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Abstract

“The soul never thinks without an image.” — Aristotle

“My thinking is first and last and always for the sake of my doing.” — William James

博学之，审问之，慎思之，明辨之，笃行之。—《礼记·中庸》

We argue that foundation models for embodied intelligence should not be built upon fragmented capabilities. Rather, under-

standing, reasoning, imagination, and action should be regarded as interdependent dimensions in a single adaptive intelligence

loop. The advancement of an embodied agent in the physical world does not arise from possessing independent vision model,

language model, world model, and action policy, but from its capability to integrate world understanding, task reasoning, fu-

ture imagination, and action execution within a latent world space that can be aligned, abstracted, planned, and refined. We

therefore advocate a unified paradigm for building embodied intelligence models of physical intelligence.

By “unified,” we do not refer to simple concatenation of multiple expert networks at their outputs, nor to the assembly

of independently optimized modules into a sequential pipeline. We mean structurally shared representations, mutually con-

strained conditions, and co-evolution through a common training process. Concretely, a truly unified model should exhibit

three key properties: unified understanding, which embeds scenes, instructions, action histories, and visual contexts into

a shared semantic space for a holistic understanding of what the agent sees, what it needs to accomplish, what it has done,

and what state the world is in; unified reasoning, which turns reasoning into a language-grounded, supervisable process over

task intent, action choices, and future consequences, rather than a linguistic monologue detached from action and imagination;

and unified generation, which jointly reads out future imagination and low-level action from the same diffusion decoding

process conditioned on the same reasoning latent, so actions are shaped by imagined consequences, imagination is framed by

task reasoning, and reasoning is constrained by what can be imagined and executed. In this way, understanding, reasoning,

imagination, and action become a collaborative system that exchanges gradients, corrects itself, and strengthens itself within

a single training loop, rather than separate stages in a pipeline.

Based on this paradigm, we present Pelican-Unified 1.0, the first embodied foundation model trained according to the prin-

ciple of unification. Pelican-Unified 1.0 uses a single VLM as a unified understanding module, mapping scenes, instructions,

visual contexts, and action histories into a shared semantic space. The same VLM also serves as a unified reasoning module,

autoregressively producing task-, action-, and future-oriented chains of thought in a single forward pass and projecting the final

hidden state into a dense latent variable. A Unified Future Generator (UFG) then conditions on this latent variable and jointly

generates future videos and future actions through two modality-specific output heads within the same denoising process. The

language, video, and action losses are all backpropagated into the shared representation, enabling the model to jointly optimize

understanding, reasoning, imagination, and action during training, rather than training three isolated expert systems.

Experiments demonstrate that unification does not imply compromise. With a single checkpoint, Pelican-Unified 1.0

achieves strong performance across all three capabilities: 64.7 on eight VLM benchmarks, the best among comparable-scale

models; 66.03 on WorldArena, ranking first; and 93.5 on RoboTwin, the second-best average among compared action meth-

ods. These results show that the unified paradigm succeeds in preserving specialist strength while bringing understanding,

reasoning, imagination, and action into one model.
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1. Introduction

The progress of general intelligence is reshaping embodied intelligence. Modern AI has moved from task-specific automa-

tion toward foundation models that can generalize across domains, follow language instructions, and reuse shared representa-

tions across many tasks. Embodied AI is undergoing a similar transition. Early robotic systems were largely built as scripted

automation pipelines: perception detected predefined states, planners selected predefined routines, and controllers executed

predefined motions. Recent embodied systems have become increasingly intelligent, replacing hand-designed pipelines with

learned policies, vision–language grounding, large-scale imitation, and generative prediction. This shift has brought the field

closer to the goal of physical intelligence: agents that can understand the world, reason about tasks, imagine what may happen,

and act to change the world. Yet this progress also exposes a central question. Should physical intelligence be built by scaling

separate specialists for understanding, reasoning, imagination, and action, or should these capabilities be learned as parts of

one adaptive loop?

Embodied intelligence models have advanced rapidly, but along fragmented paths. Vision language models such as

Gemini Robotics ER [37] and Pelican-VL [52] bring strong semantic understanding and spatial-temporal reasoning to embodied

settings, but they are not executable policies: they cannot directly act, cannot test their reasoning through physical consequences,

and cannot ground their conclusions in the outcomes of their own behavior. Vision–language–action models such as RT-2 [55],

π0 [5], π0.5 [20], OpenVLA [25], and Helix [15] connect language and perception to motor commands, but they typically lack

explicit future imagination; as a result, their actions are often learned as imitation mappings, which limits generalization to

unseen compositions, long-horizon tasks, and contact-rich interactions. World models and video generators such as Cosmos-

Predict [2], LeWorldModel [30], and other recent generators [35, 4, 8] can imagine future visual states, but their imagination

often remains implicit in pixels, difficult to steer with task logic, human knowledge, or language-grounded reasoning. World

Action Models [47] further connect imagined futures to actions, but without unified reasoning, they remain hard to interpret,

hard to correct during rollout, and vulnerable to long-horizon error accumulation. The field is therefore not short of powerful

components. What remains missing is a model in which understanding, reasoning, imagination, and action are learned as

mutually conditioning parts of the same physical intelligence loop.

We argue that the path forward is unification rather than modular accumulation. By “unified,” we do not mean

concatenating the outputs of multiple expert networks or wiring separately trained modules into a longer pipeline. We mean that

understanding, reasoning, imagination, and action should share internal representations, condition one another, and co-evolve

through a common training process. This view is also consistent with embodied cognition: reasoning, imagination, and action

do not operate as separable capabilities [24, 10]; motor planning recruits systems involved in simulating movement [21, 19];

perception is organized around what the body can do [13]; and future imagination supports action selection [9, 16]. For

embodied intelligence foundation models, this principle leads to three requirements. First, understanding should be unified:

scenes, instructions, visual context, action history, and world state should be represented in a shared semantic space, reducing

the semantic breaks that appear when perception, language, and action are encoded separately. Second, reasoning should be

unified: reasoning should not be a detached language trace, but a language-grounded, supervisable process whose final state

directly conditions what the model imagines and executes, allowing task logic and human knowledge to guide generation. Third,

generation should be unified: future imagination and low-level action should be produced by the same conditional generative

process, so actions become consequence-aware, imagination becomes task-directed, and reasoning becomes constrained by

what can be simulated and executed. Under this view, the missing capability in each specialist is not an optional add-on; it is

the ceiling of the other capabilities.

We instantiate this paradigm in Pelican-Unified 1.0. Pelican-Unified is designed to make the understanding–reasoning–

imagination–action loop a single trainable object. VLM serves as both the unified understanding engine and the unified rea-

soning engine: it maps scenes, instructions, visual context, and action history into a shared semantic representation, autore-

gressively produces a task-, action-, and future-oriented chain of thought, and projects the final hidden state into a dense latent

variable z. A unified Future Generator (UFG) then conditions on z and jointly generates the future video and the next chunk of

low-level actions through two modality-specific output heads within the same denoising process. Language, video, and action

losses all backpropagate through the shared representation. Thus, z is not a bridge between independently optimized modules;

it is the learned internal state where reasoning, imagination, and action become mutually conditioning aspects of the same

generative process.

Our experiments test whether unification preserves specialist competence and improves integrated physical behav-

ior. Taken apart, a single Pelican-Unified checkpoint reaches the frontiers normally occupied by separate specialists: it achieves

64.7 average on eight VLM benchmarks, among the strongest performers within models of similar scale; reaches 93.5% av-

erage success on RoboTwin as a competitive visuomotor policy, achieving the second-best average among compared action

methods; and obtains EWM Score 66.03 on WorldArena as a world model, ahead of dedicated world models. Taken as a

whole, on a real UR5e robot and a Tienkung humanoid robot operating industrial control panels, the model achieves signif-

icant improvements on both zero-shot and compositional tasks, demonstrating the generalization and practical value of the

unified architecture across different embodiments.
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Figure 1: Pelican-Unified 1.0 closes the understand-reason–imagine–act loop by centering all three faces on one loop state

z. A VLA (left) maps observations and instructions directly to an action chunk, so supervision shapes only the act face. A

WAM (middle) jointly predicts future video and action, but its latent carries no explicit reasoning process. Pelican-Unified

1.0 (right) first uses a VLM reasoner (Qwen3-VL 4B) to construct a task-conditioned prefill: a chain-of-thought trace together

with z, specifying what future should happen and what action should realize it. A unified future generator (Wan2.2-5B) then

denoises future-video tokens and action tokens jointly under z, and an action-refine read lets the action tokens attend back to

the imagined visual tokens before readout. Text, video, and action losses all backpropagate through the same z, so the loop is

trained as one object rather than as three stitched modules. Solid arrows: inference; dashed: training gradients.

Our contributions.

1. A unified paradigm for embodied intelligence models. We formulate physical intelligence as a coupled loop of un-

derstanding, reasoning, imagination, and action, and argue that the relevant unit of modeling is not an isolated specialist

or a pairwise fusion, but the closed loop itself.

2. A concrete realization of three forms of unification. Pelican-Unified 1.0 realizes unified understanding by building

an action-oriented task state from scenes, instructions, visual context, and action history; unified reasoning by turning

chain-of-thought into a dense loop state z that specifies what future should happen; and unified generation by jointly

denoising future video and low-level actions from the same z, with the final action read refined against the imagined

future before execution.

3. An end-to-end objective that makes the loop learnable. Language, video, and action supervision are trained jointly,

and all three losses backpropagate through the shared latent representation. This turns reasoning, imagination, and action

from inter-module messages into mutually shaping gradients within a single model.

4. Empirical evidence that unification preserves specialist competence and improves integrated physical behavior.

Pelican-Unified matches or exceeds dedicated models on VLM reasoning, visuomotor policy learning, and world model-

ing benchmarks, while achieving substantially stronger zero-shot, compositional, and long-horizon performance on real

UR5e industrial control-panel manipulation tasks than the strongest modular baseline.

2. Pelican-Unified 1.0

2.1. Unified Modeling

As shown in Fig. 1,Pelican-Unified 1.0 realizes unified understanding, reasoning, imagination, and action through a single

end-to-end trainable architecture, which couples the VLM backbone initialized from Qwen3-VL [3] with a unified diffusion

decoder initialized from Wan2.2 [43].

Given the observations o≤t, action history a<t, and language instruction l, Pelican-Unified constructs a shared latent task

state within the VLM. Pelican-Unified maps this multimodal context to three outputs:

(τt, v̂t:t+H , ât:t+H) = MΘ(o≤t, a<t, l), (1)

where τt is a chain-of-thought reasoning trace, v̂t:t+H is an imagined future video, and ât:t+H is an executable action chunk.

Pelican-Unified consists of two tightly coupled components: a VLM that constructs a unified task state and generates the

reasoning trace, and a Unified Future Generator that uses the same state to jointly denoise future video latents and action

trajectories. The three training signals—language, video, and action—are optimized jointly, forcing the shared representation

to be simultaneously semantic, predictive, and actionable.

2.2. Unified Encoder

Pelican-Unified first encodes the interaction history using a vision-language backbone. The multimodal input context ct =
(o≤t, a<t, l) includes the observation history, previous actions, and the language instruction. The VLM produces a chain-of-
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thought trace:

pϕ(τt | ct) =

|τt|
∏

i=1

pϕ(τt,i | ct, τt,<i). (2)

This reasoning trace is not treated as a post-hoc explanation. It is an intermediate representation of task intent, physical con-

straints, future consequences, and action choices. Thus, language reasoning becomes a trainable component of the embodied

generation process: it exposes the model’s internal decision structure, aligns the latent state with high-level task semantics, and

provides a bridge between perception and future-conditioned control.

Unlike modular systems that compute visual features, language plans, world states, and policy states separately, Pelican-

Unified uses z as a unified interface through which downstream generation can access task-relevant visual, linguistic, and

temporal information.

z = Pϕ(hτt
) (3)

hτt
denotes the VLM hidden state after constructing the reasoning trace, and Pϕ projects it into the dense loop state z. This

is the key coupling representation in Pelican-Unified, which carries the information required by both future video generation

and action prediction. This representation is not optimized only for language modeling; it is also pressured by downstream

generative losses to encode information that is useful for predicting how the physical world will evolve and what actions should

be executed.

2.3. Unified Future Generator

The Unified Future Generator is a diffusion transformer conditioned on the shared task state z. Its goal is to jointly model

two future modalities: future visual observations and robot actions. The sequence vt:t+H denotes the future video, and at:t+H

denotes the corresponding future action chunk. We encode the video sequence into a latent representation using a video

autoencoder:

xv = Evae(vt:t+H), (4)

and normalize the action trajectory into a continuous action representation:

xa = Norm(at:t+H). (5)

The video latent and action trajectory are then treated as two coupled continuous variables to be generated by a shared denoising

process.

A crucial design choice is that Pelican-Unified does not use an independent world model for video prediction and a separate

policy head for action generation. Instead, both video and action are embedded into the same transformer width:

hv
s = ev(xv

s), ha
s = ea(xa

s), (6)

where xv
s and xa

s are noisy states at diffusion time s, and ev, ea are modality-specific input embedders. The embedded tokens

are processed by a shared diffusion transformer:

(hv
L, ha

L) = DiTθ(hv
s , ha

s , z, s). (7)

The transformer backbone is shared across modalities. Video tokens and action tokens therefore interact during denoising,

while the shared task state z is injected through cross-attention. This enables the model to learn a joint generative process in

which imagined future states inform action prediction, and action dynamics constrain future imagination.

Here, self-attention models temporal and spatial dependencies within the generated future, cross-attention injects language-

grounded task information, and the diffusion timestep s modulates the computation through adaptive normalization. In practice,

video tokens carry spatiotemporal positional encodings, while action tokens carry temporal and action-dimensional structure.

The final hidden states are mapped to modality-specific velocity predictions:

ûv
s = dv(hv

L), ûa
s = da(ha

L), (8)

where dv is the video output head and da is the action output head. Thus, modality-specific parameters are used only for

input/output conversion, while the denoising computation itself is shared.

2.4. Conditional Diffusion over Future Video and Action

We train the Unified Future Generator with a continuous-time flow matching objective. The model learns to transform Gaussian

noise into clean future video latents and clean future actions. For each training sample, we draw a diffusion time

s ∼ U(0, 1), (9)
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and independently sample Gaussian noise

ϵv ∼ N (0, I), ϵa ∼ N (0, I). (10)

For future video generation, the model conditions on observed frames and denoises only the future portion. Let Mcond and

Mfut denote binary masks for the observed prefix and future target region. The noised video latent is constructed as

xv
s = Mcond ⊙ xv + Mfut ⊙ ((1 − s)xv + sϵv) . (11)

Thus, the observed visual context remains fixed, while the future latent is continuously interpolated between clean data and

noise. The corresponding target velocity is

uv
s = Mfut ⊙ (ϵv − xv). (12)

This objective asks the model to predict the vector field that moves clean future video latents toward Gaussian noise in the

forward diffusion direction. At generation time, the same vector field is integrated in the reverse direction to transform noise

into future video.

For action generation, the future action chunk is diffused in the same continuous space:

xa
s = (1 − s)xa + sϵa, (13)

with target velocity

ua
s = ϵa − xa. (14)

The action diffusion process is therefore aligned with the video diffusion process: both modalities share the same diffusion

time and are denoised by the same DiT backbone. This coupling is important because the model is not merely learning a policy

conditioned on a fixed representation; it is learning a joint future distribution over what the agent will see and what the agent

will do.

The DiT predicts the velocity fields:

(ûv
s , ûa

s) = fθ(xv
s , xa

s , z, s). (15)

The video flow matching loss is defined on the future latent region:

Lvideo = Es,ϵv

[

∥Mfut ⊙ (ûv
s − uv

s)∥2

2

]

. (16)

For action prediction, we use a robust regression loss over valid action dimensions:

Laction = Es,ϵa [Ma ⊙ SmoothL1 (ûa
s , ua

s)] , (17)

where Ma masks invalid or padded action dimensions when necessary.

The language reasoning loss is the standard autoregressive negative log-likelihood:

Ltext = −

|τt|
∑

i=1

log pϕ(τt,i | ct, τt,<i). (18)

The final objective is

L = λtextLtext + λvideoLvideo + λactionLaction. (19)

This joint objective is the optimization-level realization of unification. The text loss aligns the shared state with task-level

reasoning; the video loss forces the state to be predictive of future world dynamics; and the action loss grounds the same state

in executable control. Since all three losses are attached to the same task-conditioned representation, the model is trained to

make its reasoning, imagination, and action mutually consistent.

In summary, Pelican-Unified 1.0 unifies understanding, reasoning, and generation within a single framework through a

shared representation. The vision-language encoder is primarily responsible for understanding, performing semantic alignment

and parsing of multimodal observations and language instructions to construct the task state representation. Based on this shared

representation, the diffusion generator jointly denoises future video and actions within the same Transformer. The multi-modal

training objective enables this representation to be simultaneously semantic, predictive, and actionable. This tightly coupled

design eliminates the need for separate world models and policy networks, demonstrating that reasoning, imagination, and

execution can naturally emerge as interdependent components of a unified generative process.

3. Evaluating the Unified Model as Three Specialists

The first question for a unified model is whether unification comes at the cost of specialist competence. If the shared loop is

genuinely useful, then training understanding, reasoning, imagination, and action together should not weaken the model when

each capability is evaluated on its own. We therefore evaluate Pelican-Unified 1.0 in three deliberately separated regimes: as

a vision–language model on eight multimodal benchmarks, as a visuomotor policy on the RoboTwin dual-arm simulator, and

as an action-conditioned world model on WorldArena.
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Figure 2: Starting from a base VLM, standard VLA policy training weakens grounding and attention, while Pelican-Unified 1.0

retains them and still predicts actions. Base VLM learns what and where; standard VLA weakens perception, while Pelican-

Unified 1.0 preserves it and still learns what action to output.

Table 1: Comparison on general and embodied benchmarks. Bold indicates best results, underline indicates second-best results,

- indicates that the model does not possess this capability (score of 0.0).

Method
General Benchmark Embodied Benchmark

Avg.

MMMU

[50]

MMBench

[28]

MMStar

[6]

InfoVQA

[32]

ChartQA

[31]

Where2Place

[49]

PhyX

[36]

RefSpatial

[54]

Vision-Language-Action Models

OpenVLA [25] 26.3 - - - - - - - 3.3

ECoT [51] 26.6 3.7 - - - - 10.1 - 5.0

MolmoAct [26] 28.4 55.1 1.2 41.9 55.9 8.2 29.7 - 27.5

π0.5 [20] 24.0 6.8 21.7 7.7 5.1 - 16.2 - 10.2

Vision-Language Models

Gemma3-4B-IT [23] 39.3 68.6 37.1 40.9 50.3 7.5 17.2 2.2 32.9

Qwen3-VL-4B-Instruct [3] 52.6 84.5 62.9 78.4 81.1 17.0 41.1 48.0 58.2

Our Unified Model

Pelican-Unified 53.0 84.9 63.3 78.4 81.5 45.2 61.7 49.3 64.7

3.1. Understanding Capability.

As shown in Tab. 1, Pelican-Unified consistently achieves the highest overall performance across multimodal benchmarks for

both general reasoning and embodied evaluation. Specifically, our model achieves an average score of 64.7, outperforming

all compared VLA and VLM baselines. Pelican-Unified improves the overall average from 58.2, achieved by Qwen3-VL-

4B-Instruct (the 4B base model we build upon) to 64.7. Furthermore, it substantially outperforms prior VLA architectures,

surpassing MolmoAct (27.5) by a large margin.

A detailed breakdown of these results reveals that these gains are attained without sacrificing general multimodal ca-

pabilities. On traditional general reasoning benchmarks, Pelican-Unified matches or marginally exceeds the baseline set by

Qwen3-VL-4B-Instruct. By contrast, the improvements are largest in embodied evaluation, where spatial grounding and phys-

ical understanding are critical. On embodied-oriented benchmarks such as Where2Place and PhyX, our model outperforms

Qwen3-VL-4B-Instruct by +28.2 and +20.6 points, respectively. This breakdown shows that our model transfers effectively

to embodied tasks without losing general reasoning: it retains strong perception while substantially improving action-aware

understanding. Consequently, our unified model learns richly physically grounded representations, which provide stronger

features for downstream action and video prediction.
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Table 2: Benchmark Results on Seen Tasks. We compare Pelican-Unified 1.0 with state-of-the-art VLA and world-model-

based methods. Pelican-Unified 1.0 achieves the second-best average result while using a unified understanding–reasoning–

imagination–action model. ∗Results for X-VLA are adopted from Motus [4]. Unless otherwise specified, best results are

highlighted in bold, and second-best results are underlined. †Second-best average success rate among compared methods.

Type Model Clean Randomized Avg

VLA

π0 [5] 65.9 58.4 62.2

X-VLA∗ [53] 72.9 72.8 72.9

π0.5 [20] 82.7 76.8 79.8

starVLA [11] 88.2 88.3 88.3

ABot-M0 [45] 81.2 80.4 80.8

LingBot-VLA [44] 86.5 85.3 85.9

World Model

JEPA-VLA [33] 73.5 – –

Motus [4] 88.7 87.0 87.9

LingBot-VA [27] 92.9 91.6 92.3

Fast-WAM [48] 91.9 91.8 91.9

Being-H0.7 [29] 90.2 89.6 89.9

AIM [14] 94.0 92.1 93.1

MotuBrain [39] 95.8 96.1 95.9

Unified Model Pelican-Unified 1.0† 93.6 93.3 93.5

3.2. Action Capability.

We evaluate Pelican-Unified on the RoboTwin 50-task dual-arm benchmark (Tab. 2), our model achieves an average success rate

of 93.5%. It outperforms most specialized VLA and world-model baselines, including AIM (93.1%), LingBot-VA (92.3%),

and starVLA (88.3%). This result demonstrates the strong manipulation capability of our model on complex tasks.

Under clean and randomized conditions, Pelican-Unified achieves 93.6% and 93.3% success, respectively. Per-task results

show that the improvements are broad: 31 out of 50 tasks reach at least 95% success, 39 tasks reach 90%, and 15 tasks are

solved perfectly (100%). High-success tasks span clicking, shaking, stacking, handover, and articulated-object manipulation,

indicating reliable performance across both precise contact and multi-object coordination. Failures are concentrated in the

hardest long-horizon or geometry-sensitive tasks, such as hanging mugs and dustbin insertion, which require tight alignment

or sustained contact. These patterns indicate that unified training does not degrade low-level control. Rather, shared reasoning

and predictive representations improve both generalizability and robustness across diverse manipulation regimes.

3.3. Imagination Capability.

As shown in Tab. 3, on the WorldArena benchmark, Pelican-Unified’s imagination component achieves an EWM Score of

66.03, ranking first. It also ranks first in 3D Accuracy (98.13) and Motion Quality (62.69), two dimensions where spatial co-

herence and physical plausibility are critical. On other metrics—Visual Quality (63.43), Content Consistency (60.33), Physics

Adherence (61.51), Controllability (59.28)—the model performs competitively.

Automated WorldArena metrics can reward visually clean but task-irrelevant rollouts. We therefore conduct a blind hu-

man study to assess whether generated rollouts are usable for downstream control. Trained annotators rate each rollout on

a {0, 1, 2} scale across four axes: Controllability (preserving first-frame conditions), Task Success (achieving manipulation

goals), Temporal Consistency (stable shapes without flicker), and Physical Plausibility (coherent contact and gravity). This

design separates conditioning fidelity from execution quality.

As shown in Tab. 4, Pelican-Unified 1.0 achieves the highest overall score (mean 1.76) and outperforms existing baselines.

It excels on Task Success (1.81) and Controllability (2.00). The system treats first-frame conditions as manipulation goals

and commits to completing them. Several video-diffusion models score near zero on Task Success despite high Temporal

Consistency (e.g., Happyhorse, EnerVerse-AC), showing that visually fluent rollouts can abandon the task.

This performance comes from the unified architecture. Unlike pure video generation models that focus on pixel-level

fidelity, Pelican-Unified is pretrained on large-scale real-world robot interaction data, which encodes spatial structure and

physical dynamics. The model learns 3D geometry cues—depth, object permanence, viewpoint consistency—without explicit

reconstruction or physics engines. This is reflected in the 3D Accuracy. The competitive Motion Quality confirms that the

model generates temporally coherent motions consistent with kinematic constraints, as these constraints are present in the

pretraining action sequences. Additionally, the model supports action-conditioned video generation, improving generation

quality and ensuring action-frame alignment (Fig. 3).
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Table 3: Performance comparison on the World Arena Benchmark (0–100 scale). Pelican-Unified achieves the best overall

EWM Score (66.03, rank #1) and demonstrates strong spatiotemporal reasoning, ranking first in both 3D Accuracy (98.13) and

Motion Quality (62.69). It also delivers balanced performance across all other dimensions.

Model
EWM

Score
Rank

Visual

Quality

Motion

Quality

Content

Consistency

Physics

Adherence

3D

Accuracy
Controllability

Pelican-Unified 66.03 1 63.43 62.69 60.33 61.51 98.13 59.28

WorldScape v0.2 64.24 2 62.65 42.34 65.18 73.29 96.28 59.38

FlowWAM-FiveAges 64.12 3 63.29 41.05 66.92 67.82 97.84 60.28

MotuBrain [39] 64.07 4 60.69 62.21 59.57 61.18 91.64 57.35

FAW 63.28 5 62.37 40.17 65.42 69.28 96.85 58.79

Goose Egg 62.96 6 58.86 53.97 62.12 61.43 92.14 58.45

ABot-PhysWorld (text) [7] 62.63 7 64.41 48.34 63.37 56.73 85.46 63.11

Z-WM 62.47 8 64.20 37.43 64.84 63.88 96.48 59.80

GigaWorld-1 62.34 9 63.04 39.16 65.17 64.68 97.02 57.28

HeroF1 60.38 10 57.40 49.10 64.30 53.97 87.46 56.97

Ctrl-World [18] 59.98 11 57.42 50.91 62.25 55.41 88.46 53.42

Wan2.6 [40] 59.80 12 61.44 45.92 64.00 42.67 84.68 62.66

RunWorld 59.24 13 48.34 60.87 60.54 43.88 89.52 57.28

CogvideoX [46] 58.79 14 55.79 42.18 67.71 50.88 88.28 55.09

Veo3.1 [12] 57.77 15 57.44 30.26 68.34 46.43 86.96 63.15

Table 4: Human evaluation on WorldArena rollouts (0–2 scale per axis). Each rollout is independently rated along Task

Success, Controllability, Temporal Consistency and Physical Plausibility; the Average column is the unweighted mean of the

four. Pelican-Unified 1.0 attains the best overall mean (1.76, rank #1), driven by the highest Task Success (1.81) and a perfect

Controllability score (2.00).

Model
Task

Success
Controllability

Temporal

Consistency

Physical

Plausibility
Average

Pelican-Unified 1.0 1.81 2.00 2.00 1.23 1.76

Seedance2.0 [34] (API) 1.21 1.87 1.98 1.15 1.55

Happyhorse-1.0 [38] (API) 1.65 1.81 2.00 0.13 1.40

EnerVerse-AC [22] 0.00 1.84 2.00 1.64 1.37

Wan2.7 [41] (API) 1.19 1.68 2.00 0.29 1.29

Cosmos-Predict2 [1] 0.63 1.85 1.79 0.35 1.16

GigaWorld-0 [17] 0.33 1.94 1.98 0.13 1.09

UnifoLM-WMA-0 [42] 0.05 1.48 2.00 0.11 0.91

4. Real-World Robot Evaluation

We ground our evaluation in real-world scenarios, as the inherent difficulty of physical manipulation exposes whether a system

possesses a genuine reason–imagine–act closed loop or merely a chain of cooperating modules. Our experimental platform

comprises a UR5e robotic arm and a Tienkung humanoid robot. The evaluation is organized around two core capabilities that

a closed-loop system should satisfy:

Compositional generalisation. Atomic skills A and B compose into A+B without any combined demonstrations.

Zero-shot transfer. Generalisation learned during the imagination phase transfers directly to the unified video–action

model without additional training.

4.1. Compositional Generalisation

We design a compositional generalisation test on the UR5e robotic arm to jointly validate two capabilities: the ability to com-

pose unseen task combinations, and the capacity for fine-grained manipulation guided by the imagination-based world model.

Specifically, the atomic tasks A (plug RJ45) and B (waterproof ) are trained individually, with no complete demonstration of

the two chained together appearing in the training data. At test time, the robot receives a single natural-language instruction

(e.g. “plug the RJ45 cable into port 3 and apply waterproofing”) and must complete phase A followed by phase B within one

continuous episode, as shown in Fig. 4.

page 9 of 16



Joint action
[0.34, 1.01, …]

MLP

VLM

Input video

“Robot type: aloha-agilex,

Camera info: head 

camera, Task prompt: 

pick dual bottles”

Unified Future Generation

3D VAE

Predicted video

Generated video

Ground truth

Scan object

Place burger fries

Place bread skillet

Figure 3: Pelican-Unified 1.0 can take actions as conditional inputs, enabling action-conditioned video prediction. Left: The

overview of the action-conditioned video prediction model. Right: Comparison of videos generated by our method with ground

truth. Our action-conditioned video prediction model achieves fine-grained alignment between input action commands and the

generated video frames, given historical observations.

Figure 4: Compositional generalization evaluation. During training, the model is optimized only on atomic manipulation

tasks individually, without exposure to their composed counterparts. At test time, we evaluate the model on unseen com-

positional tasks that require combining multiple learned skills, demonstrating strong compositional generalization ability in

long-horizon embodied manipulation.

Failures are concentrated at the transition—the moment where the just-completed A-state must be re-perceived as the new

initial condition for B. VLA baselines fail at this transition not because they cannot re-perceive the environment, but because

their action distributions carry no representation of “what should happen after A is done”. The imagination face, having seen

each atomic verb ground out into a future-frame distribution during training, can render the post-A scene state and re-condition

on it; the action face follows. That this succeeds without the model ever having seen a complete chained demonstration is the

strongest single piece of evidence that it has learned the perception–action loop, rather than merely memorizing a richer action

policy.

As shown in Fig. 5, we further compare the real execution videos with the corresponding generated imagination videos

during rollout. The results demonstrate that our model is able to produce physically consistent imagination and future-state

predictions that closely align with the real-world observations. This indicates that the model does not merely hallucinate

plausible scenes, but instead conditions its predictions on the actual environment dynamics, enabling grounded and physically

coherent reasoning during execution.

4.2. Zero Shot Generalization

We posit that achieving robust zero shot generalization is fundamentally predicated on the broad adaptability of the underlying

embodied intelligence foundation model. To verify this, we first conduct an exhaustive suite of evaluations across diverse cases

within the Tienkung environment to establish a baseline for the model’s fundamental generalization capabilities. Building
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Figure 5: Fine-grained manipulation and physical imagination capability. Our model demonstrates strong fine-grained

embodied manipulation skills in challenging connector insertion tasks, including waterproof, RJ45, and USB insertion, while

also exhibiting powerful physical imagination ability to predict plausible future interactions and object dynamics under real-

world constraints.

upon this foundation, we designed a rigorous OOD benchmark within our Unified framework. Specifically, we performed

joint training on five seen tasks, each containing an average of 300 video-action episodes, and three unseen tasks, which were

provided with only 50 video sequences per task. By evaluating the task success rates in these novel scenarios, we systematically

demonstrate the efficacy of our framework in bridging the domain gap and generalizing to unfamiliar environments.

As demonstrated in Tab. 4, Pelican-Unified 1.0 attains the best overall mean score of 1.76 (rank #1) in human evaluation,

driven by the highest Task Success score of 1.81 and a perfect Controllability score of 2.00. Our unified approach signifi-

cantly outperforms dedicated baselines: 0.21 ahead of the strongest video-diffusion specialist (Seedance2.0, 1.55). Notably,

Pelican-Unified 1.0 is the only model to excel simultaneously in controllability, task success, temporal consistency, and phys-

ical plausibility under blind expert scrutiny, providing empirical evidence of robust generalization capabilities in embodied

scenarios and establishing a solid prerequisite for subsequent experiments.

Building upon the robust generalization of our embodied intelligence model, the Unified framework further enhances per-

formance through joint training. As shown in Fig. 6, the Unified model achieves strong performance across seen tasks, demon-

strating the synergy between our base model and the joint training paradigm in maintaining high-fidelity execution while

extending capabilities to out-of-distribution scenarios.

5. Discussion

5.1. What this means for the field

Integrated physical behavior depends on coupling, not only on component strength. Zero-shot transfer, compositional skill

use, and long-horizon coherence are precisely the behaviors modular pipelines have tried to engineer at the interfaces between

planner, world model, and policy. Our results suggest that these behaviors are difficult to obtain by strengthening any one com-

ponent in isolation. A policy without future imagination remains weakly consequence-aware; a world model without unified

reasoning remains difficult to steer with task semantics and human knowledge; and reasoning without action and imagination

remains detached from physical outcomes. What is missing in modular systems is therefore not only more capacity, but also a

training process that forces the components to become mutually informative.

This changes what progress in embodied AI should measure. Once understanding, reasoning, imagination, and action are

trained as one loop, improvement is not only a matter of making each specialist larger. It also depends on how tightly the model

shares representations across modalities, how directly reasoning conditions generation, how jointly future video and action are

decoded, and how much the data itself contains aligned observation, instruction, reasoning, action, and future outcomes. In

our ablations, the most valuable data is not merely more data of the old form, but loop-closed data in which these signals are

annotated on the same example. Such data is valuable because a unified model can absorb it as a coupled training signal, and

because a coupled model is precisely the kind of system that asks for it.

5.2. Coda

We began from a simple claim: physical intelligence should not be built from fragmented capabilities. An agent that must keep

improving in the physical world needs to understand the current situation, reason about the task, imagine possible futures, and
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  Task1：Sweeping debris into dustpan

  Task2：Pouring into the cup

Seen Task

Unseen Task
  Task：Wiping the cup

Side
View

Figure 6: Execution timelines of seen and unseen robotic manipulation tasks. For each task, we visualize synchronized

side-view and top-view observations at five representative execution steps. The upper block shows two seen tasks, including

sweeping debris into a dustpan and pouring into a cup, while the lower block shows an unseen cup-wiping task for evaluating

cross-task generalization.

act in ways whose consequences feed back into the next round of understanding. Pelican-Unified 1.0 is a concrete attempt to

make this loop a single trainable object. Its empirical signature matches the claim: the model preserves specialist competence

when evaluated one face at a time, and exhibits stronger integrated behavior when evaluated as a whole.

We do not claim general embodied intelligence. We claim something more specific: a foundation model for embodied

intelligence should allow understanding, reasoning, imagination, and action to co-evolve through a shared representation,

rather than refine them as isolated systems and connect them only after training. Pelican-Unified 1.0 shows that this unification

is not merely an engineering simplification. It is a practical modeling direction that preserves the strengths of specialists while

enabling behaviors that depend on the loop itself. The next stage of embodied AI may therefore be shaped less by assembling

larger specialists, and more by learning the shared process through which understanding, reasoning, imagination, and action

become one adaptive system.
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