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Abstract001

Recent advances in Graphical User Inter-002
face (GUI) and embodied navigation have003
driven progress, yet these domains have largely004
evolved in isolation, with disparate datasets and005
training paradigms. In this paper, we observe006
that both tasks can be formulated as Markov De-007
cision Processes (MDP), suggesting a founda-008
tional principle for their unification. Hence, we009
present NaviMaster, the first unified agent capa-010
ble of unifying GUI navigation and embodied011
navigation within a single framework. Specif-012
ically, NaviMaster (i) proposes a visual-target013
trajectory collection pipeline that generates tra-014
jectories for both GUI and embodied tasks us-015
ing a single formulation. (ii) employs a unified016
reinforcement learning framework on the mix017
data to improve generalization. (iii) designs018
a novel distance-aware reward to ensure effi-019
cient learning from the trajectories. Through020
extensive experiments on out-of-domain bench-021
marks, NaviMaster is shown to outperform022
state-of-the-art agents in GUI navigation, spa-023
tial affordance prediction, and embodied nav-024
igation. Ablation studies further demonstrate025
the efficacy of our unified training strategy, data026
mixing strategy, and reward design. Resources027
will be released to the community.028

1 Introduction029

Graphical user interface (GUI) navigation agents030

and embodied navigation agents are designed to031

traverse virtual and physical environments, respec-032

tively. Recent advances in multimodal large lan-033

guage models (MLLMs) (Bai et al., 2025) have034

enabled the integration of their strong perception035

and planning abilities for both agents (Wu et al.,036

2025; Lin et al., 2025). Leveraging these capabili-037

ties, such agents have shown substantial potential038

in instruction-guided multimodal navigation tasks.039

Despite the progress of previous agents, as illus-040

trated in Fig. 1, the long-term separation between041

GUI and embodied navigation, coupled with their042
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Figure 1: Previous methods involve individual models
for GUI and embodied navigation. Our NaviMaster is a
unified learning framework.

training strategies, has resulted in four persistent 043

challenges. (1) These approaches employ two in- 044

dividual models for navigation, which increases 045

training and deployment costs and precludes syn- 046

ergistic interaction between the two tasks (Hong 047

et al., 2025). (2) Although prior works (Rawles 048

et al., 2023b; Ramakrishnan et al., 2021) have im- 049

proved performance in respective tasks by scaling 050

data within specific task data, they exhibit limited 051

cross-task performance due to poor generalization 052

to out-of-domain (OOD) data. (3) They face a 053

training-efficiency bottleneck: previous RFT-based 054

models employ a sparse reward signal, rendering 055

reinforcement learning optimization inefficient. (4) 056

Current RFT reasoning models often generate cor- 057

rect thoughts but wrong actions, as their “under- 058

standing” is primarily distilled from texts rather 059

than visual observations. 060

To address these challenges, we propose a uni- 061

fied policy that integrates GUI and embodied navi- 062

gation with an efficient training strategy. Inspired 063

by VIS-Bench (Yang et al., 2025a), humans con- 064

vert egocentric perceptions into an allocentric men- 065

tal map to support perspective-taking and spatial 066

reasoning. Similarly, both GUI and embodied 067

navigation operate purely on egocentric visual ob- 068
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servations, without direct access to a global state.069

Despite differences in surface-level action seman-070

tics, the two tasks are therefore isomorphic at the071

level of perception and decision-making: in both072

cases, the agent must integrate partial, first-person073

observations over time to implicitly construct a074

latent representation. We therefore characterize075

the unified problem as learning an egocentric-to-076

allocentric cognitive transformation. On the other077

hand, from the perspective of Markov Decision078

Processes (MDPs):079

argmax
a∈A

P (St+1 | St = σ,At = a), (1)080

where next state St+1 depends solely on the cur-081

rent state–action pair (σ, a). Under our unified082

formulation, the state St corresponds to the egocen-083

tric visual observation at step t, while the action084

space A encompasses interactions in either virtual085

interfaces or physical environments. The transi-086

tion dynamics satisfy the Markov property in both087

domains. Consequently, we formalize GUI and088

embodied navigation as a single Navigation Agent089

problem.090

To this end, as shown in Fig. 1, NaviMaster091

incorporates three key advancements (1) We pro-092

pose a trajectory collection pipeline that unifies093

both GUI and embodied navigation within a visual-094

target paradigm, enabling joint training on mix095

data and improving generalization. (2) We build096

a unified reinforcement learning training frame-097

work applicable to both navigation types. Policies098

optimized on a single MDP tend to overfit to task-099

specific correlations. By unifying GUI and em-100

bodied navigation under a distribution over MDPs,101

we enable the policy to learn generalizable struc-102

tural representations such as visual object perma-103

nence, relative spatial reasoning, and affordance104

grounding. Specifically, we extend the training105

strategy to estimate task-specific advantages, en-106

abling a single policy to adapt effectively across107

multiple tasks. Furthermore, the framework lever-108

ages prior reasoning steps and actions as historical109

context. Given the history and current observa-110

tions as inputs, the model predicts the next action.111

This formulation unifies the I/O representation and112

enables the history to guide precise high-level ac-113

tions in long-horizon navigation. (3) We employ a114

distance-aware dense reward in the reinforcement115

learning framework, which enhances training effi-116

ciency compared to a sparse binary reward.117

We evaluate NaviMaster on OOD GUI and118

embodied navigation benchmarks. On test sets 119

that differ significantly from the training domain, 120

NaviMaster outperforms state-of-the-art baselines, 121

achieving superior results across multiple datasets. 122

These findings demonstrate strong generalization 123

capability and robustness to distributional shifts. In 124

summary, our key contributions are as follows: 125

1. We propose NaviMaster, the first unified navi- 126

gation agent that jointly handles both GUI and 127

embodied navigation within one framework. 128

2. We develop a visual-target trajectory collec- 129

tion pipeline that aggregates high-quality tra- 130

jectories from both GUI and embodied navi- 131

gation, thereby increasing data diversity and 132

enhancing model generalization capability. 133

3. We design a distance-aware dense reward 134

and a unified reinforcement learning pipeline, 135

which together enhance data efficiency and 136

further strengthen model grounding ability. 137

2 Related Work 138

2.1 Navigation Agent 139

GUI navigation agents aim to autonomously oper- 140

ate applications by perceiving UI elements and issu- 141

ing precise point-level actions (Wang et al., 2025). 142

Recent efforts have adopted the data-driven train- 143

ing paradigm such as OS-Atlas, UI-Tars (Wu et al., 144

2025; Qin et al., 2025). They employ large-scale 145

datasets in a multi-stage training pipeline to further 146

enhance their UI grounding precision and planning 147

capability. Despite this progress, most existing 148

GUI agents rely heavily on supervised fine-tuning 149

(SFT) with large amounts of human-annotated data, 150

limiting their generalization capacities. To address 151

this, models like UI-R1 and GUI-R1 (Luo et al., 152

2025; Lu et al., 2025) incorporate reinforcement 153

learning (RL) inspired by DeepSeek-R1. However, 154

their scope remains restricted to GUI-only settings 155

and lack the capacity to do embodied navigation. 156

Embodied navigation agents control physical or 157

simulated agents to follow language instructions 158

in 3D spaces, requiring multimodal perception and 159

long-horizon planning (Gao et al., 2024). Analo- 160

gous to GUI navigation tasks, works on embodied 161

navigation typically employ a multi-stage SFT strat- 162

egy on large datasets to adapt open-source MLLMs 163

for navigation tasks (e.g., RoboPoint (Yuan et al., 164

2024), SpaceLLaVa (Foutter et al., 2025)). Their 165

scope remains restricted to a single domain, which 166

enforces a monolithic action space, thereby lim- 167
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Figure 2: Visual-Target Trajectory Collection contains three parts. First, we unify the GUI and the Embodied action
space by introducing a visual target at each step. Next, we initialize the trajectories using existing datasets or scenes.
Last, we generate a first-person reasoning thought ti with GPT-4o. Finally, we get our visual-target trajectories τ .

iting the agents’ capacity to generalize when the168

action space changes.169

Recently, Embodied Web Agent (EWA) (Hong170

et al., 2025) is the first work that unifies physical171

embodiment with live web interfaces. Although172

EWA unifies web and embodied tasks, it lacks an173

emphasis on grounding capabilities and fails to es-174

tablish a comparable action space between the two175

navigation agent types. It also relies on zero/few-176

shot MLLMs without a unified navigation training177

paradigm, limiting its value for developing general-178

purpose navigation agents.179

2.2 Reinforcement Fine-Tuning on MLLM180

Visual-RFT (Liu et al., 2025b) performs reinforce-181

ment fine-tuning on LVLMs using their own rea-182

soning traces together with rule-based, verifiable183

visual rewards—e.g., IoU for detection and CLS ac-184

curacy for classification. UI-R1 (Lu et al., 2025) in-185

troduces a unified, rule-based reward that measures186

the click-coordinate accuracy within the ground-187

truth bounding box, thereby enhancing the pre-188

cision of GUI action prediction. GUI-R1 (Luo189

et al., 2025) also adopts a similar reward design,190

but places greater emphasis on high-level GUI nav-191

igation capabilities. However, their reward design192

is strictly binary; only responses that fall within the193

ground truth bounding box receive a positive score.194

This leads to many rollouts in GRPO yielding zero195

reward, making the training process less effective196

(Zheng et al., 2025a). Differently, we adopt a dense197

reward approach for grounding training in naviga-198

tion agents. Unlike prior work that relies on bi-199

nary rewards, our method assigns scores based on 200

the proximity of the response to the ground truth, 201

thereby improving grounding performance while 202

promoting more efficient and stable training. 203

3 NaviMaster 204

Our proposed NaviMaster consists of three key 205

components, including (1) the visual-target trajec- 206

tory collection to reformulate the GUI and embod- 207

ied navigation trajectories into a unified form with 208

historical information, (2) the unified reinforce- 209

ment learning framework to optimize the cross- 210

scenario at the same time, and (3) the distance- 211

aware reward to update the model parameters by 212

additionally considering the distance between out- 213

put points and target points. 214

3.1 Visual-Target Trajectory Collection 215

As Fig. 2 shows, the visual-target trajectory collec- 216

tion has three parts, including unified action space 217

definition, unified trajectory initialization, and rea- 218

soning thought generation. 219

Unified Action Space Definition. Existing GUI 220

and embodied trajectory datasets exhibit substantial 221

differences in their action spaces. We categorize ac- 222

tions into three types: specific action, view-shifting 223

action, and localization action. First, specific ac- 224

tions have predefined, context-independent seman- 225

tics (e.g., [BACK] in GUI, [STOP] in embodied 226

tasks) and are directly integrated into the unified ac- 227

tion space. Second, view-shifting actions adjust the 228

agent’s viewpoint to locate targets outside the cur- 229

rent field of view. This class encompasses actions 230
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like [SCROLL] in GUI and [TURN] in embodied231

environments. We standardize these transforma-232

tions into four directions for each domain: [up,233

down, left, right] for GUI and [left, right, around,234

back] for embodied agents. Finally, localization235

actions show the greatest divergence. In GUI tasks,236

the localization action is performed through the237

[CLICK (x, y)] action, where (x, y) denotes a spe-238

cific target position on the screenshot. In contrast,239

embodied navigation tasks achieve localization via240

the [MOVEFORWARD] action, which does not241

require an explicit target. These differences reflect242

distinct interaction paradigms between the two lo-243

calization actions. GUI actions Agui depend on244

precise, target-oriented operations (e.g., clicking245

specific UI elements), whereas embodied actions246

Aemb focus on egocentric motion control (e.g., nav-247

igating without explicit target selection).248

The discrepancy in localization actions (i.e., with249

or without a target) creates a challenge for unifying250

both tasks. To address this challenge, we propose251

the visual-target trajectory by introducing a local-252

ization action with an explicit target into the em-253

bodied navigation task. As shown in the left part of254

Fig. 2, we define a visual target within the observa-255

tion at each step of the trajectory. Consequently, the256

localization action in embodied navigation if refor-257

mulated from [MOVEFORWARD] to [MOVETO258

(x, y)], where (x, y) denotes target location. The259

complete action space is in Appendix C.260

Trajectory Collection Initialization. We con-261

sider a long-horizon task consisting of n steps,262

represented as {I, (o0, a0), . . . , (on, an)}, where263

I denotes the user-provided instruction, oi is the264

observation from GUI screenshot or physical envi-265

ronment at step i, and ai is the corresponding action266

at step i (0 ≤ i ≤ n). This representation is consis-267

tent with standard formulations of GUI trajectories,268

enabling direct reuse of existing GUI datasets. In269

our experiments, we leverage GUI-Odyssey (Lu270

et al., 2024) to obtain trajectory data.271

However, the existing embodied navigation272

datasets typically provide only the initial and the273

target positions without specifying the intermediate274

trajectories. For an embodied navigation dataset275

(e.g., Matterport 3D dataset with the Habitat simu-276

lator (Yadav et al., 2023; Savva et al., 2019)), we277

extract the set of trajectory points along the shortest278

path from the initial to the target position, denoted279

as (s0, s1, . . . , sm), which can be mapped by per-280

forming the A* search method (Hart et al., 1968).281

Each trajectory point sk (0 ≤ k ≤ m) is a 3D282

coordinate in the global coordinate system. 283

Then, based on the point set, we collect obser- 284

vation images and generate visual-target actions 285

for embodied navigation. The initialization pro- 286

cedure for trajectory collection is summarized in 287

Algorithm 1. The first step is to align the next 288

position with current observation. Given the cur- 289

rent position sk(uk, vk, wk) (global coordinate sys- 290

tem), its camera rotation rk and the next posi- 291

tion sk+1(uk+1, vk+1, wk+1) (global coordinate 292

system), s
′
k+1(u

′
k+1, v

′
k+1, w

′
k+1) (sk coordinate 293

system) can be obtained with following equation: 294

s
′
k+1 = r−1

k × (sk+1 − sk)× rk. (2) 295

After that, we project s
′
k+1 onto the current cam- 296

era observation oi: 297

p(xi, yi) = (
W

2
+f ·

u′k+1

w′
k+1

,
H

2
+f ·

v′k+1

w′
k+1

), (3) 298

where p(xi, yi) represents the pixel coordinates 299

of the next position in the current observation oi, 300

(W,H) is the width and height of the image, and f 301

is the camera focal length. 302

Due to the limitations of the camera’s pitch angle 303

and field of view, the projected coordinates may not 304

appear within the observation. To address this, we 305

define several custom actions to adjust the camera 306

angle, including the left-right and up-down turning 307

actions in embodied tasks: [TURN left], [TURN 308

right], [TURN around], [TURN down] and im- 309

plement them as Algorithm 1. Let w′
k+1 denote 310

the depth of s′k+1 in the current observation. A 311

negative value (w′
k+1 < 0) indicates that s′k+1 lies 312

behind the camera. After getting the observation 313

oi with the target at each position, we represent 314

each embodied navigation trajectory with the same 315

action space and style as in GUI navigation. 316

Reasoning Thought Generation. Historical in- 317

formation has been shown to be beneficial for agent 318

performance (Yang et al., 2025c). Most existing 319

approaches (Xu et al., 2025) take the implemented 320

actions as history, which may lead to ambiguity. 321

For example, the action [CLICK (x, y)] does not 322

specify the context or purpose of the interaction. By 323

contrast, pairing the reasoning thought “I should 324

first open Chrome to start my search” with the 325

corresponding action “[CLICK (x, y)]” explicitly 326

indicates that agent opens the app Chrome. Some 327

works (Qin et al., 2025) demonstrates that aug- 328

menting each step in the trajectory with its asso- 329

ciated reasoning allows the model to articulate its 330

decision-making process more transparently. 331
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Algorithm 1 Trajectory Collection Initialization
for Embodied Task
Input: I , (s0, s1, . . . , sm)
Output: Trajectory
1: Initialize Trajectory with (I), i with 0
2: for each k ∈ [0,m] do
3: if k < n then
4: Calculate s′k+1(u

′
k+1, v

′
k+1, w

′
k+1)

5: while p(xi, yi) /∈ [0,W ]× [0, H] do
6: oi ← observation at (sk , rk)
7: Update p(xi, yi)
8: if w′

i+1 < 0 then
9: aj ← TURN [around]
10: else if xi < 0 then
11: ai ← TURN [left]
12: else if xi > W then
13: ai ← TURN [right]
14: else if yi > H then
15: ai ← TURN [down]
16: end if
17: Append (oi, ai) to Trajectory
18: Update rk ← execute ai ; i← i + 1
19: end while
20: ai ←MOVETO (xi, yi)
21: Append (oi, ai) to Trajectory ; i← i + 1
22: else
23: oi ← observation at (sk , rk), ai ← STOP
24: Append (oi, ai) to Trajectory
25: end if
26: end for
27: return Trajectory

To enhance reasoning capability and optimize332

memory usage, we generate thought for each action333

in the trajectory, as illustrated in the bottom part of334

Fig. 2. Given an initialized trajectory, we construct335

the data generation pipeline as follows:336

⟨I, oi, ai, [oi+1]⟩
M−→ ti. (4)337

where the task instruction I , observation oi, and ac-338

tion ai are provided to the large language model M,339

which produces an intention ti from a first-person340

perspective to explain the rationale behind action341

ai. In our experiments, M corresponds to GPT-342

4o (OpenAI et al., 2024). The optional observation343

oi+1 is included only in GUI trajectories, where344

the target observation serves as a reference for data345

generation. The prompts used to generate these346

reasoning thoughts are provided in Appendix A.347

Consequently, the visual-target trajectory for348

both GUI and embodied navigation tasks is repre-349

sented as: τ = {I, (o0, t0, a0), . . . , (on, tn, an)}.350

3.2 Unified Reinforcement Learning351

Framework352

Since reinforcement learning (RL) generally ex-353

hibits stronger generalization capabilities than su-354

pervised fine-tuning (SFT) , we adopt the R1-355

Zero training strategy, directly training on our356

collected dataset with Group Relative Policy357

Optimization (GRPO). As illustrated in Fig. 3,358

given an n-step trajectory, we take step i as a359

Output1:<think>…</think>
<answer> [{"action": "click", 

"point": [819, 586]}] </answer>
Output1:<think>…</think>
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Figure 3: Overview of unified reinforcement learning
framework. MLLM policy is optimized using GRPO
with format, type and grounding dense reward.

data sample. Each sample consists of the user 360

instruction I , the current observation oi, rea- 361

soning thoughts and actions in history Hi = 362

{(t0, a0), (t1, a1), ..., (ti−1, ai−1)}. NaviMaster 363

then learns a unified policy with GRPO. Specif- 364

ically, for the input queries {I,Hi, oi}, we operate 365

on G samples {γj = πθold (ai|I,Hi, oi)}Gj=1 pro- 366

duced by the policy model πθ. We also incorporate 367

the depth map hi of observation oi as a critical prior 368

for grounding in spatial space; for pure 2-D images 369

hi is set to the zero matrix. The advantage Adv is 370

computed as follows: 371

R(i, j) = R(γj , ai, hi), (5) 372

Adv =
R(i, j)− mean({R(i, j))}Gj=1)

std({R(i, j)}Gj=1)
, (6) 373

where R(i, j) denotes the reward function of the 374

response. It will be detailed in the next section. 375

3.3 Distance-Aware Reward 376

The criteria for successful task execution are three- 377

fold: (1) the model output must be correctly parsed 378

into an executable action, (2) the type of the exe- 379

cuted action must match the ground truth, (3) the 380

action’s arguments must fall within valid bounds. 381

Accordingly, we decompose the reward into three 382

components: format, type, and grounding. While 383

most existing reward designs employ binary suc- 384

cess/failure signals, our approach aims to capture 385

relative preferences even among unsuccessful roll- 386

outs. For instance, among unsuccessful rollouts, 387

some may still be “better” than others. Specifically, 388

we design a distance-aware dense reward for the 389

grounding component based on the distance to the 390

ground-truth point. Therefore, our reward consists 391

three components, including format reward, type 392

reward and grounding dense reward. 393

Format Reward. This reward RF (i, j) enforces 394

the formatting of the output. Each response must 395
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first provide a reasoning phase, followed by a final396

answer, where the answer must be a valid JSON397

string. The required structure is: “⟨think⟩· · ·398

⟨/think⟩⟨answer⟩ json string ⟨/answer⟩”. If399

a rollout satisfies this format, RF (i, j) will be set400

to 1. Otherwise, RF (i, j) will be set to 0.401

Type Reward. This reward RT (i, j) = [âj = ai]402

evaluates the correctness of the model’s action se-403

lection. âj denotes the predicted action type for404

sample γj and ai denotes the ground truth action405

type at step i. [·] stands for the Iverson bracket, an406

indicator that equals 1 when the statement inside407

is true and 0 otherwise. It is a binary reward that408

assesses whether the predicted action type matches409

the ground truth within a small, discrete action410

space. It supervises the model’s ability to make411

high-level decisions aligned with task semantics.412

Grounding Dense Reward. This reward RG is de-413

signed to guide model’s grounding ability. Specif-414

ically, this ability requires selecting the correct415

target within a large selection space, such as a416

pixel-level coordinate within an image. It eval-417

uates the predicted location relative to the ground418

truth at step i. To consistently measure grounding419

performance across navigation tasks, we define a420

distance-based dense reward instead of a sparse421

reward. It ensures that the agent receives higher422

rewards when its prediction is closer to targets (UI423

elements or position in embodied scene). Such de-424

sign can provide effective guidance during training.425

This reward function is as follows:426

RG(i, j) = (1− dj
θd

)[dj < θd, pj < θh] (7)427

where θd and θh are thresholds for distance dj and428

depth disparity pj . The dj denotes the pixel-level429

distance between predicted point (x̂j , ŷj) of γj and430

the corresponding ground truth point (xi, yi). In431

embodied environments, the depth value hi(x̂j , ŷj)432

is also incorporated to account for potential occlu-433

sions: two pixels that are close in the 2D image434

may have substantially different depths in the 3D435

scene. The details of thresholds are in Appendix H.436

The definitions of dj and pj are as follows:437

dj =
√

(x̂j − xi)2 + (ŷj − yi)2, (8)438
439

pj = |hi(x̂j , ŷj)− hi(xi, yi)|, (9)440

The overall reward function is a weighted combina-441

tion of the three components described above. Here,442

R(i, j) = λ1RF (i, j) + λ2RT (i, j) + λ3RG(i, j).443

λ1, λ2, λ3 ∈ R+ controlling their relative impor-444

tance of each term.445

4 Experiments 446

4.1 Implementation Details 447

We trained our model using the EasyR1 frame- 448

work (Zheng et al., 2025b), adopting Qwen2.5VL- 449

7B model (Bai et al., 2025) as the base model. The 450

training is conducted for three epochs on 8 NVIDIA 451

A800 GPUs, with a global batch size of 128 and 452

a learning rate of 1× 10−6. The hyperparameters 453

λ1, λ2, and λ3 are experimentally set to 0.1, 1, and 454

1, respectively. The training utilizes 20k samples, 455

including 10k GUI samples from GUI-Odyssey 456

and 10k embodied samples from Matterport 3D 457

and RoboPoint. All the experiments of NaviMaster 458

use the same amount of data for a fair comparison. 459

More details are provided in Appendix D. 460

4.2 Benchmarks and Metrics 461

GUI task. For the evaluation of the GUI task, 462

we employ seven distinct mobile, web, desktop 463

and in-domain benchmarks: AC-High/Low (Li 464

et al., 2024), AITW (Rawles et al., 2023a), GUIAct- 465

P/W (Chen et al., 2025), Llamatouch (Zhang et al., 466

2024b), AITZ (Zhang et al., 2024a) OmniAct- 467

W/D (Kapoor et al., 2024) and Odyssey (Lu et al., 468

2024). We follow OS-Atlas (Wu et al., 2024) to 469

take the success rate (SR) and grounding (GR) as 470

the primary evaluation metrics. SR measures the 471

per-step task success rate, while GR measures the 472

accuracy of localizing the correct click coordinates. 473

We compare our model with the following meth- 474

ods: the proprietary GPT-4o (OpenAI et al., 2024), 475

SFT-based models such as OS-Atlas, Aguvis (Xu 476

et al., 2025) and Qwen2.5VL-7B* fine-tuned on 477

our trajectory data, as well as RL-based models 478

like GUI-R1 (Luo et al., 2025), infiGUI-R1 (Liu 479

et al., 2025a), UI-Shift (Gao et al., 2025) and UI- 480

AGILE (Lian et al., 2025). We note the concurrent 481

work of OmniActor (Yang et al., 2025b), which 482

also proposes a unified agent for both 2D and 3D 483

tasks. However, we exclude it from comparison 484

because it is evaluated on a subset of benchmarks 485

and its implementation is not publicly available. 486

Embodied task. We assess our model’s per- 487

formance through two distinct embodied tasks. 488

First, we conduct spatial affordance prediction to 489

assess the model’s spatial grounding ability on 490

the metric of SR. Specifically, we employ Ro- 491

boReflT (Lu et al., 2023) for object referring 492

and Where2Place (Yuan et al., 2024), RoboSpa- 493

tial (Song et al., 2025), RefSpatial (Zhou et al., 494

2025) for free space referring. The second task is 495
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Models Mobile Web Desktop ID

AC-Low AC-High AITW GuiAct-P Llamatouch AITZ GuiAct-W OmniAct-W OmniAct-D Odyssey

GR SR GR SR GR SR GR SR GR SR GR SR GR SR GR SR GR SR GR SR

GPT-4o 38.67 28.39 30.90 21.19 35.75 26.07 26.15 26.79 46.32 38.77 27.31 20.99 45.02 41.84 42.79 34.06 63.25 50.67 14.17 5.36
Qwen2.5VL-7B 87.08 62.50 59.71 47.06 65.99 45.80 55.79 44.99 75.84 60.97 60.79 33.88 90.78 78.08 84.40 71.91 79.42 57.58 68.52 37.32
Qwen2.5VL-7B* 66.73 43.82 51.29 31.79 62.51 48.81 52.21 47.75 53.88 45.56 58.36 31.18 60.26 43.26 47.61 44.36 50.58 42.29 40.96 29.38
OS-Atlas-7B 73.37 50.94 54.90 29.83 64.89 41.38 58.52 29.43 59.25 30.11 58.30 27.58 75.61 57.02 69.35 59.15 62.87 56.73 39.74 26.96
Aguvis 76.56 57.55 72.09 49.96 69.57 53.06 63.39 42.66 75.08 60.41 62.61 36.15 37.18 27.66 54.27 48.29 26.00 23.31 - -
infiGUI-3B 93.20 92.10 74.40 71.10 75.58 46.51 66.67 40.09 75.02 58.66 75.42 40.81 86.02 64.60 75.42 54.91 73.25 47.17 70.30 33.15
GUI-R1-7B 84.02 66.52 70.31 51.56 62.94 55.31 47.09 48.62 69.82 61.27 64.98 49.06 88.06 74.54 84.87 68.69 81.19 57.70 71.10 36.22
UI-shift 94.22 73.38 73.41 52.16 74.44 54.38 59.10 52.12 75.08 61.71 73.84 46.78 89.49 79.43 82.93 64.22 80.01 57.94 62.54 32.75
UI-AGILE 93.71 63.32 77.55 50.97 75.72 48.66 60.11 42.27 78.31 66.10 75.89 38.74 90.33 69.57 84.04 63.15 81.94 59.35 70.40 36.96

Ours (w/o Embodied) 94.40 67.98 77.85 53.47 71.31 58.05 60.67 52.34 78.68 63.79 77.57 52.56 89.96 83.68 85.00 72.63 79.96 61.47 70.08 46.38
Ours (w/o GUI) 81.42 64.97 29.47 30.05 74.95 49.17 76.08 47.55 81.72 64.03 76.81 37.37 91.56 77.80 66.07 51.70 72.09 51.35 64.75 33.92
Ours 93.90 69.46 78.15 55.89 74.92 59.72 64.39 53.27 82.54 67.39 81.14 54.00 91.95 86.17 85.30 72.99 82.16 62.47 73.60 48.35

Table 1: Results on different GUI tasks. The red background represents that the data source is in the training set of
the corresponding model, while the green background represents that the test dataset is OOD for the model. Bold
highlights the best results in the OOD setting, and underlined are the second-best.

embodied navigation, which evaluates the model’s496

practical application capabilities on the metric497

of SR and SPL (Success Rate Weighted by In-498

verse Path Length). We evaluate our approach on499

the unseen validation branch of ObjectNav (Ba-500

tra et al., 2020). We adhere to the framework501

established in VLMNav (Goetting et al., 2024)502

and substitute the agent model in our experi-503

ments to assess the performance. We compare504

our model against the proprietary GPT-4o, open-505

source methods like Qwen2.5VL-7B, SpatialVLM506

like SpaceLLaVA (Foutter et al., 2025), the lat-507

est method RoboPoint-13B (Yuan et al., 2024).508

More details of benchmarks and metrics are in Ap-509

pendix E and Appendix F.510

4.3 Main Results511

GUI Navigation. The results are shown in Table 1.512

To evaluate the generalization capability of Navi-513

Master, we employ entirely out-of-domain (OOD)514

test data, highlighted with a green background,515

which are disjoint from the training distribution.516

The remaining test cases, indicated with a red back-517

ground, are in-domain. Compared with state-of-518

the-art baselines, NaviMaster demonstrates con-519

sistently superior performance across the various520

benchmarks, demonstrating strong generalization521

capability and robustness when handling OOD522

datasets. Additionally, compared to models trained523

solely on either GUI or embodied data, our model524

trained on the mix data achieves the highest perfor-525

mance across all test datasets. This demonstrates526

the effectiveness of our collected visual-target tra-527

jectory and unified training framework, which en-528

able strong generalization and competitive perfor-529

mance with a relatively small amount of data.530

Spatial Affordance Prediction. We evaluate531

two types of spatial affordance predicting datasets:532

one is object referring, which involves identifying533

and localizing specific objects within a scene based534

on language descriptions; the other is free space re- 535

ferring, which targets understanding and navigating 536

to spatial regions or locations that are not neces- 537

sarily tied to specific objects but are described in 538

language. Table 2 summarizes the average success 539

rate of predicted points falling within the ground- 540

truth mask on the four spatial affordance predic- 541

tion benchmarks. Compared to all baselines, Navi- 542

Master performance best in all spatial affordance 543

prediction tasks. These results demonstrate that 544

NaviMaster’s fine-grained visual–spatial alignment 545

significantly enhances performance in both object- 546

level and free-space referring. 547

Models RoboReflt Where2Place RoboSpatial RefSpatial

GPT-4o 15.28 29.00 5.70 8.40
Qwen2.5VL-7B 3.46 3.00 10.31 3.55
SpaceLLaVA 21.30 11.84 2.50 4.02
RoboPoint-13B 49.82 46.77 19.70 8.40

Ours (w/o Embodied) 67.86 35.05 14.75 16.88
Ours (w/o GUI) 76.23 43.02 19.83 18.19
Ours 77.34 52.97 21.65 19.49

Table 2: Results on spatial affordance prediction.
Embodied Navigation. Since we are the first to 548

train a model capable of generalizing in VLMNav, 549

there are no prior navigation models trained under 550

VLMNav for direct comparison. We only report 551

our results in Table 3, which reports performance 552

on the ObjectNav benchmark. NaviMaster achieves 553

the highest SR of 33.10% and SPL of 12.60%, rep- 554

resenting a substantial improvement over the base 555

model. Training exclusively on embodied data or 556

GUI data yields slightly lower SR, indicating that 557

the mix training strategy effectively leverages the 558

complementary advantages of both data sources.

Runs SR SPL

Qwen2.5VL-7B 27.23 9.68
RoboPoint 13.01 2.80
SpaceLLaVA 14.98 2.62

Ours (w/o GUI) 31.10 11.20
Ours (w/o Embodied) 31.00 10.05
Ours 33.20 12.60

Table 3: Results on embodied navigation. 559

4.4 Discussions and Analysis 560

For all analysis experiments, we task AC-High/Low 561

as GUI benchmarks and Where2Place, RefSpatial 562
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as Embodied benchmarks. More details and other563

ablation studies can be found in Appendix G.564

Impact of data ratio. We investigate the im-565

pact of varying data mixing ratios on performance566

across the two tasks. As illustrated in Fig. 5a, we567

evaluate four distinct ratios (0:10, 1:9, 3:7 and 5:5)568

and report the average SR on both tasks. The results569

show that overall performance peaks at 5:5 ratio,570

demonstrating that our mixed training approach en-571

hances cross-domain generalization. Notably, even572

with imbalanced mixtures, models trained on mix573

data outperform those trained on a single dataset.574

Advantages of mixing. As stated in the intro-575

duction, to evaluate the visual reasoning enabled576

by our unified-training strategy, we manually con-577

structed a visual-relation benchmark consisting of578

100 instances from the AndroidControl dataset.579

Each instance contains a landmark UI element and580

a final target defined by its spatial relationship to581

that landmark. Importantly, the instructions require582

the model to infer the target location from a rela-583

tional description (e.g., “Click on the 2nd button584

above the PUSH-UPS”) rather than directly nam-585

ing the target. This design compels the model to586

reason over the image instead of merely learning587

a straightforward language-to-pixel mapping. As588

shown in Fig. 5b, the model trained with mix data589

achieves substantially higher accuracy than models590

trained on a single data type and also outperforms591

the existing RFT model with reasoning capabilities.592

Base model. To verify that our improve-593

ments arise from unified training rather than a594

strong base model, we evaluated the framework 595

on Qwen2.5VL-3B (smaller parameter scale) and 596

Qwen2VL-7B (Wang et al., 2024) (less pre-training 597

knowledge). Fig. 4a presents the average success 598

rate for each mode. Here, ‘Ideal’ denotes the av- 599

erage success rates of two specialist models, each 600

trained and evaluated solely within its respective 601

domain (GUI or embodied). Training on mix data 602

consistently outperforms training on single data, 603

regardless of the underlying model. 604

Data scales. We investigate the impact of data 605

scale on our mixture strategy’s performance rela- 606

tive to single-task training. We evaluate two scales, 607

7k and 20k samples, while keeping the same train- 608

ing setting for all models. As shown in Fig. 4b, 609

the mix-data approach consistently outperforms 610

single-task training, demonstrating its benefits in 611

both large-data regimes and relatively few samples. 612

Reward Design. We assess the effectiveness of 613

the proposed grounding dense reward by replacing 614

it with a sparse alternative. Specifically, the thresh- 615

old is set to θ̂d = 20 in the sparse reward setting, 616

whereas θd = 200 is used in the dense reward set- 617

ting. For the sparse reward, if the predicted point’s 618

distance to the ground-truth point is less than θ̂d, 619

the reward is 1; otherwise, it is 0. The results in 620

the left of Fig. 4c show that the model trained with 621

the dense reward consistently outperformed the 622

one trained with the sparse reward. Moreover, the 623

reward curve under dense setting in Fig. 4d rises 624

more rapidly, indicating more efficient training. 625

5 Conclusion 626

We introduce NaviMaster, the first agent unifying 627

GUI and embodied navigation in a single RL frame- 628

work by reformulating both tasks into a visual- 629

target trajectory format. This unification enables 630

joint training and cross-task generalization. We 631

propose a distance-aware dense reward to improve 632

learning efficiency and spatial grounding capabil- 633

ity. Experiments demonstrate NaviMaster achieves 634

superior OOD generalization over prior methods. 635
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Limitations636

While our NaviMaster improves the performance637

of both GUI and embodied navigation tasks signifi-638

cantly, especially in OOD scenes, it still treats GUI639

and embodied navigation as two different tasks.640

Our trajectory dataset lacks any single trajectory641

that interleaves GUI and embodied navigation tasks642

due to the collection difficulty. Future work should643

be constructing a navigation agent that supports in-644

teracting with the GUI and embodied environments645

at the same time.646

Broader Impacts647

The GUI or embodied data may leak personal in-648

formation such as phone number or face. The data649

collection pipeline we proposed will not introduce650

any significant privacy such as personal informa-651

tion. It will not contain any real information as652

all the data source are virtual or from open-source653

datasets.654

The navigation agent will interact with the OS655

system or real-world environments. This will po-656

tentially affect the functioning of the system or take657

risky actions to damage the environment. However,658

all the settings in our experiments are in virtual659

environments or on a monitor. We do not view this660

as a concern.661
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A Prompts for reasoning thought 891

generation 892

Here are our prompts for generating reasoning 893

thoughts. 894

Embodied Thought Generation Prompt

You are a robot in an unfamiliar environment. Now I
want you to give the reason for your action.
Your action can be in the following list:

• Based on the image, predict the optimal
location to move next to finish the task. Use
the coordinates (x, y) (x is the pixel from left
to right and y is the pixel from top to bottom)
to indicate where you want to move to:
{"action_type": "move", "x":
<position in horizontal (width)>, "y":
<position in vertical (height)>}.

• Turn left: {"action_type": "turn_left"}.

• Turn right: {"action_type":
"turn_right"}.

• Turn around: {"action_type":
"turn_around"}.

• Move the camera angle downward:
{"action_type": "look_down"}.

• Based on the image, if you find the target and
the target is close enough, please stop to indi-
cate that you want to stop:
{"action_type": "stop"}.

You will be given the view before you performed
the action (which has a text label "before" on the
bottom right), the action you chose, and the task.
This is the action you performed: <action>
This is the task: <task/question> (the picture and
action is one of the steps to finish the task)
By inspecting the picture and the action performed,
give a brief reason of this step. You should carefully
inspect the environment and give your analysis for
why to do such action rather than other actions.
If moving to a position, explain why moving to that
position based on the current environment. Avoid
generic reasons like “get closer to the target.”
NOTICES:

1. Coordinates are absolute coordinates (a cen-
ter point defined by top-left and bottom-right
coordinates).

2. If the action type is "move", the point will be
labeled as "Next point" in the before image.

3. Remember that you should give the answer
from a first-person perspective and keep it
around 60 words and in a single line.

4. Don’t limit yourself to begin with “I...”. try
any other possible sentence structure(like the
position of exchangeing description and target)
if not influence the meaning."

895

11

https://arxiv.org/abs/2502.09560
https://arxiv.org/abs/2502.09560
https://arxiv.org/abs/2502.09560
https://arxiv.org/abs/2502.09560
https://arxiv.org/abs/2502.09560
https://arxiv.org/abs/2406.10721
https://arxiv.org/abs/2406.10721
https://arxiv.org/abs/2406.10721
https://arxiv.org/abs/2406.10721
https://arxiv.org/abs/2406.10721
https://arxiv.org/abs/2403.02713
https://arxiv.org/abs/2403.02713
https://arxiv.org/abs/2403.02713
https://arxiv.org/abs/2404.16054
https://arxiv.org/abs/2404.16054
https://arxiv.org/abs/2404.16054
https://arxiv.org/abs/2506.02177
https://arxiv.org/abs/2506.02177
https://arxiv.org/abs/2506.02177
https://arxiv.org/abs/2506.02177
https://arxiv.org/abs/2506.02177
https://github.com/hiyouga/EasyR1
https://github.com/hiyouga/EasyR1
https://github.com/hiyouga/EasyR1
https://arxiv.org/abs/2506.04308
https://arxiv.org/abs/2506.04308
https://arxiv.org/abs/2506.04308


GUI Thought Generation Prompt

You are an agent who can operate an Android phone
on behalf of a user. Now I want you to give the reason
for your action.
You will be given the screenshot before you per-
formed the action (which has a text label "before"
on the bottom right), the action you chose (together
with the reason), and the screenshot after the action
was performed (which has a text label "after" on the
bottom right).
This is the action you picked: <q_text>
This is the task: <task> (The screenshots and action
are one of the steps to finish the task)
This is the instruction: <instruction> (The in-
struction to solve the task)
This is the related apps: <apps> (Apps in the reason
you output cannot go beyond the range of the app list)
By comparing the two screenshots and the action
performed, give a brief reason of this step. The reason
should include the detailed description for the action
and the target to do so, but avoid any description
related to the after screenshot.
Requirements:

• Use first-person perspective.

• Keep the response around 60 words and in a
single line.

• Do not begin every sentence with "I"; feel free
to vary the structure as long as the meaning
remains clear.

896

B Prompts for training897

Here is our prompts for training NaviMaster.898

Spatial-referring Prompt

Your answer should be formatted as a tuple, i.e.
[x, y], where the tuple contains the x and y co-
ordinates of a point satisfying the conditions above.
Output the thinking process in <think> ...
</think> tags, and the final answer in:
<answer>["action": "moveto", "point": [x,
y]]</answer>
Note: The coordinates should be between the size of
picture, indicating the absolute pixel locations of the
points in the image.
Example:
["action": "moveto", "point": [123, 300]]

899

Navigation Prompt

"You are a Navigation Robot in an unfamiliar
environment. In this photo <image>, the task is
’{text}’, with the history being ’{history}’
You need to use your prior knowledge about where
items are typically located within a home.
Please predict next action to find target item.
Your action can be in the following list:
Basic Action(move to a point on the ground in the
picture):
- Based on the image, predict the optimal location to
move next to finish the task, use the coordinates (x,

900

y)(x is the pixel from left to right and y is the pixel
from top to bottom) to indicate where you want to
move to:
[{"action": "moveto", "point": [x(position
in horizontal(width)), y(position in
vertical(height))]}].
View Adjustment Actions(adjust view as current
photo does not have suitable position):
- Executes a 90-degree rotation to the left from the
current facing direction. Ideal for navigating around
obstacles on the right, aligning with a leftward path,
or adjusting the view to inspect the left side of the
environment. Use this when the task requires a
lateral shift to the left:
[{"action": "turn_left"}].
- Rotates the perspective 90 degrees to the right. This
action is useful when the target object or destination
is positioned on the right, or when you need to
change the direction to follow a rightward route:
[{"action": "turn_right"}].
- Performs a 180-degree rotation, flipping the
orientation to face the opposite direction. This is
valuable for finding a possible way if there is no path
in front of you:
[{"action": "turn_around"}].
- Adjusts the camera view to look downwards,
without physically moving the position. This
is particularly useful for examining details on
the ground, such as identifying objects, reading
markings, or inspecting lower-level structures:
[{"action": "look_down"}].
Stop Action:
- Carefully inspect the environment and judge from
history, if you find your target in your view and has
been close enough for about 1 meter, stop at current
position:
[{"action": "stop"}].
Output the thinking process in <think></think> tags,
and the final answer in <answer></answer> tags as
follows:
<think>... </think> <answer>answer here </answer>
Note: The ’point’ should contain the coordinates
of the next destination. Coordinates are absolute
coordinates(a center point defined by top-left and
bottom-right coordinates). Ensure the predicted
Example:
{"action": "moveto", "point": [123, 300]}

901

GUI Prompt

A conversation between User and Assistant. The user
asks a question, and the Assistant solves it step by
step. The assistant first thinks about the reasoning
process in the mind and then provides the user with
the answer.
At each step, you will be given the current screenshot
and the history of the conversation (include
screenshot and action in each step). Based on these
pieces of information and the goal, you must give
the whole content of what you think and then choose
to perform one of the actions in the following list
(action description followed by the JSON format)
by outputting the action in the correct JSON format.
Click/tap on an element on the screen. We have
defined the width and height of the screenshot, use
the coordinates (x, y) (x is the pixel from left to right

902
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and y is the pixel from top to bottom) to indicate
which element you want to click, both x and y are
integers:
[{"action": "click", "point": [x(position
in horizontal(width)), y(position in
vertical(height))]}]
Long press on an element on the screen, similar with
the click action above, use the coordinates (x, y) to
indicate which element you want to long press:
[{"action": "long_press", "point":
[x(position in horizontal(width)),
y(position in vertical(height))]}]
Type text into a text field (this action contains
clicking on the target field, typing in the text and
pressing the enter), use the coordinates (x, y) to
indicate which element you want to click, both x and
y are integers:
[{"action": "input_text", "text":
<text_input>, "point": [x(position
in horizontal(width)), y(position in
vertical(height))]}]
Navigate to the home screen:
[{"action": "navigate_home"}]
Navigate back:
[{"action": "navigate_back"}]
Scroll the screen or a scrollable UI element from
start point to end point, use the coordinates (x, y) to
indicate the two points you want to scroll:
[{"action": "scroll", "start_point":
[<start position in horizontal(width)>,
<start position in vertical(height)>],
"end_point": [<end position in
horizontal(width)>, <end position in
vertical(height)>]}]
NOTICES: 1.Coordinates are absolute coordinates
(a center point defined by top-left and bottom-right
coordinates). 2.The reasoning process and answer
are enclosed within <think> . . . </think> and
<answer> . . . </answer> tags, respectively. Exam-
ple:
<think> reasoning process here </think>
<answer>["action": "click", "point": [378,
871]]</answer>

903

C Action Space904

In our trajectory, the action space Agui for GUI905

task is defined as:906

Agui =



CLICK (x, y)

SCROLL [up, down, right, left]

LONGPRESS (x, y)

TYPE [TEXT ] (x, y)

HOME
BACK

(10)907

The action space Aemb for embodied task is defined908

as:909

Aemb =


MOVETO (x, y)

TURN[left, right, around, down]

STOP
(11)910
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Figure 6: Data distribution of GUI-Odyssey

D Training Settings 911

D.1 Training Hyperparameter 912

To ensure the fairness of all comparative and abla- 913

tion experiments, we maintained consistent hyper- 914

parameter settings throughout the training process, 915

as detailed in Table 4.

Hyperparameter Value
learning_rate from 1e-6 to 0
temperature 1.0
num_generations 5
num_train_epochs 3
max_prompt_length 7000
max_response_length 1024
per_device_train_batch_size 4
gradient_accumulation_steps 16
KL coefficient 0.01
Reward coefficients λ1, λ2, λ3 0.1, 1, 1

Table 4: Hyperparameter settings used for all reinforce-
ment learning training.

916

In our implementation, whenever the concate- 917

nated trajectory exceeds 7000 tokens, we iteratively 918

remove the minimum number of oldest steps until 919

the prompt length drops just below the 7000 limit. 920

D.2 Sampling strategy 921

Selection bias could significantly affect the results. 922

To avoid this, our sampling strictly follows the 923

original distribution of GUI-Odyssey. We first com- 924

puted the action-type distribution in the full 173k 925

dataset. As shown in Fig. 6, when sampling the 926

subset, we preserved this distribution, ensuring that 927

the sampled data statistically matches the source 928

dataset. Therefore, no additional bias was intro- 929

duced during the sampling process. 930
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E GUI Benchmark and Metrics Details931

All the GUI benchmark are the test set of open-932

source dataset. The in-domain testing is from our933

GUI data source. We sample 4800 cases to test our934

in-domain performance.935

In GUI task, we follow the settings in OS-Atlas,936

where a correct type prediction is considered accu-937

rate if the predicted action type matches the ground938

truth. For predictions involving grounding, an ac-939

tion is deemed correct if the predicted location falls940

within 14% of the image size relative to the ground941

truth.942

Here, we argue that the metric of Type (the ac-943

curacy of the predicted action type) is unreliable944

due to dataset bias. As shown in Table 5, a naive945

model that predicts all actions as [CLICK] can still946

achieve a high Type prediction accuracy. Despite947

this limitation, we report Type results for complete-948

ness in Table 6.949

Metric AC-High/Low AITW GUIAct-Phone LlamaTouch AITZ

Type 59.7 57.2 58.0 64.4 55.9

Table 5: The bias of action types in testing datasets.

F Embodied Benchmark and Metrics950

Details951

For details of benchmark:952

Where2Place. This benchmark contains 100953

real-world images to evaluate free space referring.954

RoboSpatial. There are three branch in the955

benchmark:“Configuration”, “Context” and “Com-956

patibility”. We take the “Context” branch to test957

free space referring.958

RefSpatial. We take the unseen set of RoboSpa-959

tial. This set comprises 77 samples from the Loca-960

tion/Placement task.961

Roboreflt. We take the testA set of Roboreflt.962

For metrics, we introduce the average success963

rate of predicted points with in the groundtruth964

mask to evaluate the spatial grounding accuracy965

in the spatial referring task. This metric directly966

assesses the model’s ability to accurately localize967

the target based on the natural language descrip-968

tion. For the navigation task, consistent with prior969

works, we utilize Success Rate (SR) and Success970

Rate Weighted by Inverse Path Length (SPL) as our971

metrics. SR measures the percentage of episodes972

that are successfully completed. Here, we set the973

success threshold to 0.3, meaning that stopping974

within this distance from the goal will be consid-975

ered a success. SPL is a measure of navigation976

path efficiency, which quantifies the agent’s perfor- 977

mance by considering both task success and the 978

path efficiency relative to the optimal path. 979

G Detailed Analysis 980

G.1 Statistical Stability and Error Statement 981

Our results are based on multiple runs and are em- 982

pirically stable. All reported results are averaged 983

over multiple trials, and to reduce variance during 984

inference, we set the vLLM (Kwon et al., 2023) 985

temperature to 0. Moreover, the success criteria 986

for our tasks are range-based rather than relying 987

on a single exact output. Therefore, even if model 988

predictions vary slightly due to stochasticity, the 989

evaluation outcome is generally unaffected. 990

G.2 Detailed statistics 991

The detailed results of base model ablation, data 992

scales ablation, data scale ablation and reward de- 993

sign ablation is shown in the Table.7. 994

G.3 Embodied Data Source 995

Our embodied data consists of two parts: one part 996

is derived from the point-based data we construct 997

(trajectory), and the other part is the spatial affor- 998

dance prediction data from RoboPoint (affordance). 999

We evaluate the model when trained on each source 1000

individually and on their union (affordance + tra- 1001

jectory). As shown in the Table.7, Navimaster- 1002

robopoint the embodied data source only from af- 1003

fordance data. Navimaster-navi represents model 1004

embodied data are only from trajectory. Results 1005

show that combining both sources under an equal 1006

total data volume yields the best training perfor- 1007

mance. 1008

G.4 Data Usage 1009

Regarding dataset utilization, there are primarily 1010

two strategies. One is to mix different types of data 1011

into a single training phase (Mix). The other is to 1012

adopt a multi-stage schedule, with each stage fo- 1013

cusing on one specific task or subset of data (GUI- 1014

Embodied or Embodied-GUI). Details were shown 1015

in the Table.7, Navimaster-1gui2embodied means 1016

training on GUI data at stage 1 and then on embod- 1017

ied data for stage 2. Navimaster-1embodied2gui 1018

represents model trained on embodied data first and 1019

then on GUI data. The average results shown in 1020

Fig. 7, the mix training strategy generally outper- 1021

forms the two-stage training strategy across various 1022

benchmarks. This suggests that training with mix 1023
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AC-Low AC-High AITW GuiAct-P Llamatouch AITZ GuiAct-W OmniAct-W OmniAct-D Odyssey

Ours (w/o Embodied) 81.16 69.50 71.47 71.10 88.21 64.25 91.21 95.25 95.79 78.54
Ours (w/o GUI) 80.47 71.45 53.15 51.44 90.15 45.29 83.62 93.82 90.15 71.30
Ours 81.08 73.88 67.47 68.71 86.38 61.79 92.13 94.06 95.62 77.51

Table 6: TYPE results on different GUI tasks.

Models AC-High AC-Low Where2Place RefSpatial

Qwen2.5VL-3B 64.57/34.43 85.58/58.78 2.96 3.36
Navimaster-3B 66.02/45.26 79.85/60.41 14.83 15.59
Navimaster-3B(w/o GUI) 45.89/28.75 75.21/56.25 7.00 7.79
Navimaster-3B(w/o Embodied) 45.89/28.75 75.21/56.25 7.00 7.79
Qwen2VL-7B 19.11/2.30 17.98/7.24 3.00 1.30
Navimaster-qwen2vl 24.18/14.43 31.54/18.81 22.95 7.79
Navimaster-qwen2vl(w/o GUI) 19.37/13.04 26.46/15.71 15.98 9.09
Navimaster-qwen2vl(w/o Embodied) 23.53/13.87 30.65/18.74 15.01 1.30
Navimaster-7k 76.90/52.66 93.85/70.41 41.07 18.19
Navimaster-7k(w/o GUI) 26.86/29.06 77.78/63.37 44.94 15.08
Navimaster-7k(w/o Embodied) 74.83/52.34 94.13/69.48 37.73 14.28
Navimaster-1gui2embodied 74.87/54.83 94.19/70.09 47.77 18.82
Navimaster-1embodied2gui 74.55/54.73 93.64/71.04 47.97 19.21
Navimaster-hardreward 76.19/54.07 92.56/68.39 44.01 14.28
Navimaster-robopoint 73.32/52.34 93.94/68.94 52.04 19.67
Navimaster-navi 73.64/52.44 93.90/69.37 47.99 16.49
Navimaster-1_1_1 75.03/53.20 94.20/69.31 49.96 20.14
Navimaster-0.1_1_2 77.33/54.98 93.70/69.19 47.06 22.14
Navimaster-0.1_2_1 76.04/54.10 94.06/70.72 46.06 23.34

Table 7: Detailed Statistics

46 47 48 49 50 51
AVG SR (%)

49.5

48.2

47.9
Gui-Embodied
Embodied-Gui
Mix

Figure 7: Performance of different data usage strategies.

data in a single phase enables the model to exploit1024

complementary information effectively.1025

G.5 Hyperparameters1026

The ablation on hyperparameters focuses on the1027

three reward weights, λ1, λ2, and λ3. We con-1028

ducted three additional experiments with config-1029

urations different from the main setup: NaviMas-1030

ter_0.1_1_2 (λ1 = 0.1, λ2 = 1, λ3 = 2), Navi-1031

Master_0.1_2_1 (λ1 = 0.1, λ2 = 2, λ3 = 1), and1032

NaviMaster_1_1_1 (λ1 = 1, λ2 = 1, λ3 = 1). As1033

shown in Table 7, the configuration used in our1034

main experiments achieves the best overall perfor-1035

mance among these variants.1036

G.6 Reward Components1037

We attribute the performance improvements to1038

gains in both navigation accuracy and instruction1039

adherence. To decouple these factors, we provide 1040

the reward components ablation study in Table 8. 1041

It shows that removing the format or type reward 1042

leads to a drop (1–2 points) across all navigation 1043

benchmarks.

Reward AC-High AC-Low Where2Place RefSpatial

NaviMaster 55.89 69.46 52.97 19.49
w/o format reward 54.02 68.95 52.02 20.77
w/o type reward 55.66 70.60 48.99 18.18

Table 8: Ablation of Reward Components

1044

H Discussion of Threshold 1045

H.1 Standardized High Resolution 1046

We did not use low-resolution images (e.g., 224× 1047

224 or 480× 640) for embodied observations. In- 1048

stead, we maintained a high-resolution standard: 1049

the minimum GUI resolution is 1280 × 720, and 1050

all embodied observations are uniformly resized 1051

to 1980 × 1080. This decision was deliberate, as 1052

prior works have shown that using high-resolution 1053

images during training and inference significantly 1054

enhances the model’s crucial grounding capability. 1055

H.2 Rationale for Absolute Threshold 1056

We chose an absolute threshold over a relative one 1057

to prevent severe reward hacking. If a relative 1058

threshold were used, on larger-resolution images, 1059

the acceptable error range would scale proportion- 1060

ally, making the success condition much easier. 1061

This would lead to many localization-inaccurate 1062

rollouts being incorrectly deemed "successful", 1063

which would seriously mislead the model’s train- 1064

ing process.The absolute threshold of 200 pixels 1065

avoids this issue, ensuring that only highly accu- 1066

rate samples receive a positive reward, thereby pre- 1067

venting incorrect samples from skewing the train- 1068

ing, even if it makes successful rollouts marginally 1069

more challenging on high-resolution data. 1070

H.3 Alignment with Established Metrics 1071

Furthermore, the θd = 200 pixels threshold is not
arbitrary; it is consistent with widely accepted eval-
uation metrics in the GUI community. Success in
GUI tasks is commonly judged by whether the pre-
dicted action is within a certain area (e.g., 14%) of
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the ground truth. Given our minimum resolution of
1280× 720, a 200-pixel radius circle aligns almost
perfectly with this standard:

π × (2002)/(1280× 720) ≈ 14%

H.4 Training with relative threshold1072

We are prepared to conduct additional experiments1073

using a relative threshold for reward definition.1074

Specifically, we would normalize the model pre-1075

diction and ground truth to a 0 − 1000 range and1076

set the reward threshold to 140 for training. The1077

Table 9 shows the advantage of an absolute reward1078

threshold.

threshold AC-High AC-Low Where2Place RefSpatial

absolute 55.89 69.46 52.97 19.49
relative 53.61 67.56 51.99 18.48

Table 9: Comparison of relative and absolute threshold
1079

H.5 Ablation of threshold θd1080

We provide experiments in Table 10, which evalu-1081

ates different distance thresholds to further validate1082

the robustness of our formulation.

θd AC-High AC-Low Where2Place RefSpatial

100 pixel 55.06 69.85 48.88 19.48
200 pixel 55.89 69.46 52.97 19.49
300 pixel 55.77 69.60 48.14 16.88
400 pixel 53.61 68.58 51.06 16.68

Table 10: Ablation of threshold θd

1083

H.6 Ablation of threshold θh1084

We clarify that the introduction of depth into the1085

reward signal is primarily intended for robustness,1086

not for a direct enhancement of policy performance,1087

thereby reducing the reliance on sensor priors as1088

the main source of improvement. If the reward1089

were based purely on 2D distance from the image1090

projection, it would fail in corner cases—for exam-1091

ple, when an object far away and an object nearby1092

appear spatially aligned and close in the 2D im-1093

age. Such misleading 2D calculations necessitate1094

the introduction of depth to compute the true 3D1095

distance, ensuring a robust and accurate proxim-1096

ity reward signal. We have conducted an ablation1097

study on the effect of the depth signal on the over-1098

all performance in Table 11. These results confirm1099

that the presence of the depth signal does not lead1100

to a significant performance boost (it is not a pri-1101

mary source of gain). However, setting an overly1102

strict depth threshold (θh) severely limits the re-1103

ward availability and degrades performance, which1104

θh AC-High AC-Low Where2Place RefSpatial

w/o θh 55.09 69.46 52.16 19.49
0.1 m 51.56 67.98 36.84 16.88
1 m 55.89 69.46 52.97 19.49
10 m 55.89 69.46 52.97 19.49

Table 11: Ablation of threshold θh

supports our claim that depth’s role is to ensure 1105

robustness by preventing misleading 2D projection 1106

errors, not to artificially inflate the success rate. 1107

I Case Study 1108

Fig. 8 illustrates the spatial referring task, where 1109

the agent must local the coordinates in the image 1110

according to the given instruction. Our case set 1111

comprises three free space referring instances and 1112

one object referring instance. 1113

Fig. 9 illustrates the Embodied Navigation task, 1114

where the agent must follow the instruction to com- 1115

plete an entire navigation episode in Habitat. 1116

Fig. 10 illustrates the AC-High task, where the 1117

agent receives a high-level user instruction and, 1118

based on the history and the current smartphone 1119

screenshot, outputs the action for the current step. 1120

Fig. 11 illustrates the general task, where the agent 1121

receives an user instruction and face both GUI and 1122

embodied environments. It outputs the thoughts 1123

and action for the current step. 1124
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In the image, there is a cup. Pinpoint point within 
the vacant space situated to the right of the cup.

Thought: To locate points in the vacant space to 
the right of the cup, I need to determine a point 
that is entirely to the right of the cup and within 
the designated area mentioned. The cup and the 
wires in front of it create a clear boundary for the 
vacant space of interest. Visually, the area to the 
right of the cup forms a rectangular space, and I 
can identify points within this space.

Action: MOVETO (1322, 1141)

Please point out the object between the white 
box and the farthest black pot.

Thought: The question asks for the object 
between the white box and the farthest black pot. 
The white box is located on the left side, and the 
farthest black pot appears to be on the right side, 
further back in the image. The object between 
these two is the blurry object in the middle, which 
appears to be a kitchen appliance or container

Action: MOVETO (123, 58)

Locate one spot within the vacant area that is 
in front of the teal bowl.

Thought: The teal bowl is located towards the right 
side of the image. There is a vacant area in front of 
the teal bowl, which is the space between the bowl 
and the edge of the countertop. I need to identify 
one point within this vacant area. 

Action: MOVETO (539, 340)

Thought: The green dinosaur model is located on 
the left side of the chair, below the teddy bear and to 
the left of the two plastic cones.

Action: MOVETO (237, 276)

Grab the green dinosaur model

Figure 8: Case studies in RefSpatial, RoboSpatial, RoboReflt and Where2Place.
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Navigate to the nearest sofa

Thought: From the image, I can see a wooden floor, a dining area with a table and chairs, a wall 
with a window and blinds, a door, and a room in the background. The dining area is likely near 
the central area of the house, and sofas are typically found in living rooms, which can be 
inferred from the hallway leading to the dining area. Since I see the dining area and a hallway 
leading further, I would guess that the living room is likely the next room, which may contain 
the sofa. The sofas are usually found in living rooms, not dining rooms or entrances. To get to 
the nearest sofa, I should proceed down the hallway, as the living room area is presumably the 
next room. I should avoid taking the actions that lead through closed doors or into areas that 
would take me away from the living room. The path to the living room is indicated by the 
hallway directly ahead, and I should move towards that direction. The labeled action that aligns 
with moving further down the hallway goes to position 2. 
Action: MOVETO ②

Thought: In your observation, you can see a hallway with a couch and other pieces of furniture 
in the room ahead. The red arrow labeled 1 points to a chair, and the red arrow labeled 2 points 
to a general area near what appears to be the edge of the room, possibly a wall or corner. Since 
the task is to navigate to the nearest sofa, I should head towards the area labeled 1, as it is closer 
to the room with the sofa. The action that achieves this goal best is to move forward in the 
direction of the labeled 1.

Action: MOVETO ①

Thought: In the image, there is a living room area visible with a sofa on the right side. The sofa 
appears to be made of fabric and is partially covered with a blanket or throw. The red arrows and 
numbers in the image are pointing to different areas, but the sofa is clearly visible and within 
proximity of the highlighted area. Based on the visual information, the sofa is to the right of the 
robot's current position. The red arrow labeled "4" points closest to the sofa, indicating the 
direction to go for the best approach. Therefore, the robot should navigate to the right to get 
closer to the sofa.

Action: MOVETO ④

Thought: Based on the image, I see an indoor scene with a sitting area in the background. There 
are several pieces of furniture visible, but the couch is not immediately in view. The red arrow 
labeled '1' points towards the living area where the couch is likely to be located. The other text 
instructs me to turn around, which I will do to face the living area where the couch is 
presumably located.To achieve the task of navigating to the nearest sofa, the best action would 
be to move in the direction pointed towards by the red arrow labeled '1'. This corresponds to 
moving forward into the living area.

Action: MOVETO ①

Thought: In the observation, the room contains a sofa on the left side near the entrance, a table 
with framed pictures, and a dining table on the right. The sofa is the closest visible piece of 
furniture to the entrance. To navigate to the nearest sofa and get as close to it as possible, I 
should move towards the left side of the image.The action labeled as 1 is the one that 
corresponds to the sofa's location. Therefore, taking action 1 will lead me towards the sofa.

Action: MOVETO ①

Thought: In the image, I see a living room with a section of a sofa on the right. The sofa is 
partially visible, and it's covered with a blanket and some pillows. The room has a window with 
blinds, a small table in the center, and some wall decor. The area is spacious and well-lit with 
natural light. The action arrows indicate possible movement paths, but since we are looking for 
the nearest sofa, let's focus on area 3 and 4.Action 4 seems to be leading towards the sofa, 
making it the best choice for approaching the nearest sofa. Therefore, my response is: {'action': 
4}.This action will take me towards the nearest sofa.

Action: MOVETO ④

Figure 9: Case study in ObjectNav.
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Thought: Since the Omio 
app is not visible on the 
home screen, I need to open 
the app drawer or search for 
the Omio app to proceed 
with the task of searching 
for a flight.

I want to search for a flight to Oxford, United Kingdom from Rotterdam for 
a vacation on the Omio app for the 13th of December.

Step1
Thought: The current 
screen shows the departure 
city as Rotterdam and the 
destination city as Oxford, 
so no changes are needed in 
these fields. The next 
logical step would be to 
initiate the search by 
clicking the 'Search Omio' 
button.

Thought: Since I need 
to search for a flight 
from Rotterdam to 
Oxford, my next step 
should be to type 
'Rotterdam' as the 
departure city in the 
search bar.

Step2 Step3 Step4

Thought: Since my 
goal is to book a flight 
from Rotterdam to 
Oxford, I need to select 
'Rotterdam Netherlands' 
as the departure location 
to ensure the search 
results are accurate for 
flights departing from 
the correct city.

Thought: Since the 
departure location is already 
set to Rotterdam, I need to 
confirm the arrival location 
as Oxford, United Kingdom 
to proceed with the search 
for flights

Step5
Thought: I need to enter 
the arrival city as 'Oxford' 
for the flight search, I 
should type 'Oxford' in 
the text box provided.

Thought: I need to select 
the correct suggestion 
that matches this 
destination. The 'Oxford 
United Kingdom', which 
seems to be the correct 
choice for my query.

Thought: Since all the 
necessary details for the 
trip are entered correctly, I 
need to initiate the search 
to view available flights.

Step6 Step7 Step8

Action: OPENAPP [Omio]

Action: CLICK (546, 1474)

Action: TYPE [Oxford]

Action: CLICK (546, 527)

Action: CLICK (587, 986)

Action: TYPE [Rotterdam]

Action: CLICK (387,526)

Action: CLICK (546, 1474)

Figure 10: Case study in AC-High.
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Thought: I need to 
open the app drawer 
or search for the 
Chrome app to 
proceed with the task 
of searching for 
pruning bonsai.

Please help me search on the browser for how to prune bonsai and navigate to 
the location of the plant.

Step1

Thought: Now that 
I have entered the 
browser, I need to 
type “knowledge 
about pruning 
bonsai” in the 
search bar in the 
middle.

Thought: Since 
the image shows 
the search results 
for pruning bonsai, 
I have obtained 
the search results, 
and I should end 
the current task. 

Step2 Step3

Step4

Action: OPENAPP
             [Chrome] Action: STOPAction: TYPE 

[knowledge about 
pruning bonsai]   
(182, 153)

Thought: To find the 
nearest plant, I should look 
for a location in the house 
where plants are typically 
kept. As the door appears 
to be closed, it won't allow 
for movement outside. I 
need to navigate back 
inside to search for a plant.
Action: TURN [left]

Thought: In the image, I see 
a kitchen area with white 
cabinets and a wooden floor. 
The plant is not visible in the 
immediate area, the best 
course of action is to move 
towards the corridor
Action: MOVETO (562, 473)

Thought: In the image, I 
observe a kitchen area and 
a living room. There are no 
plants in the immediate 
kitchen area. I need to 
move to living room, 
where a plant is more 
likely to be located.

Step5

Step6

Action: MOVETO (792, 460)

Thought: In the image, I 
see a living room with a 
sofa, a coffee table, and a 
painting of a horse on the 
wall. There are no visible 
plants in the image. To 
find the plant, I should 
move in the general 
direction of the dining area.
Action: MOVETO (240, 638)

Step7

Step8

Thought: There's a plant 
with tall dried stalks 
standing near the corner of 
the dining area, closer to 
the wall.To get as close as 
possible to the plant, I 
should move towards the 
dining area as it is the 
closest direction with a 
clear path to the plant.

Action: MOVETO (673, 541)

Thought: The image 
shows a close-up of a plant 
with long, thin leaves. The 
plant appears to be very 
close to the camera. I have 
finished the task.
Action: STOP

Step9

Figure 11: Case study in general task.
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