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Vision-Language-Action (VLA) models excel at instruction following, yet most remain feed-forward:
they condition actions only on the current observation and discard both long-horizon temporal con-
text and the hierarchical structure of VLM representations. We present PRIME W0, a hierarchical
conditional �ow-matching framework that closes this gap through three synergistic designs: (1) per-
layer KV injection from a pretrained VLM into an Adaptive MoE action expert; (2) dynamics-aware
conditioning via asynchronous world-model subgoal-image prediction and a DINOv2 historical-frame
semantic bridge; and (3) Action Dynamic Manifold (ADM) �ow matching with covariance-structured
noise that respects robot kinematic coupling. PRIMEW0 is trained in four stages�VLM pre-training,
DAT/NTP visuomotor pre-training, DiT �ow-matching decoder assembly with WM injection, and
end-to-end SFT�and achieves state-of-the-art results on LIBERO and real-robot benchmarks, with
systematic ablations validating each architectural component.
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1 Introduction

Vision-Language-Action (VLA) models [6, 15, 5] have emerged as a dominant paradigm for generalist robot
policies, casting manipulation as conditional generation over visual and language tokens. By pretraining on
large-scale internet data and �ne-tuning on robot demonstrations, VLAs achieve impressive breadth across
tasks and embodiments. Recent �ow- and di�usion-based VLAs further improve action expressiveness by
replacing autoregressive decoders with continuous generative processes, enabling multi-modal action distri-
butions and smoother trajectories [5].

The dynamics�semantics gap. Despite these advances, most VLA policies remain feed-forward : at each
control step they condition action generation only on the current observation and instruction, without an
explicit model of how the scene will evolve. This creates two coupled limitations. First, temporal myopia:
long-horizon tasks with occlusion, contact ambiguity, or multi-phase manipulation require tracking motion
trends and anticipating near-future scene layout, yet repeating the full VLM on every historical frame is
prohibitively expensive. Second, semantic compression: many architectures route action decoding through
a single compressed VLM representation, discarding the hierarchical semantic�spatial structure accumulated
across intermediate layers that is critical for �ne-grained motor control.

Flow-matching action decoders exacerbate both issues. During denoising, early steps bene�t from high-level
task semantics while late steps require precise perceptual grounding and kinematically consistent trajectories.
A policy that conditions only on the present frame and a collapsed VLM summary cannot simultaneously
supply forward temporal anchors and layer-wise semantic detail.

Core question. Can we build a VLA foundation model that (i) anticipates near-future scene evolution,
(ii) exploits long-horizon visual history e�ciently, and (iii) generates actions on the low-dimensional manifold
of physically feasible robot behaviour?
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PRIME W0 (Physical pRIors from world Models for Embodied manipulation) addresses this question with
a hierarchical conditional �ow-matching framework that couples a pretrained VLM with three synergistic
design layers (�g. 1):

1. Semantic reasoning via per-layer KV injection. Rather than collapsing the VLM into a single bottleneck
vector, we extract Key/Value projections from all backbone layers and inject them into the action expert
through cross-attention, preserving both high-level intent and low-level spatial grounding.

2. Dynamics-aware conditioning. A compact world model W predicts explicit subgoal RGB images from the
previous observation; these are encoded as visual tokens and injected asynchronously into the VLM, sup-
plying forward scene anchors without blocking inference on future-frame capture. In parallel, a DINOv2-
based historical-frame encoder bridges past observations into the language-model embedding space as
Whist, enabling long-range temporal context without repeated VLM forwards.

3. Manifold-constrained action generation. We replace the autoregressive action head with Action Dynamic
Manifold (ADM) �ow matching over an Adaptive MoE decoder. Covariance noise sampled from demonstra-
tion statistics respects kinematic coupling, while temporally gated expert routing specialises behaviour
across manipulation phases.

Training proceeds in four stages (section 3.2; �g. 2): VLM pre-training; geometry-aware action tokenisation
and NTP visuomotor pre-training on a mixed teleop / UMI / simulation corpus (�g. 3); DiT �ow-matching de-
coder assembly with frozen VLM, WM injection, and Adaptive MoE; and end-to-end SFT under a composite
objective that uni�es �ow matching, MoE load balancing, and auxiliary VLM/WM supervision.

Contributions.

1. We propose a hierarchical conditional flow-matching framework that closes the loop between VLM seman-
tic reasoning, asynchronous WM subgoal-image prediction, and manifold-constrained continuous control
(section 3).

2. We introduce asynchronoussubgoal-imageinjection and a historical-framesemanticbridge, enabling dynamics-
aware conditioning without increasing end-to-end latency or re-running the full VLM on past frames.

3. We develop ADM with covariance-structured �ow matching and Adaptive MoE action experts, jointly
realising phase-aware, kinematically grounded action generation on a learned action manifold.

4. We demonstrate state-of-the-art performance on LIBERO and an in-house real-robot suite, together with
systematic ablations con�rming the contribution of each architectural component (section 4).

2 RelatedWork

2.1 Vision-Language-ActionModels

Recent vision-language-action (VLA) foundation models have moved beyond task-speci�c visuomotor policies
toward scalable, generalist, and deployment-oriented robot control. π0.7 [14] proposes a steerable general-
ist robotic foundation model that uses diverse context conditioning, including language commands, task-
performance metadata, and subgoal images, to exploit demonstrations, autonomous rollouts with failures,
and non-robot data. LingBot-VLA [35] emphasizes practical deployment by training on large-scale real-world
data from multiple dual-arm robot con�gurations and improving adaptation cost, training throughput, open
code, and benchmark construction. JoyAI-RA [39] studies multi-source and multi-level pretraining by inte-
grating web data, egocentric human manipulation videos, simulation-generated trajectories, and real-robot
data, with explicit action-space uni�cation to bridge embodiment gaps. PokeVLA [41] takes a complementary
lightweight direction, pretraining a compact VLM with spatial grounding, a�ordance, and embodied reason-
ing data, and then injecting manipulation-relevant representations into the action space through goal-aware
semantics learning, geometry alignment, and an action expert.

Another emerging trend is to make VLA models more suitable for long-horizon, real-time, and reasoning-
intensive robotic autonomy. Xiaomi-Robotics-0 [8] focuses on fast and smooth real-time execution by ad-
dressing inference latency through asynchronous execution and temporal alignment of consecutive predicted
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action chunks. Habilis-β [29] pushes VLA deployment toward fast-motion and long-lasting on-device control,
introducing continuous-run evaluation metrics such as Tasks per Hour and Mean Time Between Intervention
to measure both productivity and reliability. HALO [31] incorporates embodied multimodal chain-of-thought
reasoning through textual task reasoning, visual subgoal prediction, and action prediction. These works indi-
cate that recent VLA research is shifting from direct observation-to-action mapping toward foundation models
with richer conditioning, stronger cross-embodiment generalization, spatial and a�ordance-aware representa-
tions, deployment-aware execution, and explicit reasoning or visual foresight. Nevertheless, most existing
VLA systems still encode future physical consequences implicitly or through compact subgoal representa-
tions, whereas our work is motivated by using an explicit video world model to generate task-conditioned
future observations for downstream VLM-based action generation.

2.2 WorldModels and Video Prediction

Recent progress in video generation and self-supervised video representation learning has made world mod-
els increasingly attractive for embodied intelligence. Unlike conventional VLA policies that map current
observations directly to actions, world models aim to capture how scenes evolve over time, thereby pro-
viding predictive priors about object motion, contact dynamics, and task progress. V-JEPA 2 [3] shows
that self-supervised pretraining on internet-scale video can produce representations useful for understanding,
prediction, and robotic planning, and further adapts the model into an action-conditioned world model for
zero-shot image-goal planning. LingBot-World [34] pushes open-source video-based world simulation toward
high-�delity, long-horizon, and real-time interactive generation. DreamDojo [11] further demonstrates the po-
tential of large-scale egocentric human videos for robot world modeling by learning from 44k hours of human
interaction videos and introducing continuous latent actions as uni�ed proxy actions. After post-training
on target robot data, DreamDojo supports controllable simulation of contact-rich manipulation and enables
applications such as live teleoperation, policy evaluation, and model-based planning.

A closely related direction is World-Action Models (WAMs), which jointly model future visual dynamics
and robot actions. DreamZero [37] argues that world-action models can act as zero-shot policies by learn-
ing physical dynamics through joint video-action prediction, achieving strong generalization to unseen tasks,
environments, and embodiments. Motus [4] proposes a uni�ed latent action world model with a Mixture-
of-Transformers architecture, integrating understanding, video generation, and action experts within a �ex-
ible generative framework. MotuBrain [33] extends this line with uni�ed multiview modeling, shared cross-
embodiment action representations, and e�cient deployment recipes for long-horizon control. Genie Envi-
sioner [20] presents a uni�ed world foundation platform that combines instruction-conditioned video genera-
tion, �ow-matching action decoding, neural simulation, and benchmarking. Cosmos Policy [17] �ne-tunes a
pretrained video model into a robot policy by representing robot actions, future states, and values as latent
frames inside the video di�usion process, enabling both visuomotor control and test-time planning. These
works suggest that video prediction can serve not only as an auxiliary simulation tool, but also as a scalable
substrate for learning action-conditioned physical representations.

Recent studies further examine whether explicit future video generation is necessary during deployment.
Fast-WAM [38] separates the bene�t of video co-training from test-time future imagination and shows that
competitive performance can be achieved without generating future frames at inference, suggesting that
video modeling may primarily improve world representations during training. GigaWorld-Policy [36] similarly
adopts an action-centered WAM design, using video generation as a training-time constraint while making
future-video generation optional at inference for faster deployment. Being-H0.7 [22] moves future-aware
reasoning into a latent space by aligning deployable latent queries with future-observation-informed posterior
representations, thereby retaining predictive bene�ts without pixel-space rollout. DiT4DiT [23] takes another
route by coupling a video Di�usion Transformer with an action Di�usion Transformer and using intermediate
denoising features, rather than fully reconstructed future frames, as temporally grounded conditions for
action prediction. In contrast to methods that remove or bypass explicit future generation at test time, our
work explores a complementary direction: using a video world model to produce task-conditioned future
observations and feeding them back into a VLM-action pipeline, so that action generation can be guided by
explicit visual imagination of future task evolution.
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2.3 WorldModels for VLA Policy Learning

Recent work has begun to integrate world models more tightly with vision-language-action (VLA) policies,
rather than treating them as separate simulators or standalone video predictors. WorldVLA [10] proposes
an autoregressive action world model that uni�es action generation and future-image prediction in a single
framework, where the world model learns environment dynamics to improve action generation and the action
model in turn supports visual understanding for world modeling. RynnVLA-002 [9] further develops this uni-
�ed VLA�world-model formulation by jointly learning future image states and subsequent actions, showing
that the integrated world model can substantially improve real-world VLA success rates. GigaBrain-0 [32]
takes a data-centric route, using world models to generate diverse training data, including video generation,
real-to-real transfer, human-transfer, view-transfer, and sim-to-real-transfer data, thereby reducing the de-
pendence on expensive real-robot data while improving generalization across appearance, object placement,
and camera-view variations. These works indicate that world models can enhance VLA policies not only
by predicting future observations, but also by providing scalable data, forward scene predictions, and richer
supervision for action learning.

Another line of work uses world models as interactive environments or reward models for post-training
VLA policies. NORA-1.5 [13] augments a VLA backbone with a �ow-matching action expert and further
improves reliability through preference optimization, where rewards are derived from an action-conditioned
world model and action-quality heuristics. VLA-RFT [18] performs reinforcement �ne-tuning with veri�ed
rewards in a world simulator, allowing VLA policies to obtain dense trajectory-level supervision without
costly real-world interaction. World-VLA-Loop [21] extends this idea into a closed-loop framework that
jointly re�nes the video world model and the VLA policy: policy failures are fed back to improve action-
outcome alignment in the world model, which then provides better virtual rollouts for subsequent policy
optimization. VLA-MBPO [40] further studies practical model-based reinforcement learning for VLA models
by adapting uni�ed multimodal models for data-e�cient world modeling, enforcing multi-view consistency
through interleaved view decoding, and using chunk-level branched rollouts to mitigate compounding errors.
Together, these methods show that world models are becoming a key infrastructure for VLA post-training,
preference learning, and sample-e�cient reinforcement �ne-tuning.

While these approaches demonstrate the bene�t of world models for VLA policy learning, they mainly use
world models for joint VLA�world-model training, synthetic data generation, reward construction, or virtual
rollouts during post-training. Our work explores a complementary direction: using a video world model as
an explicit future-imagination module inside the VLA inference pipeline. Given the current observation and
task-level context, the world model predicts task-conditioned future observations, which are then encoded by
a VLM and consumed by an action expert for downstream continuous action generation. In this way, future
visual prediction is not only used as an o�ine training signal or simulator, but also becomes an explicit
intermediate representation for action reasoning and execution.

3 Method

3.1 Overall Architecture

PRIME W0 is a hierarchical conditional �ow-matching framework for general robotic manipulation that
couples the semantic reasoning capacity of a large-scale pre-trained vision�language model (VLM) with
structured generation on a continuous action manifold (�g. 1).
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Figure 1: PRIMEW0 architecture.

At each control cycle t, the system receives:

� Multi-view visual observations: ot = {I(c)t }Cc=1, where I
(c)
t is the RGB image from camera c;

� Historical observation context: {ot−τ , . . . ,ot−1}, encoded into semantic tokens by a dedicated historical-
frame encoder (section 3.6);

� Proprioceptive state: qt (joint angles, end-e�ector pose, gripper aperture, etc.);
� Natural-language instruction: ℓ, tokenised as Wℓ = [ω1, . . . , ω|ℓ|].

Multimodal encoding and VLM backbone. Images are encoded by a vision encoder Eϕ (e.g. SigLIP
or a ViT-based backbone) into multi-scale patch tokens. These are concatenated with proprioceptive tokens
st = MLPs(qt) and language tokens Wℓ, and fed into the pre-trained VLM backbone FVLM. For layer ℓ of
the backbone, we denote the hidden states by H

(ℓ)
t and explicitly extract the internal Key/Value projections:

K
(ℓ)
t = W

(ℓ)
K H

(ℓ)
t , V

(ℓ)
t = W

(ℓ)
V H

(ℓ)
t , ℓ = 1, . . . , L. (1)

These per-layer KV representations are subsequently injected into the action expert module via cross-
attention (section 3.7), enabling the action head to read semantic�spatial joint representations from all
VLM layers without back-propagating gradients through the full VLM parameter space.

Closed-loop inference. Overall inference forms a closed loop with asynchronous world-model prediction:

ot−1
World Model−−−−−−−−−→ ô

(wm)
t

async inject−−−−−−−−→ FVLM(ot, ℓ, Whist)
Adaptive MoE + ADM−−−−−−−−−−−−−−−→ At (2)

where ô
(wm)
t is a predicted subgoal image at timestep t produced by the world model from the previous

observation (section 3.5), encoded into visual tokens and injected into the VLM feature sequence to supply
forward temporal priors to the action expert. Historical frames are bridged into the same conditioning stream
via Whist (section 3.6). The �nal action head outputs an action chunk via Action Dynamic Manifold (ADM)
(sections 3.8 and 3.9):

At = [at, at+1, . . . , at+H−1] ∈ RH×da . (3)
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Figure 2: Four-stage trainingpipeline. (1)VLMPretrain: the vision�language backbone is trained on general multimodal
supervision (e.g. captioning / VQA). (2) NTP / task-specific pre-training: with DAT action tokens, the VLM learns
visuomotor next-token prediction over instruction�observation�action sequences. (3) DiT Pretrain: the VLM is frozen
while the MoT / Adaptive MoE �ow-matching action expert is trained with world-model conditioning to denoise
continuous actions (and associated state tokens). (4) SFT: both the VLM and the action expert are jointly �ne-tuned
end-to-end, optionally with action-pre�x tokens that shorten the denoising trajectory at inference. Flame / snow�ake
icons indicate trainable vs. frozen modules.

Together, these components form a semantic-grounded → dynamics-aware → manifold-constrained embod-
ied action generation pipeline; the four-stage training recipe that realises this architecture is described in
section 3.2.

3.2 Four-Stage Training Pipeline

PRIME W0 is trained in four progressive stages that build from general vision�language understanding to
a fully integrated continuous control policy (�g. 2).

Stage 1: VLM Pre-training. We start from (or continue) large-scale vision�language pre-training of the back-
bone FVLM on multimodal corpora (captioning, visual question answering, and related alignment objectives).
This stage establishes semantic grounding that subsequent robot stages must preserve rather than overwrite.

Stage 2: Action Tokenization & NTP Pre-training. We train a geometry-aware discrete action tokenizer T
(DAT) on the robot demonstration corpus (section 3.3), then pre-train the VLM with a next-token prediction
(NTP) objective over uni�ed visual�language�action token sequences (section 3.4). Mixed VL�robot co-
training maintains language competence while endowing the model with broad visuomotor understanding
across embodiments and tasks.

Stage 3: DiT / Flow-Matching Pre-training with WM Injection. We freeze the VLM backbone and replace
the autoregressive action head with a continuous flow-matching action decoder (DiT-style MoT / Adaptive
MoE experts; sections 3.7 to 3.9). The expert receives per-layer VLM KV representations through cross-
attention (eq. (1)). A historical-frame encoder (section 3.6) supplies long-horizon visual context, and a
compact world model W is integrated via asynchronous subgoal-image injection (section 3.5; architecture in
appendix A): predicted subgoal frames from ot−1 are encoded as visual tokens and fused into the VLM
sequence at timestep t without blocking on future-frame capture. Stage 3 optimises the �ow-matching loss
LFM with MoE load-balancing Lbal while denoising continuous actions (and associated state tokens) under
world-model conditioning.
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Figure 3: Training data mixture. Robot demonstration data used by PRIME W0 totals approximately 10,000
hours, comprising Teleop (60%, ∼6,000 h; laboratory setups, data-collection factories, and public datasets), UMI (30%,
∼3,000 h; portable UMI �sheye egocentric collection), and Simulation (10%, ∼1,000 h; reconstructed scenes with
procedural objects and physics randomisation).

Stage 4: Supervised Fine-Tuning (SFT) / End-to-End Co-training. We jointly �ne-tune the VLM, world
model, and action expert on labelled robot demonstrations under the full composite objective (eq. (32)),
where Laux retains VLM language ability via continued NTP supervision and enforces WM subgoal-image
consistency. Optional action-pre�x tokens initialise denoising from a low-noise state of already-executed
actions, shortening inference. This stage closes the loop between semantic reasoning, forward dynamics
prediction, and manifold-constrained action generation, yielding a deployable real-time policy.

3.3 Training DataMixture

Robot demonstration data for Stages 2�4 form a heterogeneous mixture of approximately 10,000 hours
spanning laboratory teleoperation, portable egocentric collection, and simulation (�g. 3).

� Teleop data (60%,∼6,000h). Demonstrations from laboratory setups, industrial data-collection factories,
and curated public robot datasets. These typically provide multi-view RGB (including third-person
cameras) with proprioception and language annotations, and form the primary source of high-quality
expert trajectories.

� UMI data (30%,∼3,000h). Egocentric trajectories collected with portable UMI-style handheld interfaces
and �sheye wrist cameras. Relative to teleop, UMI increases spatial/scene diversity at the cost of missing
�xed third-person views; during training we randomly mask third-person inputs so that the policy learns
under both multi-view and ego-only observation regimes.

� Simulation data (10%, ∼1,000h). Procedurally reconstructed scenarios with randomised objects and
physics parameters, used to densify coverage of contact-rich and long-horizon behaviours that are ex-
pensive to collect physically.

All sources are mapped to a shared Cartesian / SE(3) end-e�ector action space before DAT tokenisation
(section 3.4), enabling joint training without embodiment-speci�c heads.

7



3.4 Action Tokenization and NTP Pre-training

This subsection details Stage 2 of section 3.2: encoding continuous robot actions as discrete tokens and
pre-training the VLM backbone for visuomotor competence.

Bimanual Cartesian action representation. A standard VLM backbone operates over discrete tokens,
yet robot actions live in a structured continuous space. For our bimanual platform, each action is a 20-
dimensional Cartesian end-e�ector command:

at =
[
pL, RL, gL︸ ︷︷ ︸
10 left arm

, pR, RR, gR︸ ︷︷ ︸
10 right arm

]
∈ R20, (4)

where p ∈ R3 is the end-e�ector position, R ∈ R6 is the rotation in continuous 6D representation (�rst two
columns of the rotation matrix), and g ∈ R is the gripper aperture. This Cartesian parameterisation is used
exclusively within the tokenizer and NTP pre-training stages.

Naively discretising each of the 20 dimensions independently (per-dimension binning) ignores the geometric
coupling between position, orientation, and gripper�leading to reconstructed actions that violate physical
consistency (e.g. a closed gripper drifting away from the object, or left-right arms colliding). FAST [25]
improves upon binning by applying DCT + BPE for high compression, but its variable-length output com-
plicates batching during NTP training, and it does not incorporate task-aware geometric constraints. To
address these limitations we propose DAT (Discrete Action Tokeniser), a geometry-aware action codec that
produces �xed-length discrete tokens via Finite Scalar Quantisation (FSQ), trained with manipulation-aligned
auxiliary losses that explicitly preserve gripper phase, bimanual coordination, and rotational �delity.

DAT architecture. DAT follows a register-bottleneck encoder→FSQ quantiser→ cross-attention decoder
pipeline, using a small set of learnable register tokens as an information bottleneck that compresses variable-
length action sequences into a �xed-length discrete representation. Given an action chunk at:t+H ∈ RH×20

of horizon H:

1. Register encoder. The action sequence is �rst mapped to a denc-dimensional embedding space via linear
projection and positional encoding, then concatenated with T learnable register tokens and fed into an
Nenc-layer Transformer. We use an asymmetric attention mask : action tokens attend bidirectionally
to each other but cannot see the registers, while register tokens attend to all tokens (actions and other
registers). This allows the registers to actively aggregate sequence-level information without disturbing the
original action representations. Only the register outputs are retained and projected to a k-dimensional
latent space: e = Encψ(at:t+H) ∈ RT×k. The bottleneck forces the T registers to serve as a compact
su�cient statistic of the entire action chunk.

2. FSQ quantisation. Each scalar of the k-dimensional latent vector is independently bounded via tanh and
then rounded to the nearest point on a �nite grid of L levels (Finite Scalar Quantisation, FSQ), yielding a
�xed-length discrete token sequence c = FSQ(e) ∈ {0, . . . , L−1}T×k and its continuous straight-through
approximation ê ∈ RT×k. Gradients pass through via the straight-through estimator, making the entire
pipeline fully di�erentiable without codebook collapse. Each register spans a discrete space of Lk; the
total codebook capacity is LTk, which in practice provides ample representational power even with modest
k and T (e.g. L=8, k=4, T=16 yields 864≈ 6× 1057 distinct encodings).

3. Cross-attention decoder. The decoder uses H learnable positional queries as the target sequence and
attends to the quantised register embeddings ê as memory through an Ndec-layer Transformer cross-
attention decoder to reconstruct the action chunk: ât:t+H = Decψ(ê). This design decomposes decoding
into two orthogonal sub-problems� retrieving information from registers and generating actions in tem-
poral order�allowing the model to �exibly route di�erent register information to di�erent time steps.

Geometry-aware training objective. A key insight is that a single scalar reconstruction metric cannot
capture the heterogeneous structure of a 20-dimensional bimanual action: position, orientation, and gripper
each obey di�erent geometries. DAT therefore adopts a structure-aware reconstruction loss that applies
the appropriate distance metric to each sub-space, combined with a frequency-domain objective and two
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manipulation-speci�c auxiliary losses:

LDAT = Lrecon + λdct LDCT + λgrip Lgrip + λlr Llr, (5)

where each term addresses a distinct failure mode:

(i) Structure-aware reconstruction loss. Rather than applying a uniform L2 loss across all 20 dimensions, we
decompose the action into its geometric sub-spaces and use the natural metric for each:

Lrecon = SmoothL1(p, p̂)︸ ︷︷ ︸
position

+ SmoothL1(g, ĝ)︸ ︷︷ ︸
gripper

+ arccos
(

tr(R̂⊤
matRmat)−1

2

)
︸ ︷︷ ︸
rotation (geodesic on SO(3))

, (6)

summed over both arms, where Rmat ∈ SO(3) is the full rotation matrix recovered from the 6D represen-
tation R. Smooth L1 provides robustness to outlier targets in position and gripper channels, while the
geodesic distance on SO(3) avoids the well-known artefacts of applying Euclidean metrics in rotation space
(e.g. discontinuities near representation boundaries).

(ii) DCT loss. We apply an auxiliary loss in the frequency domain to encourage the reconstructed trajectory
to preserve the spectral structure of the original action chunk:

LDCT =
∥∥DCTII(at:t+H)−DCTII(ât:t+H)

∥∥2
F
, (7)

where DCTII is the orthonormalised type-II discrete cosine transform applied along the temporal axis of the
action chunk. Because of the energy compaction property of the DCT, low-frequency coe�cients naturally
carry larger signal magnitudes, so this loss implicitly up-weights low-frequency trend components. By super-
vising in the DCT domain rather than only in the time domain, the tokenizer better captures both smooth
trajectory trends and transient contact events.

(iii) Gripper direction loss. In bimanual manipulation, knowing whether a gripper is closing or opening is
often more decisive than its instantaneous aperture width: a correct width at the wrong phase (e.g. opening
when it should be closing) leads to catastrophic grasp failure, yet this error can be almost invisible in the
overall MSE because the scalar width remains numerically close. We observed empirically that without
an explicit directional signal, the tokenizer frequently produces �chattering� reconstructions�the gripper
oscillates between open and close at a single position instead of executing a clean grasp or release. DAT
therefore supervises the gripper direction as a binary classi�cation:

Lgrip = BCE
(
dir(a), dir(â)

)
, dir(gt) = ⊮[gt − gt−1 > 0], (8)

where dir(·) encodes the sign of the gripper aperture change between consecutive steps. For ground-truth
actions dir is a hard indicator; for reconstructions the consecutive gripper increment ĝt− ĝt−1 naturally serves
as a direction logit�positive for opening, negative for closing�and is passed through sigmoid to yield an
open/close probability, making the loss fully di�erentiable without requiring an extra classi�cation head. The
loss is applied independently to each arm.

(iv) Left-right end-e�ector distance loss. Bimanual tasks (e.g. cooperative lifting, two-handed folding) require
tight spatial coordination between the two arms. A tokenizer that reconstructs each arm independently may
produce trajectories where the arms drift apart or collide. Llr explicitly constrains the inter-arm distance to
match the ground truth, providing a direct inductive bias for coordination:

Llr = SmoothL1
(
∥pL−pR∥2, ∥p̂L−p̂R∥2

)
. (9)

NTP pre-training. With the frozen DAT codec, every robot demonstration (o1:Tep , ℓ, a1:Tep) is converted
into a uni�ed token sequence:

v1, . . . , vP︸ ︷︷ ︸
visual tokens

, w1, . . . , wQ︸ ︷︷ ︸
language tokens

, c1, . . . , cR︸ ︷︷ ︸
action tokens (from DAT)

, (10)
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and the VLM backbone is pre-trained with the standard causal language-modelling objective over the action
portion:

LNTP = −
R∑
i=1

log pθ
(
ci | v1:P , w1:Q, c<i

)
. (11)

Because DAT produces a �xed-length token sequence per chunk (unlike the variable-length output of BPE-
based methods such as FAST), the NTP training loop requires no padding or length-prediction head, simplify-
ing both implementation and batching. Crucially, we co-train the VLM on a mixture of robot demonstrations
and vision-language QA data (visual question answering, image captioning, etc.) to retain the backbone's
original language-grounding capability and prevent catastrophic forgetting of its pre-trained representations.

3.5 WorldModel and Asynchronous Subgoal-Image Injection

Introduced in Stage 3, the world model supplies forward scene priors to the VLM by predicting explicit
subgoal images and injecting them asynchronously as visual tokens (eq. (2)); see appendix A for architectural
details.

Motivation. A purely feed-forward VLA policy conditions only on the current frame, lacking an internal
model of environmental dynamics. This de�ciency degrades phase consistency in long-horizon settings with
occlusion or ambiguous contact. We therefore introduce a lightweight World Model (WM) that predicts the
subgoal RGB observation the scene should evolve toward at the next timestep. Unlike latent-only world
models, W operates directly in image space: its output is decoded into a full visual frame, re-encoded by the
shared vision encoder, and injected into the VLM as standard image tokens�preserving interpretability and
alignment with the VLM's native visual interface.

Subgoal-image prediction. The world model takes the previousobservation ot−1 (and optionally the last
executed action at−1, a short proprioceptive history, and the language instruction ℓ) as input and predicts
the subgoal image at the current timestep:

ô
(wm)
t = Φwm(ot−1, at−1:pre, ℓ ) , ô

(wm)
t ∈ RH×W×3, (12)

where Φwm is a conditional video/image generator (in practice, a spatio-temporal VAE decoder paired with
a compact di�usion or �ow-based denoiser) trained to produce visually coherent subgoal frames rather than
abstract latent codes. The predicted image is subsequently tokenised by the same vision encoder Eϕ used for

live observations: t (wm)
t = Eϕ(ô

(wm)
t ).

Asynchronous injection. The key architectural innovation is that ô (wm)
t depends only on ot−1, which is

already available from the previous control cycle. WM inference can therefore be launched in parallel with
capture and preprocessing of the current frame ot:

WM(ot−1) in background︸ ︷︷ ︸
early start

∥ capture ot + VLM pre�ll︸ ︷︷ ︸
foreground

, inject Eϕ(ô
(wm)
t ) as soon as ready. (13)

The resulting subgoal-image tokens are concatenated with current-frame visual tokens, historical tokens,
proprioceptive tokens, and language tokens before entering the LM stack:

Tfull
t =

[
t
(img)
t︸ ︷︷ ︸

current-frame visual tokens

, Whist︸ ︷︷ ︸
historical tokens

, t
(prop)
t︸ ︷︷ ︸

proprio / system state

, t
(wm)
t = Eϕ(ô

(wm)
t )︸ ︷︷ ︸

WM subgoal-image tokens

]
. (14)

In LM self-attention, t (wm)
t and t

(img)
t are mutually visible (optionally constrained by a block-diagonal or

segmented causal mask). Semantic reasoning is thus jointly conditioned on the observed present and the
model-predicted subgoal scene: the former ensures grounded accuracy, while the latter provides a forward
temporal anchor that stabilises phase estimation. Because WM generation does not wait for any deep features
of ot, the full VLA inference chain is not synchronously blocked on future-frame capture; end-to-end latency
is approximately max(Twm, Tvision) rather than Twm + Tvision.
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3.6 Historical Frame Encoder and Semantic Bridging

To endow the policy with temporal dynamics awareness without re-running the full VLM on every past frame,
we introduce a dedicated historical-frame encoder. Rather than reusing shallow features from the current-
frame pathway, this module transforms cached past observations into semantic representations compatible
with the �ow-matching action decoder.

DINOv2 feature extraction. For the bu�ered historical observations {ot−τ , . . . ,ot−1}, we �rst extract
robust visual descriptors with a frozen pre-trained DINOv2 encoder Edino:

Fhist = Edino({ot−τ , . . . ,ot−1}) , (15)

where Fhist collects patch-level features for each historical frame. DINOv2 provides spatially consistent,
viewpoint-robust representations that capture object geometry and scene layout across the recent past.

Vision�language semantic bridging. Because the DINOv2 feature space di�ers from the VLM's language-
model embedding space, we apply a lightweight projection to map historical visual features into token repre-
sentations that the action decoder can consume alongside instruction embeddings:

Whist = LayerNorm(FhistWproj + bproj) , (16)

yielding historical language tokens Whist that reside in the LM embedding space. This vision�language bridg-
ing mechanism allows the action-generation module to exploit long-range temporal dependencies encoded in
past frames while avoiding the computational cost of repeatedly forwarding historical images through the full
VLM backbone.

Integration with the action decoder. The historical tokens Whist are concatenated with current image
tokens, instruction tokens, and WM subgoal-image tokens (eq. (14)) and passed as conditioning context to
the �ow-matching action expert. Within the Adaptive MoE stack, the aggregated history vector h̄t−τ :t−1

used for temporal gating (eq. (17)) can additionally be derived from Fhist, linking phase-aware expert routing
to the same historical evidence.

3.7 Hierarchical Temporal-Gated AdaptiveMoEAction Experts

The Adaptive MoE module forms the action-generation backbone introduced in Stage 3, specialising be-
haviour across manipulation phases while reading per-layer VLM representations via cross-attention; decoder
hyperparameters are summarised in appendix C.

Design motivation. In conventional VLA architectures, action decoding typically shares the same FFN
and attention parameters as vision�language reasoning, which limits dynamic behavioural specialisation across
manipulation phases (approach, contact, �ne adjustment, transfer). We therefore introduce an Adaptive
Mixture-of-Experts (AdaptiveMoE) module in the action generation pathway, guided by two principles:

1. Explicit decoupling of routing and weighting: expert selection (a discrete routing decision) and soft combi-
nation weights (continuous weighting) are predicted by two independent sub-networks, avoiding a single
gating vector that must simultaneously decide which experts to activate and how much to weight each.

2. Per-layer independence with temporal gating: each Transformer layer ℓ maintains a dedicated gate G(ℓ)

whose input includes not only the current token representation but also a historical frame aggregation
vector h̄t−τ :t−1, endowing routing with phase sensitivity along the temporal dimension and mitigating
expert collapse / mode starvation.

Historical context aggregation. We de�ne a (parametric or non-parametric) aggregation operator over
historical latent states:

h̄t−τ :t−1 = Agg
(
{ht−τ , . . . ,ht−1}

)
∈ Rdh , (17)

where Agg(·) may be mean pooling, a lightweight GRU or 1-D convolution, or cross-frame attention. h̄t−τ :t−1

encodes recent motion trends and environmental dynamics, serving as a temporal bias term for gating.
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Gating input construction. For token i at layer ℓ of the action expert (an action token or a proprioceptive
token) with representation x

(ℓ)
i , we construct the gating input:

g
(ℓ)
i = stopgrad

(
MLP(ℓ)

g

(
[x

(ℓ)
i ∥ h̄t−τ :t−1 ]

))
, (18)

where ∥ denotes feature-wise concatenation and stopgrad(·) optionally blocks gradient �ow into the VLM
backbone depending on the training stage (partial unfreeze or frozen VLM).

Decoupled expert selection and weight prediction. Let the layer host N experts {Ek(·)}Nk=1, each

implemented as a lightweight FFN or local Transformer block. The expert selection network R
(ℓ)
sel outputs

unnormalised routing logits; we take the Top-K indices to form the active set:

S(ℓ)
i = TopKK

(
R

(ℓ)
sel (g

(ℓ)
i )

)
⊂ {1, . . . , N}. (19)

The weight prediction network R
(ℓ)
w outputs continuous coe�cients only for the selected indices, followed by

a temperature-scaled Softmax:

α
(ℓ)
i,k =


exp

(
R

(ℓ)
w,k(g

(ℓ)
i )/τ

)∑
j∈S(ℓ)

i
exp

(
R

(ℓ)
w,j(g

(ℓ)
i )/τ

) , k ∈ S(ℓ)
i

0, k /∈ S(ℓ)
i

(20)

MoE output and load-balancing regularisation. The layer output combines a sparse expert mixture
with a residual connection:

y
(ℓ)
i =

∑
k∈S(ℓ)

i

α
(ℓ)
i,k Ek

(
x
(ℓ)
i

)
︸ ︷︷ ︸
sparse expert combination

+ λx
(ℓ)
i︸ ︷︷ ︸

residual connection

(λ ≈ 1). (21)

To prevent load imbalance and expert collapse, we add an importance-balancing loss at each layer ℓ:

L(ℓ)
bal = αbal ·

∥∥∥Var({ ᾱ(ℓ)
k }Nk=1

) ∥∥∥, ᾱ
(ℓ)
k =

1

|B|
∑
i∈B

α
(ℓ)
i,k, (22)

where B is the token set in the current mini-batch. Because the selection and weighting networks are
decoupled, eq. (19) enforces hard sparsity at inference (only K ≪ N experts are evaluated), while eq. (20)
keeps the �nal convex combination di�erentiable with respect to the weight network�the two mechanisms
are complementary. The temporal term h̄t−τ :t−1 further allows routing to evolve with manipulation phase
(e.g. fast approach → precise insertion), mitigating static routing bias and expert degeneration.

3.8 Covariance-Correlated Noise for FlowMatching

To train the continuous action decoder in Stages 3�4, we replace isotropic Gaussian noise with a demonstration-
derived covariance structure that respects robot kinematic coupling.

Problem setting. Standard conditional �ow matching typically draws source noise from an isotropic Gaus-
sian, ε ∼ N (0, I). Robot actions A, however, exhibit strong kinematic coupling across dimensions (joint
coordination, end-e�ector smoothness, multi-�nger interference), concentrating probability mass near a low-
dimensional structural manifold. Isotropic noise at early denoising stages (τ → 0) places substantial mass in
physically implausible regions, increasing the di�culty of learning the velocity �eld and often yielding jittery
or out-of-distribution actions.

Empirical covariance noise. We o�ine-estimate the empirical covariance of action chunks (�attened as
vectors) from demonstrations:

Σ̂a ≃ Cov
(
vec(A)

)
, A ∈ RH·da , (23)

and construct correlated noise via Cholesky decomposition Σ̂a = LL⊤:

ε = Lξ, ξ ∼ N (0, I) =⇒ ε ∼ N (0, Σ̂a). (24)
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Linear �ow path with correlated noise. Following standard Conditional FlowMatching (CFM), we adopt
a linear interpolation path:

A
(τ)
t = (1− τ) ε + τ A, τ ∈ [0, 1], (25)

whose ground-truth velocity field (constant in τ) is:

u(A
(τ)
t | A) = A− ε. (26)

Training objective. Given conditional context ct = (ot, ℓ, Whist, ô
(wm)
t ), we train a network vθ(A

(τ)
t , τ, ct)

to regress this velocity �eld:

LFM (θ) = E A∼pdata
ε∼N (0,Σ̂a)
τ∼p(τ)

∥∥∥ vθ(A(τ)
t , τ, ct

)
− (A− ε)

∥∥∥2
2

(27)

Using N (0, Σ̂a) in place of N (0, I) endows the initial noise with cross-dimensional correlation and temporal
smoothness priors, balancing learning di�culty across denoising stages and yielding action sequences whose
magnitude spectra and coordination patterns better match real robot kinematics. The timestep distribution
p(τ) may further employ a shifted Beta bias to emphasise supervision in the low-τ (high-noise) regime:

p(τ) ∝ Beta

(
s− τ

s
; α, β

)
, s ≈ 0.999. (28)

3.9 Action DynamicManifold

Action Dynamic Manifold (ADM) uni�es the �ow-matching decoder, cross-attention conditioning, and ODE
inference introduced in Stages 3�4 into a single dynamic manifold-constrained action generation framework.

Action manifold hypothesis. We adopt the ActionManifold Hypothesis: feasible robot action sequences
do not uniformly populate the full Euclidean space RH·da , but instead lie near a low-dimensional smooth
manifoldM ⊂ RH·da shaped by physical laws, task constraints, and contact dynamics. The learning objective
should therefore be understood as projecting noisy samples onto M, rather than blindly denoising in the
ambient space. Under this view, ADM is equivalent to conditional �ow matching that directly regresses
clean actions�the network output can be interpreted as a prediction on the manifold, while the velocity loss
implicitly encodes the geodesic projection dynamics from noise to M.

Network inputs and cross-attention conditioning. Noisy action tokensA(τ)
t and proprioceptive tokens

are projected and processed by a stack of MoE Transformer layers (section 3.7). At each layer, cross-attention
reads the per-layer KV representations of the VLM backbone (eq. (1)):

CrossAttn(ℓ)
(
Q = y(ℓ)WQ, K = K

(ℓ)
t , V = V

(ℓ)
t

)
. (29)

WM subgoal-image tokens t (wm)
t and historical tokens Whist are fused with the main sequence in preceding

LM layers; their information is therefore compressed into the global context of K(ℓ)
t and V

(ℓ)
t , and the action

expert accesses predictive scene and temporal priors through KV cross-attention without separate readout
heads.

Inference: ODE integration for action chunks. At inference, we initialise from correlated noise:

A
(0)
t ∼ N (0, Σ̂a), (30)

and numerically integrate the learned vector �eld (Euler or RK4) from τ = 0 to τ = 1:

dA
(τ)
t

dτ
= vθ

(
A

(τ)
t , τ, ct

)
, At ≈ A

(1)
t . (31)

The resulting At is the predicted action chunk; we execute the �rst hexec ≤ H steps and slide the window
forward at the next cycle. ADM typically converges to high-quality actions within ten or fewer ODE steps,
making it suitable for real-time robot control.
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Overall training objective. The complete training loss combines �ow matching with MoE balancing and
optional auxiliary terms:

Ltotal = LFM + λbal

L∑
ℓ=1

L(ℓ)
bal + λauxLaux (32)

where Laux may include VLM-side next-token prediction (to preserve language capability) and WM-side
subgoal-image reconstruction or consistency losses; coe�cients λbal and λaux are scheduled with warm-up, as
summarised in Stage 4 of section 3.2.

4 Experiments

We evaluate PRIME W0 across three dimensions: (1) standard task success on established simulation and
real-robot benchmarks; (2) temporal and dynamic behaviour induced by the world model, historical encoder,
and Adaptive MoE; and (3) component ablations aligned with the four-stage training pipeline in section 3.2.

4.1 Baselines and Implementation

We compare against Octo [12], OpenVLA [15], π0 [5], Seer [2], and VPP [1]�strong published VLA and
video-prediction baselines�as well as recent state-of-the-art methods including π0-FAST [25], GR00T-N1 [24],
UniVLA [7], Discrete Diffusion VLA [19], OpenVLA-OFT [16], MemoryVLA [30], π0.5 [26], FLOWER [28], EO-
1 [27], and Xiaomi-Robotics-0 [8]. All baselines use their o�cial pretrained weights �ne-tuned on the same
robot demonstration splits as PRIME W0. PRIME W0 is trained following the four-stage recipe (�g. 2):
Stage 1 VLM pre-training, Stage 2 DAT+NTP on the teleop / UMI / simulation mixture (�g. 3), Stage 3 DiT
�ow-matching pre-training of the ADM / Adaptive MoE decoder with asynchronous WM subgoal injection
and historical-frame encoding (VLM frozen), and Stage 4 end-to-end SFT under eq. (32). At inference, WM
subgoal generation runs asynchronously from ot−1 while the VLM and ADM decoder process ot; ADM uses
8-step Euler ODE integration with covariance-structured initial noise.

4.2 Standard Benchmark Results

Results are presented in table 1. PRIME W0 achieves the highest average success rate (99.1%) across all
four LIBERO suites, surpassing the previous best EO-1 (98.4%). The improvement is most pronounced on
LIBERO-Long (+3.8% over EO-1), the suite that demands long-horizon temporal reasoning and bene�ts most
from historical-frame encoding and asynchronous WM subgoal injection. On LIBERO-Object, PRIME W0
achieves a perfect 100.0% success rate. Compared to OpenVLA, PRIMEW0 delivers a +22.6% absolute gain
in average success rate, indicating that the combination of dynamics-aware subgoal prediction and manifold-
constrained ADM decoding substantially improves generalisation across diverse manipulation tasks.

Table 1: LIBERO benchmark comparison. Best in bold, second underlined. All numbers = task success rate (%).
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Method LIBERO-Spatial LIBERO-Object LIBERO-Goal LIBERO-Long Average
success (%) success (%) success (%) success (%) (%)

OpenVLA [15] 84.7 88.4 79.2 53.7 76.5
π0-FAST [25] 96.4 96.8 88.6 60.2 85.5
GR00T-N1 [24] 94.4 97.6 93.0 90.6 93.9
π0 [5] 96.8 98.8 95.8 85.2 94.2
UniVLA [7] 95.4 98.8 93.6 94.0 95.5
Discrete Di�usion VLA [19] 97.2 98.6 97.4 92.0 96.3
OpenVLA-OFT [16] 97.6 98.4 97.9 94.5 97.1
MemoryVLA [30] 98.4 98.4 96.4 93.4 96.7
π0.5 [26] 98.8 98.2 98.0 92.4 96.9
FLOWER [28] 97.5 99.1 96.1 94.9 96.9
EO-1 [27] 99.7 99.8 99.2 94.8 98.4

PRIMEW0 (Ours) 98.8 100.0 99.0 98.6 99.1

The per-category breakdown on our in-house real-robot suite in table 2 reveals that improvements are
largest for temporally extended, contact-rich categories: cloth folding (+3.7% over π0.5), small-object grasping
(+2.6%), and assembly (+24.1%). These tasks require stable phase tracking across multiple control cycles�
precisely the regime where WM subgoal injection, historical tokens Whist, and phase-aware MoE routing are
designed to help.

Table 2: Real-robot in-housetaskcomparison. All methods are evaluated on the same physical hardware under identical
conditions. Numbers = task success rate (%). Best in bold, second underlined.

Task OpenVLA GR00T-N1.6 π0.5 PRIMEW0

Pick-and-place 39.1 75.3 81.4 93.7
Stacking 25.2 61.8 67.9 70.1
Cloth folding 4.6 21.2 85.4 89.1
Small obj. grasp 8.3 26.7 59.2 61.8
Assembly 1.4 22.1 51.8 75.9

Average 15.7 41.4 69.1 78.1

4.3 Temporal and Dynamic Behaviour Analysis

We quantify three behaviours that arise from the dynamics-aware components of PRIME W0 and were not
explicitly supervised with dedicated loss terms.

D1: Subgoal-frame predictive alignment. Wemeasure the visual alignment between the WM-predicted
subgoal image ô

(wm)
t and the ground-truth next observation ot via DINOv2 feature cosine similarity, and

correlate this with episode success. PRIME W0 achieves strong predictive alignment (Pearson r=0.79 be-
tween subgoal�target similarity and task success), while OpenVLA shows no meaningful correlation (r=0.09)
because it lacks a forward scene model. This indicates that WM subgoal quality directly modulates policy
reliability.

D2: Historical-context action smoothness. We compare action-jerk statistics with and without the
historical-frame encoder (section 3.6). Injecting Whist reduces normalised end-e�ector jerk by 34% on
LIBERO-Long and by 41% on cloth-folding real-robot trials, without degrading success rate. The historical
bridge supplies long-range temporal context to the ADM decoder, suppressing high-frequency action chatter
during multi-step manipulation.
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D3: MoE phase-aware expert routing. We analyse Adaptive MoE routing entropy across manipulation
phases (approach, contact, �ne adjustment, transfer). PRIME W0 exhibits clear phase-dependent expert
specialisation: routing entropy drops by 47% at contact onset relative to free-space motion, con�rming that
temporal gating (eq. (18)) activates distinct expert subsets as manipulation phase evolves. Baselines with
shared decoders show no signi�cant entropy change across phases.

Table 3: Temporalanddynamicbehaviourquantification. Higher is better for all metrics. r: Pearson correlation between
subgoal alignment and success. JR: jerk reduction (%) from historical encoding. PE: phase routing-entropy drop at
contact (%).

Method D1: subgoal-success r D2: JR (%) D3: PE (%)

OpenVLA 0.09 3.2 4.1
π0 0.14 8.7 9.3
Seer 0.22 11.4 12.6
PRIMEW0 0.79 34.0 47.0

Cross-attention analysis. �g. 4 shows that cross-attention from the ADM action expert to WM subgoal-
image tokens peaks during contact-establishment and placement phases, con�rming that forward scene pre-
dictions actively condition action generation at critical manipulation moments.
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Figure 4: ADM cross-attention to WM subgoal-image tokens across manipulation phases. Attention to WM-predicted
subgoal tokens peaks at contact-establishment and placement phases, con�rming that forward scene predictions ac-
tively condition manifold-constrained action generation during critical moments.

4.4 Ablation Studies

table 4 ablates each major component introduced in section 3.2, building cumulatively on an OpenVLA
backbone �ne-tuned on the same robot data.

Table 4: Component ablation. Each row adds one module on top of the previous variant. Metrics: LIBERO-Long
success (%) and real-robot average success (%).

Variant LIBERO-Long Real-robot

Base VLA (OpenVLA) 53.7 15.7

+ DAT & NTP (Stage 2) 61.2 22.4

+ ADM w/ isotropic noise 72.4 45.3

+ Adaptive MoE 81.6 58.2

+ Historical-frame encoder 88.3 64.7

+ WM subgoal injection (async) 93.5 71.4

+ Covariance-correlated noise 96.2 75.8

PRIMEW0 full (Stage 4 SFT) 98.6 78.1
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Key �ndings: (i) ADM and MoE. Replacing the autoregressive head with ADM and adding Adaptive MoE
yields the largest early gain (+20.4% on LIBERO-Long over Stage 2), validating manifold-constrained �ow
matching with phase-specialised experts. (ii) Temporal conditioning. The historical-frame encoder and WM
subgoal injection contribute complementary improvements (+6.7% and +5.2% on LIBERO-Long, respec-
tively): Whist stabilises past context, while ô

(wm)
t supplies forward dynamics anchors. (iii) Covariance noise

and SFT. Empirical covariance noise (+2.7% LIBERO-Long) and Stage 4 joint �ne-tuning (+2.4%) provide
consistent �nal gains, indicating that kinematic-structure-aware sampling and uni�ed optimisation of W,
VLM, and the action expert are both important for deployment-ready performance.

4.5 Scaling Analysis

As shown in �g. 5, PRIME W0 performance on LIBERO-Long scales monotonically with world-model
capacity, with the largest gain between Small (5M) and Base (50M) parameters (+5.9%). This suggests that
subgoal-image prediction quality is a key bottleneck: better video foundation models directly improve the
forward temporal anchors on which the VLM and ADM decoder rely, without increasing inference latency
thanks to asynchronous WM execution.
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Figure 5: Scaling with world-model capacity. LIBERO-Long success scales monotonically with WM size; the largest
gain is between 5M and 50M parameters (+5.9%). Better subgoal-image prediction directly bene�ts the asynchronous
WM→VLM→ADM pipeline.

5 Discussion

Why do temporal behaviours emerge? When the policy is conditioned on both historical tokens Whist

and WM-predicted subgoal images ô (wm)
t , the learned mapping π(At | ot, ℓ,Whist, ô

(wm)
t ) must remain con-

sistent across varying temporal contexts and forward scene predictions. This temporal consistency constraint
discourages memorising isolated observation�action pairs and encourages policies that track phase, anticipate
contact, and modulate motion dynamics. Behaviours such as subgoal-aligned control, reduced action jerk,
and phase-dependent MoE routing arise as e�cient solutions to this constrained learning problem rather than
from task-speci�c supervision.

Relationship to dynamics-aware manipulation. PRIME W0 represents a step toward dynamics-
grounded generalist manipulation: policies that reason about how scenes evolve rather than mapping static
appearances to actions. This is complementary to purely feed-forward VLAs and to methods that use world
models only as o�ine data generators. By injecting explicit subgoal images asynchronously, PRIME W0 re-
tains the interpretability of visual foresight while preserving real-time deployability�the WM branch overlaps
with current-frame processing rather than serialising inference.

Limitations.

1. Subgoal-image �delity : ADM and the VLM depend on W producing visually coherent subgoal frames.
For rapidly changing dynamics or scenes far from the WM training distribution, misaligned subgoals may
mislead the policy.
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2. Historical window length: the DINOv2 historical encoder captures a �xed temporal window τ ; very long-
horizon tasks may still require explicit memory mechanisms beyond cached frames.

3. MoE routing stability : although temporal gating mitigates expert collapse, extremely imbalanced task
distributions can still skew expert utilisation despite Lbal.

4. Tactile and force feedback : PRIME W0 infers dynamics from vision and proprioception only; integrating
wrist force-torque or tactile sensing could improve contact-rich manipulation.

Future directions. Promising extensions include end-to-end di�erentiable subgoal prediction, scaling WM
capacity with stronger video foundation models, combining Whist with learned episodic memory, and extend-
ing ADM to whole-body humanoid platforms where kinematic coupling is even more pronounced.

6 Conclusion

We introduced PRIME W0, a hierarchical conditional �ow-matching VLA that couples per-layer VLM
KV injection, asynchronous world-model subgoal-image prediction, historical-frame semantic bridging, and
Adaptive MoE / ADM action generation on a covariance-structured action manifold. A four-stage recipe
(�g. 2) progressively builds VLM grounding, DAT+NTP visuomotor competence on a ∼10,000-hour teleop
/ UMI / simulation mixture (�g. 3), a DiT-style �ow-matching action expert with frozen-backbone pre-
training, and end-to-end SFT. At inference, WM subgoal generation runs asynchronously from ot−1, so the
policy remains real-time while still conditioning on explicit forward scene priors.

PRIMEW0 achieves state-of-the-art results on LIBERO and an in-house real-robot suite. Ablations con�rm
that DAT+NTP, manifold-constrained �ow matching with correlation priors, WM subgoal injection, historical
bridging, and Adaptive MoE each contribute measurably to long-horizon and contact-rich performance. We
argue that closing the loop between semantic reasoning, dynamics foresight, and manifold-constrained control
is a promising path toward robotic policies that are simultaneously instruction-grounded, temporally coherent,
and physically legitimate.

Acknowledgements. We thank the Open X-Embodiment team for the robot demonstration dataset and
the open-source video foundation model community for pretrained world-model and vision encoders used in
our experiments.
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A WorldModel Architecture

Our world model Φwm is a conditional image/video generator trained on human-centric and robot manipula-
tion footage. At inference it takes the previous multi-view observation ot−1, optional proprioceptive history,
and language instruction ℓ, and predicts a subgoal RGB image ô

(wm)
t ∈ RH×W×3 at the current timestep

(eq. (12)). Architecturally, Φwm comprises a spatio-temporal VAE encoder�decoder paired with a compact
�ow-based denoiser (5M�300M parameters in our scaling study). The decoder outputs full visual frames
rather than abstract latent codes; frames are re-encoded by the shared vision encoder Eϕ before injection
into the VLM token sequence (eq. (14)). WM inference is launched asynchronously from ot−1 while ot is
captured and pre�lled, so end-to-end latency is approximately max(Twm, Tvision).
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B Historical Frame Encoder

The historical-frame encoder (section 3.6; hyperparameters in appendix B) uses a frozen DINOv2 backbone
Edino to extract patch features from {ot−τ , . . . ,ot−1}, followed by a two-layer projection with LayerNorm to
produce historical language tokensWhist (eq. (16)). We use τ=8 frames at the control frequency of the target
platform. The projection dimensions match the VLM embedding width (d=4096 in our implementation).
Only the projection layers are trained; DINOv2 weights remain frozen.

C AdaptiveMoE and ADMDecoder

Adaptive MoE. Each of the 6 ADM decoder layers hosts N=8 lightweight FFN experts with Top-K=2
activation. Selection and weighting are predicted by separate sub-networks (eqs. (19) and (20)) with gating
input constructed from the current token representation and aggregated history h̄t−τ :t−1 (eq. (18)). Load-
balancing loss Lbal uses αbal=0.01.

ADM �ow matching. The action expert is a 6-layer transformer (512-dim hidden state, 8 attention
heads) with per-layer cross-attention to VLM KV representations (eq. (29)). Demonstration covariance Σ̂a

is estimated o�ine from 1M action chunks and factorised via Cholesky decomposition (eq. (24)). Inference
uses 8-step Euler ODE integration from N (0, Σ̂a) with action horizon H=16 and execution window hexec=8.
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