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Abstract

Computer-use agents can execute software
tasks through either graphical interfaces or pro-
grammatic command interfaces, but existing
evaluations confound interaction modality with
differences in tasks, initial states, verifiers, and
permitted actions. We introduce a matched
execution-layer benchmark of 440 desktop
tasks across 18 applications and 12 workflow
categories, where screen-only GUI agents and
skill-mediated CLI agents receive identical
goals, states, and final-state verifiers while be-
ing restricted to modality-native actions. In
this controlled setting, the strongest GUI agent
reaches a 59.1% full pass rate, outperform-
ing the strongest original-skill CLI agent at
48.2%; however, verifier-guided skill augmen-
tation raises CLI success to 69.3%, showing
that much of the CLI deficit comes from incom-
plete skill coverage rather than model capability
alone. These results suggest that GUI and CLI
expose different execution bottlenecks: GUI
agents are limited by reliable grounded inter-
action over long-horizon workflows, whereas
CLI agents are limited by the coverage and
scalability of their skill interfaces.

1 Introduction

A desktop task such as renaming three tracks in
Audacity, editing a slide deck, or constructing a
multi-page diagram in drawio can be executed in
two very different ways: by operating the visible
application interface as a human would (Xie et al.,
2024; Nguyen et al., 2025; Wei et al., 2026a), or by
invoking programmatic skills that manipulate ap-
plication state (Anthropic, 2026b; OpenAI, 2026a;
HKUDS, 2026; Li et al., 2026). Concretely, a GUI
agent observes a screenshot of the visible applica-
tion controls and acts through clicks, drags, typ-
ing, scrolling, and keyboard shortcuts on a sand-
boxed desktop (Xie et al., 2024), while a skill-
∗ Equal contributions. Correspondence to: Yilun Zhao
(yilun.zhao@yale.edu), Chen Zhao (cz1285@nyu.edu).

mediated CLI agent observes the application as a
set of composable operations exposed by a curated
skill layer (HKUDS, 2026; Han et al., 2026) and
acts by invoking those operations. To ensure a fair
comparison, GUI agents are restricted to interact-
ing with applications exclusively through graphical
interfaces, whereas CLI agents are required to com-
plete tasks using application-specific commands
and skills, without relying on shortcuts such as
directly modifying output files. The two settings
therefore differ not only in surface mechanics, but
in how application capability is represented and
made actionable for the agent.

Yet existing evaluations cannot isolate the
effect of interaction modality, because GUI-
focused (Zhou et al., 2024; Drouin et al., 2024;
Rawles et al., 2024; Xie et al., 2024) and
programmatic-agent (Trivedi et al., 2024; Bechard
et al., 2026) benchmarks vary three confounded
factors at once: the applications they target, the
initial states and final-state verifiers they use, and
the action spaces they permit. When all three vary
simultaneously, an outcome success cannot reveal
whether performance differences come from the
model, the task setup, or the interaction modality
itself. A controlled comparison must therefore hold
the task goal, initial state, and final-state verifier
fixed across modalities, while enforcing modality-
native action spaces.

To address these confounds, we instantiate a
matched execution-layer benchmark for GUI and
skill-mediated CLI agents. The benchmark con-
tains 440 desktop tasks spanning 18 applications
and 12 workflow categories, in which both modali-
ties receive identical user goals, initial states, and
executable final-state verifiers. Each task is rewrit-
ten as a modality-neutral instruction describing
only the desired outcome, and each agent is re-
stricted to its modality-native action space (screen-
only operations for GUI, the skill layer for CLI),
so that task content, initial state, and verification
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Figure 1: Overview. A matched execution-layer benchmark of 440 desktop tasks compares GUI and skill-mediated
CLI agents under identical goals, states, and verifiers. Results show that the observed CLI gap is strongly affected
by skill coverage, while GUI embeds procedural execution within the interface.

are controlled while the native action interface is
systematically varied across settings.

Across this benchmark, the strongest GUI agent
(GPT-5.4) achieves a 59.1% full pass rate while
the strongest CLI agent (Codex GPT-5.5) reaches
48.2% under the original CLI-Anything skill layer,
with each modality favoring different workflows:
GUI dominates where the application interface di-
rectly exposes the intended workflow, while CLI is
competitive or stronger where the target state can
be represented as structured artifacts. We further
diagnose how much of the CLI gap is explained by
incomplete skill coverage. Only 37.6% of verifier
checkpoints can be satisfied by the original skill
interface. In a verifier-guided patched-skill set-
ting, where missing skill paths are repaired against
verifier-observed requirements, CLI success rises
to 69.3%. Because this repair process uses verifier
information, we interpret the result as a coverage-
controlled diagnostic upper bound rather than an
out-of-the-box CLI baseline. The remaining gaps
in spreadsheet and web workflows suggest that
modality-specific challenges persist beyond miss-
ing skill operations. The two modalities further
exhibit complementary failure modes, with GUI
agents bottlenecked by visual grounding and long
workflow execution, and CLI agents bottlenecked

by skill coverage gaps and implicit-default recon-
struction. These results reframe the GUI versus
CLI comparison as a question of where execution
logic is engineered: into the application’s visible in-
terface, or into a constructed skill layer that defines
the agent’s available operations.

Our contributions include:

• A controlled execution-layer protocol that holds
the task goal, initial state, and final-state verifier
fixed across GUI and skill-mediated CLI agents
while enforcing modality-native action spaces.

• A benchmark of 440 desktop tasks across 18
applications and 12 workflow categories, with
modality-neutral instructions and executable
checks over final states.

• A diagnostic analysis of skill coverage as a CLI
bottleneck: original skills satisfy 37.6% of veri-
fier checkpoints, and a verifier-guided patched-
skill setting raises CLI success from 48.2% to
69.3%, estimating the recoverable performance
lost to skill-interface incompleteness.

• A taxonomy of complementary failure modes: vi-
sual grounding and long workflow execution for
GUI; skill coverage gaps, implicit-default recon-
struction, and unobservable application seman-
tics for CLI.



2 Related Work

GUI Agents. Recent work has rapidly expanded
both training methods (Qin et al., 2025; Wang et al.,
2025; Wei et al., 2026b; Gan et al., 2026) and
benchmarks (Zhou et al., 2024; Drouin et al., 2024;
Xie et al., 2024) for agents operating through graph-
ical interfaces, spanning web and enterprise envi-
ronments as well as full desktop operating systems.
Across these settings, perceptual grounding, long
action chains, and recovery from layout changes
recur as dominant failure modes, with oracle or
manually grounded actions closing much of the
performance gap (Deng et al., 2023; Zheng et al.,
2024; Aghzal et al., 2026). Because these evalua-
tions are entirely visual, they conflate task, model,
and GUI-modality effects.

CLI Agents and Skills. Another line of work
studies agents that act through programmatic in-
terfaces rather than visual control. Early bench-
marks evaluate execution through APIs, command-
line environments, or direct filesystem access (Liu
et al., 2023; Trivedi et al., 2024; Li et al., 2023;
Bechard et al., 2026; Merrill et al., 2026; Song
et al., 2024), but these settings differ in what they
expose: an unrestricted shell affords arbitrary code,
while a curated skill layer constrains the agent to
a fixed set of application-level operations. Recent
skill-based systems make this latter view explicit:
CLI-Anything packages applications as reusable
command-line harnesses (HKUDS, 2026), and
evaluations of curated skills (Li et al., 2026; Han
et al., 2026) find that the coverage and quality of the
skill layer largely determine downstream success.
Our CLI setting follows this skill-mediated view
rather than treating CLI access as unrestricted cod-
ing, which separates modality effects from general
code-execution capability.

3 Benchmark

Our unified benchmark evaluates agents at the exe-
cution layer by comparing GUI and CLI interaction
modalities under matched task goals, initial states,
and final-state verification.

3.1 Benchmark Scope and Composition

As shown in Figure 2, the benchmark contains
440 tasks across 18 real-world applications and
12 workflow categories. We organize tasks by
workflow rather than by application alone, because
modality effects often depend on the kind of state

Workflow Applications

Visual Design GIMP, Krita, draw.io
Audio Audacity, MuseScore 3
Knowledge Obsidian, Zotero
CAD & 3D FreeCAD, CloudCompare
Graphics Debugging RenderDoc
Documents LibreOffice Writer
Video & Streaming Shotcut, OBS
Spreadsheets LibreOffice Calc
Presentations LibreOffice Impress
Communication Zoom
Game Godot 4
Web Chrome

Figure 2: Benchmark composition across workflows
and applications in the 440-task benchmark, spanning
18 applications across 12 workflow categories.

transformation required: some tasks rely on vi-
sual layout and interface navigation, while others
expose structured artifacts or application-level op-
erations. This composition supports both aggregate
comparison and per-workflow analysis of where
GUI and CLI execution succeeds or fails.

3.2 Benchmark Construction

We construct our benchmark through a three-stage
pipeline, shown in Figure 3, that adapts existing
verifiable desktop tasks into a matched GUI–CLI
evaluation suite.

Stage I: Application and Task Selection. We
start from tasks in OpenComputer (Wei et al.,
2026a) and select applications for which corre-
sponding CLI-Anything (HKUDS, 2026) skills are
available. This ensures that each selected applica-
tion can be exercised through both visual interac-
tion and programmatic execution.

Stage II: Task Rewriting and Curation. We
rewrite the original step-by-step, GUI-oriented in-
structions into modality-agnostic task descriptions
that specify the target outcome rather than a GUI-
specific procedure and curate the resulting task
set to balance the GUI–CLI execution distribution.



Figure 3: Benchmark construction pipeline. We select applications with CLI-Anything skill support, rewrite GUI-
oriented tasks into modality-agnostic task descriptions, curate the task set to reduce interface bias, and manually
validate the resulting tasks.

Specifically, each rewritten instruction is given
identically to both modalities and avoids modality-
specific action sequences where possible. We re-
move tasks whose outcomes depend on one inter-
face or lack a meaningful counterpart in the other
modality. We also add tasks where needed to offset
task-set imbalances.

Stage III: Manual Validation. We manually in-
spect curated tasks to ensure that each task tar-
gets execution-layer capability and can be given
identically to both modalities. This validation
checks both the task objective and its language:
the task should be solvable through either modality
under the benchmark constraints, and the instruc-
tion should avoid modality-specific procedural cues
while specifying a precise target state that is evalu-
ated by the same verifier in both settings.

4 Experiment Setup

We evaluate both modalities on the same bench-
mark, with identical instructions, initial states, and
executable final-state verifiers.

Action Space. To isolate the effect of interaction
modality rather than general coding ability, we re-
strict agents from using unrestricted programming
or direct artifact manipulation to bypass the evalu-
ated interface. We enforce this constraint through
the agent prompts shown in Appendix A.5. In
the GUI setting, agents are restricted to screen-
mediated interaction with a sandboxed Ubuntu
desktop: at each step, the agent receives a screen-
shot and may output only screen-level computer ac-
tions, such as clicking, dragging, typing, scrolling,
and keyboard shortcuts. Direct code execution,
shell commands, and programmatic filesystem or
database edits are disallowed; task-result changes
must be performed through visible GUI operations.
In the CLI setting, agents are restricted to CLI-
Anything skills. The shell may be used to discover
and invoke relevant skills, manage execution, and

perform read-only inspection or verification, but
task-result changes must be made through skill-
provided workflows or application-level commands
rather than direct edits to files, databases, or arti-
facts.

Models. For GUI agents, we evaluate GPT-
5.4 (OpenAI, 2026a), Claude-Sonnet-4.6 (An-
thropic, 2026b), Claude-Opus-4.7 (Anthropic,
2026a), EvoCUA-32B-20260105 (Xue et al., 2026),
Qwen3.5-27B (Qwen Team, 2026), and Kimi-
K2.6 (Moonshot AI, 2026). For CLI agents, we
evaluate two Codex variants, GPT-5.4 and GPT-
5.5 (OpenAI, 2026a,b), and two Claude Code vari-
ants, Claude-Sonnet-4.6 and Claude-Opus-4.7 (An-
thropic, 2026b,a), as CLI baselines.

Evaluation Metrics. Our evaluation follows an
execution-based protocol: task success is deter-
mined by the final application state rather than by
matching a reference action trajectory. Each task
contains executable verifier checkpoints over task-
relevant application state and artifacts. We report
full pass rate, requiring all verifier checks for a task
to pass, and average task time as an execution-cost
measure for each setting.

5 Main Results

Interaction Modality Can Compensate for
Model Limitations. As shown in Table 1, the
strongest GUI agent, GPT-5.4, achieves a 59.1%
full pass rate, followed by Claude Opus 4.7 at
55.9%, while the strongest original skill-mediated
CLI agent, Codex GPT-5.5, reaches 48.2%. Since
tasks, initial states, and verifiers are held con-
stant across modalities, these differences reflect
the combined effects of model capability and inter-
action design rather than task variation. Notably,
GPT-5.4 operating through a GUI interface sub-
stantially outperforms Codex GPT-5.5 operating
through a skill-mediated CLI, despite the latter em-
ploying a stronger underlying model. This result



Modality Model Vis. Aud. Know. CAD. Gra. Doc. Vid. Sheet. Slide. Comm. Game Web Avg. Time (s)

GUI

GPT-5.4 47.1 73.5 42.9 46.9 51.2 51.3 60.5 61.1 78.1 70.0 84.2 88.2 59.1 455.8
Claude Sonnet 4.6 43.1 69.4 34.7 63.3 56.1 25.6 50.0 33.3 34.4 45.0 84.2 70.6 49.1 245.4
Claude Opus 4.7 37.3 81.6 34.7 59.2 70.7 53.9 55.3 63.9 56.3 15.0 73.7 70.6 55.9 346.4
EvoCUA-32B 23.5 34.7 28.6 16.3 22.0 15.4 31.6 5.6 15.6 35.0 21.1 52.9 23.9 254.4
Qwen3.5-27B 35.3 24.5 8.2 14.3 2.4 5.1 26.3 11.1 18.8 10.0 42.1 64.7 19.3 1306.8
Kimi-K2.6 41.2 51.0 32.7 51.0 36.6 15.4 44.7 16.7 21.9 25.0 68.4 82.4 38.6 1421.2

CLI

Codex GPT-5.4 47.1 20.4 8.2 61.2 4.9 5.1 36.8 0.0 9.4 5.0 89.5 0.0 24.3 254.4
Codex GPT-5.5 54.9 42.9 22.4 67.3 9.8 64.1 60.5 47.2 46.9 50.0 100.0 35.3 48.2 188.1
Claude Code Sonnet 4.6 47.1 30.6 4.1 40.8 2.4 10.3 39.5 5.6 15.6 0.0 100.0 23.5 25.2 208.6
Claude Code Opus 4.7 41.2 20.4 8.2 36.7 17.1 12.8 39.5 5.6 15.6 0.0 100.0 5.9 24.3 248.8

Table 1: The performance of GUI and CLI agents across workflow categories. We report full pass rate for all
workflow categories: Visual Design (Vis.), Audio (Aud.), Knowledge (Know.), CAD & 3D (CAD.), Graphics
Debugging (Gra.), Documents (Doc.), Video & Streaming (Vid.), Spreadsheets (Sheet.), Presentations (Slide.),
Communication (Comm.), Game, and Web. Avg. denotes the overall full pass rate across 440 tasks. Time (s) reports
the average wall-clock runtime per task in seconds. The best score in each column is highlighted in bold, and the
second best is underlined. For Time, lower is better.

suggests that interaction design can narrow, and
sometimes reverse, performance gaps between un-
derlying models.

Interaction Modality Affects Robustness Across
Diverse Workflow Categories. GUI agents show
more stable performance across workflow cate-
gories, with GPT-5.4 ranging from 42.9% to 88.2%.
In contrast, a CLI agent such as Codex GPT-5.5
ranges from 9.8% to 100.0%. The results suggest
that GUI interaction benefits from execution struc-
ture embedded within application interfaces, which
provides comparatively stable workflow guidance
across applications. By comparison, CLI execu-
tion depends more heavily on the availability and
reliability of workflow-specific skill abstractions,
making performance more sensitive to skill cover-
age differences.

Different Modalities Favor Different Workflow
Structures. The per-workflow results show that
modality advantages are not uniform across the
benchmark. GUI agents perform better on work-
flows where the human-facing interface directly ex-
poses the intended operation sequence, such as Au-
dio, Presentations, Communication, and Web tasks.
These tasks often require interacting with visible
controls, menus, timelines, slides, or browser state,
where the GUI provides the native workflow repre-
sentation. CLI agents are competitive or stronger in
workflows where the target state can be represented
as structured artifacts or application-level opera-
tions, including Visual Design, CAD & 3D, Docu-
ments, Video & Streaming, and Game tasks. The
Visual Design result is especially informative: al-
though the domain appears visually oriented, many
tasks involve structured artifact properties, such

as pages, shapes, labels, and connectors, that can
be manipulated more directly through program-
matic operations than through screen-level place-
ment. Appendix A.3 provides an example. Thus,
the modality advantage is tied less to the applica-
tion category itself than to the representation each
interface provides for execution.

6 Error Analysis

To understand why the two modalities fail in differ-
ent ways, we further inspect failed trajectories and
verifier outputs from the strongest GUI and CLI
agents. Rather than treating failures only as aggre-
gate labels, we use representative failed tasks to
identify recurring mechanisms, and then generalize
these mechanisms into an error taxonomy. Addi-
tional grounded trajectory-level examples for each
taxonomy category are provided in Appendix A.4.

We manually analyze and annotate 80 randomly
sampled failed trajectories per modality, drawn
from failed tasks of Codex GPT-5.5 in CLI and
GPT-5.4 in GUI, assigning each failed task to a
single primary failure type. Figure 4 summarizes
the resulting distribution: CLI failures are concen-
trated in skill coverage and contract gaps (93.8%),
while GUI failures are split between workflow exe-
cution failures (61.3%) and UI navigation/control
discovery failures (38.7%). The plotted distribution
uses collapsed primary labels: self-checking GUI
failures are assigned to the navigation or workflow
failure they co-occur with, and unobservable appli-
cation semantics is assigned to skill coverage and
contract gaps when the missing semantics is not
exposed by the skill interface.



Figure 4: Distribution of primary error types for failed
GUI and CLI tasks.

6.1 CLI Error Taxonomy
CLI failures mainly arise when the skill-defined
command interface does not expose, preserve, or se-
rialize verifier-relevant application state. We iden-
tify three recurring errors:

Skill Coverage and Contract Gap. In the CLI
modality, application capabilities are mediated
through skills and harnesses, so the executable ac-
tion boundary is effectively determined by the skill
contract. As illustrated by several trajectories, fail-
ures arise both when required operations are not
exposed by the skill library and when documented
skill behavior diverges from the underlying imple-
mentation. As a result, agents may follow the pre-
scribed workflow while still failing final verifier
checks on the produced artifacts.

Implicit Default Reconstruction Error. In the
CLI modality, agents must explicitly reconstruct
application-specific identity conventions that GUI
users often inherit implicitly from the interface,
such as default object names, identifier assignment
rules, and the distinction between internal names
and user-facing labels. Across several trajectories,
failures arise when task specifications omit infor-
mation that would normally be supplied through
GUI defaults or interface conventions. As a re-
sult, agents may create structurally correct objects
while assigning incorrect identifiers or default val-
ues, leading to artifacts that do not satisfy the in-
tended application state.

Unobservable Application Semantics. In the
CLI modality, agents are limited to the information
exposed through commands, scripts, and skill in-
terfaces. When critical application semantics are
not explicitly exposed, agents often compensate
by hallucinating plausible default behaviors or hid-
den application rules. Across several trajectories,
this leads agents to produce outputs that appear

structurally correct while still violating implicit ap-
plication semantics that were incorrectly inferred
from incomplete information.

6.2 GUI Error Taxonomy

For GUI agents, failures mainly arise from
interaction-heavy and stateful execution through
visual interfaces, menus, dialogs, and application
workflows. Compared with CLI execution, GUI
tasks typically require longer action trajectories
and more sequential state transitions, leading to
failures in control discovery, workflow completion,
and final-state verification. We identify three recur-
ring GUI error types:

UI Navigation and Control Discovery Failure.
In the GUI modality, agents must visually discover
and navigate application-specific control surfaces
such as menus, tabs, dialogs, and hidden settings.
Across several trajectories, failures occur when
agents cannot reliably locate the correct interac-
tion path or bind actions to the intended control
surface. As a result, verifier-relevant settings or ob-
jects often remain unchanged, missing, or attached
to the wrong interface state.

Workflow Execution Failure. In the GUI modal-
ity, agents must complete tasks through application-
specific sequences of interface operations involving
menus, dialogs, confirmations, and ordered actions.
Across several trajectories, failures occur when
agents cannot infer the correct step-by-step work-
flow required to realize the target state change, such
as applying operations in the wrong order, miss-
ing required confirmation steps, or terminating the
workflow prematurely. As a result, verifier-relevant
settings, objects, or exported artifacts often remain
incomplete, missing, or incorrectly configured.

Self-Checking and Verification Gap. In the
GUI modality, agents often rely on visible interface
feedback and terminate execution without explic-
itly verifying that the required artifacts or persisted
state changes were actually produced. Across sev-
eral trajectories, agents complete plausible interac-
tion workflows and immediately declare success,
but fail to perform a final verification step such
as checking exported files, confirming saved state,
or validating application outputs against task re-
quirements. As a result, workflows may appear
complete from the interface perspective while still
failing verifier checks on the final artifact set.



Setting Vis. Aud. Know. CAD. Gra. Doc. Vid. Sheet. Slide. Comm. Game Web Avg. Time (s)

GUI GPT-5.4 47.1 73.5 42.9 46.9 51.2 51.3 60.5 61.1 78.1 70.0 84.2 88.2 59.1 455.8
Original Skill 54.9 42.9 22.4 67.3 9.8 64.1 60.5 47.2 46.9 50.0 100.0 35.3 48.2 188.1
Patched Skill 66.7 81.6 81.6 73.5 48.8 56.4 86.8 41.7 65.6 95.0 100.0 35.3 69.3 162.6

Relative Change ↑21.5% ↑90.2% ↑264.3% ↑9.2% ↑398.0% ↓12.0% ↑43.5% ↓11.7% ↑39.9% ↑90.0% 0.0% 0.0% ↑43.8% ↓13.6%

Table 2: Diagnostic effect of verifier-guided skill patching for Codex GPT-5.5, with GUI GPT-5.4 from Table 1
included only as a reference point. Workflow-category columns report full pass rate, “Avg.” reports the overall
full pass rate across all 440 tasks, and “Time (s)” reports average wall-clock time per task. The best value among
the three setting rows is highlighted in bold; for Time, lower is better. Relative change is computed between the
patched-skill and original-skill CLI settings; downward arrows in pass-rate columns indicate lower success, while
the downward arrow in time indicates faster execution. The patched-skill setting uses verifier information during
repair and should be interpreted as a coverage-controlled upper bound rather than an out-of-the-box CLI baseline.

7 Further Analysis

We next move from explaining observed failures to
testing two candidate execution bottlenecks: CLI
skill coverage and GUI procedural grounding.

7.1 How Much of the CLI Gap Comes from
Skill Coverage?

The error analysis suggests that many CLI failures
are caused by incomplete or incorrect skill inter-
faces. We therefore run a diagnostic patched-skill
experiment to estimate how much CLI performance
is recoverable if these observed skill-coverage gaps
are removed. This experiment is not intended as a
new fair baseline for deployed CLI agents; rather,
it is a counterfactual analysis of the original CLI
setting under verifier-observed skill completeness.
To quantify and reduce this limitation, we apply a
four-phase verifier-coverage pipeline to each CLI-
Anything application skill folder. We first develop
a detailed instruction skill that guides Codex GPT-
5.5 in analyzing, extending, validating, and syn-
chronizing CLI-Anything skills against verifier re-
quirements. Codex GPT-5.5 is then used to execute
each phase under this instruction framework: first,
construct a code-level mapping between verifier
checkpoints and the existing skill implementation
by jointly inspecting verifier code, harness code,
and skill documentation, and label each checkpoint
as Pass, Partial, or Fail, where Pass indicates that
the skill can reliably satisfy the corresponding ver-
ifier requirement. Then, define skill-level verifier
coverage as the fraction of checkpoints labeled
Pass. Under this metric, the original CLI-Anything
skills achieve 37.6% coverage. We then repair the
skill paths labeled Partial or Fail and validate each
application using an app-level test suite that ex-
ercises all verifier checkpoints through the skill
interface. Since the repair process explicitly uses
verifier information, the resulting 100% coverage

should be interpreted as verifier-observed coverage
completion, not as evidence that the patched skills
would automatically generalize to unseen tasks.

We then use the best-performing GUI agent as
a reference to quantify how much of the CLI per-
formance gap can be recovered by addressing in-
complete skills observed during verification. Ta-
ble 2 shows that verifier-observed skill incomplete-
ness explains a large fraction of the original CLI
gap. Moving from the original skill setting to the
patched-skill setting increases overall success rate
from 48.2% to 69.3%, with particularly large gains
in structured workflow categories such as Knowl-
edge, Graphics Debugging, and Communication.
This suggests that many CLI failures are caused
by incomplete or insufficiently expressive skill in-
terfaces rather than model limitations. In addition,
patched skills reduce average execution time, in-
dicating more efficient task execution with fewer
exploratory actions. Under this diagnostic setting,
CLI exceeds the strongest GUI agent overall and
in several workflow categories. We do not treat
this as an out-of-the-box modality comparison, be-
cause skill patching uses verifier information dur-
ing repair. Instead, the result indicates that much of
the original CLI deficit is recoverable when miss-
ing skill functionality is supplied. At the same
time, CLI still underperforms in Spreadsheet and
Web tasks, showing that skill patching does not
uniformly eliminate the remaining GUI–CLI gap
across workflows.

These results suggest that skill coverage is a ma-
jor bottleneck for skill-mediated CLI agents, and
that verifier-observed coverage gaps account for
a substantial portion of the measured CLI short-
fall. However, modality-specific differences persist
even under verifier-guided skill patching, suggest-
ing that interaction modality cannot be fully re-
duced to the availability of skill operations.



Original task description Procedure-guided description

Audacity is open with /home/user/Music/empty.aup loaded. The
project currently has zero audio tracks. Create three new mono
audio tracks and give each a specific name, in this exact top-
to-bottom order: ‘Drums’ (top-most track), ‘Bass’ (middle),
‘Synth’ (bottom). Save the project so the changes are persisted to
/home/user/Music/empty.aup.

Audacity is open with /home/user/Music/empty.aup loaded. The project currently has zero audio
tracks. Create three new mono audio tracks and give each a specific name, in this exact top-to-
bottom order: 1. Drums (top-most track) 2. Bass (middle) 3. Synth (bottom). How to create
each track: Use Tracks > Add New > Mono Track. A new empty mono wavetrack will appear at
the bottom of the track list. Repeat three times so the project has three empty mono tracks. How
to rename each track: click the small drop-down arrow on the track’s control panel, next to the
default track name ‘Audio Track’, and choose ‘Name...’, or double-click the track name label.
Type the desired name and press Enter. Save the project with Ctrl+S so the three named tracks
are persisted to /home/user/Music/empty.aup.

Table 3: Example of procedure-guided task rewriting for GUI execution. The procedure-guided description preserves
the same target state and verifier, but exposes the application workflow needed to reach that state through the GUI.

7.2 Does Procedural Grounding Reduce GUI
Execution Errors?

We next test whether GUI failures can be re-
duced by making the task procedure more explicit.
This diagnostic is motivated by our observation
that many GUI failures do not arise from mis-
understanding the final goal, but from executing
it through long sequences of screen-level interac-
tions, hidden controls, dialog confirmations, and
application-specific workflows. To test procedural
grounding, we compare the benchmark’s modality-
neutral instructions with procedure-guided descrip-
tions, which provide explicit step-by-step work-
flow cues. Table 3 shows a concrete example of
this rewriting process. We therefore construct a
procedure-guided subset of 176 tasks whose suc-
cessful execution primarily depends on following
GUI workflows to modify application state or doc-
uments, rather than directly editing configuration
files or relying on external environment effects. We
then evaluate GUI agents under these procedure-
guided instructions while keeping the environment,
verifier, action space, and model fixed.

Table 4 shows that procedure-guided descrip-
tions modestly improve GUI performance while
reducing interaction cost. Full pass rate changes
from 59.7% to 60.2%, average reward changes
from 0.7401 to 0.7576, and average runtime de-
creases from 397.0s to 314.8s. These results sug-
gest that procedural cues help agents identify more
direct action paths and reduce unnecessary explo-
ration. However, the improvement in task com-
pletion remains modest despite a reduction in ex-
ecution time, indicating that workflow knowledge
is only one component of GUI interaction. Even
when menu paths, dialog actions, and save/export
steps are made explicit, agents must still correctly
ground interface elements, track state across inter-
actions, and execute long action sequences.

Setting Full Pass Avg. Reward Time (s)

Before Grounding 59.7% 0.7401 397.0
After Grounding 60.2% 0.7576 314.8

Change ↑0.8% ↑2.4% ↓20.7%

Table 4: Effect of procedure-guided grounding on GPT-
5.4 for 176 GUI application-state modification tasks.
Procedure-guided descriptions preserve the same veri-
fier and target state while adding workflow cues such
as menu paths, dialog confirmations, action order, and
exact object names. Relative change is measured against
the original setting, and ↓ time indicates faster execu-
tion. Avg. Reward denotes the mean fraction of verifier
checkpoints passed per task.

8 Conclusion

By holding task goals, initial states, and final-
state verifiers fixed while systematically varying
the native action interface, our benchmark makes
visible a distinction that is easy to miss in sepa-
rate GUI and programmatic evaluations: agents
do not simply execute the same task through dif-
ferent controls, but receive different representa-
tions of what can be done. GUI performance is
strongest and more stable when the interface itself
exposes the workflow, yet remains constrained by
visual grounding, state tracking, and long inter-
action chains; making procedures explicit mostly
reduces wasted exploration rather than eliminat-
ing failures. CLI performance is more variable
because it depends on whether the skill layer ex-
poses verifier-relevant state as reliable operations;
verifier-guided repairs recover much of the original
shortfall, but they also reveal skill construction and
validation as the central scaling problem. Thus, the
GUI–CLI comparison is less a ranking of interfaces
than a design question for computer-use systems:
robust agents need executable task structure to be
made available somewhere, whether through visi-
ble workflows, verified skill interfaces, or hybrid
environments that combine both.



Limitations

Our evaluation is designed to isolate interaction
modality, not to estimate the upper bound of fully
unconstrained production agents. Real deployed
systems may freely combine screenshots, termi-
nals, scripts, direct file edits, database access, and
application APIs. Those hybrid strategies can be
highly effective, but they also make it difficult
to tell whether success comes from GUI interac-
tion, programmatic control, or bypassing the appli-
cation interface altogether. We therefore restrict
each agent to modality-native actions. This choice
makes the GUI–CLI comparison cleaner, but it also
means that our results should not be read as a claim
about the best possible performance of agents with
unrestricted tool access. A natural next step is to
evaluate unconstrained agents separately and mea-
sure their cross-modality behavior.

The patched-skill setting is also diagnostic rather
than a deployable baseline. During repair, we use
verifier-observed requirements to identify missing
or non-serializing skill functionality, then validate
the repaired skills against those same verifier check-
points. This coverage measure reflects whether
the patched skill interface can generate verifier-
readable checkpoint states in app-level validation;
it does not guarantee that an autonomous agent will
select and compose the right skill calls during full
task execution. This setup is useful for estimating
how much of the original CLI shortfall comes from
skill coverage, but it does not show that the patched
skills would generalize to unseen tasks, new appli-
cations, or different verifier designs. Whether skills
can be constructed automatically with this level of
coverage without relying on verifier-specific infor-
mation remains an open question.

Finally, our failure taxonomy is meant to expose
recurring patterns, not to impose perfectly separa-
ble root causes. GUI failures in particular often
mix control discovery with workflow execution: an
agent may fail to find the right menu because it
does not know the workflow, or fail to complete the
workflow because it never discovers the necessary
control. We assign each sampled failure to a single
primary category for analysis, but the resulting pro-
portions should be interpreted as a coarse summary
of dominant failure modes rather than as mutually
exclusive causal labels.
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A Appendix

A.1 Case Studies
Case Study Selection. To further understand
how interaction modality changes task execution,
we inspect paired tasks where the two modalities
diverge maximally. We select two groups of cases:
tasks where all original-skill CLI agents pass and
all GUI agents fail, and tasks where all GUI agents
pass and all original-skill CLI agents fail. We use
these cases to examine what each modality makes
easy or difficult for the agent. These cases show
that modality acts as a capability filter: CLI suc-
ceeds when the skill layer exposes verifier-relevant
artifact structure as direct operations, while GUI
succeeds when the application interface exposes
the intended workflow more completely than the
available skill layer.

Although CLI skills offer more compact and
structured information than GUI screenshots, their
effectiveness is strongly conditioned on the quality
of the underlying skill layer. While existing CLI-
anything-style skill frameworks provide a promis-
ing path toward automated skill construction, there
remains a substantial gap in both the quality and
coverage of the generated skills compared to what
is required for robust real-world execution, rais-
ing important scalability concerns for skill-based
agents.

Case Where CLI Succeeds and GUI Fails.

Case 1: drawio_multipage_microservices
Create a 4-page microservices diagram at
/home/user/Documents/microservices.drawio.
Rename pages to: Overview, Services, Data, De-
ployment. Page 1 (Overview): Client, Gateway,
Backend connected sequentially (2 edges). Page 2
(Services): 4 shapes labeled UserService, OrderService,
PaymentService, NotificationService. Page 3 (Data):
3 shapes labeled UsersDB, OrdersDB, Cache. Page 4
(Deployment): Kubernetes and Monitoring. Save the
file.

CLI agents complete this task by using cli-
anything-drawio to directly create and rename
pages, add labeled shapes, add connectors, and
inspect the resulting diagram structure. GUI agents
fail because the task requires a long visual construc-
tion chain across multiple pages. In the observed
GUI trajectories, agents reach the step budget af-
ter creating only part of the diagram, leaving most
required pages, labels, or connectors missing from
the saved artifact.

Case Where GUI Succeeds and CLI Fails.

Case 2: audacity_add_chapter_labels
Audacity is open with /home/user/Music/audiobook.aup
loaded. The project contains a single wavetrack (5
seconds of narration) and no label tracks. Add a label
track and place four chapter labels on it, in this order
from earliest to latest: ‘Intro’, ‘Chapter 1’, ‘Chapter 2’,
‘Outro’. Save the project so the label track and its four
labels are persisted to /home/user/Music/audiobook.aup.
Exact timestamps do not matter – only that there are
exactly four labels with those exact titles on one label
track.

GUI agents complete this task through Audac-
ity’s visible label-track workflow: create a label
track, insert labels, type the required titles, and
save the project. CLI agents fail because the avail-
able skill-mediated path does not reliably create the
label track and label entries in the verifier-visible
Audacity project state; failed runs often preserve
the original project and wavetrack but leave the
label-track checks unsatisfied.

A.2 Verifier Coverage Pipeline

We audit and improve CLI-Anything skills with a
four-phase verifier-coverage pipeline. The unit of
analysis is a verifier checkpoint rather than a task.
Coverage is judged by the final persisted artifact
or application state that the verifier actually reads.
Each phase is manually inspected and approved
before the next phase begins.

Four-phase verifier-coverage pipeline

1. Verifier-to-skill mapping. For each application,
inspect the verifier implementation, verifier tests
when available, skill documentation, and CLI har-
ness code. For every public verifier checkpoint,
record what artifact or state the verifier reads, the
current skill path if one exists, and whether the skill
can produce the verifier-readable final state.

2. Skill implementation and tests. For each check-
point marked Partial or Fail, add or repair the
skill implementation so that it produces the verifier-
compatible artifact state. Add comprehensive tests
that generate outputs through the skill and validate
them with the real verifier endpoints.

3. Coverage report. Write an app-level README
summarizing the final coverage result, validation
command, pass/fail totals, changed files, and any
residual limitations.

4. Skill documentation update. Update the app’s
SKILL.md from the final implemented CLI code, so
that the documented commands and options match
the capabilities agents can actually invoke.

Each verifier checkpoint is assigned one of three
labels. Pass means the current skill can stably gen-



erate the final state read by the verifier. Partial
means the skill covers only a narrow subset of the
checkpoint or updates intermediate state that is not
serialized into the verifier-readable artifact. Fail
means no stable skill path exists. Command names
or documentation claims alone do not count as ev-
idence; the decision is based on implementation
code and the verifier-readable final artifact.

After an application skill is repaired, we run an
app-level comprehensive test that uses only the skill
interface to generate verifier-readable artifacts and
then evaluates those artifacts against every verifier
checkpoint for that application. This test is required
before the application is counted as fully covered.

The original-skill coverage is computed as:

#Pass checkpoints before repair
#all verifier checkpoints

.

This gives 37.6% coverage. The improved-skill
coverage uses the same denominator after repair-
ing and validating all Partial and Fail checkpoints,
giving 100%.

A.3 Visual Design Example

drawio_kubernetes_cluster
Create a Kubernetes cluster architecture at
/home/user/Documents/k8s_cluster.drawio. Cre-
ate 12 shapes: Control Plane, Ingress, Worker1,
Worker2, Worker3, Pod1–6, ServiceMesh. Connect
hierarchically: Control Plane to each Worker, each
Worker to 2 Pods (Worker1 → Pod1/2, Worker2 →
Pod3/4, Worker3 → Pod5/6), and Ingress to Control
Plane. The diagram must have 12 vertices and at least 9
edges. Save the file.

This Visual Design task is visually presented as
a diagram-construction problem, but the required
final state is largely structural: the artifact must
contain a fixed set of vertices, specific node labels,
and a minimum set of directed edges encoding the
cluster hierarchy. A CLI workflow can address
these properties directly through diagram-level op-
erations such as adding labeled shapes and connect-
ing source-target pairs, whereas a screen-only GUI
workflow must place shapes, edit labels, draw con-
nectors, and preserve the resulting diagram struc-
ture through visual interactions.

A.4 Grounded Examples for the Error
Taxonomy

To support the error taxonomy in the main text,
we provide grounded examples based on execution
trajectories and verifier outputs. Tables 5 and 6

show representative cases for each failure category
in CLI and GUI agents.

A.5 Prompts
To enforce modality-specific execution constraints
in our benchmark, we design prompts that restrict
agents to either skill-based CLI actions or screen-
level GUI interactions. This ensures that both
modalities operate within their native action spaces
without cross-modality leakage.



Modality Error taxonomy Task Trajectory-based explanation

CLI Skill coverage and contract
gap

FreeCAD is open with
/home/user/Documents/parts_catalog.FCStd. The
document contains four primitive objects whose internal
names are Box1, Cylinder1, Sphere1, Torus1. Do not
change the internal names, but update the Label property of
each object to: Box1 → StorageBox, Cylinder1 → Pipe,
Sphere1 → Ball, Torus1 → Ring. Save the file.

In freecad_rename_four_objects, the agent discovered cli-
anything-freecad, but invoking it on the native .FCStd file
made the harness parse the file as its own JSON project
format and produced a UnicodeDecodeError. It then found
no stable skill command for changing labels in a native
FreeCAD document and returned [INFEASIBLE]. The ver-
ifier still found the original objects, but all label checks
failed.

CLI Implicit default reconstruc-
tion error

Add a Part::Sphere object to the document at
/home/user/Documents/shapes.FCStd. Set its Radius
to 15 mm and change its Label to Planet. Preserve the
existing Part::Box object named Box. Save the file.

In freecad_add_sphere_to_doc, the agent created and saved
a sphere-like object, and the verifier observed objects named
Box and Planet. The benchmark expected the internal
FreeCAD name to remain the GUI default Sphere, with
only the user-facing Label set to Planet. The checks for
object Sphere, its type, radius, and label all failed because
the internal name Sphere was missing.

CLI Unobservable application
semantics

Audacity is already running. Change the Default Sample
Format setting to 32-bit float. Save the preference so it
persists to the configuration file.

In audacity_preference_default_sample_format, the Audac-
ity CLI harness did not expose global preferences, so the
agent could not find a skill-mediated way to set the verifier-
relevant preference. It instead inferred a plausible configura-
tion field from the exposed state and treated ‘DefaultProject-
SampleFormatChoice=Format32BitFloat‘ as the target set-
ting. However, the requested "Default Sample Format" was
actually stored as ‘Quality/DefaultSampleFormat=524293‘,
which was left unchanged. Thus, the task remained incom-
plete, illustrating how the agent can map exposed state to a
plausible but incorrect hidden preference semantic.

Table 5: Representative CLI failures supporting the error taxonomy.

Modality Error taxonomy Task Trajectory-based explanation

GUI UI navigation and control
discovery failure

A baseline Zoom config file exists at
/home/user/.config/zoomus.conf. Configure Zoom’s
virtual background feature so the user’s background is
blurred and hardware-accelerated. Update keys across two
sections of /home/user/.config/zoomus.conf: Set Enable-
VirtualBackground to true, set VirtualBackgroundType
to exactly blur, and set BlurStrength to exactly 50. Set
EnableHWAccel to true. Save it in-place at the same path.
Do not modify any other keys or sections.

In zoom_virtual_background_setup, the GUI agent per-
formed only 11 screen actions: it clicked into settings-
like surfaces, searched for terms such as “hardware ac-
celeration” and “blur strength”, clicked around the upper-
right UI, and ended with DONE. The verifier showed that
all target settings remained unchanged, including Enable-
VirtualBackground=false, VirtualBackgroundType=none,
BlurStrength=0, and EnableHWAccel=false.

GUI Workflow execution error Zotero is installed and a pre-seeded library is at
/home/user/Zotero/zotero.sqlite. A PDF file is provided at
/home/user/Documents/attention_paper.pdf. Launch Zotero
and wait for the library to load. Locate the existing
item titled Attention Is All You Need. Attach the PDF
/home/user/Documents/attention_paper.pdf to that item as
a child attachment. After attaching, the item must have at
least one PDF attachment child. Leave Zotero running.

In zotero_gap_attach_pdf_to_item, the GUI agent executed
a 34-step sequence, including right-clicking in the library,
entering the PDF path, and making repeated file/menu selec-
tions. The verifier confirmed that the target item existed, but
check-item-attachment failed with has_attachment=false
and attachment count 0. The agent reached the right context
but did not complete the stateful attach-file workflow.

GUI Self-checking and verifica-
tion gap

Audacity is open with /home/user/Music/podcast.wav
loaded (a 12-second mono 44.1 kHz tone). Add a new
label track. Create exactly three labels in that label track:
at time 0.0s with title intro, at time 4.0s with title main,
at time 8.0s with title outro. Save the Audacity project to
/home/user/Music/podcast.aup. Export the label track to
/home/user/Music/podcast_labels.txt. Do not export the au-
dio itself – only the labels text file and the .aup project are
required outputs.

In audacity_gap_label_track_export, the GUI agent success-
fully created the label track and the three required labels at
the required timestamps. The failure was the final exported
artifact: /home/user/Music/podcast_labels.txt did not exist,
and the file-size check failed with “File not found.” The
agent interacted with an export dialog and stopped with
DONE, but did not verify that the text export was actually
written.

Table 6: Representative GUI failures supporting the error taxonomy.



<SYSTEM_CAPABILITY>

* You are utilising an Ubuntu virtual machine (Docker container) using x86_64 architecture with
internet access.

* You can feel free to install Ubuntu applications with your bash tool. Use curl instead of wget.

* DO NOT ask users for clarification during task execution. DO NOT stop to request more information
from users. Always take action using available tools.

* When using bash commands that are expected to output very large quantities of text, redirect into a
tmp file and use Read or grep to confirm output.

* TASK FEASIBILITY: You can declare a task infeasible at any point during execution. If you determine
that a task cannot be completed, output exactly "[INFEASIBLE]" (including the square brackets)
anywhere in your response.

* Home directory of this Ubuntu system is ’/home/user’.

* If you need a password for sudo, the password of the computer is ’user’.

* The current date is {date}.

<IMPORTANT_CAPABILITIES>

* You have access to CLI-anything skills for various applications installed in the system.

* The system includes desktop applications for office work, graphics editing, development, media
playback, music notation, and more.

* Available CLI-anything skills can be discovered and used as needed for different target applications.

* You also have access to standard tools with strict limits:
- Bash: Use for read-only inspection, skill discovery, invoking CLI-anything/application commands,

and verification.
- Read: Inspect files when needed.

<CLI_ANYTHING_ONLY_POLICY>
You must solve the task by using CLI-anything skills for the target application.

Hard requirements:

* First discover the relevant CLI-anything skill(s) for the application and use those skill-provided
commands/workflows as the primary and mandatory way to complete the task.

* All task-result changes must be performed through CLI-anything skill workflows or application-level
commands explicitly recommended by those skills.

* You must not directly modify task files, project files, application config files, databases, document
archives, or other target artifacts with generic file-editing methods.

* Do not use Python, sed, awk, perl, node scripts, shell redirection, heredocs, Write/Edit tools, or
manual archive/database editing to change the target artifact.

* Bash is allowed only for read-only inspection, skill discovery, invoking CLI-anything/application
commands, and verification. It must not be used to directly rewrite target files.

* Python is allowed only for read-only inspection if absolutely necessary. It must never write, patch,
serialize, save, or mutate task artifacts.

* If the task cannot be completed through CLI-anything skills or skill-approved application commands,
output exactly "[INFEASIBLE]" instead of bypassing the restriction with direct file edits.
</CLI_ANYTHING_ONLY_POLICY>

<TASK_EXECUTION_APPROACH>
Use this order:
1. Identify the target application and discover its CLI-anything skill.
2. Follow the skill’s documented workflow to perform the requested changes.
3. Use read-only commands to inspect results when needed.
4. If no CLI-anything path exists, declare "[INFEASIBLE]".

Direct file mutation is not an acceptable fallback.
</TASK_EXECUTION_APPROACH>
</IMPORTANT_CAPABILITIES>
</SYSTEM_CAPABILITY>

Figure 5: CLI agent system prompt.

<GUI_SCREEN_ONLY_POLICY>
Hard requirements:

* All task-result changes must be made through the target application’s visible GUI.

* Do not directly rewrite task files on disk or mutate their underlying data using Python, shell
commands, scripts, automation APIs, databases, archives, config files, or external utilities.

* Editing content through the target application’s own GUI is allowed.

* Opening a terminal, REPL, scripting console, developer console, or macro/script editor to execute
code or commands is not allowed, even if accessed through the GUI.
</GUI_SCREEN_ONLY_POLICY>

Figure 6: GUI agent screen-only policy.
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