CUADebug: Diagnosing and Repairing Computer-Use Agent Failures
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Abstract

Computer-use agents (CUAs) interact with
graphical interfaces through screenshots and
low-level mouse and keyboard actions, yet the
causal error may precede the terminal failure.
We present CUADebug, a framework for lo-
calizing root causes in CUA trajectories and
guiding re-execution. CUADebug includes a
five-category, 30-subtype taxonomy; CUAEr-
rorBench, a benchmark of 204 failed OSWorld
trajectories with human root-cause annotations;
and CUADebugger, a ReAct-style agent for
root-cause analysis (RCA). CUADebugger iter-
atively selects trajectory steps, inspects paired
before/after screenshots and action traces, and
submits a structured diagnosis containing the
causal step, taxonomy label, grounded evi-
dence, and correction. CUADebugger performs
RCA without per-trajectory human interven-
tion; human annotations are used to evaluate
RCA predictions and, in controlled re-rollout
comparisons, to fix restart points. Task reason-
ing and control is the largest annotated failure
category (110/204). CUADebugger improves
L2 and Tag+Step Exact across three debugger
backbones on the Claude-agent split; with Gem-
ini 2.5 Pro, Tag+Step Exact rises from 11.1%
to 19.4%. Single re-execution improves fail-
ure recovery from 13.89% to 29.86% (overall
61.77% to 68.14%); controlled continual re-
execution improves it from 12.50% to 25.69%
(overall 61.22% to 66.48%). Project page:
cuadebug.github.io

1 Introduction

Computer-use agents (CUAs) execute tasks in desk-
top, web, and mobile interfaces through screen-
shots and mouse or keyboard actions. Compared
with text-only or tool-only agents, CUA agents
must jointly solve visual perception, spatial ground-
ing, low-level interaction mechanics, and long-
horizon state tracking. When a CUA fails, the
terminal file, chart, or Ul state may be a down-
stream symptom of an earlier perception, ground-

ing, reasoning, or environment error. Bench-
marks such as OSWorld (Xie et al., 2024), We-
bArena (Zhou et al., 2024), VisualWebArena (Koh
et al., 2024), Mind2Web (Deng et al., 2023), An-
droidWorld (Rawles et al., 2025), and Windows
Agent Arena (Bonatti et al., 2024) measure end-to-
end task success, but they do not localize the causal
step in a failed trajectory.

Existing agent evaluations report end-to-end task
success without localizing the step or cause of fail-
ure. Error taxonomies and failure-attribution stud-
ies identify recurring agent mistakes (Zhu et al.,
2025; Cemri et al., 2025; Shah et al., 2026; Zhang
et al., 2025a; Zhu et al., 2026; Ma et al., 2026),
but CUA root-cause analysis must localize a causal
step from evidence distributed across screenshots,
spatial targets, low-level actions, and temporal
screen transitions. Figure 1 illustrates this tem-
poral gap: the earliest causal error can precede
the terminal failure. To address this challenge,
we develop CUADebugger, an automatic ReAct-
style debugger that uses an iterative tool-use loop
to inspect selected trajectory steps using paired
before/after screenshots and action traces, then
produces a structured root-cause analysis (RCA)
record for re-execution.

We evaluate CUADebug through three research
questions. First, where do CUA agents fail? We
characterize these failures with a CUA-specific tax-
onomy and human annotations of failed OSWorld
trajectories. Second, does CUADebugger’s tool-
augmented trajectory inspection improve RCA ac-
curacy over a prompt-only baseline? We compare
CUADebugger with a prompt-only baseline that re-
turns the same structured RCA fields, using human
annotations as ground truth for taxonomy agree-
ment and root-step localization. Third, can RCA
guide re-execution? We evaluate whether diagnos-
tic context improves task completion under single
and continual re-rollout protocols.

To evaluate the alignment of an LLM-based
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Why CUA Failures Are Hard to Diagnose
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Figure 1: Why CUA failures require root-cause diagnosis rather than terminal-state inspection.

RCA judge with human experts, we introduce
CUAErrorBench, a human-annotated benchmark
of failed OSWorld trajectories. For each failed tra-
jectory, human experts annotate the root-cause step,
L1/L2 taxonomy label, supporting evidence, cor-
rective strategy, and confidence. CUAErrorBench
enables direct comparison between LLM-generated
RCA and human expert judgments at both the
taxonomy and root-step levels. Our benchmark
contains 204 usable annotations across Claude 4.5
Sonnet, Gemini 2.5 Pro, and Qwen 3.5 trajectory
sources.

CUADebugger implements this diagnosis pro-
cess with two CUA-specific tools (Figure 2).
Within a ReAct (Yao et al., 2023) loop, the step-
inspection tool returns paired before/after screen-
shots, actions, reasoning, and execution status for
selected steps, while the submission tool records a
coarse-to-fine taxonomy label, grounded evidence,
a concrete correction, confidence, and per-step sum-
maries for re-rollout. When episodic memory is en-
abled, CUADebugger retrieves diagnoses distilled
from prior debugging episodes as candidate evi-
dence for the current RCA. CUADebugger passes
the predicted root-cause step, grounded evidence,
and correction to the re-rollout agent. Re-rollout
task completion then measures whether this diag-
nostic context supports repair.

First, task reasoning and control accounts for
the largest share of human-annotated failures

(110/204), while the remaining cases span percep-
tion, grounding/interaction, external/system, and
Others (Figure 3). Second, CUADebugger im-
proves L2 and Tag+Step Exact over the prompt-
only baseline for all three debugger backbones
on the Claude-agent split; with Gemini 2.5 Pro,
Tag+Step Exact increases from 11.1% to 19.4%.
Third, in the single re-execution package compar-
ison, CUADebugger achieves 29.86% task com-
pletion versus 13.89% for history-only continu-
ation (68.14% versus 61.77% Overall Acc); un-
der the more controlled continual protocol, it
achieves 25.69% versus 12.50% (66.48% versus
61.22% Overall Acc), while human-oracle guid-
ance reaches 29.17% (67.87% Overall Acc).

We make three contributions. First, we charac-
terize CUA failures with a root-cause taxonomy
comprising five categories and 30 subtypes (Ta-
ble 1). Second, we introduce CUAErrorBench,
a benchmark with human root-cause annotations
for 204 failed OSWorld trajectories. Third, we
develop CUADebugger, an automatic ReAct-style
RCA agent that actively selects trajectory steps
for multimodal inspection, submits structured di-
agnoses, and optionally retrieves prior debugging
episodes; we evaluate its RCA against human an-
notations and its corrections through re-execution.
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CUADebugger Pipeline
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Figure 2: CUADebugger inspects failed trajectories, produces structured RCA, retrieves relevant memories, and

guides re-rollout.
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Figure 3: CUAErrorBench annotation distribution by
trajectory source.

2 CUAErrorBench

We construct CUAErrorBench from failed OS-
World trajectories generated by three CUA configu-
rations. Each trajectory contains a task instruction,
visual observations, screenshots, model reasoning
traces, low-level actions, rewards, and terminal sta-
tus. CUAErrorBench contains 204 annotated tra-
jectories: 144 generated by Claude 4.5 Sonnet with
a 50-step budget, 30 by Gemini 2.5 Pro, and 30 by
Qwen 3.5. Figure 3 summarizes the category dis-
tribution across trajectory sources; task reasoning
and control is the largest category (110/204).

The annotation pipeline stores debugger-
generated RCA proposals alongside human anno-
tations, which serve as ground truth for evaluat-
ing taxonomy agreement and root-step localization.
For each failed trajectory, annotators record five
fields: the root-cause step, L1/L2 taxonomy label,
supporting evidence, corrective strategy, and con-
fidence. Across all 204 cases (N = 204), two
annotators separately recorded first-pass annota-

tions before discussion. The pre-adjudication exact-
agreement rates were 85.8% for the root-cause step,
94.6% for the L1 category, and 85.8% for the L2
subtype. Disagreements were adjudicated to pro-
duce one ground-truth annotation per trajectory.
Appendix A.3 provides the annotation instructions
and consent procedure; Appendix A.4 presents a
complete annotated case.

Benchmark curation and annotation protocol.
To verify each RCA proposal, annotators inspect
the task instruction, terminal failure signal, action
and reasoning trace, and before/after screenshots.
They verify the terminal failure and trace backward
to the earliest step that introduces a new causal er-
ror, excluding steps that merely inherit an earlier
mistake. Supporting evidence must cite concrete
trajectory observations, such as the visible Ul state,
selected element, executed action, or a mismatch
between the agent’s stated intention and the re-
sulting screen state. The correction specifies an
alternative action at the root-cause step, and con-
fidence reflects whether competing explanations
remain plausible.

Taxonomy labels. The two-level CUA taxonomy
provides a shared label space for automatic RCA,
human evaluation, and memory indexing. The
top-level label identifies the causal module, while
the subtype specifies the failure pattern used for
fine-grained evaluation and memory indexing. Ta-
ble 1 defines the five top-level categories, and Ap-
pendix A.5 lists all 30 subtypes.

11112



Code Error
module

Diagnostic question  Typical evidence

Hallucinated or missed UI content,
OCR mistakes, cross-region binding
errors, semantic misreadings.

P Perception Did the agent
misunderstand what
was visible in the
observation?

G Grounding Did the agent know the Wrong coordinates or element, hidden
and intended operation but  or disabled target, incorrect click,
Interaction execute it on the wrong drag, gesture, or text-entry behavior.

target or with the
wrong mechanics?

R Task Did the agent choose,
Reasoning  maintain, or revise the
and Control wrong plan?

Constraint violations, missing
subgoals, action-intent mismatch,
memory loss, progress misjudgment,
failed self-correction.

S External/Syst Did the environment, ~ Rendering or timing failures,

tool, or benchmark unexpected system dialogs, resource
setup prevent otherwise limits, tool/API failures, benchmark
valid progress? artifacts.

Does the failure fall Cases not attributable to P/G/R/S.
outside the four

execution modules

above?

O  Others

Table 1: Top-level CUA error taxonomy used in CUAET-
rorBench.

3 Method

CUADebugger diagnoses and repairs CUA failures
through three components: tool-augmented RCA,
optional episodic-memory retrieval, and debugger-
guided re-rollout.

3.1 Root-Cause Analysis

RCA localizes the earliest causal step in a failed
trajectory and produces a structured diagnosis.
CUADebugger runs a ReAct (Yao et al., 2023) loop
that iteratively selects trajectory steps and invokes
CUA-specific tools to inspect their multimodal evi-
dence. The RCA agent receives the task instruction,
trajectory metadata, terminal failure step F', L1/L2
taxonomy definitions, and output schema; retrieved
memories are added as candidate evidence only
when memory is enabled. At each turn, the agent
selects the next step to inspect, retains a textual
observation note, and removes older screenshots
from the context window.

Multimodal step-inspection tool.
get_step_details(n) returns the ac-
tion, reasoning trace, execution error, reward, and
screenshots immediately before and after step
n. Comparing the before/after screenshots with
the agent’s stated intention reveals perception,
grounding, and outcome-misinterpretation errors.

Structured root-cause submission tool. The
agent terminates by calling finish(-). The
finish schema requires the root-cause step IV,
an L1/L2 taxonomy label, grounded evidence, a
concrete correction, confidence in [0, 1], and a sum-

mary of each inspected step. These summaries, to-
gether with the predicted root-cause step, taxonomy
label, evidence, and correction, form the diagnostic
context passed to re-rollout (Section 3.5).

Memory retrieval. When episodic memory is en-
abled, the RCA prompt includes the top-k retrieved
memories as candidate evidence; the agent com-
pares each trigger condition with the current trajec-
tory and discards mismatches. Appendix A.1 pro-
vides the RCA prompt template, memory-retrieval
block, and tool schemas.

3.2 Error Taxonomy Module

The error taxonomy module makes RCA a coarse-
to-fine diagnosis. For each candidate root-cause
step, the debugger selects one of five top-level mod-
ules (Table 1) and then a subtype within that mod-
ule (Appendix A.5). The top-level label identifies
the causal source used to guide re-rollout, while
the subtype supports memory indexing and fine-
grained evaluation.

3.3 Multimodal Trajectory Inspection

CUADebugger analyzes the before/after screen-
shots and corresponding action trace from each
inspected step as paired causal evidence. For each
inspected step, the debugger records the pre-action
screen state, intended UI operation, executed low-
level action, and resulting screen state. These
paired observations reveal errors such as selecting
the wrong chart subtype, clicking a nearby con-
trol, or assuming that a dialog changed state when
the resulting screenshot shows otherwise. The de-
bugger uses the resulting step summaries for RCA,
memory distillation, and re-rollout.

3.4 Episodic Memory and
Retrieval-Augmented Debugging

Episodic memory converts individual trajectories
into reusable debugging knowledge. For each
failed trajectory, CUADebugger stores an episode
containing task and application metadata, local er-
ror context, inferred agent intention, screen out-
come, taxonomy label, and RCA output. During
retrieval, CUADebugger returns the distilled rule
together with the supporting trajectory evidence
stored in the episode.

Retrieval-augmented debugging exposes this
memory through a tool-use interface. From each
episode, CUADebugger distills a memory record
containing a title, trigger condition, failed and cor-
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Algorithm 1: Building and querying
episodic memory for RCA and re-rollout.

Input: Prior debugging episodes Dy,em, target
trajectory 7, retrieval size k, mode
m € {RCA, re-rollout }
Output: An RCA report or re-rollout guidance
M+ 0
for 7; € Dpem do
T < RUNRCA(TZ')
if r; contains a root step, tag, evidence, and
correction then
e; < BUILDEPISODE(7;, 7;)
if a corrected re-rollout 7;" exists then
attach the failure/success contrast from
(74, 7'1-+) to e;

end
M.ADD(DISTILLMEMORY (e;))
end

end
q < BUILDQUERY (7, m)
L + memory_query(M, q, k)
C <« {{ e L:MATCH({,T)}
if m = RCA then
| return DIAGNOSE(T,C)
end
return BUILDREPAIRGUIDANCE(T, C)

rected actions, taxonomy label, distinguishing fea-
ture, supporting evidence, and source-episode ref-
erences. Memories are indexed by application iden-
tifier, taxonomy label, trigger condition, failed ac-
tion, and memory text. During RCA or re-rollout,
the debugger or acting agent retrieves similar fail-
ures as candidate evidence and compares their trig-
ger conditions and distinguishing features with the
current screenshots and action trace. At cold start,
the memory is empty; it then grows from successful
RCA outputs and contrastive failure/success trajec-
tory pairs. We evaluate the contribution of mem-
ory through a staged comparison between Machine
RCA without retrieval and the memory-enabled
variant.

Algorithm 1 summarizes memory construction
and retrieval for RCA and re-rollout.

3.5 Debugger-Guided Re-Rollout

Re-rollout measures whether diagnostic context
improves subsequent task execution. Both the di-
rect baseline and the debugger-guided method re-
play the original OSWorld trajectory to the same
cutoff state and continue with the same remain-
ing step budget. With state and budget fixed, the
debugger-guided condition adds the previous tra-
jectory summary, inspected-step summaries, and
a repair recipe containing the predicted root-cause
step, taxonomy label, evidence, and correction to

the acting prompt. In the retrieval-enabled variant,
the acting agent can additionally query episodic
memory for similar prior failures before choosing
its next action. Appendix A.2 lists the re-rollout
prompt variants and visual side-channel tools.

We measure whether diagnostic context supports
behavioral repair during re-rollout using task com-
pletion and root-error repair.

4 Experiments

4.1 Evaluation Protocol

We evaluate CUA debugging along three research
questions. First, failure analysis asks where CUA
agents fail by measuring the human-labeled dis-
tribution of root-cause modules across trajectory
sources. Second, RCA evaluation asks whether
CUADebugger improves over a naive prompt base-
line and matches human root-cause judgments.
Third, re-rollout evaluation asks whether RCA can
guide subsequent execution. Unless otherwise
stated, human annotations are the reference labels.
We compute Acc over the failed trajectories sent
to re-execution and Overall Acc over all 361 tasks,
counting both initial successes and recovered fail-
ures.

4.2 Failure Analysis

Failure analysis uses the human labels in CUAEr-
rorBench to characterize where CUA agents fail.
We report top-level taxonomy distributions by
agent trajectory source in Figure 3. This analy-
sis answers a descriptive question rather than a
model-ranking question: it provides the reference
view of CUA failure modes against which model
debugger behavior is later compared.

4.3 RCA Evaluation

The RCA evaluation reports both taxonomy and
localization accuracy. We compare two RCA meth-
ods. The Naive Baseline receives the task, full
trajectory package, and taxonomy definitions, and
produces the RCA record in one pass. CUADe-
bugger receives the same task metadata and taxon-
omy definitions but must use the step-inspection
and structured-submission tools described in Sec-
tion 3.1 to inspect step details before producing the
same RCA record. Table 2 reports both methods.
L1 accuracy measures top-level taxonomy agree-
ment with the human annotation, while L2 accu-
racy measures exact subtype agreement. Step Exact
measures exact root-cause-step match, and Step £2
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Agent RCA Step Step Tag+

traj. method Debugger Ll L2 Exact £2 Step
Claude 4.5 Naive Gemini 2.5 Pro 50.7 29.9 20.8 382 11.1
Claude 4.5 CUADebug Gemini 2.5Pro 53.5 36.8 29.2 479 194
Claude 4.5 Naive Qwen 3.5 444 194 236 347 176
Claude 4.5 CUADebug Qwen 3.5 57.6 333 250 465 14.6
Claude 4.5 Naive Claude 4.5 493 146 222 382 49
Claude 4.5 CUADebug Claude 4.5 61.1 31.3 292 451 153
Gemini 2.5 Pro Naive Qwen 3.5 46.7 20.0 26.7 50.0 6.7
Gemini 2.5 Pro CUADebug Qwen 3.5 43.3 20.0 233 40.0 33

Gemini 2.5 Pro Naive Claude 4.5 533 233 267 50.0 10.0
Gemini 2.5 Pro CUADebug Claude 4.5 433 233 333 50.0 16.7

Gemini 2.5 Pro Naive Gemini 2.5 Pro 50.0 20.0 30.0 40.0 10.0
Gemini 2.5 Pro CUADebug Gemini 2.5 Pro 53.3 16.7 40.0 50.0 10.0

Qwen 3.5 Naive Gemini 2.5 Pro 53.3 233 33.3 433 10.0
Qwen 3.5 CUADebug Gemini 2.5 Pro 53.3 36.7 46.7 63.3 16.7
Qwen 3.5 Naive Qwen 3.5 46.7 20.0 16.7 333 33
Qwen 3.5 CUADebug Qwen 3.5 433 20.0 20.0 36.7 13.3
Qwen 3.5 Naive Claude 4.5 56.7 30.0 30.0 36.7 10.0
Qwen 3.5 CUADebug Claude 4.5 46.7 36.7 26.7 36.7 10.0

Table 2: RCA accuracy against human annotations (per-
cent). Claude-agent results use N = 144; Gemini- and
Qwen-agent results use N = 30. CUADebug denotes
our tool-augmented RCA method; Tag+Step requires
exact subtype and exact root-cause-step match.

gives credit when the predicted root-cause step is
within two steps of the human-labeled root-cause
step. Tag+Step Exact requires both L2 subtype
match and exact root-cause-step match.

4.4 Single Re-Rollout Evaluation

Single re-rollout isolates whether a diagnosis can
support behavioral repair. The rollout agent restarts
one step before the root-cause step and runs with
a fixed step and token budget. The Machine
RCA condition uses the machine-predicted root-
cause step and machine-generated diagnosis with-
out memory retrieval to test the automatic RCA-
to-repair pipeline, while the baseline, self-debug,
human-oracle, and our method conditions use the
human-labeled root-cause step to fix the restart
point and compare diagnostic context. This con-
trols for localization error: if the restart step itself
is wrong, the re-rollout may be uninformative re-
gardless of the debugging method. Because the
rows differ in diagnostic prompt format, Table 3
should be read as a re-execution-package compar-
ison rather than a clean ablation of RCA source
quality. The main root-error metric is New+Fixed:
a post-analysis judge compares the original human
annotation, including root-cause step, evidence,
and correction, against the new trajectory; the first
number counts cases where the original critical er-
ror is fixed but a new critical error appears, and

Condition Cost Task Root error

Avg. Input Output  Acc. Overall New+

Method RCA source turns tok. tok. (%) Acc. (%) Fixed

Baseline none 2801 2727K  3.5K 13.89 61.77 20+11

Self-debug self 31.53 3244K 39K 1528 62.33 22+14

Machine machine RCA 23.03 290.8K 29K 28.47 67.59 40425

RCA

Human oracle human annota- 2237 296.9K  3.7K 31.94 68.98 46+29

tion
Our method RCA +memory 2828 319.1K 29K 29.86 68.14 43+24

Table 3: Single re-rollout results on Claude 4.5 Sonnet
trajectories. Overall Acc adds recovered failures to 203
initial successes over 361 tasks.

Original Avg.  Input Output Overall New+
Method turn turns tok. tok. Acc. Acc. (%) Fixed
Baseline 50 38.92 390.3K 3.8K 12.50 61.22 18+15
Self-debug 50 43.76 401.6K 44K 13.89 61.77 20+12
Machine RCA 50 47.13 405.9K 5.1K 21.53 64.82 31+19
Our method 50 47.44 4262K 54K 25.69 66.48 37423
Human oracle 50 4575 419.1K  4.8K 29.17 67.87 42+25

Table 4: Continual re-rollout results on Claude 4.5 Son-
net failures. Overall Acc adds recovered failures to 203
initial successes over 361 tasks.

the second counts cases where the original critical
error is fixed without a new critical error. When the
budget reaches a task-level outcome we addition-
ally report Re-rollout Acc as task completion rate.
The agent trajectory and rollout agent are fixed to
Claude 4.5 Sonnet, and Machine RCA diagnoses
are produced by Gemini 2.5 Pro.

4.5 Continual Re-Rollout Evaluation

Continual re-rollout tests whether diagnostic con-
text helps an agent continue after failure. We use
Claude 4.5 Sonnet 50-step failures, restart Claude
4.5 Sonnet from step 51, and compare direct con-
tinuation, self-debugging, Machine RCA, our full
method, and human annotation guidance. Machine
RCA diagnoses are produced by Gemini 2.5 Pro.
Re-rollout accuracy measures whether the task is
completed after re-execution, while New-+Fixed
uses the same order as Table 3: fixed with a new
critical error, followed by fixed without a new criti-
cal error.

5 Results and Analysis

CUA failures are concentrated in reasoning/con-
trol but remain multimodal. Figure 3 shows
that task reasoning and control accounts for the
largest share of human-labeled failures in the active
benchmark (110/204, 53.9%). This pattern is con-
sistent across the three trajectory sources: Claude
4.5 Sonnet has 76 reasoning/control failures out of
144 annotations, Gemini 2.5 Pro has 15 out of 30,
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Category-level RCA F1
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Figure 4: Category-level RCA F1 for the CUADebugger
trial using Gemini 2.5 Pro as the debugger on Claude
4.5 Sonnet trajectories (144-task split), including the
Others (O) category.

and Qwen 3.5 has 19 out of 30. The remaining fail-
ures span perception (36), grounding/interaction
(25), external/system (13), and Others (20). This
distribution motivates a CUA-specific taxonomy
that explicitly separates visual perception, spatial
interaction, reasoning/control, and system causes,
plus an Others category for failures outside these
four modules.

CUADebugger improves joint diagnosis on the
main annotated split. Table 2 shows that the
tool-augmented RCA agent improves RCA on the
144-case Claude 4.5 Sonnet split. Relative to the
naive prompt baseline, CUADebugger improves L2
accuracy and Tag+Step Exact for all three debugger
backbones. Gemini 2.5 Pro improves from 29.9%
to 36.8% L2 accuracy and from 11.1% to 19.4%
Tag+Step Exact; Qwen 3.5 improves from 19.4%
to 33.3% L2 and from 7.6% to 14.6% Tag+Step;
Claude 4.5 Sonnet improves from 14.6% to 31.3%
L2 and from 4.9% to 15.3% Tag+Step. Under OS-
World’s three-step visual-history setting, the full
tool-augmented inspection package outperforms
the Naive baseline. Because the conditions differ in
both visual interface and interaction protocol, this
comparison does not isolate active step selection or
paired screenshots. Figure 4 further shows where
CUADebugger, using Gemini 2.5 Pro as the debug-
ger, agrees with human labels at the category level
on Claude 4.5 Sonnet trajectories. Appendix A.7
reports the corresponding subtype-frequency com-
parison under the same trial.

Cross-agent RCA remains an important stress
test. The Gemini-agent and Qwen-agent rows
show that RCA behavior changes with both the
failed agent and debugger backbone. Unlike the

Claude split, CUADebugger is not uniformly bet-
ter on every cross-agent row; for example, Qwen
3.5 on Gemini-agent trajectories has a higher
Tag+Step score under the naive baseline than under
CUADebugger, while Gemini 2.5 Pro on Qwen-
agent trajectories benefits from CUADebugger.
These mixed rows also highlight a dependency
of CUADebugger on the underlying model’s ca-
pability: tool inspection can surface the relevant
evidence, but the model must still interpret that ev-
idence and revise its causal hypothesis. Stronger
backbones appear better able to turn inspected ev-
idence into corrected diagnoses, whereas weaker
backbones may show limited gains or no improve-
ment on small cross-agent splits. Because each
cross-agent split contains only 30 trajectories, we
treat these rows as a stress test rather than as a final
model ranking. Across settings, Tag+Step remains
low, confirming that matching both the fine-grained
cause and the exact root step is substantially harder
than predicting a coarse error family.

Single re-rollout: structured RCA improves be-
havioral repair. Table 3 measures whether a di-
agnosis lets the rollout agent fix the original root-
cause mistake. Machine RCA and our method
reach 28.47% and 29.86% Re-rollout Acc, com-
pared with 13.89% for the history-only baseline
and 15.28% for self-debug. Across all 361 tasks,
the corresponding Overall Acc values are 61.77%
for the baseline, 62.33% for self-debug, 67.59%
for Machine RCA, 68.14% for our method, and
68.98% for the human oracle. In root-error out-
comes, the same root error is fixed but followed by
a new error in 40 Machine RCA cases and 43 our-
method cases, and is fixed without a new critical
error in 25 and 24 cases respectively. This repair
setting reflects the same capability dependence as
RCA: pointing out the root error is most useful
when the rollout model can translate the diagnosis
into a different action sequence; weaker models
may still repeat the failure or only partially avoid
it. Because restart source and diagnostic prompt
format differ across rows, Table 3 compares re-
execution packages rather than isolating diagnosis
quality.

Continual re-rollout benefits from accurate
RCA. Table 4 reports continual re-rollout from
Claude 4.5 Sonnet 50-step failures. Direct con-
tinuation, self-debug, Machine RCA, our method,
and human-oracle guidance reach 12.50%, 13.89%,
21.53%, 25.69%, and 29.17% task success, re-
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spectively; their Overall Acc values are 61.22%,
61.77%, 64.82%, 66.48%, and 67.87%. Our
method fixes the first critical error in 60 cases (37
with a new critical error and 23 without), compared
with 33 cases for the baseline and 32 for self-debug.

Why human annotation: evolved taxonomies
are path-dependent. We evaluate a self-
evolving taxonomy with an empty-start, serial
protocol over the pre-filter 144-case Claude 4.5
Sonnet 50-step pool. For each case, Gemini
2.5 Pro actively inspects trajectory steps in a
ReAct-style loop, produces an RCA, and commits
one state operation: reuse an existing subtype,
append a new subtype, refine a subtype definition,
split a subtype, or merge subtypes. The validated
taxonomy state is then passed to the next case,
so each random case ordering induces its own
evolution path. We run four random case orderings;
seed 3 covers all 144 cases on a paid API quota,
with 136 successful outputs and eight max-turn
failures, while seeds 0 to 2 each cover 47 to 55
cases before truncation. Three findings emerge.
(A) Evolved taxonomies do not converge across
orderings. Across the (3) = 6 seed pairs, an
LLM-as-judge under name-strict alignment finds
zero matching subtypes; seed 0 organizes failures
as P—x/OI-«/I-«, while seed 3 uses an eight-
way ACTION/POLICY/EVALUATOR/VISUAL
scheme, and the two cannot be unified by name.
(B) The full-coverage seed does not saturate.
Seed 3 ends with 40 subtypes after 144 cases with
the curve still rising, ruling out a data-quantity
explanation for the divergence. (C) Semantic
structure partially converges even though
naming does not. Projecting each run through
a separate LLM-as-judge mapping back into
CUAErrorBench’s label space recovers 15% to
28% of human subtypes per seed and roughly
40% in the four-seed union. On the 125-case
non-Others subset, the seed 3 self-evolving outputs
achieve 16.0% L1, 4.8% L2, and 25.6% Step
Exact. The separate 144-case main evaluation of
CUADebugger with the human taxonomy reports
53.5% L1, 36.8% L2, and 29.2% Step Exact.
The self-evolving results are post-hoc matched
metrics from the raw 144-case run: eight max-turn
failures and labels mapped to NONE are counted
as incorrect, and L1/L2 use Gemini 2.5 Flash
projection to the human schema; we therefore
treat them as diagnostic rather than as a clean
non-Others rerun. We therefore retain the human

taxonomy as the canonical schema for evaluation
and memory indexing; the self-evolving runs still
recover related error structure.

6 Related Work

Computer-Use Agent Benchmarks. Recent
benchmarks evaluate agents in realistic computer-
use environments, including desktop systems, web
interfaces, and mobile applications (Xie et al.,
2024; Zhou et al., 2024; Koh et al., 2024; Deng
et al., 2023; Rawles et al., 2025; Bonatti et al.,
2024). These benchmarks measure end-to-end
task success without assigning root-cause labels to
failed trajectories. CUAErrorBench complements
these benchmarks by adding human root-cause an-
notations over failed trajectories, which serve as
reference labels for evaluating CUADebugger.

Agent failure analysis and debugging. Prior
work studies agent failure taxonomies, multi-agent
failure attribution, and CUA-specific trust or di-
agnosis problems (Cemri et al., 2025; Shah et al.,
2026; Zhang et al., 2025a; Zhu et al., 2026; Ma
et al., 2026; Liu et al., 2026; Shi et al., 2026; Zhai
et al., 2026). Among these methods, AgentError-
Bench and AgentDebug are the closest to our set-
ting; they study root-cause debugging for general
LLM agents in ALFWorld, GAIA, and WebShop
(Zhu et al., 2025). Our work focuses on the CUA
setting, where decisive evidence is often multi-
modal and interaction-level: screenshots, target
grounding, temporal screen transitions, and low-
level GUI mechanics. CUADebugger combines
CUA-specific human annotations with visual in-
spection and episodic memory over agent inten-
tions and screen outcomes. We use OSWorld state
replay to evaluate the resulting re-execution guid-
ance.

Multimodal information flow. Recent modular
multimodal systems decouple visual evidence ex-
traction from downstream reasoning. SeeingEye,
for example, uses an agentic vision translator with
tools such as OCR and crop to produce structured
intermediate representations for text-only LLM rea-
soning (Zhang et al., 2025b). CUADebugger ap-
plies this separation to causal analysis of failed
CUA trajectories.

Learning from failure. Language agents can im-
prove from reflection, experience, retrieval, and
memory (Yao et al., 2023; Shinn et al., 2023; Zhao
et al., 2024; Wang et al., 2024; Hu et al., 2026).
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BacktrackAgent detects errors online and back-
tracks during task execution (Wu et al., 2025).
We study post-execution causal localization with
a human-annotated CUA failure benchmark and a
tool-augmented RCA agent. The RCA agent re-
turns a structured diagnosis containing evidence, a
taxonomy label, and a correction. We evaluate the
correction through controlled re-rollout and store
the diagnosis as reusable memory.

7 Conclusion

We studied where CUA agents fail, whether a
tool-augmented RCA agent improves over the
Naive Baseline while matching human root-cause
judgments, and whether RCA can guide re-
execution. We introduced a CUA-specific tax-
onomy, the human-annotated failure benchmark
CUAErrorBench, and the tool-augmented RCA
agent CUADebugger, which produces re-execution
guidance. Reasoning/control accounts for 53.9%
of benchmark failures, alongside perception and
grounding/interaction cases. On the main anno-
tated split, CUADebugger improves joint diagnosis
over the Naive Baseline; this comparison evaluates
the full tool-augmented RCA package and does not
isolate step inspection. RCA-based re-rollout pack-
ages improve task recovery under our protocols,
and the continual setting approaches the human-
oracle result.

Limitations

Our most complete evidence comes from Claude
4.5 Sonnet failures: the failure analysis, the Naive-
vs-CUADebugger RCA comparison, and the single
and continual re-rollout experiments. The smaller
cross-agent RCA splits show how the method be-
haves when the trajectory source and debugger
backbone change, but they are too limited to sup-
port a general backbone ranking. The single re-
rollout conditions differ in restart-step source, di-
agnostic prompt format, and diagnosis source. We
therefore treat task accuracy and critical-error out-
comes for Baseline, Self-debug, Machine RCA,
Human oracle, and CUADebugger as a package
comparison rather than a fully matched ablation.
Matched re-rollout ablations should test how sub-
type prediction, exact root-step localization, and
evidence quality affect behavioral repair. We an-
notate and evaluate only on OSWorld. Future
work should test CUADebug on other computer-
use benchmarks.
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A Prompts, Annotation Protocol, and
Additional Analyses
A.1 RCA Prompt and Tool Schemas

The RCA methods in Section 3.1 use
the prompt and tool interfaces be-

low. The implementation sources are
debugger/profiling/run_plain.py,

debugger/rca.py, and
debugger/tools/__init__ .py. The

live prompt uses the subtype inventory in Ap-
pendix A.5; the schemas below reference that
inventory instead of reproducing the full table.

The naive RCA baseline follows OSWorld’s
visual-history setting. In one call with no tool ac-
cess or memory, it receives the task, full textual
trajectory, taxonomy table, and result screenshots,
then returns the same RCA JSON fields as CUADe-
bugger.

RCA prompt-only baseline

System:
You are a debugging assistant analysing a
failed GUI-agent trajectory.

Your job is to identify:
(a) the root error step: the single step
number where the failure
originates, not just where it surfaces;
(b) the taxonomy_tag: the subtype code from
the taxonomy table that
best describes the root cause.

Error Taxonomy:
[P/G/R/S/O subtype table from Appendix CUA
Error Taxonomy Subtypes]

Return ONLY a single valid ASCII JSON object
with no markdown fences,
no prose, and no trailing text:

{

"root_error_step": [int],
"taxonomy_tag": [str; one subtype code]l,
"evidence": [str; 1-2 sentences citing
action/error/state evidence],
"correction": [str; what the agent should
have done at that step],
"confidence": [float between 0 and 1]
}
User:

[task instruction]
[full textual trajectory: per-step action type,
action code, error,
reward/done status, reasoning, and optional
tool use]
[result screenshots of the last N steps, when
enabled]

Identify the root error step and taxonomy tag.
Output JSON only.

Tool-augmented RCA system prompt

<role>
You are an expert GUI agent trajectory
debugger. Use the provided tools to
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Tool-augmented RCA system prompt (con-

tinued)

analyze a trajectory step by step, then submit
your findings.
</role>

<workflow>
1. The user first message includes a step
index showing each step’s action_type,
whether it had an execution error, and
whether a screenshot exists. Use it
to pick which steps to inspect.
2. For each suspicious step, such as a step
with an execution error, a step after
a failed step, a repeated action, or the
terminal step of a failed
trajectory, call get_step_details.
3. get_step_details returns the input
screenshot (what the agent saw before
acting) and the result screenshot (screen
state after the action). Compare
them to identify perception, grounding,
interaction, or outcome errors.
4. Look for patterns across steps: repeated
errors without correction, stale
variable references, wrong UI targets, or
an environment that was not ready.
5. When you have inspected all relevant steps,
call finish() with the complete
structured RCA record.
</workflow>

<taxonomy>

Use the CUA taxonomy appendix: P, G, R, S, and
O top-level labels with their

fine-grained subtype codes.

</taxonomy>

<annotation_rules>

— Label the root-cause error, even when
downstream effects manifest differently.

— Perception vs. Grounding: misunderstanding
visible content is P; understanding

the content but targeting the wrong location
or interacting incorrectly is G.

— Prefer fine-grained subtype codes (P1l, G2,
R10, sS4, etc.).

</annotation_rules>

## RCA Mode: Find the Single Root Error Step

Your task is Root Cause Analysis, not general
debugging.

Goal: identify the single earliest step N such
that N <= F, where F is the

Terminal Failure Step (the last step of a
failed trajectory), and the mistake at

step N is the direct cause of subsequent
failures.

Backward-tracing procedure:
1. Use get_step_details to inspect steps. It
returns textual details plus the
input screenshot and result screenshot.
2. Identify F = the terminal failure step from
the trajectory summary.
3. Walk backwards from F. For each candidate
step, call get_step_details to
check whether it contains an independent
mistake or merely inherited the
failure from an earlier step. Compare the
input screenshot against the
action to identify perception or grounding
errors.
4. Stop when you find the earliest step that
introduced a new mistake. That is
step N = root_error_step.
5. Call finish() with root_error_step=N,
taxonomy_tag, evidence, correction,
confidence, and per_step_summaries.

Per-step summaries for rerollout:
For every step inspected with get_step_details,




Tool-augmented RCA system prompt (con-

tinued)

include one entry in
per_step_summaries:
- intent_summary: infer the agent’s intended
action from action code, reasoning,
and tool use.

— outcome_summary: infer the observable result
by comparing the input screenshot
against the result screenshot and using
execution metadata only as support.

— summary_source: always set to "
debugger_inspected".

After each get_step_details result, write a
short plain-text observation before
requesting more tools. Older screenshots may

be compressed out of history, but
the written observation remains.

Confidence guidance:

- 0.9-1.0: clear single root cause with a
strong causal chain.

- 0.7-0.89: likely root cause with some
ambiguity.

- 0.5-0.69: multiple plausible candidates;
this is the best guess.

- < 0.5: weak evidence; still call finish and
note the uncertainty.

Initial user prompt and retrieved memories

Perform Root Cause Analysis on this failed
trajectory:

[trajectory summary with task, app, step index,
terminal status, and failure step]

The trajectory is already loaded. You can
directly call get_step_details to

inspect steps. Work backwards from the
Terminal Failure Step, then call finish()

with the root_error_step, taxonomy_tag,
evidence, correction, and confidence.

If retrieved memories are available:

Below are some past memories retrieved as
potentially relevant based on semantic

similarity. They are not guaranteed to apply;
evaluate each one against the

current trajectory before using it. If none
match the current situation, ignore

them and reason from scratch.

Example k:

[memory title, trigger condition, failed
action, corrected action,

distinguishing feature, evidence, taxonomy tag,
and source episode reference]

RCA tool schemas

Tool: get_step_details
Description:
Get full details for a specific step: action
code, execution error, agent
reasoning, reward, done status, plus two
screenshots: the input screenshot
before the action and the result screenshot
after the action. In RCA mode,
these details are used to write
intent_summary and outcome_summary.
Input schema:
{
"type": "object",
"properties": {
"step_num": {

RCA tool schemas (continued)

"type": "integer",
"description": "The step number to
inspect."
}
by
"required": ["step_num"]

Tool: finish
Description:
Submit the final RCA result after
identifying the root error step.
Input schema:
{

"type": "object",
"properties": {
"root_error_step": {
"type": "integer",
"description": "Earliest root-cause

step N, where N <= terminal step F."
by

"taxonomy_tag": {
"type": "string",
"enum": [
"pl", "p2", "P3", "P4", "P5",
"G1M, "G2", "G3", "G4",
"R1M", "R2", "R3", "R4", "R5", "RE",
nR7M, WRgM,

"R9", "R1O0", "R11", "R12", "R13",
DEY, TERT, TSYY, T84T, U3ET, 08EY,
ng7m,
"o1m,
wpnw, wmgn wgm wgm o wgm
1,
"description":
subtype code."
b

"Prefer a fine-grained

"evidence": {
"type": "string",
"description": "Grounded evidence from

action code, errors, or screenshots."

e

"correction": {
"type": "string",
"description": "Concrete action or

strategy that should have been used."
b
"confidence": {
"type": "number",
"minimum": 0.0,
"maximum": 1.0,
"description": "Confidence that this
is the true root-cause step."
I
"per_step_summaries": {
"type": "array",
"items": {
"type": "object",
"properties": {
"step_num": {"type": "integer"},
"intent_summary": {"type": "string
"},
"outcome_summary":
string"},
"summary_source": {
"type": "string",
"enum": ["debugger_inspected"]

{"type": "

}

I

"required": [
"step_num",
"intent_summary",
"outcome_summary",
"summary_source"

}

by

"required": [
"root_error_step",
"taxonomy_tag",
"evidence",
"correction",
"confidence",
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RCA tool schemas (continued)

"per_step_summaries"
]
}

When the RCA prompt includes a lesson table,
the debugger exposes three retrieval tools along-
side get_step_details and finish. Each
retrieval tool returns candidate evidence, which the
model must verify against the current screenshots
and action trace.

Additional RCA lesson tools

Tool: lookup_lessons_by_taxonomy
Purpose:
Return additional distilled lessons that
share a taxonomy code.
Input:
taxonomy_tag: subtype or top-level code, e.g.
"G1l" or "R1O"
top_k: optional integer in [1,10], default 3

Tool: search_lessons_by_app
Purpose:
Return lessons from a specific app,
optionally filtered by taxonomy.
Input:
app_id: application identifier, e.g. "chrome
" or "vs_code"
taxonomy_tag: optional subtype or top-level
code
top_k: optional integer in [1,10], default 3

Tool: follow_episodic_ref
Purpose:
Resolve a lesson’s episodic_ref into a
compact source-trajectory summary.
Input:
episodic_ref: UUID string carried by a
retrieved lesson

A.2 Re-Rollout Prompt Variants and Tools

The re-rollout variants below replay the original
environment to a cutoff state before continuing
the task. They differ in diagnostic context; in the
single re-rollout experiment, Machine RCA uses
its predicted root-cause step, whereas the other
conditions use the human-labeled step.

The history-only baseline receives the task and
previous action history without RCA-derived con-
text.

History-only re-rollout prompt

RE-ROLLOUT CONTEXT

Task: [task instruction]

Previous result score: [score] (target: 1.0)

The agent previously attempted this task for [
N] steps but did not complete it

successfully. You are continuing from step [
cutoff+1].

PREVIOUS TRAJECTORY SUMMARY (Steps 1-[N])
Step 1: [OK/ERR/ ] [action_code]
Error: [execution error, if any]

History-only re-rollout prompt (continued)

NOTE: No repair recipe available for this
trajectory.

Review the step history above to identify what
went wrong.

RE-ROLLOUT INSTRUCTIONS
— The environment is now in the state it was
in after step [cutoff].
- You are starting from step [cutoff+l].
— Complete the task as efficiently as possible.

The self-debug baseline uses the same replayed
state and action history as the history-only baseline
and asks the acting model to diagnose its previous
attempt before choosing the next action.

Self-debug re-rollout prompt

SELF-DEBUG RE-ROLLOUT CONTEXT

Task: [task instruction]

Previous result score: [score] (target: 1.0)

A previous attempt reached step [N] and failed
or only partially succeeded.

The VM has replayed that attempt through step
[cutoff].

You are now continuing from the current screen
state.

PREVIOUS TRAJECTORY SUMMARY (Steps 1-[N])
Step 1: [OK/ERR/ ] [action_code]
Error: [execution error, if any]

SELF-DEBUG INSTRUCTIONS

No expert RCA, taxonomy label, human
correction, or debugger diagnosis is

available. Do not assume the previous attempt
was correct just because it was

replayed.

At your first inference step, inspect the

current screen and briefly self-debug:

1. What was the previous attempt trying to
accomplish?

2. What likely went wrong or remains
unfinished?

3. Does the current screen contain side
effects that need recovery?

4. What is the smallest concrete next action?

Then continue the task from the current state.
Avoid repeating a failed action

pattern unless the screen clearly shows it is
now valid. Call DONE only when the

original task is visibly satisfied. Call FAIL
only when the current environment

prevents completing the requested task.

Machine RCA, Human oracle, and CUADebug-
ger use the same re-rollout template with differ-
ent diagnosis sources. Machine RCA supplies a
machine-generated diagnosis without memory re-
trieval, Human oracle supplies the human anno-
tation, and CUADebugger supplies the memory-
augmented RCA package.
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RCA-guided re-rollout prompt

RE-ROLLOUT CONTEXT

Task: [task instruction]

Previous result score: [score] (target: 1.0)

The agent previously attempted this task for [
N] steps but did not complete it.

You are continuing from step [cutoff+l].

PREVIOUS TRAJECTORY SUMMARY (Steps 1-[N])
Step 1: [OK/ERR/ ] [action_code]

DEBUGGER-INSPECTED STEP SUMMARIES

Step [k] [debugger_inspected]
Intent: [intent_summary from RCA]
Outcome: [outcome_summary from RCA]

REPAIR RECIPE

Historical root error: Step [root_error_step]
(error type: [taxonomy_tagl)

[confidence: confidence]

Rerollout start state: the VM has replayed the
original trajectory through

step [cutoff]. This is the current state to
repair; inspect the screen before

acting.

Failed pattern to avoid:
[RCA evidence]

Do instead:
[RCA correction]

Next action policy:

1. First check whether the current screen
still contains side effects from
the failed path.

2. If recovery is needed, do the smallest
recovery step before applying the
correction.

3. Then execute the corrected approach
directly; do not repeat the failed
pattern above.

Completion check:
- The final visible/application state must
satisfy the original task.
- Save or apply changes when the task
modifies a file or setting.
— Once the success condition is visible,
call DONE instead of continuing.

All re-rollout variants use OSWorld’s base
computer-use interface for mouse and keyboard ac-
tions, screenshot observation, and terminal DONE/-
FAIL actions. In RCA-guided runs, the runner in-
vokes visual helpers after each action and appends
their outputs as [SCREEN UPDATE step t]
context. The runner generates these side-channel
observations; the acting model does not call the
helpers directly.

Re-rollout visual side-channel tools

Base acting interface (all methods)
computer—-use actions: mouse clicks, keyboard
input, screenshots
terminal actions: DONE, FAIL

smart_grid_caption_from bytes (screenshot,
query)
Summarizes visible screen evidence relevant
to the current action intent.

Re-rollout visual side-channel tools (contin-

ued)

local_visual_search_from_bytes (screenshot,
query, target)
Searches local screen regions for the
intended target or related evidence.

ground_text_bbox_from_bytes (screenshot,
text_query)
Returns bounding boxes for visible text
matching the query.

text_region_ocr_from_bytes (screenshot)
Extracts visible text snippets and
approximate screen locations.

gui_grounding_from_bytes (screenshot, query,
model, screen_w, screen_h)
Predicts target pixel coordinates for the
current semantic action intent.

Runner-added context:
[SCREEN UPDATE step t]
Screen: [caption/evidencel]
Target: [local visual-search evidence]
Text bbox: [text grounding output]
Visible text: [OCR snippets]
Target pixel: ([x], [y]

A.3 Human Anneotation Details, Instructions,
and Consent

Six trained researchers annotated the failed CUA
trajectories used in CUAErrorBench. Before anno-
tation, annotators received a briefing on root-cause
debugging, the CUA error taxonomy, and the dis-
tinction between terminal symptoms and the ear-
liest causal mistake. Annotations were collected
with a Streamlit-based front-end tool implemented
in debugger/vis. The tool loads assigned tasks
and linked trajectory artifacts from a trial directory,
opens the selected trajectory directly for inspection,
and exposes the task instruction, terminal status,
debugger RCA proposal, optional recording video,
and a step-by-step trajectory view with screenshots,
click markers, action code, execution metadata,
accessibility-tree text, and the agent’s LLM reason-
ing. Annotators entered or updated the root-cause
step, taxonomy label, evidence, correction, confi-
dence, and notes directly in the interface; the tool
saved per-annotator entries into the shared annota-
tion files.

Figure 5 shows the annotation platform used in
this process. The interface places the task, tra-
jectory metadata, agent reasoning, tool-use traces,
screenshots, recordings, and annotation fields in
one workspace. Annotators can inspect each failed
trajectory step by step and record its root cause
without switching files.

Annotators first verified the terminal failure
symptom, then traced backward through the tra-
jectory to identify the earliest step that introduced
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Trajectory (50 steps, 0 errors)

il

144/158

Figure 5: Annotation platform for CUAErrorBench. Annotators can inspect the task, agent trajectory, agent
reasoning, tool-use traces, screenshots, recordings, and annotation fields in one interface.

a new causal error rather than a downstream con-
sequence. For each trajectory, annotators recorded
the root-cause step, the most specific taxonomy
label available, grounded evidence from the tra-
jectory, an actionable correction, and a confidence
value. Annotators grounded each root-cause deci-
sion in concrete trajectory evidence, such as visible
UI state, selected elements, action code, execution
errors, or mismatches between the agent’s stated
intention and the observed screen outcome. They
also specified what the agent should have done
differently at the root-cause step.

Six trained researchers shared a load-balanced
workload. For each of the 204 paper-usable ex-
amples (N = 204), two researchers separately
recorded first-pass annotations before discussion.
Annotators could view and verify the machine pro-
posal in the interface. The pre-adjudication exact-
agreement rates were 85.8% for the root-cause
step, 94.6% for the L1 category, and 85.8% for

the L2 subtype. When the two first-pass annota-
tions disagreed, the annotators discussed the case
and recorded an adjudicated final decision used as
the reference label. All annotators were members
of the research team, were informed that their anno-
tations would be used for research and publication,
and consented to this use. The annotation data con-
tains task- and trajectory-level labels rather than
private information about annotators.

A.4 Example Human Annotation

Table 5 shows one CUAErrorBench example from
an OSWorld LibreOffice Calc task. The exam-
ple illustrates why root-cause annotation requires
localizing the step where the trajectory becomes
causally wrong rather than only describing the final
failed spreadsheet.
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Field Annotation content

Task Compute monthly total sales in a new row
named “Total” and create a line chart with
months on the x-axis.

Trajectory OSWorld, LibreOffice Calc, 50-step CUA

source trajectory.

Human Two human annotators assigned the same

agreement root-cause step, taxonomy subtype, and
high confidence.

Root-cause Step 21.

step

Taxonomy la-
bel

P2: Misrecognition / OCR error.

Evidence The agent reasoned that the “Points and
Lines” chart subtype was already selected,
but the screenshot showed that “Points
Only” was highlighted. It then contin-
ued through the chart wizard, producing a
chart with points but no connecting lines.

Correction Select the “Points and Lines” subtype be-
fore continuing in the chart wizard.

Why this is The final artifact is a wrong chart, but the

root-cause su- root-cause step is the earlier visual recog-

pervision nition mistake in the chart-type dialog; re-

pairing that step changes the downstream
execution.

Table 5: Example CUAErrorBench human annotation.

A.5 CUA Error Taxonomy Subtypes

Table 6 lists the fine-grained subtype definitions
used for L2 evaluation and memory indexing. The
Others category includes O1, Infeasible task, as
one of its subtypes.

A.6 Benchmark Coverage by Application and
Subtype

Table 7 reports benchmark support by trajectory
source, application, and human-labeled subtype.
The 204 cases span all 10 application groups and
22 of the 30 P/G/R/S/O subtypes. The benchmark
contains no examples for G2, G4, R6, R12, R13,
S1, S2, or S5; these entries remain taxonomy def-
initions without empirical support in the current
data.

A.7 Additional Debugger Behavior Analysis

Figure 6 compares subtype frequencies from hu-
man labels and CUADebugger predictions, using
Gemini 2.5 Pro to debug Claude 4.5 Sonnet trajec-
tories.

Tag Frequency: Model vs Human

Claude 4.5 Sonnet trajectories | Gemini 2.5 Pro debugger
0.200
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Figure 6: Subtype-frequency agreement with human
labels for the CUADebugger trial using Gemini 2.5 Pro
as the debugger on Claude 4.5 Sonnet trajectories.
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Code Subtype Definition
P1 Visual hallucination The agent perceives objects, text, or Ul elements that are not present.
P2 Misrecognition / OCR error Relevant content is visible, but the agent identifies or parses it incorrectly.
P3 Cross-modal misbinding The agent incorrectly associates information across modalities, screen regions, or
UI elements.
P4 Observation omission The agent fails to notice necessary visible information.
P5 Semantic misunderstanding The agent sees the content correctly but misinterprets its meaning for the task.
Gl Coordinate / element ground- The agent targets the wrong coordinates, Ul element, DOM node, or spatial region.
ing error
G2 Visibility / accessibility error  The intended element is off-screen, occluded, hidden, disabled, or otherwise not
interactable.
G3 Interaction mechanics error The agent uses the wrong click type, drag behavior, gesture, text-entry method, or
input sequence.
G4 Distraction / adversarial misdi- The agent is redirected by ads, overlays, pop-ups, decoys, or other distractors.
rection
R1 Constraint violation The agent ignores an explicit task constraint or requirement.
R2 Impossible plan / impossible The agent plans an action sequence that is logically or physically impossible in the
action current state.
R3 Decomposition failure The agent decomposes the task into incorrect subgoals, missing steps, or the wrong
order.
R4 Inefficient / redundant strategy The plan is valid in principle but wastes steps or repeatedly pursues low-value
actions.
RS Action-intent misalignment The executed action does not match the agent’s stated plan or reasoning.
R6 Invalid / malformed action The agent emits a syntactically invalid action or calls a non-existent tool/APIL
R7 Parameter / argument error The action type is appropriate, but its parameters or arguments are wrong.
R8 Context loss /  over- The agent drops critical information from earlier observations, instructions, or
simplification intermediate results.
R9 Memory hallucination The agent asserts a false memory of a previous observation, result, or action.
R10 Progress misjudgment The agent incorrectly judges task completion, either stopping too early or failing
to stop.
R11 Outcome misinterpretation The agent misreads feedback from the environment after an action.
R12 Failed self-correction The agent detects a problem but applies an ineffective or incorrect fix.
R13 Causal misattribution The agent explains the failure with the wrong cause and therefore chooses the
wrong repair.
S1 Rendering / layout failure The interface fails to render correctly or places elements in an invalid layout.
S2 Timing / race condition Environment response timing causes an otherwise valid action to fail.
S3 Unexpected system behavior  OS dialogs, permission prompts, notifications, or unrelated system events interfere.
S4 Step / resource limit A viable strategy is blocked by step, token, time, rate, or compute limits.
S5 Tool / API failure An external tool or API fails independently of the agent’s decision.
S6 Environment instability The environment is buggy, non-deterministic, disconnected, or crashes.
S7 Benchmark / evaluation arti- The task specification, ground truth, or metric is ambiguous or incorrect.
fact
01 Infeasible task The task is designed to be impossible to complete; the agent fails to recognize this

and attempts the task anyway instead of reporting it as infeasible.

Table 6: Fine-grained CUA error taxonomy.
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Application coverage

Application Claude Gemini Qwen Total
Chrome 20 4 4 28
GIMP 11 2 2 15
LibreOffice Calc 12 4 4 20
LibreOffice Impress 20 4 4 28
LibreOffice Writer 8 4 4 16
Multi-app 47 4 4 55
os 6 1 1 8
Thunderbird 5 3 3 11
VLC 8 3 3 14
VS Code 7 1 1 9
Total 144 30 30 204

Subtype coverage
Tag Claude Gemini Qwen Total Tag Claude Gemini Qwen Total

P1 2 0 0 2 R7 9 2 4 15
P2 8 0 0 8 R8 2 0 0 2
P3 1 0 0 I R9 1 1 0 2
P4 7 3 1 11 RI10 17 1 0 18
P5 7 5 2 14 RI11 6 1 0 7
Gl 8 6 7 21  RI2 0 0 0 0
G2 0 0 0 0 RI13 0 0 0 0
G3 3 0 1 4 S1 0 0 0 0
G4 0 0 0 0 S2 0 0 0 0
R1 8 1 2 1S3 1 0 0 1
R2 2 0 0 2 S4 1 0 0 1
R3 7 5 11 23 S5 0 0 0 0
R4 20 0 1 21 S6 1 0 0 1
R5 4 4 1 9 S7 10 0 0 10
R6 0 0 0 0 Ol 19 1 0 20

Table 7: Coverage of the 204-case CUAErrorBench by application, human-labeled P/G/R/S/O taxonomy subtype,
and trajectory source. Claude denotes Claude 4.5 Sonnet trajectories, Gemini denotes Gemini 2.5 Pro trajectories,
and Qwen denotes Qwen 3.5 trajectories. Counts are support statistics, not per-stratum performance estimates.
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A.8 Qualitative Debugger Case Studies

Figures 7 to 10 present representative aligned and
boundary cases. In aligned cases, the debugger
matches the human root-cause label and step; in
boundary cases, it produces a plausible alternative
causal explanation.
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Perception vs. Reasoning | Observation Omission

Task: Find the "Next Available" dates for Di d campground.
Human: P4@33 vs Debugger: R10@33
Debugger labels R10 (premature reasoning), but the agent never observed the data — that is P4. chrome | b4f95342

Step 18 context partial sample

Only the rows visible on screen are inspected; the agent

never scrolls the table.

Agent thought: Perfect! I'm back on the Campsite List tab. | can

S OO EEE o see: 1. The notification again: "Availability Is not yet released
2 e ='°‘"5 actually seen for standard campsites. Check back on Décember 10, 2025 to view

avallabity” 2. The calendar shows Aprl dates (10-19) with all

sites showing “FE" which likely stands for *irst-come, Firs
ik Sansed Lot e close ths notfcatian and Iook atthe date 1 range

: - ce It | can navigate to see more specific
“eninlelenals ~ 't Agent action: left_click at (627, 379)
— L —1 4
Step 19 evidence wrong Ul concept

The agent treats the date-pager as a 'next available'
control.

Agent thought: Good! Now | can see the campsite list more clearly,
The table shows: - Sites: ADDL, ADD3; AQD4, AQS, AO0E; AQOT, A008
showing Aprii 10-1 - All entries show *
reiome. e served) Based on the Information lve galhered
let me provide a summary. However, | want to check If |
beyond April by clicking the “Next Avallaple" of forward
navigation to see if there are other availa
Agent action: left_click at (578, 380)

Step 20 evidence range changed

The agent has shifted to a new date range without
reading the old one fully.

Agent thought: Interesting! The view has changed and now | can see

5 ones unread different sites with "A" markers instead of "FF". The dates now
: elelel=Wlele]e ]2 show late April to early May (24-3). | can see: - G - Diamond
- A A" for al dates (Aprl 24 - May 3) - GRP 18 - Dlamond with
"A" for all dates 2 - Diamond Il dates The
B S JE notfication s back again Let me <lose I and ook at what A"
. means. Let me scroll down to see If.
Slelelalelelala] s P - Agent action: eft click at (627, 379)
(] [
Step 21 evidence more partial evidence

Agent sees a few more group-site rows but still never
scrolls to see all sites.

Agent thought; Good! Now | can see more group sies: - GRP 14

Dlamond (with A" for alldates from April 24 - May 3). GRP. 18-
Diamond (with "A" for all dates) - GRP 2 mamonu (wieh *A" for
fomone gulth A" fo oI

individual sites or if | can find a legend explaining
Agent action: scroll down 3 at (390, 550)

Step 33 RrooT debugger X R10 — actual: P4
slefefefelel=l- P i "': Debugger says the agent 'misjudged progress' (R10); the
screenshot shows the agent never had the data to judge
LD 0 E 60D S in the first place — P4.
BRRnoo oo Agent thought: Good! | can see more information. A popup appeared

showing "Site A09 - Loop A" with "STANDARD NONELECTRIC". | can
also see the tooltip showing the explanation for "FF" sites,
me close both the legend and the popup to get a cleaner view;
Agent action: left_click at (983, 256)

rows actually seen

Step 37 downstream final answer

% The y inherits the data flaw.

based on
incomplete data Agent thought: Perfect! Now | have a clean view. Based on all the
the

information I've gathered, let me provide a summary of th
findings: # # Summary of Next Avallable Dates for Diamond
Campground: Based on my research on Recreation.gov for Diamond
Campground (Uinta-Wasatch ache National Forest. Near Spanish
-------- B Utah), here are the next available dates: ### **Immediate
S s Pualiabinty (Rret.Come. Frek Servedyo+ +-Aprl 10 - Apr
Sl e Agent action: DONE

fc e
oo >

Figure 7: Perception case study: human and debugger labels differ at the same root step.
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Grounding & Interaction | Element Grounding Error

Task: Set Chrome to delete browsing data automatically every time the browser closes.

Human: G1@47 vs Debugger: G1@47
Root issue: clicked the b ks icon thinking it was the i icon.

Crekicion

= o
m.wm‘ click landed here
bookmarks panel
opened
Cleiacim =

panel still open

- - - "UR

~ ger correct

chrome | 99146c54

Step 46 context ready to configure

Extension is installed; agent now plans to open its
settings via the toolbar icon.

Agent thought: Good! | closed one tab. Let me close the remaining
foading tab.
Agent action: left_click at (534, 31)

Step 47 root wrong toolbar icon

Agent says 'extensions icon' but the click lands on the
bookmarks toggle.

Agent thought: Excellent! The extension has been successfully
installed! | can see the button now says "Remove from Chrome"
instead of *Add to Chrome", which means Click&cClean is now
installed. Now | need to corifigure it to automatically delete
browsing data when the browser closes. Let me look for the
extension icon In the toolbar. | should check if there's an
extension icon | can click to access the settings. Let me look at

the
Agent action: left_click at (1106, 60)

Step 48 evidence misdiagnosed cleanup
Agent r 'l clicked ks' but the P
click also misses.

Agent thought: | clicked on the bookmarks icon. Let me close this
and instead look for the extensions icon. | need to find the

puzzle piece icon which represents extensions, or | can right-

click on the extension icon if it's in the toolbar. Let me close

this bookmarks panel first.

Agent action: left_click at (1259, 93)

Step 50 downstream URL-bar fallback

Agent gives up on the toolbar and types
chrome://extensions instead.

Agent thought: | need to access the extension settings. Let me try
accessing It through chrome://extensions page where | can manage

the extension settings directly.

Agent action: press 'Return’

Figure 8: Grounding case study: the debugger matches the wrong-toolbar-icon root cause.
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Task Reasoning & Control | Progress Misjudgment e AT
Task: Make the background of the image transparent.

Human: R10@15 vs Debugger: R10@15

Root issue: declared success while visible background remained.

ginp | 2a729ded

Step 12 context first delete
The first deletion removes only part of the sky.

Agent thought: Perfect! | can see that the background has been
selected - notice the *marching ants" (dotted lines) around the
selected areas. The status bar at the bottom shows "207, 153"
pixels selected. Now | need to delete this selected background.
Il press the Delete key:

Agent action: press ‘Delete’

Step 13 context partial cleanup

The agent ri cleanup is and clicks
another blue region.

Agent thought: Excellent! The background is now partiall
fransparent! You can see the checkerboard pattern (gray and white
squares) which Indicates transparency in GIMP. However, | notice
there’s stll some background remaining at the bottom of th
image. Let me select and delete that area too. Il click on that
remaining biue area

Agent action: left_click at (450, 540)

Step 14 evidence blue remains
Deleting again still leaves obvious sky-colored pixels.

Agent thought: Good! | can see the bottom area is now selected
(indicated by the marching ants). Now let me delete this selected
area as well

Agent action: press Delete’

Step 15 Rroot premature success

The success claim contradicts the screenshot.

Agent thought: Perfect! The background is now completel
transparent! You can see the checkerboard pattern throughout the
background area, which indicates transparency. Now et me deselect
the selection (remove the marching ants) and then save the file
with transparency. Let me first deselect

Agent action: left_click at (113, 51)

Step 23 downstream exported unfinished image
The trajectory ends after exporting the unfinished
image.

Agent thought: Perfect! The image has been successfully exported! |
can see at the bottom of the screen the status message: "Image
exported to _with,_t d. The
title bar also now shows *[dog_with_background] (exported)" which
confirms the export was successful. +*Summary:** I've successfully
made the background of your image transparent! Here's what was
done: 1. [] Converted the image to RGB color.
Agent action: DONE

Figure 9: Reasoning/control case study: the debugger matches premature success with unfinished work visible.
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External / System | Evaluation Artifact
Task: Export an Impress file to res.png on the Desktop using default PNG export settings.

Human: S7@14 vs Debugger: G1@11

Debugger labels G1 (missed OK click), but the dialog closed and res.png exists on disk — that is S7. Ubreoffice impress | 4554366

Step 10 context export prepared

Filename, location, and PNG format are all set up
correctly.

correct export
log

Agent thought: Perfect! The filename has been changed to "res”. Now
Tcan cation: Desktop (as shown in the navigation path) -
Filename: res - Format: PNG - Portable Network Graphics (.png)
Everything is set correctly. Now Il click the "Save" button to
export the file
Agent action: left_click at (1034, 67)

Step 11 evidence debugger's claim

Debugger says the OK click landed in the Size panel, not
on

Agent thought: Great! A "PNG Options" dialog has appeared with
Varlous export settings. The user mentioned to follow the default
export settings, 5o | can see: - Size section with dimensions
(Width: 47.41 cm, Height: 26.67 cm) - Resolution: 37 pixels/cm -
Compression: 6 - Mode: Interiaced (checked) - Drawing Objects
Save transparency (checked) - Information: The image needs about
5292.0 KB of memory Since these are the default.

Agent action: left_click at (768, 530)

click landed here

Step 12 evidence counter-evidence #1

Dialog has closed and we're back in Impress — exactly
back in Impress what a successful OK click looks like.
(dialog closed)

Agent thought: Perfect! The export has been completed successfully.
The dialog has closed and we're back to the LibreOffice Impress
window. The file “res.png” should now be saved on the Desktop. Let
me verify that the file has been created by opening the file
manager to check the Deskto

Agent action: left_click at (23, 404)

Step 13 evidence counter-evidence #2

res.png is visible on the Desktop — the file the task
asked for.

Agent thought: Good! The file manager has opened and | can see we're
currently in the Home directory. | need to click on "Desktop” in
the left sidebar to navigate to the Desktop folder where the
res.png file should be saved,

Agent action: left_click at (90, 139)

res.png on Desktop
task done Step 14 roor debugger X G1 — actual: S7

Agent produced the requested file; the only remaining
failure is benchmark-side. That's S7, not G1.

Agent thought: Excellent! The export was successful! | can now see
the Desktop folder contents, and there is the “res.png* file
clearly visible with a preview thumbnail showing the presentation

Agent action: DOT

Figure 10: External/system case study: human and debugger diagnoses diverge on an evaluator-related failure.
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A.9 End-to-End CUADebugger Example

Figure 11 follows one OSWorld task from visible
source evidence through root-cause localization
and re-rollout. The debugger identifies a percep-
tion error at Step 6, records grounded evidence
and a correction, and guides a continuation that
completes the task.
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P1 - PERCEPTION / VISUAL HALLUCINATION

One compact end-to-end debugger example

Task: Find unpaid students in the Calc record and add their emails to Thunderbird. Original agent: Claude 4.5 Sonnet - 12 steps - reward 0.

sieps

e Sromanniverey e

,Ema}g - YSELE Spreadsheet establishes the visual ground truth.
oty Gsomanivarty Yoo The status cells identify the unpaid students directly.

ety et Nancy, Stella
e Yes: Kathy

o e
e Grounded entities must come from these visible rows

Etamanority i Vo

T T T

s s

The next thought introduces the first causal error.

MISMATCH

+Kelly
- Fox

The agent names Kelly, Iron, Nancy, and Stella as unpaid

first error

Kelly is absent; the visible Fox row is omitted.

i
3

PROPAGATED

wrong entity
oGty Thunderbird receives the Step-6 set instead of the visual ground truth.
set enters

.

This is a downstream symptom, not the root cause

step 12

TERTAL The agent declares completion with wrong recipients.

DONE

The trajectory ends with DONE; the environment returns reward 0.
reward 0

task failed

Observed failure closes the causal chain

Step 10 Sl - i i i
| P . The entity error propagates into the GUI action.

DEBUG / Debugger inspection path

get_step_details(6) = compare Step 5 = get_step_details(10) = ° localize Step 6
inspect t6 screen vs. entities trace action first causal error
OUTPUT / Structured debugger record USE / Re-rollout same case - 0t 1
root_error_step taxonomy_tag
6 P1 - Visual hallucination Eeeelhe
-
50 inferred steps
evidence correction
Fox visibly unpaid; Kelly absent Copy entities from visible rows

Debugger-guided

confidence step_summaries .
B 12 replayed + 25 inferred
1.0 5 source > 6 root > 10 symptom > 12 failure
SUCCESS - score 1
Corrected continuation completes the task.
lllustrative same-case recovery. Aggregate continual experiments use Gemini 2.5 Pro; not a pure model ablation case f5c13cdd...d91

Figure 11: End-to-end CUADebugger example. The debugger localizes the first causal error, returns a structured
RCA record, and guides a successful re-rollout.
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A.10 Generative AI Statement

This work utilized generative Al tools to assist with
formatting, generating LaTeX templates, and refin-
ing word choice. The authors reviewed and verified
all Al-assisted content to ensure factual accuracy
and academic integrity.
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