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Abstract

Large Vision-Language Models (LVLMs) show promise for embodied planning1

tasks but struggle with complex scenarios involving unfamiliar environments and2

multi-step goals. Current approaches rely on environment-agnostic imitation3

learning that disconnects instructions from environmental contexts, causing models4

to struggle with context-sensitive instructions and rely on supplementary cues5

rather than visual reasoning during long-horizon interactions. In this work, we6

propose World-Aware Planning Narrative Enhancement (WAP), a framework that7

infuses LVLMs with comprehensive environmental understanding through four8

cognitive capabilities (visual appearance modeling, spatial reasoning, functional9

abstraction, and syntactic grounding) while developing and evaluating models10

using only raw visual observations through curriculum learning. Evaluations on the11

EB-ALFRED benchmark demonstrate substantial improvements, with Qwen2.5-12

VL achieving a 60.7 absolute improvement in task success rates—particularly in13

commonsense reasoning (+60.0) and long-horizon planning (+70.0). Notably, our14

enhanced open-source models outperform proprietary systems like GPT-4o and15

Claude-3.5-Sonnet by a large margin.16

1 Introduction17

Recent advances in Large Vision-Language Models (LVLMs) [6, 20] have expanded their applications18

to embodied planning tasks, where agents interpret natural language instructions into a sequence of ac-19

tions which will be further executed in interactive environments [6, 28]. These models leverage large-20

scale pretraining on vision-language datasets to align visual inputs with textual commands, achieving21

notable success in controlled scenarios with explicit object references and low environmental com-22

plexity [13, 12]. However, when faced with increasingly complex real-life-like scenarios—those23

involving unfamiliar environments, varied instruction formats, and multi-step goals—current methods24

exhibit severe limitations in both generalization ability and reasoning consistency[26].25

A fundamental challenge confronting current embodied planning systems lies in their environment-26

agnostic imitation learning paradigm. In existing methodologies [13, 12], expert demonstration27

trajectories are typically associated with simplified, environment-independent instructions (e.g., “put28

the apple on the table”). They force models to learn direct mappings from generic instructions to action29

sequences in an open-loop manner, disregarding the nuances of the changing surrounding environment.30

This learning approach operates on a disjointed fashion, treating task instructions and environmental31

contexts as distinct, unconnected elements. This hinders models from developing an integrated grasp32

of the environment’s specific characteristics such as visual appearance, spatial relationships, object33

functionality, and linguistic comprehension—capabilities essential for human-like task execution34

[9]. While these models may perform adequately in standardized validation environments, their35

performance significantly deteriorates when faced with difficult situations that demand the ability to36
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establish links between the changing surroundings and context-sensitive instructions, for example,37

“place the apple on the table near the television”. The limitation is becomes evident during extended38

sequences of interaction, where models, due to their lack of detailed environmental representations,39

struggle to integrate previous visual observations. Hence, they resort to supplementary environmental40

cues, like feedback from actions taken or indicators of task progress, instead of relying exclusively41

on visual input for decision-making.42

To address these gaps, we introduce an innovative world-aware narrative enhancement approach.43

This method is designed to infuse LVLMs with comprehensive information about the environment.44

By doing so, we aim to augment the model’s understanding of the environment by incorporating45

relevant context from the world around it. Inspired by traditional theories of cognitive intelligence46

[14], our narrative enhancement focuses on collecting data that progressively cultivates four inter-47

connected capabilities: (1) Visual Appearance Modeling: Detailed capture of object textures and48

geometries. (2) Spatial-Relational Reasoning: Understanding the spatial arrangement and room49

layouts. (3) Functional Abstraction Learning: Grasping tool-object relationships and symbolic50

representations. (4) Syntactic Grounding: Interpreting complex language to resolve ambiguity. To51

effectively steer the data generation process while considering various dimensions, we augment52

existing disjointed data by integrating complementary information from the environment or semantic53

spaces. Secondly, our framework adheres to realistic deployment scenarios: agents receive only image54

observations and natural language instructions in a closed-loop manner, without auxiliary privileged55

environmental feedback. To incrementally equip the model to tackle cognitive challenges, we collect56

the data and train the model with a curriculum learning strategy, which enhances the model’s ability57

to formulate sophisticated strategies in a wide range of situations, markedly differentiating from58

traditional imitation learning techniques that do not support this level of advanced intellectual growth.59

We evaluate our framework through extensive experiments using Qwen2.5-VL [8]and InternVL360

[32] on the EB-ALFRED benchmark within EmbodiedBench [26], a challenging suite of high-61

level planning tasks. Our approach achieves substantial improvements over baseline methods, with62

Qwen2.5-VL demonstrating a 60.7 absolute improvement in average task success rates. Particularly63

noteworthy are the significant gains in commonsense reasoning (+60.0) and long-horizon planning64

(+70.0), with similar patterns observed for InternVL3. Remarkably, our enhanced open-source models65

outperform recent proprietary systems like GPT-4o and Claude-3.5-Sonnet by a large margin.66

This work makes three key contributions:67

• Our approach bridges the gap between high-level task instructions and the nuanced details68

of real-world environments by integrating contextual world knowledge into planning sys-69

tems. This multidimensional enhancement leverages narratives that are aware of various70

environmental factors, making the planning process more robust and adaptable to complex,71

real-life scenarios.72

• We demonstrate that closed-loop embodied agents can achieve superior planning perfor-73

mance using only visual observations and natural language instructions without privileged74

environmental feedback—challenging the prevailing assumption that additional auxiliary75

signals are necessary for robust planning in complex environments.76

• Our approach establishes new state-of-the-art benchmarks on EB-ALFRED, outperforming77

not only existing academic baselines by 60.7 improvement but also surpassing proprietary78

systems like GPT-4o and Claude-3.5-Sonnet by significant margins in challenging long-79

horizon planning scenarios.80

2 Related Works81

Embodied planning [4, 25] represents a critical cognitive capability for embodied agents, serving82

as the brain that guides physical interactions within complex environments. Early approaches to83

embodied planning [18, 27, 31] relied exclusively on textual environment metadata rather than84

visual perception, limiting their adaptability to real-world scenarios. Later visual-based methods85

[7, 11, 15, 16, 30] employed cascaded pipelines with external models for visual processing like86

semantic maps. Recent LVLM-based systems [21, 25] have begun processing visual input directly87

but continue to depend on unrealistic forms of environmental feedback like action success signals88

and task progress information that would be unavailable in genuine deployment scenarios. Our work89

advances the field by operating solely on raw visual observations without privileged feedback and by90
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processing complete observational history, more closely mirroring human capabilities in real-world91

settings.92

Methodologically, embodied planning approaches can be categorized as either training-free or training-93

based. Training-free methods leverage prompt engineering [16, 10, 3] or multi-agent frameworks94

with specialized roles [29, 5, 22]. Training-based approaches include supervised fine-tuning on95

human expert demonstrations [23, 2], or methods that recognize the importance of trial-and-error96

learning through either direct preference optimization [17, 30] or reinforcement learning [1, 24, 19].97

Unlike these approaches that often treat task instructions and environmental contexts as disconnected98

elements, our world-aware planning narrative enhancement framework systematically develops99

integrated cognitive capabilities, enabling LVLMs to form sophisticated planning strategies without100

relying on privileged cues, more closely resembling human cognitive processes in complex real-world101

scenarios.102

3 Methodology103

We propose a multi-dimensional cognitive enhancement framework for embodied planning that104

systematically develops reasoning capabilities across complementary dimensions while operating105

solely on raw visual observations. Figure 1 illustrates our approach’s core components.106

3.1 Problem Formulation107

In embodied planning tasks, an agent must execute a sequence of actions {a1, a2, . . . , aT } based108

on a natural language instruction I and egocentric visual observations {o1, o2, . . . , oT }. We operate109

within a closed-loop control framework, where each action decision depends critically on both current110

observation and historical context. This mirrors real-world robotics scenarios where agents must111

continuously adapt to environmental changes resulting from previous interactions. Unlike many112

previous approaches that focus on isolated decision points, our framework explicitly models temporal113

dependencies by conditioning each action on the complete observation history:114

at = fΘ(I, {o1, o2, . . . , ot}) (1)

115
Where fΘ represents our vision-language model that predicts the next action based on the instruction116

and observation history. The key challenge is to develop robust planning capabilities across diverse117

scenarios with only visual-context history. Our multi-dimensional cognitive enhancement approach118

specifically addresses these challenges by systematically developing the agent’s ability to extract and119

integrate relevant information across time.120

3.2 Multi-Dimensional Cognitive Enhancement121

Our complete narratives enhance framework follows the pipeline illustrated in Figure 1. Our frame-122

work enhances cognitive capabilities across four complementary dimensions that systematically123

develop different aspects of the embodied intelligence required for robust planning.124

3.2.1 Instruction Augmentation125

Given an original instruction I and expert trajectory τ = {at}Tt=1 with corresponding observations126

{ot}Tt=1, we generate enhanced instructions {Ĩk} across four cognitive dimensions:127

Ĩk = M(I, oT ; θk), k ∈ {Visual,Spatial,Functional,Syntactic} (2)

128
Where M is a superior vision-language model and θk represents dimension-specific prompting129

strategies:130

• Visual Dimension: Enhances object appearance modeling by explicitly describing visual131

attributes critical for identification (e.g., cone-shaped lamp, small square clock).132

• Spatial Dimension: Augments positional understanding by specifying object locations rela-133

tive to environmental landmarks (beside the wooden chair) and precise spatial relationships134

(below the lamp base).135
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Figure 1: Narratives enhance pipeline. Our framework transforms base instruction-trajectory pairs
through four main stages: (1) Multi-dimensional instruction enhancement, generating cognitively
enriched variants; (2) Self-verification to ensure semantic consistency with original tasks; (3) Rea-
soning generation to provide explicit cognitive traces for each action; and (4) Construction of the
enhanced training set that maintains trajectory information while adding cognitive annotations.

• Functional Dimension: Develops deeper object-interaction understanding by articulat-136

ing affordances and functional properties (light source, timekeeper) that capture causal137

relationships between objects.138

• Syntactic Dimension: Introduces linguistic complexity through narrative structures, indirect139

references, and contextual dependencies that require resolving ambiguity beyond literal140

instructions.141

This augmentation process creates a structured hierarchy of cognitive demands, progressively chal-142

lenging the model’s environmental reasoning capabilities.143

3.2.2 Semantic Consistency Verification144

To ensure augmented instructions maintain task equivalence, we implement a verification mechanism:145

C(Ĩ) = 4 ≤
5∑

i=1

I
(
V(I, Ĩ, {oi : i ∈ {1 · · ·T}};ϕi) = 1

)
(3)

146
Where V(·;ϕi) represents the verification function that checks if the generated instruction Ĩ represents147

the same intention as I , I(·) is an identification function and evaluates to 1 if the input expression is148

true. Instructions fail to meet the threshold will trigger a regeneration of the instruction to maintain149

dataset quality.150

3.2.3 Stepwise Reasoning Generation151

For each action at in trajectory τ , we generate explicit reasoning rt that captures the cognitive process152

linking observation to action:153

rt = M(Ĩ , ot, {(·, at)} ∪ {(ri, ai) : i ∈ {1, · · · , t− 1}}) (4)

154
The t-th step of reasoning is left out for the vision-language model M to predict. These reasoning155

annotations serve as intermediate supervision signals that help the model develop explicit cognitive156

processes that might otherwise remain implicit, including environmental state tracking, object157

relationship inferences, and action preconditions.158

3.3 Curriculum Learning Framework159

Our training procedure follows a three-stage curriculum that gradually increases cognitive complexity:160
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Θ∗ = argmin
Θ

3∑
s=1

E(τ,I)∼Ds
LCE(fΘ({o1:t}, I), at) (5)

161
where fΘ represents the vision-language model being optimized and LCE is the cross-entropy loss for162

action prediction. The curriculum stages are:163

1. Base Stage (D1): Training on original instruction-trajectory pairs to establish foundational164

action mapping capabilities.165

2. Environmental Understanding Stage (D2): Incorporating visual and spatial augmentations166

to develop perceptual grounding and scene comprehension.167

3. Conceptual Reasoning Stage (D3): Introducing functional and syntactic augmentations to168

develop higher-order reasoning about object relations and ambiguous references.169

This progressive training scheme aligns with cognitive development theories, allowing the model to170

first master perception-action correspondences before tackling more abstract semantic relationships.171

Importantly, our framework operates under strict partial observability constraints—providing only172

egocentric RGB observations without privileged information—to ensure real-world applicability.173

4 Experiments174

We conduct comprehensive experiments to evaluate our framework’s effectiveness in enhancing175

embodied planning capabilities. Our analysis focuses on both overall performance metrics and176

fine-grained cognitive capabilities across diverse task contexts.177

4.1 Experimental Settings178

Dataset We construct an enhanced corpus comprising 80,875 instruction-trajectory pairs derived179

from the original 16,145 ALFRED trajectories through our multi-dimensional augmentation approach.180

The dataset is structured across four cognitive dimensions: Visual (appearance attributes), Spatial181

(positional relationships), Functional (interaction affordances), and Syntactic (referential complexity).182

This structured enhancement enables systematic evaluation of specific cognitive capabilities crucial183

for embodied agents.184

Models For instruction augmentation and reasoning generation described in Section 3, we employ185

Qwen2.5-VL-72B-Instruct as the teacher model. We evaluate our framework on two foundation186

model series: Qwen2.5-VL (Qwen2.5-VL-8B-Instruct) [8] and InternVL3 (InternVL3-8B) [32],187

representing state-of-the-art vision-language architectures with distinct pretraining approaches.188

Evaluation We evaluate on the EB-ALFRED benchmark from EmbodiedBench [25], which pro-189

vides refined evaluation protocols over the original ALFRED benchmark, including streamlined190

action spaces and higher-quality language instructions. Beyond the standard Success Rate (SR) metric,191

we also use the standard deviation to quantify a model’s ability to maintain consistent performance192

across varying task complexities:193

STD =

√
1

6

∑
c∈C

(SRc − SR)2 (6)

194
Where C represents the six task categories (Base, Common, Complex, Visual, Spatial, and Long),195

and SR is the mean success rate across all categories. Lower STD values indicate more balanced196

capabilities across different task types, while higher values suggest uneven performance that excels in197

some categories but struggles in others, representing lower robustness. This metric provides crucial198

insight into model robustness beyond aggregate performance measures.199

4.2 Main results200

As demonstrated in Table 1, our curriculum learning framework establishes new state-of-the-art201

performance across all task categories while operating under strictly realistic observation constraints.202
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Table 1: Performance comparison on EmbodiedBench (EB-ALFRED). Results show success rates ()
across task categories. Models marked with † indicate our proposed approach and its variants. Best
results in bold.

Model Avg. STD↓ Base Common Complex Visual Spatial Long

Proprietary Models (Original open-loop setting with action feedback)

GPT-4o 56.3 7.8 64 54 68 46 52 54
Claude-3.5-Sonnet 64.0 8.6 72 66 76 60 58 52
Gemini-1.5-Pro 62.3 7.8 70 64 72 58 52 58
Gemini-2.0-flash 52.3 6.2 62 48 54 46 46 58
Gemini-1.5-flash 39.3 10.6 44 40 56 42 26 28
GPT-4o mini 24.0 13.0 34 28 36 24 22 0

Open-Source Models

InternVL2.5-78B-MPO 40.0 4.5 48 36 42 40 40 34
Qwen2.5-VL-72B-Ins 39.7 6.3 50 42 42 36 34 34
Qwen2-VL-72B-Ins 33.7 4.8 40 30 40 30 32 30
Llama-3.2-90B-Vision-Ins 32.0 10.1 38 34 44 28 32 16
InternVL2.5-38B-MPO 25.7 4.7 30 20 20 28 32 24
InternVL2.5-38B 23.3 9.0 36 30 36 22 14 26
Llama-3.2-11B-Vision-Ins 13.7 7.4 24 8 16 22 6 6
InternVL2.5-8B-MPO 7.7 4.3 12 6 14 6 6 2
Qwen2.5-VL-7B-Ins 4.7 3.9 10 8 6 2 0 2
Qwen2-VL-7B-Ins 1.7 2.3 6 0 2 0 0 2
InternVL3-8B 10.7 7.6 20 12 20 8 2 2

Proprietary Models (Under harder closed-loop settings)†
GPT-4o 26 2.8 30 26 28 22 26 24
Claude-3.5-Sonnet 57.3 13.4 62 62 64 40 42 74

Our Approach with InternVL3-8B†
InternVL3-8B 6 4.7 12 8 10 2 0 4
+ Basic Reasoning 46.0 18.4 58 16 56 46 34 66
+ Full Augmentation 57.0 5.5 62 52 60 58 48 62
+ Curriculum Learning 61.0 7.2 66 56 66 58 50 70

Our Approach with Qwen2.5-VL-7B-Ins†
Qwen2.5-VL-7B-Ins 2 2.5 6 2 4 0 0 0
+ Basic Reasoning 47.0 14.0 64 22 48 50 44 54
+ Full Augmentation 58.0 6.8 60 62 62 46 54 64
+ Curriculum Learning 62.7 6.3 66 62 70 56 52 70

The Qwen2.5-VL implementation achieves a 13.5× improvement in average success rate (from 4.67203

to 62.67) with 14% improvement compared with baseline method, surpassing even GPT-4o (56.3)204

and approaching Gemini-1.5-Pro (62.3) under harder settings — without having access to privileged205

environmental information. Similar performance gains are observed with InternVL3 models, which206

improve from 10.67 to 61.0.207

Notably, our approach maintains a competitive Standard Deviation (STD) of 6.3, lower than many208

proprietary models such as Claude-3.5-Sonnet (8.6) and Gemini-1.5-flash (10.6), indicating more209

balanced capabilities across diverse task categories. This represents a substantial improvement over210

our basic reasoning approach, which exhibits a high STD of 14.0, suggesting uneven performance211

that handles some categories well but struggles significantly with others. The progression from basic212

reasoning (STD=14.0) to curriculum learning (STD=6.3) demonstrates how our multi-dimensional213

enhancement approach systematically builds more balanced cognitive capabilities.214

Enhanced Environmental Cognition Our framework demonstrates substantial improvements215

in environmental understanding capabilities, evidenced by performance across specialized task216

categories:217
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1. Visual Perception: For InternVL3, the success rate improves from 46 (baseline) to 58 on218

tasks requiring the identification of objects based on appearance (e.g., distinguishing objects219

by color, shape, or pattern).220

2. Spatial Reasoning: Performance rises from 34 to 50 (InternVL3) on tasks requiring precise221

positioning and relational understanding (e.g., “place the object to the left of the sink”).222

3. Semantic Grounding: For Qwen2.5-VL, commonsense reasoning accuracy increases from223

22 to 62, enabling effective handling of instructions requiring real-world knowledge and224

functional understanding of objects.225

4. Referential Resolution: The model successfully resolves ambiguous references (e.g., “that226

container mentioned before”) through contextual reasoning with accuracy raising from 48 to227

70 (Qwen2.5-VL), overcoming a critical limitation in conventional vision-language systems.228

These improvements underscore the importance of structured environmental modeling beyond simple229

action prediction for robust embodied planning.230

Further generalization on long-horizon planning Our approach achieves remarkable 70 success231

rate on long-horizon tasks–those requiring 15+ sequential actions–representing a 35-fold improvement232

over baseline models and matching Claude-3.5-Sonnet’s performance in this challenging category.233

Notably, while proprietary models show mixed results under the stricter closed-loop setting (without234

action feedback), our framework maintains consistent performance across all settings.235

This exceptional capability stems from two key innovations, (1) Full Temporal Context: Our236

training paradigm incorporates complete observation histories rather than isolated frames, enabling237

the model to capture causal relationships between actions and environmental changes across extended238

sequences. (2) Multi-dimensional Knowledge Integration: The four cognitive dimensions of our239

data enhancement approach collectively enable the model to maintain coherent world representations240

throughout extended task execution.241

The dramatic performance disparity between GPT-4o (24 in closed-loop vs. 54 in open-loop settings)242

and Claude-3.5-Sonnet (74 in closed-loop vs. 52 in open-loop) on long-horizon tasks is particularly243

revealing. While GPT-4o struggles without action feedback, likely falling into repetitive error244

patterns, Claude-3.5-Sonnet actually improves under closed-loop constraints, suggesting superior245

error recognition and recovery capabilities. Our framework (70 success rate) approaches Claude’s246

closed-loop performance without requiring proprietary model access, validating our hypothesis that247

proper environmental modeling serves as a critical foundation for compositional task planning. This248

confirms that closed-loop settings, despite being more challenging, better reflect the requirements for249

successful long-horizon planning in real-world scenarios.250

5 Analysis251

5.1 Self-Directed Enhancement Potential252

To explore autonomous data augmentation capabilities, we investigate a self-directed enhancement253

approach where models independently select augmentation strategies based on task descriptions. This254

implicit enhancement contrasts with our explicit curriculum learning framework.255

Table 2: Comparison between explicit and self-directed enhancement approaches

Method Avg STD↓ Base Common Complex Visual Spatial Long

Basic Reasoning 47.0 14.0 64 22 48 50 44 54

Explicit (Standard) 58.0 6.8 60 62 62 46 54 64
Explicit (Curriculum) 62.7 6.3 66 62 70 56 52 70

Self-Directed (Standard) 54.7 7.7 60 50 62 44 50 62
Self-Directed (Curriculum) 56.7 7.2 66 48 62 52 52 60

As shown in Table 2, self-directed enhancement achieves moderate success (56.7 average), but256

exhibits notable limitations compared to our explicit framework (62.7). The self-directed approach257

demonstrates reasonable environmental perception capabilities—matching explicit methods in Visual258
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(52 vs. 56) and Spatial (52 vs. 52) categories. However, it shows significant deficiencies in semantic259

reasoning: Commonsense understanding (48 vs. 62) and Long-horizon planning (60 vs. 70).260

While the self-directed curriculum approach improves performance consistency (STD=7.2) compared261

to the basic reasoning baseline (STD=14.0), it remains less balanced than our explicit curriculum262

method (STD=6.3). This suggests that while the model can autonomously develop more uniform263

capabilities across tasks, it still benefits from structured guidance in developing complementary264

cognitive skills. The model shows particular weakness in commonsense reasoning (48), indicating a265

tendency toward surface-level linguistic modifications rather than deeper semantic understanding.266

Nevertheless, the 56.7 success rate achieved without human-designed enhancement rules suggests267

promising avenues for autonomous improvement in future work.268

5.2 Ablation Study269

We conduct a systematic component analysis to isolate the contributions of individual elements270

within our framework. Table 3 presents the performance across the controlled ablation variants using271

Qwen2.5-VL-7B as the base model.272

Table 3: Ablation analysis of framework components

Configuration Avg STD↓ Base Common Complex Visual Spatial Long

Base Model 4.7 3.9 10 8 6 2 0 2
+ Basic Reasoning 47.0 14.0 64 22 48 50 44 54
+ Visual/Spatial Only 46.7 17.1 60 16 56 46 42 60
+ Partial Reasoning 54.0 9.3 62 46 64 52 40 60
+ Complete Reasoning 58.0 6.8 60 62 62 46 54 64
+ Curriculum (Full) 62.7 6.3 66 62 70 56 52 70

The basic reasoning baseline achieves 47.0 average success but exhibits highly inconsistent perfor-273

mance across task categories (STD=14.0), revealing fundamental limitations of naive instruction274

enhancement. Models trained with this approach overfit to explicit action descriptions without275

developing balanced environmental understanding, leading to particularly poor performance on276

commonsense tasks (22 vs. 62 with full framework).277

Restricting enhancement to visual and spatial dimensions (+Visual/Spatial Only) maintains similar278

average performance (46.7) but actually increases performance variance (STD=17.1), with a dramatic279

gap between the highest (60 Long) and lowest (16 Common) categories. This confirms that perceptual280

enhancements alone are insufficient for developing comprehensive cognitive capabilities.281

The progression from partial to complete reasoning replacement shows the importance of coherent ac-282

tion sequencing. Partial replacement improves average performance (54.0) and reduces inconsistency283

(STD=9.3), but still shows substantial variance across categories. In contrast, complete reason-284

ing replacement achieves both higher average performance (58.0) and significantly more balanced285

capabilities (STD=6.8), demonstrating coherent modeling of environment-action relationships.286

The full curriculum framework further elevates both average performance (62.7) and consistency287

(STD=6.3), particularly in long-horizon scenarios (70 success, +12 over Complete Reasoning),288

validating our progressive skill acquisition hypothesis. Notably, the framework maintains this289

balanced performance profile despite a 13.5× increase in overall success rate compared to the base290

model, indicating systematic improvement across all cognitive dimensions rather than specialized291

gains in particular categories.292

5.3 Case Study293

To provide qualitative insights into our model’s capabilities, we analyze representative examples294

of embodied planning and reasoning. Our case studies focus on (1) cognitive process transparency295

in complex multi-step planning and (2) the effectiveness of our multi-dimensional augmentation296

approach.297

Figure 2 illustrates the execution of a seemingly simple instruction: “Place a chilled apple section298

into the bin.” This instruction contains implicit procedural requirements—the apple must be sliced299

and chilled—necessitating a sequence of steps beyond merely disposing of an apple.300
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Figure 2: Reasoning process visualization for complex instruction execution. The figure shows our
model executing the instruction “Place a chilled apple section into the bin.” The model successfully
decomposes this seemingly simple instruction into 18 distinct actions across three phases, demon-
strating robust planning capabilities. Reasoning annotations highlight five critical cognitive abilities:
task decomposition, functional understanding, situational awareness, object property reasoning, and
commonsense knowledge application. This example illustrates how our model maintains coherent
planning over a long horizon (18 steps) while handling implicit requirements not explicitly stated in
the instruction (e.g., the apple must be chilled before disposal).

Our Qwen2.5-VL model with curriculum learning successfully decomposes this task into 18 distinct301

actions across three phases. First, the model identifies necessary tools, demonstrating task decom-302

position by recognizing that sectioning requires a knife. Second, it exhibits situational awareness,303

notably in Reasoning 6 where it places the knife down before handling the apple, showing safety304

awareness. Most importantly, the model correctly infers the need to refrigerate the apple to fulfill the305

“chilled” requirement—demonstrating both functional understanding of appliances and commonsense306

knowledge application. This example highlights improvements achieved through our curriculum307

learning approach, as baseline models consistently failed to maintain coherence across extended308

sequences, typically omitting the critical chilling step.309

6 Conclusion310

In this paper, we address fundamental limitations in embodied agents where current LVLMs struggle311

with complex real-life scenarios due to their environment-agnostic imitation learning paradigm.312

Previous approaches treat task instructions and environmental contexts as disconnected elements,313

leading to poor generalization in unfamiliar environments and inconsistent reasoning during multi-314

step tasks. We introduce a world-aware narrative enhancement approach that systematically develops315

four cognitive capabilities: visual appearance modeling, spatial-relational reasoning, functional316

abstraction learning, and syntactic grounding. Our experiments on EB-ALFRED demonstrate317

substantial improvements with Qwen2.5-VL and InternVL3, achieving up to 60.7 higher success318

rates and outperforming even proprietary models like GPT-4o in challenging scenarios. Our approach319
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proves that high-performance embodied planning is possible using only raw visual observations320

without privileged feedback, establishing a new state-of-the-art for embodied AI systems in complex,321

real-life-like environments.322
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7 Technical Appendices and Supplementary Material447

A Limitation448

While our framework demonstrates significant advancements in embodied planning, several limita-449

tions warrant further discussion. First, our world-aware narrative enhancement operates primarily450

at the symbolic action level (e.g., "pick up knife"), lacking explicit modeling of continuous control451

parameters. This abstraction necessitates future integration with low-level controllers to enable452

practical deployment requiring force modulation and precise trajectory optimization. Second, while453

our experiments demonstrate effectiveness in household environments based on the ALFRED dataset,454

the framework’s generalizability to industrial settings or outdoor scenarios with dynamic obstacles455

remains unverified. These domains may present distinct challenges in spatial reasoning and adaptive456

navigation that our current implementation does not address. Third, in our approach we mainly457

focus on enhancing user instruction and step-wise reasoning, limiting the fine-tuned model’s capacity458

for mid-execution error correction. This constraint suggests the need for more dynamic enhance459

mechanisms in future iterations.460

B Training Details461

B.1 Narrative Enhancement462

Our instruction enhancement pipeline employs the Qwen2.5-VL-72B-Instruct model under463

manufacturer-recommended configurations, utilizing temperature sampling (τ=1.0) with nucleus464

filtering (top-p=0.7) for balanced diversity and coherence. This process generates both narrative-465

augmented instructions and associated step-wise rationales, maintaining strict alignment with the466

original ALFRED action trajectories through constrained decoding mechanisms.467

B.2 Model Fine-tuning468

We implement full-parameter optimization on two vision-language architectures: Qwen2.5-VL-72B-469

Instruct and InternVL3-8B. The training regime employs AdamW optimization with base learning470

rate η = 110−5, 10% linear warmup, and cosine decay scheduling over 3 epochs. Experiments utilize471

contrastive context windows (16k/32k tokens) with per-device batch size 4, distributed across 8×A100-472

80GB nodes via tensor parallelism. The complete training cycle requires 14 hours per model variant,473

aggregating to 800 A100 GPU-hours when accounting for ablation studies and hyperparameter tuning.474

Memory optimization is achieved through Flash Attention v2 and BF16 mixed-precision training,475

maintaining numerical stability while maximizing hardware utilization.476

C Data Generation Process477

C.1 Dataset Statistics478

Our enhanced dataset comprises 80,875 instruction-trajectory pairs derived from 16,145 original479

ALFRED trajectories, systematically expanded through two complementary approaches. The first480

expansion preserves the original trajectory structure while adding four specialized narrative en-481

hancements (visual, spatial, functional and syntactic), yielding four distinct subsets each containing482

16,145 samples. Unlike conventional datasets that provide only sparse instructions and atomic483

action sequences, our framework enriches each trajectory with: (1) step-wise observation images484

capturing environmental states, and (2) step-wise reasoning annotations detailing action rationales485

and preconditions.486

Additionally, we provide a comparative dataset of 32,290 samples featuring implicit-instruction487

augmentation. This contrastive set employs self-supervised prompting techniques where models488

autonomously determine enhancement requirements through preliminary attention patterns, rather489

than receiving explicit annotation guidelines. This dual-structure design enables systematic evaluation490

of both human-guided and model-induced enhancement strategies, while maintaining parity in491

environmental complexity and task diversity with the original ALFRED distribution.492

13



C.2 Prompt Templates for Instruction Augmentation493

Here are the prompt templates used for generating the enhanced instructions across the four cognitive494

dimensions.495

Visual Dimension Prompt496

Visual Dimension Prompt:

Enhance the following instruction by adding spatial descriptions based on the image. Keep it
natural and concise.

Examples:
1. Original: "Put two spray bottles in the cabinet"
Enhanced: "Place two cylindrical green cleaning spray bottles in the wooden cabinet."

2. Original: "Put a knife in a container"
Enhanced: "Put a 20cm silver chef knife into the blue rectangular plastic container."

Now enhance:
Original: {human_instruction}
Enhanced:

Figure 3: Prompt for instruction visual enhancement

Spatial Dimension Prompt497

Spatial Dimension Prompt

Enhance the following instruction by adding multi-layered spatial descriptions based on the
image. Refer to objects through their positional relationships with 2-3 adjacent landmarks.
Keep descriptions natural and concise.

Examples:
1. Original: "Put two spray bottles in the cabinet"
Enhanced: "Put two spray bottles in the white cabinet under the stainless steel sink against
the wall"

2. Original: "Put a knife in a container"
Enhanced: "Place the chef’s knife holder on the granite countertop, positioned to the right of
the refrigerator"

Now enhance:
Original: {human_instruction}
Enhanced:

Figure 4: Prompt for instruction spatial enhancement
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Functional Dimension Prompt498

Functional Dimension Prompt

Enhance the following instruction by adding functional descriptions based on world
knowledge. Replace one object or its placement with an indirect reference while keeping the
sentence natural and concise.

Examples:
1. Original: "Put two spray bottles in the cabinet"
Enhanced: "Place two items used for misting surfaces inside the cabinet."

2. Original: "Put a knife in a container"
Enhanced: "Insert an object commonly used for cutting into a container designed for
safekeeping."

Now enhance:
Original: {human_instruction}
Enhanced:

Figure 5: Prompt for instruction functional enhancement

Syntactic Dimension Prompt499

Syntactic Dimension Prompt

Enhance the following instruction into a more elaborate version by adding contextual details
and symbolic substitutions. Replace objects and locations with contextual references (e.g.,
pronouns or implied terms) and include irrelevant but plausible background information.
Keep sentences concise and avoid adding new actions.

Examples:

1. Original: "Put two spray bottles in the cabinet"
Enhanced: "The spray bottles are on the shelf, already cleaned from yesterday’s use. Move
them to the cabinet for storage."

2. Original: "Put a knife in a container"
Enhanced: "That knife on the counter just finished slicing vegetables. Place it in the container
to keep the edge protected."

3. Original: "Put washed lettuce in the refrigerator"
Enhanced: "There’s a lettuce in the sink—we’ve prepped enough for dinner. Wash it and
store there to keep it fresh."

Now enhance:
Original: {human_instruction}
Enhanced:

Figure 6: Prompt for instruction syntactic enhancement
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C.2.1 Verification Prompt for Semantic Consistency500

Verification Prompt for Semantic Consistency

You are tasked with verifying two instructions describe the same task.

Original instruction: {original_instruction}
Enhanced instruction: {enhanced_instruction}
Environment images: [IMAGES]

Please verify if these instructions describe the SAME task goal, even if expressed
differently. Consider only task objects and actions, not the specific methods. Respond with
ONLY "Yes" if they describe the same task, or "No" if they describe different tasks.

Figure 7: Verification Prompt for Semantic Consist

C.2.2 Reasoning Generation Prompt501

Reasoning Generation Prompt

You are tasked with generating the reasoning process for an embodied agent executing a
specific action.

Instruction: {enhanced_instruction}
Current observation: [IMAGE]
Current action: {action}
Previous actions and reasoning:
{previous_actions_and_reasoning}

Please generate detailed reasoning that explains WHY the agent should take the cur-
rent action. Include:
1. What the agent observes in the environment
2. How this relates to the instruction
3. Why this specific action is appropriate at this step
4. How this action contributes to the overall task goal

Reasoning:

Figure 8: Reasoning Generation Prompt

D Broader Impact502

Our framework enhances embodied AI’s environmental reasoning capabilities, offering potential503

benefits for assistive robotics and cognitive science research through human-like task decomposition.504

Improved household automation could empower vulnerable populations, while the explicit modeling505

of environmental semantics may advance embodied intelligence studies.506

The approach remains limited in three critical aspects: (1) Operating at symbolic action levels without507

continuous control parameter modeling, requiring integration with low-level controllers for real-world508

force modulation; (2) Unverified generalization beyond household environments to industrial/outdoor509

settings with dynamic obstacles and specialized navigation demands; (3) Restricted mid-execution510

error correction capacity due to the current enhancement paradigm’s focus on pre-planned reasoning.511

These limitations highlight essential directions for future work to bridge simulation-to-reality gaps512

and enable robust real-world deployment.513
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NeurIPS Paper Checklist514

1. Claims515

Question: Do the main claims made in the abstract and introduction accurately reflect the516

paper’s contributions and scope?517

Answer: [Yes]518

Justification: The claims in the abstract and introduction accurately reflect the paper’s519

contributions. We identify the limitation of environment-agnostic planning in current520

LVLMs and propose a world-aware enhancement framework that systematically develops521

four cognitive dimensions (visual, spatial, functional, and syntactic).522

Guidelines:523

• The answer NA means that the abstract and introduction do not include the claims524

made in the paper.525

• The abstract and/or introduction should clearly state the claims made, including the526

contributions made in the paper and important assumptions and limitations. A No or527

NA answer to this question will not be perceived well by the reviewers.528

• The claims made should match theoretical and experimental results, and reflect how529

much the results can be expected to generalize to other settings.530

• It is fine to include aspirational goals as motivation as long as it is clear that these goals531

are not attained by the paper.532

2. Limitations533

Question: Does the paper discuss the limitations of the work performed by the authors?534

Answer: [Yes]535

Justification: Limitation is discussed in Appendix Part with a separate "Limitations" section.536

Guidelines:537

• The answer NA means that the paper has no limitation while the answer No means that538

the paper has limitations, but those are not discussed in the paper.539

• The authors are encouraged to create a separate "Limitations" section in their paper.540

• The paper should point out any strong assumptions and how robust the results are to541

violations of these assumptions (e.g., independence assumptions, noiseless settings,542

model well-specification, asymptotic approximations only holding locally). The authors543

should reflect on how these assumptions might be violated in practice and what the544

implications would be.545

• The authors should reflect on the scope of the claims made, e.g., if the approach was546

only tested on a few datasets or with a few runs. In general, empirical results often547

depend on implicit assumptions, which should be articulated.548

• The authors should reflect on the factors that influence the performance of the approach.549

For example, a facial recognition algorithm may perform poorly when image resolution550

is low or images are taken in low lighting. Or a speech-to-text system might not be551

used reliably to provide closed captions for online lectures because it fails to handle552

technical jargon.553

• The authors should discuss the computational efficiency of the proposed algorithms554

and how they scale with dataset size.555

• If applicable, the authors should discuss possible limitations of their approach to556

address problems of privacy and fairness.557
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reviewers as grounds for rejection, a worse outcome might be that reviewers discover559

limitations that aren’t acknowledged in the paper. The authors should use their best560

judgment and recognize that individual actions in favor of transparency play an impor-561

tant role in developing norms that preserve the integrity of the community. Reviewers562

will be specifically instructed to not penalize honesty concerning limitations.563

3. Theory assumptions and proofs564

Question: For each theoretical result, does the paper provide the full set of assumptions and565

a complete (and correct) proof?566
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Answer: [NA]567

Justification: We do not include theoretical results.568

Guidelines:569

• The answer NA means that the paper does not include theoretical results.570

• All the theorems, formulas, and proofs in the paper should be numbered and cross-571

referenced.572

• All assumptions should be clearly stated or referenced in the statement of any theorems.573

• The proofs can either appear in the main paper or the supplemental material, but if574

they appear in the supplemental material, the authors are encouraged to provide a short575

proof sketch to provide intuition.576

• Inversely, any informal proof provided in the core of the paper should be complemented577

by formal proofs provided in appendix or supplemental material.578

• Theorems and Lemmas that the proof relies upon should be properly referenced.579

4. Experimental result reproducibility580

Question: Does the paper fully disclose all the information needed to reproduce the main ex-581

perimental results of the paper to the extent that it affects the main claims and/or conclusions582

of the paper (regardless of whether the code and data are provided or not)?583

Answer: [Yes]584

Justification: Code and model generation configs are provided in supplementary materials.585

Guidelines:586

• The answer NA means that the paper does not include experiments.587

• If the paper includes experiments, a No answer to this question will not be perceived588

well by the reviewers: Making the paper reproducible is important, regardless of589

whether the code and data are provided or not.590

• If the contribution is a dataset and/or model, the authors should describe the steps taken591

to make their results reproducible or verifiable.592

• Depending on the contribution, reproducibility can be accomplished in various ways.593

For example, if the contribution is a novel architecture, describing the architecture fully594

might suffice, or if the contribution is a specific model and empirical evaluation, it may595

be necessary to either make it possible for others to replicate the model with the same596

dataset, or provide access to the model. In general. releasing code and data is often597

one good way to accomplish this, but reproducibility can also be provided via detailed598

instructions for how to replicate the results, access to a hosted model (e.g., in the case599

of a large language model), releasing of a model checkpoint, or other means that are600

appropriate to the research performed.601

• While NeurIPS does not require releasing code, the conference does require all submis-602

sions to provide some reasonable avenue for reproducibility, which may depend on the603

nature of the contribution. For example604

(a) If the contribution is primarily a new algorithm, the paper should make it clear how605

to reproduce that algorithm.606

(b) If the contribution is primarily a new model architecture, the paper should describe607

the architecture clearly and fully.608

(c) If the contribution is a new model (e.g., a large language model), then there should609

either be a way to access this model for reproducing the results or a way to reproduce610

the model (e.g., with an open-source dataset or instructions for how to construct611

the dataset).612

(d) We recognize that reproducibility may be tricky in some cases, in which case613

authors are welcome to describe the particular way they provide for reproducibility.614

In the case of closed-source models, it may be that access to the model is limited in615

some way (e.g., to registered users), but it should be possible for other researchers616

to have some path to reproducing or verifying the results.617

5. Open access to data and code618
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Question: Does the paper provide open access to the data and code, with sufficient instruc-619

tions to faithfully reproduce the main experimental results, as described in supplemental620

material?621

Answer: [Yes]622

Justification: Our code is provided in supplementary materials and will release soon.623

Guidelines:624

• The answer NA means that paper does not include experiments requiring code.625

• Please see the NeurIPS code and data submission guidelines (https://nips.cc/626

public/guides/CodeSubmissionPolicy) for more details.627

• While we encourage the release of code and data, we understand that this might not be628

possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not629

including code, unless this is central to the contribution (e.g., for a new open-source630

benchmark).631

• The instructions should contain the exact command and environment needed to run to632

reproduce the results. See the NeurIPS code and data submission guidelines (https:633

//nips.cc/public/guides/CodeSubmissionPolicy) for more details.634

• The authors should provide instructions on data access and preparation, including how635

to access the raw data, preprocessed data, intermediate data, and generated data, etc.636

• The authors should provide scripts to reproduce all experimental results for the new637

proposed method and baselines. If only a subset of experiments are reproducible, they638

should state which ones are omitted from the script and why.639

• At submission time, to preserve anonymity, the authors should release anonymized640

versions (if applicable).641

• Providing as much information as possible in supplemental material (appended to the642

paper) is recommended, but including URLs to data and code is permitted.643

6. Experimental setting/details644

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-645

parameters, how they were chosen, type of optimizer, etc.) necessary to understand the646

results?647

Answer: [Yes]648

Justification: Setting and Details are discussed in section 4.1 and appendix.649

Guidelines:650

• The answer NA means that the paper does not include experiments.651

• The experimental setting should be presented in the core of the paper to a level of detail652

that is necessary to appreciate the results and make sense of them.653

• The full details can be provided either with the code, in appendix, or as supplemental654

material.655

7. Experiment statistical significance656

Question: Does the paper report error bars suitably and correctly defined or other appropriate657

information about the statistical significance of the experiments?658

Answer: [No]659

Justification: We follow the evaluation settings in Embodiedbench, which does not contain660

error bar settings.661

Guidelines:662

• The answer NA means that the paper does not include experiments.663

• The authors should answer "Yes" if the results are accompanied by error bars, confi-664

dence intervals, or statistical significance tests, at least for the experiments that support665

the main claims of the paper.666

• The factors of variability that the error bars are capturing should be clearly stated (for667

example, train/test split, initialization, random drawing of some parameter, or overall668

run with given experimental conditions).669
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• The method for calculating the error bars should be explained (closed form formula,670

call to a library function, bootstrap, etc.)671

• The assumptions made should be given (e.g., Normally distributed errors).672

• It should be clear whether the error bar is the standard deviation or the standard error673

of the mean.674

• It is OK to report 1-sigma error bars, but one should state it. The authors should675

preferably report a 2-sigma error bar than state that they have a 96 CI, if the hypothesis676

of Normality of errors is not verified.677

• For asymmetric distributions, the authors should be careful not to show in tables or678

figures symmetric error bars that would yield results that are out of range (e.g. negative679

error rates).680

• If error bars are reported in tables or plots, The authors should explain in the text how681

they were calculated and reference the corresponding figures or tables in the text.682

8. Experiments compute resources683

Question: For each experiment, does the paper provide sufficient information on the com-684

puter resources (type of compute workers, memory, time of execution) needed to reproduce685

the experiments?686

Answer: [Yes]687

Justification: Experiments compute resources part is discussed in Appenix.688

Guidelines:689

• The answer NA means that the paper does not include experiments.690

• The paper should indicate the type of compute workers CPU or GPU, internal cluster,691

or cloud provider, including relevant memory and storage.692

• The paper should provide the amount of compute required for each of the individual693

experimental runs as well as estimate the total compute.694

• The paper should disclose whether the full research project required more compute695

than the experiments reported in the paper (e.g., preliminary or failed experiments that696

didn’t make it into the paper).697

9. Code of ethics698

Question: Does the research conducted in the paper conform, in every respect, with the699

NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?700

Answer: [Yes]701

Justification: We carefully follow NeurIPS Code of Ethics in our research.702

Guidelines:703

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.704

• If the authors answer No, they should explain the special circumstances that require a705

deviation from the Code of Ethics.706

• The authors should make sure to preserve anonymity (e.g., if there is a special consid-707

eration due to laws or regulations in their jurisdiction).708

10. Broader impacts709

Question: Does the paper discuss both potential positive societal impacts and negative710

societal impacts of the work performed?711

Answer: [Yes]712

Justification: This part is discussed in the Appendix.713

Guidelines:714

• The answer NA means that there is no societal impact of the work performed.715

• If the authors answer NA or No, they should explain why their work has no societal716

impact or why the paper does not address societal impact.717

• Examples of negative societal impacts include potential malicious or unintended uses718

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations719

(e.g., deployment of technologies that could make decisions that unfairly impact specific720

groups), privacy considerations, and security considerations.721
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• The conference expects that many papers will be foundational research and not tied722

to particular applications, let alone deployments. However, if there is a direct path to723

any negative applications, the authors should point it out. For example, it is legitimate724

to point out that an improvement in the quality of generative models could be used to725

generate deepfakes for disinformation. On the other hand, it is not needed to point out726

that a generic algorithm for optimizing neural networks could enable people to train727

models that generate Deepfakes faster.728

• The authors should consider possible harms that could arise when the technology is729

being used as intended and functioning correctly, harms that could arise when the730

technology is being used as intended but gives incorrect results, and harms following731

from (intentional or unintentional) misuse of the technology.732

• If there are negative societal impacts, the authors could also discuss possible mitigation733

strategies (e.g., gated release of models, providing defenses in addition to attacks,734

mechanisms for monitoring misuse, mechanisms to monitor how a system learns from735

feedback over time, improving the efficiency and accessibility of ML).736

11. Safeguards737

Question: Does the paper describe safeguards that have been put in place for responsible738

release of data or models that have a high risk for misuse (e.g., pretrained language models,739

image generators, or scraped datasets)?740

Answer: [NA]741

Justification: The paper poses no such risks.742

Guidelines:743

• The answer NA means that the paper poses no such risks.744

• Released models that have a high risk for misuse or dual-use should be released with745

necessary safeguards to allow for controlled use of the model, for example by requiring746

that users adhere to usage guidelines or restrictions to access the model or implementing747

safety filters.748

• Datasets that have been scraped from the Internet could pose safety risks. The authors749

should describe how they avoided releasing unsafe images.750

• We recognize that providing effective safeguards is challenging, and many papers do751

not require this, but we encourage authors to take this into account and make a best752

faith effort.753

12. Licenses for existing assets754

Question: Are the creators or original owners of assets (e.g., code, data, models), used in755

the paper, properly credited and are the license and terms of use explicitly mentioned and756

properly respected?757

Answer: [Yes]758

Justification: We use the dataset from ALFRED759

(https://github.com/askforalfred/alfred) and evaluation benchmark from Embodied-760

bench.(https://github.com/EmbodiedBench/EmbodiedBench)761

Guidelines:762

• The answer NA means that the paper does not use existing assets.763

• The authors should cite the original paper that produced the code package or dataset.764

• The authors should state which version of the asset is used and, if possible, include a765

URL.766

• The name of the license (e.g., CC-BY 4.0) should be included for each asset.767

• For scraped data from a particular source (e.g., website), the copyright and terms of768

service of that source should be provided.769

• If assets are released, the license, copyright information, and terms of use in the770

package should be provided. For popular datasets, paperswithcode.com/datasets771

has curated licenses for some datasets. Their licensing guide can help determine the772

license of a dataset.773
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• For existing datasets that are re-packaged, both the original license and the license of774

the derived asset (if it has changed) should be provided.775

• If this information is not available online, the authors are encouraged to reach out to776

the asset’s creators.777

13. New assets778

Question: Are new assets introduced in the paper well documented and is the documentation779

provided alongside the assets?780

Answer: [Yes]781

Justification: All assets are discussed in main paper and Appendix.782

Guidelines:783

• The answer NA means that the paper does not release new assets.784

• Researchers should communicate the details of the dataset/code/model as part of their785

submissions via structured templates. This includes details about training, license,786

limitations, etc.787

• The paper should discuss whether and how consent was obtained from people whose788

asset is used.789

• At submission time, remember to anonymize your assets (if applicable). You can either790

create an anonymized URL or include an anonymized zip file.791

14. Crowdsourcing and research with human subjects792

Question: For crowdsourcing experiments and research with human subjects, does the paper793

include the full text of instructions given to participants and screenshots, if applicable, as794

well as details about compensation (if any)?795

Answer: [NA]796

Justification: The paper does not involve crowdsourcing nor research with human subjects.797

Guidelines:798

• The answer NA means that the paper does not involve crowdsourcing nor research with799

human subjects.800

• Including this information in the supplemental material is fine, but if the main contribu-801

tion of the paper involves human subjects, then as much detail as possible should be802

included in the main paper.803

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,804

or other labor should be paid at least the minimum wage in the country of the data805

collector.806

15. Institutional review board (IRB) approvals or equivalent for research with human807

subjects808

Question: Does the paper describe potential risks incurred by study participants, whether809

such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)810

approvals (or an equivalent approval/review based on the requirements of your country or811

institution) were obtained?812

Answer: [NA]813

Justification: The paper does not involve crowdsourcing nor research with human subjects.814

Guidelines:815

• The answer NA means that the paper does not involve crowdsourcing nor research with816

human subjects.817

• Depending on the country in which research is conducted, IRB approval (or equivalent)818

may be required for any human subjects research. If you obtained IRB approval, you819

should clearly state this in the paper.820

• We recognize that the procedures for this may vary significantly between institutions821

and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the822

guidelines for their institution.823

• For initial submissions, do not include any information that would break anonymity (if824

applicable), such as the institution conducting the review.825
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16. Declaration of LLM usage826

Question: Does the paper describe the usage of LLMs if it is an important, original, or827

non-standard component of the core methods in this research? Note that if the LLM is used828

only for writing, editing, or formatting purposes and does not impact the core methodology,829

scientific rigorousness, or originality of the research, declaration is not required.830

Answer: [Yes]831

Justification: Details are discussed in Section 3.832

Guidelines:833

• The answer NA means that the core method development in this research does not834

involve LLMs as any important, original, or non-standard components.835

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)836

for what should or should not be described.837
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