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Abstract001

We introduce Goal-Conditioned Visual Navi-002
gation Instruction Generation (GoViG), a new003
task that aims to generate contextually coherent004
navigation instructions solely from egocentric005
visual observations of initial and goal states.006
Unlike prior work relying on structured inputs,007
such as semantic annotations or environmen-008
tal maps, GoViG exclusively leverages raw009
egocentric visual data, improving adaptabil-010
ity to unseen and unstructured environments.011
Our method addresses this task by decompos-012
ing it into two interconnected subtasks: (1)013
navigation visualization, predicting intermedi-014
ate visual states bridging the initial and goal015
views; and (2) instruction generation, synthesiz-016
ing coherent instructions grounded in observed017
and anticipated visuals. Both subtasks are in-018
tegrated within an autoregressive multimodal019
LLM trained with tailored objectives to ensure020
spatial accuracy and linguistic clarity. Further-021
more, we introduce two multimodal reasoning022
strategies, one-pass and interleaved reasoning,023
to mimic incremental human navigation cogni-024
tion. To comprehensively evaluate our method,025
we propose the R2R-Goal dataset, combining026
diverse synthetic and real-world trajectories.027
Empirical results demonstrate significant per-028
formance improvements over state-of-the-art029
methods in BLEU-4 and CIDEr scores along030
with robust cross-domain generalization.031

1 Introduction032

Generating natural language navigation instruc-033

tions from egocentric visual observations remains034

a critical yet underexplored area within embod-035

ied AI. While Vision-and-Language Navigation036

(VLN) research has largely focused on language037

grounding, training agents to interpret and execute038

human instructions (Anderson et al., 2018; Fried039

et al., 2018), the inverse challenge of instruction040

generation is relatively understudied. Effective041

instruction generation is crucial for practical ap-042

plications such as aiding visually impaired users,043
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Figure 1: (a) Goal-Conditioned Visual Navigation Instruction
Generation (GoViG): generating instructions from egocentric
initial and goal views. (b) Results on the R2R-Goal dataset.
(c) Zero-shot generalization to real-world scenarios.

facilitating seamless human-agent collaboration, 044

and guiding navigation in hazardous or unfamiliar 045

environments (Zhang et al., 2024). 046

Current methods for instruction generation pre- 047

dominantly depend on privileged inputs, includ- 048

ing semantic maps, landmark annotations, and 049

panoramic views, limiting their applicability be- 050

yond controlled and structured scenarios (Fan et al., 051

2024; Wang et al., 2023; Kong et al., 2024). Al- 052

ternatively, some approaches simplify visual data 053

into textual summaries, inadvertently discarding 054

essential spatial and semantic information intrinsic 055

to raw visual observations (Fan et al., 2024; Wang 056

et al., 2022b; Zeng et al., 2023). Such oversimplifi- 057

cations impede an agent’s capability for accurate 058

reasoning and generalization in novel contexts. 059

Recent advancements in multimodal large lan- 060

guage models (MLLMs), such as LLaVA (Liu 061

et al., 2023), GPT-4o (Hurst et al., 2024), and Gem- 062

ini (Google, 2024; Comanici et al., 2025), have 063

demonstrated remarkable proficiency in vision- 064

language tasks. Nevertheless, these models gen- 065

erally lack explicit mechanisms for coherent visual 066

forecasting and seldom incorporate iterative men- 067

tal simulation strategies utilized by humans during 068
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route planning (Chen et al., 2023; Zhang et al.,069

2023). Consequently, instructions generated by070

existing MLLMs frequently suffer from a lack of071

contextual precision and temporal consistency.072

To address these limitations, we introduce Goal-073

Conditioned Visual Navigation Instruction Gener-074

ation (GoViG), a novel task aiming to generate075

precise and contextually coherent navigation in-076

structions using only egocentric visual observations077

from initial and goal viewpoints (Fig.1(a)). Unlike078

previous approaches, GoViG entirely eliminates079

reliance on privileged inputs, significantly enhanc-080

ing the method’s generalization capability across081

diverse and unseen environments (Fig.1(b)-(c)).082

Our approach systematically decomposes083

GoViG into two complementary subtasks: (1)084

Navigation Visualization, predicting intermediate085

visual states to bridge initial and goal observations;086

and (2) Instruction Generation with Visual Cues,087

synthesizing instructions grounded in observed088

and forecasted visual cues (Fig. 2(a)). Both are089

integrated within an autoregressive MLLM, guided090

by carefully designed training objectives: a Token091

Discrepancy Loss, which promotes accurate092

visual predictions, and a Label Smoothing Loss,093

enhancing semantic robustness and linguistic094

fluency. This methodological synergy aligns095

closely with human spatial cognition, fostering096

robust and adaptable instruction generation.097

Furthermore, we propose two multimodal rea-098

soning strategies during inference: One-Pass Mul-099

timodal Reasoning, leveraging global visual con-100

text for structured scenarios; and Interleaved Multi-101

modal Reasoning, iteratively refining visual predic-102

tions and linguistic instructions to emulate human103

adaptive navigation under uncertainty (Fig. 2(b)).104

These strategies enhance spatial accuracy, linguis-105

tic coherence and cross-domain generalization.106

We extensively evaluate GoViG on the proposed107

R2R-Goal dataset, integrating synthetic trajecto-108

ries from R2R-CE (Krantz et al., 2020) and HA-109

R2R (Dong et al., 2025) with real-world egocentric110

videos from GO Stanford (Hirose et al., 2018), Re-111

Con (Shah et al., 2021), and HuRoN (Hirose et al.,112

2023), each meticulously annotated with natural113

language instructions. Our interleaved reasoning114

strategy achieves superior performance with BLEU-115

4 (0.32) and CIDEr (0.20) scores on validation (Ta-116

ble 1). Moreover, it attains a BLEU-4 of 0.27 in117

zero-shot cross-domain evaluations (Table 5), un-118

derscoring robust generalization capabilities.119

Our contributions can be summarized as follows:120

1. We formally propose Goal-Conditioned Visual 121

Navigation Instruction Generation (GoViG), a 122

new task generating precise navigation instruc- 123

tions solely from egocentric initial and goal ob- 124

servations, without privileged inputs (Sec. 3.1). 125

2. We systematically decompose GoViG into two 126

subtasks: Navigation Visualization and Instruc- 127

tion Generation with Visual Cues, and integrate 128

them within a unified autoregressive MLLM opti- 129

mized with tailored training objectives (Sec. 3.3). 130

3. We introduce and evaluate two multimodal rea- 131

soning strategies (One-Pass and Interleaved) de- 132

signed to enhance spatial accuracy and linguistic 133

coherence through global and iterative visual- 134

linguistic reasoning (Sec. 3.4). 135

4. We release the R2R-Goal dataset, a comprehen- 136

sive benchmark combining synthetic and real- 137

world navigation scenarios. Extensive empiri- 138

cal evaluations validate our method’s superior 139

instruction generation performance and robust 140

cross-domain generalization (Secs. 3.2, 4). 141

2 Related Work 142

2.1 Navigation Instruction Generation 143

Navigation instruction generation originates from 144

cognitive science research examining human spa- 145

tial cognition and culturally influenced route de- 146

scriptions (Lynch, 1964; Allen, 1997; Vanetti and 147

Allen, 1988; Hund and Minarik, 2006). Recent 148

advancements in VLN have renewed interest in 149

instruction generation, primarily for data augmen- 150

tation (Anderson et al., 2018; Zhang et al., 2024). 151

Early computational approaches, such as Speaker- 152

Follower (Fried et al., 2018), employed recurrent 153

neural networks to generate instructions. Subse- 154

quent methods (Tan et al., 2019; Wang et al., 2022a, 155

2025b) enhanced instruction quality but continued 156

relying on structured inputs, such as semantic an- 157

notations, panoramic images, and environmental 158

maps (Fan et al., 2024, 2025; Gopinathan et al., 159

2024; Zeng et al., 2023; Cui et al., 2025; Yan et al., 160

2024; Zhao et al., 2025; Wang et al., 2025a), limit- 161

ing their generalization to novel scenarios. 162

Moreover, contemporary approaches often pre- 163

process visual inputs into intermediate representa- 164

tions, such as landmarks or commonsense knowl- 165

edge, unintentionally discarding critical spatial 166

and semantic details inherent to raw visual ob- 167

servations (Kong et al., 2024; Cui et al., 2025; 168

Gopinathan et al., 2024; Zeng et al., 2023; Wang 169
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Figure 2: Overview of our approach to Goal-Conditioned Visual Navigation Instruction Generation (GoViG): (a) An
autoregressive MLLM integrates Navigation Visualization and Instruction Generation subtasks via tailored training objectives.
(b) Two inference-time multimodal reasoning strategies: One-pass and Interleaved, which enable coherent visual forecasting and
instruction synthesis. The context size is set to one for clarity. [Zoom in for details.]

et al., 2025a). In contrast, our method explic-170

itly leverages raw egocentric visual observations171

through multimodal reasoning strategies, One-Pass172

and Interleaved, to directly embed visual cognition173

into the instruction generation process. Further de-174

tailed comparisons are provided in the Appendix.175

2.2 Multimodal Reasoning176

Recent multimodal large language models177

(MLLMs) (Yang et al., 2023a; Anthropic, 2024;178

Google, 2024; Comanici et al., 2025) have ad-179

vanced visual-textual understanding significantly.180

Models like LLaVA (Liu et al., 2023), BLIP-2 (Li181

et al., 2023b), and VideoChat (Li et al., 2023c)182

excel at multimodal comprehension, while gen-183

erative frameworks (Hong et al., 2022; Henschel184

et al., 2024), have enhanced video synthesis.185

Integrated architectures such as GPT-4o (Hurst186

et al., 2024) further showcase sophisticated multi-187

modal reasoning. Concurrently, Chain-of-Thought188

(CoT) reasoning (Wei et al., 2022) has emerged as189

essential within multimodal reasoning frameworks.190

Foundational methods (Chen et al., 2023; Zhang191

et al., 2023) structured reasoning explicitly around192

visual data. Subsequent research (Wei et al., 2024;193

Li et al., 2023a; Zhao et al., 2023)) extended194

CoT reasoning to zero-shot video understanding195

and egocentric activities. Recent studies (Shao196

et al., 2024; Zhou et al., 2024; Wu et al., 2024)197

advocate spatially coherent visual-textual infer-198

ence. Inspired by these advances, our method 199

integrates visualization and CoT-based linguistic 200

reasoning, enabling coherent navigation instruction 201

generation directly from egocentric visuals. 202

3 Methodology 203

3.1 Task Overview & Multimodal Reasoning 204

Task Formulation. We define Goal-Conditioned 205

Visual Navigation Instruction Generation (GoViG) 206

as the task of generating coherent natural language 207

instructions to guide an agent towards a speci- 208

fied goal using solely egocentric visual observa- 209

tions. Specifically, given an initial visual sequence 210

O = {o1, o2, . . . , on} and a goal observation og, 211

where each oi, og ∈ RH×W×3 denotes an RGB 212

egocentric image, the objective is to produce an 213

accurate navigation instruction I that clearly delin- 214

eates the necessary steps for reaching the goal. To 215

systematically approach this task, we decompose it 216

into two interconnected subtasks: 217

• Navigation Visualization. Given a partial visual 218

observation sequence OV = {o1, o2, . . . , ok} 219

and the goal observation og, the model predicts 220

the next visual observation ok+1, incrementally 221

bridging the gap between the initial and goal 222

states through visual imagination. 223

• Instruction Generation with Visual Cues. 224

Given a visual sequence OI = {o1, o2, . . . , om} 225

(where typically m = k + 1), the goal observa- 226
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tion og, and optionally an intermediate instruc-227

tion Iprev, the model generates a coherent, con-228

textually grounded instruction I that articulates229

the sequential navigation steps towards the goal.230

To facilitate training, we implement an autoregres-231

sive MLLM as illustrated in Fig. 2(a), with tailored232

loss functions specifically designed for each sub-233

task. We present the detailed model architecture234

and training procedures in Sec. 3.3.235

Multimodal Reasoning. Unlike conventional ap-236

proaches that directly translate visual inputs into237

textual instructions, our framework explicitly inte-238

grates structured visual reasoning to improve ro-239

bustness and generalization. Specifically, we intro-240

duce two distinct multimodal reasoning strategies,241

illustrated in Fig. 2(b) and detailed in Sec. 3.4:242

• One-Pass Multimodal Reasoning. Given an ini-243

tial visual sequence Oinit = {o1, . . . , ok} and a244

goal observation og, the model forecasts a com-245

plete trajectory Ô = {ôk+1, . . . , ôk+t} toward246

the goal. Subsequently, the navigation instruc-247

tion I is generated from selected representative248

frames in Ô, emphasizing holistic spatial context249

and global scene awareness.250

• Interleaved Multimodal Reasoning. Starting251

from initial observations Oinit, the model itera-252

tively alternates between forecasting next visual253

observation ôk+t and incrementally updating cor-254

responding instruction It. This approach closely255

mimics incremental human cognitive processes,256

ensuring precise alignment between visual per-257

ception and linguistic instruction generation.258

Unlike conventional techniques relying on explicit259

coordinates, action labels, or semantic maps, our260

approach solely employs egocentric visual observa-261

tions, enabling enhanced generalization to diverse,262

unknown environments and laying the groundwork263

for cross-domain applications.264

3.2 Construction of the R2R-Goal Dataset265

To support GoViG task, we introduce R2R-Goal266

dataset. This dataset integrates language instruc-267

tions from existing R2R-CE (Krantz et al., 2020)268

and HA-R2R (Dong et al., 2025; Li et al., 2024)269

datasets and incorporates first-person observations270

from GO Stanford (Hirose et al., 2018), Re-271

Con (Shah et al., 2021) and HuRoN (Hirose et al.,272

2023) datasets as a dedicated real-world test subset.273

To leverage R2R-CE and HA-R2R, we generate274

egocentric observation sequences and correspond-275

ing navigation paths using an A*-based heuristic276

Figure 3: R2R-Goal dataset statistics: (left) Distribution
of trajectory lengths across training, validation and test splits;
(right) Top 20 scene categories ranked by frequency, showcas-
ing coverage of diverse indoor and outdoor environments.

search in the HA-VLN simulator (Dong et al., 277

2025), using Qwen-VL-2.5 (Bai et al., 2025) to 278

segment both visual observation and correspond- 279

ing instructions into semantically coherent sub- 280

scenes. All trajectory-instruction pairs are man- 281

ually reviewed to verify spatial coherence and se- 282

mantic alignment. Misaligned or ambiguous pairs 283

are corrected or removed. This human-in-the-loop 284

validation ensures diverse, high-quality navigation 285

patterns. As a result, this part of the R2R-Goal 286

dataset consists of 74,737 trajectories, partitioned 287

into training (48,490), validation_seen (3,573), val- 288

idation_unseen (8,361), and testing (14,313) splits, 289

with detailed statistics presented in Fig. 3. 290

For the real-world subset, we apply the same 291

segmentation strategy to observation sequences ob- 292

tained from the GO Stanford, ReCon, and HuRoN 293

datasets. We then manually annotate a total of 1080 294

trajectories with corresponding natural language 295

navigation instructions. Each trajectory in R2R- 296

Goal retains an initial sequence of six egocentric 297

observations and a final goal observation. These 298

visual sequences, combined with the corresponding 299

navigation instructions, constitute the inputs for our 300

proposed task. Additional dataset construction and 301

annotation details are included in the Appendix. 302

3.3 Autoregressive MLLM Training 303

To integrate visual and linguistic reasoning within 304

a unified framework, we employ an autoregressive 305

multimodal Transformer based on the Chameleon 306

architecture (Team, 2024). This design simulta- 307

neously addresses two complementary subtasks: 308

Navigation Visualization and Instruction Genera- 309

tion with Visual Cues as illustrated in Fig. 2(a) and 310

detailed in Fig. 7, facilitating shared representation 311

learning and robust multimodal interaction. 312

Data Preparation & Prompt Design. We con- 313

struct training samples by pairing egocentric RGB 314
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image sequences with natural language navigation315

instructions. Each trajectory generates two types of316

training instances: (1) Navigation Visualization:317

each instance consists of a sequence of k preceding318

visual frames alongside the goal frame, with the319

task being to predict the next frame. Visual obser-320

vations are denoted by <image> tokens in multi-321

modal prompts, with multiple samples extracted322

via a sliding temporal window. (2) Instruction323

Generation with Visual Cues: inputs consist of324

the initial frame, goal frame, and up to m− 1 inter-325

mediate frames, embedded within an image prompt.326

The associated ground-truth instruction serves as327

the prediction target. Samples from both subtasks328

are interleaved in batches for joint optimization us-329

ing a unified Transformer model. Prompt examples330

are provided in the Appendix.331

Multimodal Tokenization. To effectively inte-332

grate visual and textual modalities, our model em-333

ploys two specialized tokenizers. The first is a334

vector-quantized (VQ) image tokenizer derived335

from (Team, 2024), discretizing images into se-336

quences of visual tokens via a learned embedding337

codebook. The second is an optimized byte-pair338

encoding (BPE) tokenizer, following (Team, 2024;339

Tan et al., 2019), converting textual navigation in-340

structions into discrete token sequences. Visual341

and textual token sequences are concatenated and342

jointly processed by a causal Transformer, promot-343

ing coherent multimodal representations.344

Subtask-Specific Training Objectives. To opti-345

mize our model for distinct characteristics of each346

subtask, we introduce tailored training objectives.347

At each iteration, our autoregressive MLLM jointly348

processes samples from either the navigation visual-349

ization or instruction generation subtask, producing350

logits across the unified vocabulary. The subtask-351

specific loss functions are detailed as follows:352

To construct navigation visualization loss, we353

utilize Token Discrepancy Loss (Li et al., 2025) to354

encourage accurate visual forecasting. Given the355

ground-truth visual embedding embi for token i356

(out of total n tokens in current image) and visual357

codebook embeddings C = {emb1, . . . , embN}358

where N denotes the total number of visual token359

vocabulary, the loss is computed as:360

Lvis =
∑n

i=1
MSE(embi, C) · P (ti), (1)361

where MSE(embi, C) ∈ R1×N is similarity vector362

containing distances between embi and all code-363

book entries.P (ti)∈R1×Ndenotes predicted proba-364

bility distribution for visual tokens at position i.365

For instruction generation loss design, we apply 366

a label smoothing cross-entropy loss. Let yi denote 367

the ground-truth text token at position i in the target 368

instruction sequence, the loss is defined as: 369

Lins = −
∑

i

∑
v∈V

qv(yi) logPv(yi), (2) 370

where Pv(yi) is predicted probability for token v at 371

position i, and qv(yi) represents smoothed distribu- 372

tion around yi within text vocabulary V , applying 373

smoothing factor ϵ to non-ground-truth tokens. 374

To stabilize training, we implement an input- 375

label concatenation strategy, masking inputs (with 376

−100 labels) so the loss computation focuses ex- 377

clusively on the prediction targets. During training, 378

tokenizers remain frozen, and only Transformer 379

parameters are updated via an autoregressive next- 380

token prediction objective. 381

3.4 Multimodal Reasoning Strategies 382

During inference, we leverage the trained MLLM 383

FΘ, with fixed parameters, employing two struc- 384

tured multimodal reasoning strategies: One-Pass 385

and Interleaved. Both approaches explicitly decom- 386

pose inference into Navigation Visualization and 387

Instruction Generation with Visual Cues, enhanc- 388

ing interpretability and generalization (Fig. 2(b)). 389

One-Pass Multimodal Reasoning. This approach 390

employs a sequential visual forecasting strategy 391

to predict a complete trajectory of visual obser- 392

vations from the initial state to the goal. Given 393

an initial visual observation sequence Oinit = 394

{o1, . . . , ok} and a goal observation og, the model 395

iteratively predicts subsequent visual frames: Ô = 396

{ôk+1, . . . , ôk+t} until a predicted observation 397

ôk+t satisfies the visual similarity criterion defined 398

by the Structural Similarity Index (SSIM) (Wang 399

et al., 2004): SSIM(ôk+t, og) > τ . We then 400

strategically select m−1 representative interme- 401

diate frames:{ôi1 , . . . , ôim−1} from the sequence 402

{o2, . . . , ok, ôk+1, . . . , ôk+t} as inputs to generate 403

the final navigation instruction: 404

I = FΘ

(
{o1, ôi1 , . . . , ôim−1 , og}

)
. (3) 405

where i1, . . . , im−1 indicate indices of sampled in- 406

termediate frames. This method emphasizes holis- 407

tic visual context and global scene understanding. 408

Interleaved Multimodal Reasoning. The strategy 409

alternates visualization and instruction generation 410

at each inference step. Initially, the model predicts 411

the immediate next frame ôk+1 based on the init 412

observation sequence Oinit = {o1, . . . , ok} and 413

goal og, subsequently generating a preliminary in- 414

struction I1 that incorporates updated visual con- 415
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Figure 4: Qualitative examples of Navigation Visualization and Instruction Generation results on the R2R-Goal validation
unseen split. Both our Multi-modal reasoning strategies perform well on diverse unseen scenes such as stairs and kitchens.

text. Such an iterative cycle of alternating visual416

predictions and incremental instruction refinements417

continues until predicted observation aligns visu-418

ally with goal (SSIM(ôk+t, og) > τ ). Formally, at419

inference step t, updated instruction It is obtained:420

It=FΘ({ ot,. . . ,ok, ôk+1,. . . ,ôk+t,og,It−1}). (4)421

This approach effectively mimics human-like cog-422

nitive cycles of visual imagining and linguistic de-423

scription, enhancing the model’s spatial reasoning424

and context adaptability. τ in both reasoning strate-425

gies is set to 0.7 in our study. Detailed pseudo-code426

describing the procedure is provided in Appendix.427

Discussion. The proposed multimodal reasoning428

strategies offer two key advantages: (1) Coordinate-429

Free and Action-Free Reasoning, enabling robust430

generalization across diverse visual environments431

without explicit positional or semantic maps; (2)432

Explicit Visual Reasoning, simulating mental im-433

agery and providing enhanced transparency and434

interpretability in navigation instruction generation.435

436 4 Experiments437

4.1 Experimental Setup438

Evaluation Metrics. We evaluate performance439

with two sets of metrics: (1) Instruction Quality.440

We measure linguistic accuracy for both the GoViG441

task and the instruction generation with visual442

cues subtask using BLEU-4 (Papineni et al., 2002),443

CIDEr (Vedantam et al., 2015), METEOR (Baner-444

jee and Lavie, 2005), and ROUGE-L (Lin, 2004).445

Additionally, we employ navigation-specific met-446

rics Success Rate (SR) and Success weighted by447

Path Length (SPL) (Anderson et al., 2018) to as-448

sess instruction quality from a practical usability 449

perspective. (2) Visualization Quality. We assess 450

visual prediction quality for the navigation visu- 451

alization subtask using structural and perceptual 452

metrics: SSIM (Wang et al., 2004), PSNR (Hore 453

and Ziou, 2010), LPIPS (Zhang et al., 2018), and 454

DreamSim (Fu et al., 2023). 455

Baselines. We benchmark our method against sev- 456

eral leading approaches on R2R-Goal: Speaker- 457

Follower (Fried et al., 2018), LANA (Wang et al., 458

2023), and C-Instructor (Kong et al., 2024), re- 459

trained to accept only egocentric observations con- 460

sistent with our task setting. We also evaluate SOTA 461

multimodal LLMs including Gemini 2.0 (Deep- 462

Mind, 2024), Gemini 3.0 (DeepMind and Research, 463

2025), and Claude 4 Opus (Anthropic, 2025) us- 464

ing direct prompting, as well as GPT-4o (Hurst 465

et al., 2024) using zero-shot direct and CoT prompt- 466

ing (Wei et al., 2022; Yang et al., 2023b), and 467

Anole-7B (Chern et al., 2024) with zero-shot direct 468

prompting and fine-tuned CoT reasoning. 469

Implementation Details. We fine-tune GAIR 470

Anole-7B (Chern et al., 2024) (4096-token con- 471

text), freezing both text and image tokenizers. In- 472

put images (256× 256) are discretized into 784 vi- 473

sual tokens. Only LoRA (Hu et al., 2022) adapters 474

(rank=16) in the transformer’s qkv-projections are 475

updated during training (Liu et al., 2023). We train 476

for 20 epochs using AdamW (learning rate=2 × 477

10−4). Training employs 4×NVIDIA A100 GPUs 478

(80GB), global batch size 8 (per-GPU batch=1, 479

gradient accumulation=2). Please refer to the Ap- 480

pendix for detailed implementation and metrics. 481
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Method Validation (Seen) Validation (Unseen) Test
BL-4 ↑ CI ↑ ME ↑ RO-L ↑ BL-4 ↑ CI ↑ ME ↑ RO-L ↑ BL-4 ↑ CI ↑ ME ↑ RO-L ↑

Speaker-Follower (Fried et al., 2018) 0.10 0.08 0.08 0.12 0.09 0.06 0.07 0.11 0.09 0.06 0.07 0.12
LANA (Wang et al., 2023) 0.05 0.05 0.11 0.10 0.05 0.06 0.10 0.10 0.05 0.03 0.11 0.09
GPT-4o (Hurst et al., 2024) 0.08 0.16 0.19 0.18 0.07 0.16 0.17 0.19 0.07 0.15 0.18 0.18
GPT-4o + CoT (zero-shot CoT) 0.08 0.17 0.17 0.21 0.09 0.16 0.18 0.20 0.08 0.17 0.18 0.19
C-Instructor (Kong et al., 2024) 0.21 0.19 0.14 0.23 0.22 0.19 0.14 0.19 0.22 0.18 0.13 0.20
Gemini 2.0 (DeepMind, 2024) 0.08 0.11 0.13 0.12 0.06 0.12 0.15 0.14 0.06 0.10 0.14 0.13
Gemini 3.0 (DeepMind and Research, 2025) 0.09 0.13 0.16 0.13 0.09 0.14 0.15 0.15 0.08 0.12 0.15 0.13
Claude 3 Opus (Anthropic, 2024) 0.07 0.12 0.12 0.12 0.06 0.11 0.13 0.12 0.07 0.11 0.13 0.13
Claude 4 Opus (Anthropic, 2025) 0.10 0.15 0.17 0.14 0.09 0.13 0.16 0.14 0.09 0.14 0.17 0.14
Anole-7B (Direct) (Chern et al., 2024) 0.06 0.10 0.10 0.14 0.06 0.09 0.12 0.13 0.05 0.09 0.10 0.13
Anole-7B + CoT (fine-tuned CoT) 0.10 0.14 0.15 0.17 0.09 0.13 0.12 0.16 0.09 0.10 0.13 0.15
Anole-7B + One-pass (Ours) 0.34 0.20 0.18 0.22 0.29 0.18 0.16 0.20 0.29 0.19 0.17 0.18
Anole-7B + Interleaved (Ours) 0.36 0.22 0.21 0.27 0.32 0.20 0.18 0.21 0.33 0.18 0.20 0.22

Table 1: Comparison with SOTA Methods on Goal-Conditioned Visual Navigation Instruction Generation on R2R-Goal
validation (seen/unseen) and test splits. (BLEU-4 (BL-4), CIDEr (CI), METEOR (ME), and ROUGE-L (RO-L))

Method SSIM ↑ PSNR ↑ LPIPS ↓ DreamSim ↓
GPT-4o + DALL·E 0.29 9.57 0.72 0.61
Anole-7B (Direct) 0.50 14.98 0.39 0.27
Ours 0.69 20.02 0.27 0.13

Table 2: Navigation Visualization Comparison on R2R-
Goal val unseen. Higher SSIM and PSNR, and lower LPIPS
and DreamSim reflect superior visual fidelity.

Method SSIM ↑ PSNR ↑ LPIPS ↓ DreamSim ↓
w/o Lvis 0.52 15.35 0.36 0.23
w/ Lvis 0.69 20.02 0.27 0.13

Table 3: Ablation of Token Discrepancy Loss (Lvis) on
navigation visualization (val unseen), context size = 2.

4.2 Comparison to State-of-the-Art Methods482

Goal-conditioned Instruction Generation. Ta-483

ble 1 showcases that our proposed One-pass and484

Interleaved Multimodal Reasoning strategies out-485

perform all baseline methods in GoViG task. These486

results demonstrate that incorporating navigation487

visualization enhances both contextual ground-488

ing and linguistic coherence. Notably, interleaved489

reasoning enables progressive integration of fine-490

grained visual semantics into instruction genera-491

tion. Qualitative examples in Fig. 4 further illustrate492

that both methods generate high-quality, visually-493

grounded instructions on challenging unseen split.494

Navigation Visualization. In Table 2, we compare495

the performance of our fine-tuned Anole-7B model496

on the navigation visualization subtask against two497

baselines: GPT-4o with integrated DALL·E (via the498

GPT-4o API, where image generation is handled499

by the DALL·E module) and Anole-7B with direct500

prompting. The results show that our approach501

significantly outperforms both baselines across all502

evaluation metrics. Notably, our method improves503

structural fidelity and visual realism (SSIM: 0.69,504

PSNR: 20.02) in predicted observations.505

4.3 Ablation Studies506

Impact of Context Size & Image Token Length.507

We analyze the influence of context size and image508

token length in Figure 5. Due to Anole-7B’s 4096-509

token constraint, larger contexts (size=4 for visu-510

Figure 5: Trade-off between context size and image token
length on navigation visualization and instruction generation
subtasks evaluated on R2R-Goal val unseen split. Context 1
corresponds to context size k = 1 for visualization and m = 2
for instruction generation. Token Length indicates the number
of visual tokens per input or predicted frame.

alization, size=5 for instruction generation) neces- 511

sitate reducing image tokens from 784 to 400 per 512

frame. Results illustrate a clear performance trade- 513

off: moderate context extensions (1→2 frames) en- 514

hance temporal coherence and task accuracy, while 515

further expansions at reduced image token length 516

(400 tokens/frame) impair visual fidelity and in- 517

struction quality. The results indicate that longer 518

visual histories are effective when each frame re- 519

tains sufficient token content; otherwise, added 520

context may impede performance. 521

Effect of Token Discrepancy Loss. Table 3 demon- 522

strates the effectiveness of the token discrepancy 523

loss (Lvis). Here, w/o Lvis means using label 524

smoothing loss Lins instead on image tokens. Lvis 525

substantially improves image quality across all met- 526

rics, indicating that explicitly modeling token simi- 527

larity is crucial for preserving perceptual and struc- 528

tural details in visual predictions. 529

Computational Efficiency Trade-off. We ana- 530

lyze the computational cost of our two reasoning 531

strategies on the R2R-Goal validation unseen split. 532

One-pass reasoning achieves 1.2× faster inference 533

than Interleaved reasoning. This difference arises 534

from Interleaved’s iterative instruction refinement 535

at each step. Besides, this presents a practical trade- 536

off: Interleaved delivers higher accuracy (BLEU-4: 537

0.32 vs 0.29) with a 20% time cost, suitable for 538

quality-critical applications, while One-pass offers 539

efficient inference when speed is prioritized. 540
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Instruction Generator ETPNav (An et al., 2024) BEVBert (An et al., 2023)
SR ↑ SPL ↑ SR ↑ SPL ↑

Human Annotation 0.36 0.28 0.34 0.27
LANA 0.18 0.11 0.17 0.12
GPT-4o 0.23 0.16 0.22 0.14
GPT-4o + CoT 0.25 0.17 0.24 0.17
C-Instructor 0.29 0.19 0.27 0.18
Gemini 3.0 0.27 0.18 0.25 0.14
Claude 4 Opus 0.26 0.16 0.25 0.17
Anole-7B + Direct 0.20 0.14 0.18 0.13
Anole-7B + CoT 0.25 0.16 0.23 0.15
Anole-7B + One-pass 0.31 0.20 0.29 0.21
Anole-7B + Interleaved 0.34 0.25 0.33 0.25

Table 4: Instruction Quality Analysis. Performance of
ETPNav (An et al., 2024) and BEVBert (An et al., 2023) in
following instructions generated on R2R-Goal val unseen.
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“ Walk along 
path headed 

to sun. ”

“Go pass the 
grass.”

Initial

Goal

Goal

Initial

Stop in front of an office desk, turn left, and walk along the hall.

Move slightly to the left on the grass toward the houses under the sun.

O
n

e-
p

a
ss

In
te

rl
ea

v
ed

Observations Instructions

Instructions

O
n

e-
p

a
ss

In
te

rl
ea

v
ed

Stop just inside the 

room with the 

reception desk.

Turn left and walk 

towards the second 

set of doors.

Walk towards 

the lobby.

Go passed the 

plants.

Turn left and 

walk straight 

across the yard.

Walk towards 

potted plants.

Observations

Figure 6: Qualitative results of Interleaved Multimodal
reasoning on R2R-Goal real-world subset.

4.4 Instruction Quality Analysis541

While n-gram-based metrics (BLEU-4, CIDEr) pro-542

vide quantitative assessments of instruction quality,543

they may not fully capture instruction usefulness544

or human interpretability. We therefore conduct545

additional analyzes to evaluate our generated in-546

structions from two complementary perspectives:547

Practical Usability. The navigation performance548

of agents following instructions from different gen-549

erators serves as an indicator of instruction qual-550

ity. We regenerate instructions for paths in the551

R2R-Goal val unseen split and employ two navi-552

gators (ETPNav and BEVBert) to evaluate SR and553

SPL under the regenerated guidance. As shown554

in Table 4, instructions generated by our methods555

(one-pass and interleaved) achieve competitive re-556

sults that exceed those of prior models and closely557

align with the navigation accuracy obtained using558

human-annotated instructions.559

User Study. To evaluate instruction quality beyond560

automatic metrics, we recruit 21 anonymous partic-561

ipants from diverse backgrounds to score instruc-562

tions from 1 to 6 based on semantic alignment with563

trajectories. We evaluate our two reasoning strate-564

gies and SOTA methods on 320 randomly sampled565

trajectories from R2R-Goal val unseen split, pre-566

Method BLEU-4 ↑ CIDEr ↑ METEOR ↑ ROUGE-L ↑
LANA 0.05 0.03 0.09 0.09
GPT-4o 0.08 0.11 0.18 0.17
GPT-4o + CoT 0.09 0.13 0.16 0.18
C-Instructor 0.15 0.08 0.12 0.15
Gemini 3.0 0.08 0.11 0.15 0.14
Claude 4 Opus 0.09 0.13 0.16 0.16
Anole-7B + Direct 0.06 0.09 0.10 0.12
Anole-7B + CoT 0.08 0.10 0.13 0.17
Anole-7B + One-pass 0.24 0.14 0.17 0.19
Anole-7B + Interleaved 0.27 0.15 0.19 0.20

Table 5: Zero-shot generalization on R2R-Goal real-world
subset (GO Stanford, ReCon, and HuRoN). All models here
are evaluated without additional fine-tuning on this subset.

sented in randomized order. Our Interleaved rea- 567

soning achieves the highest score of 4.85, followed 568

by One-pass at 4.52, outperforming GPT-4o + CoT 569

(3.76), Gemini 3.0 (3.54), Claude 4 Opus (3.41), 570

C-Instructor (3.08), and LANA (2.67). 571

4.5 Cross-Domain Generalization 572

To comprehensively assess cross-domain general- 573

ization, we evaluate our method on the real-world 574

subset of R2R-Goal, comprising diverse scenes 575

from GO Stanford, ReCon, and HuRoN. As shown 576

in Table 5, our Interleaved and One-Pass mul- 577

timodal reasoning strategies notably outperform 578

SOTA approaches under significant domain shifts. 579

Specifically, the Interleaved strategy consistently 580

delivers superior results, underscoring the efficacy 581

of iterative visual-linguistic refinement in improv- 582

ing contextual grounding and instruction coherence. 583

Qualitative examples (Fig. 6) further illustrate how 584

iterative multimodal reasoning mirrors adaptive hu- 585

man cognition, enabling robust instruction genera- 586

tion even in challenging, unseen environments. 587

5 Conclusion 588

In this work, we proposed Goal-Conditioned Vi- 589

sual Navigation Instruction Generation (GoViG), a 590

framework to generate precise and context-aware 591

navigation instructions solely from egocentric vi- 592

sual observations, eliminating reliance on privi- 593

leged data such as maps or semantic annotations. 594

Our approach systematically integrates two inter- 595

dependent subtasks, Navigation Visualization and 596

Instruction Generation with Visual Cues, into a 597

unified autoregressive MLLM. Furthermore, we de- 598

veloped two multimodal reasoning strategies (One- 599

Pass and Interleaved) that enhance spatial reason- 600

ing and linguistic coherence. Comprehensive ex- 601

periments on our proposed R2R-Goal benchmark 602

demonstrate superior instruction quality and robust 603

cross-domain generalization. Future directions in- 604

clude exploring real-time environmental feedback 605

to advance practical embodied AI. 606
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Limitations607

Our approach contributes to advancing research608

in navigation instruction generation, though sev-609

eral limitations remain. First, achieving the re-610

ported performance requires notable computational611

resources (e.g., 4×A100 GPUs with the Anole-7B612

base model), which may pose reproducibility chal-613

lenges for groups with limited hardware. Second,614

while we expect our multimodal training and rea-615

soning mechanisms to be broadly applicable across616

architectures and modalities with interleaved mul-617

timodal generation, our current evaluation is re-618

stricted to Anole-7B due to space considerations.619

Extending experiments to additional model fami-620

lies would further support claims of generalizabil-621

ity. Finally, although the method could in princi-622

ple be applied to real-world navigation scenarios,623

this work is presented as a research study, and de-624

ployment in safety-critical contexts would require625

further validation beyond our current scope.626
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Wei. 2025. Imagine while reasoning in space: Mul- 817
timodal visualization-of-thought. arXiv preprint 818
arXiv:2501.07542. 819

10

https://arxiv.org/abs/2506.08566
https://arxiv.org/abs/2506.08566
https://arxiv.org/abs/2506.08566
https://arxiv.org/abs/2506.08566
https://arxiv.org/abs/2506.08566
https://blog.google/technology/google-deepmind/google-gemini-ai-update-december-2024
https://blog.google/technology/google-deepmind/google-gemini-ai-update-december-2024
https://blog.google/technology/google-deepmind/google-gemini-ai-update-december-2024
https://blog.google/technology/google-deepmind/google-gemini-ai-update-december-2024
https://blog.google/technology/google-deepmind/google-gemini-ai-update-december-2024
https://blog.google/products/gemini/gemini-3/
https://blog.google/products/gemini/gemini-3/
https://blog.google/products/gemini/gemini-3/
https://arxiv.org/abs/1806.02724
https://arxiv.org/abs/1806.02724
https://arxiv.org/abs/1806.02724
https://blog.google/technology/google-deepmind/google-gemini-ai-update-december-2024/#ceo-message
https://blog.google/technology/google-deepmind/google-gemini-ai-update-december-2024/#ceo-message
https://blog.google/technology/google-deepmind/google-gemini-ai-update-december-2024/#ceo-message
https://doi.org/10.1007/978-3-031-73397-0_3
https://doi.org/10.1007/978-3-031-73397-0_3
https://doi.org/10.1007/978-3-031-73397-0_3
https://doi.org/10.1007/978-3-031-73397-0_3
https://doi.org/10.1007/978-3-031-73397-0_3


Heng Li, Minghan Li, Zhi-Qi Cheng, Yifei Dong, Yux-820
uan Zhou, Jun-Yan He, Qi Dai, Teruko Mitamura,821
and Alexander G Hauptmann. 2024. Human-aware822
vision-and-language navigation: Bridging simulation823
to reality with dynamic human interactions. Ad-824
vances in Neural Information Processing Systems,825
37:119411–119442.826

Jiapeng Li, Ping Wei, Wenjuan Han, and Lifeng Fan.827
2023a. Intentqa: Context-aware video intent reason-828
ing. In Proceedings of the IEEE/CVF international829
conference on computer vision, pages 11963–11974.830

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi.831
2023b. Blip-2: Bootstrapping language-image pre-832
training with frozen image encoders and large lan-833
guage models. In International conference on ma-834
chine learning, pages 19730–19742. PMLR.835

KunChang Li, Yinan He, Yi Wang, Yizhuo Li, Wen-836
hai Wang, Ping Luo, Yali Wang, Limin Wang, and837
Yu Qiao. 2023c. Videochat: Chat-centric video un-838
derstanding. arXiv preprint arXiv:2305.06355.839

Chin-Yew Lin. 2004. Rouge: A package for automatic840
evaluation of summaries. In Text summarization841
branches out, pages 74–81.842

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae843
Lee. 2023. Visual instruction tuning. Advances in844
neural information processing systems, 36:34892–845
34916.846

Kevin Lynch. 1964. The image of the city. MIT press.847

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-848
Jing Zhu. 2002. Bleu: a method for automatic evalu-849
ation of machine translation. In Proceedings of the850
40th annual meeting of the Association for Computa-851
tional Linguistics, pages 311–318.852

Dhruv Shah, Benjamin Eysenbach, Gregory Kahn,853
Nicholas Rhinehart, and Sergey Levine. 2021. Rapid854
exploration for open-world navigation with latent855
goal models. arXiv preprint arXiv:2104.05859.856

Hao Shao, Shengju Qian, Han Xiao, Guanglu Song,857
Zhuofan Zong, Letian Wang, Yu Liu, and Hong-858
sheng Li. 2024. Visual cot: Advancing multi-modal859
language models with a comprehensive dataset and860
benchmark for chain-of-thought reasoning. Ad-861
vances in Neural Information Processing Systems,862
37:8612–8642.863

Hao Tan, Licheng Yu, and Mohit Bansal. 2019. Learn-864
ing to navigate unseen environments: Back transla-865
tion with environmental dropout. In Proceedings of866
the 2019 Conference of the North American Chap-867
ter of the Association for Computational Linguistics:868
Human Language Technologies, Volume 1 (Long and869
Short Papers), pages 2610–2621, Minneapolis, Min-870
nesota. Association for Computational Linguistics.871

Chameleon Team. 2024. Chameleon: Mixed-modal872
early-fusion foundation models. arXiv preprint873
arXiv:2405.09818.874

Eric J Vanetti and Gary L Allen. 1988. Communicating 875
environmental knowledge: The impact of verbal and 876
spatial abilities on the production and comprehen- 877
sion of route directions. Environment and Behavior, 878
20(6):667–682. 879

Ramakrishna Vedantam, C Lawrence Zitnick, and Devi 880
Parikh. 2015. Cider: Consensus-based image de- 881
scription evaluation. In Proceedings of the IEEE 882
conference on computer vision and pattern recogni- 883
tion, pages 4566–4575. 884

Hanqing Wang, Wei Liang, Jianbing Shen, Luc 885
Van Gool, and Wenguan Wang. 2022a. Counterfac- 886
tual cycle-consistent learning for instruction follow- 887
ing and generation in vision-language navigation. In 888
2022 IEEE/CVF Conference on Computer Vision and 889
Pattern Recognition (CVPR), pages 15450–15460. 890

Su Wang, Ceslee Montgomery, Jordi Orbay, Vighnesh 891
Birodkar, Aleksandra Faust, Izzeddin Gur, Natasha 892
Jaques, Austin Waters, Jason Baldridge, and Pe- 893
ter Anderson. 2022b. Less is more: Generating 894
grounded navigation instructions from landmarks. In 895
Proceedings of the IEEE/CVF Conference on Com- 896
puter Vision and Pattern Recognition, pages 15428– 897
15438. 898

Xiaohan Wang, Wenguan Wang, Jiayi Shao, and 899
Yi Yang. 2023. Lana: A language-capable navigator 900
for instruction following and generation. Preprint, 901
arXiv:2303.08409. 902

Xiaohan Wang, Wenguan Wang, Jiayi Shao, and 903
Yi Yang. 2024. Learning to follow and generate 904
instructions for language-capable navigation. IEEE 905
Transactions on Pattern Analysis and Machine Intel- 906
ligence, 46(5):3334–3350. 907

Zhou Wang, A.C. Bovik, H.R. Sheikh, and E.P. Simon- 908
celli. 2004. Image quality assessment: from error 909
visibility to structural similarity. IEEE Transactions 910
on Image Processing, 13(4):600–612. 911

Zihan Wang, Yaohui Zhu, Gim Hee Lee, and Yachun 912
Fan. 2025a. Navrag: Generating user demand in- 913
structions for embodied navigation through retrieval- 914
augmented llm. Preprint, arXiv:2502.11142. 915

Zun Wang, Jialu Li, Yicong Hong, Songze Li, Kun- 916
chang Li, Shoubin Yu, Yi Wang, Yu Qiao, Yali Wang, 917
Mohit Bansal, and Limin Wang. 2025b. Bootstrap- 918
ping language-guided navigation learning with self- 919
refining data flywheel. Preprint, arXiv:2412.08467. 920

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten 921
Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny Zhou, 922
and 1 others. 2022. Chain-of-thought prompting elic- 923
its reasoning in large language models. Advances 924
in neural information processing systems, 35:24824– 925
24837. 926

Lai Wei, Wenkai Wang, Xiaoyu Shen, Yu Xie, Zhihao 927
Fan, Xiaojin Zhang, Zhongyu Wei, and Wei Chen. 928
2024. Mc-cot: A modular collaborative cot frame- 929
work for zero-shot medical-vqa with llm and mllm 930
integration. arXiv preprint arXiv:2410.04521. 931

11

https://doi.org/10.18653/v1/N19-1268
https://doi.org/10.18653/v1/N19-1268
https://doi.org/10.18653/v1/N19-1268
https://doi.org/10.18653/v1/N19-1268
https://doi.org/10.18653/v1/N19-1268
https://doi.org/10.1109/CVPR52688.2022.01503
https://doi.org/10.1109/CVPR52688.2022.01503
https://doi.org/10.1109/CVPR52688.2022.01503
https://doi.org/10.1109/CVPR52688.2022.01503
https://doi.org/10.1109/CVPR52688.2022.01503
https://arxiv.org/abs/2303.08409
https://arxiv.org/abs/2303.08409
https://arxiv.org/abs/2303.08409
https://doi.org/10.1109/TPAMI.2023.3341828
https://doi.org/10.1109/TPAMI.2023.3341828
https://doi.org/10.1109/TPAMI.2023.3341828
https://doi.org/10.1109/TIP.2003.819861
https://doi.org/10.1109/TIP.2003.819861
https://doi.org/10.1109/TIP.2003.819861
https://arxiv.org/abs/2502.11142
https://arxiv.org/abs/2502.11142
https://arxiv.org/abs/2502.11142
https://arxiv.org/abs/2502.11142
https://arxiv.org/abs/2502.11142
https://arxiv.org/abs/2412.08467
https://arxiv.org/abs/2412.08467
https://arxiv.org/abs/2412.08467
https://arxiv.org/abs/2412.08467
https://arxiv.org/abs/2412.08467


Wenshan Wu, Shaoguang Mao, Yadong Zhang, Yan932
Xia, Li Dong, Lei Cui, and Furu Wei. 2024. Mind’s933
eye of llms: visualization-of-thought elicits spatial934
reasoning in large language models. Advances in935
Neural Information Processing Systems, 37:90277–936
90317.937

Yu Yan, Rongtao Xu, Jiazhao Zhang, Peiyang Li, Xiao-938
dan Liang, and Jianqin Yin. 2024. Instrugen: Auto-939
matic instruction generation for vision-and-language940
navigation via large multimodal models. Preprint,941
arXiv:2411.11394.942

Zhengyuan Yang, Linjie Li, Kevin Lin, Jianfeng Wang,943
Chung-Ching Lin, Zicheng Liu, and Lijuan Wang.944
2023a. The dawn of lmms: Preliminary explorations945
with gpt-4v(ision). Preprint, arXiv:2309.17421.946

Zhengyuan Yang, Linjie Li, Jianfeng Wang, Kevin947
Lin, Ehsan Azarnasab, Faisal Ahmed, Zicheng Liu,948
Ce Liu, Michael Zeng, and Lijuan Wang. 2023b.949
Mm-react: Prompting chatgpt for multimodal rea-950
soning and action. arXiv preprint arXiv:2303.11381.951

Haitian Zeng, Xiaohan Wang, Wenguan Wang, and952
Yi Yang. 2023. Kefa: A knowledge enhanced and953
fine-grained aligned speaker for navigation instruc-954
tion generation. Preprint, arXiv:2307.13368.955

Richard Zhang, Phillip Isola, Alexei A Efros, Eli Shecht-956
man, and Oliver Wang. 2018. The unreasonable ef-957
fectiveness of deep features as a perceptual metric.958
In Proceedings of the IEEE conference on computer959
vision and pattern recognition, pages 586–595.960

Yue Zhang, Ziqiao Ma, Jialu Li, Yanyuan Qiao, Zun961
Wang, Joyce Chai, Qi Wu, Mohit Bansal, and Parisa962
Kordjamshidi. 2024. Vision-and-language naviga-963
tion today and tomorrow: A survey in the era of foun-964
dation models. arXiv preprint arXiv:2407.07035.965

Zhuosheng Zhang, Aston Zhang, Mu Li, Hai Zhao,966
George Karypis, and Alex Smola. 2023. Multi-967
modal chain-of-thought reasoning in language mod-968
els. arXiv preprint arXiv:2302.00923.969

Qi Zhao, Shijie Wang, Ce Zhang, Changcheng Fu,970
Minh Quan Do, Nakul Agarwal, Kwonjoon Lee, and971
Chen Sun. 2023. Antgpt: Can large language mod-972
els help long-term action anticipation from videos?973
arXiv preprint arXiv:2307.16368.974

Yi Zhao, Siqi Wang, and Jing Li. 2025. Laf-grpo: In-975
situ navigation instruction generation for the visu-976
ally impaired via grpo with llm-as-follower reward.977
Preprint, arXiv:2506.04070.978

Qiji Zhou, Ruochen Zhou, Zike Hu, Panzhong Lu,979
Siyang Gao, and Yue Zhang. 2024. Image-of-thought980
prompting for visual reasoning refinement in mul-981
timodal large language models. arXiv preprint982
arXiv:2405.13872.983

Appendix 984

This supplementary material provides expanded 985

details and results that complement the main pa- 986

per. Section A presents a more detailed analysis 987

of related work and comparisons of navigation in- 988

struction generation methods. Section B includes 989

details on the R2R-Goal dataset, pseudo-code for 990

the one-pass and interleaved multimodal reasoning 991

mechanisms, as well as prompt design specifica- 992

tions. Section C reports detailed implementation 993

specifics and additional qualitative results. 994

A More Related Work 995

Table 6 categorizes prior work along five orthogo- 996

nal axes: (i) viewpoint (ego-centric vs. panoramic); 997

(ii) reliance on privileged inputs (e.g., orienta- 998

tion, GPS, environment labels); (iii) pre-processing 999

pipelines (e.g., landmark vocabularies, BEV en- 1000

codings, scene graphs); (iv) backbone family (RN- 1001

N/CNN, Transformer, CLIP/GCN, Vision-Encoder 1002

+ LLM); and (v) the extent and manner in which 1003

LLMs are incorporated. Early “speaker-style” sys- 1004

tems, Speaker-Follower (Fried et al., 2018) and 1005

CCC-Speaker (Wang et al., 2022a), adopt a non- 1006

ego-centric, panoramic observation paradigm with 1007

action traces, occasionally augmented by environ- 1008

ment labels. These methods typically depend on 1009

pre-extracted visual and linguistic features (e.g., 1010

ResNet, GloVe) and sequence backbones (CN- 1011

N/LSTM), without leveraging any large language 1012

models. Transformer-based approaches, such as 1013

LANA (Wang et al., 2023) and LANA+ (Wang 1014

et al., 2024), retain the panoramic setting but in- 1015

corporate orientation priors and stronger sequence 1016

modeling. LANA+ further introduces CLIP-based 1017

landmark spotting as an explicit pre-processing sig- 1018

nal, improving visual grounding while still assum- 1019

ing privileged panoramic inputs. 1020

Recently, LLM-integrated “instructor” ap- 1021

proaches have broadened the modeling toolkit 1022

but often at the cost of introducing stronger pri- 1023

ors and heavier pre-processing pipelines. C- 1024

Instructor (Kong et al., 2024) couples a vision 1025

encoder with an LLM and a curated landmark 1026

vocabulary, employing Chain-of-Thought prompt- 1027

ing to scaffold instruction generation. BEV- 1028

Instructor (Fan et al., 2024) moves toward an ego- 1029

centric perspective but still depends on multi-view 1030

imagery, 3D bounding boxes, and BEV/action-map 1031

encodings orchestrated by an MLLM. Retrieval- 1032

and map-centric variants—NavRAG (Wang et al., 1033
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Method Ego-centric Privileged Input Pre-processed Elements Backbone LLM Usage
Speaker-Follower
(Fried et al., 2018)

✕ Panoramic views, Action
history

ResNet features, GloVe
embeddings

LSTM-RNN None

CCC-Speaker
(Wang et al., 2022a)

✕ Panoramic views, Action,
Environment labels

ResNet features CNN + LSTM None

LANA (Wang et al.,
2023)

✕ Panoramic views,
Orientation

- Transformer None

LANA+ (Wang
et al., 2024)

✕ Panoramic views,
Orientation

Landmark spotting via CLIP Transformer + CLIP None

C-Instructor (Kong
et al., 2024)

✕ Trajectory path, Panoramic
views, Action, Orientation

Landmark vocabulary (CoTL) Vision Encoder + LLM Chain-of-
Thought

BEV-Instructor (Fan
et al., 2024)

✓✗ Multi-view images,
Orientation, Action, 3D

bounding boxes

BEV encoding, Action map Vision Encoder + MLLM Yes

NavRAG (Wang
et al., 2025a)

✕ Navigable position,
Panoramic views, GPS

Hierarchical scene tree Vision Encoder + LLM Retrieval-
Augmented
Generation

MapInstructor (Fan
et al., 2025)

✕ Panoramic views, Action,
Orientation

Landmark extraction via
scene map

CLIP + GCN + LLM Map-based
Prompt Tuning

Ours ✓ Not Required Not Required Anole-7B Multi-modal
Reasoning

Table 6: Comparison of navigation instruction generation methods. Abbreviations: CoTL = Chain-of-Thought with Landmarks,
BEV = Bird’s Eye View, GCN = Graph Convolutional Network, MLLM = Multi-modal Large Language Model.

2025a) and MapInstructor (Fan et al., 2025)—lever-1034

age navigable positions, panoramic imagery, GPS,1035

and scene maps to construct hierarchical structures1036

or extract landmarks, then condition an LLM via1037

RAG or map-based prompt tuning.1038

In contrast, our method operates exclusively on1039

ego-centric inputs, free of privileged priors or hand-1040

crafted pre-processing. By harnessing the Multi-1041

modal LLM Anole-7B for unified multi-modal rea-1042

soning, it intentionally minimizes task-specific en-1043

gineering (e.g., curated vocabularies, BEV encod-1044

ings, retrieval indices) yet preserves strong ground-1045

ing performance. Our design facilitates practical1046

deployment and promotes robust cross-domain1047

generalization by eliminating dependencies on1048

panoramic sensors, external maps, or GPS signals.1049

B Methodology Details1050

B.1 R2R-Goal Dataset Details1051

To support the GoViG task, we construct the R2R-1052

Goal dataset within the HA-VLN simulation envi-1053

ronment (Dong et al., 2025), using the path start1054

and goal positions provided by the HA-R2R (Dong1055

et al., 2025) and R2R-CE (Krantz et al., 2020)1056

benchmarks. An A*-based heuristic search iden-1057

tifies the shortest feasible navigation path, with1058

dynamic re-planning triggered in real time upon1059

encountering unexpected obstacles. An egocentric1060

camera mounted on the simulated agent continu-1061

ously captures observations along each traversed1062

path. Scene-level segmentation is performed in1063

two stages using a frozen Qwen2.5-VL-7B-Instruct1064

model (Bai et al., 2025). First, navigation in-1065

structions are segmented into spatially coherent1066

scenes, ensuring each segment corresponds to a 1067

navigable space and that all text is uniquely as- 1068

signed. Post-processing merges consecutive identi- 1069

cal scenes and guarantees complete coverage, yield- 1070

ing scene–instruction pairs (e.g., “Kitchen” as an 1071

instruction segment). Second, observation frames 1072

are aligned with the segmented scenes: the model 1073

analyzes the full visual sequence to detect scene 1074

transitions based on visual cues and instruction 1075

alignment, followed by post-processing to adjust 1076

boundaries and eliminate gaps or overlaps. 1077

Annotators were instructed to align their navi- 1078

gation descriptions closely with the visual scenes 1079

presented, ensuring that the language reflected the 1080

perspective shifts between initial and goal view- 1081

points. They were encouraged to use diverse ex- 1082

pressions when describing actions, environments, 1083

and spatial relations among objects, including refer- 1084

ences to relative positions (e.g., left/right, near/far), 1085

motion dynamics (e.g., slow approach, rapid turn), 1086

and changes in viewpoint. This emphasis on align- 1087

ment and variation was intended to capture richer 1088

correspondences between instructions and observa- 1089

tions, while avoiding repetitive phrasing. 1090

All datasets used in this work (R2R-CE, HA- 1091

R2R, GO Stanford, ReCon, HuRoN) are publicly 1092

available research datasets released under appropri- 1093

ate licenses. We did not collect any personal data. 1094

During dataset construction, we checked that the in- 1095

cluded visual and textual data do not contain names, 1096

faces, or other information that could uniquely iden- 1097

tify individuals. Offensive or harmful content was 1098

not observed in the sources used. For the real-world 1099

subset, only publicly released egocentric videos 1100

were used, and all annotations were created to de- 1101
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Figure 7: Detailed structure and pipeline of our training procedure.

scribe navigation trajectories without reference to1102

personal identity. Thus, no anonymization beyond1103

the original dataset release was required.1104

The annotators were volunteers recruited1105

through university mailing lists and research group1106

announcements. Participation was entirely vol-1107

untary, with no monetary compensation provided.1108

Volunteers contributed time to support academic1109

research, and their involvement was recognized in1110

accordance with established ethical guidelines.1111

B.2 Autoregressive MLLM Training Details1112

Fig. 7 illustrates the dual training paradigm of our1113

autoregressive multimodal Transformer, which uni-1114

fies visual and linguistic reasoning based on the1115

Chameleon architecture (Team, 2024). The left1116

panel depicts the Navigation Visualization Train-1117

ing Phase, where a structured text prompt (e.g.,1118

“Predict the next first-person observation the agent1119

would see if it continues toward the goal.”) is to-1120

kenized via a BPE tokenizer, and paired with a1121

sequence of k preceding FPV frames plus the goal1122

frame. These visual observations are encoded as1123

<image> tokens using a vector-quantized (VQ) im-1124

age tokenizer. The resulting multimodal prompt1125

is processed by a causal Transformer to predict1126

the next visual token, optimized via the Token Dis-1127

crepancy Loss Lvis, which compares predicted to-1128

ken distributions P (ti) against ground-truth em-1129

beddings embi over the visual codebook C.1130

The right panel shows the Instruction Genera-1131

tion Training Phase, where FPV frames from the1132

initial to goal observation (including m− 1 inter-1133

mediate frames) are encoded into an image prompt.1134

This is paired with a text prompt such as “Generate1135

a natural language instruction describing how to 1136

navigate from the start to the goal,” and the ground- 1137

truth instruction (e.g., “Turn right, and walk into 1138

room on the left. Wait behind the desk, next to 1139

the picture on the wall.”). Both image and text 1140

inputs are tokenized and fed into the Transformer, 1141

which autoregressively generates the instruction se- 1142

quence. Training is guided by the label smoothing 1143

cross-entropy loss Lins, computed over the vocabu- 1144

lary V with smoothed targets qv(yi) and predicted 1145

probabilities Pv(yi). Samples from both phases are 1146

interleaved during training, enabling joint optimiza- 1147

tion of visual forecasting and instruction generation 1148

within a unified multimodal framework. 1149

B.3 Pseudo-Code of Reasoning Strategies 1150

To generate instructions from an egocentric ini- 1151

tial observation and a goal observation, we propose 1152

two multimodal reasoning strategies: One-Pass and 1153

Interleaved reasoning, with their pseudo-code pro- 1154

vided in Algorithms 1 and 2, respectively. Both 1155

strategies employ a frozen multimodal language 1156

model FΘ and iteratively visualize navigation un- 1157

til the predicted frame achieves sufficient visual 1158

similarity to the goal observation, measured by an 1159

SSIM threshold τ . 1160

One-Pass Multimodal Reasoning (Algorithm 1) 1161

first generates the entire future trajectory Ô = 1162

{ôk+1, . . . , ôk+t} using a sliding, fixed-size con- 1163

text window, terminating when SSIM(ôk+t, og) > 1164

τ . It then samples m−1 representative intermedi- 1165

ate frames and produces a final instruction via: 1166

I = FΘ

(
{o1, ôi1 , . . . , ôim−1 , og}

)
. (5) 1167

Interleaved Multimodal Reasoning (Algorithm 2) 1168

alternates between predicting the next visual frame 1169
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Algorithm 1 One-Pass Multimodal Reasoning

Require: Initial observations Oinit =
{o1, . . . , ok} with visualization context
size k; goal observation og; SSIM threshold
τ ; MLLM FΘ with parameters and tokenizers
frozen; instruction context size m

Ensure: Final instruction I
Initialize step t← 1
Initialize observation context window Ô(t) ←
Oinit

m = k + 1
repeat
ôk+t ← FΘ(Ô(t), og)
Ô(t+1) ← Ô(t)[2:] ∪ {ôk+t}
{Update Ô(t) by sliding in ôk+t and keeping
most recent k observations}
t← t+ 1

until SSIM(ôk+t, og) > τ
Sample m−1 intermediate
frames {ôi1 , . . . , ôim−1} from
{o2, . . . , ok, ôk+1, . . . , ôk+t}
I ← FΘ({o1, ôi1 , . . . , ôim−1 , og})
return I

Algorithm 2 Interleaved Multimodal Reasoning

Require: Initial observations Oinit =
{o1, . . . , ok} with visualization context
size k; goal observation og; SSIM threshold
τ ; MLLM FΘ with parameters and tokenizers
frozen; instruction context size m

Ensure: Final instruction I
Initialize step t← 1
Initialize observation context window Ô(t) ←
Oinit {Initial context window}
Initialize instruction I0 ← empty string
m = k + 1
repeat
ôk+t ← FΘ(Ô(t), og) {Predict next observa-
tion}
Update Ô(t+1) ← Ô(t)[2:]∪{ôk+t} {Slide in
ôk+t}
It ← FΘ(Ô(t+1) ∪ {og, It−1}) {Update in-
struction}
t← t+ 1

until SSIM(ôk+t, og) > τ
I = It
return I

and incrementally refining the instruction. At each1170

step t, the instruction is updated as: 1171

It = FΘ

(
Ô(t+1) ∪ {og, It−1}

)
, (6) 1172

continuing until the SSIM criterion is met. This 1173

step-wise refinement allows the agent to progres- 1174

sively incorporate new visual cues, potentially 1175

improving instruction grounding in dynamically 1176

evolving environments. 1177

B.4 Prompt Design Details and Examples 1178

We examine the detailed prompt formulation and 1179

response behaviors of two multimodal reasoning 1180

strategies—One-Pass and Interleaved—across two 1181

navigation subtasks: Navigation Visualization and 1182

Instruction Generation with Visual Cues. These 1183

examples illustrate how multimodal inputs guide 1184

both visual prediction and instruction generation in 1185

visually grounded navigation. 1186

One-Pass Multimodal Reasoning. As shown in 1187

Fig. 8, the model begins with an initial observation 1188

and iteratively predicts future frames toward the 1189

goal, updating the context with each new predic- 1190

tion until the generated frame satisfies the SSIM 1191

threshold relative to the goal observation. For in- 1192

struction generation (Fig. 9), once visual prediction 1193

is complete, the model samples key frames—initial, 1194

intermediate, and goal—and produces a concise 1195

instruction (e.g., “Walk out of the kitchen”) sum- 1196

marizing the visual trajectory. 1197

Interleaved Multimodal Reasoning. As shown in 1198

Fig. 10, the model conditions each visual predic- 1199

tion on current/past observations, enhancing adapt- 1200

ability in dynamic or ambiguous scenes. For in- 1201

struction refinement (Fig. 11), it evaluates the pre- 1202

viously generated instruction against the updated 1203

visual context, revising it accordingly (e.g., “Turn 1204

right and continue down the hall until you reach a 1205

refrigerator”), thereby maintaining alignment with 1206

evolving scene cues. 1207

Comparison. One-Pass reasoning prioritizes effi- 1208

ciency and simplicity, whereas Interleaved reason- 1209

ing offers greater flexibility and robustness. The 1210

accompanying figures and outputs highlight how 1211

tailored prompt designs can elicit complementary 1212

strengths across multimodal navigation tasks. 1213

C Experiments Details 1214

C.1 Evaluation Metrics 1215

We evaluate overall system performance using two 1216

complementary categories of metrics: 1217

(1) Instruction Quality: Linguistic fidelity is com- 1218

prehensively assessed for both goal-conditioned 1219
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One-pass Multimodal Reasoning for Inference:
Navigation Visualization

Input

Task: Navigation Single Step Visualization
Description: Given the previous first-
person observation, the current first-person
observation, and the goal observation, pre-
dict the next first-person observation the
agent would see if it continues toward the
goal.
Input observations:

Previous obs:

Current obs:

Goal obs:

Response

Predicted obs:

Figure 8: Prompt design examples on One-pass multimodal
reasoning during the inference stage for the Navigation Visu-
alization subtask. (Context size k = 2)

and visually grounded instruction generation using1220

widely adopted text-generation metrics: BLEU-1221

4 (Papineni et al., 2002), CIDEr (Vedantam et al.,1222

2015), METEOR (Banerjee and Lavie, 2005), and1223

ROUGE-L (Lin, 2004). Each generated instruction1224

is compared against the full set of human-authored1225

reference texts to ensure thorough and comprehen-1226

sive coverage.1227

(2) Visualization Quality: For the navigation vi-1228

sualization subtask, visual predictions are eval-1229

uated with a combination of standard structural1230

and perceptual measures, namely SSIM (Wang1231

et al., 2004), PSNR (Hore and Ziou, 2010),1232

LPIPS (Zhang et al., 2018), and DreamSim (Fu1233

et al., 2023). The latter two are deep perceptual1234

metrics specifically designed to more closely ap-1235

One-pass Multimodal Reasoning for Inference:
Instruction Generation with Visual Cues

Input

Task: Scene-level Instruction Generation
Description: Given a sequence of sampled
first-person observations along a navigation
trajectory, including the starting observa-
tion, several intermediate observations, and
the goal observation, generate a natural lan-
guage instruction describing how to navi-
gate from the start to the goal. Focus on
essential actions and prominent, easily iden-
tifiable landmarks.
Input obs:

Starting obs:

Intermediate obs:

Goal obs:

Response

Predicted Instruction:
Walk out of the kitchen.

Figure 9: Prompt design examples on One-pass multimodal
reasoning during inference stage for Instruction Generation
with Visual Cues. (Context size m = 3)

proximate human judgments. 1236

LPIPS: The Learned Perceptual Image Patch Sim- 1237

ilarity (Zhang et al., 2018) quantifies perceptual 1238

resemblance by computing weighted distances be- 1239

tween deep feature activations extracted from pre- 1240

trained vision backbones (e.g., AlexNet, VGG). By 1241

operating in a learned feature space, LPIPS bet- 1242

ter captures perceptually relevant differences than 1243

conventional low-level pixel-level measures. 1244

DreamSim: DreamSim extends perceptual eval- 1245

uation to the multimodal domain by measuring 1246

semantic alignment between generated images and 1247

a target text description. Given images {Ii}Ni=1 and 1248
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Interleaved Multimodal Reasoning for Inference:
Navigation Visualization

Input

Task: Navigation Single Step Visualization
Description: Given the previous first-
person observation, the current first-person
observation, and the goal observation, pre-
dict the next first-person observation the
agent would see if it continues toward the
goal.
Input observations:

Previous obs:

Current obs:

Goal obs:

Response

Predicted observation:

Figure 10: Prompt design examples on Interleaved multi-
modal reasoning during the inference stage for the Navigation
Visualization subtask. (Context size k = 2)

a prompt T , it is defined as:1249

DreamSim(I1:N , T ) =

1

N

N∑
i=1

⟨fimg(Ii), ftext(T )⟩
∥fimg(Ii)∥ · ∥ftext(T )∥

.
(7)1250

Unlike the standard CLIP score, DreamSim lever-1251

ages fused or fine-tuned visual–textual features1252

(e.g., CLIP, OpenCLIP, DINO) trained on synthetic1253

human similarity judgments, thereby further en-1254

hancing sensitivity to nuanced perceptual and se-1255

mantic correspondences.1256

By combining LPIPS and DreamSim, our evalu-1257

ation jointly accounts for low-level visual fidelity1258

and high-level semantic coherence, offering a bal-1259

anced and human-aligned assessment across both1260

structural and semantic dimensions.1261

Interleaved Multimodal Reasoning for Inference:
Instruction Generation with Visual Cues

Input

Task: Scene-level Instruction Generation
Description: Given a sequence of sampled
first-person observations and a previously
generated instruction that describes the nav-
igation path — including: the previous in-
struction (which was originally generated
to guide navigation from the start observa-
tion to the goal), the current observation
(resulting from navigating one step from the
previous observation toward the goal), the
past observations, and the goal observation.
Determine whether the previous instruction
needs refinement based on the visual context.
Then, generate an updated natural language
instruction that accurately guides navigation
from the start observation to the goal. Focus
on essential actions and prominent, easily
identifiable landmarks.
Previous Instruction: Walk and stop right
before washing area.
Input obs:

Previous obs:

Current obs:

Goal obs:

Response

Predicted Instruction:
Turn right and continue down the hall until
you get to a refrigerator.

Figure 11: Prompt design examples on Interleaved multi-
modal reasoning during inference stage for Instruction Gener-
ation with Visual Cues subtask. (Context size m = 3)

C.2 Implementation Details for SOTA 1262

Methods 1263

In this section, we provide further implementation 1264

details on the SOTA navigation instruction genera- 1265

17



tion methods we compare in Table 1 of main text.1266

Speaker-Follower: The original work (Fried1267

et al., 2018) uses a speaker-follower architec-1268

ture for vision-and-language navigation, where1269

a follower maps instructions to actions and a1270

speaker generates instructions from routes, en-1271

abling data augmentation and pragmatic inference1272

with panoramic action space. We modified it to1273

process sequential egocentric RGB observations,1274

using ResNet-152 to encode input observations1275

(Ofull = {o1, . . . , ok, og}) and an LSTM decoder1276

with an attention mechanism for instruction gener-1277

ation. We remove the panoramic action space and1278

adapt the model to work with first-person visual1279

observations only.1280

LANA: Adapted from (Wang et al., 2023) by ex-1281

tracting its instruction generation module. The1282

original work takes navigation routes (panoramic1283

observations and actions) as input and generates1284

natural language instructions as output, using a1285

unified architecture with shared route/language en-1286

coders and cross-attention based decoders for bidi-1287

rectional translation, jointly trained on both instruc-1288

tion following and generation tasks. We replace the1289

panoramic encoder with ViT-based image encod-1290

ing. Processes input observations (Ofull) through1291

cross-attention, removing dependencies on privi-1292

leged inputs (trajectory coordinates, maps, action1293

labels).1294

GPT-4o Direct (Zero-shot): Processes input ob-1295

servations (Ofull) through direct prompting. The1296

model receives explicit instructions that images 1-k1297

represent continuous observations from the start-1298

ing point along the path, while goal image shows1299

the goal destination. We enforce strict output con-1300

straints: (1) no reference to image numbers in the1301

instruction, as the end user will not have access1302

to these images; (2) pure text output without any1303

markdown formatting, bullet points, or special sym-1304

bols; (3) single continuous paragraph format; and1305

(4) concise instructions for single-scene navigation.1306

We require concise output because other models1307

and baselines are trained on scene-segmented tasks1308

and naturally produce shorter predictions, while1309

GPT-4o tends to generate longer, more detailed in-1310

structions due to the task complexity, which can1311

dilute its true capabilities in certain evaluation met-1312

rics. Images are encoded as base64 and resized1313

to a maximum of 512×512 pixels to optimize API1314

usage. The model generates instructions using tem-1315

perature=0.7 and top_p=0.95 for balanced creativ-1316

ity and coherence.1317

GPT-4o CoT (Zero-shot): Extends the direct ap- 1318

proach with structured chain-of-thought reasoning. 1319

The model follows a five-step analysis process: (1) 1320

describe the starting position and environment, (2) 1321

identify key landmarks and direction changes, (3) 1322

describe the path progression, (4) identify the des- 1323

tination, and (5) generate the final navigation in- 1324

struction. The same output constraints apply as the 1325

direct method, with the additional requirement that 1326

the final instruction must be prefixed with "FINAL 1327

INSTRUCTION:" for automatic extraction. This 1328

allows the model to perform detailed visual analy- 1329

sis while ensuring the final output remains concise. 1330

The complete reasoning process is preserved for 1331

analysis, while only the extracted final instruction 1332

is used for evaluation. 1333

C-Instructor: Following (Kong et al., 2024), 1334

which takes navigation trajectories with panoramic 1335

observations (36 views per step) and actions as 1336

input, using Chain-of-Thought with Landmarks 1337

(CoTL) to extract critical landmarks before instruc- 1338

tion generation and Spatial Topology Modeling 1339

Task (STMT) for enhanced spatial understanding. 1340

We adapt their method for egocentric observations, 1341

using Llama-2-7B with CLIP-ViT-L-14 (36 patch- 1342

es/image) to process input observations (Ofull). 1343

The CoTL mechanism is modified for egocentric 1344

views instead of panoramic observations. 1345

Anole-7B Direct (Zero-shot): We employ Anole- 1346

7B in a zero-shot setting with sparse observation 1347

sampling due to token constraints (4096 tokens to- 1348

tal, 1024 tokens per image): O = {o1, ok, og}. As 1349

Anole is primarily designed as an image genera- 1350

tion model, it requires exceptionally detailed task 1351

specifications and comprehensive natural language 1352

descriptions to pass the model’s regulation. We 1353

provide extensive task context explaining: the navi- 1354

gation instruction generation objective, the specific 1355

role of each observation (initial position at frame 1356

1, final observation before turning at frame k, and 1357

goal destination), and explicit generation require- 1358

ments for producing clear, actionable instructions. 1359

This detailed prompting approach compensates for 1360

Anole’s architectural expectations without introduc- 1361

ing any additional task-specific information beyond 1362

what other models receive—the enhancement lies 1363

solely in the completeness and clarity of the natural 1364

language task description. 1365

Anole-7B CoT (Fine-tuned): We fine-tune Anole- 1366

7B using the CoT reasoning approach, wherein 1367

the model learns to generate navigation instruc- 1368

tions through structured reasoning steps. These 1369
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“Walk straight 
besides the 

wooden tables.”

“Stop in entryway 
of house.”

“Stop at sliding 
barn door.”

“Wait near 
the patio.”

“Stop when you 
reach the sliding 

glass doors.”

“Turn…front…of 
couches …Wait in 

the doorway.”

“Turn left and 
cross through the 
wide open door.”

“Walk up stairs.” “Go up the stairs.”
“Walk straight 
ahead passed 
the stairs.”

“Go up the 
stairs.”

“Go all of the way 
up the stairs.”

“Go up three 
steps then wait 

at the top.”

“Walk up stairs, turn 
right, continue up 

stairs”
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“Stop in front of the first door to the balcony on your left.”

“Make your way up the steps.”

Goal

Initial

Goal

Initial

Observations

Observations

Instructions

Instructions

Figure 12: More qualitative results on R2R-Goal unseen split (with ground truth) of our One-pass and Interleaved Reasoning.

include (1) analyzing and describing the visual con-1370

tent of key observations, (2) identifying spatial re-1371

lationships and environmental changes between the1372

initial and final frames, (3) reasoning about the1373

navigation trajectory from start to goal, and (4) syn-1374

thesizing these elements into coherent instructions.1375

Unlike the zero-shot setting, the fine-tuned model1376

no longer relies on explicit task specifications or de-1377

tailed natural language prompts. Through training1378

with ground truth divided instructions, Anole-7B1379

effectively internalizes both the objective and the1380

reasoning patterns required for high-quality instruc-1381

tion generation.1382

C.3 Implementation Details for SOTA1383

Navigation Visualization Methods1384

GPT-4o + DALL·E: We implement the two-stage1385

approach for navigation visualization. Given three1386

observations (previous ot−1, current ot, and goal1387

og), GPT-4o analyzes the visual context and gen-1388

erates a text prompt describing the expected next1389

observation ôt+1. This prompt is then passed to1390

DALL·E 2 for image synthesis. The system pro-1391

cesses 3 input images and generates 1 output image1392

per prediction.1393

C.4 Prompt Design and Examples1394

In this section, we provide prompt examples of our1395

implementation on LLM-related SOTA methods.1396

GPT-4o Direct Prompt:1397

Task: Navigation Instruction Generation1398

1399
You are given 7 images from a navigation 1400

trajectory: 1401
- Images 1-6: Continuous observations 1402

from the starting point along the 1403
path 1404

- Image 7: The goal/destination point 1405
1406

Generate a clear navigation instruction 1407
that guides someone from the 1408
starting point to the goal. 1409

1410
IMPORTANT REQUIREMENTS: 1411
1. Do not reference image numbers (e.g., 1412

'Start at the point shown in Image 1413
1') in your instruction. The person 1414
receiving your instruction will not 1415
have access to these images. 1416
Describe locations and landmarks 1417
directly instead. 1418

2. Output ONLY plain text. Do not use 1419
markdown formatting , bullet points , 1420
numbered lists , bold text (** text **) 1421
, headers (#), or any other 1422
formatting symbols. 1423

3. Write your instruction as a single 1424
continuous paragraph. 1425

4. Since the navigation target is within 1426
a single scene , please make your 1427

instruction more concise. 1428

GPT-4o Chain-of-Thought Prompt: 1429

Task: Navigation Instruction Generation 1430
1431

You are given 7 images from a navigation 1432
trajectory: 1433

- Images 1-6: Continuous observations 1434
from the starting point along the 1435
path 1436

- Image 7: The goal/destination point 1437
1438
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“Head into the 
reception room 
and then turn to 

your left.”

“Stop just inside 
the room with the 
reception desk.”

“Turn left and walk 
towards the second 

set of doors.”

“Walk away 
from the 

reception desk.”

“Turn to the far 
end of the hall.”

“Walk away from 
office desk chair.”

“Go passed 
the plants.”

“Head straight, 
across the yard.”

“Turn left and 
walk straight 

across the yard.”

“Turn left and 
continue towards 

the house.”

“Walk along path 
headed to sun.

“Walk towards 
potted plants.”

“Go pass the grass.”

“Continue past 
the hallway.”

“Walk forward.”“Go down the 
hallway.”

“Walk up.”
“Turn right and 
walk down the 

hallway.”

“Walk down the 
hallway until you 
reach the end.”

“Walk straight 
across the hall.”

Initial

Goal

Goal

Initial

Goal

Initial

“Stop in front of an office desk, turn left, and walk along the hall.”

“Move slightly to the left on the grass toward the houses under the sun.”

“Walk forward and stop at the end of the hall.”
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“Walk towards 
the lobby.”

InstructionsObservations

InstructionsObservations

InstructionsObservations

Figure 13: More qualitative results on real-world subset of (with ground truth) our One-pass and Interleaved Reasoning.

Please analyze step by step:1439
1. Describe the starting position and1440

environment1441
2. Identify key landmarks and direction1442

changes1443
3. Describe the path progression1444
4. Identify the destination1445
5. Generate a clear navigation1446

instruction1447
1448

IMPORTANT REQUIREMENTS:1449
1. In your final navigation instruction ,1450

do not reference image numbers (e.g1451
., 'Start at the point shown in1452
Image 1'). The person receiving your1453
instruction will not have access to1454
these images. Describe locations1455

and landmarks directly instead.1456
2. Use ONLY plain text throughout your1457

response. Do not use markdown1458
formatting , bullet points , numbered1459
lists , bold text (** text **), headers1460
(#), or any other formatting1461

symbols.1462
3. Write your analysis and final1463

instruction as continuous paragraphs1464

. 1465
4. For the final navigation instruction 1466

(step 5), since the navigation 1467
target is within a single scene , 1468
please make it more concise. 1469

5. You MUST prefix your final navigation 1470
instruction with 'FINAL INSTRUCTION 1471

:' on a new line. 1472

C-Instructor Prompt: 1473

Based on these 7 navigation images 1474
showing a path (6 consecutive 1475
observations + 1 destination), 1476
analyze the scene step by step: 1477

1478
1. First , identify key objects and 1479

landmarks in each image: 1480
[IMAGE_TOKEN] [IMAGE_TOKEN] [IMAGE_TOKEN 1481

] [IMAGE_TOKEN] [IMAGE_TOKEN] [ 1482
IMAGE_TOKEN] [IMAGE_TOKEN] 1483

1484
2. Next , perceive the spatial 1485

relationships and transitions 1486
between consecutive frames: 1487

- How does the viewpoint change from one 1488
frame to the next? 1489
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- What directional movements (forward ,1490
turn left/right) are implied?1491

- Which landmarks remain visible across1492
multiple frames?1493

1494
3. Finally , generate a clear and1495

complete navigation instruction that1496
guides someone from the starting1497

point (image 1) to the destination (1498
image 7):1499

Anole CoT Finetuned Prompt:1500

Task: Generate navigation instruction1501
based on key observations.1502

You are given three key observations1503
from a navigation path:1504

1. Initial observation at starting point1505
: <image >1506
Description: [GENERATED_DESCRIPTION_11507

]1508
2. Final observation at starting point (1509

before turning): <image >1510
Description: [GENERATED_DESCRIPTION_21511

]1512
3. Goal observation at destination: <1513

image >1514
Description: [GENERATED_DESCRIPTION_31515

]1516
1517

Based on these observations , analyze1518
step -by-step:1519

1. First , identify the key landmarks and1520
spatial layout at the starting1521

point.1522
2. Next , determine the navigation1523

direction and movement pattern by1524
comparing the initial and final1525
observations at the starting point.1526

3. Then , analyze the goal observation to1527
understand the target location and1528

its distinguishing features.1529
4. Finally , synthesize a clear and1530

complete navigation instruction that1531
guides from the starting point to1532

the destination.1533
Instruction:1534

GPT-4o + DALL·E Navigation Visualization1535

Prompt:1536

Task: Navigation Single Step1537
Visualization1538

Description: Given three observations1539
from the previous first -person1540
observation , the current first -1541
person observation , and the goal1542
observation , respectively , predict1543
the next first -person observation1544
the agent would see if it continues1545
toward the goal.1546

Input observations are Previous1547
observation , Current observation ,1548
and Goal observation1549

C.5 Visual Results1550

We present further qualitative results to supple-1551

ment the illustrative examples provided in the main1552

manuscript. As shown in Fig. 12 and Fig. 13, we1553

Context Token Len. SSIM ↑ PSNR ↑ LPIPS ↓ DreamSim ↓

1 784 0.66 19.20 0.29 0.15
2 784 0.69 20.02 0.27 0.13
4 400 0.55 16.30 0.35 0.19

Table 7: Trade-off between Context Size and Image To-
ken Length on Navigation Visualization (val unseen). Token
Length denotes visual token number per frame.

Context Token Len. BLEU-4 ↑ CIDEr ↑ METEOR ↑ ROUGE-L ↑

2 784 0.26 0.15 0.14 0.16
3 784 0.30 0.18 0.17 0.20
5 400 0.22 0.13 0.11 0.13

Table 8: Trade-off between Context Size and Image Token
Length on instruction generation with visual cues.(val unseen)

include complete sequences of observations paired 1554

with their corresponding instructions, visualized 1555

for both the unseen subset and real-world environ- 1556

ments. Compared with ground-truth annotations, 1557

the generated instructions reliably capture the ma- 1558

jority of salient landmarks and key objects, while 1559

producing correct navigational actions. This holds 1560

consistently across challenging settings, including 1561

unseen scenes and cluttered real-world trajectories, 1562

thereby demonstrating the robustness and general- 1563

izability of our reasoning strategies. 1564

C.6 Detailed Ablation Results 1565

We analyze the influence of context size and image 1566

token length in Figure 5. The detailed values on 1567

more metrics are provided in Tables 7 and 8. 1568

D Use of LLMs 1569

Large Language Models (LLMs) were used to aid 1570

in the writing and polishing of the manuscript. 1571

Specifically, we used an LLM to assist in refin- 1572

ing the language, improving readability, and ensur- 1573

ing clarity in various sections of the paper. The 1574

model helped with tasks such as sentence rephras- 1575

ing, grammar checking, and enhancing the overall 1576

flow of the text. It is important to note that the 1577

LLM was not involved in the ideation, research 1578

methodology, or experimental design. All research 1579

concepts, ideas, and analyses were developed and 1580

conducted by the authors. The contributions of the 1581

LLM were solely focused on improving the linguis- 1582

tic quality of the paper, with no involvement in the 1583

scientific content or data analysis. The authors take 1584

full responsibility for the content of the manuscript, 1585

including any text generated or polished by the 1586

LLM. We have ensured that the LLM-generated 1587

text adheres to ethical guidelines and does not con- 1588

tribute to plagiarism or scientific misconduct. 1589
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