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1 Full Version of Related Work
Embodied Artificial Intelligence. Embodied AI investigates the
interaction between physical bodies and their environments, con-
stituting an interdisciplinary domain at the confluence of artificial
intelligence and cognitive science [15, 42, 44, 55, 70, 79]. In re-
cent years, propelled by rapid advancements in multimodal large
models for multimodal representation and reasoning, embodied
AI has witnessed significant breakthroughs. For example, Vision-
Language-Action models (VLAs) [10, 39, 78] empower embodied
agents to generate actions based on visual observations and lin-
guistic instructions, thereby facilitating the execution of robotic
tasks. PaLM-E [16] employs a decoder-only large language model
that autoregressively predicts sequences of text or action decisions.
Google’s RT series [10, 47] integrates internet-sourced data with
information gathered from various simulators to train end-to-end
robotic control models. Similarly, Octopus [71] leverages multi-
modal foundation models to dynamically generate descriptions of
observed scenes within ongoing tasks, subsequently feeding these
descriptions into large language models to produce follow-up in-
structions. Additional explorations within the field of embodied
AI include the application of multimodal large models or large
language models, such as GPT-4V [34, 63], LLaVA [32, 75] and
LLaMA [39], for environmental perception or instruction reasoning.
Beyond the development of more robust multimodal representa-
tions, the comprehensive simulation of the world has emerged as a
critical research focus for enhancing the efficacy of embodied AI.

∗Both authors contributed equally to this research.
†Corresponding author.

For instance, 3D-VLA (3D Vision Language Action) [78] simulates
knowledge of the physical world by extracting rich 3D scene infor-
mation and generates actions by envisioning the task completion
process. iVideoGPT [67] serves as an interactive video generation
world model, enabling agents to engage in exploration, reasoning,
and planning within its framework. Further efforts encompass the
development of simulators that more accurately reflect the physical
world, such as Habitat [45], alongside the adoption of more effective
3D scene reconstruction techniques, such as 3D Gaussians [56]. At
present, a primary limitation in the embodied AI field is the absence
of autonomous evolutionary capabilities. Shapiro [55] underscore
the pivotal role of continuous interaction and evolution between
the body and the physical environment in cognitive processes. Pre-
liminary studies [18, 21] have examined agent evolution grounded
in continuous reinforcement learning or test-time adaptation; how-
ever, these endeavors remain inadequate for the construction of
robust embodied world models and cognitive frameworks.
Multimodal Large Language Model (MLLM). MLLMs are de-
signed to jointly process and comprehend multimodal data, en-
compassing text, images, videos, and additional modalities. Initial
developments in MLLMs predominantly featured visual-language
models (VLMs), such as CLIP [52] and ALIGN [37], which undergo
pre-training on extensive image-text pairs through contrastive
learning for multimodal fusion. Subsequently, Flamingo [2] intro-
duces few-shot learning capabilities, markedly improving the ef-
ficacy of VLMs in zero-shot tasks. Leveraging the significant text
understanding and generation advancements in large language
models (LLMs), such as GPT-3 [11] and the LLaMA series [60],
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MLLMs have extended the scope of artificial intelligence (AI) appli-
cations in multimodal tasks such as image captioning, visual ques-
tion answering, video understanding, and cross-modal dialogue.
LLaVA [41] achieves end-to-end training by employing visual in-
struction tuning and datasets generated by GPT-4 [1], attaining
performance levels proximate to those of GPT-4V. Over the past two
years, MLLMs have expanded into the domains of video and audio
processing. Models such as LLaMA-VID [74] and NExT-GPT [69]
have demonstrated proficiency in managing long video content
and performing multimodal generation. Models like GPT-4o [1],
Gemini [58], Claude [8], and Grok exhibiting exceptional multi-
modal understanding and reasoning capabilities. However, these
models remain proprietary, accessible solely through application
programming interfaces (APIs). The advent of open-source models,
including QwenVL [7], InternLM-Xcomposer [76], CogVLM [64],
LLaVA-NeXT [40], and DeepSeek-VL Janus [43], have substantially
advanced the field. These developments have also empowered re-
searchers to harness MLLM capabilities with greater flexibility,
thereby fostering progress in the domain of embodied AI. Neverthe-
less, owing to deficiencies in physical interaction and environmen-
tal adaptability, the question of how MLLMs can more effectively
contribute to embodied intelligence persists as an area of ongoing
investigation.
World Model (WM). World models endeavor to emulate the cog-
nitive mechanisms of the human brain, focusing on encoding the
evolutionary patterns of world states, the environmental responses
to agent behaviors, and their intrinsic connections with perceptual
inputs, thereby constructing internal representation mechanisms
for agents [19, 24, 57]. The concept of world models was initially
proposed by David Ha and Jürgen Schmidhuber [25], who delin-
eated a foundational architecture comprising a visual model (V), a
memory model (M), and a controller (C). On the one hand, early
investigations [25] concentrates on abstract representations of the
external world, aiming to elucidate its fundamental mechanisms
and principles. On the other hand, scholars such as LeCun [22]
emphasize that world models should not only perceive and model
the world but also possess the capability to predict future states.
To achieve the above objectives, contemporary world model archi-
tectures are predominantly classified into three categories: (1) Re-
current State Space Models (RSSMs) [26, 27, 46, 68] are designed to
facilitate predictions within latent spaces by learning dynamic mod-
els of the environment from pixel observations and selecting actions
through planning in the encoded latent space. (2) Joint-Embedding
Predictive Architectures (JEPAs) [5, 9, 22] aim to learn mappings
from input data to predicted outputs within a higher-level semantic
representation space. (3) Transformer-based Models [12, 53, 77]
leverage their robust sequence modeling capabilities to process
complex multimodal information and long-term environmental
changes. At present, world models have demonstrated considerable
application potential in fields such as robotic control [54, 61, 62]
and autonomous driving [33, 66, 80, 82]. To enhance the repre-
sentational capabilities of world models, certain approaches have
resorted to harnessing the formidable representational abilities of
multimodal large models. However, these methods treat multimodal
large models as integral components of the world model, lacking
designs for collaborative interaction and cognitively inspired archi-
tectures between the two.

2 Detailed Experimental Settings
2.1 In-domain Datasets
Following the evaluation protocol established in [13], we assess the
proposed embodied agent on five widely adopted datasets covering
core embodied AI tasks such as vision-and-language navigation
(VLN) and embodied question answering (EQA). These benchmarks
span a broad range of challenges, including multi-turn dialog com-
prehension, goal-directed object localization, and open-ended QA
in realistic 3D environments.
• CVDN [59] presents a multi-turn dialog-based navigation task,

requiring agents to reach target locations by interpreting a nat-
ural conversation between two humans. The dataset contains
2,050 human-human dialogs comprising over 7,400 navigation
trajectories, interleaved with question–answer exchanges, and
spans 83 real-world houses. It emphasizes the agent’s ability
to ground dialog history in spatial understanding and perform
long-horizon planning in complex indoor environments.

• SOON [83] evaluates an agent’s ability to locate specific objects
based on rich natural language descriptions in large-scale 3D
scenes. It provides 3,848 instructions describing absolute object
locations, along with 6,326 bounding boxes for 3,923 objects
distributed across 90 Matterport scenes. Although the task im-
poses no constraint on the agent’s starting position, the dataset
includes over 30,000 long-distance trajectories for evaluating
navigation effectiveness. Each instruction integrates attributes,
relationships, and region descriptions to help uniquely identify
the target object within visually complex environments.

• R2R [4] is a foundational VLN benchmark in which agents fol-
low natural language instructions to navigate through photoreal-
istic indoor environments built from Matterport3D. The dataset
includes 7,189 unique navigation paths and 21,567 human-written
instructions, with each path averaging 9.9 meters in length. The
benchmark assesses agents’ abilities in instruction following,
visual-language grounding, and generalization to unseen envi-
ronments.

• REVERIE [49] focuses on long-range referring expression ground-
ing in realistic 3D spaces. It comprises 10,567 panoramic images
and 21,702 high-level goal-oriented instructions spanning 90
buildings. The task requires agents to interpret abstract refer-
ring expressions, perform long-horizon navigation, and ground
language in visual observations to accurately identify remote
target objects.

• ScanQA [6] is a large-scale benchmark for embodied question
answering over RGB-D reconstructed indoor scenes. It con-
tains 41,363 questions and 58,191 answers, including 32,337
unique questions and 16,999 unique answers. In addition to
question–answer pairs, the dataset also provides 3D object local-
ization annotations, supporting fine-grained semantic reasoning
and spatial understanding. Questions were collected through a
combination of automated generation and human refinement,
resulting in broad linguistic diversity across various spatial and
functional query types.
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Table 1: Overall comparison with state-of-the-art methods on in-domain tasks. * indicates experimental results that we have
reproduced.

CVDN SOON R2R REVERIE ScanQA

GP SPL SR SPL SR SPL SR Val ROUGE-L

Separate Model For Each Task
PREVALENT [29] 3.15 - - 53 58 - - - -
HOP [50] 4.41 - - 57 64 26.11 31.78 - -
HAMT [13] 5.13 - - 61 66 - - - -
VLN-BERT [30] - - - 57 63 - - - -
GBE [83] - 13.34 19.52 - - - - - -
DUET [14] - 22.58 36.28 60 69 33.73 46.98 - -
Meta-Explore [36] - 34.84 44.69 62 72 34.03 - - -
AZHP [20] - - - 61 72 36.63 48.31 - -
VLN-SIG [38] 5.52 - - 62 72 - - - -
VLN-PETL [51] 5.69 - - 60 65 27.67 31.81 - -
BEV-BERT [3] - - - 64 75 36.37 51.78 - -
3D-LLM [31] - - - - - - - 20.5 35.7

Unified Model For All Tasks
MT-RCM+Env [65] 4.65 - - 49 52 - - - -
NaviLLM [79] 6.16 28.09 35.44 58 67 36.63 44.56 23.3 38.2
NaviLLM* [79] 5.75 26.19 35.93 54 66 31.01 38.94 22.93 38.2
+BEEA 6.30 30.97 38.29 60 69 37.28 45.04 23.14 38.33

Table 2: Task success rates on 6 subsets of EB-ALFRED and EB-Habitat.

2pt
ccccccccccccccc

Model EB-ALFRED EB-Habitat

Avg Base Common Complex Visual Spatial Long Avg Base Common Complex Visual Spatial Long

Proprietary MLLMs

GPT-4o 56.3 64 54 68 46 52 54 59.0 86 44 56 68 36 64
GPT-4o-mini 24.0 34 28 36 24 22 0 32.7 74 22 32 22 32 14

Claude-3.5-Sonnet 64.0 72 66 76 60 58 52 68.0 96 68 78 70 38 58
Gemini-1.5-Pro 62.3 70 64 72 58 52 58 56.3 92 52 48 56 38 52
Gemini-2.0-flash 52.3 62 48 54 46 46 58 42.3 82 38 38 36 34 26
Gemini-1.5-flash 39.3 44 40 56 42 26 28 39.3 76 32 48 36 32 12
Qwen-VL-Max 41.3 44 48 44 42 38 32 45.3 74 40 50 42 30 36

GPT-4o (Lang) 58.0 62 64 70 52 46 54 56.0 82 52 58 74 34 36
GPT-4o-mini (Lang) 31.3 42 36 46 30 20 14 36.7 82 30 34 30 30 14

Open-Source MLLMs

InternVL2.5-8B 2.0 4 6 2 0 0 0 11.3 36 4 0 10 16 2
+BEEA 3.7 4 8 6 2 0 2 15.3 44 10 0 16 16 6

Qwen2.5-VL-7B-Ins 4.7 10 8 6 2 0 2 14.3 32 2 26 10 14 2
+BEEA 7.7 12 8 14 6 0 6 21.0 56 6 28 16 14 6

InternVL2.5-78B 37.7 38 34 42 34 36 42 49.0 80 42 56 58 30 28
+BEEA 39.3 38 36 52 28 40 42 51.7 82 38 58 68 32 32

2.2 Out-of-domain Datasets
A proficient embodied agent should be able to generalize beyond
its training distribution and exhibit spatial intelligence in novel
scenarios. Similar to how humans acquire spatial and behavioral
understanding through exploration and interaction [17, 23, 35], an
embodied agent is expected to implicitly develop robust generaliza-
tion capabilities by accumulating multimodal experience in diverse
environments (e.g., through vision-and-language navigation). To
validate the generalization ability of our proposed framework, we

conduct zero-shot evaluations across multiple out-of-domain em-
bodied intelligence and spatial reasoning benchmarks.
• EmbodiedBench [73] is a large-scale and systematically de-

signed benchmark for evaluating vision-based embodied agents
built upon multimodal large language models (MLLMs). It en-
compasses 1,128 diverse tasks distributed across four distinct
simulated household environments. The tasks span a wide diffi-
culty spectrum, ranging from high-level semantic planning tasks
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Table 3: Task success rates on 5 subsets of EB-Navigation and EB-Manipulation

2pt

ccccccccccccccc

Model EB-Navigation EB-Manipulation

Avg Base Common Complex Visual Long Avg Base Common Complex Visual Spatial

Proprietary MLLMs

GPT-4o 57.7 55.0 60.0 58.3 60.0 55.0 28.9 39.6 29.2 29.2 19.4 25.0
GPT-4o-mini 32.8 31.7 33.3 35.0 28.3 33.3 4.8 4.2 6.3 2.1 0.0 10.4

Claude-3.5-Sonnet 44.7 66.7 51.7 41.7 36.7 26.7 25.4 37.5 16.7 29.2 19.4 22.9
Gemini-1.5-Pro 24.3 23.3 25.0 25.0 28.3 20.0 21.1 14.6 14.6 22.9 16.7 35.4
Gemini-2.0-flash 48.7 63.3 65.0 50.0 51.7 13.3 16.7 14.6 8.3 14.6 13.9 31.3
Gemini-1.5-flash 41.7 56.7 50.0 46.7 50.0 5.0 9.6 14.6 10.4 4.2 8.3 10.4
Qwen-VL-Max 39.7 50.0 46.7 41.7 35.0 25.0 18.0 25.0 10.4 18.8 2.8 29.2

GPT-4o (Lang) 17.4 21.7 21.7 26.7 16.7 0.0 16.2 16.7 16.7 14.6 19.4 14.6
GPT-4o-mini (Lang) 8.3 3.3 13.3 10.0 15.0 0.0 6.6 12.5 0.0 2.1 2.8 14.6

Open-Source MLLMs

InternVL2_5-8B 21.3 35.0 23.3 21.7 26.7 0.0 7.0 8.3 2.1 6.3 8.3 10.4
+BEEA 26.7 41.6 25.0 31.6 26.7 8.3 9.2 8.3 6.3 8.3 10.4 12.5

Qwen2.5-VL-7B-Ins 25.7 28.3 30.0 41.7 20.0 8.3 9.6 8.3 8.3 8.3 5.6 16.7
+BEEA 29.7 31.7 38.3 38.3 26.7 13.3 12.1 10.4 12.5 8.3 10.4 18.8

InternVL2_5-78B 30.7 36.7 38.3 33.3 21.7 23.3 18.0 16.7 16.7 14.6 22.2 20.8
+BEEA 33.0 43.3 33.3 35.0 26.7 26.7 23.3 20.8 16.7 18.8 25.0 35.4

Table 4: Results on VSI-Bench. † denotes results on VSI-Bench (tiny) set.
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†Human Level 94.3 47.0 60.4 45.9 94.7 95.8 95.8 100.0
GPT-4o 46.2 5.3 43.8 38.2 37.0 41.3 31.5 28.5
Gemini-1.5 Pro 56.2 30.9 64.1 43.6 51.3 46.3 36.0 34.6
LLaVA-NeXT-Video-72B 48.9 22.8 57.4 35.3 42.4 36.7 35.0 48.6
InternVL2.5-8B 7.0 33.4 42.4 41.3 38.0 39.7 25.7 36.0
+BEEA 7.4 34.4 43.0 43.7 38.9 42.0 27.3 37.1
Qwen2.5-VL-7B 23.0 16.5 48.0 23.3 37.5 39.7 28.9 29.5
+BEEA 22.9 18.1 49.7 25.2 38.4 40.9 30.0 30.5
InternVL2.5-78B 46.7 30.3 55.4 45.4 46.6 37.6 28.9 30.9
+BEEA 47.2 34.8 56.9 46.7 48.0 41.2 32.1 35.4

(e.g., organizing a room, preparing breakfast) to low-level sen-
sorimotor actions (e.g., pick-and-place, navigation, and object
manipulation). Each task is paired with multimodal instructions,
combining natural language and visual context. The benchmark
comprehensively assesses six core embodied intelligence capabil-
ities: spatial reasoning, commonsense reasoning, long-horizon
planning, visual perception, action grounding, and language
understanding. Its diversity and task richness make it a valuable
resource for testing the generalization, compositionality, and
robustness of vision-language agents under out-of-distribution
conditions.

• VSI-Bench [72] is a diagnostic benchmark targeting the evalua-
tion of spatial perception and reasoning abilities in multimodal
models, particularly MLLMs. The dataset comprises over 5,000

multiple-choice question–answer pairs derived from 288 anno-
tated videos of real-world indoor scenes. Each video captures
dynamic scenes from a first-person or third-person perspective,
mimicking real-world embodied exploration. The benchmark
is organized into eight spatial task categories, including object
counting, object search, distance estimation, spatial relationship
identification, collision prediction, navigation route planning,
and goal-driven scene understanding. Each task is designed to
evaluate a specific aspect of visual-spatial intelligence in com-
plex and cluttered environments. By focusing on spatial infer-
ence grounded in visual sequences, VSI-Bench complements
static scene-based benchmarks and provides critical insights
into the temporal and geometric reasoning abilities of modern
embodied agents.
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Figure 1: Embodied execution comparison in EB-ALFRED and EB-Manipulation using our BEEA and InternVL2.5-78B.

Evaluation Metrics. For navigation tasks in in-domain datasets,
we employ Success Rate (SR), Success weighted by Path Length
(SPL) and Goal Progress (GP) as evaluation metrics. Here, SR is the
proportion of successfully executed instructions with the NE less
than 3 meters; SPL denotes SR penalized by Path Length, which is
calculated as 1

𝐸

∑𝐸
𝑖=1 𝑆𝑖

𝑙𝑖
𝑚𝑎𝑥 (𝑝𝑖 ,𝑙𝑖 ) , where 𝐸 is the number of tasks,

𝑆𝑖 denotes the success as a binary value, 𝑙𝑖 and 𝑝𝑖 denote the short-
est path and actual path length for the 𝑖𝑡ℎ task. GP indicates the
average agent progress towards the goal location. For 3D-QA tasks,
we adopt the Exact Match (EM) accuracy metric. Regarding out-
of-domain datasets, we utilize the respective evaluation metrics
specified in each benchmark: for instance, execution accuracy for
both high-level and low-level embodied tasks in EmbodiedBench,
and question-answering accuracy across different spatial intelli-
gence dimensions in VSI-Bench.
Baselines.We construct our embodied evolution agent using repre-
sentative and popular multimodal large language models, including
InternVL2.5-8B/78B [76] and Qwen2.5-VL-7B-Ins [7]. Additionally,
since the original in-domain MLLM, NaviLLM [79] were trained
based on the Vicuna language model [48], we conduct comparative
evaluation and ablation studies on this baseline model to validate
the effectiveness of our proposed framework. Furthermore, we
comprehensively compare our results with those reported by other
methods in respective benchmarks [72, 73, 79].

2.3 Implementation Details
In this study, we employ multiple open-source MLLMs to vali-
date the effectiveness of the BEEA framework, including Vicuna-
based NaviLLM [79], InternVL2.5-8B/78B [76], and Qwen2.5-VL-
7B-Ins [7]. We conduct multi-task fine-tuning using in-domain
datasets. Following [28, 79], we utilize the Adam optimizer with a
learning rate of 3e-5 and train for 5000 steps. A training strategy
alternating between teacher forcing and student forcing is adopted.
Diverse tasks—including embodied navigation and question answer-
ing—are reformulated as generation problems via schema-based
instruction representations. Please refer to the [79] for dataset
details and schema examples. For the Vicuna-based NaviLLM, ad-
hering to [79], we perform full-parameter fine-tuning on in-domain
datasets. For the other three representative MLLMs, to better as-
sess the enhancement of zero-shot generalization on out-of-domain
tasks, fine-tuning is conducted solely on in-domain navigation
datasets. Notably, for these three MLLMs, all parameters of the vi-
sual encoders and LLMs are frozen during training. Following [81],
we introduce a Q-Former-like structure [41] between the visual
encoder and LLM for parameter fine-tuning. For hyperparameters,
we set 𝐾 to 10, and 𝛽L2W/𝛽W2L and 𝛾 are set to 0.95 and 0.9, respec-
tively. During testing, with respect to the sampling strategy for
action generation, we referred to [72, 73, 79] and employ varying
temperatures and greedy strategies. It is worth noting that the dy-
namic communication slot is dynamically updated during testing.
All models are trained using 8 Nvidia A100 GPUs.
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Figure 2: In-context learning example in EB-ALFRED using our BEEA with InternVL2.5-78B.

3 Quantitative Comparisons
3.1 Experimental Results on In-domain Tasks
Comparison with Full Parameter-tuning Methods. Follow-
ing NaviLLM [79], we adopt a multimodal perception framework
comprising a Vicuna-based language model and a Vision Trans-
former (ViT)-based visual encoder, with full parameter multi-task
fine-tuning during training. As evidenced by Table 1, our proposed
BEEAmodel outperforms the baseline NaviLLM across all tasks and
metrics. Notably, BEEA significantly improves navigation perfor-
mance over NaviLLM on SOON, R2R, and REVERIE. This enhance-
ment primarily stems from the synergistic collaboration between
theMLLM and theWM, facilitated by dynamic communication slots
analogous to the corpus callosum in biological systems. In addition,
both BEEA and NaviLLM, as unified multi-task models, achieve
superior performance over specialized models on CVDN, SOON,
and ScanQA, while attaining comparable results to task-specific
models on R2R and REVERIE . This demonstrates that multimodal
multi-task training frameworks exhibit greater potential in tasks
requiring complex language understanding and interaction (e.g.,
CVDN, SOON, ScanQA).

3.2 Experimental Results on Out-of-domain
Datasets

Comparison Results on EmbodiedBench. EmbodiedBench is
designed to evaluate the performance of MLLMs in vision-driven
embodied agent tasks. This benchmark encompasses four envi-
ronments: EB-ALFRED and EB-Habitat (high-level tasks) and EB-
Navigation and EB-Manipulation (low-level tasks). The results
in Table 2 and Table 3 demonstrate that MLLMs exhibit signifi-
cantly better performance in high-level tasks compared to low-level
tasks, with proprietary models like GPT and Claude outperforming
smaller-scale open-source MLLMs. Notably, with the integration
of the proposed embodied evo-agent framework, various MLLMs
show consistent improvements across most metrics. Additionally,
long-horizon planning emerges as the most challenging subtask,
with model performance generally declining by 20%-30% compared
to base tasks, highlighting the current limitations of MLLMs in com-
plex sequential decision-making. The improvement achieved by
our approach in this subtask underscores the potential of bridging
MLLM and WM to enhance the execution of real-world tasks.
Comparison Results on VSI-Bench. To evaluate whether the
proposed method can implicitly enhance an agent’s ability to un-
derstand and reason space after undergoing only basic embodied
exploration pretraining (e.g., vision-and-language navigation), we
conducted validation experiments on VSI-Bench, a video-based
benchmark specifically designed for assessing the visual-spatial
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Figure 3: In-context learning example in EB-Manipulation using our BEEA with InternVL2.5-78B.

Figure 4: Chain-of-Thought example in VSI-Bench using our BEEA.

intelligence of MLLMs. As shown in Table 4, the proposed BEEA
method significantly improves the performance of various baseline
MLLMs. The most substantial improvements are observed in this
table, which aligns with showing the strength of joint using MLLM
and WM in capturing spatial relationships and global topological
structures. Meanwhile, the gains in measurement estimation tasks
are comparatively smaller, likely because precise numerical estima-
tion relies not only on spatial reasoning but also on finer-grained
visual perception capabilities. Despite these advancements, a no-
table performance gap remains compared to human-level accuracy,
particularly in complex spatial reasoning tasks. Future research will
focus on enhancing global 3D feature representation modeling and
incorporating external knowledge.

4 Qualitative Analysis
For EmbodiedBench, As shown in Figure 1, by visualizing the agent
execution process, it is evident that our proposed method signifi-
cantly outperforms the baseline approach in terms of task execution
coherence and success rate. In high-level tasks (e.g., complex in-
struction execution in EB-ALFRED), the proposed method more
accurately decomposes task steps. For instance, in the task of “pick
up a remote and turn on a lamp” the baseline method may pro-
duce invalid actions or omit steps whereas our method generates
a complete action sequence. In low-level tasks (e.g., object grasp-
ing in EB-Manipulation), the baseline model frequently exhibits
action misalignment or failure due to inadequate spatial aware-
ness. In contrast, the proposed method, leveraging an enhanced
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world model and communication mechanism with the multimodal
large model, markedly improves grasping precision (e.g., success-
fully picking up the cylinder and placing it into the teal container.).
These findings validate the robustness and generalization capability
of the proposed method across tasks of varying complexity levels.
Following [73], we provide text-based in-context learning (ICL)
demonstrations in Figure 2 and Figure 3, showing the proposed
method’s understanding ability for various tasks.

For the VSI-Bench, we also follow [72] to provide a Chain-
of-Thought example, showing the effectiveness of our proposed
method for spatial understaning. As shown in Figure 4, our method
demonstrates accurate reconstruction of spatial relationships, as
evidenced by precise timestamped descriptions and coherent step-
by-step reasoning that align closely with ground truth.
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