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Abstract
Embodied artificial intelligence has rapidly developed under the
impetus of multimodal learning, robotics, and cognitive science,
demonstrating great potential in fields such as navigation and ma-
nipulation. However, building embodied agents that can robustly
operate in diverse and dynamic environments still faces challenges,
such as handling partial observability and environmental adapt-
ability. Multimodal large language models (MLLMs) are vital for
embodied intelligence due to their ability to process multimodal
information, but they encounter difficulties in understanding spa-
tial environments and performing dynamic decisions and evolution.
Inspired by the functional specialization of the left and right hemi-
spheres of the human brain, this paper proposes a brain-inspired
learning and evolution paradigm for embodied agents. The method
designs an embodied context-augmented MLLM to simulate the
language processing and logical analysis capabilities of the left
hemisphere, responsible for understanding instructions and visual
scenes. At the same time, it constructs a perceptual context-guided
world model based on the recurrent state space model to simulate
the spatial perception and holistic thinking functions of the right
hemisphere, capturing environmental dynamics and predicting fu-
ture states. By simulating the communication function of the corpus
callosum, we propose dynamic communication slots for efficient
information exchange betweenMLLMs and the world model, which
also allows the agent to quickly adapt to dynamic environments
without requiring extensive computational resources. Experiments
show that the proposed paradigm significantly improves the per-
formance of embodied agents in a series of tasks and enhances
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their generalization ability in zero-shot tasks through embodied
exploration experience and online evolution.

CCS Concepts
• Computing methodologies→ Artificial intelligence.
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1 Introduction
Embodied intelligence has flourished in recent years, propelled by
advancements in artificial intelligence, robotics, and cognitive sci-
ence [16, 40, 42, 64]. Embodied intelligence refers to the emergence
of intelligent behavior through the interaction between an agent
and its spatial environment [51]. This paradigm has demonstrated
immense potential across domains such as robotics [9, 22, 63] and
autonomous driving [21, 61, 73]. However, developing embodied
agents capable of robust operation in diverse and dynamic envi-
ronments remains a formidable challenge, as it requires addressing
partial observability, ensuring effective spatial understanding, and
facilitating agent evolution [20, 63, 66].

Currently, multimodal large language models (MLLMs) play a
pivotal role in advancing embodied intelligence [30, 32, 37, 59]. Built
upon the successes of large language models (LLMs) [1, 45], MLLMs
excel in processing and integrating diverse modalities—such as
text, images, and audio—demonstrating remarkable performance
in cross-modal understanding and reasoning tasks [1, 6, 41, 69].
In the realm of embodied intelligence, MLLMs exhibit significant
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Figure 1: Themotivation behind our proposed brain-inspired
embodied evolutionary agent stems from the hypothesis that
MMLM and WM can functionally emulate the distinct roles
of the left and right cerebral hemispheres, while a communi-
cation module enables embodied task execution.
promise [14, 15, 18, 19, 44, 65]. Nevertheless, despite their profi-
ciency in multimodal perception and representation, MLLMs face
two primary challenges in embodied deployment: (a) They lack the
capacity for spatial environmental understanding [66] and dynamic
behavioral decision-making [14, 40], rendering direct execution of
embodied tasks difficult. Although some studies have attempted
to design hand-crafted prompts and action spaces, they still fall
short of comprehensively modeling the embodied world, struggling
to construct dynamic internal representations or predict future
states. (b) The vast parameter scale of MLLMs hinders dynamic
updates during embodied tasks, limiting the autonomous evolution
of embodied agents, particularly in resource-constrained settings.

The functional specialization of the human brain’s left and right
hemispheres [24, 35, 36] offers valuable inspiration for designing
embodied agents, as shown in Figure 1. Research indicates [24, 36]
that the left hemisphere primarily governs language processing,
logical analysis, and reasoning, excelling in detailed tasks such as
reading and logical inference. Conversely, the right hemisphere is
associated with spatial perception, imagination, and holistic think-
ing, adept at reconstructing and imagining spatial-visual structures
and comprehending the world as a whole. These hemispheres are in-
terconnected via the corpus callosum [36], a bundle of nerve fibers
that facilitates interhemispheric communication and integration.
Notably, the corpus callosum exhibits dynamic adaptability, incre-
mentally adjusting its activation strength based on experience and
learning [36, 46]. In the context of embodied intelligence, MLLMs
can be likened to the left hemisphere, providing language com-
prehension and logical reasoning to interpret embodied operation
instructions. To emulate the right hemisphere’s capabilities and
enhance embodied agents, a promising approach is to construct
a world model (WM) [17, 26–28]. Defined as an agent’s internal
representation of its environment, a world model captures state
transitions and predicts future states/actions, offering advantages
in decision-making, planning, and environmental adaptation.

Inspired by these insights, this paper proposes the development
of a brain-inspired embodied evolutionary agent, introducing a
unified paradigm that bridges MLLMs and world models. As illus-
trated in Figure 1, our approach constructs an embodied context-
augmented MLLM to emulate the left hemisphere’s language pro-
cessing and logical analysis, tasked with interpreting instructions
and multimodal perception. Concurrently, we design a perceptual
context-guided world model, built upon a Recurrent State Space
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Figure 2: We aim to construct an embodied evo-agent that
leverages in-domain task experience to enhance its zero-shot
generalization capability on out-of-domain yet related tasks.
Model (RSSM) [28, 43], to simulate the right hemisphere’s spatial
perception and holistic reasoning, predicting future observations
and actions. To effectively connect the MLLM andWM, we draw in-
spiration from the corpus callosum and introduce a module named
dynamic communication slots. This module facilitates bidirectional
information exchange: the MLLM transmits high-level instructions
and contextual information to the world model, which, in turn,
provides spatial structural insights and decision-state feedback to
the MLLM. Furthermore, the dynamic communication slots employ
an efficient forward representation update mechanism, enabling dy-
namic updates and reshaping of the embodied agentwithout explicit
gradient backpropagation. This design empowers the recursive state
transition process of the world model while simultaneously refin-
ing the intermediate representations of the MLLM, enhancing the
agent’s flexibility and adaptability in dynamic environments.

The proposed agent construction and learning approach sig-
nificantly improves the performance across a range of embodied
tasks. Moreover, as depicted in Figure 2, without supervised train-
ing on specific out-of-domain tasks, the agent leverages embodied
exploration experience and online evolutionary capabilities from
in-domain tasks to achieve enhanced zero-shot embodied execution
and spatial comprehension across diverse tasks.

In summary, the contributions of this paper are threefold:
• A brain-inspired paradigm is designed for learning and evolving
embodied agents, drawing on the functional lateralization of
brain, and integrate embodied context-enhanced MLLM with
perceptual context-guided WM within a unified framework.
• We introduce the module of dynamic communication slots, em-
ulating the mechanism of the corpus callosum, to facilitate ef-
fective information exchange between the MLLM and the world
model. A slot-based message update mechanism is developed,
enabling rapid model adaptation.
• Extensive experimental results validate the effectiveness of our
approach across a series of embodied tasks. Beyond improv-
ing performance on in-domain tasks, the model’s accumulated
experience and dynamic update capabilities enhance its general-
ization to zero-shot out-of-domain tasks.

2 Related Work
Embodied Artificial Intelligence. Embodied AI explores the
interaction between physical agents and their environments, inte-
grating insights from AI and cognitive science [14, 40, 42, 51, 64, 72].
Recent progress in multimodal large models has driven advances
in perception and reasoning, notably through Vision-Language-
Action models (VLAs) [9, 15, 37, 44, 65, 71], enabling agents to
follow visual-linguistic instructions for task execution. Addition-
ally, models like GPT-4V [34, 59], LLaVA [32, 68], and LLaMA [37]
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support embodied tasks by enhancing perception and instruction
understanding. Beyond representation, simulating the world has
become central to improving generalization in embodied AI [62, 71].
Multimodal Large Language Model (MLLM). Leveraging the
significant text understanding and generation advancements in
large language models (LLMs), such as GPT-3 [10] and the LLaMA
series [56], MLLMs have extended the scope of AI applications in
multimodal tasks. Models like GPT-4o [1], Gemini [54], Claude [7],
and Grok exhibit strong multimodal competence but remain API-
restricted. Open-source alternatives—QwenVL [6], CogVLM [60],
InternLM-Xcomposer [69], LLaVA-NeXT [39], and DeepSeek-VL
Janus [41], have democratizedMLLM access. Nevertheless, owing to
deficiencies in physical interaction and environmental 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 focus on encoding the evo-
lutionary patterns of world states, environmental responses to
agent behaviors, and their intrinsic connections with perceptual
inputs, thus constructing internal representation mechanisms for
agents [17, 26, 27, 53]. While early work emphasized abstract rep-
resentations [27], recent efforts advocate for predictive capabili-
ties [23]. Existing architectures span Recurrent State Space Models
(RSSMs) [28, 29, 43, 63], Joint-Embedding Predictive Architectures
(JEPAs) [4, 8, 23], and Transformer-based models [11, 49, 70]. These
models show promise in domains like robotics [50, 57, 58] and au-
tonomous driving [33, 61, 73, 74]. Recent trends integrate MLLMs
into world models, but often as monolithic components, lacking
modular cooperation and cognitively inspired interfaces.

3 Our Approach
Framework Overview. Embodied agents operating in complex
environments face the fundamental challenge of integrating multi-
modal perception, dynamic decision-making, and model adaptation.
To tackle this, we propose a brain-inspired embodied evo-agent
framework. As illustrated in Figure 3, our framework emulates
this architecture through three loosely coupled yet functionally
synergistic components: (1) Embodied Context-enhanced Multi-
modal Large Language Model (EC-MLLM), which mimics the left
hemisphere by interpreting language commands, grounding them
in visual observations, and generating embedded task representa-
tions; (2) Perceptual Context-guided World Model (PC-WM), which
reflects the right hemisphere’s capability for spatial and temporal ab-
straction, by maintaining a latent representation of environment dy-
namics and enabling future state anticipation across temporally ex-
tended interactions; and (3) Dynamic Communication Slots (DCS),
which function as an artificial corpus callosum, bridging the two
modules via bidirectional message passing and efficient representa-
tion alignment. These slots are dynamically updated throughout
both training and inference via ongoing agent–environment interac-
tion, without relying on explicit loss supervision or gradient-based
updates. This modular, neuro-inspired design facilitates dynamic
environment modeling and model evolution.
ProblemFormulation.We consider embodied evolutionary agents
as general-purpose task solvers that perform sequential decision-
making based on visual perception and natural language instruc-
tions across diverse embodied scenarios. This problem can be mod-
eled as a generalized Partially Observable Markov Decision Process

(POMDP) [28, 52], formulated as a tupleM𝑒 = {S𝑒 ,A𝑒 ,O,T𝑒 , 𝐿,𝑇 },
where each task instance 𝑒 ∼ E is drawn from a task distribution
E and may involve distinct latent state and action spaces. Here, S𝑒
denotes the latent state space underlying task 𝑒 , which is learned
and maintained by the world model; A𝑒 is the task-specific action
space; O is the observation space, where each observation 𝒐𝑡 ∈ O
at timestep 𝑡 consists of visual images. These raw observations
are then processed by the MLLM, which integrates them with lan-
guage instruction 𝐿—specifying the desired task goal—to support
downstream reasoning and action selection. T𝑒 : S𝑒 × A𝑒 → S𝑒
defines the environment’s transition dynamics. 𝑇 ∈ N denotes the
episode horizon—the number of decision-making steps per embod-
ied task. To enable generalization across all embodied tasks, we
define a unified latent state space S =

⋃
𝑒 S𝑒 and adopt a shared

action embedding space A, along with task-specific projection
heads 𝑓𝑎 : A → A𝑒 . This enables the learning of a unified policy
𝜋 : S → A applicable to the full task distribution E. At each
timestep 𝑡 , EC-MLLM encodes the current observation 𝒐𝑡 and in-
struction 𝒍𝑡 ∈ 𝐿 into a multi-modal semantic embedding 𝒛𝑡 , while
also maintaining a contextual history 𝒉𝑡 to capture temporal de-
pendencies. Concurrently, PC-WM maintains a latent state 𝒔𝑡 that
summarizes the agent’s internal understanding of environmental
dynamics and produces actions via a policy network 𝜋 (𝒂𝑡 | ·).
3.1 Embodied Context-enhanced MLLM
In embodied environments, agents must interpret natural language
instructions, ground them in visual observations, and construct
context-aware semantic representations to support downstream
decision making. To this end, we introduce the Embodied Context-
enhanced Multi-modal Large Language Model (EC-MLLM), which
serves as the agent’s perceptual-semantic core.

At each timestep 𝑡 , EC-MLLM receives embodied observations,
which are projected into the same embedding space as the language
tokens. These modality-specific embeddings are then interleaved
with natural language inputs to form a unified multi-modal to-
ken sequence. Specifically, EC-MLLM receives: (1) language tokens
𝒍𝑡 ∈ R𝑁𝑙×𝑑 encoding the current instruction; (2) visual tokens
𝒗𝑡 = 𝑓𝑣 (𝒐𝑡 ) ∈ R𝑁𝑣×𝑑 extracted from the raw image observation
𝒐𝑡 ∈ R𝑁𝑜×𝐶×𝐻×𝑊 using a vision encoder (e.g., ViT); and (3) histor-
ical tokens 𝒉𝑡 ∈ R𝑁ℎ×𝑑 summarizing prior interaction context. To
enhance perception with embodied context, we augment the raw
visual tokens 𝒗𝑡 with retrieved features from WM-to-MLLM com-
munication slot CW2L. These slot entries encapsulate task-relevant
embeddings derived from previous agent-environment interactions
during latent state learning guided by the world model. By injecting
such embodied context, EC-MLLM is guided to interpret language
instructions in light of broader environmental insights such as
the world state information. The detailed slot-based augmentation
procedure is elaborated in Section 3.3.

These tokens are concatenated into a unified sequence and
passed into a Transformer-based multi-modal backbone:

𝒛𝑡 = 𝑓MLLM ( [𝒍𝑡 ; 𝒗∗𝑡 ;𝒉𝑡 ]), 𝒗∗𝑡 ← SlotAug(𝒗𝑡 , CW2L), (1)

where 𝒛𝑡 ∈ R𝑁𝑡×𝑑 represents token-level semantic embeddings
and 𝑁𝑡 = 𝑁𝑙 +𝑁𝑣 +𝑁ℎ . Additionally, 𝒛𝑡 is not directly used for text
generation, but instead provides a latent semantic representation of
the current perceptual-linguistic context. This embedding is passed
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Figure 3: Framework Overview. Our framework comprises three bio-inspired modules: (1) EC-MLLM (left hemisphere) processes
language-visual inputs for task understanding; (2) PC-WM (right hemisphere) models environment dynamics through recurrent
state space model; (3) DCS (corpus callosum) enables inter-module communication via bidirectional message passing.

to the perceptual context-guided world model (Section 3.2), where
it serves as a guiding signal for latent state construction, enabling
the agent to align task understanding with environment dynamics.

We implement 𝑓MLLM using state-of-the-art multimodal foun-
dation models (e.g., InternVL [69], QWen-VL [6]), selectively aug-
mented with adapter modules for parameter-efficient adaptation.
To validate out-of-domain generalization ability of our proposed
framework, EC-MLLM undergoes fine-tuning only on basic em-
bodied instruction-following datasets, such as vision-and-language
navigation tasks [3, 47, 55, 75], using schema-based instruction rep-
resentations and a unified cross-entropy objective LMLLM [68, 72].

3.2 Perceptual Context-guided World Model
While EC-MLLM encodes rich perceptual-linguistic representations,
such instantaneous context alone is insufficient for embodied agents
operating under partial observability and long-horizon goals. Effec-
tive decision-making in such settings requires the agent to reason
about unobserved dynamics, anticipate future changes, and evalu-
ate the consequences of potential actions. We therefore introduce
Perceptual Context-guided World Model (PC-WM)—a latent dy-
namics module that constructs compact, evolving representations
of the environment in response to the agent’s actions.

We formulate PC-WMas a latent simulator that approximates the
dynamics of the underlying POMDP. Given that the true environ-
ment state 𝒔𝑡 ∈ S is not directly observable, we conceptualize it as a
stochastic latent variable and model its temporal evolution through
a Transformer-based Recurrent State Space Model (RSSM) [28, 29].
As RSSM sustains a compact latent representation integrating ac-
tion history with instruction-grounded observations, it supports
probabilistic state inference and latent transition forecasting.

Instead of directly processing raw environment images or sen-
sory data, PC-WM takes as input the instruction-aware embeddings
𝒛𝑡 produced by EC-MLLM. This semantic abstraction allows PC-
WM to model the dynamics of latent world states 𝒔𝑡 without re-
quiring explicit pixel-level reconstruction, thereby achieving more
efficient state representation learning. At each timestep 𝑡 , PC-WM

captures the environment’s latent dynamics by inferring a hidden
state 𝒔𝑡 from prior interactions and current semantic observations.
Given the partial observability and temporally sparse perceptual
inputs inherent in embodied tasks, modeling these latent dynamics
necessitates integrating not only current observations but also his-
torically grounded visual-semantic cues. Therefore, we enrich the
semantic embedding 𝒛𝑡—produced by EC-MLLM—with perceptual
context from the MLLM-to-WM communication slot CL2W, fostering
perception-aware modeling and ensuring long-horizon consistency
in latent dynamics. We define a posterior distribution over 𝒔𝑡 , con-
ditioned on the previous latent state 𝒔𝑡−1, the action 𝒂𝑡−1, and the
current semantic embedding 𝒛𝑡 from EC-MLLM:

𝑞𝜙 (𝒔𝑡 | 𝒛≤𝑡 , 𝒂<𝑡 ) ∼ N
(
𝜇𝜙 (𝒛∗𝑡 , 𝒂𝑡−1, 𝒔𝑡−1), 𝜎𝜙 (𝒛∗𝑡 , 𝒂𝑡−1, 𝒔𝑡−1)𝑰

)
,

𝒛∗𝑡 ← SlotAug(𝒛𝑡 , CL2W), (2)

where the posterior network, parameterized by 𝜙 , predicts the
Gaussian parameters (𝜇𝜙 , 𝜎𝜙 ) through a projection network, yield-
ing a learned posterior state distribution. 𝒛∗𝑡 represents a perception-
augmented semantic observation guided by contextual priors. Rather
than introducing a separate policy head, we capitalize on EC-MLLM’s
robust multimodal reasoning capabilities for action modeling. Its
output tokens, conditioned on both linguistic and visual inputs,
naturally encode task objectives, spatial semantics, and interaction
affordances. Accordingly, we instantiate 𝒂𝑡 as a latent action em-
bedding produced by the language modeling head of EC-MLLM,
sampled from a learned policy 𝜋 (𝒂𝑡 | 𝒛≤𝑡 , 𝒂<𝑡 ).

Beyond inferring the current latent state from real observations,
an essential function of the world model is to simulate future states
in the absence of new inputs—enabling the agent to anticipate
how the environment may change based purely on internal dy-
namics—without relying on external observations. To support this
imagination process, we introduce a prior transition network that
simulates latent state trajectories under hypothetical actions, pre-
dicting the next latent state conditioned only on the previously
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imagined state 𝒔̃𝑡−1 and action 𝒂̃𝑡−1:

𝑝𝜃 (𝒔𝑡 | 𝒔̃𝑡−1) ∼ N
(
𝜇𝜃 (𝒔̃𝑡−1, 𝒂̃𝑡−1), 𝜎𝜃 (𝒔̃𝑡−1, 𝒂̃𝑡−1)𝑰

)
, (3)

where 𝜃 parameterizes the prior network, and 𝒂̃𝑡−1 is sampled from
current policy 𝜋 (𝒂̃𝑡−1 | 𝒔̃𝑡−1). This imagination mechanism allows
the agent to simulate hypothetical interaction processes without
requiring access to actual observations.

To ensure that imagined trajectories remain semantically mean-
ingful and behaviorally coherent, we formulate a variational train-
ing objective that jointly supervises both generative reconstruction
and latent dynamics modeling. Specifically, we optimize a varia-
tional lower bound on the data log-likelihood [38], which encour-
ages the model to reconstruct observations and predict actions
while regularizing the latent state transitions. The agent first ob-
serves inputs over 𝑇 timesteps and subsequently imagines latent
trajectories for an additional 𝑇im steps within an embodied task.
The training objective is defined as:

LWM =

𝑇+𝑇𝑖𝑚∑︁
𝑡=1

E𝑞 [log 𝑝 (𝒛𝑡 | 𝒔𝑡 ) + log𝑝 (𝒂𝑡 | 𝒔𝑡 )]

−
𝑇∑︁
𝑡=1

𝐷𝐾𝐿
(
𝑞(𝒔𝑡 | 𝒛≤𝑡 , 𝒂<𝑡 ) ∥ 𝑝 (𝒔𝑡 | 𝒔𝑡−1)

)
, (4)

where the first term encourages semantic reconstruction and action
prediction, while the second term enforces consistency between
the posterior and prior distributions over latent dynamics. For no-
tational simplicity, we unify the latent-action variables across both
observation and imagination phases as (𝒔𝑡 , 𝒂𝑡 ), omitting the hat
notation (𝒔̃𝑡 , 𝒂̃𝑡 ). In practice, the reconstruction objective is imple-
mented as a semantic prediction loss, formulated as a normalized
L2 distance between the predicted and actual embeddings. The
action prediction loss is implemented as a standard cross-entropy
objective over token distributions. By optimizing this objective,
PC-WM learns to model how latent states evolve under different
actions, enabling action-conditioned imagination, language-aligned
planning, and robust decision-making in embodied tasks.

3.3 Dynamic Communication Slots
To enable adaptive information exchange between EC-MLLM and
PC-WM, we propose a pair of Dynamic Communication Slots
(DCS) that facilitate neuro-inspired, attention-based communica-
tion. Analogous to the corpus callosum in the human brain, these
slots mediate bidirectional representation flow between perceptual
and latent execution modules, with evolving contents driven by
semantic alignment. We introduce two distinct dynamic communi-
cation slots: CL2W and CW2L, corresponding to MLLM-to-WM and
WM-to-MLLM communication pathways, respectively. Each com-
munication slot is defined as a set of message vectors C = {𝒄 (𝑖 ) }𝑀

𝑖=1,
𝒄 (𝑖 ) ∈ R𝑑 encodes a contextual message from past interactions.
MLLM-to-WM Communication. The slot CL2W stores semantic-
level multimodal embeddings 𝒛𝑡 generated by EC-MLLM, capturing
grounded task semantics fused from both language and percep-
tual modalities. These representations serve as episodic cues that
support posterior inference in PC-WM by injecting historically
aligned semantic context. We define an attention-based communi-
cation operator that retrieves a task-relevant message from the slot

CL2W = {𝒄 (𝑖 )𝑧 }𝑀𝑖=1, based on the current semantic query 𝒛𝑡 :

MES(𝒛𝑡 , CL2W) =
𝑀∑︁
𝑖=1

𝛼𝑖 · 𝒄 (𝑖 )𝑧 , 𝛼𝑖 =

exp
(
𝒛⊤𝑡 · 𝜂 (𝒄

(𝑖 )
𝑧 )

)
∑
𝑗 exp

(
𝒛⊤𝑡 · 𝜂 (𝒄

( 𝑗 )
𝑧 )

) , (5)

where 𝜂 (·) denotes a lightweight residual MLP projection that maps
slot entries into an attention-compatible key space.

The retrieved semantic message is then fused with the current
semantic embedding using a soft interpolation strategy:

SlotAug(𝒛𝑡 , CL2W) = 𝛽L2W · 𝒛𝑡 + (1 − 𝛽L2W) ·MES(𝒛𝑡 , CL2W), (6)

where 𝛽L2W ∈ [0, 1] is a gating hyperparameter.
WM-to-MLLM Communication. The slot CW2L = {𝒄 (𝑖 )𝑠 }𝑀𝑖=1 main-
tains latent states 𝒔𝑡 learned by PC-WM. These latent representa-
tions encapsulate abstract, temporally coherent information about
the environment’s dynamics, distilled from agent-environment in-
teractions, enabling embodied guidance for downstream percep-
tion. To integrate this distilled knowledge into the agent’s cur-
rent visual understanding, we enable EC-MLLM to access these
latent dynamics via messages transmitted from PC-WM. Specifi-
cally, the current visual embedding 𝒗𝑡 , which encodes egocentric
observations at timestep 𝑡 , acts as a query to retrieve semanti-
cally relevant latent priors from the slot CW2L: SlotAug(𝒗𝑡 , CW2L) =
𝛽W2L · 𝒗𝑡 + (1 − 𝛽W2L) · 𝒔∗𝑡 , where 𝒔∗𝑡 = MES(𝒔𝑡 , CW2L), 𝛽W2L ∈ [0, 1]
is a gating hyperparameter. The resulting enhanced visual embed-
ding 𝒗∗𝑡 is subsequently fed to EC-MLLM, enabling it to ground the
next-step observation 𝑜𝑡+1 in a context-enriched representation.

Additionally, the communication slots C are initialized randomly
and progressively updated during training and online testing via
an attention-based momentum mechanism. At each timestep, the
current query 𝒒𝑡 (i.e., 𝒛𝑡 for CL2W and 𝒗𝑡 for CW2L) is matched against
existing slot entries using cosine similarity. The top-𝐾 most similar
entries are selected and softly updated as follows:{

𝒄 (𝑘 )
}
= arg Top𝐾

(
Sim[𝒒𝑡 , 𝒄 (𝑖 ) ]

)
, 𝒄 (𝑘 ) ← 𝛾𝒄 (𝑘 ) + (1 − 𝛾)𝒒𝑡 (7)

where Sim[·, ·] denotes cosine similarity and 𝛾 ∈ [0, 1] is a mo-
mentum coefficient controlling the update strength. This dynamic
updating process enables the communication pathways to integrate
temporally accumulated embodied experience and maintain stable
alignment between perception and reasoning modules. Through
these neuro-inspired, continuously evolving slots, our framework
sustains coherent, bidirectional message exchange between EC-
MLLM and PC-WM, enabling efficient fusion of perceptual cues
and semantic understanding throughout task execution.

4 Experiments
In this section, we evaluate the capabilities of embodied execution,
generalization, and evolution of the brain-inspired embodied evo-
lutionary agent (BEEA) proposed in this paper. Firstly, training on
basic embodied tasks such as navigation enhances the effectiveness
of the foundation model. Subsequently, we conduct zero-shot gen-
eralization across diverse embodied tasks, validating the proposed
paradigm’s contribution to improving embodied execution and spa-
tial intelligence capabilities. For detailed experimental settings and
comparative results, please refer to the Supplementary Materials.
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Table 1: Overall comparison with specialized models and the
unified baseline model NaviLLM on in-domain tasks. We
report GP for CVDN, SPL for SOON, R2R, and REVERIE, and
report EM Accuracy for ScanQA. * indicates experimental
results that we have reproduced.

Method CVDN SOON R2R REVERIE ScanQA

HAMT [12] 5.13 - 61 30.20 -
DUET [13] - 22.58 60 33.73 -
VLN-PETL [48] 5.69 - 60 27.67 -
BEV-BERT [2] - - 64 36.37 -
3D-LLM [31] - - - - 20.5
NaviLLM* [72] 5.75 26.19 54 31.01 22.93
+BEEA 6.30 30.97 60 37.28 23.14

4.1 Evaluation Datasets and Setups
In-domain Datasets. Following [30, 72], we utilize unseen vali-
dation sets corresponding to the five training datasets to evaluate
the proposed embodied agent’s ability to handle in-domain tasks
(vision-and-language navigation and embodied question-answering).
• CVDN [55] tasks agents with target navigation using dialog
history, requiring dialog understanding and action translation.
It includes 7,415 instances across training and test sets.
• SOON [75] requires the agent to locate a target object based on a

detailed goal description. The dataset includes 3,848 instruction
sets and over 30,000 long-distance trajectories.
• R2R [3] offers step-by-step navigation instructions in photore-
alistic environments, comprising 10,800 panoramic views and
7,189 trajectories.
• REVERIE [47] includes 10,567 panoramic images and 21,702
high-level instructions, centered on localizing distant target
objects within 90 buildings.
• ScanQA [5] challenges models to answer text questions about

3D scenes using RGB-D scan data, featuring 41k question–answer
pairs across 800 indoor environments.

Out-of-domain Datasets. A proficient embodied agent should,
during environmental exploration (e.g., in vision-and-language
navigation), implicitly enhance its generalization capability and
spatial awareness for unseen tasks through accumulated experience,
much like how humans develop spatial and behavior cognition [16,
25, 35]. To validate that our proposed framework possesses this
capability, we conduct zero-shot generalization tests across multiple
out-of-domain embodied intelligence/spatial intelligence datasets.
• EmbodiedBench [67] is a comprehensive benchmark for eval-
uating vision-driven embodied agents based on MLLMs. It fea-
tures 1,128 diverse tasks across four environments, spanning
high-level semantic tasks (e.g., household planning) and low-
level atomic actions (e.g., navigation, manipulation). The bench-
mark assesses six core capabilities, including embodied common-
sense reasoning, spatial awareness, and long-horizon planning.
• VSI-Bench [66] is a video-based visual-spatial intelligence bench-

mark comprising 5,000+ question-answer pairs derived from 288
real-world indoor scene videos. Designed to evaluatemultimodal
large language models (MLLMs), it assesses spatial perception
and reasoning through eight task categories, including object
counting, distance estimation, and route planning, etc.

Table 2: Comparative results of parameter-efficient fine-
tuning for multiple MMLMs on in-domain datasets.

Method CVDN SOON R2R REVERIE

InternVL2.5-8B 5.40 21.37 46 28.31
+BEEA 5.67 23.59 51 31.93
InternVL2.5-78B 5.74 27.87 59 35.42
+BEEA 5.98 30.14 63 38.37
Qwen2.5-VL-7B 5.21 23.22 50 26.96
+BEEA 5.87 24.65 55 29.45

INSTRUCTION: Go to laundry room and pick up first picture on the right and place on countertop.

Baseline Ours211 2Path predicted by Baseline. Path imagined by Ours. Path predicted by Ours.

Figure 4: Trajectory visualization comparison with NaviLLM
on the REVERIE dataset.

Evaluation Metrics. For navigation tasks in in-domain datasets,
we employ Successweighted by Path Length (SPL) andGoal Progress
(GP) as evaluation metrics. 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 bench-
mark: for instance, execution accuracy in EmbodiedBench, and
question-answering accuracy in VSI-Bench.
Baselines.We construct our embodied evolution agent using repre-
sentative and popular multimodal large language models, including
InternVL2.5-8B/78B [69] and Qwen2.5-VL-7B-Ins [6]. Additionally,
since the original in-domain MLLM, NaviLLM [72] were trained
based on the Vicuna language model [45], 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 [66, 67, 72].
Implementation Details.We conduct multi-task fine-tuning us-
ing in-domain datasets. Following [30, 72], we utilize the Adam
optimizer with a learning rate of 3e-5 and train for 5000 steps. For
hyperparameters, we set𝐾 to 10, 𝛽L2W/𝛽W2L and 𝛾 are set to 0.95 and
0.9, respectively. During testing, with respect to the sampling strat-
egy for action generation, we referred to [66, 67, 72] and employ
varying temperatures and greedy strategies. During testing, with
respect to the sampling strategy for LLM-based action generation,
we referred to [66, 67, 72] and employ varying temperatures and
greedy strategies. It is worth noting that the dynamic communi-
cation slot is dynamically updated during testing. All models are
trained using 8 Nvidia A100 GPUs.
4.2 Experimental Results on In-domain Tasks
Comparison with Full Parameter-tuning Methods. Follow-
ing NaviLLM [72], 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. This enhancement primarily stems from the synergistic col-
laboration between the MLLM and the WM, facilitated by dynamic
communication slots analogous to the corpus callosum in biological
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Instruction: Relocate 
two books to a bedroom 
desk.

High-level Planning Trajectory
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Success
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cube and place it into
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Success
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Figure 5: Embodied execution examples in EB-ALFRED and EB-Manipulation using our BEEA with InternVL2.5-78B.
Table 3: Task success rates on 3 subsets of EB-ALFRED, EB-Habitat,EB-Navigation, and EB-Manipulation of EmbodiedBench.
GPT-4o and Claude-3.5 are SoTA proprietary MLLMs for reference. Superior results compared to baselines are shown in bold.

Model EB-ALFRED EB-Habitat EB-Navigation EB-Manipulation

Base Complex Long Base Complex Long Base Complex Long Base Complex Spatial

GPT-4o 64 68 54 86 56 64 55.0 58.3 55.0 39.6 29.2 25.0
Claude-3.5-Sonnet 72 76 52 96 78 58 66.7 41.7 26.7 37.5 29.2 22.9

InternVL2.5-8B 4 2 0 36 0 2 35.0 21.7 0 8.3 6.3 10.4
+BEEA 4 6 2 44 10 6 41.6 31.6 8.3 8.3 8.3 12.5
Qwen2.5-VL-7B 10 6 2 32 26 2 28.3 41.7 8.3 8.3 8.3 16.7
+BEEA 12 14 6 56 28 6 31.7 38.3 13.3 10.4 8.3 18.8
InternVL2.5-78B 38 42 42 80 56 28 36.7 33.3 23.3 16.7 14.6 20.8
+BEEA 38 52 42 82 58 32 43.3 35.0 26.7 20.8 18.8 35.4

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).
Conducting Parameter-Efficient Fine-Tuning. In addition to
conducting full-parameter fine-tuning, we place particular empha-
sis on exploring parameter-efficient fine-tuning, with the following
considerations: (1) preserving the original capabilities of MLLMs
(by freezing parameters) can maintain their ability to handle out-of-
domain reasoning and generalization tasks; (2) achieving efficiency
in fine-tuning; and (3) facilitating a clearer comparison with the
original MLLMs to validate our effectiveness on out-of-domain
tasks. Consequently, we fine-tune only the dynamic communica-
tion slots and the additional parameters introduced by MLLM/WM.
To better evaluate out-of-domain generalization capabilities in sub-
sequent experiments, we fine-tune the model using only the basic
navigation tasks, without incorporating the ScanQA dataset. As
demonstrated in Table 2, experimental results across three mod-
els of varying sizes and architectures—InternVL2.5-8B/78B and
Qwen2.5-VL-7B-Ins—consistently confirm the effectiveness of the
proposed approach. Furthermore, we observe that: (1) compared
to full-parameter fine-tuning, fine-tuning a limited number of pa-
rameters constrains the model’s performance on in-domain tasks;
(2) employing MLLMs with greater capacity significantly enhances
embodied exploration capabilities.

Does our proposed embodied evolutionary agent genuinely
enhance the planning capabilities of MLLMs? To investigate
whether the introduction of the WM augments the MLLM’s per-
formance, we visualize the agent’s execution process using the
NaviLLM baseline as a reference. Given that our world model en-
codes high-level features rather than raw images, direct visualiza-
tion of latent states remains challenging. Consequently, we adopt
a trajectory-based evaluation approach—implicitly reflecting the
model’s dynamic planning capabilities through predicted and ex-
ecuted navigation sequences. Figure 4 presents the trajectory vi-
sualization results, where the consistency between the predicted
paths of our method and the actual executed paths substantiates
the model’s ability to model environmental dynamics and perform
forward planning. In contrast, the baseline method, lacking such
capabilities, resulted in navigation failures.
4.3 Experimental Results on EmbodiedBench
Comparison Results. EmbodiedBench is designed to evaluate the
performance of MLLMs in vision-driven embodied agent tasks. This
benchmark encompasses four environments: EB-ALFRED and EB-
Habitat (high-level tasks) and EB-Navigation and EB-Manipulation
(low-level tasks). The results in Table 3 demonstrate that MLLMs
exhibit significantly better performance in high-level tasks com-
pared 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 frame-
work, various MLLMs show consistent improvements across most
metrics. Additionally, long-horizon planning emerges as the most
challenging subtask, highlighting the current limitations of MLLMs
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Table 4: Evaluation on VSI-Bench. † indicates 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
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

You are a robot beginning at the tv facing the bed. You want to navigate to the trash bin. You
will perform the following actions (Note: for each [please fill in], choose either 'turn back,'
'turn left,' or 'turn right.'): 1. [please fill in] 2. Go forward until the cabinet 3. [please fill in] 4.
Go forward until the trash bin is on your right. You have reached the final destination.",

Step  1

Route Plan Baseline: Turn Right, Turn Right Ours: Turn Right, Turn Left

Step  3 0:480:420:42 0:48

Q: 

Figure 6: Qualitative comparison on the VSI-Bench dataset
using the InternVL2.5-78B model.

in complex sequential decision-making. The improvement achieved
by our approach in this subtask underscores the potential of bridg-
ing MLLM and WM to enhance the execution of real-world tasks.
Qualitative Analysis. Figure 5 illustrates the successful execution
of embodied tasks by our proposed BEEA agent, showcasing its
capability in both high-level planning and low-level manipulation.
In the high-level planning trajectory, the agent demonstrates its
ability to perform complex household tasks, such as relocating
objects. In the low-level planning trajectory, the agent showcases
its fine-grained manipulation skills in a controlled setting.

4.4 Experimental Results on VSI-Bench
Comparison Results. To evaluate whether the proposed method
can implicitly enhance an agent’s ability to understand 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 intelligence of MLLMs.
As shown in Table 4, the proposed BEEA method significantly
improves the performance of various baseline MLLMs. showing
the strength of joint using MLLM and WM in capturing spatial
relationships and global topological structures. Future research will
focus on enhancing global 3D feature representation modeling and
incorporating external knowledge.
Qualitative Analysis. The visualization of question-answering
results for spatial understanding on the VSI-Bench, as shown in Fig-
ure 6, provides compelling qualitative evidence of the superiority of
our proposed method over baseline approaches. For more examples
and discussions, please refer to Supplementary Materials.

Table 5: Ablation study of the proposed BEEA.

Method CVDN SOON R2R REVERIE ScanQA

w/o MLLM 3.56 16.24 41 27.65 13.1
w/o WM 5.71 29.80 58 34.55 22.93
w/o DCS 5.84 28.42 57 32.79 22.98
w/o Evolution 6.05 28.88 58 34.32 22.57
Ours 6.30 30.97 60 37.28 23.14

4.5 Ablation Study
To validate the effectiveness of each module in the proposed frame-
work, we conduct ablation experiments on the in-domain datasets.
MLLM is of paramount importance. Robust language percep-
tion and logical reasoning capabilities serve as the cornerstone of
embodied intelligence. It can be readily inferred that the absence of
a pretrained MLLM (primarily an LLM) would lead to a significant
decline in the embodied execution capabilities of the agent. As in Ta-
ble 5, the results of baseline variant w/o MLLM substantiate this
view: when the LLM and visual encoding modules are randomly
initialized, the agent fails to effectively perform embodied tasks.
WM plays a critical role in embodied agents. When the world
model is excluded from modeling the dynamic changes in the envi-
ronment, the framework degrades to relying solely on the MLLM
augmented with a set of learnable parameters, and the dynamic
communication slots are reduced to a mechanism for enhancing
internal feature communication within the multimodal model. A
comparison betweenw/oWM andOurs reveals that the worldmodel
significantly contributes to improving the agent’s performance.
Is a simple combination of MLLM and WM sufficient? In this
paper, we draw an analogy to the function of the corpus callosum
in the human brain and design dynamic communication slots to
connect the MLLM and WM. To assess the efficacy of this collabo-
rative mechanism, we remove the dynamic communication slots,
directly passing the perceptual features from the MLLM to the
WM. Consequently, this variant model loses its capacity for effi-
cient dynamic evolution. The results of w/o DCS demonstrate that
the corpus callosum-inspired design is effective in unlocking the
collaborative potential between the WM and MLLM.
Does the agent’s capability truly evolve? Owing to the efficient
design of the DCS, our method enable unsupervised evolution dur-
ing online testing through direct slot feature updates. To verify this
deign, we disable online updates while the agent perform embod-
ied tasks. The comparison between the last two rows of Table 5
highlights the effectiveness of these updates, providing motivation
for further development agent evolution algorithms.

5 Conclusion
This paper proposes an innovative brain-inspired framework that
integrates MLLMs with world models, emulating the functional
specialization of the human brain’s left and right hemispheres. By in-
corporating dynamic communication slots, the framework achieves
efficient information exchange and online evolution, significantly
enhancing the performance of embodied agents in dynamic environ-
ments and zero-shot tasks. In future work, to further enhance the
model’s plasticity, strategies such as modular self-growing learning
with assemblable components could be introduced.
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