3%) 30.4 1.29

Z
e
r
o
-
t
o
-
O
n
e

(
1
5
)

Opus 4.6 + Claude Code 8 (53.3%) 0 (0.0%) 93.3 4.01

Opus 4.6 7 (46.7%) 0 (0.0%) 86.5 3.02

GPT-5.2 5 (33.3%) 3 (20.0%) 64.5 1.88

GPT-5.2 + Codex 5 (33.3%) 3 (20.0%) 60.7 1.14

Kimi-K2.5 2 (13.3%) 0 (0.0%) 67.4 1.88

Gemini 3 Pro 1 (6.7%) 6 (40.0%) 33.1 2.93

GLM-4.7 1 (6.7%) 7 (46.7%) 20.7 2.18

DeepSeek-V3.2 1 (6.7%) 11 (73.3%) 11.5 4.92

GPT-5-mini 0 (0.0%) 5 (33.3%) 39.7 0.17

Gemini 3 Flash 0 (0.0%) 7 (46.7%) 21.6 0.54

MiniMax-M2.1 0 (0.0%) 9 (60.0%) 12.3 1.06

V
i
b
e
-
o
n
-
R
e
f

(
4
5
)

Opus 4.6 + Claude Code 21 (46.7%) 0 (0.0%) 86.4 5.32

GPT-5.2 22 (48.9%) 1 (2.2%) 83.9 1.94

Opus 4.6 18 (40.0%) 0 (0.0%) 82.2 4.54

GPT-5.2 + Codex 22 (48.9%) 5 (11.1%) 77.7 1.46

Kimi-K2.5 9 (20.0%) 3 (6.7%) 63.1 2.49

GPT-5-mini 8 (17.8%) 2 (4.4%) 61.7 0.31

Gemini 3 Flash 6 (13.3%) 9 (20.0%) 54.2 0.60

DeepSeek-V3.2 4 (8.9%) 5 (11.1%) 54.2 4.68

Gemini 3 Pro 4 (8.9%) 8 (17.8%) 44.0 4.49

GLM-4.7 3 (6.7%) 5 (11.1%) 51.8 2.77

MiniMax-M2.1 1 (2.2%) 5 (11.1%) 49.7 1.21

V
i
b
e
-
o
n
-
V
i
b
e

(
4
5
)

Opus 4.6 + Claude Code (4↑) 25 (55.6%) 0 (0.0%) 90.3 4.79

Opus 4.6 (5↑) 23 (51.1%) 3 (6.7%) 78.0 3.30

GPT-5.2 (5↓) 17 (37.8%) 7 (15.6%) 67.1 1.52

GPT-5.2 + Codex (8↓) 14 (31.1%) 6 (13.3%) 70.1 1.36

GPT-5-mini (0) 8 (17.8%) 5 (11.1%) 57.2 0.23

Gemini 3 Flash (1↓) 5 (11.1%) 22 (48.9%) 26.5 0.41

Gemini 3 Pro (1↓) 3 (7.1%) 19 (45.2%) 35.2 2.85

GLM-4.7 (1↓) 2 (4.8%) 13 (31.0%) 25.4 2.28

Kimi-K2.5 (7↓) 2 (4.4%) 7 (15.6%) 49.3 2.26

DeepSeek-V3.2 (3↓) 1 (2.2%) 26 (57.8%) 9.9 5.06

MiniMax-M2.1 (1↓) 0 (0.0%) 22 (52.4%) 16.1 1.45

artifacts). Build $ is the average cost of producing an artifact with

the coding agent. Separately, the average cost of evaluating a single

artifact with the automatic evaluator is $4.89; evaluation may termi-

nate early if a fatal step fails. Zero-to-one evaluates building the full

application from scratch, while Vibe-on-Ref and Vibe-on-Vibe eval-

uate feature extensions built on top of a reference implementation

or the model’s own zero-to-one output, respectively.

Key results. Across the full benchmark under the standard

OpenHands harness, Opus 4.6 and GPT-5.2 form a clear top tier:

Opus 4.6 achieves the best overall reliability (high Pass@1 and low

complete failure rate), while GPT-5.2 is close behind at lower build
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cost. Alternate-harness runs show that harness choice can materi-

ally affect reliability: Opus 4.6 with Claude Code achieves 54/105

full-pass artifacts and no complete failures. Zero-to-one tasks are

the most fragile slice, and GPT-5.2 in particular drops more sharply

on zero-to-one than on extensions, driven by runtime failures rather

than near-misses. Gemini and open-weight models are more often

derailed by end-to-end breakage, as reflected in high complete fail-

ure rates; among open-weight models, Kimi-K2.5 is the strongest

performer on our benchmark. By contrast, feature extension on

a stable reference implementation (Vibe-on-Ref) is substantially

easier for most models, with higher Pass@1 and fewer complete

failures. We unpack these outcomes through trajectory-level and

qualitative failure-mode analyses in the following subsections. Per-

app graded scores are presented in Table 3.

5.3 Vibe-on-Ref vs. Vibe-on-Vibe

In practice, developers often extend the MVP that the agent just

generated, rather than restarting from a clean codebase. Vibe-on-

Vibe directly measures this compounding setting by comparing

extension performance on a model’s own MVP against extension

performance on a stable reference implementation.

Overall, performance decreases when extending self-generated
MVPs. Among the nine standard OpenHands runs, relative to Vibe-

on-Ref, seven of nine models lose full-pass artifacts in Vibe-on-Vibe,

consistent with error compounding when the MVP is imperfect. For

example, GPT-5.2 drops from 22/45 passes (48.9%) on RI to 17/45

(37.8%) on its own MVP, with average graded score declining from

83.9 to 67.1 and the complete failure rate rising from 2.2% to 15.6%.

The degradation is more pronounced for Gemini and open-

weight models, where we observe both fewer perfect artifacts and

frequent transitions into complete failures, indicating that earlier

build and integration issues often propagate into later feature work.

For instance, Gemini 3 Flash sees its complete failure rate increase

from 20.0% to 48.9% and average graded score fall from 54.2 to 26.5,

while DeepSeek-V3.2 drops from 4/45 passes (8.9%) to 1/45 (2.2%)

with average graded score collapsing from 54.2 to 9.9.

The sole exception among the standard OpenHands runs is Opus
4.6, which improves from 18/45 passes (40.0%) on RI to 23/45 (51.1%)

on Vibe-on-Vibe (+5). We attribute this to two potential factors: (i)

highest-quality self-generated MVPs, which reduce the amount of

“technical debt” that extensions must absorb, and (ii) stronger dis-

tributional self-consistency, where the MVP and extensions share

implicit conventions (APIs, component boundaries, naming), low-

ering integration friction relative to extending an external RI.

Overall, Vibe-on-Vibe exposes a central deployment risk: errors
compound across builds, and Vibe-on-Ref can overestimate practical

reliability by masking the downstream cost of imperfect first-pass

codebases.

5.4 Trajectory Level Failure Modes

Complete Failures. An interesting observation is the preva-

lence of artifacts that were broken end-to-end. Often this results

from setup failures due to early stopping prior to task completion,

missing dependencies, compilation failures, incorrect configuration,

or major UI bugs. This happens more frequently for open-weight

and Gemini models, where the agent typically performs shallow

self-validation before returning the artifact. Many of these failures

would be caught by basic smoke checks, such as rerunning the

setup and start scripts and issuing a few simple curl requests. On

the contrary, GPT and Claude families both leverage the terminal

tool to perform these validations and therefore have much fewer

complete failures. While for fairness all models are given the same

prompt and the same tools,
7
this may reflect the effectiveness of

tuning prompts and tools to the idiosyncratic nature of each model.

Building Failures. The primary build-time failure we observe

arises when the agent escalates from targeted recovery attempts

to indiscriminate process termination (e.g., killing all Python pro-

cesses). This broad action can terminate the agent harness itself,

converting an otherwise recoverable issue into a hard failure.We ob-

serve this behavior across the Gemini family and most open-weight

models; within our open-weight set, Kimi-K2.5 is the only model

that does not exhibit it. Importantly, this is an instruction-following

failure: our system prompts explicitly forbid blanket termination,

yet after repeated unsuccessful attempts to stop a misbehaving

server, agents often revert to “kill-everything” strategies.

Seeding Failures. Seeding failures occur when the environment

setup script or the application itself is implemented incorrectly, pre-

venting end-to-end execution. This failure mode is highly prevalent

among open-weight models (e.g., DeepSeek-V3.2, MiniMax-M2.1)

and the Gemini family, while remaining comparatively rare for

the GPT and Claude families. The primary bottlenecks are missing

backend dependencies (e.g., sqlalchemy, PyYAML, alembic) and
absent frontend build artifacts (e.g., missing vite binaries or dist
directories), which frequently derail database and server initial-

ization. Other common factors include fundamental syntax errors

and missing execution permissions for setup scripts. We want to

note that while the agents possess the tools to verify package in-

stallations, environment setups, and syntax issues on their own

during build-time, the persistence of these basic errors suggests

that their self-validation processes remain largely superficial. Open-

weight models are particularly fragile on this failure case, partially

suggesting weaker generalization to different execution environ-

ments/agent harness.

Qualitative Evaluation. To facilitate future agent and model

development, we conducted a comprehensive qualitative analysis

of the apps built by the agents and their trajectories. Terminal

Bench [33] derived broad failure categorization based on the Multi-

Agent System Taxonomy (MAST) [8] and conducted trajectory

analysis with Docent [22]. Inspired by prior works [38], we adopt

a simpler approach and built a more tailored end-to-end pipeline

for qualitative evaluation. Our analysis uses a simple three-step

pipeline. First, we use a ReAct agent (GPT-5.2; [41]) to inspect

each artifact, the build agent’s trajectory, and evaluator results,

then write a summary explaining why the score is imperfect. To

capture command-level issues, we also run a pre-defined analytics

scripts that flag brittle tool-use patterns (e.g., invalid command

usage or environment mistakes). We build this summary set by

sampling 74 imperfect artifacts, balanced acrossmodels (8 permodel

when possible). An example qualitative summary is presented in

7
With the exception of file edit tools, which follow the provider’s recommended patch

format.
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Appendix F.3. Second, we prompt GPT-5.2 to propose a taxonomy

that covers the observed failures, with five broad categories and

fewer than fifteen fine-grained categories (Appendix F.1). Third, we

prompt GPT-5-mini to extract failure modes from each summary

and map each one to the taxonomy, which we then aggregate into

Figure 3.
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Figure 3: Failure Mode Taxonomy: Distribution of failure

modes across all models and artifacts.

Figure 3 summarizes 435 failure modes identified across 74 ana-

lyzed artifacts. At the broad level, failures split across Implementa-

tion (getting the implementation right; 30.1%), Tooling (using com-

mands and environments reliably; 27.6%), and Verification (check-

ing end-to-end workflows; 26.2%), with a smaller but meaningful

share in Specification (meeting the stated requirements; 15.6%)

and almost none in Other (external defects; 0.5%). The dominant

bottlenecks are therefore mundane: agents write plausible code,

but often ship without fully wiring components together or con-

firming that a user can complete the intended workflow. At the

fine-grained level (Section F.1), the most frequent diagnoses are

Shallow Verification (15.6%), Command Misuse (14.5%), Logic Error
(13.1%), and Integration Mismatch (12.2%).

Comparing model families (Figure 6), we see consistent signa-

tures. GPT-5.2 is the most verification-heavy (31.9%), driven by

Shallow Verification (23.4%): it often checks parts (e.g., a server

starts) but does not exercise full user flows. The Gemini family

shows a larger tooling footprint (29.0–32.5%), with many errors

from Command Misuse and Environment Mismanagement, which
prevents otherwise-correct code from ever being tested. Opus 4.6

is more balanced across buckets, but shows a higher rate of Speci-

fication issues (20.4%), often Interface Oversight where small UX

details block progress. Among open-weight models, implementa-

tion failures are more prominent (e.g., DeepSeek-V3.2 at 35.2%),

with recurring Integration Mismatch and Dependency Breakage as
components and libraries are stitched across the stack. They also

show more early-stage fragility: tooling and verification issues of-

ten prevent a clean end-to-end run. As a result, small setup mistakes

can quickly turn into complete failures.

6 Discussion

Scope Limitations. ViBench currently evaluates only web ap-

plications without external API dependencies. This scope excludes

two common vibe coding scenarios.

First, mobile applications. While desktop and terminal appli-

cations are rare among vibe coders, mobile apps are increasingly

common and introduce unique challenges around touch interac-

tions, device simulation, and platform-specific behavior. Extending

ViBench to mobile is a natural direction for future work.

Second, many real-world applications integrate external APIs

(payment processors, social login, third-party data services). We

exclude these due to the complexity of maintaining API keys, han-

dling side effects, and adapting to API evolution. A potential middle

ground is to provide mock API servers with stable interfaces and ex-

pose their documentation to the coding agent, allowing evaluation

of API integration patterns without external dependencies.

EvaluationCost. The current evaluation approach, while achiev-
ing high alignment with human judgments, incurs non-trivial costs

($1.49 per test plan and $4.89 per artifact on average). For large-scale

evaluations, this cost may become prohibitive. We see opportuni-

ties for cost reduction through intelligent routing of test plans to

appropriately-sized models, caching of common interaction pat-

terns, and more selective screenshot capture.

Living Benchmark. ViBench is intended to be a live bench-

mark that can grow with both agent capabilities and real user

demands. The task format is designed to make new PRDs, feature

extensions, and test plans straightforward to add without changing

the evaluation harness. As an initial post-acceptance expansion, we

report five additional PRDs in Appendix E; these tasks are relatively

easy compared with the main benchmark, and future releases will

add more diverse and challenging applications with broader model

coverage.

Visual Evaluation. ViBench deliberately excludes visual aes-

thetics from evaluation due to their subjective nature. While some

broken UI artifacts—such as covered controls or overly small text—

could be assessed more objectively, visual evaluation as a general

problem remains a challenge. However, for many vibe coding use

cases, visual polish is important. Figure 4 illustrates this challenge:

both implementations of the Monopoly application pass the same

functional tests, but their visual presentations differ substantially.

Which design a user prefers depends on context and personal taste.

Future work could explore an automated visual evaluation frame-

work assessed against a larger set of human-labeled visual artifacts

to emulate human preferences.

Partial Success. ViBench treats Pass@1 as its primary metric.

Graded score is useful diagnostically but misleading as a headline

number: under the standard OpenHands harness, Opus 4.6 aver-

ages 81% graded score yet only 46% Pass@1, meaning most of its

artifacts exhibit at least one defect. This gap is partly structural.

Our evaluator executes test steps sequentially, accumulating points

until a fatal failure halts the test plan. An artifact can therefore

earn a high graded score simply because the early, often simpler

steps pass before a critical defect surfaces later. Figure 5 illustrates

this: a 93%-scoring Pilot’s Logbook is missing required filtering on
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(a) GPT-5.2

(b) Opus 4.6

Figure 4: Two implementations of the Monopoly application.

Both are functionally correct and received full scores, yet

exhibit completely different visual styles —GPT-5.2 produced

a less readable horizontal layout while Opus 4.6 created a

vertical and more polished design with great readability.

Figure 5: A screenshot of the Analytics page of the Pilot’s

Logbook MVP built by Opus 4.6. The page has incomplete

filtering options, which is explicitly required by the PRD.

Despite this missing functionality, the artifact can receive a

high graded score.

its Analytics page—functionality that the evaluator only reaches

after the earlier steps already contribute most of the points. From a

vibe coder’s perspective, this artifact is simply unfinished, consis-

tent with the specification-adherence issues noted in Section 5.4.

Pass@1 avoids this inflation by treating correctness as binary—the

application either meets its full specification or it does not—aligning

with how users actually judge the output. That said, graded score

remains a useful secondary signal: it distinguishes near-complete

artifacts from total failures and helps identify which parts of a

specification models consistently struggle with.

7 Conclusion

ViBench fills a critical gap in AI coding evaluation. While existing

benchmarks assess code completion or issue resolution, vibe coders

need to know: can this agent build my application? ViBench an-

swers this question directly by evaluating end-to-end application

development—from zero-to-one creation through iterative feature

extension—using tasks derived from real production traces and spec-

ified entirely through user-facing requirements. Our adaptive evalu-

ator verifies arbitrary implementations without assuming anything

about code structure, achieving reliable agreement with human

experts while enabling fully automated, reproducible evaluation.

The benchmark reveals meaningful differentiation across nine

models that simpler evaluations would miss. Under the standard

OpenHands harness, Opus 4.6 and GPT-5.2 form a clear top tier, yet

even they achieve only 46% and 42% Pass@1—meaning fewer than

half of their artifacts are fully correct on the first try. Alternate-

harness runs suggest that harness design can materially affect relia-

bility: Opus 4.6 with Claude Code reaches 54/105 full-pass artifacts

with no complete failures. Open-weight models fare worse still,

with no model exceeding 12% Pass@1 despite competitive perfor-

mance on benchmarks like SWE-bench. Feature extension on a

stable reference codebase proves substantially easier than zero-to-

one creation in graded score (44–84% vs. 12–87%), though Pass@1

remains below 50% on both slices under OpenHands, with Opus

4.6 leading zero-to-one (47% Pass@1) and GPT-5.2 leading feature

extension (49% Pass@1). Critically, errors compound in the most re-

alistic setting: when models extend their own MVPs (Vibe-on-Vibe),

Pass@1 drops for seven of nine standard OpenHands runs—GPT-5.2

falls from 49% to 38%, and several open-weight models collapse

below 5%—while complete failure rates more than double for most

models.

Across all standard OpenHands runs, fully correct artifacts re-

main rare even when graded scores are high—the best model aver-

ages 81% graded score yet achieves only 46% Pass@1—revealing a

persistent gap between near-functional prototypes and production-

ready applications. Closing this gap will likely require improve-

ments in attention to detail, faithful specification adherence, more

rigorous self-verification before delivery, and better alignment be-

tween models and the agent harnesses that operationalize them.

As vibe coding matures into mainstream development practice,

ViBench provides the open-source infrastructure needed to mea-

sure progress, compare models, and guide practitioners toward

reliable AI-assisted development.
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A Example PRD

The following is an example PRD for the Family Social Network

base MVP:

Family Social Platform (MVP)

A social platform where users form confirmed family
relationships (Spouse , Parent , Child , Sibling)
and share posts visible only to direct
relationships -- never friends -of-friends.

CORE CONSTRAINTS
- No transitive visibility: only Active direct

relationships can see your posts/birth date
- One relationship per user pair (Pending or Active

blocks new requests; to change type , end then re-
request)

- Mutual acceptance required for relationships;
requests never expire

1) ACCOUNTS & PROFILES

Registration & Login
- Sign up with email (unique , case -insensitive) and

password (min 8 characters)
- After signup , user must complete profile (Username +

Display Name required) before accessing any
features

- Login errors must not reveal whether email or
password was incorrect

- Logout ends the session and returns to
unauthenticated state

- Delete Account: removes all user data; all
relationships (Active and Past) involving this
user show "Deleted User" as the other party in
other users ' Past sections

Profile Fields
- Username: required , 3 - 30 chars , alphanumeric +

underscores only , unique (case -insensitive)
- Display Name: required
- Bio , Profile Photo , Birth Date: optional; Birth Date

cannot be in the future

Profile Visibility
- Public (anyone can see): Display Name , Username ,

Profile Photo , Bio , Active relationships list
- Relationship -only (requires Active relationship):

Birth Date , posts list

2) FAMILY RELATIONSHIPS

Relationship Types
When sending a request , select how you view this

person:
- "Parent" = this person is my parent
- "Child" = this person is my child
- "Spouse" = this person is my spouse
- "Sibling" = this person is my sibling

Reciprocal Types (after acceptance)
- Spouse <-> Spouse , Sibling <-> Sibling
- Parent <-> Child (sender sees "Parent", recipient

sees "Child")

- Child <-> Parent (sender sees "Child", recipient
sees "Parent ")

Request Flow
- Send: appears in your Outgoing Requests and their

Incoming Requests (recipient sees what type
sender selected , not the reciprocal type yet)

- Accept: relationship becomes Active
- Decline: moves to Past for both parties
- Cancel (sender only): moves to Past for both parties
- Cannot request relationship with yourself

Ending Relationships
- Either party can end an Active relationship
- Both immediately lose access to each other 's posts

and birth date
- Relationship moves to Past for both

Relationships Page Sections
- Incoming Requests , Outgoing Requests , Active , Past
- Active relationships displayed publicly on profiles ,

grouped by type , alphabetical by username
- Past relationships visible only to the owner; shows:

other user 's name , type , status (Declined/
Canceled/Ended), date moved to Past

- After any status (Declined/Canceled/Ended), either
party may send a new request

3) POSTS

Creation & Content
- Post requires at least one of: non -empty caption ,

image(s)
- Up to 4 images per post

Editing & Deletion
- After publish: only caption can be edited; images

are immutable
- Author can delete their own posts (removed

everywhere)

Visibility
- Visible to author (always) and users with Active

relationship at viewing time
- Relationship ends -> immediate loss of access to

each other 's posts

[... continued ...]

B Example Test Plan

The following is an excerpt from a test plan for the Family Social

Network:

<test_plan >

<purpose >
Validate admin waitlist management: viewing waitlist

with ordering/positions , promotion behavior when
no spots exist , admin -initiated cancellation
triggering auto -promotion , manual promotion after
capacity increase , removing members from a

waitlist , and ensuring a removed member can re-
join.

</purpose >

<seeding_and_precondition >
**Event** ("Admin Managed Screening "):
- Date/time: 12 days from now at 8:00 PM
- Location: "Cinema Room , Brooklyn"
- Category: screening
- Capacity: 2
- Price: $20.00

** Members ** (profiles completed):
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- Eve: username "adminwlmemberE", password "AdminWLE
!2025" , name "Eve AdminTest", email "adminwl.
e@example.com", role "Filmmaker" - RSVP 'd to
event

- Frank: username "adminwlmemberF", password "AdminWLF
!2025" , name "Frank AdminTest", email "adminwl.
f@example.com", role "Writer" - RSVP 'd to event

Event is full (2 RSVPs = capacity).

** Waitlist ** (in join order):
- Grace: username "adminwlmemberG", password "AdminWLG

!2025" , name "Grace AdminTest", email "adminwl.
g@example.com", role "Photographer" - position 1

- Henry: username "adminwlmemberH", password "AdminWLH
!2025" , name "Henry AdminTest", email "adminwl.
h@example.com", role "Designer" - position 2

- Iris: username "adminwlmemberI", password "AdminWLI
!2025" , name "Iris AdminTest", email "adminwl.
i@example.com", role "Visual Artist" - position 3

</seeding_and_precondition >

<steps >
<step >

<name >
test_admin_views_waitlist_with_positions
</name >

In a new browser context `context_admin `, open the app
and log in as admin (" core_admin" / "CoreAdmin

!2025").

Navigate to an admin view for managing "Admin Managed
Screening" and open its waitlist. (This may be
inside the event details page , a "Waitlist" tab ,
or a global waitlist management screen filtered
to this event.)

Verify the waitlist shows the three seeded members in
first -come -first -served order:

- Grace AdminTest (adminwl.g@example.com) before Henry
AdminTest before Iris AdminTest

Commentary:
- The PRD requires admin waitlist visibility including

position/order and join time , but does not
prescribe the exact table layout.

- The UI may show an explicit numeric "position" field
(1/2/3) or may simply order the list top -to-

bottom. Either is acceptable as long as the
ordering matches the seeded join order.

Verify:
- (non -fatal) If explicit positions are shown , they

correspond to Grace=1, Henry=2, Iris =3.
- (non -fatal) Each entry shows a waitlist join time (

format is implementation -defined).

<points >8</points >
</step >

[... additional steps ...]
</steps >

<full_points >66</ full_points >

</test_plan >

C Model Alias to API Name Mapping

Table 2 maps paper-facingmodel aliases to their concrete API model

names on LiteLLM.

Table 2: Model alias to API model namemapping on LiteLLM

Alias API model name

GPT-5.2 openai/gpt-5.2-2025-12-11
GPT-5-mini openai/gpt-5-mini-2025-08-07
Gemini 3 Pro gemini/gemini-3-pro-preview
Gemini 3 Flash gemini/gemini-3-flash-preview
Opus 4.6 anthropic/claude-opus-4-6
DeepSeek-V3.2 fireworks_ai/deepseek-v3p2
GLM-4.7 fireworks_ai/glm-4p7
MiniMax-M2.1 fireworks_ai/minimax-m2p1
Kimi-K2.5 fireworks_ai/kimi-k2p5

D Per-App Graded Scores

Table 3 reports per-app graded scores aggregated over all artifacts

for each app.

E Additional PRD Results

We additionally evaluate five applications added after the primary

benchmark run:

• book_journey
• fleet_management
• language_learning
• logistics
• resume_builder

You can see the results in Table 4. These results are reported sepa-

rately from the headline ViBench aggregate. Metrics follow Table 1;

each score is artifact-averaged, Pass@1 reports artifacts with a per-

fect graded score, and Complete Failure Rate reports artifacts with

a 0% graded score. Per-app graded scores for these additional appli-

cations is reported in Table 5.

These additional PRDs illustrate that ViBench is intended to be

a live and easily extensible benchmark: new applications, features,

and test plans can be added as agent capabilities and user needs

evolve. The five PRDs reported here are relatively easy compared

with the main benchmark, and we commit to adding more diverse

and challenging applications in future releases. Due to the short

interval between paper acceptance and the camera-ready deadline,

we were unable to obtain enough inference quota to run the open-

weight models on this additional set; therefore, we report only the

closed-source model results.

F Qualitative Evaluation

F.1 Failure Taxonomy

Implementation

• Logic Error: Basic programming mistakes such as syntax errors,

unhandled nulls, bad conditional checks, or incorrect algorith-

mic choices.

• Integration Mismatch: Broken contracts between components,

such as the frontend targeting missing DOM IDs or the backend

rejecting unexpected payload shapes.

• Dependency Breakage: Unpinned, missing, or conflicting library

dependencies that result in runtime crashes or broken builds.

Specification
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Table 3: Per-app graded scores (%), aggregated over each app’s zero-to-one build and feature-extension artifacts.

App Opus 4.6 GPT-5.2 GPT-5-mini Kimi-K2.5 Gemini 3 Flash Gemini 3 Pro GLM-4.7 DeepSeek-V3.2 MiniMax-M2.1

collabrative_kaban 65.0 63.4 34.8 46.6 31.2 22.3 26.7 21.5 21.0

creative_community 96.1 83.9 62.8 87.1 28.3 67.7 26.0 32.5 47.8

energy_audit 89.6 93.8 74.1 77.9 41.9 39.7 61.2 38.6 55.2

family_friendly_venue 86.1 86.4 28.6 34.8 48.6 24.6 26.4 38.5 27.2

family_social 83.1 46.5 72.7 83.6 21.6 32.1 52.9 24.1 22.3

furniture_freight 88.0 61.0 84.1 64.9 91.8 23.0 39.6 43.4 41.6

hvac 88.1 92.8 51.7 56.1 9.7 47.2 61.8 32.1 33.2

mafia 88.3 74.5 77.5 63.1 21.6 32.2 23.1 27.2 33.2

market_place 98.1 99.1 84.0 70.1 48.7 67.2 80.6 72.2 36.9

monopoly 84.2 87.7 20.1 38.3 47.7 35.7 26.2 14.7 25.1

online_whiteboard 74.4 17.1 46.2 69.5 69.8 43.5 28.6 18.2 49.2

pilot_logbook 62.0 61.4 40.5 45.2 11.0 16.7 13.6 1.2 4.7

slack 97.9 100.0 83.6 35.5 36.8 66.7 12.3 26.0 43.2

srm 53.2 66.8 41.7 21.6 21.2 10.0 27.5 13.9 2.9

wedding 39.1 69.3 32.7 66.0 24.1 31.5 38.3 14.1 17.4

Table 4: Compact results on five additional PRDs. Overall in-

cludes 5 MVP artifacts and 28 feature-extension artifacts per

model, except Gemini 3 Pro, which has 26 feature-extension

artifacts. Z2O, VoRef, and VoV columns report average graded

score.

Model Pass@1 CFR Overall Z2O VoRef VoV

Opus 4.6 21 (63.6%) 3 (9.1%) 84.5 76.5 89.7 82.1

Gemini 3 Flash 16 (48.5%) 1 (3.0%) 79.2 70.8 86.9 74.4

GPT-5.2 19 (57.6%) 4 (12.1%) 77.8 60.0 97.0 64.9

GPT-5-mini 12 (36.4%) 4 (12.1%) 64.3 52.8 84.4 48.3

Gemini 3 Pro 13 (41.9%) 5 (16.1%) 63.7 37.1 77.5 58.8

Table 5: Per-app graded scores (%) for the five additional PRDs,

aggregated over each app’s zero-to-one build and feature-

extension artifacts.

App Opus 4.6 GPT-5.2 GPT-5-mini Gemini 3 Flash Gemini 3 Pro

book_journey 97.9 95.9 96.5 96.9 91.1

fleet_management 97.1 100.0 54.2 85.9 97.1

language_learning 80.0 53.7 37.3 75.9 35.8

logistics 47.6 36.4 73.2 39.0 44.8

resume_builder 87.5 91.7 60.2 85.5 42.9

• Omitted Requirement: Completely missing a requested feature,

endpoint, or critical UI element required by the specification.

• Misinterpreted Constraint: Implementing a feature but violating

explicit business logic rules, such as overly restrictive access

controls or incorrect math.

• Interface Oversight: Failing to implement necessary user ex-

perience details like visible error messages, submit buttons, or

proper UI state resets.

Verification

• False Success Claim: Asserting that the code works or that tests

passed without executing an adequate validation step.

• Unresolved Failure: Executing a test, explicitly observing a fail-

ure or stack trace, but shipping the code without resolving the

defect.

• Shallow Verification: The agent performs superficial checks,

such as isolated backend pings, that fail to validate end-to-end

user workflows.

Tooling

• Command Misuse: Violating terminal tool constraints, such

as executing multiple commands at once or providing invalid

timeout parameters.

• Brittle Patching: Failing to apply code edits correctly due to

string match failures, lack of file context, or producing duplicate

code.

• EnvironmentMismanagement: Running commands in thewrong

directory, skipping setup scripts, or failing to install dependen-

cies needed for test harnesses.

Other

• External Defect: Highly specific or external failures, such as

evaluation test harness mismatches or issues outside the agent’s

direct control.

F.2 Per-Model Failure Mode Pie Charts

This section presents the per-model category distributions used in

our qualitative analysis (Figure 6).
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Figure 6: Per-model failure mode category distributions.
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F.3 Example Qualitative Summary

Below is an example qualitative summary for the Family Social

Network MVP artifact, built by GPT-5.2. It was a complete failure

(graded score of 0 on all tests), and the summary explains the root

cause: the build agent shipped an authentication implementation

with unstable dependency selection (unpinned transitive ‘bcrypt‘)

and insufficient end-to-end validation of the critical signup path

before finishing.

# Agent Failure Modes and Root Causes (P0, narrative
findings)

## 1) Fatal signup failure from passlib/bcrypt
incompatibility (blocks all tests)

- ** Tests + outcomes :**
- `test1 ` **score 0/42** (FATAL at Step 1: signup

rejects a valid 14-char password with "
password cannot be longer than 72 bytes") [1]

- `test2 ` **score 0/70** (FATAL at Step 1: cannot
create required user accounts) [1]

- `test3 ` **score 0/70** (FATAL at Step 1: cannot
create any accounts) [1]

- **BUILD -agent failure mode :** shipped an
authentication implementation with *unstable
dependency selection* (unpinned transitive `
bcrypt `) and *insufficient end -to-end validation*
of the critical signup path before finishing.

- **Root -cause construction chain (agent behavior ->
artifact -> outcome):**
1. BUILD agent added `passlib[bcrypt ]==1.7.4` but

did **not** pin the transitive `bcrypt `
package in `requirements.txt` [2][3].

2. Both the build setup run and the evaluator’s
fresh install resolved that unpinned
dependency to **`bcrypt ==5.0.0 `** [4][5].

3. At runtime , passlib’s bcrypt handler attempts
to read `_bcrypt.__about__.__version__ ` and
crashes with `AttributeError: module 'bcrypt '
has no attribute '__about__ '`, which then

surfaces as the misleading UI error about the
"72 bytes" password limit [5][1].

4. The signup handler catches `ValueError ` broadly
and flashes the raw exception string (`

_flash(request , str(e))`), leaking internal
hashing/library errors into the user -facing
form validation channel [6].

5. BUILD agent’s manual validation only exercised
`GET /` (redirect to login) and `GET /login `
via `curl `, and the captured server log shows
no signup attempt—so the hashing breakage

was not discovered prior to completion
[7][8].

- ** Impact :** account creation is a hard precondition
for every evaluation plan; breaking signup causes
a **Step -1 fatal stop** across all tests and

yields **0 points **.

# Tool -Use and Command -Level Failure Patterns (P1,
required)

## Command failure stats (from `/report/utilities/
trace_analysis.json `)

- ** terminal_observations :** 50 [9]
- ** failed_terminal_observations :** 1 [9]
- ** terminal_failure_rate :** 0.02 [9]
- ** failure_type_counts :**

- ** non_zero_exit :** 1 [9]
- ** timeout :** 0 [9]
- ** tool_error_flag :** 0 [9]

** Important note on recurrence :** no recurring/trend -
level command failure patterns were detected. The
single terminal failure appears in an evaluation
trace (test3) and does not represent a repeated

BUILD -stage tool failure pattern [9].

## Recurring failed command groups (grouped)

| Group Key | Command (preview) | Prefix | Failure
Types | Count | Session Count | Exit Codes |
Evidence |

|---|---|---:|---|---:|---:|---|---|
| `7ec5d75a...|non_zero_exit ` | `cd /app && python3 -c "

...hash_password('password123 ')..."` | `cd` |
non_zero_exit | 1 | 1 | 1 | Isolated failure in `
test_plans/test3 /.../ event -00049 -...json ` [9] |

## Interpretation (highest -impact patterns)

- ** Command/tool failures were not the dominant issue
.** The BUILD -like session recorded **0 terminal
failures ** while still shipping a critical
dependency incompatibility [9].

- The higher -impact BUILD -agent weakness is ** brittle
verification coverage **: validation focused on "
server starts + login page renders" (`curl ` GETs)
rather than executing the **state -changing

signup path** that depends on password hashing
[7][8]. This allowed a transitive dependency
break (`bcrypt ==5.0.0` + `passlib ==1.7.4`) to
persist into evaluation.

**Did the BUILD agent notice/test failing behavior
before finishing ?** No. The available build
traces and server log show GET -only smoke checks
(index/login) and no signup attempt , despite auth
being evaluation -critical [7][8].

# References

[omitted for brevity]

G Application Descriptions

This appendix summarizes each application in ViBench, including

the base MVP and feature extensions. Many of these applications

include features that might be considered non-standard but in fact

represent requests that the source platform receives. Users tend to

customize applications to fit their own niche.

Mafia Game. A multiplayer party game where players are se-

cretly assigned as Citizens or Mafia. During Day phases, players

vote to eliminate suspects; at Night, Mafia secretly selects a vic-

tim. Citizens win by eliminating all Mafia; Mafia wins when they

equal or outnumber Citizens. Features: (1) Multi-room support with

shareable join codes; (2) Spectator mode with omniscient view of

roles and votes; (3) Phase-based chat with Mafia-only night com-

munication.

Communication App. A team communication app with channels,

direct messages, and message search. Features: (1) Message threads

with aggregated “My Messages” view; (2) Message editing, dele-

tion, and reactions; (3) Invite-based registration and user-created

channels.

Whiteboard. A real-time collaborative whiteboard with anony-

mous link-based access via separate edit and view-only URLs. Fea-
tures: (1) Action history with revert functionality; (2) Board dupli-

cation; (3) Content import from other boards.
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Energy Audit. A field inspection tool for verifying building code

compliance, supporting checklists, blower door and duct leakage

tests, and photo documentation. Features: (1) Structured builder

records linked to jobs; (2) Photo tagging by inspection type, status,

priority, and location; (3) Analytics dashboard with compliance

rates and test result charts.

Family Social Network. A private social platform where users

form verified family relationships (Spouse, Parent, Child, Sibling)

and share posts visible only to direct family members. Features: (1)
Photo albums; (2) Per-post visibility controls by relationship type;

(3) Comments and reactions.

HVAC Service Platform. A service request platform for HVAC and

plumbing. Clients submit bookings, technicians triage and execute

jobs, and issue invoices. Includes property and equipment tracking.

Features: (1) RFP and bidding workflow with vendor management

and purchase orders; (2) Admin-only analytics dashboard for rev-

enue, jobs, and client metrics; (3) Job rescheduling for appointments

in scheduled status.

Marketplace. A peer-to-peer marketplace using unique links in-

stead of user accounts. Sellers list items; buyers browse and order;

payment is arranged offline. Features: (1) Advanced search with

multi-select filters, price range, and sorting; (2) Session-based saved

items; (3) Email-based order lookup; (4) Offline mode with queued

listings and auto-sync.

Collaborative Kanban. A real-time collaborative sprint board for

small teams with no authentication. Users enter a display name

and join a single shared board with four fixed columns (Backlog,

In Progress, Review, Done). Cards can be created, edited, moved

via drag-and-drop, and deleted, with changes syncing instantly to

all connected users. Features: (1) Multiple persistent boards with

unique URLs and admin passwords; (2) Card assignment to con-

nected users with notifications and a “My Cards” filter; (3) Invite-

code-gated user accounts with a “My Work” portal showing as-

signed cards and story point summaries.

Creative Community. An invite-only creative community where

artists discover and RSVP to events with capacity limits. Admins

manage invite codes, events, users, attendance, and payments. Pay-

ment occurs off-platform; admins record payment status and apply

no-show fees. Features: (1) Artist portfolios with external media

links and member-to-member collaboration credits; (2) Members-

only community hub with admin announcements and member

comments; (3) RSVP cancellation support and automatic waitlist

promotion.

Family-Friendly Venue Finder. A mobile-first web app for dis-

covering family-friendly venues in Pittsburgh with no login re-

quired. Users browse venues by category, set preferences (cuisine,

dietary options, facilities, keywords), and view results sorted by

distance with driving and walking times. Features: (1) Admin in-

terface for managing establishments with photos and reviews; (2)

Visitor-submitted venue suggestions with community voting and

approval; (3) Comments with AI moderation for family-friendliness

and device-level banning.

Furniture Freight Calculator. A deterministic calculator for furni-

ture delivery quotes with no payments or user accounts. An admin

configures locations, rate cards, and a furniture catalog. Users cal-

culate quotes by selecting delivery type, origin, destination, items,

and services; the systemmatches rate cards using exact or city-level

tiers. Features: (1) CSV upload for locations, rate cards, and cata-

log, plus a paginated rate card viewer; (2) Approximate matching

using normalized strings, admin-managed synonyms, and longest

common substring logic; (3) Enhanced rate card management with

inline editing, undo, filtering, sorting, and CSV export.

Monopoly. A pass-the-computer Monopoly-style board game for

2–4 players in a single browser window. Board layout, properties,

and dice sequences are loaded from environment variables. Play-

ers take turns rolling dice, moving, buying properties, paying rent

and taxes, and can go bankrupt. The game ends when one player

remains. Features: (1) Deterministic Chance cards with effects such

as gaining or losing money and moving to specific spaces; (2) Net-

worked multiplayer where players join via unique URLs from their

own devices with real-time state sync; (3) Admin configuration

screen for customizing board layout and property economics be-

fore starting a game.

Pilot Logbook. A single-user digital pilot logbook for recording

flights and viewing analytics and currency status. Users manage

aircraft records, log flights with detailed time and count data, fil-

ter logbook entries, view totals grouped by category, and track

day, night, and instrument currency requirements. Features: (1)
Flight templates for prefilling the add-flight form and saved fil-

ter views with optional relative dates; (2) Instructor endorsements

via same-device digital signatures with immutable snapshots and

public verification URLs; (3) Owner role for aircraft maintenance

tracking with inspection due dates and status badges.

Supplier RelationshipManagement. Aprocurement platformman-

aging the full purchasing lifecycle from request through fulfillment.

Admin and Buyer roles manage purchase requests on a Kanban

board, suppliers with performance scoring, RFQs with quote collec-

tion and comparison, winner selection, and purchase orders with

status tracking. Features: (1) Inventory management with stock

tracking, low-stock alerts, movement transactions, and replenish-

ment requests that create pre-filled purchase requests; (2) Multi-

organization support with complete data isolation and a SuperAd-

min role; (3) Configurable procurement strategies (package deal,

single-source, hybrid) with system recommendations and multi-

supplier award support.

Wedding Venue Platform. A wedding venue platform connecting

Couples and Venue Managers. Couples search venues by postcode,

date, and guest count, view availability calendars, book tour slots,

and request wedding bookings. Managers list venues, manage tour

availability, and approve or decline bookings. Features: (1) Task
management within confirmed bookings where managers create

tasks and couples toggle status on assigned tasks; (2) Real-time in-

app messaging between couples and venue managers with unread

indicators and popup notifications.
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