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Large language model agents are emerging as an important new class of users of desktop applications.
However, existing desktop interfaces were designed for human end users or application developers, leaving
agents to interpret visual controls or discover and compose low-level software operations. This mismatch
can hinder even capable agents, yet it remains unclear what interface properties make desktop software
easier for agents to use. To study this question, we treat software evolution as a natural source of interface
variation and introduce DESKIF-BENCH, a benchmark of 255 artifact-verified tasks across six desktop
applications. By holding the task, agent, and verifier fixed while varying the software release, we measure
how interface changes affect agent performance. Across two models and six applications, the newest release
consistently outperforms the oldest. Trajectory analysis identifies three relevant interface properties:
discoverability, granularity, and observability. Guided by these properties, we develop ANIS, a framework
that synthesizes agent-native interfaces from the capabilities of installed applications. On an expanded
evaluation of 368 tasks across eight applications, atomic interfaces improve success over native SDK use by
3.8 and 3.5 percentage points with DeepSeek V4 Flash and Claude Haiku 4.5, respectively, while reducing
online token usage by approximately 73%. Goal-level commands further raise success to 74.5% and 67.4%,
respectively.

Code: github.com/co-evolve-lab/ANIS
Data: huggingface.co/datasets/SimAlan/DeskIF-Bench
Date: October 2026

1 Introduction

Large language model (LLM) agents are emerging as a new class of users of desktop applications, performing
tasks from document editing to image manipulation [1-4]. This creates a new interface-design challenge for
desktop applications.

Desktop applications expose functionality through interfaces built for human end users and developers, not
for LLM agents. Graphical user interfaces (GUIs) assume that users can visually locate controls and interpret
continuous visual feedback. Software development kits (SDKs) assume that developers can search documen-
tation, understand an object model, write code, and debug low-level calls [5, 6]. Agents therefore need to
perform the work these interfaces expect of humans: repeatedly interpreting and grounding GUI controls or
discovering and composing low-level SDK operations. Command-line interfaces (CLIs) offer a higher-level
alternative through concise, structured, task-oriented commands [7, 8], but most desktop applications expose
no general-purpose CLI, and available CLIs often cover only a narrow subset of application functionality,
such as import and export [9, 10].

Together, these limitations leave agents without a broadly applicable interface aligned with their capabilities.
An interface mediates every action an agent takes on an application. If it neither exposes the capabilities
required for a task nor allows them to be composed from available operations, even a capable agent cannot
complete the task. A poorly aligned interface therefore becomes the Achilles’ heel of agents operating desktop
software. This raises a fundamental question: What constitutes a good interface for agents interacting with
desktop applications?
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Answering this question requires interface variations that are both realistic and controlled, yet hand-crafted
variants would merely encode our own assumptions about what agents need. Our key observation is that
software evolution has already produced such variations: across releases, an application’s core functionality
remains largely stable while its interface is continually reshaped by developers responding to real usability
pressure. Version history thus offers a ready-made natural experiment: by fixing the agent and tasks and
varying only the historical interface, we can attribute performance shifts to documented interface changes.

As a concrete illustration, Figure 1 compares two historical releases of QGIS, a geographic information
system [11], on the same task: creating a graduated map of country GDP with fixed-width intervals. In
QGIS 3.10, the agent must derive eleven classes and assemble the renderer through a long chain of poorly
documented low-level calls. The long chain invites parameter errors that the sparse SDK descriptions make
hard to avoid or repair, and the agent fails after 33 turns and 662k input tokens. QGIS 3.44 instead offers clear
SDK descriptions and a task-level QgsClassificationFixedInterval operation that generates the complete
classification from a single interval width. The same agent succeeds in 11 turns with 36k input tokens. Clearer
operation descriptions and a task-level abstraction make the interface more agent-friendly.

To systematically understand what makes interfaces more agent-friendly, we build DESKIF-BENCH (Desktop
Interface Benchmark), a benchmark comprising 255 artifact-verified tasks across six applications and five
domains. Holding the agent scaffold, backbone model, task setup, and artifact verifier fixed, we vary only the
interface exposed to the agent across software releases. The results reveal that the newest release outperforms
the oldest in all 12 model-application series, but by uneven margins. From QGIS 3.10 to 3.44, the success
rate rises from 33% to 65% while mean SDK operations per task fall from 30.4 to 21.2. Impress gains 19
points, from 33% to 52%.

Across applications, versions, and trajectories, our analysis identifies three recurring interface properties that
help explain these performance differences (Section 4.3):

o Discoverability: The interface makes supported operations discoverable at runtime and describes their
semantics and arguments clearly enough for agents to understand how to invoke them. Poor discoverability
forces agents to search documentation and probe live objects before they can act.

e Granularity: The interface provides operations aligned with recurring user goals, reducing low-level calls.
For example, QGIS 3.44 introduces task-level operations that reduce such overhead.

e Observability: The interface exposes the resulting artifact state at the same level at which it is modified,
so agents can verify whether the requested outcome has been achieved. Such visibility is particularly
important in text-based interaction, where agents lack the visual feedback.

Guided by these properties, we design ANIS, an Agent-Native Interface Synthesizer (Section 5). ANIS
synthesizes a base interface once: application-specific collectors recover candidate operations and properties
from complementary sources in the running application, retaining only capabilities whose persistent effects can
be verified. Each admitted capability becomes an atomic command with a uniform specification, executable
implementation, and observable effect. For discoverability, ANIS groups commands by artifact objects and
exposes concise summaries before full specifications. For verification, it pairs writable properties with read
commands. Because useful higher-level operations depend on goals emerging after deployment, ANIS extends
the interface on demand by composing atomic commands into goal-level commands, released only when replay
on a fresh artifact reproduces the expected saved state.

We evaluate ANIS on an expanded DESKIF-BENCH benchmark. To test whether the method generalizes
beyond the six applications in our controlled cross-version study, we add two applications and collect their
tasks using the same pipeline. On this expanded benchmark, the atomic-command interface achieves a
success rate of 72.3%, compared with 68.5% for direct SDK use and 17.4% for CLI-Anything. Adding
goal-level commands further raises success to 74.5%.

In summary, we make the following three contributions:

¢ We introduce DESKIF-BENCH, a 255-task benchmark across six applications for controlled cross-version
analysis, expanded to 368 tasks across eight applications to assess ANIS’s generalization.
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Figure 1 A clearly described fixed-interval operation in QGIS replaces eleven manually constructed ranges, turning
failure into success.

¢ We identify three properties from human design knowledge embedded in software evolution: discoverability,
granularity, and observability. We derive them by tracing how interface changes across historical releases
affect agent task completion.

e We design ANIS, an Agent-Native Interface Synthesizer that operationalizes these properties through
runtime-grounded atomic commands, verified goal-level compositions, and artifact readback. On the
expanded benchmark, it outperforms direct native SDK use and CLI-Anything by 6.0 and 57.1 percentage
points, respectively.

2 Related Work

Computer-use agents and benchmarks. OSWorld and Windows Agent Arena evaluate agents on realistic
desktop tasks with execution-based checkers [1, 12], while Agent S studies agents that operate the same
screen as a person [13]. Recent systems improve this interaction with reusable shortcuts, memory, or hybrid
GUI-API control [14-17]. These works typically hold the interface fixed and vary the agent. We instead
hold the task, agent, and verifier fixed and vary the interface, isolating interface design as the experimental
variable.

Interfaces for agents. Recent work combines GUI and API control or replaces low-level actions with declar-
ative abstractions [5, 6, 9, 18]. Work around the Model Context Protocol (MCP) mainly makes existing
operations easier for agents to discover and invoke through better schemas, validation, selection, and loading
[19-23]. We instead synthesize verified atomic operations, expose separate commands for reading artifact
state, and return actionable errors. We also test whether frozen operations can form validated goal-level
sequences absent from the native interface. The released atomic result is transport-agnostic and can be
exposed via CLI or MCP. Publishing the goal-level sequences remains future work.

3 Benchmark Construction

We build DESKIF-BENCH to study how agent performance changes across desktop-application interfaces
exposed by different software releases. Specifically, its design follows three criteria:

¢ Execution-based verification. Each task carries a script verifier, which inspects the artifact the agent saved
and returns pass or fail through deterministic checks.

o Interface-independent task outcomes. Each task specifies an application-level artifact outcome rather than
a particular transient interface state, allowing reuse across releases and interfaces.

o Diverse applications. DESKIF-BENCH covers six applications across five domains, and every application
carries at least 30 tasks, providing substantial coverage for every selected application.



3.1 Software Selection

DESKIF-BENCH covers desktop applications across multiple domains rather than a single application family.
We target five domains: office productivity, 2D graphics editing, 3D content creation, geospatial analysis, and
computer-aided design, which span diverse artifact representations, including symbolic documents and slide
decks, scalable vector graphics, 3D scenes, layered geospatial data, and parametric CAD models. Within each
domain we follow prior benchmarks [12, 24] and select widely used applications with long release histories,
providing both practical relevance and substantial interface evolution. The result is six applications: Writer
and Impress for office productivity, Inkscape for 2D graphics editing, Blender for 3D content creation, QGIS
for geospatial analysis, and FreeCAD for computer-aided design. Version selection criteria and the evaluated
releases are provided in Appendix G.

3.2 Task Construction

Tasks in DESKIF-BENCH come from two sources: tasks reused from previous datasets, and tasks we synthesize.
For applications already covered by previous datasets [12, 24], we filter their tasks and retain those satisfying
our criteria (Appendix I). Existing benchmarks provide uneven coverage across applications and task types.
After filtering, several applications have fewer than 20 reusable tasks, and some applications have none. We
therefore synthesize additional tasks with a pipeline.

Each synthesized task needs an instruction, a reference artifact, and an executable verifier, all produced by
an authoring agent. The solving agent is the agent under evaluation: it receives only the instruction and must
produce an artifact satisfying the instruction through the application’s interface. The authoring agent must
not only pose a task but also construct a valid solution, since the reference artifact and the verifier depend on
that solution. Its capabilities therefore constrain the difficulty of the tasks it can reliably construct. Without
additional capability, synthesis would tend to remain within the same capability envelope as the agents under
evaluation, limiting benchmark headroom and discriminative power. Following prior work [25], we introduce
this capability asymmetry in two ways:

o Skills: Where available, the authoring agent receives application-specific skills that provide procedural
knowledge of the target software, whereas the solving agent receives no such application-specific skills and
must work through the exposed interface.

« Libraries: The authoring agent may use a privileged route (e.g., trimesh for Blender) to build the reference
artifact and verifier, whereas the solving agent must use the target application.

Task proposal. Following prior works [12, 24], we ground task proposals in real-world user needs and work-
flows drawn from official tutorials and community discussions. The authoring agent converts each source into
an application-level user goal and formulates an instruction specifying the desired outcome without prescrib-
ing interface-specific interactions. We retain only proposals that specify artifact-level outcomes rather than
transient screen states, and deduplicate them against both reused and synthesized tasks. A proposal is ac-
cepted only after the authoring agent constructs a reference artifact and executable verifier. We additionally
require each task outcome to be feasible in every evaluated release. We exclude a proposal only when the
required artifact cannot be produced through a privileged reference procedure in a particular release, indi-
cating a release-level functional defect rather than an interface limitation. This feasibility screening reduces
confounding from functionality unavailable independently of the agent-facing interface.

Task verification. FEvery accepted task has a dedicated verifier that checks whether the final artifact satisfies
the instruction’s task-specific requirements. We use executable checks rather than LLM-as-judge, whose
verdicts can vary with the prompt and observation context and are therefore difficult to reproduce consistently
[24]. Our verifiers instead use fixed, deterministic checks, including structured artifact inspection and, where
the target is inherently visual, pixel-level comparison under fixed tolerances. The same verifier and thresholds
are applied unchanged across all evaluated releases of a task. We validate each verifier by confirming that
it accepts the reference artifact and rejects task-relevant perturbations that violate the required output



conditions. Because these checks operate on explicit artifact properties, their decisions can also be manually
audited.

Benchmark summary. Table 9 summarizes the resulting benchmark. Its 255 tasks cover six applications
across five domains, and every application carries at least 30 tasks. Of these, 102 are retained from OSWorld
and OpenComputer after filtering, and 153 are synthesized to expand coverage in applications and task types
insufficiently represented by the reused sets.

4 Empirical Study

Because every task in DESKIF-BENCH specifies an artifact-level outcome, ships with its own executable
verifier, and is screened for feasibility across evaluated releases, the same task can be posed unchanged
against different releases of the same application. We use this property to run an empirical study of interface
evolution. Section 4.1 states the setup, Section 4.2 measures how agent success changes when only the release
changes, and Section 4.3 traces those changes to concrete interface properties and, from the same trajectory
audit, reports one further property that remains limited across releases. Section 5 turns these properties into
requirements for a synthesized interface.

4.1 Experimental Setup

Agent scaffold. Because agent performance can depend substantially on the scaffold [26, 27], we use a single
scaffold that is both open-source and model-agnostic, allowing it to be pinned to an auditable version and
used unchanged across backbones. OpenCode [28] satisfies these criteria and is used for all runs.

Backbone models. To avoid relying on a single model family, we evaluate one proprietary and one open-weight
backbone: Claude Haiku 4.5 [29] and DeepSeek V4 Flash [30]. Their overall success rates on DESKIF-BENCH
are also comparable, reducing confounding from large capability differences. Both models are evaluated across
four releases of six applications. Appendices A and B report additional model and documentation analyses
from prior experiments.

Cross-version protocol. For each backbone model, we vary only the installed application release while holding
the task, seed files, agent scaffold, tool permissions, time budget, and verifier fixed across releases. The agent
accesses the application only through the programmatic interface exposed by that release, isolating cross-
version differences from the agent harness and evaluation procedure.

Evaluation metrics. We report success rates using pass@3 to reduce sensitivity to stochastic variation across
agent runs: each task is attempted independently three times from the same initial state and counts as
successful if at least one attempt passes its artifact verifier, and overall rates aggregate applications by
task count. For the trajectory-level analyses in Table 1, we restrict the comparison to model-task pairs
with verified success in all four releases. Failed trajectories can terminate at arbitrary stages, making their
exploration turns and chain lengths incomparable to those of completed solutions. We therefore report these
metrics only within this fixed-success cohort.

4.2 Performance Across Software Versions

We observe consistent version trends across both backbones. Figure 2 shows the resulting success-rate trends
for both models. Although the two models differ in their overall capabilities, software-version changes produce
similar performance patterns: the newest release outperforms the oldest in all model-application series.

Version gains persist across models. The newest release outperforms the oldest in all 12 model-application
series. The gain is largest for QGIS, where DeepSeek rises from 41% to 69% and Haiku from 33% to 65%,
close to 30 points for both models. For Impress, the corresponding changes are 40% to 58% and 33% to
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Figure 2 Success rates across software releases (V1-V4: oldest to newest).

52%. The magnitude varies by model and application, but the long-term direction is consistent. Although
these releases were not developed specifically for LLM agents, improvements accumulated through ordinary
software evolution can also make applications easier for agents to use. Section 4.3 traces these gains to
concrete interface changes.

Takeaway. Software evolution for human users can also improve agent performance: across two different
backbones, the newest release consistently outperforms the oldest.

4.3 Cross-Version Performance Analysis

We further examine the agent trajectories to explain the observed gains. We divide the analysis into two
parts: the first two interface properties are revealed through cross-version comparison, whereas the final
property is a persistent limitation shared by all evaluated releases.

4.31 Properties Revealed by Cross-Version Comparison

Discoverability. The interface makes supported operations discoverable at runtime and describes their se-
mantics and arguments clearly enough for agents to understand how to invoke them.

We compare the agent budget spent on SDK discovery and operation composition across versions as shown
in Table 1(a). We find that the agent generally spends less time on SDK discovery when the interface
upgrades, which is consistent with the cross-version accuracy gains in Section 4.2. Newer interfaces improve
discoverability in two ways. First, higher cohesion makes capabilities easier to locate. In FreeCAD 0.21,
reusable model parameters must be encoded indirectly as aliased spreadsheet cells. FreeCAD 1.0 introduces
App: :VarSet, making them explicit properties of a dedicated object and therefore visible in the object model
itself. Second, richer descriptions make discovered operations easier to use. From QGIS 3.10 to 3.44, mean
runtime descriptions grow by 20% per function, with more parameter semantics, behavioral notes, and
examples. Together, these changes reduce the need to search elsewhere or probe calls blindly.

Granularity. The interface provides operations that closely match recurring user goals, reducing the need
to compose low-level calls. A user goal often requires a long chain of low-level SDK calls, and each call is
another point of failure and another block of tokens to spend.

A release can shorten this chain by adding operations that sit closer to the user goal. QGIS’s Processing
toolbox grows from 272 to 354, 373, and 440 operations. Many are higher-level, ready-to-use processing oper-
ations, such as the geometry example below, directly supporting 22 of the 54 QGIS tasks in our benchmark.
For Haiku, the mean QGIS chain length falls from 30.4 to 21.2 operations (Table 1(b)). For example, geom-
etry checks that once required manually iterating over features and vertices collapse into one call to native:
checkgeometrymissingvertex. Inkscape shows the same effect. For example, its multi-page document object
lets agents express a multi-page export as a document-level operation instead of manually maintaining pages
and composing page-by-page export calls, and the same task falls from 101 turns and 1.8M input tokens to
30 turns and 119k.



Table 1 Exploration turns (a) and SDK ops per task (b), normalized to each application’s oldest release. V¥/A:
decrease/increase at the newest release; bold: change >20%.

Metric Model QGIS Blender Inkscape FreeCAD Writer Impress

(a) Exploration turns Haiku 1.00-1.00-1.01+1.00 = 1.00-033—014—50.16 ¥  1.00—0.96-0.97—0.97V 1.00-0.94—1.06—1.034 1.00—0.89—0.90—0.88 ¥ 1.00—0.97—0.63—1.05 A

DeepSeek 1.00-+0.55—0.71—0.69 ¥ 1.000.820.180.32Y 1.00—0.92—0.90—0.92¥ 1.00—0.91-0.950.76 ¥ 1.00-51.06—0.94—1.28 A 1.00—0.94-1.06—0.75 ¥

(h) SDK 0])8/“18}\7 Haiku 1.00-0.70—+0.71—+070¥  1.00—1.00—0.95—1.00 1.00—0.94—0.92—0.92¥ 1.00—0.96—0.89—1.01 1.00—0.89—1.02—0.95¥ 1.00—1.05—0.87—0.91 V¥
DeepSeek 1.00—0.95—+1.03—1.04 A 1.00—0.88—0.72—0.80Y 1.00—0.70—1.07—=0.86¥ 1.00—0.94—0.92—0.96¥ 1.00—1.19—1.23—1.06A 1.00—1.01—-1.04—0.92Vv

4.3.2 Property Limited across Releases

Observability. The interface exposes the resulting artifact state at the same level at which it is modified, so
agents can verify whether the requested outcome has been achieved. The two properties above emerge from
cross-version changes: they vary across releases in ways that track changes in agent success and cost. Tra-
jectory inspection also reveals failures of result verification. An audit restricted to the six study applications
identifies 581 trajectories in which the agent reported completion but the saved artifact failed verification.
Successful execution, as perceived by the agent, therefore does not ensure that the resulting artifact satisfies
the task.

Of these 581 trajectories, 569 contain a detected check. Among these 569 trajectories, 153 (26.9%) lack
independent artifact readback and 416 (73.1%) do. These counts distinguish observed checking behaviors
but do not attribute failures to agent reasoning or unavailable state. Nevertheless, an interface can limit
verification when it allows direct state modification without equally direct inspection of the result.

QGIS provides concrete examples. QgsFillSymbol.setAngle directly sets a symbol angle, but no correspond-
ing angle() reader exists. Recovering the value requires descending into individual symbol layers. More
strongly, QgsFeatureRenderer.setVertexMarkerAppearance has no corresponding reader at all across the
four evaluated releases. These cases show that state can be easy to modify yet difficult to inspect at the same
abstraction level, limiting the agent’s ability to verify its changes.

Takeaway. Agent-friendly interface quality has multiple dimensions. Discoverability and granularity im-
prove in several newer releases and track gains in success and efficiency, while observability remains limited
across the applications.

5 Synthesizing Agent-Native Interfaces

Section 4 measured what existing interfaces do to agents. We now state what an interface should do for
agents. Section 4.3 motivates three properties of agent-friendly interfaces:

o Discoverability. The interface makes supported operations discoverable at runtime and describes their
semantics and arguments clearly enough for agents to invoke them. Agents spend 24.1-36.2% of input
tokens on discovery (Figure 4), shipping documentation does not help (Appendix A).

e Granularity. The interface provides operations that closely match recurring user goals, reducing the need
to compose low-level calls (Table 1 (b)).

e Observability. The interface exposes the resulting artifact state at the same level at which it is modified,
so agents can verify whether the requested outcome has been achieved (Section 4.3).

Software evolution delivered the first two properties slowly and unevenly, over years of releases (Section 4.3),
and never closed the gap in the third: write paths without matching read paths persist across every evaluated
version. Our goal is to deliver all three for any installed application through automated synthesis and run-time
adaptation, without waiting for the application to evolve.

To this end, we design ANIS (Agent-Native Interface Synthesizer), which restructures the capabilities of an
installed desktop application into an agent-oriented interface (Figure 3). ANIS proceeds in two phases. At
build time, it discovers capabilities from the running application, synthesizes each admitted capability into



an atomic command whose implementation has been validated by the application itself, and organizes the
resulting commands so that agents can locate them without external documentation (discoverability) and
read back the states they change when a read accessor exists (observability) (Section 5.1). Granularity cannot
be settled at build time, because the goals worth promoting to higher-level operations become apparent only
through use. At run time, ANIS therefore packages recurring command compositions into verified goal-level
commands, progressively aligning the interface with user goals (granularity) (Section 5.2). Together, the
two phases deliver all three properties without changes to the underlying application. Appendix F reports

interface generation times for the eight applications.

5.1 Atomic Commands

An atomic command is the smallest unit of the interface ANIS synthesizes. ANIS builds atomic commands
in two stages with complementary goals. Capability discovery enumerates what the installed application
exposes and is tuned for recall: it may over-collect. Command synthesis turns each candidate into an
executable command and is tuned for precision: it releases only commands the application has demonstrably
accepted.

Capability Discovery. To comprehensively recover the capabilities of an installed application, ANIS grounds
discovery in the running application rather than in external documentation, which in our experiments pro-
vides no consistent gain in task success while increasing exploration overhead (Appendices A and B). It draws
on three complementary sources: registered operations such as QGIS processing algorithms and Blender op-
erators, introspection of constructible objects and services for their methods and writable properties, and
application menus for user-facing actions. These sources overlap but are individually incomplete, so their
union forms the initial capability set. In implementation, a lightweight collector shared across applications
queries the exposed runtime interfaces, with an LLM formulating the application-specific queries, and nor-
malizes the results into a common capability representation.

Not every discovered capability becomes an atomic command. ANIS retains capabilities that persistently
modify the artifact or expose its state for inspection, filtering out those concerning only runtime machinery or
transient application state. It makes this distinction by executing candidates against the running application
rather than inferring it from names or documentation.

Command Synthesis. For each admitted capability, ANIS synthesizes an atomic command with a uniform
interface. Each command pairs a specification of its arguments, valid values, and usage example with an
implementation invoking the corresponding operation in the running application, as illustrated by the QGIS
command in Figure 3. Atomic commands take three forms: reading a property, writing a property, or
invoking an operation on an artifact object. For each writable property, ANIS searches for a corresponding
read accessor and, when one is available, exposes it as a read command so that the agent can inspect the
resulting state.

The implementation of a command is derived from the runtime evidence collected during capability discovery:
the parameters, types, and defaults of the corresponding operation or property as reported by the running
application. An LLM uses this runtime information to construct a candidate invocation, which is then
executed against the application. A successful return only establishes that the application accepted the
invocation, not that the resulting state persists in the saved artifact, so ANIS retains only invocations whose
effects can be observed after saving and reopening the artifact. Each released command is thus bound to
an invocation already validated by the installed application, without assuming prior application-specific API
knowledge.

This process can produce thousands of atomic commands, so exposing them as a flat list would make discovery
expensive again. ANIS therefore organizes commands by the artifact objects they operate on and names each
command by its object and action. Command browsing details are provided in Appendix J.1. Across the
eight applications, interface generation takes 17.1-36.4 hours per application in wall-clock time (Appendix F).
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Figure 3 Overview of ANIS with a QGIS example.

5.2 Goal-Level Commands

To improve granularity, ANIS augments atomic commands with goal-level commands that capture recurring
user goals as higher-level operations. Rather than fixing this layer in advance, ANIS synthesizes goal-level
commands on demand as requests accumulate at runtime. In our experiments, this stream is simulated with
agent trajectories from previously solved tasks, and Appendix E.2 confirms the gain on a disjoint held-out
split. Each released goal-level command is a verified composition of atomic commands that produces the
intended artifact state.

Where Goals Come From. FEnumerating possible compositions is impractical and mostly yields sequences no
user needs. ANIS instead derives candidates from actual use. As agents serve requests, it records the atomic-
command sequences they execute and counts subsequences that recur across requests. Recurrence alone does
not imply a user goal, since the same implementation pattern may be shared by otherwise unrelated requests,
so it serves only to surface potentially reusable compositions. Once a subsequence recurs in at least three
requests, ANIS examines the requests that produced it to determine whether the sequence realizes a common
artifact-level subgoal across them. Here, a goal is a shared artifact-level subgoal, not necessarily the complete
user request.

From Sequence to Command. A recurring sequence has no user-facing identity of its own, so ANIS turns
it into a named command only when such a shared goal is found. Command naming, parameterization, and
execution details are provided in Appendix J.2. Before release, ANIS performs a reproducibility check by
rerunning the command on a clean copy of the originating artifact and verifying the saved final state. The
released command is then exposed through the same interface and invoked like any atomic command.

5.3 Performance Evaluation

5.3.1 Experiment Settings

We reuse the study’s scaffold, OpenCode [28], and both of its backbones, Claude Haiku 4.5 and DeepSeek
V4 Flash, following the success criterion in Section 4.1. We use all 255 DESKIF-BENCH tasks at their newest
release, plus 76 Calc and 37 GIMP tasks collected with the same pipeline. Calc and GIMP were held out
from every stage of method development: their interfaces were synthesized once, after the pipeline was frozen,
and never inspected before evaluation.

We compare ANIS against two interfaces: the application’s native SDK, accessed as in Section 4.1, and the
interface generated by CLI-Anything [8], obtained by installing its plugin in Claude Code. Both generated
interfaces are constructed with Claude Code [31] using Claude Opus 4.8 [32].



Table 2 Success rate (%) across eight applications with DeepSeek V4 Flash as the backbone.

Success rate (%) Overall
Interface QGIS Writer Blender GIMP Calc Impress Inkscape FreeCAD Success (%) Tokens per task
Native SDK 68.5 76.8 54.3 67.6 59.2 58.3 80.6 96.8 68.5 84.4K
CLI-Anything 13.0 10.7 8.6 432 6.6 2.1 38.7 45.2 17.4 67.0K (20.7%)
ANIS w/o goal-level 77.8 89.3 45.7 757 63.2 66.7 83.9 774 72.3 22.6K (73.2%J)
ANIS w/ goal-level ~ 81.5  89.3 514 75.7 68.4 66.7 83.9 77.4 74.5 21.2K (74.9%)

5.3.2 Experiment Results

Owverall Performance. Atomic commands raise overall success from 68.5% to 72.3%, and adding goal-level
commands raises it to 74.5%, though both remain below the native SDK on FreeCAD and Blender (Table 2).
Tokens per task fall from 84.4K with the native SDK to 22.6K and 21.2K, respectively. These savings reflect
easier command discovery and the packaging of recurring operations into goal-level commands, reducing
exploration and multi-step composition as illustrated below. With Claude Haiku 4.5 as the backbone, the
ordering of the interfaces is unchanged (Appendix C).

Capability Coverage. Coverage explains both the gap to CLI-Anything and the two exceptions above. Across
the applications covered by both systems, ANIS exposes over 20x as many commands as CLI-Anything. CLI-
Anything’s interface omits direct access to some application capabilities, such as QGIS print-layout creation.
Of CLI-Anything’s failed tasks, 98.7% are attributable to missing commands and only 1.3% to agent errors
with the necessary commands available, so its 17.4% success rate reflects what the interface omits rather
than the command-line form itself.

ANIS’s remaining gap is of a different kind: discovery is exhaustive, but validation can reject operations
whose preconditions are implicit. FreeCAD operations depend on linked sketches and modeling features,
and Blender operations on coordinated scene objects, selections, and editing modes. Such dependencies are
harder to reproduce automatically than explicit-input operations such as QGIS processing algorithms, so a
small set of capabilities available through the native SDK remains uncovered (28.6% of ANIS’s FreeCAD
failures lack a required command). This gap occurs only in the two applications with the most implicit object
relationships.

Observation Command Ablation. We test the contribution of observation commands directly by prohibiting
observation commands through agent instructions while leaving all editing commands available. As reported
in Appendix D, prohibiting observation commands by instruction reduces overall success from 72.3% to 60.3%,
a drop of 12.0 percentage points.

Goal-Level Commands. Goal-level commands target the granularity property. We synthesize them from
trajectories of tasks solved with atomic commands, yielding 10 commands across the eight applications,
and evaluate the augmented interface on the full task set. These commands package recurring multi-step
sequences into single invocations. For example, five QGIS operations to create a print layout and add its
map, legend, scale bar, and title become one parameterized call.

Adding goal-level commands never lowers success on any application and raises the overall rate from 72.3%
to 74.5%. Further analysis is provided in Appendix E.1.
6 Conclusion

LLM agents increasingly operate desktop applications through interfaces designed for humans and developers.
Using software evolution as natural interface variation, we introduce DESKIF-BENCH, 255 artifact-verified
tasks across six applications, and identify three properties that shape agent performance: discoverability,
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granularity, and observability. Evolution delivered the first two slowly and unevenly, and never closed the
gap in the third. ANIS delivers all three for any installed application, without waiting for it to evolve, by
synthesizing its runtime capabilities into commands validated by the application itself and extending them
with goal-level commands mined from use. Across eight applications, it raises success from 68.5% with the
native SDK to 74.5%, while removing observation commands alone costs 12.0 points. The interface an agent
is given is thus a first-class design choice, and one that can be synthesized rather than waited for.

Al Use Statement

We used generative Al tools (LLMs) in preparing this paper for four purposes: polishing the grammar and
clarity of author-written text, finding candidate related work, implementing experiment and analysis code,
and synthesizing benchmark tasks. LLMs are also part of the studied systems: the evaluated agents are LLMs
(Section 4.1), ANIS relies on LLM coding agents to synthesize commands, and both generated interfaces in
Section 5.3 are built with Claude Code [31] using Claude Opus 4.8. The authors checked every edit against
the intended meaning, reviewed and tested all Al-assisted code, checked every retrieved reference against
its original source, and accepted a synthesized task only after its verifier accepted the reference artifact and
rejected task-relevant perturbations (Section 3.2). The authors take full responsibility for the content of this

paper.

Reproducibility Statement

The code, DESKIF-BENCH tasks with their verifiers, and evaluation scripts are available at https://github.
com/co-evolve-lab/ANIS.
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Appendix

A Overall Model Performance and Documentation

We compare four backbone models, Claude Haiku 4.5 [29], Kimi K2.5 [33], DeepSeek V4 Flash [30], and
Claude Opus 4.6 [34], with and without official documentation for all eight desktop applications. All runs
use the OpenCode agent scaffold [28] to operate each application through its native SDK. For each model,
both conditions use the same tasks and artifact verifiers. In the documentation condition, we provide offline
copies of the official documentation, specify their local paths in the agent instructions, and require the agent
to consult them when uncertain about the usage. In the other condition, no additional documentation is
provided. Table 3 reports the available success rates.

Table 3 Success rate (%) with and without official documentation.

Model QGIS Writer Blender GIMP Calc Impress Inkscape FreeCAD Overall
Without documentation

Claude Haiku 4.5 64.8 73.2 57.1  59.5 474 52.1 77.4 74.2 61.4
Kimi K2.5 75.9 73.2 57.1  75.7 56.6 68.8 83.9 93.5 70.9
DeepSeek V4 Flash 68.5  76.8 54.3  67.6 59.2 58.3 80.6 96.8 68.5
Claude Opus 4.6 77.8 875 714 784 61.8 77.1 87.1 93.5 77.4
With documentation

Claude Haiku 4.5 61.1 679 48.6 64.9 48.7 54.2 77.4 74.2 60.3
Kimi K2.5 77.8  73.2 57.1  75.7 57.9 75.0 83.9 93.5 72.3
DeepSeek V4 Flash 66.7 71.4 48.6  73.0 52.6 64.6 80.6 96.8 66.8
Claude Opus 4.6 72.2 839 68.6 78.4 59.2 79.2 87.1 93.5 75.5

Without documentation, overall success ranges from 61.4% to 77.4%. Providing documentation raises Kimi’s
success by 1.4 percentage points, while Haiku, DeepSeek, and Opus decline by 1.1, 1.7, and 1.9 points. Effects
also vary within a model: Haiku improves on GIMP but declines on Blender. Documentation therefore
provides no consistent gain across these backbones and applications.

B Token Budget Distribution

We audit the trajectories of Claude Haiku 4.5 and Kimi K2.5 on all tasks. We attribute context tokens to
three activities: exploration, consulting references, probing interfaces, and inspecting task files; authoring,
planning, writing, and executing task code; and verification and repair, checking outputs and responding to
tool errors. Figure 4 compares bundled references alone with an additional documentation library.

Adding the library and requiring consultation increases the exploration share from 28.8% to 36.2% for Haiku
and from 24.1% to 32.5% for Kimi. However, documentation does not consistently improve overall success.
Some models perform worse (Table 3). Additional material may introduce irrelevant or version-mismatched
information, while agents can still overlook key constraints or misuse the documented APIs.

The models also differ in how they allocate their tokens. Kimi places more weight on writing and executing
code, with a smaller share devoted to verification and repair. Haiku distributes its budget more evenly
between implementation and checking or repair.
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Figure 4 Token budget distribution across activities for two models w/ and w/o Doc.

C Performance Evaluation with Claude Haiku 4.5

Table 2 reports the interface comparison with DeepSeek V4 Flash as the backbone. To check whether the
effect of the interface depends on the backbone model, we repeat the comparison with Claude Haiku 4.5,
keeping the remaining settings of Section 5.3 fixed: the same scaffold, the same 368 tasks, and the same
generated interfaces for CLI-Anything and ANIS. Table 4 reports the results.

Table 4 Success rate (%) across eight applications with Claude Haiku 4.5 as the backbone. ANIS is evaluated with
atomic commands alone and with added goal-level commands. Token reductions are relative to the native SDK.

Success rate (%) Overall
Interface QGIS Writer Blender GIMP Calc Impress Inkscape FreeCAD Success (%) Tokens pertask
Native SDK 64.8 73.2 57.1 59.5 474 52.1 774 74.2 61.4 85.0K
CLI-Anything 13.0 10.7 8.6 37.8 5.3 2.1 38.7 35.5 15.8 67.0K (21.2%)
ANIS w/o goal-level 74.1  83.9 48.6  67.6 50.0 60.4 80.6 58.1 64.9 23.0K (72.9%])
ANIS w/ goal-level 79.6  83.9 54.3 67.6 55.3 60.4 80.6 58.1 67.4 22.0K (74.1%))

Results. The results mirror those with DeepSeek V4 Flash. ANIS raises overall success from 61.4% to 64.9%
with atomic commands and to 67.4% with goal-level commands, while reducing tokens per task by over 70%,
indicating that the gains stem from the interface rather than from a particular backbone model.

D Observation Command Ablation

Observability is the one property that software evolution never delivered (Section 5).

We assess the value of observation commands using DeepSeek V4 Flash with OpenCode, following the ex-
perimental settings in Section 5.3. We compare the full generated interface with a condition that prohibits
observation commands, keeping all other settings fixed.

The ablation uses the atomic-command interface on all 368 tasks, with the unablated baseline rerun under
the same setting for comparability.

In the ablated condition, the instructions explicitly identify the generated commands that inspect artifact
state and prohibit their use. To verify compliance, we conduct an after-the-fact audit by extracting shell
commands from the saved agent trajectories and checking them against the prohibited command set. The
audit confirms that the model follows the restriction across all tasks, with no observation commands invoked.
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Table 5 Success rate (%) with observation commands allowed or prohibited by instruction.

Condition QGIS Writer Blender GIMP  Calc Impress Inkscape FreeCAD Overall
Tasks 54 56 35 37 76 48 31 31 368
Observation allowed 77.8  89.3 45.7 75.7  63.2 66.7 83.9 77.4 72.3
Observation prohibited 72.2 69.6 314 757 329 66.7 83.9 71.0 60.3
Change (pp) -56 -19.7 -143 0.0 -30.3 0.0 0.0 —-64 -12.0

Results. Table 5 shows that prohibiting observation reduces overall success from 72.3% to 60.3%, a drop
of 12.0 percentage points. These results suggest that access to editing commands alone is often insufficient:
agents also need artifact state to choose parameters and detect deviations from the requested outcome.

Calc and Writer show the largest decreases, at 30.3 and 19.7 points, respectively, while GIMP, Impress, and
Inkscape show no aggregate change. These results suggest that access to editing commands alone is often
insufficient: agents also need to inspect artifact state to choose appropriate actions and verify their effects,
which is what the paired read accessors in Section 5.1 provide.

Blender Example. 1In a task requiring a chair to face a table, the observation-enabled agent reads the initial
orientation, sets the chair’s rotation accordingly, and verifies the saved scene, passing the task. Without
observation, the agent applies a 180° relative rotation and receives a successful command response, but the
chair remains perpendicular to the required direction and fails verification. Command success therefore does
not establish task success: reading the initial state and checking the resulting orientation are needed to
connect an edit to the intended spatial relation.

E Goal-Level Command Evaluation

E.1 Full-Task Evaluation

The main evaluation synthesizes goal-level commands from prior task trajectories and evaluates the aug-
mented interface on 368 tasks across eight applications (Table 2).

The gains land where tasks most often share multi-step subgoals: Blender improves by 5.7 points (a 12%
relative gain), Calc by 5.2, and QGIS by 3.7. The five remaining applications are unchanged because few
subsequences recur across their requests, so no goal-level command was promoted for them. By design, the
layer extends the interface only where prior use supplies evidence for a shared goal. On tasks that invoke a
goal-level command, input tokens fall by 6.2%. Since commands are synthesized from served requests, these
figures reflect a small initial trajectory pool, and coverage of the layer grows as the interface is used. This
evaluation measures interface extension from prior use and Appendix E.2 reports a separate 7:3 split for
command synthesis and evaluation.

E.2 Held-Out Evaluation

To examine whether these commands can be used on tasks outside those used for synthesis, we separate the
tasks used to generate commands from those used for evaluation.

Protocol. We partition the 368 tasks across eight applications into training and test sets at an approximately
7:3 ratio within each application, yielding 258 training tasks and 110 held-out test tasks in total. Using only
training-task trajectories, following the goal-level command synthesis procedure described in Section 5.2, we
synthesize and retain 7 goal-level commands: 4 for Calc, 2 for QGIS, and 1 for Blender. For the remaining
applications, no candidates derived from the training trajectories meet the admission criteria, so no goal-level
commands are retained.
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Table 6 Results on 110 held-out tasks.

Metric Atomic Atomic + goal-level Change
Success rate 64/110 (58.2%) 67/110 (60.9%) +2.7 points
Tokens per task 22.8K 21.7K —4.8%

Interpretation. Table 6 shows that adding goal-level commands increases successful tasks from 64 to 67 out
of 110, a gain of 2.7 percentage points, while reducing tokens per task from 22.8K to 21.7K (4.8%). This
pattern is consistent with the results obtained when goal-level commands are synthesized from the full task
set, demonstrating the generalizability of this approach.

F Interface Generation Time

Table 7 reports interface generation times for ANIS across eight applications, measured as the elapsed wall-
clock time from when the coding agent starts generation to when it completes the process. Generation takes
17.1-36.4 hours per application.

Table 7 Interface generation times of ANIS across eight applications.

QGIS Writer Blender GIMP Calc Impress Inkscape FreeCAD
Generation time (hours) 18.2 34.2 27.0 204 221 36.4 17.1 23.4

G Evaluated Software Versions

For each application, we take the newest release available when we built DESKIF-BENCH and earlier releases
spaced at approximately uniform time intervals. The table below lists the exact releases evaluated for
each application. We keep the surrounding runtime and evaluation environment fixed, making the installed
application release the only manipulated factor.

Table 8 records the releases used in Section 4. The LibreOffice row applies to Writer and Impress.

Table 8 Software releases evaluated in the cross-version experiments.

Application Evaluated releases, oldest to newest
QGIS 3.10.14, 3.22.16, 3.34.6, 3.44.9
Blender 2.79, 2.83.13, 3.6.23, 4.2.9 LTS
FreeCAD 0.20.2, 0.21.2, 1.0.2, 1.1.1
Inkscape 1.0.2,1.2.2, 1.3.2, 1.4.3

LibreOffice 6.4.7.2, 7.2.7.2, 7.6.7.2, 24.8.7.2

H Task Counts by Application
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Table 9 Task counts per application in DESKIF-BENCH. Reused tasks are retained from previous benchmarks while
synthesized tasks are from our pipeline.

Writer Impress Inkscape Blender QGIS FreeCAD All

Reused 21 44 19 0 0 18 102
Synthesized 35 4 12 35 54 13 153
Total 56 48 31 35 54 31 255

I Reusing Existing Benchmarks

Our verification criterion requires every task to ship with a deterministic, artifact-based verifier. This makes
OSWorld and OpenComputer natural sources of reused tasks: both provide realistic software-use tasks with
executable evaluators that programmatically inspect the resulting artifact or system state rather than relying
only on a model’s judgment. From these benchmarks, we retain only tasks whose outcomes can be verified
from the resulting artifact.

Because these benchmarks target computer-use agents, some of their tasks specify transient interface states
rather than persistent artifact outcomes, and such states are not meaningfully comparable across interfaces
[10]. We discard two kinds: tasks that only change the application’s presentation (e.g., setting the zoom to
150% or changing an application theme) and tasks that target transient, interface-specific interaction states
(e.g., restoring the slide panel in the Impress window or placing the text cursor in a Writer paragraph).

J Interface Synthesis Details

J.1 Atomic Command Organization

ANIS organizes commands by the artifact objects they operate on and names each command by its object
and action. Figure 3 illustrates this organization for QGIS, where commands for layouts and layers are
grouped under their respective objects. An agent can browse these groups or search command names and
summaries, and inspect the full specification only for commands relevant to its current task. This keeps the
interface comprehensive without placing the entire command set in the agent’s context.

J.2 Goal-Level Command Construction

Goal-level commands package sequences that realize a shared artifact-level subgoal (Section 5.2). Using

the atomic-command descriptions and the originating requests, a model identifies that subgoal, names the
command from the shared target object and intended action following the same object-and-action convention
as atomic commands, and describes its usage and resulting change. Details that vary across requests, such as
the target object or an option value, become inputs to the new command, while the shared steps and values
are held fixed. When invoked, the command passes these inputs to the appropriate steps and runs the steps
in their original order. If a step fails, execution stops and the error from that atomic command is reported.
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