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Figure 1. MetaWorld is a hierarchical world model framework that bridges the semantic-physical gap in robotic tasks. It leverages Vision-
Language Models (VLMs) for high-level semantic task planning, integrates motion priors through a multi-expert policy library for action
fusion, and achieves efficient low-level physical control via a latent dynamics model.

Abstract

Humanoid loco-manipulation requires coordinating001
whole-body joints for simultaneous locomotion and object002
interaction, yet it remains challenging due to the high-003
dimensional action space. Current methods face three pri-004
mary bottlenecks: (1) low sample efficiency in reinforce-005
ment learning, (2) poor generalization of imitation learn-006
ing in long-horizon tasks, and (3) physical inconsistency in007
VLM-based planning. To address these, we propose Meta-008

World, a hierarchical world model that integrates seman- 009
tic planning and physical control via expert policy transfer. 010
Specifically, (i) we introduce a motion prior fusion mech- 011
anism that leverages a pre-trained expert library within a 012
compact latent dynamics model to accelerate online adap- 013
tation; (ii) a hierarchical task decoupling strategy is em- 014
ployed to decompose long-term logic from local execution, 015
ensuring robust cross-scene transfer; and (iii) the VLM 016
is utilized as a semantic interface to map high-level in- 017
structions directly to pre-validated physical skills, bypass- 018
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ing the symbol grounding problem and ensuring dynamic019
feasibility. Evaluated on challenging tasks in Humanoid-020
Bench, MetaWorld significantly outperforms TD-MPC2 and021
Dreamer V3 in both success rate and motion smoothness,022
achieving a 139.1% increase in average reward. Our023
code will be found at https://anonymous.4open.024
science/r/metaworld-2BF4/025

1. Introduction026

Humanoid robots, as quintessential embodiments of em-027
bodied intelligence, have long faced a fundamental chal-028
lenge: executing semantically-driven loco-manipulation029
tasks within unstructured and dynamic environments. At030
the core of this challenge lies a significant “abstraction gap”031
in current robot control systems, the disconnect between032
high-level semantic understanding and low-level physical033
execution [6, 13, 16, 25]. On one hand, large-scale models034
represented by Vision-Language Models (VLMs) demon-035
strate exceptional capabilities in high-level task planning036
and semantic reasoning, understanding “what to do”; on037
the other hand, low-level control methods based on imita-038
tion learning or reinforcement learning can generate precise039
joint-level actions, addressing “how to do it.” However, the040
absence of a unified and scalable framework to bridge these041
disparate capabilities often results in semantic plans that042
are decoupled from physical constraints, conversely, low-043
level control policies often lack the versatility to generalize044
across complex, composed high-level tasks.045

Current mainstream approaches exhibit distinct limita-046
tions in addressing this problem. Although end-to-end re-047
inforcement learning is theoretically capable of discover-048
ing optimal policies, it suffers from extreme sample in-049
efficiency due to the expansive search space of humanoid050
whole-body coordination [24]. Imitation learning, while ef-051
fective at acquiring natural motion patterns, typically yields052
poor generalization when extrapolating limited demon-053
strations to unseen, long-horizon scenarios [21]. Further-054
more, direct application of VLMs to robot control faces se-055
vere physical inconsistency; without kinematic or dynamic056
constraints, the generated plans often fail to ground symbols057
into executable physical actions. While existing literature058
explores the integration of these methods, most approaches059
remain restricted to simplistic task concatenation or a loose060
coupling of independent modules, failing to establish a truly061
unified, hierarchical interaction architecture [18, 20, 23].062

To systematically address these challenges, this paper063
presents MetaWorld, a hierarchical world model-based064
robot control framework that synergistically combines the065
semantic reasoning of VLMs, motion priors from imitation066
learning, and online adaptation mechanisms from model-067
based reinforcement learning. The main contributions of068
this paper include:069

• Addressing Sample Efficiency via Motion Prior Fu- 070
sion: We propose a hierarchical world model that lever- 071
ages a pre-trained multi-expert policy library. By synthe- 072
sizing actions within a compact latent dynamics model, 073
our framework achieves efficient reuse of skills and sig- 074
nificantly accelerates online adaptation. 075

• Ensuring Physical Consistency via Semantic Inter- 076
faces: We establish a reliable interaction paradigm using 077
VLMs as semantic interfaces. By mapping high-level 078
instructions directly to pre-validated physical skills, we 079
bypass the symbol grounding problem and ensure the 080
dynamic feasibility of generated motions. 081

• Enhancing Generalization via Hierarchical Decou- 082
pling: We introduce a modular architecture that de- 083
couples long-horizon semantic logic from local physi- 084
cal execution. This two-stage framework enables robust 085
cross-scene migration and achieves superior generaliza- 086
tion across diverse, unstructured environments. 087

2. Related Works 088

2.1. World Models in Robotics 089

World models facilitate policy learning by predicting en- 090
vironment state transitions, emerging as a critical tool 091
for enhancing sample efficiency and generalization in 092
robotics [17]. Mainstream approaches, such as the Dreamer 093
series [7–10], perform policy optimization through latent 094
space prediction, while model-based reinforcement learn- 095
ing methods like TD-MPC2 [11] further achieve high- 096
performance control in complex dynamic environments. 097
However, most existing world models lack hierarchical 098
depth, hindering the decomposition of high-level seman- 099
tic tasks into executable physical action sequences, thereby 100
limiting their direct application to long-horizon, multi-step 101
embodied tasks [5]. The hierarchical world model archi- 102
tecture proposed in this paper introduces explicit separation 103
between the semantic planning layer and physical execution 104
layer, enabling the world model to simultaneously handle 105
semantic parsing of language instructions and dynamic pre- 106
diction of physical environments, effectively bridging the 107
gap between task planning and action generation. 108

2.2. Skill Transfer Learning 109

Transfer learning facilitates robotic generalization through 110
the systematic reuse of pre-acquired skills. Current robot 111
control approaches include: domain adaptation (e.g., do- 112
main randomization) to bridge the sim-to-real gap [14]; pol- 113
icy fine-tuning (e.g., progressive networks) for local adjust- 114
ments [3]; and meta-learning (e.g., MAML) for fast few- 115
shot adaptation [4, 15]. However, these methods face two 116
major bottlenecks: a heavy reliance on target-domain data 117
or multi-stage training, both of which limit their practical 118
deployment; and a failure to achieve real-time, millisecond- 119
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Figure 2. This illustrates the three-tier architecture of the MetaWorld framework: the semantic layer parses observation into executable
skill sequences via a vision-language model; the skill transfer layer integrates expert policy priors through a hierarchical world model and
enables dynamic adaptation; the physical layer performs precise control in a compact state space using a latent dynamics model.

level adaptation in the face of dynamic disturbances. To120
address these issues, we propose a dynamic expert selec-121
tion and motion prior fusion mechanism. By constructing122
a multi-expert policy library, our approach dynamically se-123
lects the most relevant strategies within a Model Predictive124
Control (MPC) framework to enable real-time policy ad-125
justment. This approach maintains the efficiency of expert126
policies while significantly enhancing adaptability and gen-127
eralization in unstructured environments.128

2.3. VLM Applications in Real-time Task Parsing129

Vision-Language Models (VLMs) have demonstrated re-130
markable proficiency in open-vocabulary perception, scene131
understanding, and high-level reasoning, and have been132
widely applied to high-level task planning and semantic133
guidance in robotics. Representative works such as VIMA134
and RT-2 attempt to directly use VLMs to generate robot135
action sequences or serve as front-ends for symbolic plan-136
ners [2, 13]. However, these methods commonly face the137
“symbol grounding” problem: VLM-generated plans of-138
ten ignore the robot’s kinematic and dynamic constraints as139
well as environmental physics, resulting in infeasible plans.140
In this work, we mitigate the physical limitations of VLMs141
by restricting their role to high-level semantic parsing and142
mapping their outputs onto a set of pre-validated, physically143
feasible expert policies. Concurrently, our framework lever-144
ages the semantic understanding and task decomposition145
strengths of VLMs to process open-ended environmental146
semantics and achieve dynamic replanning through closed-147
loop feedback during training, guiding complex tasks to ref-148
erence fundamental expert policies.149

2.4. Transfer Learning and Policy Composition 150

Transfer learning aims to leverage knowledge from source 151
tasks to accelerate learning in target domains, a paradigm 152
particularly vital for high-DOF systems like humanoids [1, 153
12]. Previous works have explored policy composition by 154
linearly blending pre-trained primitives or using gating net- 155
works to select specialized experts. However, these meth- 156
ods often suffer from performance degradation when fac- 157
ing long-horizon loco-manipulation tasks that require seam- 158
less transitions between locomotion and manipulation [26]. 159
MetaWorld advances this field by integrating policy trans- 160
fer directly into a hierarchical world model. Unlike con- 161
ventional distillation-based methods that compress multiple 162
experts into a single student policy, our approach employs 163
a dynamic expert selection mechanism within a latent dy- 164
namics space. By fusing motion priors from a multi-expert 165
library, MetaWorld can compose novel motor skills on-the- 166
fly, ensuring that the transferred knowledge is not only se- 167
mantically relevant but also physically consistent with the 168
robot’s hardware constraints. 169

3. Method 170

3.1. MetaWorld Hierarchical Architecture 171

The central idea of MetaWorld is to decompose the robotic 172
control problem into two distinct layers: a semantic plan- 173
ning layer responsible for interpreting task intent, and a 174
physical execution layer responsible for generating physi- 175
cally feasible actions. This hierarchical design can be for- 176
malized as: 177

π(at | st, T ) = πphys(at | st, πsem(T )) (1) 178

where πsem maps the task description T to a semantic plan, 179
and πphys generates specific actions at based on the current 180
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state st and the semantic plan. This architecture enables181
independent optimization of semantic understanding and182
physical control components while maintaining overall op-183
timality. The optimization objective is to maximize the ex-184
pected cumulative reward J(π) = E[

∑
γtr(st, at)] where185

hierarchical optimization effectively addresses the distinct186
challenges at the semantic and physical levels.187

3.2. Semantic Planning and Symbol Grounding188

Definition 1: Symbol Grounding Error refers to the state-189
action divergence between high-level semantic intentions190
and low-level physical feasibility. In our framework, we191
bound this error by projecting VLM-generated semantic192
sub-goals into a pre-trained expert-action manifold. Unlike193
end-to-end methods that generate actions in unconstrained194
spaces, MetaWorld ensures that even under semantic ambi-195
guity, the resulting movement remains within a kinemati-196
cally stable prior, thereby maintaining physical consistency.197

The semantic planning layer employs a Vision-Language198
Model (VLM) to map natural language task descriptions to199
expert policy weights. Unlike traditional methods, we con-200
strain the VLM output to an expert weight vector w rather201
than direct actions:202

w = fVLM(T , E) (2)203

The key innovation lies in treating the expert library as204
a functional basis. By transforming the symbol ground-205
ing problem into a continuous manifold blending of ex-206
pert policies, we enable the generation of hybrid behav-207
iors. The VLM generates expert weights through care-208
fully engineered prompts, with the response R processed209
by a parsing function to obtain normalized weights wi =210
exp(extracti(R))/

∑
j exp(extractj(R)). Since each expert211

policy πi
exp is physically feasible, the generated semantic212

plan πsem(T ) =
∑

i wiπ
i
exp naturally satisfies physical con-213

straints. The symbol grounding error is bounded within the214
range of expert policy differences, significantly outperform-215
ing direct action generation methods.216

3.3. Dynamic Adaptation Mechanism217

To address dynamic environmental changes, we introduce218
a Zero-shot Behavioral Compositor that performs state-219
aware expert selection. Based on the current state st, we220
construct a selection probability distribution:221

p(i | st) =
exp(ϕ(st)

⊤ψ(πi
exp))∑K

j=1 exp(ϕ(st)
⊤ψ(πj

exp))
(3)222

where ϕ is a state encoding function and ψ is an expert223
feature extraction function. The VLM-generated seman-224
tic weights wi are fused with the dynamic selection prob-225
abilities p(i|st) to obtain the final weights w̃i(st, T ) =226
αwi+(1−α)p(i|st). This fusion mechanism diverges from227

classical discrete option-selection by enabling continuous 228
interpolation between experts. The parameter α ∈ [0, 1] 229
controls the relative importance of semantic planning ver- 230
sus state awareness, enabling a balance between task consis- 231
tency and environmental adaptability. The reference expert 232
action aref =

∑
i w̃i(st, T )πi

exp(st) provides a high-quality 233
initial solution for the physical execution layer. 234

3.4. Physical Execution and Online Optimization 235

The physical execution layer employs the TD-MPC2 algo- 236
rithm, constructing a latent dynamics model for Model Pre- 237
dictive Control (MPC). Observations ot are encoded into 238
latent states zt = fenc(ot) and state evolution is predicted 239
through the dynamics model zt+1 = fdyn(zt, at). The 240
MPC optimization problem solves for the optimal action se- 241
quence over a future horizon H: 242

a∗t:t+H−1 = arg max
at:t+H−1

E[
H−1∑
k=0

γkr(zt+k, at+k) + γHV (zt+H)

]
(4) 243

the expert-guided action aref is incorporated into the 244
optimization objective Ltotal = LTD + λ∥at − aref∥2 245
where the Temporal-Difference (TD) learning loss LTD = 246
E[∥Q(zt, at)− (rt + γQ(zt+1, π(zt+1)))∥2] ensures accu- 247
rate value function estimation. This design maintains online 248
adaptation capabilities while leveraging expert knowledge 249
to accelerate the learning process. 250

3.5. Theoretical Analysis and Implementation 251

Based on contraction mapping theory, we prove algorithm 252
convergence under appropriate parameter selection. The 253
value iteration operator T satisfies the contraction property 254
∥T Q1 − T Q2∥∞ ≤ γ∥Q1 − Q2∥∞ guaranteeing conver- 255
gence of the value function to the optimal solution. Com- 256
pared to traditional methods, the sample complexity is re- 257
duced from O(|S||A|/[(1− γ)2ϵ2]) to O(1/[(1− γ)2ϵ2] + 258
K) demonstrating the efficiency advantage of knowledge 259
reuse. 260

4. Experiment 261

We evaluate our method on HumanoidBench [22], a com- 262
prehensive benchmark for humanoid locomotion and ma- 263
nipulation. For locomotion, we select three tasks: walk, 264
stand, and run; for manipulation, we include door open- 265
ing. The locomotion tasks are learned via imitation learn- 266
ing from the AMASS [19] expert dataset, shaped with 267
trajectory-tracking reward signals. Other skills in the base 268
expert policy repository (e.g., reach) are inherited from TD- 269
MPC2 and are therefore excluded from evaluation. While 270
our architecture is designed with a comprehensive library of 271
eight specialized experts—namely walk, carry, sit, crawl, 272
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Figure 3. We evaluate our method on locomotion (run, walk, stand) and manipulation (door) tasks against baselines TD-MPC2 and
DreamerV3.

Task Metric DreamerV3 TD-MPC2 Ours Imp. (%)

Stand
Ret. ↑ (± Std) 699.3± 62.7 749.8± 54.3 793.4± 13.5 9.5

Conv. ↓ (M) 5.5 1.9 0.8 78.3

Walk
Ret. ↑ (± Std) 428.2± 14.5 644.2± 162.3 701.2± 7.6 30.77

Conv. ↓ (M) 6.0 1.8 1.4 64.1

Run
Ret. ↑ (± Std) 298.5± 84.5 66.1± 4.7 1689.9± 13.6 826.0

Conv. ↓ (M) 6.0 2.0 1.9 52.5

Door
Ret. ↑ (± Std) 165.8± 50.2 179.8± 52.9 680.0± 50.0 293.5

Conv. ↓ (M) 9.0 2.0 1.7 69.1

Avg.
Ret. ↑ 398.0 410.0 966.1 139.1

Conv. ↓ (M) 6.6 1.9 1.5 64.7

Table 1. Performance comparison on locomotion and manipulation tasks. All values are reported to one decimal place. The Ours column
is highlighted in light blue, and the rightmost column shows the percentage improvement.

stairs, stand, run, and reach—this evaluation focuses on a273
representative subset: walk, stand, and run. These tasks are274
selected to rigorously benchmark the model’s fundamental275
locomotion stability and its ability to manage high-dynamic276
transitions.Our policy library consists of N = 8 special-277
ized experts (e.g., walk, run, stand, etc.). Each expert is a278
neural policy trained on thousands of motion clips from the279
AMASS dataset, rather than a single episode mapping. This280
ensures that each primitive expert possesses sufficient gen-281
eralization within its specific modal domain (e.g., various282

walking speeds and gaits). 283

4.1. Baseline 284

We evaluate our method against two state-of-the-art model- 285
based reinforcement learning algorithms to demonstrate its 286
superiority: TD-MPC2 [11], a scalable model-predictive 287
control framework that utilizes local trajectory optimization 288
with learned implicit world models, and DreamerV3 [9], 289
a robust actor-critic algorithm that learns behaviors within 290
a latent imagination space across diverse domains. These 291
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baselines represent the current frontier in sample efficiency292
and asymptotic performance, providing a rigorous bench-293
mark for our proposed components.294

Distinction from Classical Hierarchical Control. While295
hierarchical planning conditioned on task priors has been296
explored, our approach diverges from traditional discrete297
option-selection frameworks. Instead of switching between298
isolated controllers, MetaWorld treats the expert library as299
a continuous functional basis. By leveraging VLM-driven300
dynamic weights, we enable the emergence of hybrid be-301
haviors that are not present in any single expert’s training302
distribution. This formulation transforms the hierarchical303
interface from a simple router into a generative action com-304
positor, significantly enhancing the zero-shot adaptability in305
non-stationary environments.306

4.2. Experimental setup307

Our architecture employs the following hyperparameters:308
the VLM temperature parameter τ = 0.3 controls the309
stochasticity in expert weight generation; the expert guid-310
ance weight λ = 0.05 balances TD-learning and expert pri-311
ors; the MPC planning horizon is set to H = 3 to ensure312
real-time performance; the discount factor γ = 0.99 trades313
off long-term rewards; the learning rate is fixed at 0.001314
to ensure stable convergence; the batch size of 256 balances315
training efficiency and memory usage; and the fusion coeffi-316
cient α = 0.7 regulates the relative importance of semantic317
planning and state adaptation. For task success criteria, we318
follow the definitions provided in HumanoidBench.319

4.3. Validation of Hierarchical Architecture Effec-320
tiveness321

Purpose of the experiment. In this section, we evaluate322
the effectiveness of our hierarchical architecture against tra-323
ditional model-based reinforcement learning methods. We324
first assess the performance of the base expert policy across325
three locomotion tasks: walk, run, and stand. Subsequently,326
on the walk task, we further test the model’s capability to327
perform complex manipulation tasks after dynamic adapta-328
tion. To quantitatively evaluate the performance, we record329
the cumulative Return to measure the task completion qual-330
ity and the number of Convergence Steps to reflect the sam-331
ple efficiency. Specifically, a higher Return indicates su-332
perior task execution, while fewer Steps demonstrate the333
model’s ability to achieve optimal performance with min-334
imal environment interactions, highlighting the efficiency335
of our hierarchical architecture.336

Result. As illustrated in Table 1 and Fig. 3, the337
MetaWorld framework exhibits overwhelming superiority338
across four representative tasks, achieving an average return339
improvement of 139.1%. In basic locomotion tasks, partic-340
ularly the remarkable 826.0% boost in the Run task, the341
performance gains stem from the manifold constraints im-342

Table 2. Success rate evaluation of base expert policies and com-
plex manipulation tasks. We evaluate each policy using check-
points at 2.0M steps across 10 independent trials. Our method
significantly outperforms state-of-the-art MBRL baselines.

Method Locomotion (Success / 10) Manipulation

Stand Walk Run Door (Success / 10)

DreamerV3 [? ] 2/10 2/10 1/10 0/10
TD-MPC2 [11] 3/10 3/10 2/10 1/10

Ours 9/10 9/10 9/10 8/10

Figure 4. We visualized our method against baselines TD-MPC2.

posed by the imitation-learned expert library on the high- 343
dimensional action space. By transforming continuous ac- 344
tion search into a weighted composition of expert trajec- 345
tories, our architecture provides the VLM planner with a 346
physically feasible and low-dimensional action subspace, 347
effectively mitigating the curse of dimensionality inherent 348
in humanoid control. 349

For the complex Door task, the 293.5% improvement 350
validates our hierarchical innovation: the VLM acts as a se- 351
mantic decoder to decompose ambiguous instructions into 352
structured sub-goal sequences, while the dynamic selection 353
mechanism orchestrates corresponding motion primitives 354
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Figure 5. Ablation study results on the Door task (maximum reward and convergence steps).

for execution. The pivotal insight is that complex manipula-355
tion is achieved through the decoupling and recomposition356
of high-level reasoning and low-level motor priors. This357
strategy not only resolves the long-standing symbol ground-358
ing dilemma but also bypasses the sample efficiency bottle-359
neck typical of end-to-end RL paradigms, offering a robust360
new paradigm for the seamless integration of logical infer-361
ence and reactive control in intelligent robotics.362

While the use of motion priors inherently accelerates ex-363
ploration, the primary challenge addressed here is the tem-364
poral composition of these priors. The efficiency gain stems365
not just from the experts themselves, but from the latent dy-366
namics model’s ability to smoothly transition between dis-367
crete expertise domains, a task that remains prohibitively368
slow for flat RL architectures.369

4.4. Evaluation of Task Success Rate and Stability.370

To rigorously evaluate the stability and success rate of our371
base expert policies and complex task execution, we con-372
duct assessments using model checkpoints saved at 2.0M373
environment steps. For the base locomotion experts, a trial374
is considered successful if the humanoid maintains its bal-375
ance without falling for a duration of 30s. For complex ma-376
nipulation tasks, success is defined by the successful com-377
pletion of the door-opening sequence. We evaluate each378
policy across 10 independent trials with different random379
seeds and report the total number of successful completions380
to reflect the robustness of each method.381

Result. The quantitative results in Table 2 and Fig. 4re-382
veal the core advantages of our hierarchical architecture383

in complex humanoid control. First, the inferior perfor- 384
mance of DreamerV3 and TD-MPC2 in base locomotion 385
tasks can be attributed to the challenges of exploration in 386
high-dimensional state spaces. Conventional Model-based 387
RL algorithms attempt to learn world models and whole- 388
body control policies from scratch, leading to a failure to 389
maintain dynamic balance within the 2.0M sampling bud- 390
get. In contrast, our method leverages expert guidance to 391
constrain the policy search within a high-performance man- 392
ifold, achieving superior sample efficiency. 393

Second, the performance gap in the “Door” task (80% 394
vs. 10%) highlights the necessity of coupling semantic rea- 395
soning with motor execution. While baselines often lose 396
balance while attempting manipulation, our VLM-driven 397
layer dynamically adapts expert weights based on visual 398
feedback, maintaining center-of-mass stability during com- 399
plex sequences. This demonstrates that our semantic- 400
guided dynamic selection mechanism is pivotal for solv- 401
ing long-horizon tasks that require both precision and sta- 402
bility. 403

4.5. Ablation study and stability analysis 404

Purpose of the experiment. To rigorously quantify the 405
contribution of each module within the MetaWorld frame- 406
work, we perform a systematic series of ablation experi- 407
ments. First, we ablate semantic planning by replacing the 408
VLM-based planner with a randomly initialized MLP-based 409
weighting layer, where expert weights remain learnable via 410
RL gradients but lack semantic guidance. Next, we ablate 411
dynamic expert selection by fixing α = 1.0 during train- 412
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ing, thereby disabling state-aware expert selection. Finally,413
we ablate skill-expert guidance by setting λ = 0 in the TD-414
MPC2 optimization objective, removing expert action guid-415
ance. We present experimental observations and analysis416
for each ablation.417

Result. As shown in Table 3 To systematically decou-418
ple the contributions within the MetaWorld framework, we419
conduct a series of ablation experiments on the challeng-420
ing “Door” task. As illustrated in Fig. 5, the catastrophic421
72.7% performance collapse when replacing the VLM with422
a naive learnable weighting layer reveals the framework’s423
absolute reliance on high-level task decomposition; even424
with learnable parameters, without semantic grounding, the425
agent fails to discover the complex manifold of expert com-426
binations required to translate abstract symbols into exe-427
cutable sub-goal sequences. This confirms that VLM-based428
planning provides a critical semantic warm-start for solv-429
ing the symbol grounding problem. Furthermore, the ex-430
pert guidance module serves as a critical behavioral an-431
chor, where its 52.9% contribution demonstrates that in432
high-DOF humanoid systems, naive exploration often fails433
due to complex contact dynamics. By providing a behav-434
ioral manifold constraint, expert policies restrict the search435
space to kinematically feasible regions, facilitating a vi-436
tal synergy between imitation-based priors and online RL.437
Lastly, while dynamic expert selection contributes a rela-438
tively smaller 15.4% to the success rate, it provides es-439
sential closed-loop resilience, enabling reactive recovery440
against external perturbations or distribution shifts. Ulti-441
mately, the framework’s superiority stems from the seam-442
less integration of semantic reasoning, behavioral priors,443
and dynamic adaptation.444

Table 3. Ablation Study: Contribution of each component to the
performance.

Method Return (↑) Steps (M, ↓)

Full Method 680.0 1.7
w/o VLM 185.7 4.1
w/o Dynamic Selection 575.3 2.2
w/o Expert Guidance 320.5 2.9

5. Limitations445

Despite its superior performance, MetaWorld exhibits sev-446
eral limitations that warrant further investigation. First, the447
current expert policy generation relies on a basic imitation448
learning module with trajectory-matching reward mecha-449
nisms, which lacks the ability to dynamically weigh fine-450
grained motion errors at the joint level. Second, the ex-451
pert policy selection mechanism employs a weighted fu-452
sion approach rather than a truly intelligent routing archi-453

tecture, such as a Mixture-of-Experts (MoE) system. This 454
limits the precision of skill composition and the fluidity of 455
semantically-conditioned switching between disparate be- 456
haviors. Third, the framework’s generalization and scala- 457
bility remain constrained; it lacks explicit few-shot adapta- 458
tion capabilities for novel, complex task combinations and 459
does not yet address potential gradient interference during 460
multi-skill coordination. These factors may hinder its per- 461
formance when scaling to even more diverse and unstruc- 462
tured real-world environments. 463

6. Conclusion 464

This study presents MetaWorld, a hierarchical world 465
model framework designed to bridge the semantic-physical 466
gap in humanoid robot control. By integrating VLM- 467
based semantic planning, dynamic expert policy transfer, 468
and latent dynamics models, MetaWorld establishes a cohe- 469
sive pipeline from high-level reasoning to low-level physi- 470
cal execution. Experimental results on Humanoid-Bench 471
demonstrate that our framework achieves a 139.1% im- 472
provement in average reward, significantly enhancing both 473
task completion efficiency and motion coherence. Mov- 474
ing forward, we plan to iteratively upgrade the frame- 475
work by incorporating dynamic reward shaping for imita- 476
tion learning, an MoE-based semantic-aware routing mech- 477
anism, and enhanced few-shot transfer mechanisms. These 478
advancements will move MetaWorld toward a more ro- 479
bust, adaptive, and scalable solution for the complex loco- 480
manipulation demands of next-generation humanoid robots. 481
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