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Abstract

Graphical user interface (GUI) agents automate tasks in digital environments by interpreting user
goals and executing interface operations. GUI grounding serves as a critical link between high-
level reasoning and low-level interaction execution in GUI agents. It maps users’ operation intents
to specific interaction targets and their spatial parameters, enabling agents to translate high-level
decisions into executable interface actions. Advances in multimodal large language models (MLLMs)
have substantially improved GUI agents’ capabilities in autonomous operation. However, existing
surveys primarily focus on complete GUI-agent systems, leaving grounding methods, data resources,
and performance limitations insufficiently synthesized. To the best of our knowledge, this is the first
comprehensive survey dedicated to GUI grounding. First, we establish a unified taxonomy along three
complementary dimensions–learning paradigms, inference strategies, and target representations–to
systematically characterize the core mechanisms and properties of existing methods. Second, we
review training datasets, evaluation benchmarks, and metrics, tracing the evolution of data resources
and evaluation tasks. Third, we conduct a comparative analysis of representative methods across
evaluation benchmarks, identifying their strengths and limitations across target types, instruction
complexity, and interaction requirements, while examining trade-offs between accuracy and inference
cost. Our analysis reveals that GUI grounding research is expanding from explicit target localization
in static interfaces toward implicit intent understanding, target resolution in dynamic interfaces, and
spatial-parameter prediction for complex interactions. We discuss the resulting open challenges and
future research directions.

Keywords: computer-use agents; GUI agents; GUI grounding; multimodal large language models;
survey

1. Introduction
Graphical user interfaces (GUIs) are the primary medium through which users access digital

services and interact with software systems. Recent advances in large language models (LLMs) and
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multimodal large language models (MLLMs) have accelerated the shift in GUI automation from rule-
based scripts and predefined workflows toward GUI agents [1,2] that understand natural-language
goals, perceive interface states, and autonomously execute actions [3]. Regardless of whether an agent
relies on explicit planning, hierarchical decision-making, or end-to-end action generation, spatial
interactions such as clicking and selecting require a common capability: mapping the current operation
intent to a concrete interface target and determining where to act. We refer to this capability as GUI
grounding. Specifically, given a GUI screenshot and a natural-language query, a model typically needs
to predict the click coordinate [4] or bounding box [5] of the target interface element, as illustrated in
Figure 1(a).

Close the current pop-up

GUI GROUNDING
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Target Element + Location
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Figure 1. Overview of GUI grounding and related research trends. (a) An illustrative GUI-grounding example,
where a model identifies the target interface element from a GUI screenshot based on a natural-language instruction
and predicts its interaction location. (b) Annual publication counts related to GUI agents and GUI grounding,
showing the growing research interest in these areas.

Within a GUI agent, GUI grounding serves as a critical bridge between high-level task understand-
ing and low-level interface operations. This capability is fundamental across web [6,7], mobile [8,9],
desktop [10], and cross-application GUI environments [11]. A grounding error not only causes an im-
mediate incorrect action but may also alter subsequent interface states, allowing the error to propagate
through multi-step interactions and ultimately cause task failure [12]. This challenge is compounded
by modern GUIs, which often contain numerous small, densely packed text elements, icons, and con-
trols [13] with highly similar appearances [5]. Reliable GUI grounding therefore requires integrating
visual, semantic, structural, and layout cues [14] with fine-grained spatial discrimination [15].

As shown in Figure 1(b), GUI grounding research has also increased substantially in recent years
alongside the rapid growth of GUI-agent research, gradually developing into a relatively independent
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research direction [16,17]. Figure 2 traces the development of GUI grounding from early grounding
foundations, such as visual grounding, through interface modeling and screenshot-based grounding,
to recent directions aimed at refining grounding capabilities. Research objectives are no longer limited
to directly predicting target locations, but extend to inference-time search strategies [18], iterative
refinement methods [19], and uncertainty-aware prediction mechanisms [20]. These developments
have diversified how grounding capabilities are acquired, how predictions are generated and refined,
and how interaction targets are represented, motivating a unified framework for systematically
organizing and comparing existing methods.

Evolution of GUI Grounding
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Figure 2. Evolution of GUI grounding. A historical overview of the development of GUI grounding methods,
including the progression of learning paradigms, datasets, and evaluation benchmarks.

The development of datasets and benchmarks further reveals both the progress and remaining
limitations of GUI grounding. Training resources have evolved from early mobile interface collections
to large-scale cross-platform datasets [21], supporting representation learning across increasingly
diverse interfaces. Although leading models approach saturation on ScreenSpot-v2 [22], substantial
performance gaps persist under more demanding visual and semantic conditions. For example,
ScreenSpot-Pro [13] challenges models to distinguish small targets and visually similar controls in
dense professional interfaces, while UI-Vision [14] evaluates the ability to identify targets through
their functions and spatial relationships. These settings require fine-grained visual discrimination
and contextual interpretation beyond matching explicit textual or visual cues. Recent benchmarks
further extend evaluation to precise drag operations [23] and the rejection of instructions referring to
nonexistent targets [24]. Together, these findings indicate that progress on conventional localization
benchmarks does not fully characterize grounding capabilities across diverse interfaces, instructions,
and interaction requirements.

However, existing surveys primarily examine GUI agents as complete systems, either reviewing
their overall architectures and capabilities, including perception, planning, memory, and action execu-
tion [1,2], or examining specific aspects such as trustworthiness [25]. In these surveys, GUI grounding
is generally treated as one component of the broader agent system, rather than examined independently
as a research problem. Meanwhile, surveys on visual grounding [26,27] review language-conditioned
localization in general visual scenes, without systematically addressing the methods and interaction
requirements specific to GUI grounding. Table 1 summarizes the differences in scope and coverage
between these surveys and ours. To the best of our knowledge, this is the first comprehensive survey
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dedicated to GUI grounding, systematically reviewing its task formulations, methodological advances,
training resources, and evaluation benchmarks, and synthesizing the capabilities and limitations of
existing approaches.

Table 1. Comparison of representative surveys. ✓: structured categorization or comparison; △: substantive
discussion without such synthesis; –: absent or passing mention. REC: referring expression comprehension;
Perf.: performance.

Method analysis Data & evaluation

Survey Scope
Learn.
parad.

Infer.
strategy

Target
repr.

Train.
data

Eval.
bench.

Perf.
analysis

Qiao et al. [26] REC – – – – – –

Xiao et al. [27] Visual
grounding

– – – – – –

Wang et al. [1] GUI agents △ △ – △ – –

Zhang et al. [2] GUI agents △ △ ✓ ✓ ✓ –

Nguyen et al. [28] GUI agents ✓ △ △ △ △ –

Tang et al. [29] GUI agents △ ✓ △ △ △ –

Hu et al. [30] OS agents ✓ △ △ ✓ △ –

Sager et al. [31] Computer use △ ✓ ✓ △ △ –

Shi et al. [25] Trustworthy
GUI

– △ – – △ –

Chen et al. [32] GUI
benchmarks

△ △ △ △ ✓ ✓

Li & Huang [33] RL-based GUI ✓ △ – △ – –

This survey GUI grounding ✓ ✓ ✓ ✓ ✓ ✓

We present a systematic survey of GUI grounding, covering its task formulations, methodological
advances, training resources, and evaluation frameworks. We organize existing methods along three
complementary dimensions that capture how grounding capability is acquired, how grounding is
performed , and how interaction targets are represented: (1) Learning paradigms characterize how
grounding capabilities are acquired, covering GUI-grounding pretraining, fine-tuning, and training-
free approaches; (2) Inference strategies characterize how grounding predictions are produced and
refined at inference time, including direct, guided, multi-hypothesis, and iterative grounding; (3) Target
representations characterize how interaction targets are encoded and converted into executable spa-
tial parameters, including coordinate, spatial-response, and element representations. Building on
this taxonomy, we further examine complex interactions, cross-task generalization, and trustworthy
grounding to identify the capability boundaries of existing methods and the challenges that remain.

This survey focuses on GUI grounding research publicly available on or before October 31, 2026.
Broader GUI-agent studies are included only when they explicitly investigate grounding capabilities.
We also maintain a regularly updated github repository to track developments beyond the survey’s
cutoff date. Our main contributions are summarized as follows:

• To the best of our knowledge, this is the first systematic survey dedicated to GUI grounding.
We establish a unified task definition and research scope, and clarify its distinctions from and
connections to conventional visual grounding and complete GUI-agent research.

• We establish a unified and decomposable taxonomy of GUI-grounding methods along learning
paradigms, inference strategies, and target representations, enabling systematic comparison of
their commonalities, differences, combinations, and applicable conditions.

• We systematically review training resources and evaluation benchmarks, compare representative
methods, and analyze their capability limitations and accuracy–efficiency trade-offs.

• Based on our methodological and evaluation analyses, we identify the key challenges facing GUI
grounding and highlight promising directions for future research.
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The remainder of this paper is organized as follows. Section 2 formalizes GUI grounding and
introduces its observation and target representations. Section 3 reviews existing methods through a
taxonomy of learning paradigms, inference strategies, and target representations. Section 4 reviews
training resources, benchmarks, and evaluation metrics, and analyzes the performance and limitations
of representative methods. Section 5 discusses open challenges and future research directions in
semantic, interactive, reliable, and efficient GUI grounding. Finally, Section 6 concludes the survey.

2. Background
This section introduces the basic concepts and task formulation of GUI grounding, describes its

observation and input representations, and defines the target space and validity conditions.

2.1. Concepts and Problem Formulation

Visual grounding. Visual grounding (VG), commonly known as referring expression comprehension
(REC), aims to locate a specific object or region in an image based on a natural-language description [26].
Given an image I and a textual query q, a model identifies the referred target by interpreting its
appearance, attributes, and relationships with other objects, and predicts its bounding box. Classical
visual grounding assumes that the description refers to a single object present in the image. Generalized
visual grounding relaxes this assumption to accommodate descriptions referring to multiple objects or
no object [27].
GUI agents. GUI agents autonomously complete digital tasks by perceiving graphical user interfaces,
understanding user goals, and executing interface operations [28]. In a partially observable interactive
environment, a policy πθ with parameters θ produces an action at ∼ πθ(· | u, ot, ht) given a high-level
task u, the current observation ot, and the interaction history ht. Here, t indexes interaction steps, and
ht contains preceding observations and actions. The action at typically specifies its type and arguments,
such as a click location, drag endpoints, scroll direction, or text input. A complete GUI agent combines
task understanding, state perception, long-horizon planning, action selection, and execution.
Conventional GUI grounding. Within a GUI agent, GUI grounding focuses on identifying interface
targets and determining their spatial action arguments. A local operation intent qt specifies the goal of
a single interface operation, such as opening a settings menu, whereas the high-level task u may require
multiple operations. Existing studies commonly formulate GUI grounding as language-conditioned
interface-element localization. Given a GUI observation o and a query q describing a target element, a
model predicts its location:

ŷ = gconv
θ (o, q), ŷ ∈ L(o). (1)

Here, gconv
θ is a grounder parameterized by θ. The observation o may be a screenshot or include

structured interface data such as the DOM or an accessibility tree. L(o) is the target space, typically
comprising click coordinates, bounding boxes, or element identifiers. In the screenshot-only setting
(o = I), ŷ is a click coordinate or target bounding box. This formulation generally assumes the target is
present in o and the action type is given or fixed by the evaluation protocol (e.g., clicking) [4,5,16,34].
Generalized GUI grounding. Conventional GUI grounding covers many click-based tasks. However,
user instructions do not always identify the target explicitly; they may instead refer to its intended
function or spatial relations [14], or require interaction context to resolve the target [34]. Moreover,
GUI interactions are not limited to clicking, and some operations require multiple spatial parameters.
Drag-based interactions, for example, require joint localization of start and end positions, as in text
selection [23] and spreadsheet range selection [35]. Multiple interface elements may also satisfy the
same user intent, so grounding should accommodate alternative valid targets rather than assume
a unique correct location [17]. Accordingly, we define generalized GUI grounding as action-type-
conditioned interface-target resolution and spatial-argument determination. Given the current interface
observation ot, a local operation intent qt, an action type τt, and an optional interaction history ht, a
GUI grounder predicts a response:
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r̂t = gθ(ot, qt, ht; τt),

r̂t ∈ Yτt(ot) ∪ Z .
(2)

Here, gθ denotes the complete grounder, r̂t its final response, and ŷt a candidate target prediction
that may be withheld. The action type and chosen representation determine the output space Yτt(ot).
It may contain interface elements or structured nodes, points or regions, or target-bound spatial
arguments. We define Z = {NOVALIDTARGET, ABSTAIN} to represent two types of non-execution
responses. NOVALIDTARGET reports that no target satisfies the instruction in the current interface
state, whereas ABSTAIN withholds a prediction due to insufficient confidence.

2.2. Observation and Input Representations

Observations for GUI grounding may contain visual information, structured information, or both.
We write ot = (It,St), where It = {I(v)t }Vt

v=1 contains the Vt rendered views available at time t, and St

contains structured or symbolic information about the current interface state. Unavailable components
are represented by the empty set.
Visual observations. Visual observations typically capture the rendered GUI as full screenshots, current
viewports, or local regions. Screenshots preserve interface text, icons, controls, layout, and visual
state, providing a common input for grounding across web, mobile, and desktop interfaces [4,13,16].
Figure 3 shows representative GUI screenshots across platforms and application domains.

(a) Mobile (b) Web

(c) Desktop (d) Professional

Figure 3. Representative GUI environments: (a) an Android transit application, (b) an Amazon webpage, and (c)
an XMind desktop workspace from MMBench-GUI L2 [36]; and (d) an AutoCAD workspace from ScreenSpot-
Pro [13]. Contextual crops retain the original target annotations (blue boxes); short labels identify the selected
controls.

Structured and symbolic observations. GUI grounding may also use machine-readable interface
structures from the platform or symbolic information from interface parsing. Common forms in-
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clude HTML/DOM nodes on web pages [6,37], accessibility representations in WebArena [7] and
AndroidWorld [9], and mobile view hierarchies [38].
Hybrid observations. Hybrid observations combine rendered pixels with structured or symbolic
interface information, including upstream screenshot parsing results. OmniParser [39], for example,
provides annotated screenshots, OCR text, and generated icon descriptions. Models can refer to
candidate elements by region ID.

2.3. Target Space and Representations

The target space Yτt(ot) depends on the interface representation and action type. Targets may
be represented as spatial targets, symbolic targets, or composite spatial arguments. We omit the step
subscript t for a single grounding instance.
Spatial targets. Spatial targets specify location or extent in interface coordinates. Let ΩI denote
the spatial domain of the current interface. A point target p = (x, y) ∈ ΩI uses pixel, normalized,
or discretely encoded coordinates. Points specify click or touch locations in screenshot-based GUI
grounding [4,16]. A target’s extent can be represented by a bounding box B = (x1, y1, x2, y2) or a
region R ⊆ ΩI .
Symbolic targets. A grounding target can be represented as a node reference, element identifier, or
candidate index rather than explicit coordinates [6,7]. Such outputs depend on the available interface
structure or candidate set, with interaction locations obtained from the geometry of the selected
element when needed.
Action-conditioned targets. For interaction type τ, a target output may pair an element or region c
with spatial arguments ϕτ : y = (c, ϕτ). The referent c can be omitted when ϕτ identifies the target.
For example, a click uses ϕclick = p; an endpoint-only drag uses the ordered pair ϕdrag = (psrc, pdst) ∈
ΩI × ΩI for its source and destination [23,35].
Target validity. Let Y∗(o, q, h; τ) denote outputs satisfying the current intent and action requirements
for observation o, instruction q, optional history h, and action type τ. A prediction is valid exactly
when this condition holds:

ŷ ∈ Y∗(o, q, h; τ) ⊆ Yτ(o). (3)

A single target may admit multiple valid spatial outputs. For example, under point-in-region
evaluation, any point within the reference region R∗ is valid. Different interface elements may also
satisfy the same intent, such as a shopping-cart icon and a clickable text link that both provide access
to the cart [17]. When Y∗(o, q, h; τ) = ∅, returning NOVALIDTARGET correctly indicates that no valid
target exists. Figure 4 illustrates target absence, precise positioning within controls, and drag endpoint
localization.
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(a) No valid target

Click the blue
background layer.

(b) Precise position

Click the minute
part of “Stop Time”.

(c) Drag endpoints

Drag the output
volume slider

to 91%.

Figure 4. Grounding requirements beyond element-level localization: (a) no valid target, (b) precise within-control
positioning, and (c) drag endpoint localization. Examples are adapted from OSWorld-G [40] in (a) and (b), and
FineState-Bench [41] in (c). In (c), amber and blue boxes mark the start and target regions, respectively; the arrow
indicates the requested movement.

3. Method Taxonomy
This section systematically reviews GUI grounding methods along three complementary dimen-

sions: learning paradigms, inference strategies, and target representations. As illustrated in Figure 5,
these dimensions address capability acquisition, evidence organization during inference, and the spa-
tial representation of interaction targets, respectively. Table 2 provides an overview of representative
methods across the three dimensions.

Qwen-VL [42], ChatGPT [43], Claude [44], Molmo [45], Qwen3-VL [46], InternVL3.5 [47], GLM-4.5V [48], Seed1.5-VL [49],
Kimi-VL [50], MiMo-VL [51], Gemini [52], Molmo2 [53], Qwen3.5 [54], Step3-VL [55]General pretraining

UIBert [56], CogAgent [57], SeeClick [4], OS-Atlas-Base [21], UGround [16], Aria-UI [34], UI-TARS [58], MagicGUI [59],
SpiritSight [60], Magma [61], Aguvis [62], UI-Hawk [63], UIPro [64], GUICrafter [65], Phi-Ground-Any [66], StepX-Edge [67],
Lexi [68], AssistGUIGrounder (AGG) [69], ScreenAI [70], Spotlight [71]

GUI grounding pretraining

Pretraining

RUIG [72], Pix2Act [73], Ferret-UI [74], Ferret-UI 2 [75], EDGE [76], LVG [5], Ponder & Press [77], GUI-Actor [17],
Phi-Ground [78], UI-Ins [79], RULER [80], FOCUS [81], R-VLM [82], ShowUI-π [83], ShowUI [84], TinyClick [85],
UI-I2E-VLM [86], OpenCUA [87], Jedi [40], V2P [88], GUI-Libra [89], LookAgain [19], LLaDA-V [90], LLaDA-UI [91],
Rex-Omni [92], GUI-Drag [23], ACC [93], MolmoPoint [94], HFT [24], GUI-AIMA [95], GroundNext [96], POINTS-GUI-G [97],
FocusUI [98], InfiGUI-R1 [99], RankGround [100], InnerZoom [101], ToolTok [102], Ferret-UI Lite [103], SparkUI-Parser [104]

Supervised Fine-Tuning

RUIG [72], LASER [105], GUI-R1 [106], SE-GUI [107], GUI-G1 [108], BTL-UI [109], AgentCPM-GUI [110], UI-Ins [79],
GUI-RCPO [111], GTA1 [112], UI-TARS-2 [113], GUI-Libra [89], GUI-G2 [114], SSL [115], LPO [116], FDC-Ground [117],
UI-AGILE [118], GUI-C2 [119], InfiGUI-G1 [120], GuirlVG [121], GUI-Eyes [122], AdaZoom-GUI [123], GUI-ARP [124],
Propose-then-Critic [125], LookAgain [19], HyperClick [126], GUI-Cursor [127], PAGER [128], GroundNext [96], CANL [129],
POINTS-GUI-G [97], GUI-Spotlight [130], GUI-SHIFT [131], SCA [132], InnerZoom [101], VISTA [133], CCPO [134],
Ferret-UI Lite [103], ReGUIDE [135], UI-R1 [136]

Reinforcement Learning

CA-OPD [137], UI-MOPD [138], R-OPSD [139], UI-Venus-2 [140], GUI-SD [141], LiteGUI [142]On-Policy Distillation

Fine-Tuning

TAG [143], MVP [144], ScreenSeekeR [13], ECP [145], ZoomClick [146], Chain-of-Ground [147], RegionFocus [12], DiMo-GUI [148], Re-Prefill [149], Trifuse [150],
AutoFocus [18], GUI-Lens [151], PrecisionCUA [152], VPSG [153], PGP [24], UI-Zoomer [154], AQuaUI [155], BAMI [156], DRS-GUI [157], GMS [158],
MEGA-GUI [159], FastFocus [160], ZoomUI [161], TRISHUL [162], MM-Navigator [163], SeeAct [164], DeCoPatch [165]

Training-Free

§3.1
Learning

Paradigms

RUIG [72], Pix2Act [73], CogAgent [57], SeeClick [4], OS-Atlas-Base [21], Ferret-UI [74], Ferret-UI 2 [75], UGround [16], Aria-UI [34], EDGE [76], LVG [5],
Phi-Ground [78], UI-TARS [58], SpiritSight [60], Aguvis [62], ShowUI [84], TinyClick [85], UI-I2E-VLM [86], Jedi [40], V2P [88], LLaDA-V [90], LLaDA-UI [91],
Rex-Omni [92], GUI-Drag [23], MolmoPoint [94], GUI-AIMA (single-step) [95], Phi-Ground-Any [66], GroundNext [96], FocusUI [98], SparkUI-Parser [104]

Direct Grounding

Seq2Act [38], UIBert [56], VUT [166], RUSS [167], TAG [143], OmniParser [39], Ponder & Press [77], BTL-UI [109], Co-EPG [168], UI-Ins [79], ScreenSeekeR [13],
RULER [80], FOCUS [81], Magma [61], MAI-UI [169], Trifuse [150], GUI-Lens [151], AdaZoom-GUI [123], VPSG [153], PGP [24], HIVIG [170], PAGER [128],
UILoop [171], InfiGUI-R1 [99], GMS [158], FastFocus [160], ZoomUI [161], RegionFocus [12], AutoFocus [18], DRS-GUI [157], RankGround [100], ToolTok [102],
TRISHUL [162], IVGocr [172], MM-Navigator [163], Lexi [68], SE-GA [173], D-Artemis [174], Screen2AX [175], Spotlight [71], SeeAct [164]

Guided Grounding

GUI-RCPO [111], MVP [144], RegionFocus [12], UI-AGILE [118], GAIA [176], AutoFocus [18], Propose-then-Critic [125], BBCritic [177], UI-Zoomer [154], BAMI [156],
FastFocus [160], GMS [158], ReGUIDE [135], AssistGUIGrounder (AGG) [69]

Multi-Hypothesis
Grounding

LASER [105], ScreenSeekeR [13], R-VLM [82], ECP [145], ZoomClick [146], Chain-of-Ground [147], RegionFocus [12], DiMo-GUI [148], GUI-C2 [119], GUI-Eyes [122],
Trifuse [150], AutoFocus [18], GUI-Lens [151], AdaZoom-GUI [123], GUI-ARP [124], LookAgain [19], PrecisionCUA [152], UI-Zoomer [154], HIVIG [170],
GUI-Cursor [127], BAMI [156], DRS-GUI [157], GUI-Spotlight [130], GMS [158], MEGA-GUI [159], ZoomUI [161], ReLaViS [178], InnerZoom [101], ToolTok [102],
Ferret-UI Lite [103], ReGUIDE [135], D-Artemis [174], ViGoRL [179]

Iterative
Grounding

§3.2
Inference
Strategies

RUIG [72], Pix2Act [73], CogAgent [57], SeeClick [4], OS-Atlas-Base [21], Ferret-UI [74], UGround [16], Aria-UI [34], Phi-Ground [78], UI-TARS [58], MVP [144],
ScreenSeekeR [13], RULER [80], R-VLM [82], SpiritSight [60], ShowUI-π [83], TinyClick [85], Jedi [40], LLaDA-V [90], LLaDA-UI [91], Rex-Omni [92], VPSG [153],
GUI-Drag [23], PGP [24], UI-Zoomer [154], GUI-Cursor [127], PAGER [128], Phi-Ground-Any [66], SparkUI-Parser [104], IAML [180]

Coordinate
Representations

TAG [143], GUI-Actor [17], GUI-RCPO [111], V2P [88], Trifuse [150], GUI-ARP [124], ACC [93], MolmoPoint [94], GUI-AIMA [95], FocusUI [98], ReLaViS [178],
ReGUIDE [135]

Spatial-Response
Representations

Seq2Act [38], UIBert [56], VUT [166], RUSS [167], OmniParser [39], Magma [61], TRISHUL [162], IVGocr [172], MM-Navigator [163], Lexi [68], Screen2AX [175],
Spotlight [71], SeeAct [164]

Element
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Figure 5. GUI grounding methods organized by learning paradigms, inference strategies, and target representa-
tions. Within each dimension, methods are assigned by their principal grounding contribution and configuration;
multiple categories are retained only for multiple principal mechanisms.
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Table 2. Comparison of representative GUI-grounding methods. Entries characterize grounding-specific configu-
rations, with inference and target representations reported for the trained or adapted grounder.

Method Year Backbone Inference Target representation Key mechanism
GUI pretraining

UI-TARS [58] 2025 Qwen2-VL Direct Coordinate: point
Combines description-to-coordinate
grounding with GUI perception tasks and
unified action supervision.

SpiritSight [60] 2025 InternVL2 Direct Coordinate: block-local
point

Combines multi-level GUI pretraining with
block-wise positional encoding and
block-local coordinates.

Phi-Ground-
Any [66] 2026 Phi-3.5-

Vision Direct Coordinate: action
keypoints

Pretrains on synthetic click, drag, and draw
tasks with rendered layouts and annotated
image regions.

Fine-tuning: supervised learning

GUI-Actor [17] 2025
Qwen2-VL;
Qwen2.5-
VL

Multi-
hypothesis

Spatial-response: patch
scores

Supervises action-token attention over
target patches, then verifies marked
candidate locations.

FocusUI [98] 2026 Qwen2.5-
VL Direct Spatial-response: patch

scores

Learns instruction-guided token selection
and uses PosPad markers to preserve
positional continuity.

GUI-Drag [23] 2025 Jedi Direct Coordinate: drag
endpoints

Synthesizes text-dragging labels from
word-level OCR and trains jointly with click
data.

Fine-tuning: reinforcement learning

GTA1 [112] 2025
UI-TARS-
1.5;
OpenCUA

Direct Coordinate: point
Optimizes grounding with GRPO and
binary rewards for clicks inside the target
region.

SE-GUI [107] 2025 Qwen2.5-
VL Direct Coordinate: point

Uses dense distance rewards and
attention-guided loss filtering across
self-evolution stages.

GUI-Eyes [122] 2026 Qwen2.5-
VL Iterative Coordinate: point

Learns whether and how to crop or zoom
using accuracy, proximity, and
target-coverage rewards.

Fine-tuning: on-policy distillation

GUI-SD [141] 2026 Qwen3-VL Direct Coordinate: point
Distills from a target-highlighted
self-teacher, weighting tokens by digit
significance and teacher entropy.

LiteGUI [142] 2026 Qwen3-VL Direct Coordinate: point
Distills from a teacher conditioned on
matched valid actions, followed by action-
and plan-level GRPO.

R-OPSD [139] 2026
Qwen2.5-
VL;
Qwen3-VL

Direct Coordinate: point or box
Adapts at test time via reflection-guided
self-distillation and contrastive calibration
of failed rollouts.

Training-free enhancement

GUI-RC [111] 2025

Qwen2.5-
VL;
UI-TARS-
1.5

Multi-
hypothesis

Spatial-response: voting
grid

Aggregates predictions into pixel votes and
selects the largest connected region of
maximally voted pixels.

MVP [144] 2025 Qwen3-VL;
GTA1

Multi-
hypothesis Coordinate: points

Clusters coordinates from attention-guided
crops and the full image, then averages the
largest cluster.

UI-Zoomer [154] 2026
Qwen2.5-
VL;
UI-Venus

Multi-
hypothesis +
iterative

Coordinate: box
Gates zooming by spatial agreement and
token confidence; sizes crops by box spread
and extent.

PGP [24] 2026
Qwen3-VL;
In-
ternVL3.5

Guided Coordinate: box
Prompts the model to parse element
semantics and boxes before grounding
within a single inference round.

3.1. Learning Paradigms

We categorize GUI grounding methods into three learning paradigms: pretraining, which es-
tablishes transferable grounding capabilities; fine-tuning, which adapts pretrained models to GUI
grounding; and training-free methods, which improve localization without parameter updates.

3.1.1. Pretraining

Pretraining develops transferable visual, semantic, and spatial representations for GUI grounding.
Existing approaches fall into two categories: general MLLM pretraining, which acquires grounding
through broad multimodal learning, and GUI-specific pretraining, which explicitly incorporates
interface data and localization supervision.
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General pretraining. General MLLMs acquire grounding capabilities through multimodal pretrain-
ing. Qwen-VL [42] introduces region-level image-text-box alignment, while Molmo [45] incorporates
pointing into multimodal generation. Recent general-purpose MLLMs, including Qwen3-VL [46],
Qwen3.5 [54], InternVL3.5 [47], GLM-4.5V [48], Step3-VL [55], Seed1.5-VL [49], Kimi-VL [50], and
MiMo-VL [51], provide visual grounding and spatial reasoning capabilities that support GUI interac-
tion. Proprietary model families, including GPT-6 Astra [43], Claude [44], and Gemini [52], provide
general multimodal foundations for GUI agents.
GUI grounding pretraining. GUI-specific pretraining explicitly learns semantic-spatial alignment from
interface data. Grounding-focused approaches include SeeClick [4], which uses automatically collected
web and mobile element descriptions and locations; UGround [16], which scales referring-expression
supervision on web data and transfers to mobile and desktop interfaces; and OS-Atlas-Base [21], which
trains on over 13 million elements across Windows, Linux, macOS, Android, and web environments.

Other approaches integrate grounding with broader GUI understanding. CogAgent [57] combines
text recognition, grounding, and interface understanding using screenshots and DOM supervision.
GUICourse [181] jointly trains on OCR and grounding tasks on GUIEnv-global before incorporating
GUI knowledge and action data. SpiritSight [60] integrates text and icon recognition with position- and
function-based grounding, while UIPro [64] learns grounding through large-scale GUI understanding
pretraining. UI-TARS [58] and MagicGUI [59] similarly incorporate grounding into broader GUI
perception and understanding.

3.1.2. Fine-Tuning

Supervised fine-tuning. Supervised fine-tuning (SFT) adapts pretrained models to GUI grounding
through instruction-target supervision. One direction improves training data coverage and diversity.
Ferret-UI [74] jointly learns referring, grounding, and interface understanding from region-annotated
mobile screens, while Ferret-UI 2 [75] extends training across platforms and resolutions. EDGE [76]
synthesizes multi-granularity GUI supervision, and TinyClick [85] combines auxiliary tasks and
augmentation to adapt a compact vision-language model. ShowUI [84] balances heterogeneous
grounding and navigation data through interleaved training and resampling.

Other methods refine localization supervision. R-VLM [82] introduces an IoU-aware objective
that emphasizes predictions with greater target overlap. GUI-Actor [17] trains an action head to
identify target-related visual patches, while GUI-AIMA [95] aligns intrinsic multimodal attention with
patch-level grounding signals. V2P [88] sharpens localization by suppressing off-target responses and
emphasizing target centers. LVG [5] incorporates UI element relationships through layout-guided
contrastive learning. These methods refine grounding supervision through spatial overlap, patch-level
alignment, or interface structure.

SFT also provides an initial policy for subsequent reinforcement learning (RL) optimization. UI-
Ins [79] trains on diverse synthesized instructions before applying RL to optimize reasoning pathways.
POINTS-GUI-G [97] combines curated data and resolution-consistent SFT with verifiable grounding
rewards. GUI-Libra [89] uses action-aware SFT with mixed reasoning and direct-action examples and
action-token reweighting, followed by RL policy optimization.
Reinforcement learning. We consider reward-based and preference-based policy optimization, includ-
ing direct preference optimization (DPO), under RL. Early approaches use verifiable action rewards.
GUI-R1 [106] rewards action types, click positions, and action parameters, while GTA1 [112] applies
GRPO with binary rewards for clicks inside target bounding boxes. To address sparse feedback,
SE-GUI [107] introduces distance-based point rewards. GUI-G2 [114] models targets using Gaussian
point and coverage rewards, while LPO [116] combines spatial distance with region-level information
preferences.

Beyond reward design, methods improve exploration and policy stability. GUI-G1 [108] uses
direct-output templates, constrained rewards, and difficulty-aware updates to mitigate excessive
reasoning and reward exploitation. InfiGUI-G1 [120] encourages multiple coordinate candidates
through adaptive exploration rewards. FDC-Ground [117] combines distance feedback with fact-
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aligned completion pruning to select consistent rollouts. GuirlVG [121] introduces adaptive KL
constraints to limit policy deviation. UI-AGILE [118] combines continuous rewards with cropping-
based resampling, while VISTA [133] constructs GRPO groups from target-preserving views for more
informative relative advantages.

RL also optimizes visual evidence acquisition and refinement. Ferret-UI Lite [103] refines initial
predictions using local crops through RL and visual tool use. GUI-Eyes [122] learns adaptive cropping
and zooming policies by rewarding both tool selection and grounding accuracy. LookAgain [19]
optimizes a predict–inspect–refine process that verifies and revises initial coordinates using visual
feedback.

Recent methods reduce dependence on annotated targets through self-generated supervision.
GUI-RCPO [111] derives rewards from spatial agreement among sampled predictions for unlabeled
test-time adaptation. CANL [129] constructs pseudo targets from coordinate-token confidence and uses
distance-based feedback. Its negative-learning variant suppresses predictions far from pseudo targets
to limit reinforcement of incorrect predictions. Such approaches enable annotation-free adaptation but
depend on the reliability of self-generated signals.
On-policy distillation. On-policy distillation (OPD) provides token-level teacher supervision over
student-generated trajectories. GUI-SD [141] introduces on-policy self-distillation (OPSD) with privi-
leged visual guidance for coordinate generation, while LiteGUI [142] uses an external teacher before
RL optimization. To improve supervision reliability, Huang et al. [182] apply correctness-aware gating
and confidence scaling, while CA-OPD [137] uses teacher confidence to retain or correct student tokens
during generation. R-OPSD [139] extends self-distillation to unlabeled test-time grounding through
reflective feedback and calibrated updates.

3.1.3. Training-Free

Training-free methods improve GUI grounding without parameter updates by leveraging visual
feedback, internal model signals, and additional inference-time observations.
Feedback and internal signals. Existing model predictions and internal representations provide
grounding cues without further training. Chain-of-Ground [147] exposes intermediate predictions
as visual references for correction while retaining global context. PrecisionCUA [152] similarly uses
visual feedback to refine cursor predictions in dense code-editor interfaces. Other methods recover
localization signals from the model itself: TAG [143] extracts instruction-related attention, while
Trifuse [150] combines attention with OCR text and icon semantics. Re-Prefill [149] reuses target-
related visual representations during a second prefill stage to guide coordinate prediction.
Visual augmentation. Local inspection and multiple views enrich the visual evidence available to an
existing grounder. Iterative Narrowing (IN) [183] progressively narrows the view around predicted
locations, while RegionFocus [12] combines focused views with visual landmarks to retain search
context. DiMo-GUI [148] refines text- and icon-focused predictions through separate processing, and
ZoomClick [146] examines zooming and stopping strategies. MVP [144] complements local inspection
with spatial aggregation of predictions from instruction-guided crops. These approaches use additional
visual processing to recover local detail or obtain complementary predictions, with benefits that depend
on preserving relevant context and combining predictions appropriately.
Adaptive inference. Adaptive region inspection and search allocate additional inference computation
according to intermediate grounding evidence. UI-Zoomer [154] uses prediction agreement and
confidence to decide whether to zoom, while BAMI [156] combines coarse-to-fine focusing with
candidate assessment. DRS-GUI [157] organizes region exploration through Monte Carlo tree search.
GUI-Lens [151] uses OCR and detected UI components as spatial references for successive region
inspection, while AutoFocus [18] uses uncertainty across coordinate hypotheses to guide view selection.
Their effectiveness depends on whether intermediate grounding evidence reliably guides further
inspection.
Summary. Pretraining builds transferable grounding capabilities from diverse interfaces, while fine-
tuning improves localization and action prediction through targeted supervision. Both depend on
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data coverage and supervision quality. Training-free methods enhance predictions without parameter
updates, often at additional inference cost. These paradigms are complementary and can be combined,
with their suitability determined by supervision availability, model access, and inference budget.

3.2. Inference Strategies

Inference strategies characterize how grounding evidence is organized and processed. We distin-
guish four complementary patterns: direct grounding predicts targets directly from the input; guided
grounding introduces auxiliary evidence; multi-hypothesis grounding aggregates or selects among candi-
date predictions; and iterative grounding updates evidence based on intermediate hypotheses to refine
localization. Figure 6 illustrates their evidence flows through representative methods.

(a) Direct grounding

Instruction: Close.

(b) Guided grounding

Instruction: Close the privacy information bar.

(c) Multi-hypothesis grounding

Instruction: Edit font in plot.

(d) Iterative grounding

Instruction: Search for a movie.
Instruction:
open settings

Instruction:
add a new slide

Instruction:
display 
calendar in 
week view

Instruction:
choose the 
red pen

Instruction:
enable 
notifications

Instruction:
close

Figure 8: SeeClick on ScreenSpot. Blue dashed boxes represent the ground truth bounding boxes, while green and
red pointers indicate correct and incorrect predictions.

Figure 9: Distance distribution of prediction point to
ground truth. Most incorrect predictions are also close to
the answer, suggesting the model recognizes the target
but needs improvement in fine-grained localization.

• click(x,y): 4. A click action at (x,y),
where each value is a [0,1] number indicating
the ratio of the corresponding position to the
width or height of the image.

• type("typed_text"): 3. An action of
typing a piece of text.

• select("value"): 2. An action for se-
lecting an option from a dropdown menu on a
webpage.

• swipe(direction): Swipe actions for
the screen, swipe up/down/left/right are as-
signed the ids 1, 0, 8, and 9 respectively.

• PRESS BACK: 5. The action for returning to
the previous step.

• PRESS HOME: 6. The action for returning to
the homepage.

• PRESS ENTER: 7. The action of pressing
the ENTER key to submit input content.

The first two actions, clicking and typing, are uni-
versally applicable across various GUIs. The third
action, select, is defined according to the specifica-
tions in Mind2Web. The latter four actions, along
with two additional states, TASK COMPLETE and
TASK IMPOSSIBLE, are defined following the
AITW framework for Android environments.

Agent Formulation SeeClick is an autonomous
agent capable of executing human instructions on
GUIs. It takes as input the instruction, a screen-
shot of the current interface and a series of (k=4
in our setting) previous actions, to predict the next
action to be taken. Specifically, SeeClick uses the
following prompt to execute each step of the agent:

User: In the provided screenshot, 
I‘ll describe webpage elements for 
you to locate (with point).
User: Additional information
Assistant: (0.66,0.86)
User: USB Flash Drive
Assistant: (0.37,0.17)
User: Qty
Assistant: (0.63,0.41)
User: GAMING ACCESSORIES 
(AUSTRALIA)
Assistant: (0.30,0.13)
……
User: Add to Wishlist
Assistant: (0.52,0.57)

User: In this digital interface, 
to initiate "click to start a 
search", where is my point of 
interest (with point)?
Assistant: (0.88,0.87)

Task: Web text_2_point
User: In this screenshot, I'll give 
coordinates and ask you to describe 
the text of the elements there (with 
bbox).
User: (0.61,0.84,0.71,0.88)
Assistant: Additional information 
User: (0.34,0.16,0.40,0.18)
Assistant: USB Flash Drive
User: (0.61,0.40,0.64,0.43)
Assistant: Qty
User: (0.26,0.16,0.33,0.18)
Assistant: GAMING ACCESSORIES 
(AUSTRALIA)
……
User: (0.48,0.56,0.55,0.58) 
Assistant: Add to Wishlist

Task: Web bbox_2_text

Task: Mobile text_2_point

User: Can you provide a detailed 
description of the interface 
screenshot shown?
Assistant: An app home that 
displays a daily learning goal 
punch list

Task: Mobile UI summarization

<img>Image</img>
User: Please generate the next move according to the 
UI screenshot, instruction and previous actions.
Instruction:
<instruction>
Previous actions:
Step1: <step1>
Step2: <step2>
Step3: <step3>
Step4: <step4>
SeeClick: <next action>

During training and testing, we organize the data
by step into the format described above.

C.2 MiniWob
MiniWob is a classic simplified web agent environ-
ment, built on Chrome, allowing low-level oper-
ations such as clicking and typing. It comprises
around 100 tasks, where each task can templatize

9325

Screenshot + instruction Grounding model Predicted point

One localization from the current inputs.

6 W. Li et al.

Fig. 1. This figure compares different GUI grounding methods on a screenshot sample.
(a) Direct Prediction shows a model’s attempt to directly output coordinates. (b)
Pointing Game illustrates a model’s latent grounding ability by identifying the point of
highest attention. (c) Coordinate Scaffold, (d) Axis-Grid, and (e) Mark-Grid Scaffold
are the proposed auxiliary reasoning methods.

User Prompt

In the image, where should I click if I want to {instruction}?
The output coordinate should be in the format: (x, y), for example: (100,
100).
The axis shown in the image is provided to help determine precise positions.
Note: a red coordinate grid overlay has been added to assist in precise
localization.
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Fig. 1. This figure compares different GUI grounding methods on a screenshot sample.
(a) Direct Prediction shows a model’s attempt to directly output coordinates. (b)
Pointing Game illustrates a model’s latent grounding ability by identifying the point of
highest attention. (c) Coordinate Scaffold, (d) Axis-Grid, and (e) Mark-Grid Scaffold
are the proposed auxiliary reasoning methods.

User Prompt

In the image, where should I click if I want to {instruction}?
The output coordinate should be in the format: (x, y), for example: (100,
100).
The axis shown in the image is provided to help determine precise positions.
Note: a red coordinate grid overlay has been added to assist in precise
localization.

Coordinate references Axes + grid

Screenshot + spatial cues Grounding model Predicted point

Spatial references guide coordinate prediction.

Instruction: edit font in plot

top-k visual tokens center around each top token and crop k regions    

select m regions containing most top-k tokens    

(1843,532)

(1839,530) k-means
cluster

select largest 
group

(1841,531)

1. Attention Scores Computation 2. Candidate Sub-region Selection 

3. Region Ranking & Resizing 
4. Coordinate Clustering 5. Final Prediction Decision

inference 
(1425,535)

Figure 3. Overview of our Multiple View Prediction (MVP) pipeline, which consists of two main stages: Attention-Guided View Proposal
and Multi-Coordinate Clustering. First, MVP takes the user instruction and screenshot, forwarding through the language model to derive
attention scores from the instruction to each visual token. Then the top-k scores tokens are selected, and an h×w sub-region is cropped
around the center of each corresponding visual patch. These sub-regions are ranked by the number of top-k tokens they contain. The top-m
regions are chosen and enlarged to form the final set of views. The model independently predicts coordinates for each view. Finally, MVP
aggregates all the predictions by clustering the coordinates based on spatial proximity and outputs the center of the largest cluster as the
final prediction.

aggregates the predictions from multiple views and deter-
mines the final coordinates, identifying the spatially consis-
tent cluster to filter out outliers and enhance robustness.

4.1. Attention-Guided View Proposal

This module aims to generate multiple views by locating
sub-regions that contain the target UI elements, guided by
cross-attention scores. It leverages the strong text-visual
alignment capability of LVLMs, whose attention mech-
anisms in middle-to-deep layers can effectively localize
instruction-relevant regions [11, 38, 39, 48]. Given the sys-
tem prompt, a GUI screenshot, and the user instruction,
this module outputs m cropped image regions. The pro-
cess consists of three main steps: Attention Score Computa-
tion, Candidate Sub-region Selection, and Region Ranking
& Resizing.

Attention Score Computation. We compute the cross-
attention scores using the text token as the query and the
visual tokens as the keys. Specifically, we use the center
comma token (“,”) from the predicted coordinate format
(e.g. “(123,456)”) as the query token, as it demonstrates
better region localization performance, with further analy-
sis provided in the Appendix. Let V ∈ RH×Lv×d represent
the visual tokens and Tcomma ∈ RH×1×d denote the comma

token. The cross-attention scores are computed as:

A = Softmax
(
TcommaV

T

√
d

)
, A ∈ RH×Lv (1)

The final attention score assigned to each visual token is
obtained by averaging across all attention heads:

scores =
1

H

H∑
i=1

A[i, :], scores ∈ RLv (2)

where Lv is the number of visual tokens, H is the number
of attention heads, and d is the dimension of the model.

Candidate Sub-region Selection. We select k candidate
regions based on the computed attention scores. Specifi-
cally, we choose the top-k visual tokens with the highest
scores. Let T = {(tj , xj , yj) | j = 1, . . . , k} denote the set
of top-k visual tokens and their corresponding patch center
coordinates, for each top-k token, we crop an h × w sub-
region centered at (xi, yi) in the original image, resulting in
k candidate regions:

Ri = Crop
(
I, xi −

w

2
, yi −

h

2
, w, h

)
, i ∈ [1, k] (3)

where I is the original GUI image and Crop(I, x, y, w, h)
function extracts a rectangular region.

4

Multiple views Point predictions Cluster > final point

Independent view predictions are combined in a common coordinate frame.
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Abstract

Graphical User Interface (GUI) grounding plays a crucial role in enhancing the
capabilities of Vision-Language Model (VLM) agents. While general VLMs,
such as GPT-4V, demonstrate strong performance across various tasks, their pro-
ficiency in GUI grounding remains suboptimal. Recent studies have focused on
fine-tuning these models specifically for zero-shot GUI grounding, yielding signifi-
cant improvements over baseline performance. We introduce a visual prompting
framework that employs an iterative narrowing mechanism to further improve the
performance of both base and finetuned models in GUI grounding. For evalua-
tion, we tested our method on a comprehensive benchmark comprising various UI
platforms and provided the code to reproduce our results in this GitHub repository.

1 Introduction

GUI Grounding is the task of identifying the visual location on an interface image given a natural
language query [4, 12]. This task is essential for improving the capabilities of Vision Language Model
(VLM) agents, enabling them to better understand and interact with graphical user interfaces [13].
While general VLMs, such as GPT-4V, have demonstrated high performance across a variety of
visual-linguistic tasks, their accuracy in GUI grounding tasks remains suboptimal [4, 13].

Existing solutions have attempted to bridge this performance gap by fine-tuning VLMs for GUI
grounding, resulting in improvements over baseline models [5, 4, 12, 6]. However, these approaches
often come with the need for extensive data and re-training.

Instead of training a model, we propose a visual prompting framework that employs an iterative
narrowing mechanism to improve the grounding performance of current VLMs. Our approach treats
the model’s initial position predictions as an approximation. The framework iteratively refines the
prediction by focusing on progressively smaller, cropped regions that center around the previous
prediction. This refinement process can be repeated for multiple iterations.

Figure 1: A visual demonstration of our method. On each iteration, the model prediction (red cross)
determines the next region (red box) to iterate.

We evaluate the performance of our method on the ScreenSpot [4] benchmark. Our findings demon-
strate that this iterative approach leads to substantial performance gains, providing a straightforward
yet effective solution for enhancing GUI grounding capabilities.

Preprint.

A prediction determines the next crop; the model localizes again.

Current view Grounding model Prediction > new crop

Figure 6. Representative GUI-grounding inference strategies: (a) direct grounding, (b) guided grounding, (c)
multi-hypothesis grounding, and (d) iterative grounding. Examples are adapted from SeeClick [4], Li et al. [184],
MVP [144], and Iterative Narrowing [183], respectively.

3.2.1. Direct Grounding

Direct grounding predicts spatial targets from the current GUI and instruction without explicitly
constructing auxiliary grounding evidence or refining intermediate target hypotheses. This definition
concerns evidence organization and allows multiple internal decoding steps.
Coordinate generation. A common implementation is autoregressive coordinate generation.
SeeClick [4], UGround [16], and OS-Atlas-Base [21] map screenshots and referring expressions to
target coordinates, while UI-TARS [58] directly predicts target points in its single-step grounding
configuration. Direct prediction also supports richer spatial outputs: GUI-Drag [23] predicts both
drag endpoints for text selection. Other methods use diffusion-based decoding. GUI-adapted LLaDA-
V [90] generates target boxes through masked-token denoising, while LLaDA-UI [91] uses block-wise
diffusion to produce target coordinates in its single-turn grounding setting.

Direct methods also differ in how they preserve visual detail before prediction. CogAgent [57]
combines low- and high-resolution features for target localization. Ferret-UI [74] combines full-screen
and enlarged subimage features, while Ferret-UI 2 [75] uses adaptive gridding across screen shapes and
platforms. Such input processing supplies detailed visual features without requiring an intermediate
target prediction to guide subsequent inspection.
Spatial feature readout. Other methods derive locations from spatial responses over visual features.
GUI-Actor [17], without its verifier, selects target patches through an attention-based action head. GUI-
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AIMA [95] aggregates query-relevant attention for patch localization in its single-step configuration.
MolmoPoint [94] uses existing image features to select a patch, a subpatch, and a point within it. These
methods illustrate that direct grounding can use spatial scoring or hierarchical readout as well as
coordinate generation.

3.2.2. Guided Grounding

Guided grounding uses auxiliary evidence before target selection to narrow the search space,
support coordinate prediction, or clarify instructions.
Candidate-based guidance. Visual parsing and explicit marks provide candidate-based guidance from
screenshots. OmniParser [39] provides marked element candidates with textual and icon semantics
and spatial information to support target selection. Magma [61] uses Set-of-Mark (SoM) prompting
with numerically labeled candidate regions for action grounding. Parsing-guided Prompt (PGP) [24]
lists visible icons and text with their semantics and coordinates, then localizes the target using this
information, all in one inference round.
Spatial references and decoding guidance. Spatial guidance supports coordinate prediction through
explicit positional references or corrections during decoding. RULER [80] aligns coordinate-bearing
tokens with visual patches via shared positional encodings, enabling prediction relative to known po-
sitions. Li et al. [184] overlay axes, grids, and labeled intersections on screenshots as spatial references.
Vision-PE Shuffle Guidance (VPSG) [153] suppresses coordinate biases during digit generation using
auxiliary decoding with shuffled visual positional encodings.
Semantic reformulation. Semantic guidance clarifies targets by reformulating instructions or describ-
ing relevant interface content. Ponder & Press [77] uses an interpreter to describe targets for a separate
visual locator. Semantic guidance can also be generated within the grounding process through target
descriptions or intermediate reasoning. TAG [143] generates target descriptions and uses attention
from their tokens for localization. In its slow route, FOCUS [81] summarizes the interface and analyzes
visual details before predicting coordinates. UI-Ins [79] reasons from perspectives such as appearance,
functionality, location, and intent.

3.2.3. Multi-Hypothesis Grounding

Multi-hypothesis grounding determines the final prediction by aggregating or selecting among
multiple predicted target locations. These hypotheses may arise from repeated sampling, different
visual views, or distinct reasoning branches.
Spatial consensus. Spatial consensus determines the target from agreement among predicted locations.
GUI-RCPO [111] maps sampled points or boxes onto a spatial voting grid to identify a consensus
region. MVP [144] clusters predictions from attention-guided crops and returns the centroid of the
densest spatial cluster. UI-Zoomer [154] votes among sampled boxes based on their overlap and uses
token confidence to select among equally supported candidates.
Candidate assessment. Candidate assessment evaluates how well alternative predictions match the
instruction and visual content. RegionFocus [12] marks predictions from focal regions on an image-as-
map and uses these visual references to select among candidates. UI-AGILE [118] generates predictions
from overlapping subimages and scores each candidate using a crop centered on its predicted location.
AutoFocus [18] selects among predictions from global and local crops by visually comparing the
marked candidate locations. BAMI [156] uses an external correction model to select among alternative
target boxes. GUI-Actor [17] uses its verifier to assess locations proposed by its action head, while
Propose-then-Critic [125] ranks coordinate proposals with a visual critic.
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3.2.4. Iterative Grounding

Iterative grounding uses intermediate target hypotheses to update the evidence for subsequent
localization. Let e(0) denote the initial evidence constructed from the observation and task inputs. At
iteration k, the model produces a hypothesis z(k) and updates the evidence:

z(k) = fθ

(︂
e(k)

)︂
,

e(k+1) = Φ
(︂

e(k), z(k)
)︂

.
(4)

Here, Φ updates the evidence using predicted coordinates, candidate regions, or target-related internal
representations. The index k denotes refinement within a grounding instance.
Region refinement and search. Revisiting regions around initial predictions reveals finer visual detail.
IN [183] iteratively crops around predicted coordinates, while R-VLM [82] refines its initial prediction
in a zoomed-in region. ECP [145] uses a coarse prediction from a downsampled image to crop the
high-resolution original. ZoomClick [146] checks agreement between full-image and tile predictions
before progressively narrowing the view. DiMo-GUI [148] refines text- and icon-focused predictions
separately through dynamic zooming, stopping when successive predicted coordinates are sufficiently
close. BAMI [156] iteratively crops around selected target boxes for further localization.

Attention signals can also guide region selection. Trifuse [150] fuses attention, OCR text, and icon
semantics for coarse localization before zooming in. ZoomUI [161] iteratively crops high-attention
regions for further localization. ScreenSeekeR [13] performs cascaded search over regions proposed
by a planner. GMS [158] combines recursive region selection by a generalist scanner with specialist
localization and local verification. DRS-GUI [157] searches instruction-relevant regions through
focusing, shifting, and expansion before predicting coordinates once. Region hypotheses can thus
guide inspection without provisional coordinate predictions. Narrowing may lose context or exclude
the target, motivating context preservation and search recovery. Context-Aware Cropping [185] repeats
grounding on a large crop around the initial prediction. MEGA-GUI [159] narrows the view toward
predictions within the current region and can expand it when predictions fall outside. RegionFocus [12]
marks failed search locations as visual landmarks to guide subsequent searches.
Adaptive observation control. Beyond choosing where to inspect, adaptive methods decide whether to
inspect further and at what scale. GUI-ARP [124] learns to choose between attention-guided refinement
and direct prediction. When visual self-verification rejects an initial prediction, AutoFocus [18] maps
sampled coordinates and uncertainty to a spatial field for view selection. UI-Zoomer [154] uses spatial
consensus and token confidence to trigger a single zoom-in refinement, sizing the crop by prediction
uncertainty. GUI-C2 [119] bases further cropping on predicted box area and whether the box touches
the crop boundary. AdaZoom-GUI [123] conditions zooming on predicted target size after instruction
refinement. GUI-Lens [151] selects successive crop regions and scales using coordinate references
from OCR and detected UI elements. GUI-Eyes [122] learns cropping and zooming policies. GUI-
Spotlight [130] adaptively selects quadrant, color-guided, or rectangular crops and adds them to the
localization context.
Visual feedback and correction. Beyond selecting new views, methods can expose prior predictions
for visual verification and correction. LookAgain [19] inspects marked local crops to refine or confirm
predictions. Chain-of-Ground [147] uses marked predictions as visual references for correction, while
PrecisionCUA [152] marks prior coordinates on screenshots for iterative refinement in code editors.
GUI-Cursor [127] renders a virtual cursor and uses cursor–target spatial relations for correction.
Summary. The four inference strategies differ in how they use grounding evidence. Direct grounding
predicts targets without additional guidance or refinement, while guided grounding incorporates
auxiliary cues. Multi-hypothesis grounding compares candidate predictions, whereas iterative ground-
ing refines predictions through updated visual evidence. However, unreliable guidance, correlated
prediction errors, and context loss during refinement can limit their effectiveness. Thus, additional
candidates or refinement steps do not necessarily improve accuracy.
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3.3. Target Representations

In this section, we distinguish three types: coordinate representations, which encode targets as
numerical geometry; spatial-response representations, which derive locations from scores over pixels,
visual tokens, or regions; and element representations, which select targets from candidate interface
elements and retrieve their geometry. This taxonomy focuses on final target readout rather than
intermediate spatial structures. Figure 7 illustrates representative examples.

User request

Instruction + screenshot

Grounding model

Alternative representations

(a) Coordinate (b) Spatial response (c) Element
Current target: last-name field “Restart from CDs.” “I want to view more apps.”

Icon / text candidates

Decode coordinates

(0.46, 0.62)
46% from left, 62% from top

Predicted click

Read spatial responses
Patch relevance region point

Click inside the attended target

Match candidates
Visual query: “See All”

Select the best-matching element

See All

Target

Retrieve the selected box
Grounding outputs: click points or target regions

Figure 7. Target representations and spatial readout in GUI grounding: (a) decoding coordinates, (b) deriving a
click location from spatial responses, and (c) retrieving the geometry of a selected element. Examples are adapted
from SeeClick [4], GUI-Actor [17], and Layout-Aware GUI Grounding [186], respectively. Coordinates in (a) are
normalized to the full input image. The red point and cursor in (b) illustrate spatial readout.

3.3.1. Coordinate Representations

Coordinate representations encode targets as explicit numerical geometry. They can represent a
single location, a spatial region, or multiple locations required by more complex interactions. Their
design involves both how this geometry is encoded and how the resulting coordinates are mapped to
the screen.
Output forms. A click point (x, y) directly specifies an executable location, whereas a bounding box
(x1, y1, x2, y2) preserves target extent. GUI-Drag [23], for example, extends grounding from a single
click point to start and end coordinates for text dragging, while ShowUI-π [83] represents continuous
drag trajectories through incremental cursor adjustments. Coordinate representations therefore range
from points and regions to multi-point or sequential outputs, depending on the geometry required for
execution.
Coordinate encoding and decoding. Coordinate outputs differ in both their serialization and decoding
mechanisms. SeeClick [4] directly generates normalized point or box coordinates, while OS-Atlas-
Base [21] unifies point and box outputs within a normalized coordinate range. Rex-Omni [92] instead
represents quantized coordinates using dedicated tokens. Phi-Ground [78] adopts direct textual
coordinate outputs after finding limited benefits from coordinate-digit label smoothing and reweighting
at larger training scales. Coordinate decoding can also use diffusion-based generation. GUI-adapted
LLaDA-V [90] formulates single-turn action and bounding-box prediction using discrete diffusion
generation, while LLaDA-UI [91] uses block-wise diffusion decoding to generate structured GUI
actions with normalized coordinate outputs.
Geometric mapping. Coordinates may use pixel values, normalized intervals, or discrete model-
specific ranges, and may refer to the full image or local regions defined by crops or image partitions.
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SpiritSight [60] represents a target point using a block index and within-block coordinates, then
reconstructs its global location during post-processing. UI-Zoomer [154] maps bounding boxes
predicted within a zoomed crop back to the global coordinate frame. For a crop with top-left corner
(x0, y0) and size (wc, hc) in the original image, a normalized local point (u, v) ∈ [0, 1]2 is mapped to
global coordinates as follows:

x = x0 + uwc, y = y0 + vhc. (5)

Final accuracy therefore depends on both local prediction and correct transformation to the global
reference frame.

Finer coordinate quantization cannot recover visual detail lost during image encoding. Accurate
coordinate prediction also requires reliable alignment between visual positions and numerical coordi-
nates. VPSG [153] uses auxiliary decoding with shuffled visual positional encodings to estimate and
suppress coordinate-prediction biases. RULER [80] introduces explicit coordinate markers that share
positional embeddings with image patches, making the position-to-coordinate mapping explicit.

3.3.2. Spatial-Response Representations

Spatial-response representations maintain target-related scores over visual patches, pixels, or
spatial regions and derive the final location from these scores.
Spatial scores. GUI-Actor [17] introduces an attention-based action head that aligns a dedicated action
token with relevant visual patches, while GUI-AIMA [95] uses intrinsic multimodal attention to score
target patches. Other methods improve the quality of these spatial responses. V2P [88] suppresses
background responses and encourages peaks near target centers.

Spatial scores can also be extracted from pretrained models without task-specific grounding
fine-tuning. TAG [143] aggregates attention maps associated with generated target-description tokens
to derive localization signals. Trifuse [150] maps OCR-derived textual relevance and icon-caption
similarity onto a visual patch grid and combines them with attention responses.
Location readout. Spatial scores must be converted into an executable location. A correct response
at coarse patch resolution may still be insufficient for precise interaction. MolmoPoint [94] ad-
dresses spatial granularity through hierarchical selection of a patch, a subpatch, and a point within
it. ReLaViS [178] reads out the click location from its final spatial search distribution by taking a
probability-weighted average of visual-token centers near the highest-scoring token.

Spatial readout can also operate on fields constructed from coordinate predictions. GUI-
RCPO [111] projects sampled predictions onto a spatial voting grid and selects the largest connected
region among maximally voted pixels. In its test-time aggregation stage, ReGUIDE [135] constructs a
density field from coordinate predictions using kernel density estimation and selects its peak as the
final location.

3.3.3. Element Representations

Element representations identify the target from a finite candidate set E = {ci}M
i=1, where each

candidate ci has element attributes and associated geometry Bi. A scoring-based readout selects a
single target:

î ∈ arg max
1≤i≤M

s(q, ci), B̂ = Bî, (6)

where s(q, ci) scores the instruction–candidate match and B̂ is the geometry retrieved for the selected
element.
Candidate structure. Candidates can be obtained from native interface structure or reconstructed
from visual input. DOM and accessibility nodes associate element identities with textual or functional
attributes and available geometry. Screenshot-based parsing provides analogous information: Omni-
Parser [39] associates detected regions with text and functional descriptions, while Screen2AX [175]
organizes detected and described elements into an accessibility hierarchy. TRISHUL [162] associates
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local elements with broader interface regions and spatially informed functional descriptions to support
action grounding.
Element selection and readout. Candidate attributes such as text, appearance, neighboring context,
and layout relations provide complementary cues for discrimination. IVGocr [172] matches the tar-
get type and role extracted from the instruction to detected elements enriched with OCR text and
returns the matched element’s coordinates. In its referring-expression grounding task, Lexi [68] scores
candidate UI regions against the expression and selects the highest-scoring region. Candidate identi-
fiers provide another way to specify the selected target. In its SoM-based ScreenSpot configuration,
Magma [61] selects among numerically marked candidate regions proposed by OmniParser. In the
grounding evaluation of Screen2AX [175], GPT-4 selects an element identifier from the generated
accessibility tree. Selection can also return the candidate’s geometry directly: Layout-Aware GUI
Grounding [186] matches structured target descriptions against layout-prior candidates and returns
the bounding box of the selected candidate.
Representation constraints. Element representations depend on candidate coverage, selection accu-
racy, and geometry quality. If detection or filtering excludes the target, selection within the retained
candidate set cannot recover it. Even when the target is present, selection can remain ambiguous: the
oracle two-candidate marking experiment in GUI-Primitives [15] shows that errors persist when the
target and distractor are explicitly supplied. Correct element selection can still yield an inaccurate in-
teraction location when the associated geometry is incorrect, particularly for candidates reconstructed
from screenshots [39,175]. Actions requiring a precise position within an element may also need
additional spatial parameters.
Summary. The three target representations differ in how they turn a grounding decision into an
interaction location. Coordinate representations predict the required geometry directly, so errors can
arise in both coordinate prediction and mapping back to the screen. Spatial-response representations
derive locations from spatial scores, but coarse responses may not support precise clicks. Element
representations retrieve the geometry of a selected candidate, but cannot recover a target missing from
the candidate set. Thus, accurate target identification alone is insufficient: the predicted coordinates,
spatial readout, or retrieved element geometry must also be precise enough for the intended action.

4. Datasets and Evaluation
This section reviews GUI grounding datasets, benchmarks, and model performance. We first

examine the evolution of training datasets, focusing on platform coverage, scale, and supervision
signals. We then compare model performance across benchmarks to assess progress and cross-
scenario generalization. Finally, we analyze benchmark difficulty and discriminative power, identifying
saturated evaluations and remaining challenges to guide future research.

Table 3. Representative training resources for GUI grounding. M/D/W: mobile/desktop/web; trajs.: trajectories.

Resource Year Plat. Scale
MobileViews [187] 2024 M >1.2M screens
SeeClick [4] 2024 M/W 1M samples
AutoGUI [188] 2024 W 702K samples
UGround [16] 2024 M/W 10M elements
OS-ATLAS [21] 2024 M/D/W >13M elements
MultiUI [189] 2024 W 7.3M samples
AgentTrek [190] 2024 W 10.4K trajs.
ScaleCUA-Data [191] 2025 M/D/W >17.1M samples
GroundCUA [96] 2025 D >3.56M elements
GUI-Drag [23] 2025 D/W 161K samples
Jedi [40] 2025 M/D/W 4M examples
AUTO-Explorer [192] 2025 D/W 17.5K samples
GUI-360◦ [193] 2025 D 79.5K samples
ScreenParse [194] 2026 W 21.1M elements
CMGUI [195] 2026 M 18.9K samples
MolmoPoint-GUISyn [94] 2026 M/D/W >2M points
DragOn [35] 2026 D/W 3.5M tasks
DeskForge-1M [196] 2026 D 159.7M elements
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4.1. Training Data and Resources

GUI grounding training data have evolved from mobile interface collections to large-scale cross-
platform resources with richer annotations and interaction tasks. Early mobile resources established
these foundations: RICO [197] provided Android screenshots and view hierarchies with element
geometry and text; Widget Captioning [198] paired UI elements with crowdsourced descriptions; and
UI RefExp [56] linked referring expressions to target elements. CLAY [199] improved the underlying
layout annotations by removing visually invalid nodes and assigning semantic types.

From 2024 onward, datasets expanded in scale and platform coverage. Table 3 summarizes repre-
sentative datasets by release year, platform coverage, and scale. SeeClick [4] integrated automatically
collected web data, existing mobile annotations, and general vision-language instructions. GUIEnv-
global [181] provided webpage text, element locations, and layout order, while MobileViews [187]
expanded Android screenshot–view-hierarchy pairs. OS-ATLAS [21] and ScaleCUA-Data [191] further
extended grounding data across mobile, desktop, and web interfaces.

Annotation methods increasingly enrich grounding supervision with semantic descriptions.
UGround [16] generated referring expressions covering appearance, function, position, and element
relationships. AMEX [200] combined model-generated screen and function descriptions with human
verification, while AutoGUI [188] inferred element functions from interface changes. MultiUI [189]
used accessibility-tree and page information to construct grounding and auxiliary UI-understanding
tasks. CMGUI [195] added grounding instructions with rationales for Chinese mobile interfaces.

Recent work has introduced synthetic interfaces, dense annotations, and complex interactions.
Jedi [40] combined collected icons, code-rendered components, application layouts, and filtered
existing data. MolmoPoint-GUISyn [94] generated and rendered HTML interfaces across platforms,
extracting element locations and multiple pointing instructions. GroundCUA [96] provided dense,
human-verified element boxes and labels for desktop applications, while ScreenParse [194] annotated
webpage elements with bounding boxes, semantic types, and text through structural extraction and
model-based refinement. Beyond point grounding, GUI-Drag [23] synthesized text-selection examples
with drag endpoints, while DragOn [35] extended supervision to cell selection, element resizing, and
slider manipulation.

4.2. Evaluation Benchmarks and Metrics

Benchmarks. Table 4 summarizes representative benchmarks. ScreenSpot [4] established evaluation
of text and icon/widget localization across mobile, desktop, and web interfaces. ScreenSpot-v2 [21]
refined its instructions and bounding boxes while resolving ambiguous examples. WinSpot [201]
focuses on Windows applications, while ScreenSpot-Pro [13] evaluates high-resolution professional
software across six categories, emphasizing small targets and dense layouts.

Evaluation has since expanded to more complex instructions. UI-I2E-Bench [86] distinguishes
explicit and implicit references, while UI-Vision [14] covers basic, functional, and spatial grounding.
MMBench-GUI L2 [36] separates basic visual and positional descriptions from advanced functional
instructions. OSWorld-G [40] provides original instructions alongside refined variants with more
explicit grounding cues to reduce reliance on software-specific knowledge. CAGUI [110] evaluates
grounding on Chinese Android interfaces through Text2Point and Fun2Point, while VenusBench-
GD [202] provides bilingual, cross-platform evaluation of basic, reasoning, functional, and refusal
grounding.

Recent benchmarks emphasize robustness and interaction complexity. Jandial et al. [203] assess
prediction consistency across alternative descriptions of the same target, while GUI-Primitives [15]
tests spatial reasoning through contrastive instruction pairs. GUI-Perturbed [204] varies webpage
appearance and instruction formulation, and WinDeskGround [205] evaluates multi-window scenes
with controlled occlusion, density, and distractors. GUI-HalluBench [24] examines confusable elements
and nonexistent targets. For region prediction and precise interaction, UI-Vision [14] evaluates region
grounding, ScreenDrag [23] requires text-selection drag endpoints, and FineState-Bench [41] assesses
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state-conditioned control localization and interaction. Figure 8 illustrates representative tasks and
outputs.
Evaluation metrics. Following the ScreenSpot benchmarks [4,13,21], point accuracy measures the
proportion of predicted coordinates falling within the annotated target boxes:

Accpoint =
1
N

N

∑
i=1

I[ p̂i ∈ Bi], (7)

where N is the number of test instances, p̂i is the predicted point, Bi is the target bounding box,
and I[·] is the indicator function. Region-based grounding uses IoU to measure spatial overlap, as
in UI-Vision [14]. Element-based evaluation measures whether the correct candidate UI element is
selected, as in UIBert [56] and Mind2Web [6].

Interaction-oriented metrics distinguish localization from precise interaction. ScreenDrag [23]
reports Drag Trigger Rate (DTR) for valid drag generation and Success Rate (SR) for exact text selection.
FineState-Bench [41] distinguishes target-control localization through SR@Loc from interactable-region
localization through SR@Int, and further evaluates exact target-state achievement together with
localization requirements.

Reliability metrics assess prediction consistency, rejection, and uncertainty. Consistency is evalu-
ated through prediction dispersion across descriptions of the same target [203] and joint correctness on
contrastive instruction pairs [15]. GUI-HalluBench [24] reports Localization Accuracy for confusable
targets and Rejection Rate for absent targets. SafeGround [20] evaluates uncertainty-based error
detection and selective grounding, measuring errors among accepted predictions and retention of
correct predictions.

Table 4. Representative GUI grounding benchmarks grouped by primary evaluation focus. M/D/W: mo-
bile/desktop/web. Sizes refer to the listed grounding evaluation sets.

Benchmark Year Plat. Size Key feature
Interface coverage

ScreenSpot [4] 2024 M/D/W 1,272 Text and icons
ScreenSpot-v2 [21] 2024 M/D/W 1,272 Text and icons
ScreenSpot-Pro [13] 2025 D 1,581 High-resolution GUIs
WinSpot [201] 2025 D 5,000 Windows apps
GUI-360◦ [193] 2025 D 19,780 Office applications
MedSPOT [206] 2026 D/W 597 Clinical workflows

Instruction design
MUG [207] 2024 M 6,208 Multi-turn instructions
UI-I2E-Bench [86] 2025 M/D/W 1,477 Explicit/implicit instructions
UI-Vision [14] 2025 D 5,479 Functional/spatial references
OSWorld-G [40] 2025 D 564 Software knowledge
MMBench-GUI [36] 2025 M/D/W 3,574 Goal-based instructions
CAGUI [110] 2025 M 3,000 Chinese instructions
VenusBench-GD [202] 2025 M/D/W 6,166 English/Chinese instructions
AutoGUI-v2 [208] 2026 M/D/W 1,518 Functional regions/elements

Robustness
TransBench [209] 2025 M/W Variable Cross-domain transfer
GUI-Perturbed [204] 2026 W 3,120 Image/text perturbations
WinDeskGround [205] 2026 D Variable Occlusion and distractors
GUI-HalluBench [24] 2026 M/D/W 2,000 Confusable/absent targets
GUI-Primitives [15] 2026 D/W 994 Paired spatial instructions
ScreenHaystack [210] 2026 D 48,000 Spatial blind zones

Region and interaction grounding
UI-Vision [14] 2025 D 311 Functional regions
ScreenDrag [23] 2025 D 5,333 Text selection
DragOn [35] 2026 D/W 2,000 Diverse drag actions
FineState-Bench [41] 2026 M/D/W 2,209 State-conditioned grounding
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Annotated target Reference element Representative GUI-grounding examples

(a) Text-label grounding (b) Icon grounding (c) Small targets in dense interfaces
Shopping Solitaire Music Camera Photoshop · detail

33 × 25 px target

(d) Functional descriptions (e) Spatial references

Two descriptions of the same target Reference Target

(f) Region-level grounding (g) Text-drag grounding

1  Press & hold 2  Release

“checkout” “play the ‘spider solitaire’” “play the music” “take a photo” “select gradient tool”

“Insert Footnote” “Adds a footnote to the document.” “What is the element that is immediately to the right
of the 'clone formatting' horizontally?”

Reference

Region label: “Transport Controls” “Drag to select the first bullet item in the Principles list.”

Figure 8. Representative GUI-grounding tasks: (a) text-label and (b) icon grounding from ScreenSpot-v2 [21];
(c) small-target grounding from ScreenSpot-Pro [13]; (d) functional descriptions, (e) spatial references, and (f)
region-level grounding from UI-Vision [14]; and (g) text-drag grounding from ScreenDrag [23]. Blue boxes mark
targets, and the dashed amber box marks the reference element. In (g), shading marks the target text span and the
arrow indicates the drag direction.

4.3. Performance Comparison and Analysis

Table 5 compares reported results for general-purpose models, GUI-specific models, and models
with inference-time enhancements. Grounding accuracy has improved substantially. On ScreenSpot-
v2 [21], accuracy rises from 55.1% for SeeClick [4,17] to 97.5% for Qwen-UI-Agent-27B [22], indicating
near-saturation. ScreenSpot-Pro [13] remains more challenging: the same Qwen-UI-Agent model
achieves 76.6% without zooming. GPT-6 Astra [43] reaches 92.7% without tools, the highest reported
result in Table 5.

Aggregate accuracy, however, masks important capability gaps. Figure 9 compares performance
across target types, instruction complexity, interaction precision, and refusal tasks. Among the 99
ScreenSpot-Pro [13] configurations compiled in the figure, text accuracy exceeds icon accuracy in 97,
with a median gap of 31.8 percentage points. Accuracy also declines for smaller targets [86]. ReGround
experiments show that overly small crops lose useful context [13], while WinDeskGround [205] reveals
sensitivity to partial occlusion.
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Table 5. Reported accuracy (%) for representative models on GUI grounding benchmarks. SSP: ScreenSpot-Pro;
G/G-R: OSWorld-G with original/refined instructions; UIV: UI-Vision element grounding; MM: MMBench-GUI
L2. Bold and underlined values indicate the best and second-best reported results, respectively, in each column
across all model groups.

Model / configuration SSP G G-R UIV MM
General-purpose models

Qwen2.5-VL-7B [211] 27.6a 31.4a – 0.9a 33.9b

Step3-VL-10B [55] 51.6 59.0 – – 81.5
Qwen3-VL-8B [46] 54.6 58.2 67.4c 25.2c 83.0c

Qwen3.5-27B [54] 68.4d – 67.9d 46.6d 89.1d

Gemini-3-Pro [212] 72.7 – – – –
GPT-6 Astra [43] 92.7 – – – –

GUI-specific models
SeeClick [4] 1.1a – – 5.4a –
OS-ATLAS-7B [21] 18.9e 27.7e – 9.0e 41.4e

UGround-V1-7B [16] 31.1e 36.4e – 12.9e 65.7e

UI-TARS-7B [58] 35.7 47.5a – 17.6a –
Jedi-7B [40] 39.5 54.1 – 24.8 –
GUI-Actor-7B [17] 44.6 – 56.6f – 76.5g

SE-GUI-7B [107] 47.3 – – – 76.6g

GUI-AIMA-3B-lite [95] 49.8 – 58.3 27.9 76.3
InfiGUI-G1-7B [120] 51.9 – – 26.1 80.8
V2P-7B [88] 52.5 52.5 – 28.8 79.9
MolmoPoint-GUI-8B [94] 60.2 70.0 – – –
GUI-SD-8B [141] 60.7 64.0 70.9 33.3 86.7
GTA1-32B [112] 63.6 65.2g 72.2g – 83.4g

MAI-UI-8B [169] 65.8 60.1 68.6 40.7 88.8
UI-Venus-1.5-8B [213] 68.4 69.7 74.1 46.5 88.1
GUI-Owl-1.5-8B [3] 71.1 65.8 69.3 – 82.5
Qwen-UI-Agent-27B [22] 76.6 – 78.5 70.0 92.6

Models with inference-time enhancements
UI-Venus-1.5-8B + RankGround [100] 71.0 78.0 84.7 – 89.8
Qwen3-VL-32B + MVP [144] 74.0 – – 44.1 –
GUI-Owl-1.5-8B + Zoom + Re-Prefill [149] 80.1 68.8 75.0 41.6 85.1
Qwen-UI-Agent-27B + Zoom [22] 81.5 – – – –
GPT-5.5 + GUI-Lens [151] 87.9 – – 68.6 91.5

Model references identify the original work; superscripts indicate additional evaluation sources: a[40]; b[36]; c[141]; d[22]; e[88]; f[95]; g[169].

Complex instructions remain challenging. On the Windows subset of MMBench-GUI L2 [36],
MAI-UI-32B [169] drops from 93.0% on basic instructions to 78.7% on advanced instructions. On
UI-Vision [14], spatial accuracy trails both basic and functional accuracy in 23 of 24 configurations.
GUI-Primitives [15] further reports that 60–92% of predictions fall outside both candidate regions,
identifying candidate localization as a major source of failure in relational grounding.

Correct target localization does not ensure precise interaction. On ScreenDrag [23], GUI-Drag-3B
generates valid drag actions for all instances but achieves only 38.1% exact text-selection success. On
FineState-Bench [41], platform-average SR@Int is lower than SR@Loc for all eight models under static
evaluation, with a median gap of 20.9 percentage points. Reliability remains limited: equivalent target
descriptions can yield inconsistent coordinates [203], while ten of 29 OSWorld-G [40] configurations
achieve zero refusal accuracy under original instructions.

Inference-time enhancements offer substantial gains without model retraining. On ScreenSpot-
Pro, RegionFocus [12] improves Qwen2.5-VL-72B from 47.8% to 61.6% through region refinement,
MVP [144] raises Qwen3-VL-32B from 55.3% to 74.0% through multi-view aggregation, and GUI-
Lens [151] improves GPT-5.5 from 74.8% to 87.9% through iterative cropping and verification.
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Figure 9. GUI-grounding capability gaps. (a) Text versus icon accuracy across 99 ScreenSpot-Pro [13] config-
urations; the dashed diagonal indicates equal accuracy. (b) Basic-minus-Spatial and Functional-minus-Spatial
accuracy gaps, in percentage points, across 24 UI-Vision [14] configurations; black bars indicate medians. (c)
Target-control (SR@Loc) and interactable-region (SR@Int) localization success rates, averaged across platforms, for
eight models under the FineState-Bench [41] static protocol; vertical segments connect each model’s two scores.
(d) Overall versus refusal accuracy across 29 OSWorld-G [40] configurations using original instructions.

Figure 10 shows diminishing returns from increased inference budgets, with occasional perfor-
mance declines. MVP [144] using GTA1-7B achieves 61.7% with four additional views but drops to
60.6% with ten. For GUI-Lens [151], switching from Balanced to Quality increases average latency
from 87.7 to 118.0 seconds per sample, while accuracy rises only from 90.00% to 90.33% on its 300-
example ScreenSpot-Pro subset. Thus, inference-time improvements must be weighed against their
computational and latency costs.
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and (f) use ScreenSpot-v2. Panel (a) reports mean latency for GPT-5.5 on a 300-example subset; (b) uses GTA1-7B.
The zooming strategy is fixed in (e), and search depth is fixed at three in (f).

5. Challenges and Future Directions
Despite advances on screenshot-based benchmarks, GUI grounding still faces challenges in

semantic understanding, dynamic interfaces, prediction reliability, and inference efficiency. We discuss
four corresponding research directions.

5.1. Semantic Grounding

GUI grounding must resolve targets described by their functions or relationships rather than
explicit visual cues. Existing benchmarks reveal persistent difficulties with implicit and relational
instructions [15,86], while coordinate-based metrics cannot distinguish target misidentification from
localization errors. Future work should improve semantic reasoning across unfamiliar layouts through
training with paraphrased and contrastive instructions, promoting consistency for equivalent descrip-
tions and discrimination between different targets. Evaluation should separate target identification
from coordinate precision, using controlled candidate-region tests to isolate semantic and spatial
errors.
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5.2. Interactive Grounding

Most benchmarks evaluate grounding on isolated screenshots, overlooking how interaction
history and interface changes affect target identity and location. Recent methods incorporate preceding
actions and screen sequences [34,63], but determining which historical information remains valid
is challenging. Future work should track targets across interface states, update their locations, and
revise predictions when new observations contradict prior evidence. Evaluation should test target
relocation under controlled changes, such as scrolling or pop-up activation, with action types and
target descriptions fixed to isolate grounding from action selection and downstream execution.

5.3. Reliable Grounding

High localization accuracy does not guarantee reliability when targets are absent, ambiguous,
or difficult to identify. Benchmarks expose weaknesses in invalid-target detection [24,40], while
recent methods investigate prediction verification [19] and uncertainty estimation [20,214]. Future
work should integrate these capabilities while distinguishing target absence from abstention due to
uncertainty, since low confidence does not imply that no valid target exists. Evaluation should measure
error correction, invalid-target detection, calibration, and robustness across interfaces and instruction
variations, alongside risk-coverage trade-offs that quantify errors among accepted predictions and the
proportion of requests accepted.

5.4. Efficient Grounding

Improving grounding accuracy often requires additional computation, particularly for high-
resolution interfaces where image resizing obscures small targets [13]. Existing approaches employ
multi-view processing [144], adaptive refinement [18], and visual-token compression [155], yet in-
creased inference budgets do not consistently improve accuracy. Future work should allocate compu-
tation according to instance difficulty, determining when finer visual evidence or further refinement is
beneficial while preserving small-target details. Evaluation should jointly report accuracy, end-to-end
latency, and memory usage, with model size, hardware, input resolution, and inference budgets
specified to enable comparisons under matched resource constraints.

6. Conclusion
This survey presents a unified formulation of GUI grounding and a taxonomy spanning learning

paradigms, inference strategies, and target representations. By connecting these dimensions with
training resources, evaluation benchmarks, and reported performance, it systematically characterizes
existing methods and their capability boundaries.

Our analysis shows that advances in semantic–spatial alignment and inference-time visual re-
finement have improved grounding performance, yet strong results on static benchmarks do not
necessarily translate into reliable interaction. Implicit instructions, small targets, and state-dependent
operations continue to challenge semantic understanding, spatial precision, and interaction validity.
Moreover, inference-time improvements depend on the quality of intermediate evidence and incur
additional computational costs.

Future research should integrate semantic reasoning, interaction history, and visual feedback with
uncertainty-aware prediction and adaptive computation. Evaluation should distinguish grounding
errors from planning and execution failures while accounting for task conditions and inference budgets.
These advances are essential for developing GUI grounders that accurately resolve interaction targets,
produce valid spatial parameters, and recognize when predictions are insufficiently supported.
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