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Abstract

Building generalist embodied agents requires a unified sys-
tem that can interpret multimodal goals, model environment
dynamics, and execute reliable actions across diverse real-
world tasks. Multimodal large language models (MLLMs)
offer strong semantic priors and cross-modal generaliza-
tion, while world models (WMs) provide actionable latent
dynamics for prediction and control. Their combination
holds promise for open-ended embodied intelligence, yet in-
troduces two key challenges: (1) establishing a tight cou-
pling between the semantic intent from MLLMs and the dy-
namic state representations within the WM’s latent space,
and (2) achieving task-aware adaptability that supports
multi-task learning and cross-environment generalization.
To address these limitations, we propose ModularAgent, a
task-aware dynamic joint framework that enables bidirec-
tional coupling between MLLMs and WMs. ModularAgent
establishes two complementary pathways: a forward path
that injects MLLM representations into the WM’s latent
space for semantically guided imagination, and a backward
path where WM-generated feedback refines the MLLM’s se-
mantic space via dense text-conditioned rewards. This bidi-
rectional interaction is realized through three synergistic
components: Task-Aware Dynamic Joint Learning, Task-
Aware Behavior Learning, and MLLM-WM Joint Optimiza-
tion, which together harmonize semantic reasoning and dy-
namic prediction. Extensive experiments across multi-task
and cross-environment settings demonstrate superior stabil-
ity and generalization over state-of-the-art baselines, mark-
ing a step toward open-ended embodied learning.

1. Introduction
A generalist embodied agent aims to perform diverse tasks
across real-world environments within a unified framework
[14, 17, 49]. Such an agent is capable of interpreting
high-level multimodal goals, grounding them into action-
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Figure 1. ModularAgent enables task-aware bidirectional cou-
pling between MLLM and WM. In the forward path, MLLM se-
mantics are injected into the WM via Task-Aware Modular Fusion
for semantically guided imagination. In the backward path, task-
conditioned imagined trajectories produce rewards and actions,
which are backpropagated through the joint loss to refine MLLM.

able representations, and executing reliable control based
on learned environment dynamics. Instead of relying on
task-specific pipelines, the ultimate goal is to build a single
architecture that generalizes across heterogeneous tasks and
environments while preserving consistent decision-making
and control capabilities.

Recent advances in Multimodal Large Language Mod-
els (MLLMs) have demonstrated strong capabilities in se-
mantic reasoning and cross-modal understanding [2, 12,
31, 33, 34, 45, 46]. They possess rich world knowledge
and strong compositional priors, enabling them to inter-
pret high-level task instructions and align multimodal in-
puts within a unified semantic space. In parallel, World
Models (WMs) excel at modeling environment dynamics
and supporting decision-making [7, 15, 20, 23]. They learn
environment latent state representations that capture tem-
poral dependencies and enable long-horizon imagination
and planning. While MLLMs provide powerful seman-
tic understanding and generalization across modalities, they
lack physical interaction capabilities; conversely, WMs of-
fer precise predictive dynamics and control but exhibit lim-
ited semantic abstraction and weak generalization across



tasks and environments. Therefore, integrating these two
paradigms offers a promising path toward open-ended em-
bodied intelligence, where MLLMs provide semantic intent
and contextual understanding, and WMs contribute phys-
ically grounded prediction and action modeling, together
forming a unified framework capable of reasoning, inter-
action, and adaptation in diverse real-world scenarios.

Despite recent progress, existing attempts to integrate
MLLMs with world models remain limited in both scope
and depth. Some studies treat the MLLM as an exter-
nal tool for auxiliary functions such as high-level planning
[36] or reward computation [8, 30]. While these meth-
ods leverage the semantic priors of MLLMs to assist in
high-level decision-making and reward design, the MLLM
and WM exhibit misaligned learning objectives and discon-
nected representations between the semantic and physical
domains. A few recent studies, such as GenRL [32] and
FOUNDER [44], attempt to address this gap by learning
a connector that maps MLLM embeddings into the world
model’s representation space. However, these approaches
still face two critical limitations. (1) They rely on one-
way projection functions that transfer information solely
from MLLM to the world model. The interaction with
the physical environment is still handled exclusively by the
world model, and no feedback from environmental dynam-
ics is propagated back to MLLM. (2) The learned connec-
tors are task-agnostic, applying a uniform alignment strat-
egy across all tasks without adapting to task-specific seman-
tics or context-dependent dynamics. The significant differ-
ences across tasks lead to task-specific parameter sensitivi-
ties, which limit the model’s capability in multitask settings
and generalization across tasks. These observations moti-
vate us to move beyond static architectural designs and ex-
plore a task-aware dynamic joint mechanism that enables
bidirectional coupling between MLLMs and world models.

To overcome these limitations, we propose ModularA-
gent, a task-aware dynamic joint framework that enables
modularized coupling between MLLMs and world models.
As shown in Fig. 1, the framework establishes two informa-
tion pathways. In the forward path, the MLLM provides
high-level semantic and visual representations, such as en-
vironment semantics, which are dynamically injected into
the latent space of the world model through Task-Aware
Fusion mechanism. This allows the world model to per-
form semantically guided imagination, generating trajecto-
ries that are not merely driven by physical transitions but
are aligned with high-level semantic intent. In the back-
ward path, the MLLM-WM joint model generates task-
conditioned imagined trajectories and computes dense re-
wards that measure semantic–dynamic consistency. Since
these rewards are differentiable in the latent space, they can
be backpropagated through the MLLM–WM joint loss into
the MLLM, enabling its semantic representations to self-

correct according to real physical dynamics.
To realize this bidirectional coupling, ModularAgent

is composed of three key components: Task-Aware Dy-
namic Joint Learning, Task-Aware Behavior Learning, and
MLLM-WM Joint Optimization. The Task-Aware Dy-
namic Joint Learning module integrates semantic represen-
tations from the MLLM and dynamic representations from
the world model through task-conditioned modular fusion,
where a gating mechanism adaptively balances the contri-
butions of semantic and dynamic expert adapters at each
layer. The Task-Aware Behavior Learning component con-
structs a shared imagination space for policy learning, in
which rollouts are generated to align imagined trajectories
with task semantics, and dense semantic consistency re-
wards guide physically plausible and semantically coherent
behavior generation. Finally, the MLLM-WM Joint Opti-
mization unifies semantic alignment, dynamic prediction,
and behavior optimization under a single training paradigm,
enabling gradient-level coupling between the MLLM and
world model. In comprehensive experiments across multi-
task and cross-environment generalization settings, our ap-
proach consistently outperforms state-of-the-art baselines,
exhibiting strong adaptability and stability. To the best of
our knowledge, this is the first work to establish a task-
aware coupling framework between MLLMs and World
Models, paving the way toward open-ended embodied de-
cision making.

Our contributions are summarized as follows:
• We propose ModularAgent, a task-aware dynamic joint

framework that enables bidirectional coupling between
MLLMs and World Models.

• We introduce a Task-Aware Modular Fusion mechanism
that dynamically routes information between semantic
and dynamic experts under task guidance, mitigating het-
erogeneous task interference.

• We develop task-aware behavior learning with a joint
optimization objective that aligns the MLLM’s seman-
tic space with the WM’s imagination dynamics via text-
conditioned dense rewards.

• Extensive experiments across multi-task and cross-
environment settings show that ModularAgent outper-
forms state-of-the-art baselines, achieving superior stabil-
ity and generalization in open-ended embodied scenarios.

2. Related Work
Multimodal Large Language Models (MLLMs). In re-
cent years, the development of MLLMs has greatly ad-
vanced artificial intelligence in unified perception and rea-
soning. Representative models such as GPT-4o [1], Gemini
[3], and Claude [4] have demonstrated strong multimodal
capabilities in many multi-modal tasks. Meanwhile, open-
source models such as LLaVA-Next [29], InternVL [9],
Qwen-VL [40], and DeepSeek-VL Janus [11] have made
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Figure 2. Overview of the proposed ModularAgent framework. It establishes bidirectional coupling between MLLM and World Model.
In the forward path, semantic representations produced by MLLM are injected into the WM’s latent space via the Task-Aware Modular
Fusion mechanism, enabling semantically guided imagination rather than purely physics-driven rollouts. In the backward path, Task-Aware
Behavior Learning leverages WM-generated imagined trajectories to compute dense text-aligned rewards, which provide gradient feedback
that reshapes the MLLM’s semantic space.

multimodal research more open and reproducible. How-
ever, current MLLMs lack dynamic interacting with the real
physical world, making it hard to link high-level semantics
with low-level control and limiting their direct application
to embodied intelligence scenarios.

World Models (WMs). World models are a key compo-
nent of embodied intelligence systems. Their core objec-
tive is to learn the latent dynamics of the environment and
infer the next state in either a deterministic or probabilis-
tic manner [41, 47]. Recent advances in world models can
be broadly grouped into three paradigms. Recurrent State-
Space Models (RSSMs) learn latent dynamics for state tran-
sitions, where models such as Dreamer [22] and PlaNet
[21] perform imagination-based rollouts in latent space to
guide reinforcement learning. Joint Embedding Predic-
tive Architectures (JEPAs) emphasize semantic-level con-
sistency across states, for example, I-JEPA modeling stable
and generalizable world representations from multimodal
inputs [5]. Generative video world models (e.g., Sora)
[6] directly capture pixel-level dynamics through large-
scale video generation, enabling visual prediction of future
scenes. Despite these advances, existing world models still
struggle with multi-task generalization and maintaining se-
mantic–dynamics consistency.

Existing MLLM–World Model Integration Paradigms.
In recent years, MLLMs have emerged as powerful tools for
task decomposition and reward specification in RL. Owing

to their strong semantic understanding and reasoning capa-
bilities, MLLMs have been adopted as planners that decom-
pose complex long-horizon tasks into executable subgoals
and interact with world models to verify task learning effec-
tiveness. Representative works [10, 13, 16, 48] follow this
paradigm, leveraging MLLMs as high-level decision mod-
ules to augment the planning capacity of world models.

In terms of reward modeling, the MLLM evaluates the
performance of the world model from a visual perspective.
Several works [25, 27, 37, 43] compute the semantic sim-
ilarity between agent states and task descriptions to gen-
erate dense reward signals from visual observations, while
others [28] leverage MLLMs to provide preference-based
feedback for reward model training. These representative
studies have shown that it is possible to learn effective re-
wards without manual design or explicit fine-tuning. How-
ever, both the planner-based and reward-based approaches
treat MLLMs as external tools that extend only partial capa-
bilities of the world models (e.g., planning or reward gener-
ation), without establishing true bidirectional communica-
tion between world interaction and MLLM.

To bridge this gap, recent works such as GenRL [32]
and FOUNDER [44] attempt to couple MLLMs and WMs
within the latent state space by learning a connector that
maps foundational MLLM representations into the WM’s
latent dynamics, thus injecting high-level semantic priors
into the world model. Nonetheless, these methods maintain
a unidirectional information flow, from MLLM to WM. In
contrast, our method achieves bidirectional alignment and



joint optimization between MLLMs and WMs at the latent
representation level, enabling embodied agents to perform
unified semantic–dynamics reasoning and achieve adaptive
decision-making.

3. Methodology
We propose ModularAgent, a task-aware dynamic joint
framework that enables modularized coupling between
MLLMs and world models. As illustrated in Fig. 2, the
framework is composed of three components: Task-Aware
Dynamic Joint Learning, Task-Aware Behavior Learning,
and MLLM-WM Joint Optimization. We next detail the
three core modules and describe how they interact within
the complete pipeline of our method.

3.1. Task-Aware Dynamic Joint Learning
We introduce a Dynamic Joint Architecture that seamlessly
integrates the MLLM with the World Model into a unified
framework. The architecture employs a task-aware modular
dynamic strategy to achieve robust generalization across di-
verse tasks, effectively alleviating architectural conflicts in
multi-task learning.

Dynamic Joint Architecture. Given a task instruction y,
a video observation sequence x1:t, and previous actions
at−1, our framework comprises a Task Encoder, an MLLM
Encoder, an RSSM-based World Model, and a Task-Aware
Modular Fusion (TAMF) module:

Task Encoder : τ = ftask(y),

MLLM Encoder : ev = fmllm(x1:t),

World Model Encoder : qϕ(st|xt),
pθ(st|st−1, at−1),

st = fwm(xt, st−1, at−1),

Modular Fusion : zt = fmod(ev, st, τ),

(1)

The task encoder transforms textual task descriptions
into a global task embedding τ through ftask, which en-
codes both semantic intent and task identity. This embed-
ding serves as a dynamic routing signal for the subsequent
modular layers. The MLLM encoder extracts high-level se-
mantic representations, where fmllm encodes temporally or-
dered visual tokens to produce semantically consistent vi-
sual features. The world model adopts a Recurrent State-
Space Model (RSSM) architecture to capture latent dynam-
ics in a temporally coherent form. Its encoder maps the ob-
servation xt to a latent state st following the recurrent tran-
sition, st = fwm(xt, st−1, at−1), which integrates the cur-
rent observation, previous latent state, and executed action
to summarize both observed environmental transitions. The
modular fusion jointly encodes semantic and dynamic rep-
resentations under the guidance of τ and produces a unified

latent representation zt, forming a task-conditioned feature
space for imagination and behavior generation.

Task-Aware Modular Fusion. To bridge the semantic
reasoning capability of the MLLM and the dynamic mod-
eling capacity of the world model, we design a Task-Aware
Modular Fusion (TAMF) module that dynamically fuses
embeddings from MLLM and world model under task guid-
ance. The module consists of L stacked layers, where each
layer contains two expert adapters specialized for semantic
alignment and dynamics alignment, respectively.

Given the embedding from the MLLM, ev ∈ Rdm , and
the latent state from the world model, st ∈ Rds , we first
compute an initial fused representation:

z(0) = hfuse([ ev ; st ]) , (2)

where hfuse is a lightweight projection layer.
Each modular layer ℓ ∈ {1, . . . , L} takes the previous

representation z(ℓ−1) and the task embedding τ as input.
A gating controller computes the task-conditioned routing
probability, p(ℓ) = fgate(τ), which determines the contri-
bution of each expert branch. Then, the output of layer l in
the proposed TAMF is formulated as:

z(ℓ) = z(ℓ−1)+(1−p(ℓ))A(ℓ)
sem(z

(ℓ−1))+p(ℓ) A(ℓ)
dyn(z

(ℓ−1)),
(3)

where A(ℓ)
sem expert focuses on semantic adaptation to align

textual and visual representations; A(ℓ)
dyn expert focuses on

dynamics adaptation to integrate physical state transitions.
We draw inspiration from prior work on adapter-

based architectures [24, 38], each expert adapter adopt a
lightweight adaptation block structured as Pre-LayerNorm
→ GEGLU → Linear → LayerScale → Residual. We in-
corporate residual connections to mitigate training instabil-
ity and ensure stable optimization. After L layers of itera-
tive fusion, the model produces a unified latent representa-
tion:

z(L) = fTAMF(ev, st, τ ), (4)

which jointly encodes multimodal semantics and world dy-
namics, serving as a compact foundation for reconstruction,
prediction, and policy optimization.

Task-Guided Expert Allocator. To enable task-aware
feature routing, we introduce a lightweight gating network
that transforms the task embedding τ into a continuous gate
p ∈ (0, 1), which controls the activation of semantic and
dynamic experts at each layer. Formally, given the task em-
bedding τ ∈ Rdτ , the gating function is defined as:

p = σ(W2 GELU(W1 LN(τ ) )) , (5)

where LN(·) denotes Layer Normalization, and σ(·) is the
sigmoid function. The output p serves as a selection coeffi-
cient between the semantic adapter Asem and the dynamics



adapter Adyn, allowing the model to modulate fusion be-
havior according to the task semantics. For different tasks,
the relative weighting between the semantic and dynam-
ics branches is adaptively adjusted, allowing the model to
share low-level representations across tasks while preserv-
ing task-specific expressiveness. Such dynamic routing mit-
igates gradient conflicts and interference across heteroge-
neous tasks, thereby enhancing both performance and gen-
eralization in multi-task scenarios.

In addition, unlike conventional single-layer multi-
expert designs, the proposed Task-Aware Modular Fusion
(TAMF) adopts a layer-wise dual-expert architecture, where
each layer contains independent semantic and dynamics
adapters, enabling localized routing and adaptive feature
blending. This design brings three major benefits: first, in-
dependent gating at each layer decomposes gradient propa-
gation into multiple local decisions, leading to clearer gradi-
ent signals and more stable convergence; second, each layer
allows progressive balancing between high-level semantic
abstraction and low-level physical reasoning; and third, the
layer-wise routing mechanism provides inherent robustness,
an inaccurate gate in one layer affects only local computa-
tion without corrupting the overall feature flow.

3.2. Task-Aware Behavior Learning
Building upon the fused latent representation generated by
TAMF, this section focuses on how the model leverages zt
to learn task-consistent behavior policies.

Rollout. To enable the fused latent representation zt to
drive behavior generation, we construct a task-conditioned
rollout mechanism within the shared imagination space. At
each timestep t, the fused latent representation is computed
according to Eq. 4: zt = fTAMF(ev, st, τ ), where ev de-
notes the multimodal embedding from the MLLM, st is
the latent state inferred by the RSSM-based world model
qϕ(st|xt), and τ represents the task embedding produced
by the task encoder ftask(T ).

Within this latent space, the imagination process unfolds
according to the learned dynamics:

at ∼ πψ(at|zt),
z̃t+1 ∼ pθ(zt+1|zt,at),

(6)

where πψ is the policy network and pθ is the transition func-
tion. Iteratively applying this process for a horizon H yields
a sequence of imagined trajectories {z̃t+h,at+h}Hh=1. Un-
like conventional model-based rollouts, our imagination
process explicitly incorporates visual information from the
MLLM and implicitly depends on the task embedding
τ . This design enables the world model to generate
task-aligned trajectories that remain semantically consistent
throughout the entire temporal evolution.

Task-Conditioned Reward. In behavior modeling, the
reward function plays a pivotal role in guiding the agent to-
ward right actions. Unlike traditional reinforcement learn-
ing where rewards are manually defined based on environ-
mental outcomes, our framework learns dense semantic re-
wards directly within the latent imagination space.

Given a task embedding τ , we first map it into the la-
tent state space of the world model through a lightweight
projection:

zτt = fmap(τ ), (7)

where fmap ensures that the task embedding and the world
model state zt share the same representational manifold.
Conditioned on the current task embedding zτt and exe-
cuted action at, the text imagination module predicts the
next task-aligned latent state as:

z̃τt+1 ∼ p̃ψ(z
τ
t+1 | zτt ,at), (8)

z̃τt+1 represents the expected state transition under the given
task instruction. This formulation transforms a static task
goal into a temporally evolving target trajectory. By iter-
atively applying this transition over a horizon H , we ob-
tain a sequence of task-conditioned imagined trajectories
{z̃τt+h,at+h}Hh=1.

During training, we encourage the world model to align
its predicted latent dynamics with those imagined from
task semantics. This is achieved by minimizing the Kull-
back–Leibler divergence between the world-model rollout
distribution and the task-conditioned imagination distribu-
tion:

DKL
(
pθ(zt+1 | zt,at) ∥ p̃ψ(z̃

τ
t+1 | fmap(τ),at)

)
, (9)

where pθ denotes the transition dynamics of the world
model and p̃ψ represents the text-imagination model. This
alignment enforces that the imagined trajectories are both
physically consistent and semantically coherent with the
given instruction.

When computing rewards for policy optimization, we
measure the semantic consistency between the imagined
state and the task-imagined reference as:

rt = Sim(zt, z̃
τ
t ) , (10)

where Sim(·) denotes cosine similarity. This dense reward
provides a smooth learning signal, guiding the policy to-
ward behaviors that align with task semantics while main-
taining physical plausibility.

3.3. MLLM-WM Joint Optimization
We jointly optimize the World Model and MLLM through
a unified objective that enables bidirectional coupling be-
tween semantic reasoning and dynamic prediction. The
overall training objective is formulated as:

Ltotal = λWMLWM + λMLLMLMLLM + λJBOLJBO, (11)



where LWM focuses on reconstructing and predicting envi-
ronmental dynamics, LMLLM ensures semantic-level repre-
sentation alignment, and Joint Behavior Optimization Loss
LJBO enforces task-aware joint optimization between se-
mantic cues and dynamic rollouts.

World Model Loss. The world model learns to capture la-
tent environment dynamics through a combination of prior–
posterior consistency and observation reconstruction. Fol-
lowing the recurrent state-space modeling (RSSM) formu-
lation [22, 32], the overall loss is defined as:

LWM =
∑
t

DKL[qϕ(zt | xt) ∥ pθ(zt | zt−1, at−1)]︸ ︷︷ ︸
dynamics loss

−Eqϕ(zt|xt)[log pθ(xt | zt)]︸ ︷︷ ︸
reconstruction loss

.
(12)

Here, pθ and qϕ denote the prior and posterior latent distri-
butions of the RSSM, respectively. The first term enforces
temporal consistency by aligning the predicted prior with
the inferred posterior, while the second term reconstructs
multimodal observations from latent states. Together, these
objectives enable the world model to learn a compact and
predictive imagination space.

Multimodal Semantic Loss. The MLLM branch is
trained to enhance controllable semantic representations
through semantic reconstruction and cross-modal align-
ment:

LMLLM =
∥∥ ev − fdec(zt)

∥∥2
2︸ ︷︷ ︸

reconstruction loss

+
∥∥ ev − fψ(τ)

∥∥2
2︸ ︷︷ ︸

alignment loss

, (13)

where ev denote the visual embeddings, fψ is the represen-
tation aligner that maps linguistic features into the visual
space, and fdec serves as the decoder that maps zt back into
the visual space. This loss encourages visual reconstruction
and cross-modal alignment.

Joint Behavior Optimization Loss. To align the agent’s
imagined behavior with task semantics, according to Eq.
9, we define a task-conditioned joint behavior optimization
objective:

LJBO = −Et
[
wt+h · Sim

(
zt+h, z̃

τ
t+h

)]
, wt+h = γt+h,

(14)
where zt+h denotes the latent trajectory generated by the
world model, and z̃τt+h represents the text-conditioned
imagination trajectory. The similarity function Sim(·) is
implemented as negative KL divergence. Following Dream-
erV3 [22], we use a discount weight wt+h to down-weight
long-horizon imagination, thereby prioritizing reliable near-
term predictions and reducing uncertainty accumulation.

This loss bridges semantic and physical spaces, encourag-
ing the model to generate behaviors that are both dynami-
cally coherent and semantically aligned with the task.

4. Experiments

We conduct comprehensive experiments to evaluate the ef-
fectiveness of our method. Specifically, we aim to address
three key questions: (1) how well the model performs across
multiple tasks within a single training environment, (2) how
effectively it generalizes to unseen environments when per-
forming the same task, and (3) how each component con-
tributes to the overall performance improvement.

4.1. Experimental Setup

Experimental Environments. Our evaluation covers
four locomotion control environments (Cheetah, Walker,
Quadruped, and Stickman), all implemented on the
DeepMind Control Suite [39] frameworks. Following
GenRL, we construct offline datasets collected using the
Plan2Explore strategy [35] and replay buffers from rein-
forcement learning agents trained on domain-specific tasks,
encompassing diverse semantic instructions and action tra-
jectories. Since existing work [32] does not include the
Quadruped environment, we additionally collect and pre-
process it. Detailed task definitions and task prompts are
provided in the Appendix.

Baseline. We compare our proposed approach against
both model-free and model-based reinforcement learning
methods. For the model-free baselines, we adopt three
representative algorithms: the off-policy RL method TD3
[19], the advantage-weighted behavior cloning method IQL
[26], and the behavior-regularized approach TD3+BC [18].
For the model-based baselines, we focus on three recent
methods that also explore integrating MLLMs with World
Model, such as WM-CLIP, GenRL [32], and FOUNDER
[44]. WM-CLIP is a variant of GenRL that learns a re-
versed connector, mapping latent states from the WM to
the MLLM embedding space. In contrast, GenRL and
FOUNDER employ a forward connector that maps repre-
sentations from the MLLM to the WM latent space, al-
lowing semantic priors to guide imagination and planning
within the world model. Additionally, FOUNDER intro-
duces a Temporal Distance Predictor to estimate temporally
consistent reward signals during behavior learning.

Experimental details. In our experimental setup, we pre-
train the world model and its associated components for
100K gradient steps, followed by another 50K updates dur-
ing the behavior learning phase. To ensure a fair compari-
son, our method and all model-based baselines employ the



Table 1. Performance comparison between our method and all baselines on the DMC. Reported scores are the mean episodic rewards over
10 random seeds (± standard error), normalized using min–max scaling where the random policy corresponds to the minimum and the
expert policy to the maximum.

Task IQL TD3+BC TD3 WM-CLIP GenRL FOUNDER ModularAgent

walker stand 0.66 ± 0.05 0.64 ± 0.03 1.01 ± 0.00 0.94 ± 0.01 1.02 ± 0.00 1.01 ± 0.02 1.03 ± 0.02
walker run 0.29 ± 0.02 0.24 ± 0.02 0.35 ± 0.01 0.70 ± 0.01 0.77 ± 0.02 0.78 ± 0.04 0.87 ± 0.02
walker walk 0.40 ± 0.03 0.44 ± 0.03 0.88 ± 0.02 0.91 ± 0.02 1.01 ± 0.00 0.94 ± 0.04 1.03 ± 0.01
cheetah run 0.15 ± 0.02 -0.01 ± 0.00 0.37 ± 0.01 0.56 ± 0.03 0.74 ± 0.01 0.81 ± 0.02 0.79 ± 0.02
quadruped stand 0.52 ± 0.06 0.43 ± 0.05 0.61 ± 0.05 0.97 ± 0.00 0.97 ± 0.00 0.98 ± 0.01 1.00 ± 0.01
quadruped run 0.38 ± 0.03 0.25 ± 0.02 0.26 ± 0.01 0.61 ± 0.02 0.86 ± 0.02 0.94 ± 0.03 0.95 ± 0.02
quadruped walk 0.32 ± 0.02 0.28 ± 0.04 0.28 ± 0.02 0.92 ± 0.01 0.93 ± 0.01 0.90 ± 0.05 0.99 ± 0.03
stickman stand 0.43 ± 0.04 0.45 ± 0.05 0.08 ± 0.02 0.32 ± 0.01 0.70 ± 0.02 0.91 ± 0.04 0.95 ± 0.03
stickman walk 0.51 ± 0.02 0.46 ± 0.03 0.41 ± 0.02 0.65 ± 0.05 0.83 ± 0.01 0.91 ± 0.03 0.95 ± 0.03
stickman run 0.23 ± 0.02 0.19 ± 0.02 0.21 ± 0.00 0.35 ± 0.01 0.35 ± 0.01 0.48 ± 0.02 0.49 ± 0.02
overall 0.39 ± 0.03 0.34 ± 0.03 0.45 ± 0.02 0.69 ± 0.02 0.82 ± 0.01 0.87 ± 0.03 0.91 ± 0.02

same video–language backbone, InternVideo2 [42]. The vi-
sual observations are rendered at a resolution of 64×64, with
a batch size of 64 and a sequence length of 32. Additional
hyperparameter and training details are provided in the sup-
plementary material.

4.2. Task Solving on DMC

We evaluate our method on DMC to assess its capability
in multi-task understanding and execution within a single
environment. For DMC, we select three representative lo-
comotion tasks including Stand, Walk, and Run, and test
them across multiple embodiments.

As shown in Table 1, model-free baselines generally per-
form worse. Since they do not explicitly model environ-
mental dynamics and instead learn policies or value func-
tions directly from experience data, these methods struggle
with long-term temporal consistency.

Compared with other model-based methods, our ap-
proach shows clear advantages. ModularAgent achieves
the highest scores in 9 out of 10 tasks, demonstrating the
strongest overall performance. WM-CLIP learns a one-way
mapping from world model representations to MLLM em-
beddings, while GenRL and FOUNDER adopt the reverse
direction from MLLM to WM. However, both directions
in isolation fail to capture the complementary nature of se-
mantic reasoning and physical dynamics. Our joint mod-
ular fusion enables bidirectional coupling within a unified
latent space, integrating the semantic abstraction capability
of MLLMs with the actionable physical modeling of WMs,
resulting in more accurate decision-making.

Notably, ModularAgent maintains strong performance
on tasks that are already well-solved by existing methods,
while delivering substantial improvements on more chal-
lenging tasks within the same environment. For example,
in the Walker domain, ModularAgent preserves competi-
tive performance on stand and walk, while boosting the run

run stand walk
0

0.2

0.4

run stand walk
0

0.2

0.4

0.6

WM-CLIP GenRL ModularAgent w/o TAMF ModularAgent

Figure 3. Cross-environment generalization of agents trained in
the Walker domain. The top row shows evaluation results in the
Quadruped environment, while the bottom row presents results in
the Stickman environment.

task from 0.78 to 0.87. These results indicate that the pro-
posed task-aware modular fusion effectively alleviates task-
specific architectural conflicts, enabling the model to retain
task-unique information while preserving overall stability
across diverse tasks.

4.3. Cross-domain Task Solving

We further evaluate the cross-domain generalization capa-
bility of our method using three representative tasks: Run,
Stand, and Walk. For each experiment, one environment is
used as the source domain for training, and the remaining
two environments serve as target domains for transfer eval-
uation. This configuration produces six domain combina-
tions and eighteen task settings, enabling a comprehensive
assessment. Results are shown in Fig. 3, and additional
comparisons are provided in the supplementary materials.

Since the official implementation of FOUNDER has not
been released, we compare our method with two accessible
model-based baselines, WM-CLIP and GenRL. The results
show that our approach achieves the best performance on all



Table 2. The effectiveness of components.

Method walker stand walker run walker walk

base 0.89 ± 0.03 0.67 ± 0.01 0.86 ± 0.03
+LMLLM 0.96 ± 0.02 0.76 ± 0.02 0.90 ± 0.03
+TAMF 1.00 ± 0.03 0.83 ± 0.01 1.00 ± 0.01
+TARO 1.03 ± 0.02 0.87 ± 0.02 1.02 ± 0.01

Walker

Cheetah

Stickman

Figure 4. Visualization of task-conditioned imagined trajecto-
ries. For each environment, the top row shows real observations
and the bottom row shows reconstructions decoded from the task-
conditioned imagination trajectories.

of tasks, demonstrating superior cross-domain adaptability.
These performance gains can be attributed to the TAMF

module, which effectively fuses semantic and physical rep-
resentations through adaptive modular routing. In addition,
the modular routing mechanism enables stable sharing of
low-level parameters while allowing higher-level compo-
nents to adapt to task-specific requirements. As shown in
the figure, the superior performance of ModularAgent over
the without-TAMF variant further supports this observation.

4.4. Effectiveness of each Component.
As shown in Table 2, we conduct a comprehensive ablation
study to examine the contribution of each key component
in our framework across three tasks in the Walker environ-
ment: Stand, Walk, and Run.

• Base Model. The Base Model adopts a GenRL-style
mapping from the MLLM representation to the world
model’s latent space, where the fused feature is obtained
by direct summation of the two embeddings. Trained

solely under the world model loss LWM, it achieves av-
erage scores of 0.89, 0.67, and 0.86 on the three tasks,
respectively, serving as a minimal baseline.

• + MLLM Loss. Introducing the multimodal reconstruc-
tion loss LMLLM improves semantic alignment between
MLLM and WM representations. The scores increase
to 0.96, 0.76, and 0.90, showing that language–vision
alignment benefits task performance, especially in se-
mantically guided behaviors.

• + Task-Aware Modular Fusion. By adding the proposed
TAMF, performance further improves to 1.00, 0.83, and
1.00. This enhancement demonstrates that dynamically
routing semantic and physical features per task effec-
tively mitigates task interference.

• + MLLM-WM Joint Optimization. Finally, incorporat-
ing the MLLM-WM joint optimization achieves the best
results, 1.03, 0.87, and 1.02. The dense, text-conditioned
reward provides stable supervision in the imagination
space, allowing the model to refine its behavior gener-
ation through semantic–dynamic alignment.

4.5. Effectiveness of behavior learning.
To evaluate the effectiveness of task-aware behavior learn-
ing, we visualize the decoded task-conditioned imagination
trajectories, as shown in Fig. 4. For each environment,
the first row displays the real observations, while the sec-
ond row shows the reconstructed results from the imagined
trajectories. We observe that, after behavior learning, the
task-conditioned imagination trajectories closely approxi-
mate the real observations. This provides strong evidence
that using these task-conditioned imagined trajectories as
reference targets during reward computation is effective.

5. Conclusions
In this paper, we propose ModularAgent, a task-aware dy-
namic joint framework that enables bidirectional coupling
between MLLMs and World Models. ModularAgent estab-
lishes two complementary pathways: a forward path, where
MLLM-derived visual representations are dynamically in-
jected into the WM’s latent space, and a backward path,
where WM-generated rollouts and text-conditioned rewards
provide feedback to refine the MLLM’s semantic space. To
realize this coupling, ModularAgent integrates three key
components: Task-Aware Dynamic Joint Learning, which
adaptively fuses semantic and dynamic representations un-
der task guidance; Task-Aware Behavior Learning, which
aligns imagined trajectories with task semantics through
dense text-conditioned rewards; and Joint Optimization Ob-
jectives, which unify semantic reasoning and physical pre-
diction under a single training paradigm. Extensive ex-
periments across multi-task and cross-environment settings
demonstrate that ModularAgent achieves superior perfor-
mance compared to state-of-the-art baselines.
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