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Figure 1. From waiting for bug reports to sweeping for bugs. (a) Existing benchmarks start after a user reports a bug,
which comes only after a slow, costly deployment. (b) In SWEeper-Bench, the agent must discover the problem itself by
exploring the code and the running application, then diagnose and fix it before users encounter it.

Abstract

Coding agents increasingly interact with users by generating interactive software on the fly rather
than replying in text, yet many bugs in such software reveal themselves only after multi-step
interactions. Today, users must discover these bugs and wait for fixes, making the development loop
slow and expensive. Existing benchmarks typically assume the bugs have already been identified,
leaving agents’ ability to find interaction-dependent failures largely unevaluated. We introduce
SWEeper-Bench, 200 tasks built from real bug fixes in 200 widely used open-source web applications.
Each task gives the agent only the codebase and an open-ended request such as “Find and fix issues
in Focalboard’s board sharing and membership.” Because these bugs are hard to detect from code
alone, agents must design interactive tests to uncover them. An agentic verifier then judges each
repair by what a user would observe in the browser. The best of 15 frontier agents passes only 59.0%
of tasks. Through stage-by-stage analysis of agent trajectories, we show that the biggest bottleneck
is identifying the buggy behavior: agents often reach the relevant feature but never trigger the
failure or fail to recognize it. SWEeper-Bench measures progress toward agents that close this loop
themselves, delivering software that works without waiting for user feedback.
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3 Claude Fable 5.1 (xhigh) 56.5%
4 Claude Opus 5 (xhigh) 56.5%
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Figure 2. SWEeper-Bench is far from solved. Pass rate versus mean prediction cost per task for 15 agents. Each agent
pairs a model with a harness. A task passes only if both its target and preservation behavior tests pass. Nine agents pass
fewer than half of the tasks, and agents with similar pass rates differ in cost by more than 30 times. Table 2 gives the full
results.

1 Introduction
Coding agents such as Codex (OpenAI, 2025), Claude Code (Anthropic, 2026a), and Cursor (Cursor, 2026)
can now build interactive software from short requests, but such software is hard to debug. Its bugs often
appear only after a specific sequence of user interactions: a board shared with a colleague never shows up in
the colleague’s sidebar, or a coupon accepted in the cart is rejected at checkout. Because these failures depend
on how people use the software, they are hard to spot from code alone and usually surface only when people
use it in the wild. Repair therefore stays reactive: users run into problems and report them, and agents must
wait for this feedback before they can improve the software (Figure 1a).

This loop matters more as coding agents increasingly generate interactive software on the fly instead of
replying in text. Imagine asking an assistant to organize a team offsite. Instead of replying in text, it builds a
small app with a sign-up form, a shared schedule, and a budget tracker, and shares it with twenty colleagues
within minutes. No testing team ever sees this app, so if some sign-ups silently vanish, the colleagues
discover the bug themselves and wait for a fix. Routing every bug through users is slow and expensive, and
users become the bottleneck of the whole loop. Agents must instead close the loop on their own and sweep
out as many bugs as possible before presenting their software. We therefore ask: can agents discover and fix the
problems users will encounter in interactive software on their own?

Existing benchmarks typically assume the bug has already been identified, leaving agents’ ability to find
interaction-dependent failures largely unevaluated. SWE-bench (Jimenez et al., 2024) and its successors (Yang
et al., 2025; Rashid et al., 2025; Deng et al., 2025; Zan et al., 2025; Zhang et al., 2025) start from an issue that a
user has already reported, so they measure diagnosis and repair but not discovery. They also grade repairs
with hidden unit tests (Jimenez et al., 2024), which check internal state rather than what a user sees and can
reject valid fixes that take a different approach.
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Figure 3. Task execution and verification. Given only the buggy codebase and an open-ended prompt, the agent explores
the code and the running application in a sandbox, discovers the bug, and produces a patch. An agentic verifier applies
the patch to a fresh copy of the application and runs predefined behavior tests through the browser. It judges only what a
user would observe.

We introduce SWEeper-Bench, 200 tasks that test whether agents can sweep the bugs out of real web
applications (Figure 1b). Each task comes from a real bug fix in a different open-source application, and
its bug appears only after a sequence of user interactions. The agent receives the codebase, the running
application with a browser, and an open-ended request that names only a product area. To succeed, it must
understand how the application is used, anticipate what could go wrong, and design interactive tests that
expose the bug before fixing it. An agentic verifier then operates the repaired application in the browser and
judges only what a user would observe, so any correct implementation passes.

Across 15 frontier agents, the best passes only 59.0% of tasks, and nine pass fewer than half (Figure 2). Agents
can fix these bugs once someone finds them: when we replace the open-ended request with a detailed
bug description, all five agents we test pass about 96% of tasks. Through stage-by-stage analysis of agent
trajectories, we show that the biggest bottleneck is identifying the buggy behavior. Agents reach the feature
containing the bug in 75.4% of trajectories but identify the buggy behavior in only 50.0%: they either never
trigger the failure or do not recognize it. They also rarely test through the browser unless told to.

SWEeper-Bench moves the evaluation of coding agents from repairing bugs to discovering them, a step
toward agents that close the loop of building, testing, and fixing software on their own.

2 Constructing SWEeper-Bench
Each SWEeper-Bench task pairs a buggy application and an open-ended prompt with two behavior tests that
an agentic verifier runs in the browser (Figure 3). We describe how we curate tasks (Section 2.1), what agents
receive (Section 2.2), and how we verify repairs (Section 2.3).

2.1 Curating Tasks

We build each task from a merged pull request that fixes a user-facing bug in an open-source web application:
the parent commit is the buggy version, and the merged fix is the reference repair. Each application contributes
one task. The 200 tasks thus span 200 applications in seven domains (Figure 4). The median repository has
4.6k GitHub stars.
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Buggy version Reference fix

Verifier Target ↓ Preservation ↑ Target ↑ Preservation ↑ Avg. cost

GPT-5.6 Luna, Codex 0.2 ± 0.3 99.2 ± 0.8 99.8 ± 0.3 99.3 ± 0.3 $0.160
GPT-5.6 Luna, Browser Use 0.8 ± 0.3 99.8 ± 0.3 99.8 ± 0.3 99.7 ± 0.3 $0.635
Claude Sonnet 5, Browser Use 0.2 ± 0.3 99.8 ± 0.3 99.8 ± 0.3 100.0 ± 0.0 $3.840

Table 1. The verifier is accurate and consistent. Pass rate (%) of each behavior test on the buggy version and the reference
fix, mean ± standard deviation over three runs of 200 tasks. Arrows mark the ideal: 0% for the target test on the buggy
version, 100% otherwise. Avg. cost is USD per task. Verifiers use GPT-5.6 Luna (OpenAI, 2026b) or Claude Sonnet
5 (Anthropic, 2026e) with Codex (OpenAI, 2025) or Browser Use (Müller and Žunič, 2024).

200 tasks
200 real-world

interactive web apps

Content & knowledge 40
Ghost (55k ), Outline (41k )

IT, security & dev tools 35
Uptime Kuma (92k ), NocoDB (65k )

Collaboration & communication 31
Focalboard (26k ), listmonk (24k )

Files, media & sharing 29
Stirling-PDF (93k ), AList (50k )

Finance & business 28
Maybe (54k ), Actual (29k )

Personal & lifestyle 22
Memos (63k ), SiYuan (46k )

Commerce & payments 15
Bagisto (28k ), EverShop (10k )

Figure 4. 200 tasks from 200 real-world web applications.
Each task comes from a different open-source application,
grouped here into seven domains. Examples are the two
most-starred repositories in each domain.

We select bugs that are hard to find but obvious
once seen: they are reproducible through normal
use, and any user would agree the behavior needs
fixing. An agent may fix several issues in the
named area, but we evaluate only the target bug.
A complete sweep of the area should include it.

Figure 5 shows a typical task. Focalboard is a
project board tool. When a user shares a board,
it never appears in the recipient’s sidebar because
adding a member saves the membership but never
files the board under the member’s default sidebar
category. Nothing looks wrong to the user who
shares the board, and the recipient can still open it
through a direct link. The failure appears only after
nine steps across two accounts. The fix is a single
function call.

We reproduce every bug by hand in the browser, confirm that the reference fix resolves it, and walk through
both behavior tests. The agent never sees the original issue, pull request, reference patch, repository history,
or behavior tests, and outbound network access is blocked.

2.2 Open-Ended Prompt

Each task gives the agent a one-sentence request that names a product area, such as “Find and fix issues in
Focalboard’s board sharing and membership.” It does not say what is broken, where the code lives, or how
to reproduce the problem. This mirrors asking a colleague to sweep a feature before release. The agent works
in an isolated sandbox with the buggy source code, a running instance that reflects its edits, a command
interface for tests and builds, and a Chromium browser with Playwright. It decides for itself what to read,
which scenarios to test, and when to stop. Our default prompt also asks the agent to test the application in
the browser like a real user (Appendix A), and Section 4.1 shows why this matters. When the agent stops, we
evaluate only its code changes.

2.3 Agentic Verifier

We verify repairs the way a user would notice them. We apply the agent’s code changes to a fresh copy of
the buggy application, and a verifier agent then uses it through the browser without seeing the source code.
Each task has two behavior tests, written as step-by-step user instructions with explicit pass and fail criteria
(Appendix B). The target behavior test reproduces the interactions that expose the bug and checks that the
intended behavior is restored; the preservation behavior test checks that nearby features still work. A task
passes only if both tests pass.
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(1) Log in as
miraDunn

(2) Add board →
Create empty board (3) Name the board (4) Open Share

(5) Search for and
select @kadeRue

(6) Confirm kadeRue
appears as a member

(7) Close Share
and log out

(8) Log in as
kadeRue and refresh

Fail: board missing
from recipient
sidebar

Pass: board listed
in recipient
sidebar

Figure 5. A bug that takes nine steps and two accounts to see. In Focalboard, the owner creates and names a board,
shares it with a second user, and logs out (1 to 7). The second user then logs in and refreshes (8). With the bug, the shared
board is missing from the recipient’s sidebar (Fail); with the fix, it appears (Pass). The root cause is that adding a member
saves the membership but never adds the board to the member’s default sidebar category.

To measure reliability, we run both tests on the buggy version and on the reference fix with three verifier
configurations, three times each. An accurate verifier passes the target test on none of the buggy versions
and all of the reference fixes, and passes the preservation test on both. All configurations come within one
percentage point of these ideal rates (Table 1). Across runs, the standard deviation is at most 0.8 points. We
use the cheapest configuration, GPT-5.6 Luna with Codex, as the default verifier.

3 How Do Agents Perform?

3.1 Benchmark Results

We evaluate 15 agents (Table 2). Each pairs a frontier model with its native harness if one exists and with
Codex otherwise. We list the models (xAI, 2026; Qwen Team, 2026; Anthropic, 2026c,d; OpenAI, 2026c,b;
DeepSeek, 2026c,b; Moonshot AI, 2026b; Meta, 2026b; Z.ai, 2026) and harnesses (OpenAI, 2025; Anthropic,
2026a; Cursor, 2026; Moonshot AI, 2026a; Meta, 2026a; DeepSeek, 2026a). All runs use the browser instruction
and an 8-hour limit per task.

SWEeper-Bench is far from solved. Grok 4.6 with Cursor passes 59.0% of tasks, followed by Qwen 3.8 Flash at
57.5% and three agents at 56.5%; nine of fifteen pass fewer than half. Nearly all failures come from the target
behavior test, while preservation pass rates stay between 97.5% and 100%. Agents rarely break working
features but often miss the bug they were asked to find. Similar pass rates also hide very different time and
cost: Grok 4.6 averages 12 minutes per task and Qwen 3.8 Flash 102 minutes, and Claude Opus 5 matches
Claude Fable 5.1 at more than twice the cost.
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Model Harness Reasoning Pass ↑ Target ↑ Pres. ↑ Time (min) Cost ($)

Grok 4.6 Cursor xhigh 59.0 59.0 100.0 12.3 ± 3.9 6.41
Qwen 3.8 Flash Codex xhigh 57.5 58.0 97.5 101.8 ± 46.6 0.76
Claude Fable 5.1 Claude Code xhigh 56.5 56.5 100.0 28.2 ± 15.8 11.76
Claude Opus 5 Claude Code xhigh 56.5 57.5 98.5 42.8 ± 23.2 25.01
GPT-6 Astra Codex xhigh 56.5 56.5 100.0 13.7 ± 3.4 5.73
DeepSeek V4.1 Flash DeepSeek xhigh 51.5 51.5 99.0 41.8 ± 20.0 0.35
Kimi K3 Kimi Code high 48.5 49.0 99.5 90.1 ± 63.1 10.19
DeepSeek V4 Pro DeepSeek xhigh 47.0 47.0 99.5 58.2 ± 25.8 1.38
GPT-5.6 Sol Codex xhigh 47.0 47.0 98.0 16.8 ± 5.8 4.28
Muse Spark 1.3 Muse Code xhigh 47.0 47.5 99.5 25.6 ± 20.3 4.75
GLM 5.3 Codex max 43.5 43.5 99.0 20.3 ± 10.9 2.53
GPT-5.6 Luna Codex xhigh 42.0 43.5 98.5 16.5 ± 6.0 0.15
GLM 5.3 Flash Codex max 39.5 39.5 99.0 22.9 ± 11.7 0.26
GPT-5.6 Terra Codex xhigh 35.0 35.5 99.0 22.7 ± 7.0 1.64
Qwen 3.8 Max Codex none 28.0 28.0 99.0 24.7 ± 13.5 2.51

Table 2. Results on SWEeper-Bench. Pass rates are percentages of the 200 tasks. Pass requires both behavior tests to
pass; Target and Pres. (preservation) report each test separately. Time is mean ± standard deviation of agent work time
per task; cost is mean prediction cost per task.

3.2 Where Do Agents Stumble?

Failing agents often get close to the bug (Figure 6). To locate where they stop, we split each trajectory into
five cumulative stages (Figure 7). GPT-5.6 Luna reads each trajectory and, using a task-specific description
written from the reference fix, judges whether the agent identifies the target feature, the buggy behavior,
and the root cause. The last two stages come from the behavior tests. Averaged over 14 agents, the share of
trajectories falls from 75.4% at the first stage to 40.8% at the last.

Finding the target feature. Agents reach the feature that contains the bug in 75.4% of trajectories (63.5% to
91.4% across agents). In the AbanteCart task, Grok 4.6 fixes phone numbers, addresses, and notifications on
the account profile page but never tries the ID photo upload where the bug lives.

Identifying the buggy behavior. This is the largest drop, to 50.0%. Agents often reach the feature but never
run the interaction that exposes the bug: in the Answer task, Grok 4.6 accepts and reverts answers but never
opens a question through its short-ID link. Even agents that trigger the failure may not recognize it (Figure 6).
On the Focalboard task, all four agents we inspect reach the empty recipient sidebar. GPT-6 Astra moves
on without comment, and Claude Opus 5 concludes the behavior is intended because the existing unit tests
expect no sidebar update. Existing tests can thus reinforce the wrong expectation.

Diagnosing the root cause. This stage keeps 43.8% of trajectories. In the SearXNG task, GLM 5.3 Flash
sees ampersands escaped in search suggestions but blames client-side query encoding instead of server-
side HTML escaping. In the Audiobookshelf task, Qwen 3.8 Flash reproduces the failed author merge but
attributes it to case-sensitive lookup rather than duplicate insertion.

Fixing and maintaining behavior. Once the cause is found, agents usually fix it: 41.0% of trajectories pass
the target test, and 40.8% also keep nearby features working. The remaining failures are rare regressions and
incomplete fixes. For example, GLM 5.3 Flash corrects the EverShop variant editor’s default stock but omits
the API field that supplies the quantity.

3.3 Behavioral Tendencies

Longer work does not mean better results. Agents differ in work time by nearly an order of magnitude, and
this time does not track pass rate (Figure 8). Grok 4.6 and GPT-6 Astra average about 13 minutes per task.
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Claude Fable 5.1 treated the empty sidebar as a bug and fixed it.
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Claude Opus 5 saw the empty sidebar but trusted the unit tests, so it left it unfixed.
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GPT-6 Astra saw the empty sidebar but pursued other bugs, so it left it unfixed.
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Sidebar is empty;
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comment
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Finds a role-
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Decides to fix other
bugs instead

Browser action (Playwright code) Browser output (page text in terminal) Agent message or reasoning Code-edit tool call

// carol: non-

member visits 

open board URL

BOARDS No boards 

inside “the user's default
"Boards" category
had an empty
board list”

“saved the
membership but
never filed the
board into the
member's default
category”

// the new 

member needs the 

board in their 

sidebar, so we 

add it … to 

their default 

category.

“Try direct link.” No boards inside “Sidebar no boards
likely bug!”

“AddMember
ToBoard should
add board to new
user's default
category.”

“invited users are
omitted from their
sidebar category …
I’m patching these”

// Step 2: carol 

(not a member) 

opens the board 

URL

carol sidebar 

after: … BOARDS 

| No boards 

inside

“unit tests use
strict gomock
expectations with
no category call”

“this is the
intended behaviour
of this version
rather than a
regression”

“changing it would
be a product
decision, not a bug
fix.”

await 

memberPage.goto(

boardUrl);

No boards inside “Adding a member
currently leaves
the sharing list
unchanged”

“I confirmed a
permissions bug”

“I’ll isolate
membership
updates by board
and make the UI
honor the roles”

Figure 6. Seeing a bug is not the same as recognizing it. Four agents on the Focalboard task all reach the empty recipient
sidebar (shaded column) but respond differently. Claude Fable 5.1 and GLM 5.3 treat it as a bug and fix it; Claude Opus 5
trusts the existing unit tests and judges it intended; GPT-6 Astra pursues other bugs.

Qwen 3.8 Flash and Kimi K3 average 102 and 90 minutes for similar or lower pass rates. Long runs can fail to
converge: on three tasks, Qwen 3.8 Flash works for nearly the full 8 hours without producing a patch. Short
runs risk missing the bug: Grok 4.6 stops after 7.8 minutes on the AbanteCart task.

More browser use does not mean better results either. Among agents whose harness records tool calls,
browser actions make up 17% to 62% of turns, or 371 to 1,082 actions per task (Figure 9). Neither tracks pass
rate. Qwen 3.8 Max issues 517 browser actions per task and passes 28.0%. Claude Fable 5.1 uses the browser
in only 25% of its turns and passes 56.5%. What matters is which scenarios an agent tests and whether it
recognizes a failure when it appears (Section 3.2).

7



Identified
target

feature

Identified
buggy

behavior

Diagnosed
root cause

Fixed the
buggy

behavior

Maintained
existing

behaviors

0

20

40

60

80

100

%
 o

f c
as

es
 re

ac
hi

ng
 s

ta
ge

Individual model
Average

30%

40%

50%

60%

0 20 40 60 80 100

Mean work duration per task (min)

Pa
ss

 r
at

e

1
23 45

6

7
89 10

11
12

13

14

15

Figure 7. The largest drop is at identifying the buggy
behavior. Share of trajectories reaching each stage. Each
stage requires all previous ones.

Figure 8. Working longer does not lead to higher pass
rates. Pass rate versus mean agent work time per task.
Numbers are agent ranks from Figure 2 and Table 2.

4 What Affects Performance?

4.1 Does Browser Prompting Help?

Model Instruction Browser Pass

GPT-5.6 Luna
No 2/200 39.5
Yes 200/200 42.0

GLM 5.3 No 6/200 31.5
Yes 200/200 43.5

Table 3. Agents rarely test in the browser unless asked.
Browser: tasks where the agent drives a real browser.

Our default prompt asks agents to test in the browser
like a real user (Appendix A gives the full template and
the lines we remove). To see whether they would do so
on their own, we remove this instruction for GPT-5.6
Luna and GLM 5.3 and keep everything else unchanged.
The browser remains installed. The agents then almost
never open the browser: GPT-5.6 Luna drives one on 2
of 200 tasks and GLM 5.3 on 6, compared with all 200
when instructed (Table 3). Instead, they read code, run
shell commands, and send HTTP requests, and pass rates drop from 42.0% to 39.5% and from 43.5% to 31.5%.
Interactive testing is thus a capability agents do not yet reach for on their own. We keep the instruction so the
benchmark measures how well agents test rather than whether they think to.

4.2 Is Finding Harder Than Fixing?

Model Open-ended Detailed

DeepSeek V4.1 Flash 51.5 96.5
GPT-5.6 Sol 47.0 96.5
GLM 5.3 43.5 96.0
GPT-5.6 Luna 42.0 96.0
GPT-5.6 Terra 35.0 96.0

Table 4. Agents fix bugs reliably once told what the
bug is. Pass rate (%) by prompt. GPT-5.6 Sol has 199
detailed-prompt tasks.

To separate finding a bug from fixing it, we give five
agents from the main evaluation a detailed prompt that
describes the target bug and its expected behavior (Ap-
pendix A). This prompt plays the role of a bug report.
All five then pass between 96.0% and 96.5% of tasks in-
stead of 35.0% to 51.5%, and the gap between agents al-
most disappears (Table 4). Trajectories also narrow: for
GPT-5.6 Luna, the median number of browser launches
falls from 26 to 14, and the median number of changed
lines from 49 to 13. The difficulty of SWEeper-Bench
lies in producing the bug report, not in acting on it.
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Figure 9. How agents use the browser. (a) Percentage of agent turns that use the browser. (b) Mean browser actions per
task, grouped by type.

4.3 Does the Harness Matter?

Each agent in Table 2 pairs a model with a harness. To isolate the effects of harnesses, we run GPT-5.6 Luna
under five harnesses with all else held constant (Table 5). Pass rates range from 35.0% to 42.5%, and Luna
does best in Codex, its native harness. A well-matched harness helps the model use its capabilities, but the
model itself accounts for most of the variation across agents.

4.4 Does Working Longer Help?

Section 3.3 compares agents that work for different lengths of time. To test whether more time helps the same
agent, we give GPT-5.6 Luna, GPT-5.6 Terra, and GLM 5.3 budgets of 20, 40, 60, and 80 minutes on the same
40 tasks. Each agent is told to keep working until its deadline. Pass rates rise from 20 to 40 minutes but not
beyond (Figure 10). They peak at 50.0%, 52.5%, and 62.0%, respectively. With 40 tasks these differences are
not statistically significant, but they give no sign that more time alone closes the gap.

5 Related Work

Software engineering agents and benchmarks. Repository-level agents improve through better interfaces,
code localization, and structured repair workflows (Zhang et al., 2024; Yang et al., 2024; Xia et al., 2025; Wang
et al., 2025; Pan et al., 2025; Applis et al., 2026; Lian et al., 2026; Tian et al., 2026; Ganhotra et al., 2026; He and
Roy, 2026; Kuang et al., 2026). SWE-bench (Jimenez et al., 2024) evaluates them on real GitHub issues, and its
successors raise difficulty (Deng et al., 2025; Huang et al., 2026; Ehrenberg et al., 2026; Zheng et al., 2026),
add visual issues and more languages (Yang et al., 2025; Rashid et al., 2025; Zan et al., 2025; Shi et al., 2026),
refresh tasks (Zhang et al., 2025), and cover freelance work, broader engineering tasks, user feedback, and
rebuilding programs (Miserendino et al., 2025; Raghavendra et al., 2026a,b; Yang et al., 2026). Web, desktop,
and command-line benchmarks likewise specify the goal (Zhou et al., 2024; Xie et al., 2024; Merrill et al.,
2026). In all of these, the task states what to fix or achieve, so they evaluate the stages after a bug report.
SWEeper-Bench names only a product area and evaluates the step that produces the report.

Testing and verification. SWT-Bench (Mündler et al., 2024) asks agents to write tests that reproduce a
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Model Harness Pass

GPT-5.6 Luna

Codex 42.5
Cursor 40.0
Kimi Code 37.5
Claude Code 35.0
Muse Code 35.0

Table 5. GPT-5.6 Luna does best in its native harness,
Codex. Pass rate (%) by harness.
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Figure 10. More time helps only up to a point. Pass rate
(%) by time budget on 40 tasks.

reported issue, so the bug is known in advance. WebProber (Ye et al., 2025) lets an agent explore websites like
a user and report usability issues, but does not evaluate repairs. In SWEeper-Bench, agents must design tests
before any bug is known and then fix what they find. To grade repairs, most benchmarks run hidden unit
tests written with the reference fix (Jimenez et al., 2024; Rashid et al., 2025; Zan et al., 2025), and these tests can
reject valid alternative fixes. Others use engineer-written browser tests (Miserendino et al., 2025) or scripts in
the task environment (Huang et al., 2026; Merrill et al., 2026). Browser agents (Müller and Žunič, 2024) make
it possible to check behavior through the interface; our agentic verifier follows step-by-step behavior tests
and accepts any fix that restores what a user would observe.

AI code review. Finding bugs before users do is increasingly delegated to code review agents. Early work
learned to review code from data (Li et al., 2022; Frömmgen et al., 2024). Tools such as Cursor Bugbot (Cursor,
2025), GitHub Copilot code review (GitHub, 2025), CodeRabbit (CodeRabbit, 2026), Greptile (Greptile,
2026), Codex code review (OpenAI, 2026a), Claude Code Review (Anthropic, 2026b), and Gemini Code
Assist (Google, 2026) now review pull requests for bugs as they are opened, and benchmarks score their
comments on real pull requests (Zeng et al., 2026; Zhang et al., 2026). Like SWEeper-Bench, these tools look
for problems no one has reported, but they mostly analyze the diff and surrounding code. SWEeper-Bench
evaluates the harder case where bugs appear only when the running application goes through a sequence of
user actions.

6 Conclusion and Discussion
Current agents fix bugs reliably once given a bug report, yet pass at most 59.0% of SWEeper-Bench tasks
when they must find the bug themselves. The gap lies in testing, not repair. Agents must choose which
scenarios to try, run them through the interface, and recognize a failure when they see one. Recognition is
often where they fall short. On the Focalboard task, all four agents we inspect see the failure, but only two
treat it as a bug.

This testing gap is likely to matter more as agents build software on the fly for individual users. Such software
rarely passes through a testing team, so if the agent does not find a bug, the user will. Our results suggest
that closing the gap requires agents that use the application the way a user would and judge its behavior by
what it is meant to do, not only by what its tests expect. Verifiers that check user-observable behavior, like
ours, could also reward this kind of testing during training. As agents take on more of building software, it is
worth asking more of them than fixing the bugs we report: can they find those bugs before we do?

SWEeper-Bench has limitations. It covers only web applications and scores one known bug per task, so it
measures recall rather than precision. Fixes to other real issues earn no credit, and unnecessary changes go
unpenalized unless they break a preservation test. Its behavior tests check functional correctness only, not
visual design, ease of use, or responsiveness. Extending the benchmark to other interactive software and to
these aspects of user experience is a natural next step.
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Appendix
A Prompts
Every agent receives the prompt below, with {{TASK_DESCRIPTION}} replaced by the task’s open-ended
request. In the ablation of Section 4.1, we remove the bullet that asks the agent to test in the browser, the
bullet that mentions Chromium and Playwright, and the verification bullet about opening the product UI.
For the detailed prompt of Section 4.2, the task description is replaced by a description of the target bug; the
rest of the prompt is unchanged.

You are working in ‘/workspace/product‘.

Please perform the following task:

{{TASK_DESCRIPTION}}
Important notes:
- Use only this checkout and these instructions. Do not search external repositories or known fixes.
- Do not fetch Git history, add remotes, or commit.
- This environment has no outbound internet for packages or source. npm, PyPI, GitHub, CDNs, and similar

hosts are blocked and will return 403. Do not install, fetch, download, or rebuild anything from the
network. Dependencies and tools are already on disk. If a command fails with a network or 403 error,
treat that as final: do not retry, switch mirrors, or keep waiting. Continue with the local checkout and
already-installed tools only.

- The product server is published on this machine at 127.0.0.1:13200.
- Use the browser to do end-to-end testing to discover and test issues. Drive the product UI like a real user

in the tasked area and look for bugs that show up during normal use. Do not stop after the first issue
you can patch; keep exploring other screens and controls in the same area.

- Chromium and Playwright are preinstalled.

How to verify your work:
- Product commands must run in the product container through ‘/workspace/task-shell‘.
- Open the product UI at http://127.0.0.1:13200 with the preinstalled Playwright/Chromium in this environment

. Do not launch the browser through ‘/workspace/task-shell‘.
- Do not call ‘yarn‘, ‘pnpm‘, or ‘npm‘ directly; use the ‘product-*‘ wrappers in the container PATH.
- Find the right test or build scripts from package.json, README, or existing CI, then run them through ‘/

workspace/task-shell‘.

Deliverable:
- Modify product source in place and leave a clean, reviewable diff with at least one real code change.
- An empty diff is not acceptable. Do not commit.

For the Focalboard task, the two task descriptions are:

Open-ended: Find and fix issues in Focalboard’s board sharing and membership.

Detailed: Fix Focalboard board sharing so adding a member via Share also puts that board in the member’s
default sidebar category. After a user shares a board with another member, that member should see the
board under Boards in their left sidebar.

B Example Behavior Test
Table 6 lists the complete target behavior test for the Focalboard task in Figure 5, reproduced verbatim from
the benchmark. The verifier follows these steps in the browser and returns a verdict from the final step. Setup
problems, such as a failed login, are reported separately from product failures.

15



Step Evaluation instruction

Target behavior test: After miraDunn shares a newly created board with kadeRue via Share, kadeRue’s left sidebar
Boards category must list that board. On the buggy build kadeRue is a member but the board never appears in his
sidebar.

1 Open exactly http://127.0.0.1:13200/login and wait until the official Focalboard Log in page is visible: a styled
rounded login card (not a bare unstyled text shell), the heading Log in, the username field with placeholder
Enter username (id login-username), the password field with placeholder Enter password (id login-password),
a filled Log in submit button, and the link or create an account if you don’t have one.

2 Type exactly miraDunn into the username field. Type exactly Slate6quay into the password field. Click the
Log in button. Wait until the signed-in Focalboard chrome loads: the left sidebar shows the Focalboard logo
wordmark and version, and + Add board. If a Welcome To Boards page appears, click No thanks, I’ll figure it
out myself. If login fails or the sidebar never appears, stop and treat that as a setup problem, not a product
pass/fail.

3 In the left sidebar click + Add board. Wait until the official Create a board template selector is visible (heading
Create a board, templates on the left, preview on the right, buttons Use this template and Create empty board).
Click Create empty board. Wait until a new board canvas opens with the title placeholder Untitled board and
a top-right Share button.

4 Click the Untitled board title (the large board title, not the view name Board view). Type exactly Q3 Launch
Desk and press Enter or click away so the title saves. Confirm the board title now reads Q3 Launch Desk and
that the same name appears under the sidebar Boards category. If the empty board never opened or the title
would not save, stop and treat that as a setup problem.

5 Click the top-right Share button (title Share board). Wait until the Share Board dialog is visible with the search
placeholder Search for people and channels. Click that search field, type exactly kadeRue, and wait until a
people result for @kadeRue appears. Click the @kadeRue result so kadeRue is added. Wait until the member
list in the same dialog shows kadeRue (not only miraDunn / You). Close the dialog. If kadeRue cannot be
found or added, stop and treat that as a setup problem, not the sidebar bug.

6 Open the Focalboard logo menu at the top of the left sidebar (the wordmark Focalboard). Click Log out. Wait
until the Log in page is visible again.

7 Type exactly kadeRue into the username field. Type exactly Moss3vale into the password field. Click Log
in. Wait until kadeRue’s signed-in Focalboard chrome loads (sidebar Focalboard logo and + Add board). If
Welcome To Boards appears, click No thanks, I’ll figure it out myself. Use the browser reload/refresh once on
this signed-in page so the sidebar refetches categories. If login fails, stop as a setup problem.

8 After that refresh, look only at kadeRue’s left sidebar list under the Boards category (the system category
named Boards). Do not open Find Boards / the board switcher (Ctrl/Cmd+K) and do not paste a board URL.
Judge only whether the sidebar category lists a board titled Q3 Launch Desk.

9 Final verdict — FAIL only if kadeRue is signed in, the left sidebar Boards category is visible, and Q3 Launch
Desk is absent from that sidebar list (the shared board never landed in kadeRue’s default category). PASS
only if that same sidebar Boards category lists Q3 Launch Desk. Do not PASS because miraDunn could share,
or because kadeRue can log in. Do not FAIL for login/navigation/template-selector problems. Do not use
fetch, XHR, DevTools Network, API JSON, or database reads for setup or pass/fail.

Table 6. Target behavior test for the Focalboard task. The verifier follows these instructions in the browser. Wording is
reproduced verbatim; only typesetting and line wrapping are changed.
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