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Abstract

Declarative Model Interface (DMI) is a novel OS interface
tailored for LLM-based computer-use agents. Current agents
use GUIs designed for humans, forcing LLMs to plan high-
level goals and execute many low-level actions at the same
time. Our key idea is to separate policy from mechanism:
LLMs handle only high-level semantic planning (policy),
while DMI takes care of low-level navigation and interaction
(mechanism). We evaluate DMI on Microsoft Office (Word,
PowerPoint, Excel). Compared to a leading GUI-based base-
line agent, DMI boosts success by 67% and cuts steps by
43.5%, with 61% of successes achieved in just one LLM call.

1 Introduction

Computer-use agents (CUAs) powered by large language
models (LLMs) automate complex workflows [2-12]. State-
of-the-art CUAs use two main interfaces: application pro-
gramming interfaces (APIs) and graphical user interfaces
(GUIs). API-based methods give higher success rates and
fewer steps [5, 13-15]. But most applications do not expose
APIs. GUI-based methods are more universal [2, 3, 5, 6, 16].
They let multimodal LLMs see the screen and act (click, scroll,
type). Yet they suffer from long action chains, increasing LLM
calls and dropping success rates [13, 17-20].

Using a GUI application involves two distinct aspects. We
call the first policy: deciding which GUI control to call, in
what order, based on task semantics. We call the second
mechanism: locating and operating the controls through
navigation and interaction. In GUISs, the user (or agent) must
first navigate spatial layouts to reveal controls, then perform
precise interactions (click, drag, type, etc.) to activate them.
This forces the LLM to handle both high-level planning and
low-level execution in the same loop. The combined load
overwhelms its reasoning, strains visual understanding, and
creates long chains of actions with many round-trips.

Our key insight is that a good portion of interaction logic
with GUI is deterministic and can be executed independently
of the LLM. We propose Declarative Model Interface (DMI),
which abstracts imperative GUI navigation and interaction
into three declarative primitives: access, state, and observa-
tion, where LLMs declare which control to access, what state
to reach, or which result to observe for structured retrieval.

This is a condensed version of “From Imperative to Declarative: Towards
LLM-friendly OS Interfaces for Boosted Computer-Use Agents [1],” to appear
in EuroSys 2026.
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Figure 1. Overview of the DMI abstraction layer. DMI provides
novel OS interfaces designed for LLM users.

This cleanly separates policy (semantic, non-deterministic
decisions) from mechanism (low-level UI actions).

We validate DMI via case studies on Microsoft Word, Excel,
and PowerPoint, covering text, spreadsheet, and graphics
tasks. On OSWorld-W [4], DMI surpasses UFO2 [5] with
a 29.6% absolute success gain (67% relative), 43.5% fewer
steps, and 39% lower completion time. UFO2 failures are
largely mechanism-driven (visual recognition, fine-grained
interaction, navigation), whereas DMI re-centers failures to
policy issues (80.9%).

Contributions. DMI is the first OS interface designed for
LLM-based computer-use agents, aimed at reducing LLM
load, shortening sequences, and improving reliability.

2 Motivation
2.1 Why GUI mismatches with LLMs?

M1: Procedural control access. GUI controls are hierarchi-
cally organized behind menus, tabs, and dialog boxes. This
design deliberately narrows choices at each step, decompos-
ing control localization into low-cognitive-load decisions
[21]. The design assumes users (i) struggle with large deci-
sion spaces, (ii) have poor exact syntax recall, but (iii) excel
at visual recognition [22]. These assumptions do not hold
for LLMs. Given a global view, whether from trained knowl-
edge or task-specific documentation in the prompt, an LLM
can directly identify the appropriate control and generate
structured invocations. However, an imperative GUI requires
LLMs to first produce navigation sequences that make the
target controls reachable. This increases the length of action
chains and introduces systemic fragility, where any planning
or execution error can cascade into complete task failure.

M2: Iterative interaction. Many GUI controls rely on
iterative interactions (e.g., text selection involves repeated
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Table 1. Task examples of imperative GUI vs. declarative DML

Task GUI DMI

click(“Design”) — click(“Format Background”)
1 — click(“Solid fill”) — click(“Fill Color”)
— click(“Blue”) — click(“Apply to All”)

visit([“Blue”, “Apply to All"])

2 iterative interaction (drag and drop) set_scrollbar_pos(80%)

cursor movements). This design enforces high-frequency "ob-
serve—act" loops that transform challenging, high-precision
outputs (exact coordinates) into manageable visual judg-
ments ("is the current state acceptable?"). This assumes (i)
perception is effortless and accurate, and (ii) frequent "ob-
serve—act" loops incur minimal cost. Neither assumption
holds for LLMs: inference latency makes frequent loops ex-
pensive (humans adjust 3-5 times/s vs. 10-120+ s per round-
trip for LLMs [23, 24]), and their visual perception is unreli-
able [25-27].

2.2 Insights

I1: Policy-mechanism decoupling. GUI design couples
policy (function orchestration) with the mechanism (con-
trol navigation and interaction). Table 1 illustrates this cou-
pling through two real-world examples. However, much of
this mechanism is deterministic and can be resolved algo-
rithmically without LLM involvement. Rather than forcing
LLMs to plan fragile navigation sequences and complex in-
teractions, we propose offloading deterministically solvable
mechanisms to an abstraction layer, thus enabling LLMs to
focus on nondeterministic, policy-level decisions that require
semantic reasoning.

I2: Deterministic navigation. Given a target control, com-
puting an access path and navigating to it becomes a deter-
ministic problem. Once an application is released, its control
transitions form a finite state machine [28], with control
reachability and dependencies modeled as a directed graph
where nodes represent controls. While controls may be ac-
cessible through multiple paths, removing back-edges and
duplicate nodes with their successors yields a tree structure,
producing a unique path identifiable from the control’s
identifier alone. The LLM needs only to declare the target
control rather than specify the concrete navigation sequence,
removing responsibility for path correctness from the model.

I3: Finite interaction operations. While controls exhibit
diverse behaviors, Windows UI Automation (UIA) catego-
rizes them into finite sets: 41 control types (e.g., Button, Lis-
tItem, Edit) and 34 control patterns (e.g., TextPattern, Scroll-
Pattern, SelectionPattern) [29]. These universals enable us
to abstract low-level, fine-grained interactions into state and
result declarations such as set_scrollbar_pos(x_percent,

y_percent) or select_lines(start_index, end_index). With
these wrapped primitives, LLMs only need to specify the
desired control state, eliminating requirements for precise
visual-coordinate reasoning or high-frequency interaction.
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2.3 Challenges

Challenge #1: Navigation path ambiguity. Application
navigation relationships exist implicitly and are not exposed
as explicit data structures. Even with Ul topology, path ambi-
guity exists: cycles and merge nodes in the navigation graph
prevent mapping controls to unique access paths.

Cycles: Loops (e.g., A — B — A) may yield infinite traver-
sal sequences.

Merge nodes: Controls may be reachable via multiple paths
(eg,A— CandB — C).

Identical controls can enact different functions depending
on path-related context. For instance, in Word’s color picker,
a color cell is reachable via “Font Color,” “Outline Color,” or
“Underline Color” with different properties.

Challenge #2: Limited LLM context windows. Naviga-
tion topology should be converted to textual prompts for
LLM comprehension. However, modern applications expose
numerous controls (5,000 in Microsoft Office), making full
topology prohibitively expensive for LLMs.

Challenge #3: Inaccurate long-horizon planning. With
DM, the LLM can plan multiple commands in a single call,
even when target controls are not currently visible. How-
ever, unexpected intermediate outcomes can invalidate sub-
sequent steps and cascade into task errors. Additionally, real-
world Ul interaction is inherently unstable, for example, con-
trol name variations can break element identification.

3 Design and Implementation
3.1 Overview

DMI abstracts navigation as access declaration, and abstracts
interaction as state and observation declarations.

e Access declaration: Given a control identifier, DMI de-
terministically navigates from any current state to that
control and performs a primitive interaction (e.g., click).

e State declaration: Given a desired control end state (e.g.,
scrollbar position; selection state for a control or for text),
DMI transitions the control from any current state to the
target state, encapsulating compound interactions such
as drag and keyboard-mouse coordination.

o Observation declaration: Given an information request
(e.g., a control’s text content), DMI returns structured
data rather than relying on pixel-level recognition, and
handles any compound interactions needed to reveal
hidden content (e.g., expanding a table item).

3.2 Path-Unambiguous Navigation Topology

Navigation modeling: Following prior work [30, 31], we
model UI navigation with an automated prototype, with
modest human intervention. The result is a UI Navigation

Graph (UNG). UNG is a directed graph G = (V, &) where



Figure 2. Navigation Topology. To access the bottom-right node
along node 4, imperative GUI navigation relies on graph and re-
quires the explicit path (1, 4, 6,9, 12). With declaration, only (19) is
required by tree, while the number of nodes explodes. For forest,
the path required is (7, 14).

nodes are accessibility-exposed controls and edges denote
click-induced reachability.

From directed graph to forest: To enable unambiguous
control access by ID, we transform the single-source UNG
into a path-unambiguous topology where each control
has a unique access path. We first remove cycles by deleting
back-edges, yielding a single-source DAG. We then resolve
merge nodes (multiple in-edges) by converting the DAG into
aforest with a main tree and shared subtrees. Naively cloning
a merge node and its descendants per in-edge guarantees
uniqueness but can cause exponential growth and exceed
LLM context limits (e.g., Microsoft Office). Simply dropping
in-edges is also invalid, since different paths to the same
control may carry different semantics.

We propose an externalization algorithm that converts the
single-source DAG into a forest while controlling topology
size. Processing merge nodes bottom-up, it estimates the
cloning cost of duplicating each node’s descendant subgraph
across incoming edges; if the cost exceeds a threshold, the
subgraph is externalized as a shared subtree and reached via
reference nodes, otherwise it is cloned. This ensures linear
growth. The LLM outputs only the target control ID or with
(typically one) shared-subtree ref_id (see Figure 2).

3.3 Context-Efficient Descriptions for Controls and
Navigation

Compressed, hierarchical description: We represent the
navigation hierarchy as compact structured text, retaining
non-leaf navigation nodes so each control is described by its
properties plus its hierarchical path.

Query on demand: To reduce context cost, DMI provides
a pruned core topology by default (e.g., six levels). If the core
is insufficient, the LLM issues further_query command to
expand specific branches or fetch the full forest.

AgenticOS Workshop’26, March 23, 2026, Pittsburgh, USA

3.4 Access Declaration: The visit Interface

Interface specification: visit accepts an array of struc-
tured commands and executes them sequentially in a single
call. Specifically, it supports four categories of commands:
e Control access: Navigate to the target control and per-
form a primitive interaction (i.e., click).
Target in the main tree:
{"id": "<target_id>"}
Target in a shared subtree:
{"id": "<target_id>",
"entry_ref_id": ["<ref_id>", "..."1}

o Access-and-input text: Access an Edit type control and
input text:

{"id": "<target_id>", "text": "<text>"}

e Shortcut keys (auxiliary): Issue a keyboard shortcut
(e.g., pressing ENTER to commit an edit):

{"shortcut_key": "<key_combination>"}

o FurtherQuery: Request additional topology when the
default core topology is insufficient.

{"further_query": ["<node_id>", "..."]}

Balancing efficiency and accuracy: visit (i) bundles
navigation and a primitive action (click/text) into an atomic
control-access command and allows multiple commands
per call. (ii) Excludes complex interactions: when composite
steps are needed, DMI stops further visit commands, forcing
observe-then-replan, and forbids mixing visit with other in-
terfaces in the same turn. (iii) Supports essential keyboard
shortcuts (e.g., ENTER) to be used sparingly.

Handling unstable UI Interaction: We employ fuzzy
matching that combines control type, ancestor hierarchy,
and name similarity when exact matching fails. We provide
structured error feedback and use a failure retry mechanism.

Handling improper LLM instruction-following: De-
spite explicit instructions to output only target control iden-
tifiers, LLMs sometimes include navigational nodes. The key
insight is that functional nodes are topology leaves, while
navigational nodes are non-leaves. We filter out non-leaf
nodes, allowing the executor to retain only commands target-
ing functional nodes and handle navigation independently.

3.5 State and Observation Declaration:
Interaction-related Interfaces

Under UIA, a control describes its functionality through a
finite set of control patterns (e.g., TextPattern, ScrollPattern,
SelectionPattern). We leverage these control patterns and
corresponding UIA interfaces to encapsulate control inter-
actions to simplify complexity. In this way, we realize State
Declaration and Observation Declaration (see § 3.1).

State and Observation declarations reduce dependency on
precise visual perception and simplify complex interaction.
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Table 2. state declaration and observation declara-
tion interfaces. UIA defines 34 control patterns in total.
These interfaces are extensible. For example, set_texts
builds on TextPattern, set_toggle_state builds on
TogglePattern, and set_expanded/set_collapsed builds
on ExpandCollapsePattern.
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Table 3. Results across interfaces and models.

Interface  Knowledge Model Reasoning SR Steps Time(s)

GUI-only / GPT-5 Medium 44.4% 8.16 392
GUI-only  Nav.forest GPT-5 Medium 42.0% 841 353
GUI+DMI Nav.forest GPT-5 Medium 74.1% 4.61 239

Interface Control Pattern Description

set_scrollbar_pos Scroll Set scrollbar position to x%

select_lines Text Select one (or contiguous) line(s)
1 h

select_paragraphs Text Se e04t One paragrapn or a

contiguous paragraph range

Select

Text&Value

select_controls Single or multi-select controls

get_texts Retrieve a control’s text

For example, an Excel cell’s full content may not be fully
visible and would require several clicks to reveal. DMI ships
with a set of pre-wrapped, high-value, and complex interac-
tions, and can be customized to add additional UIA control
patterns accordingly (see Table 2).

Supporting precise perception by default: Before each
LLM call, get_texts() is invoked in passive mode on all
Dataltem controls, and a truncated, structured result is for-
warded into the prompt. In cases where truncated results are
insufficient, LLMs can call get_texts() in active mode to
retrieve the full content.

Separating control access and complex interactions: To
prevent mixing with visit interface within the same turn
and preserve accuracy (see 3.4), the use of static IDs from the
navigation topology is explicitly prohibited by interaction-
related interfaces. Instead, those interfaces can only operate
on controls specified by their label from the current screen’s
accessibility tree.

3.6 Implementation

DMI is implemented in over 18K lines of Python code. It
builds on the pywinauto library [32] to drive the Windows
UI Automation (UIA) framework. Full implementation is

detailed in [1].

4 Evaluation
4.1 Setup

Case studies: We evaluate Microsoft Word, Excel, and Pow-
erPoint as representative, feature-rich productivity applica-
tions. These applications collectively cover a range of sce-
narios, from text and tabular editing to graphics, and expose
over 5,000 controls each.

Benchmark: We draw tasks from the widely used OSWorld
benchmark [4]; specifically, the OSWorld-W (Windows) por-
tion comprising 27 single-app scenarios for PowerPoint, Ex-
cel, and Word. We evaluate on the full set of single-app
scenarios. We exclude the multi-app subset because it exer-
cises the operating system’s controls. Although modeling the

GUI-only / GPT-5  Minimal 235% 8.42 251
GUI+DMI Nav.forest GPT-5 Minimal 40.7% 5.52 140

GUI-only / 5-mini Medium 17.3% 7.14 171
GUI-only  Nav.forest 5-mini Medium 23.5%  6.32 150
GUI+DMI Nav.forest 5-mini Medium 43.2% 4.43 167

OS controls is feasible, it would have required a significant
amount of time for modeling.

Baseline: We adopt Microsoft’s Windows CUA framework
UFO-2 [5] as our baseline; it natively integrates UIA. For a
fair comparison, we use the combination UFO2-base + action
sequence (denoted UFO2-as). Here, UFO2-base is GUI-only.
UFO-2 also offers Office-specific COM APIs, but those are
not general and are therefore excluded. The action sequence
mechanism reduces steps by allowing the LLM to emit mul-
tiple actions in a single turn, provided all referenced con-
trols are currently visible in the app UL The baseline labels
accessible-tree controls and passes the labels in the prompt;
to distinguish these labels from our numeric IDs in the navi-
gation topology, labels are alphabetic (e.g., “A”, “HF”).

Our approach: On top of UFO2-as, we introduce our declar-
ative DMI (GUI+DMI). Prompts instruct the LLM to prefer
DMI and fall back to GUI when necessary.

Methodology: Each task is capped at 30 steps and is run
three times, then averaged. Office experiments use Microsoft
365 builds. The LLMs are OpenAI GPT-5 and GPT-5-mini. We
compare GPT-5 at medium (default) vs minimal reasoning
to emulate “reasoning” vs “non-reasoning” modes.

4.2 Offline Phase: UI Navigation Modeling Cost

Modeled graphs: We build the UNG and then transform it
into a path-unambiguous forest. In the raw modeled graphs,
Excel/PowerPoint/Word each exceeds 4K controls. To control
context cost, we extract a core topology from the forest: Excel
~ 2K, Word ~ 1K, PowerPoint ~ 1K controls. Word and Excel
take a forest; PowerPoint’s core topology is a single tree. No
nested references exist among shared subtrees.

Cost: Automated modeling per application takes < 3 hours.
Some manual setting is required. Average manual effort is
around 1.5 person-days per application.

4.3 Online Phase: End-to-end Performance

Terminology: Reasoning denotes the configured reasoning
effect; SR is the average success rate. Step counts averaged



LLM calls (i.e., round trips). Time is the average completion
time. All metrics are calculated on successful cases only.

Settings: We compare three settings: (1) GPT-5, reasoning
mode (core setting); (2) GPT-5, minimal reasoning; and (3)
GPT-5-mini, reasoning mode.

Overall improvement: In the core setting, DMI yields
substantial improvements over the baseline: raising success
from 44.4% to 74.1% (1.67X), cutting steps from 8.16 to 4.61
(—43.5%), and reducing completion time by 39%. Under min-
imal reasoning, success improves from 23.5% to 40.7%, steps
drop from 8.42 to 5.52, and time declines from 251s to 140s.
With GPT-5-mini, DMI yields an absolute +25.9% success
gain (2.5% over GUI-only) and 38% fewer steps; average time
is comparable (171s baseline vs 167s DMI) because we report
only successful runs, and GUI-only primarily succeeds on
shorter/easier cases. Table 3 shows the overall results.

One-shot task completion: In the core setting, with DMI,
over 61% of successful trials are completed in 4 steps. UFO2’s
framework incurs a fixed 3-step overhead. For single-app
tasks, DMI enables the LLM to complete the core user intent
in a single LLM call.

4.4 Overhead

Token cost: DMI adds context tokens mainly from the nav-
igation forest (>80%), with the rest from the usage prompt
and truncated get_texts() payloads. Controls average ~15 to-
kens (0200k_base); core topologies add ~30K tokens (Excel)
and ~15K tokens (Word/PowerPoint). Despite this, DMI cuts
interaction rounds, so total tokens per task are lower than
the baseline in core scenarios.

Per-step latency: Per-call latency is higher for small models
but overall time drops due to fewer steps; for large models,
per-call latency is similar to the baseline.

4.5 Ablation Study

We ablate DMI to separate the effects of static topology and
the declarative interface. Supplying only the navigation for-
est to UFO2-as (interface disabled) yields little benefit, while
full DMI improves substantially, showing the declarative
interface is the main performance driver (Table 3).

4.6 Failure Analysis

We analyze failures in the core setting and compare distribu-
tions between DMI and a GUI-only baseline.

GUI+DMI (policy-centric failures): The dominant causes
are: ambiguous task descriptions (42.9%); misinterpretation
of control semantics (28.6%); weak visual-semantic under-
standing (14.3%); misunderstanding of subtle task semantics
(9.5%); and topology/modeling inaccuracies (4.8%). Tasks
solved without DMI (GUI-only) remain solvable with DMI
in our evaluation.
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GUI-only baseline (mechanism-dominated failures):
The baseline shows many mechanism failures: control local-
ization and navigation errors (14/45), and composite-interaction
errors (7/45). It also shows additional task-semantic errors
and misperception of control functionality (6/45). A further
18 failures overlap with the policy-centric categories above.
Because the LLM must split attention between policy and
mechanism, more semantic mistakes appear. We observed
similar errors in the ablation experiment, reinforcing that
coupling policy with mechanism leads to avoidable mistakes.

Summary: The failure analysis pinpoints why DMI works:
it cuts out mechanism-related errors (navigation and com-
posite interaction) and re-centers policy, where LLMs are
comparatively strong. Compared to GUL, DMI (DMI + GUI)
aligns better with LLM capabilities, substantially reducing
reliance on precise vision and high-frequency interactions.

5 Limitations

Unsupported GUI applications: Legacy applications from
the Windows XP era and video-game applications and spe-
cialized graphics software often lack UIA support, falling
outside our methodology’s scope.

Completeness of DMI primitives: Tasks like freely draw-
ing a shape (e.g., canvas) or position-precise manipulation
(e.g., figure adjustment) are inherently dependent on fine-
grained, non-standard position-related operations. Such
tasks are difficult to express in a stateful manner and cannot
be easily simplified using a declarative approach. In this case,
the LLM can fall back to GUI for broader generality.

6 Related Work

GUI-based large action models: UI-TARS [6], OS-ATLAS
[33], Aguvis [34], and UGround [7] train specialized large
action models to navigate human-oriented GUI better.

Skill-based approaches: AppAgentX [35] encapsulates Ul
sequences as skills while relying on visual element matching.
Similarly, AXIS [13] translates Ul traces into application API
calls, but its robustness is contingent upon the availability
and stability of those APIs.

GUI ripping: GUITAR [30] abstracts GUIs into event-flow
graphs and synthesizes test cases from the model (similar to
[28, 30, 31, 36-38]).

Graph-based methods: AutoDroid-v1/v2 [28, 38] builds
UI transition graphs and fine-tunes an on-device LM to plan
action sequences beyond the current view. The method is still
imperative and resolves missing controls by choosing the
closest reachable path, which can be ambiguous—an issue
addressed by DML
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7 Concluding Remarks

OSes have long evolved interfaces to serve different users—
from command-line interface (CLI) for experts to GUI for
general users. LLMs are a fundamentally new class of OS
users with distinct characteristics (large context-memory,
reasoning) and constraints (weak visual capability, latency,
token costs, imperfect instruction-following) that existing
OS interfaces don’t consider or address. As a result, LLMs un-
derperform with GUI. DMI addresses this gap by separating
policy from mechanism to build LLM-friendly OS interfaces.
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