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ABSTRACT

World-Action Models (WAMs) build robot control on video-generation backbones, which jointly predict
dense future visual trajectories and robot actions. We argue that video generation is an unnecessary
intermediate objective for world-action modeling. For robotic manipulation, the goal of a world model
is not to reproduce how the world looks at every intermediate moment, but to predict the state that
the world will reach after an action is executed. The intermediate frames only describe the visual
transition between physical states, which consumes substantial model capacity and computation, but do
not directly specify the physical outcome that the robot action is intended to produce. In this paper,
we propose DELE-w0.5, which infers robot actions from predicted future states without relying on video
generation. Concretely, DELE-w0.5 infers the action sequence from its corresponding compact future
latent state. The future latent state captures the action-relevant physical outcome of robot interaction
and serves as an explicit bridge between world modeling and action generation. The core design principle
of DELE-w0.5 is to model how the physical world changes under robot actions, rather than how its visual
appearance evolves frame by frame. This formulation removes the high-dimensional visual redundancy
introduced by dense video representations, and it therefore enables cheaper training and low-latency
inference. Across 480 real-robot trials on four long-horizon manipulation tasks, our DELE-w0.5 achieves
the best performance among all compared policies, attaining 62.5 overall full-task success and 81.3
macro ordered-stage progress, outperforming the strongest baseline by 47.5 and 30.7 percentage points,
respectively.
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1 Introduction
Embodied intelligence has achieved rapid development and achieved strong performance for robotic manip-
ulation [17, 19]. Vision-Language-Action (VLA) and World Action Model (WAM) are two popular model
architectures. VLA is a three-step framework, see Figure 1 (a): First, the input comprises multimodal data,
including human task instructions and the robot’s current observations; Then, a vision-language model (VLM)
backbone performs the task planning according to the input data; Finally, an action expert decodes the
task planning to the commands that are executable by the robot. For some classic work of VLA, refer to
[4, 12, 13, 55]. Since the information density of language is lower than that of vision, VLA models require a
large amount of data to adapt to the downstream tasks. As a result, generalization of VLA is poor, when
light, color, or the task changes, the success rate decays rapidly, extensive empirical results have shown this
view, see [15, 46]. WAM [10, 15, 46] fundamentally discards the framework of VLA, WAM’s core lying in
the construction of a unified end-to-end learning objective, which integrates the prediction of world state
evolution and action generation, see Figure 1 (b). The critical technology of WAM relies on self-supervised
future state prediction on large-scale video data, then WAM develops the action generation as a conditional
denoising process according to the future state prediction.

1.1 Limitation of WAM

A dominant line of recent World-Action Models (WAMs) builds robot control on top of video generation and
jointly predicts future visual trajectories and actions [46, 47], which brings some useful spatiotemporal priors
into the policy. However, it also creates a structural mismatch between the objective of visual generation
and the objective of robot control. Future videos are high-dimensional and appearance-sensitive. Most
intermediate frames describe how the scene looks during a transition, rather than the physical consequence
that determines the subsequent action. Therefore, the model is required to solve a substantially harder
problem than control itself. It must first reconstruct dense visual evolution and then extract a compact action
signal from it. Additionally, multi-frame video latents are much larger than the corresponding robot action
sequence [50]. They dominate the sequence length, memory consumption, and computational budget of joint
world-action learning. Consequently, WAM training inherits the heavy cost of large video generators. Recent
methods introduce compact backbones, latent downsampling, or lightweight adaptation to make video-action
co-training more practical [22]. These techniques reduce the cost of the existing pipeline, but do not remove
its underlying redundancy. The same limitation becomes more critical during inference. Before an action can
be executed, the model must perform iterative denoising over high-dimensional future video-action latents [1].
The control loop is therefore bottlenecked by synthesizing a visual trajectory that is not itself executed by the
robot [18].

Therefore, the fundamental limitation of video-generation-based WAMs is not merely their computational
cost. The deeper problem is that they optimize visual trajectory reconstruction as a surrogate for action-
relevant world prediction. For robot control, a world model should predict how the world will become after an
interaction, rather than reproduce how the world looks at every intermediate moment. This motivates a more
direct formulation that models action-relevant future states and infers robot actions without relying on video
generation in the control loop.

1.2 Our Work

We reformulate the current WAM of visual world modeling for robotic manipulation. It is different from
recent video generation techinique based WAMs that model the future world through synthesizing dense
visual trajectories, the proposed DELE-w0.5 argues that robot control does not require reconstructing the
entire visual evolution of the real world, but only requires to predict the future latent state with downstream
actions. With this observation, we formulate WAM as prediction problem of a future latent state and action,
where the DELE-w0.5 directly infers the future visual state and corresponding robot behaviors, without any
generating intermediate video frames.

Rethinking World Model for Robotic Manipulation. We argue that existing video-generation-based
WAMs formulate unnecessary intermediate objectives for robotic manipulation. Although predicting future
videos provides rich spatiotemporal priors, it implicitly treats visual evolution as the primary target of
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Figure 1: Different Models for Manipulation.

world modeling. However, for robot robotic manipulation, a world model should not reproduce how the
world looks at every intermediate moment. Instead, it should predict how the world will become after an
action is executed. Most intermediate frames in generated videos only describe the visual transition between
states, which provides limited information about the final physical consequence that determines subsequent
actions. Therefore, video-generation-based WAMs force the model to learn the distribution of visual evolution
rather than directly modeling action-relevant future states. This design introduces substantial computational
overhead without necessarily improving control capability. We argue that future-state prediction with causal
relevance to robot actions is a more fundamental objective for embodied world models than reconstructing
complete visual trajectories.

Inferring Action from Future-State. With this observation, we propose DELE-w0.5 that infers robot
actions from predicted future states rather than generating future visual trajectories. Different from existing
video-generation-based approaches that model the continuous evolution of the visual world, DELE-w0.5 treats
future prediction as a state transition problem and focuses on the physical states that are causally relevant
to subsequent actions. The key insight is that a world model for robotic manipulation does not need to
reproduce how the world visually evolves at every intermediate moment, but should capture how the world will
become after an action is executed. By directly modeling action-relevant future states, DELE-w0.5 avoids the
high-dimensional visual redundancy introduced by video representations, and eliminates the costly iterative
generation process required by video-based WAMs. This formulation provides a more compact and efficient
paradigm for world-action modeling, enabling significantly cheaper training and low-latency inference for
real-world robotic deployment. Finally, we comparse the three formulation from probabilistic inference as
follows,
• VLA infers 𝑝 𝜃 (A𝑡 |O𝑡 , q𝑡 ,L);
• WAM infers 𝑝 𝜃 (A𝑡 ,O𝑡:𝑡+Δ𝑡 |O𝑡 , q𝑡 ,L);
• DELE-w0.5 infers 𝑝 𝜃 (A𝑡 ,O𝑡+Δ𝑡 |O𝑡 , q𝑡 ,L),
where O𝑡:𝑡+Δ𝑡 is the video from current observation O𝑡 to the predicted future state O𝑡+Δ𝑡 .

2 Related Work

2.1 Vision-Language-Action Models

VLA models connect the semantic knowledge of pretrained vision-language models with low-level robot control.
PaLM-E [9] injects continuous visual and state observations into a large language model for embodied reasoning.
RT-2 [55] further casts robot actions as language-like tokens and co-trains web-scale vision-language tasks with
robot trajectories. Open X-Embodiment and RT-X [27] show that heterogeneous trajectories from many robot
platforms can support positive cross-embodiment transfer . Octo [25] provides an open generalist policy that
supports different observations, action spaces, and robot embodiments. OpenVLA [13] adapts a pretrained
VLM to autoregressive action prediction and makes large-scale VLA training accessible. TinyVLA reduces
model size and data requirements, while SmolVLA further targets training and deployment on affordable
hardware [31, 40]. RDT-1B [24] uses a diffusion transformer for multi-modal bimanual actions. CogACT [21]
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couples a VLM with a diffusion action module. 𝜋0 [3] instead uses flow matching to generate continuous
action chunks. DexVLA [39] adopt dual-system designs in which a vision-language component provides
semantic features and a diffusion expert produces motor commands. FAST [28] compresses high-frequency
action sequences into a shorter autoregressive vocabulary. OpenVLA-OFT [14] uses parallel action decoding,
continuous actions, and action chunking to improve both control rate and downstream success. UniVLA [38]
learns task-centric latent actions from heterogeneous videos and decodes them for different embodiments.
𝜋0.5 [12] combines robot data, web data, semantic prediction, and heterogeneous supervision for open-world
manipulation. HAMLET introduces compact historical memory, while ProgressVLA explicitly estimates task
progress for long-horizon control [16, 43]. Qwen-VLA further unifies manipulation, navigation, and trajectory
prediction across tasks and robot embodiments [37].

VLA still learns a direct conditional mapping from the current context to an action sequence, which
is effective for behavior cloning, but it does not require the policy to represent the physical consequence
of its action. The cost of large VLM backbones and iterative generative action heads also complicates
real-time deployment. In contrast, DELE-w0.5 proposes a predicted future state as an explicit interface between
perception and control. It first estimates the action-relevant physical outcome and then infers the robot action
from this state.

2.2 World-Action Models

World models learn predictive structure that can support control, planning, or policy learning, and recent
studies show that future prediction can provide useful structure beyond a purely reactive policy. Latent
world models such as DreamerV3 [11] improve a policy through imagined state trajectories. Multi-view
Masked World Models [30] learn predictive representations from multiple cameras for visual manipulation.
UniPi [10] formulates sequential decision making as text-conditioned video generation and recovers actions
from generated plans. Genie [5] learns action-controllable interactive environments from unlabeled videos
through latent actions. Recent robotic world models connect future prediction more tightly with action
generation. GR-1 [41] jointly predicts future images and robot actions after large-scale video pretraining.
GR-2 [8] scales this paradigm with web videos and robot trajectories. 3D-VLA [52] predicts goal images and
point clouds to connect 3D reasoning with action planning. IRASim generates action-conditioned videos with
frame-level action alignment for fine-grained robot interactions [54]. Seer closes the loop through a predictive
inverse-dynamics formulation, in which actions are inferred from forecast visual states [35]. CoT-VLA [51]
predicts future visual goals as an explicit visual chain of thought before producing actions. WorldVLA unifies
image and action generation in one autoregressive model [7]. V-JEPA 2-AC [2] instead predicts future states in
a learned representation space and uses them for planning. Genie Envisioner builds policy learning and neural
simulation on a shared video diffusion foundation [23]. DreamZero [46] builds a large WAM on a pretrained
video diffusion backbone and demonstrates strong physical generalization. 𝜏0-WM [53] combines video-action
prediction, action-conditioned simulation, and candidate evaluation in one framework. GigaWorld-Policy [45]
makes future-video generation optional at deployment and places the action stream before the video stream.
Flash-WAM [1] distills iterative video-action diffusion into very few sampling steps. Efficient-WAM [18] uses
a compact video expert, sparse video tokens, and asymmetric denoising. AGRA [29] shows that visually
plausible futures do not always yield accurate actions and aligns video features with action-relevant regions.

Video-generation-based WAMs couple robot control to a substantially harder surrogate problem. A robot
ultimately executes a low-dimensional action sequence, but the model must first process or synthesize dense
multi-frame latents. Most intermediate frames describe visual transition. They do not directly specify the final
physical state that determines the next action. This mismatch increases sequence length, memory use, and
training cost. During inference, iterative denoising over future video and action latents introduces latency into
the control loop. More importantly, features optimized for visual reconstruction are not necessarily organized
for low-level control, as recent representation analyses have shown [29]. Distillation, token sparsification,
and smaller video backbones reduce this cost, but they retain video synthesis as the underlying objective.
DELE-w0.5 instead formulates WAM as future-state and action prediction. It predicts a compact future state
that is causally relevant to manipulation and infers the corresponding action from this state. The model
does not rely on any video generation technique and does not reconstruct intermediate frames. It therefore
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avoids the high-dimensional visual redundancy of video WAMs and provides a more direct, cheaper, and
lower-latency route from world prediction to robot control.

3 Preliminary

3.1 Robotic Manipulation

We model robotic manipulation as a probabilistic inference model. For each time 𝑡, the robot obtains the
multi-view RGB images O𝑡 (also known as observation), the proprioception q𝑡 , and language instruction L,
we aim to predict the action according to the policy A𝑡 ∼ 𝜋(·|O𝑡 , q𝑡 ,L), where

A𝑡 = [a𝑡+1, a𝑡+2, · · · , a𝑡+𝐻 ]

corresponds to an action chunk of furture actions (we use chunk length 𝐻 = 60 for our tasks) for the robot
will play; where for the single-arm manipulation, each a ∈ R7 denoted as 7-DoF action space: a 3-DoF relative
positional displacement (𝑥, 𝑦, 𝑧), a 3-DoF Euler angle rotation (roll, pitch, yaw), and a 1-DoF binary gripper
state 𝑔 ∈ {0, 1}. For the dual-arm manipulation, it extends the setting to a 14-DoF space.

3.2 Language and Vision Tokenization

The language instruction L defines the task to be performed by the robot (e.g. " put the flowers into the vase"),
where in this paper, L is tokenized by Qwen3 [44], we denote it as follows,

l̂ = Text Encoder(L). (1)

For each time 𝑡, current observation O𝑡 ∈ R𝑣×3×ℎ×𝑤 contains multi-view images, where our robot is with three
views (i.e., 𝑣 = 3): a head-mounted view, along with a wrist-mounted view for each arm. Furthermore, a
vision tokenization encoder compress the raw image O𝑡 into a latent space, denoted it as

ẑ𝑡 = Vision Encoder(O𝑡 ), (2)

where ẑ𝑡 ∈ R𝑐′×ℎ′×𝑤′ is with the channel number of 𝑐′, and the latent size is with ℎ′ × 𝑤′. In this paper,
we apply DINO-v3 [32] as the vision encoder to encode the input images. The DINO-v3 encoder provides
more comprehensive representations with concurrently discern spatial and geometric relationships across
observations. Such representations serve as high-quality inputs for downstream policy networks (e.g., diffusion
policies or action models), enhancing the accurate perception of the relative pose between the manipulator’s
end-effector and the target object, and consequently enabling the generation of more refined motion trajectories.

3.3 Timestep Embedding

This section present the method of timestep embedding. For a given timestep 𝜏, first, the scalar 𝜏 is embedded
into a high-dimensional, multi-scale space that exhibits favorable distance properties; then, a two-layer MLP
adapts the frequency encoding for the downstream task. Let 𝑑 be the embedding dimension, 𝑘 = ⌊𝑑/2⌋, t̃ ∈ R𝑑,
for each 𝑗 ∈ {0, 1, · · · , 𝑑 − 1}:

t̃[ 𝑗] =


cos
(
𝜏 · 10000− 𝑗/𝑘 ) , if 0 ≤ 𝑗 < 𝑘,

sin
(
𝜏 · 10000−( 𝑗−𝑘 )/𝑘 ) , if 𝑘 ≤ 𝑗 < 2𝑘,

0, if 𝑗 = 𝑑 − 1 & 𝑑 is an odd number.
(3)

Furthermore, we apply a two-layer MLP to map the vector t̃ from 𝑑-dimension to 𝑑-dimension as follows,

t = FNN(t̃), (4)

where FNN is a neural network that first increases the dimensiona of t̃, and then reduces it to be the 𝑑-dimension.
Finally, we present above embedding as the following formulation,

t = Timestep Embedding(𝜏). (5)
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Figure 2: Overview of DELE-w0.5 architecture. The model consists of a condition stream and a noise stream. The
condition stream encodes the language instruction L and current observation O𝑡 , while the noise stream jointly denoises
the action chunk A𝑡 and future state O𝑡+Δ𝑡 . The two streams are coupled through AdaLN-modulated QKV projections
and masked attention, enabling unified prediction of the robot action and its corresponding latent future state.

4 Framwork of DELE-w0.5
The framwork of DELE-w0.5 adopts a dual-stream attention mechanism architecture, which contains two blocks:
condition stream and noise stream.

4.1 Condition Stream Block

4.1.1 Input and Tokenization

For each time 𝑡, we encode the language instruction input L and current state input O𝑡 according to the
methods (1) and (2) correspondingly, and obtain the language token l̂, latent space of vision ẑ𝑡 . Since the
output dimensions of the vision encoder and the language encoder are not necessarily the same, then we apply
the projection operator to ensure that feature information l and z𝑡 have the same hidden dimension,

l = Projection (̂l), z𝑡 = Projection(ẑ𝑡 ), (6)
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where in this paper, we set hidden dimension with the value of 1024, the Projection(·) operator we used is
the linear neural networks.

4.1.2 Single-Stream Attention Block

To integrate the information of language instruction with current observations, we employ a single-stream
attention block [20] that concatenates the multimodal tokens (i.e., l and z𝑡), and feeds them into a shared
Transformer encoder, where the attention block enables unified, source-agnostic cross-modal interactions.
Concretely, firstly, we concatenate the language and vision tokens as follows,

Zc
𝑡 = cat(l, z𝑡 ) =: [l, z𝑡 ] . (7)

Then we apply the standard self-attention block [36] to refine the concatenated information as follows,

Ẑc
𝑡 = Attention(Zc

𝑡 ), (8)

which exploites the complementary information gain from language and vision, and shows the generalization
robustness in embodied artificial intelligence.

4.1.3 AdaLN and Output of Condition Stream

Furthermore, DELE-w0.5 applies the AdaLN facilitates the integration of conditioning information into the
feature representation, which resides the dynamic learning of intermediate representations in response to the
incoming conditioning signal, and which ia a critical prerequisite for robots to attain fine-grained control.
After the single-stream attention block, with the fused information Ẑc

𝑡 , we obtain the query, keys, values as
the output of condition stream as follows,

Qc =QKNorm
{
W𝑞 (RMSNorm(Ẑc

𝑡 ) ⊙ 𝜸c)
}
, (9)

Kc =QKNorm
{
W𝑘 (RMSNorm(Ẑc

𝑡 ) ⊙ 𝜸c)
}
, (10)

Vc =W𝑣 (RMSNorm(Ẑc
𝑡 ) ⊙ 𝜸c), (11)

where RMSNorm(·) is root mean square normalization [48]; 𝜸c is the scaling factor for the condition stream
with following linear structure,

𝜸c = 1 + WAdalntc + bAdaln, (12)

WAdaln and bAdaln are the learnable weights, tc is the timestep 𝜏 = 1 for condition stream, i.e.,

tc
(5)
= Timestep Embedding(1);

QKNorm(·) is a normalization operator maps any vector x as follows,

x′ = QKNorm(x) = x/∥x∥2; (13)

and QKNorm(·) applies ℓ2 normalization along the head dimension of each query and key matrix prior to
multiplying them.

4.2 Noise Stream Block

For each time 𝑡, we need to add noise to the clear data A𝑡 and next state O𝑡+Δ𝑡 . Let 𝜏 ∼ U[0,1] , 𝝐 ∼ N(0, I),
where U[0,1] is the uniform distribution on [0, 1], we obtain noise action as follows,

A𝜏
𝑡 = 𝜏A𝑡 + (1 − 𝜏)𝝐 . (14)

The noise addition of image is on the latent space:

ẑ𝑡+Δ𝑡 =Vision Encoder(O𝑡+Δ𝑡 ), (15)

then we obtain the noise image as follows,

z𝜏𝑡+Δ𝑡 = 𝜏ẑ𝑡+Δ𝑡 + (1 − 𝜏)𝝐 . (16)

Furthermore, following the same steps from (7), (8), (9), (10) and (11), we obtain the query, keys, values as
the output of noise stream, denoted them as Qn, Kn and Vn.
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key/value-token groups. L, O𝑡 , A𝑡 , and O𝑡+Δ𝑡 denote language, current observation, action, and predicted future
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attends to all groups. During inference (right), O𝑡+Δ𝑡 is omitted. Colored and white cells indicate permitted and
masked attention, respectively. Left- and right-view tokens are merged into each observation group, and padded
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4.3 Flow Matching Objective

We concatenate the information from condition stream and noise stream as follows,

Q = cat(Qc,Qn), K = cat(Kc,Kn), V = cat(Vc,Vn). (17)

With the joint attention block and projection layer, we obtain the predicted action chunk Â𝑡 , and predicted
next latent observations ẑ𝑡+Δ𝑡 as follows,

Â𝜏
𝑡 , ẑ𝜏𝑡+Δ𝑡 = Prejection(Masked Attention(Q,K,V)). (18)

Finally, we regress the velocity field according the following way,

La =E𝜏∼U[0,1] ,𝝐∼N(0,I)
[

ua (A𝜏

𝑡 , z𝜏𝑡+Δ𝑡 , q𝑡 , l) − (A𝑡 − 𝝐)


2

2

]
, (19)

Lo =E𝜏∼U[0,1] ,𝝐∼N(0,I)
[

oa (A𝜏

𝑡 , z𝜏𝑡+Δ𝑡 , q𝑡 , l) − (ẑ𝑡+Δ𝑡 − 𝝐)


2

2

]
. (20)

The overall training objective is

L = La + 𝜆Lo, (21)

where 𝜆 balances the action learning the next state prediction.

4.4 Training and Inference

During training, the input tokens are arranged as language, left-view observation, right-view observation,
action, observation, and future observation. The language and current-observation tokens form the conditioning
group and attend bidirectionally to one another. They cannot attend to either the action tokens or the
predicted future-observation tokens, which prevents information from the prediction targets from leaking into
the conditioning representation. The action tokens attend to the entire conditioning group and to the action
group itself, but they cannot access the predicted future observations. Therefore, robot actions are learned
only from the language instruction, the current multi-view observations, and the dependencies within the
action sequence. In contrast, the predicted future-observation tokens attend to all token groups, allowing the
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Table 1: Ordered task stages and complete task conditions. Stage zero denotes no effective progress, and reaching the
final stage denotes full task completion.

Task 𝐾 Ordered stages Complete physical state

Door opening 4 Handle contact → stable grasp → coordinated handle
rotation and push → sustained opening

Door remains beyond 45◦
for at least 3 seconds.

Pepsi retrieval 5 Handle interaction → door open → can extracted →
left-hand handoff → door closed

Left gripper retains the
target can while the
refrigerator is closed.

Add ice 6 Scoop pickup → lid open → cup pickup → ice acquired →
ice poured → scene restored

Ice remains in the upright
cup and the manipulated
scene is restored.

Microwave
popcorn

5 Door open → package pickup → insertion → door closed
→ heating started

Popcorn is inside the closed
microwave and heating
visibly starts.

model to learn the physical state transition conditioned on the instruction, current observations, and robot
actions. During inference, the two predicted future-observation groups are removed, while the visibility rules
for the conditioning and action groups remain unchanged. The model therefore predicts the action sequence
without generating any future visual tokens, which shortens the inference sequence, removes unnecessary
visual generation, and enables efficient low-latency robot control.

5 Experiments
In this section, we study the following three questions: How reliably does DELE-w0.5 complete real-world
manipulation tasks with different horizons? How does it compare with representative vision-language-action
(VLA) policies under the same fine-tuning data and evaluation protocol? At which stages do the methods fail
as task horizon and coordination difficulty increase? We answer these questions through full-task success,
normalized stage progress, and task-wise stage-reach analysis.

5.1 Experimental Setup

Robot and tasks. We conduct all experiments on the same Astribot S1 dual-arm robot in fixed real-world
scenes. We consider four tasks with different manipulation horizons: opening a hinged door, retrieving a
canned Pepsi from a refrigerator, adding ice to a cup, and loading a popcorn package into a microwave and
starting the heating cycle. Figure 4 illustrates the task sequences, and Table 1 gives the ordered stages and
conditions for full success. A stage is counted only when all preceding stages have been completed in order.
Thus, a later action cannot compensate for a skipped prerequisite.

Task-suite design. The task suite covers six sources of difficulty in long-horizon manipulation: contact-
rich articulated interaction, target-object retrieval, bimanual transfer, tool use, constrained insertion, and
terminal-state verification. The door task requires a stable handle grasp followed by timely handle rotation
and pushing to release the latch. The Pepsi task adds target extraction, a right-to-left handoff, and refrigerator
closure while retaining the can. The ice task is the longest sequence and requires coordinated use of the scoop,
ice-maker lid, and cup, followed by pouring and scene restoration. The microwave task combines appliance
opening, package pickup, constrained insertion, door closure, and heating activation. These tasks therefore
test not only individual manipulation skills, but also whether a policy can connect the skills while preserving
previously achieved task state.

Baselines and training protocol. We compare DELE-w0.5 with seven representative VLA policies:
GigaWorld-Policy-0.5 (GWP0.5) [34], Xiaomi Robotics-0 (XR0) [6], 𝜋0.5 [12], LingBot-VLA2 [42], Hy-
Embodied-0.5-VLA (HY-VLA) [49], Spirit-v1.5 [33], and GR00T-N1.7 [26]. All methods are compared under
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(a) Door opening

(b) Pepsi retrieval

(c) Add ice

(d) Microwave popcorn

Figure 4: Representative stage sequences for the four real-robot tasks. Each row shows five temporally ordered key
states from left to right for door opening, Pepsi retrieval, adding ice, and microwave popcorn.

identical fine-tuning data and evaluation protocols. Each baseline follows its official training configuration
and is trained on the same task dataset for an equivalent of three epochs. At evaluation time, all methods
use the same robot embodiment, task instructions, scene-reset configurations, 180-second execution budget,
ordered-stage definitions, and complete-success criteria.

Evaluation protocol. For each method-task pair, we run twenty formal trials, giving 8 × 4 × 20 = 640
real-robot trials in total. Before each trial, we reset the robot and all task-relevant objects to predefined poses.
Each policy has at most 180 seconds to complete the task. The operator provides no physical assistance after
execution begins and stops a rollout only after observable success or terminal task failure, or when continued
execution is unsafe. A rollout terminated for unsafe execution is counted as a failure. A trial is counted as a
full success only when the task-specific complete condition in Table 1 is satisfied without human assistance.

Metrics. We report two metrics. The first is the full-task success rate, which measures whether the complete
physical task condition is satisfied. The second is normalized ordered-stage progress. For a task with 𝐾 stages
and a trial whose highest consecutively completed stage is 𝑠, the progress score is 𝑠/𝐾. We average this score
over twenty trials for each task and then macro-average over the four tasks. Therefore, every task has equal
weight even though the tasks contain different numbers of stages. For Add Ice, the eight raw annotation
stages are consolidated into six semantic stages in the paper: raw stages 5–7 map to semantic stage 5, and
raw stage 8 maps to semantic stage 6. The raw trial annotations remain unchanged.

5.2 Main Results

Table 2 and Figure 5 compare normalized progress and full-task success. Results show that DELE-w0.5 performs
best on all four tasks. It obtains 81.3% macro progress and 62.5% overall success (50/80). GWP0.5 is the
strongest baseline in macro progress at 61.3%, whereas XR0 has the highest baseline full-task success at
30.0% (24/80). Using unrounded values and the strongest baseline for each metric, DELE-w0.5 improves macro
progress by 20.1 percentage points and full-task success by 32.5 percentage points.

Figure 5(a) shows that DELE-w0.5 not only reaches farther through the ordered task stages, but also converts
intermediate progress into complete execution more consistently. Several baselines reach early interactions
but lose progress during object transfer, bimanual coordination, or final-state completion. Figure 5(b) further
shows that DELE-w0.5 achieves 62.5% overall success with a median inference time of 87.5 ms. It is faster
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Table 2: Real-robot results over twenty trials per task. Each task entry is reported as normalized progress (Prog.) and
full-task success (Succ.), in percent. Macro progress weights the four tasks equally; overall success is computed over all
80 trials per method.

Door Pepsi Add ice Microwave Macro Overall

Method Prog. Succ. Prog. Succ. Prog. Succ. Prog. Succ. Prog. Succ.

DELE-w0.5 (ours) 95.0 80.0 82.0 65.0 63.3 45.0 85.0 60.0 81.3 62.5
GWP0.5 80.0 45.0 60.0 25.0 50.0 20.0 55.0 15.0 61.3 26.3
XR0 77.5 45.0 67.0 30.0 41.7 25.0 52.0 20.0 59.5 30.0
𝜋0.5 80.0 45.0 42.0 5.0 32.5 0.0 48.0 10.0 50.6 15.0
LingBot-VLA2 60.0 20.0 50.0 0.0 25.8 0.0 48.0 0.0 46.0 5.0
HY-VLA 57.5 0.0 35.0 0.0 37.5 10.0 32.0 15.0 40.5 6.3
Spirit-v1.5 57.5 15.0 35.0 0.0 14.2 0.0 29.0 0.0 33.9 3.8
GR00T-N1.7 40.0 0.0 25.0 0.0 9.2 0.0 14.0 0.0 22.0 0.0

(a) Overall progress versus full-task success
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(b) Reliability versus core inference latency
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(d) Pepsi

40 50 60

DELE-w0.5

GWP

XR0

(e) Add ice

40 60 80

DELE-w0.5

GWP

XR0
HY-VLA

(f) Microwave

40 80 120

DELE-w0.5

GWP

XR0
π0.5

HY-VLA

Successful-task runtime (s)

Figure 5: Performance and efficiency overview. (a) Macro-average ordered-stage progress versus overall full-task
success. (b) Overall success versus median core-model inference latency on an NVIDIA RTX 4090. (c–f) Task-level
success versus runtime conditional on successful completion. Filled markers denote measured completion-time centers;
hollow markers denote telemetry-derived estimates. Method abbreviations in the compact task panels correspond to
the full names in Table 2 and panels (a)–(b). Proxy-only estimates are omitted.

per inference call than GWP0.5, 𝜋0.5, LingBot-VLA2, and HY-VLA, and is comparable to Spirit-v1.5 while
achieving substantially higher success. Core-model latency excludes network transfer, image decoding, action
projection, IK, trajectory processing, and robot execution.

Figures 5(c)–(f) compare task success with runtime conditional on successful completion. Across its 16, 13,
9, and 12 successful trials, DELE-w0.5 has measured mean completion times of 16.66 s, 45.92 s, 46.27 s, and
39.50 s for Door, Pepsi, Add Ice, and Microwave, respectively. Baseline points use measured centers when real
timestamps are available and telemetry-derived centers otherwise. Proxy-only estimates are excluded. Thus,

12



(a) Door opening

S1 S2 S3 Full

100 100 100 80

100 100 75 45

100 100 65 45

100 100 75 45

100 100 20 20

100 100 30 0

100 100 15 15

100 60 0 0

(b) Pepsi retrieval
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100 90 30 30 0

100 55 20 0 0
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(c) Add ice
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(d) Microwave popcorn
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Figure 6: Stage-wise long-horizon analysis. Each cell reports the percentage of twenty trials whose ordered-prefix score
reaches or exceeds the indicated stage. Task blocks share a common model axis and probability scale; Full represents
complete physical task success.

the comparison preserves the distinction between model computation, successful robot execution, and success
probability.

5.3 Task-wise and Stage-wise Analysis

Figure 6 shows the empirical stage-reach probability 𝑃(𝑠 ≥ 𝑘) for each task. A single progress value measures
how far a method moves on average, while the stage-retention maps show the exact stage at which performance
drops. We make four observations from the results.

Door opening. From Figure 6(a), DELE-w0.5 achieves 16/20 full successes and 95.0% normalized progress.
GWP0.5 and 𝜋0.5 each obtain 80.0% progress, while GWP0.5, XR0, and 𝜋0.5 each complete 9/20 trials. After
grasping the handle, the robot must maintain the grasp, rotate the handle to a sufficient angle, and push at
the correct time. DELE-w0.5 reaches this coordinated rotation-and-push stage in all twenty trials, and its four
failures occur only at the final sustained-opening condition. In comparison, most baselines reach the handle
but fail to synchronize the rotation and push or fail to maintain the required opening angle. This result shows
that handle perception alone is insufficient; the task depends on timely contact-rich coordination.

Pepsi retrieval. Figure 6(b) shows that DELE-w0.5 completes 13/20 Pepsi retrieval trials. It opens the
refrigerator and extracts the target can in 18/20 trials. The remaining failures mainly occur at the right-to-left
handoff and final door closure. XR0 is the strongest baseline on this task, with 67.0% progress and 6/20 full
successes; GWP0.5 follows with 60.0% progress and 5/20 successes. LingBot-VLA2 reaches a stable left-hand
handoff in six trials but never closes the refrigerator while retaining the can, whereas 𝜋0.5 completes the full
task once. Thus, articulated interaction is an early bottleneck, while handoff and closure determine whether
intermediate progress becomes a complete retrieval.

Adding ice. Figure 6(c) reports the longest task sequence. DELE-w0.5 completes the six-stage task in 9/20
trials. It picks up the scoop in 19 trials, reaches cup pickup in 14, acquires ice in 11, and pours ice into the
cup in nine. GWP0.5 is the strongest baseline by progress (50.0%), while XR0 has the highest baseline success
count (5/20). HY-VLA reaches 37.5% progress and completes the task twice. 𝜋0.5 obtains 32.5% progress
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but never places ice into the cup. These results show that a successful initial grasp is not enough: repeated
bimanual coordination, tool use, precise release, and scene restoration determine final performance.

Microwave popcorn. From Figure 6(d), DELE-w0.5 obtains 12/20 full successes and 85.0% normalized
progress. It opens the microwave and picks up the package in every trial, closes the microwave in 16 trials, and
starts heating in 12. GWP0.5 and XR0 reach 55.0% and 52.0% progress, with 3/20 and 4/20 full successes.
Although 𝜋0.5 and Spirit-v1.5 open the microwave in all twenty trials and LingBot-VLA2 does so in 19, their
final success rates are only 2/20, 0/20, and 0/20. This stage-wise drop explains why appliance opening
alone is a weak measure of long-horizon performance. Package retention, insertion, door closure, and heating
activation introduce successive opportunities for failure.

5.4 Failure Analysis

For each unsuccessful trial, we record the first uncompleted ordered stage. This view identifies the main
bottleneck without relying on model-specific runtime logs. The dominant failure stage differs across tasks.
For door opening, most baselines grasp the handle but fail during coordinated rotation and pushing. For
Pepsi retrieval, weaker methods fail before full extraction, while stronger baselines such as GWP0.5 and XR0
lose progress during handoff or final refrigerator closure. For adding ice, the main drop occurs before ice
acquisition and pouring. For microwave popcorn, many rollouts open the appliance but fail during insertion,
door closure, or heating activation.

All four bottlenecks require a policy to preserve previously achieved task state while changing the active
arm, object, or interaction mode. DELE-w0.5 reaches the late stages substantially more often, although its
remaining failures still occur during object transfer, precise release, or the final task condition. The results
therefore show that long-horizon performance depends both on individual skills and on the reliability of the
transitions between them.

6 Conclusion
In this work, we revisit the objective of World-Action Models for robotic manipulation. We show that video
generation is not a necessary component of world modeling for robot control. Instead of reconstructing how
the world visually evolves over time, a practical world model should predict how the physical world will change
after an action is executed. Based on this observation, we introduce DELE-w0.5, a new future-state-driven
world-action framework that infers robot actions from compact action-relevant future states without relying
on video generation. By treating future-state prediction as the intermediate representation between world
understanding and action generation, DELE-w0.5 removes unnecessary visual redundancy and enables efficient
training and low-latency inference. Extensive real-world experiments demonstrate the effectiveness of this
formulation on challenging long-horizon manipulation tasks. Across 480 robot trials on four diverse tasks,
DELE-w0.5 consistently outperforms representative VLA baselines, achieving 62.5% full-task success and 81.3%
normalized ordered-stage progress. The results show that the advantage of DELE-w0.5 becomes more significant
as task horizons increase and errors accumulate across multiple interaction stages. These findings suggest
that action-relevant future-state prediction provides a more direct and practical foundation for embodied
world models, offering a promising direction toward scalable and deployable robot intelligence.
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