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Abstract—Action-conditioned world models are useful for
embodied agents only when their predicted futures remain
controllable by actions and stable under long-horizon rollout.
We present SAMPO++, an embodied world model that treats
action-conditioned prediction as a scale-decoupled controlled
dynamical system rather than as conventional action-conditioned
video generation. SAMPO++ couples temporal autoregression
with scale-wise flow matching in a continuous latent pyramid. A
multi-scale temporal planner summarizes the latent history with
scale-matched recurrent states, allowing dynamics at different
resolutions to be conditioned by appropriate temporal contexts.
An Action-Controlled Velocity Field (ACVF) separates action-
free passive drift from action-induced residual dynamics, making
the action an explicit bounded control input to the flow velocity
instead of a passive conditioning token. To improve cross-
scale consistency and closed-loop stability, SAMPO++ further
uses Pyramid-Consistent RoPE (PC-RoPE) and rollout-aware
training, aligning scale-wise coordinates and exposing the model
to its own autoregressive prediction distribution during training.
Beyond standard perceptual metrics such as FVD, PSNR, SSIM,
and LPIPS, we evaluate world-model-native properties includ-
ing action alignment, counterfactual accuracy, no-op residual,
and rollout drift. We further study SAMPO++ as a learned
simulator for visual planning and policy-level evaluation, where
policies or action chunks can be rolled out and compared
before execution. Experiments across action-conditioned robotic
manipulation, visual planning, and model-based reinforcement
learning, together with action-free driving video prediction, show
that SAMPO++ improves visual prediction quality while provid-
ing stronger action alignment, counterfactual accuracy, no-op
residual suppression, and long-horizon rollout consistency over
strong discrete and continuous baselines. Videos and additional
details are available at project page.
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I. INTRODUCTION

ORLD models enable embodied agents to predict the

future consequences of their actions before acting in
the environment [1]-[3]. In robotics, visual planning, au-
tonomous driving, and model-based reinforcement learning,
such predictive models are expected to serve not only as high-
fidelity video generators but also as controllable transition
models that remain reliable over long horizons [4]-[8]. This
distinction is central: a plausible future video is not neces-
sarily a useful world-model rollout. For embodied decision
making, the predicted future must change consistently with
the executed action, preserve relevant objects and contacts,
and avoid compounding drift when predictions are fed back
autoregressively.

A reliable action-conditioned world model can also act as
a learned simulator. Given a policy or a set of candidate
action sequences, the model can roll out possible futures,
estimate task progress, and rank alternatives before physical
execution. This is particularly valuable when real-world trials
are expensive, unsafe, or slow. However, this simulator role
raises a stronger requirement than open-loop video prediction:
the rollout must remain action-sensitive, discriminative under
action replacement, and stable under feedback. A model that
produces visually plausible frames but ignores the action may
score well under perceptual metrics while being unusable for
policy evaluation or action-sequence selection.

Existing visual world models have made substantial
progress, yet their design often inherits assumptions from
video generation rather than controlled dynamics. Discrete
autoregressive models tokenize visual observations with VQ-
VAE or VQGAN codebooks [9], [10] and exploit Transformer-
based causal sequence modeling [11]-[13]. These models
provide a natural autoregressive interface, but quantization can
limit fine-grained fidelity and smooth physical evolution [14],
[15]. Continuous diffusion and flow-based models avoid code-
book artifacts and have achieved strong perceptual synthesis
quality [16]-[21]. However, high visual fidelity alone does
not guarantee action controllability: actions are often injected
through concatenation, cross-attention, or global modulation,
where they can be treated as weak conditions rather than as
control variables governing the transition dynamics [22], [23].

We argue that the main obstacle is not simply the choice
between discrete and continuous representations. The deeper
issue is that action-conditioned world models are frequently
optimized as conditional video generators rather than as con-
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Fig. 1: From action-conditioned video generation to controlled world modeling. (a) Standard action-conditioned video
models may fail as world models when actions are treated as passive conditions, multi-scale dynamics are collapsed into
a single recurrent state, or teacher-forced training drifts under autoregressive rollout. (b) SAMPO++ addresses these failure
modes with an Action-Controlled Velocity Field (ACVF), a multi-scale temporal planner, Pyramid-Consistent RoPE (PC-RoPE),
and rollout-aware training. (¢) We evaluate the resulting model not only by perceptual fidelity, but also by action alignment,
counterfactual accuracy, no-op residual, rollout drift, and policy-level evaluation inside the learned simulator.

trolled dynamical systems. This leads to three failure modes.
First, passive action conditioning can allow the model to
explain future frames from visual inertia and dataset priors
while ignoring the action. Second, single-scale temporal re-
currence asks one recurrent state to summarize global object
displacement, local contact dynamics, and high-frequency ap-
pearance changes, although these phenomena live at differ-
ent spatial scales. Third, teacher-forced training exposes the
model mainly to clean histories, whereas inference requires
closed-loop rollout on its own imperfect predictions, producing
distribution shift and long-horizon drift.

To address these limitations, we propose SAMPO++, an
action-controlled scale-wise flow model for embodied world
modeling. SAMPO++ combines temporal autoregression with
scale-wise flow matching in a continuous latent pyramid.
The temporal component provides an autoregressive recur-
rent interface, while the scale-wise flow component generates
continuous latent states without discrete codebook restriction.
Unlike standard hybrid AR-flow generators, SAMPO++ is
organized around a controlled-dynamics factorization: tempo-
ral history is summarized at multiple scales, and the current
action controls the generative velocity field through an explicit
residual transition.

Concretely, SAMPO++ introduces three design choices.
First, a multi-scale temporal planner reasons over the latent
pyramid and emits one scale-matched recurrent state per
resolution. This prevents the planner from relying only on the
finest scale and gives each flow stage a temporal context appro-
priate to its spatial resolution. Second, an Action-Controlled
Velocity Field decomposes the flow velocity into action-free
passive drift and action-induced residual dynamics. The resid-
ual branch is bounded, spatially masked, zero-initialized, and
trained with no-op and counterfactual objectives, so that the
action acts as an explicit control input rather than as a dec-

orative condition. Third, Pyramid-Consistent RoPE places to-
kens from different scales into a shared resolution-normalized
coordinate system with scale-specific frequency bands, while
rollout-aware training reduces the mismatch between teacher-
forced learning and closed-loop autoregressive inference.

These design choices make SAMPO++ suitable not only
for visual forecasting but also for policy-facing uses of world
models. During planning or policy evaluation, candidate action
sequences can be rolled out in the learned simulator and
scored by task progress, predicted state quality, or downstream
rewards. In this setting, action alignment and counterfactual
accuracy are not auxiliary diagnostics; they are prerequisites
for trusting the simulator’s ranking. No-op residual and rollout
drift further measure whether policy rollouts remain meaning-
ful as the model repeatedly conditions on its own predictions.

We evaluate SAMPO++ across robotic manipulation
datasets such as BAIR [24] and RoboNet [25], action-free
driving video prediction on Cityscapes [26] and OpenDV-
YouTube [27], visual planning on the VP2 benchmark [28],
and model-based reinforcement learning on Meta-World [29].
In addition to standard perceptual metrics, we introduce
world-model-native diagnostics that directly measure action
alignment, counterfactual accuracy, no-op residual, and long-
horizon rollout drift. We further evaluate whether the learned
rollouts can serve as a learned simulator for preliminary policy
screening and action-sequence comparison. These metrics are
essential because a visually plausible rollout can still be
useless for planning if it is insensitive to action or unstable
under feedback.

In summary, our contributions are as follows:

o We reframe action-conditioned world modeling as a
scale-decoupled action-controlled transition problem with
explicit closed-loop stability requirements, and instantiate
this view in SAMPO++, a continuous-latent framework
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that couples temporal autoregression with scale-wise flow
matching.

« We introduce a multi-scale temporal planner whose re-
current state spans the latent pyramid and provides scale-
matched temporal contexts for coarse-to-fine flow gener-
ation.

o We propose the Action-Controlled Velocity Field, which
separates passive drift from action-induced residual dy-
namics and trains the residual control branch with no-op
and counterfactual objectives.

« We develop Pyramid-Consistent RoPE and rollout-aware
training for cross-scale coordinate consistency and long-
horizon stability, and evaluate the model with both
perceptual metrics and world-model-native diagnostics
across robotics, action-free driving prediction, planning,
learned-simulator policy evaluation, and MBRL.

This paper substantially extends our preliminary conference
version [8]. The conference model performs discrete next-
scale prediction with motion prompts. In contrast, SAMPO++
moves the pipeline to continuous latent flow matching and
recasts the problem as controlled dynamics rather than discrete
token generation. It further replaces the single-state temporal
planner with a multi-scale planner, replaces affine action con-
ditioning with ACVF and its no-op/counterfactual objectives,
replaces scale-aware positional coding with PC-RoPE, and
addresses long-horizon drift with rollout-aware training instead
of relying on inference-time optical-flow rectification. We also
add world-model-native metrics, policy-evaluation diagnostics
for learned simulation, expanded long-horizon experiments,
revised ablations, and a public implementation with configura-
tion flags that preserve the conference model as a reproducible
baseline.

The remainder of this paper is organized as follows. Sec. II
reviews related work on autoregressive visual generation,
continuous flow-based modeling, and action-conditioned world
models. Sec. III presents the SAMPO++ framework. Sec. IV
reports experimental results and ablation studies. Sec. V con-
cludes the paper.

II. RELATED WORK
A. Autoregressive and Scale-wise Visual Generation

Autoregressive visual models compress images or videos
into latent tokens and predict them with causal sequence
models [9]-[12], [15]. Their causal factorization provides a
natural interface for long-horizon rollout, but conventional
raster-scan orderings are inefficient for images and ignore two-
dimensional spatial structure. Visual Autoregressive modeling
(VAR) [30] and our conference framework SAMPO [8] ad-
dress this by predicting visual representations scale by scale,
generating coarse structures before finer details. This next-
scale formulation shortens the effective sequence and better
matches the hierarchical organization of visual signals. A
limitation of many scale-wise autoregressive systems is their
reliance on discrete codebooks. Quantization can introduce
reconstruction artifacts and make smooth physical dynamics
harder to represent. Recent work has therefore explored con-
tinuous autoregressive generation, including MAR [31] and

FlowAR [32], which replace discrete token prediction with
continuous diffusion- or flow-style generation. We build on
this progress and do not claim novelty in simply removing
quantization. For SAMPO++, the continuous scale-wise back-
bone is a means to a different end: it enables actions to control
a smooth velocity field and allows temporal recurrence to
operate on continuous multi-scale states. Our contribution is
the controlled-dynamics design built on top of scale-wise con-
tinuous generation, rather than the continuous representation
alone.

B. Flow Matching and Continuous Latent Dynamics

Diffusion models and latent diffusion models learn contin-
uous generative processes by reversing a noising trajectory
and have achieved strong perceptual synthesis quality [16],
[17], [21], [33], [34]. Flow Matching (FM) and Rectified Flow
provide an alternative continuous formulation by learning a
velocity field that transports samples from a simple source
distribution to the data distribution [18], [19], [35]. These
objectives often support efficient deterministic sampling and
an ODE-based view of generation. Scalable interpolant and
flow-based Transformer variants further show that continuous
flow objectives can be combined with modern high-capacity
architectures [36], [37]. Recent hybrid models combine autore-
gressive structure with continuous generation. Transfusion [38]
and Show-o [39] study mixed discrete-continuous multimodal
modeling, while MAR [31] and FlowAR [32] use diffusion or
flow heads to generate continuous visual tokens under autore-
gressive conditioning. These methods establish that continuous
autoregression can be an effective image-generation paradigm.
The focus of SAMPO++ is orthogonal to image fidelity alone:
embodied world modeling requires a controllable transition
operator, action-sensitive dynamics, and stable closed-loop
rollout. We therefore use flow matching not merely as a better
decoder, but as a vehicle for an action-controlled velocity field
whose residual component is explicitly tied to the executed
action.

C. Action-Conditioned World Models for Policy Evaluation

World models learn predictive simulators that support plan-
ning and policy learning [1], [2]. Recurrent state-space models
such as Dreamer and its successors achieve high sample
efficiency in reinforcement learning by learning compact la-
tent dynamics [4], [5]. These methods show that learned
dynamics can improve decision making, but compact latent
reconstructions can be limiting for fine-grained manipulation
and visually grounded planning. More recent generative world
models use diffusion or Transformer backbones to synthesize
higher-fidelity futures. Genie and Genie-2 learn interactive
controllable environments from video [6], [40], while GameN-
Gen demonstrates that a diffusion model can operate as a
real-time game simulator [41]. These systems highlight the
promise of generative world models as interactive simulators.
A learned simulator becomes useful for policy evaluation
only if its rollouts are sensitive to the policy’s actions and
stable under repeated feedback. In policy screening, action-
sequence ranking, and model-based planning, the model must
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distinguish whether different candidate actions lead to differ-
ent task outcomes. A visually realistic rollout that ignores
the action can mis-rank policies, while a model that drifts
under autoregressive feedback can overestimate long-horizon
success. This motivates evaluating world models not only by
perceptual fidelity but also by action alignment, counterfactual
consistency, no-op stability, and rollout drift. SAMPO++ is
designed for this use case: candidate policies or action chunks
can be rolled out in the learned controllable simulator, and
their predicted futures can be compared before execution.
For embodied control, however, visual realism is insufficient.
Many action-conditioned video models inject actions through
concatenation, cross-attention, or global conditioning [22],
[23]. Such mechanisms can improve conditional generation
but do not by themselves ensure that the predicted transition is
causally aligned with the action, especially under long rollout.
In parallel, feature-space predictive approaches such as JEPA
reduce visual stochasticity by predicting abstract representa-
tions [42], [43], whereas full generative world models synthe-
size observable futures that are easier to inspect and use for
visual planning. SAMPO++ follows the generative direction
but places action controllability at the level of the transition
operator: the action modulates the flow velocity through a
bounded residual control branch on top of passive drift. Long-
horizon stability is another key challenge. Teacher-forced
training evaluates transitions from clean histories, whereas
deployment repeatedly conditions on generated states. This
mismatch can cause object disappearance, action drift, and
accumulated visual artifacts. Existing work often addresses
temporal consistency through stronger architectures, positional
encodings, or inference-time guidance. SAMPO++ instead
treats closed-loop stability as part of the training and repre-
sentation design: PC-RoPE aligns scale-wise coordinates in a
shared physical frame, while rollout-aware training exposes the
model to its own predicted histories. Together with ACVF and
world-model-native evaluation, this yields a framework aimed
at action-controllable and long-horizon-stable embodied world
modeling rather than only photorealistic video prediction.

III. METHODOLOGY
A. Problem Statement

We study action-conditioned world modeling for embodied
agents [1], [2], [5], [44]. Let o; denote the RGB observation
at video time ¢, and let a; denote the action executed between
time ¢ and time ¢ + 1. We use a next-state convention
throughout the paper: a; is the control input that induces the
transition from o, to o4y;. This convention matches policy-
facing use cases: a policy proposes an action, the world model
predicts the next state, and the policy can then be queried again
on the predicted observation.

SAMPO++ operates in a continuous pyramidal latent space
rather than directly in pixels [17], [31], [45]. Each observation
is encoded as

zZt = g(ot) = {Zf}fzh zf € RHSXWSXCS? (1)

where £ is the visual tokenizer, S is the number of spatial
scales, s = 1 denotes the coarsest scale, s = S denotes

the finest scale, and (Hg, Wy, Cs) are the spatial resolution
and channel dimension of scale s. When visual rollouts are
required, a decoder D maps the generated latent pyramid back
to the observation space. Unless otherwise stated, the tokenizer
is frozen during world-model training, which fixes the latent
state space and keeps the comparison with the conference
version controlled.

The transition model estimates the next latent pyramid under
the current action and the historical context:

po(zi | 257 a<). 2)

Equation (2) is the basic object used for open-loop future
prediction, visual planning, and closed-loop policy rollout [2],
[24], [44], [46]. When rewards or task-success labels are
available, they are predicted by a separate reward or success
head introduced in Sec. III-F; this head is used only for policy
scoring and is not part of the visual prediction objective.

This formulation exposes three requirements that are not
captured by perceptual video metrics alone [28], [47], [48].
First, the model must be action-sensitive: different actions
from the same state should lead to distinguishable futures.
Second, the model must be scale-aware: global displacement,
contact, articulation, and appearance residuals occur at dif-
ferent spatial frequencies. Third, the model must be stable
under closed-loop rollout: at inference time, it consumes its
own predictions rather than ground-truth histories. SAMPO++
addresses these requirements with a multi-scale temporal
planner, a scale-wise conditional flow renderer, an Action-
Controlled Velocity Field (ACVF), Pyramid-Consistent RoPE
(PC-ROPE), and rollout-aware training. Fig. 2 gives the overall
architecture.

B. Continuous Pyramidal Latent Representation

SAMPO++ represents each frame as a hierarchy of contin-
uous latent grids, following the scale-wise generative structure
of recent next-scale models [8], [30] while adapting it to
action-conditioned temporal dynamics. Coarse scales encode
global layout and large object displacement, whereas finer
scales preserve contact regions, local deformation, and appear-
ance details. We do not present the continuous latent space
itself as the sole novelty of SAMPO++; rather, it provides the
differentiable state space on which controlled flow dynamics
can be defined.

In practice, the visual tokenizer first maps an observation
to a base latent feature map f?. A pyramidal downsampling
operator constructs the scale hierarchy:

zf = f?, szl =P (z]), s=05,...,2, 3)

where P| compresses spatial resolution while preserving the
continuous channel representation. The inverse resizing oper-
ator Py is used only when a coarser latent is spatially aligned
as a condition for a finer-scale renderer.

Within a frame, the next latent pyramid is generated from
coarse to fine. We denote by

Z5 £ {Zﬁl}ii @)
the set of all coarser scales of the next frame that have
already been generated. The temporal planner produces one
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Fig. 2: Overview of SAMPO++. SAMPO++ encodes context observations into continuous latent pyramids, summarizes the
history with a multi-scale temporal planner, and generates the next frame from coarse to fine using action-controlled scale-wise

flow matching.

scale-matched recurrent state for each scale, and the renderer
factorizes the next-frame distribution as

{h{ +1}571 = (I)tlme(zl<f»¢1<t)
s Too(es. | 255 e )
Do (zt+1 |27, a<) = Hpe(zt_,_l | 2500, hig, ad),
s=1

where ®}™¢ is the temporal planner and hj, is the recurrent
state used by scale s of the next transition. The planner
summarizes the observation history and past actions only; the
current action a; is injected by the renderer through ACVE.
This separation avoids routing the current control command
through a passive history pathway and makes the role of the
current action explicit in the velocity field. During training, the
coarser-scale condition z=% can be taken from the encoded
ground truth or from scheduled generated latents. During
inference, the scales are always generated recursively from
s=1to S.

C. Action-Controlled Scale-Wise Flow Matching

SAMPO++ decomposes action-conditioned world model-
ing into two coupled components. The inter-frame tempo-
ral planner summarizes the multi-scale history into compact
scale-matched states. The intra-frame scale-wise flow renderer
transforms Gaussian noise into each latent scale under the
corresponding temporal state and current action. This sec-
tion introduces the planner and renderer before describing
the action-control parameterization used inside the velocity
network.

Multi-scale temporal planner. The planner receives the latent
history z1<f and the past action history a ;. Each latent map
is projected to a shared hidden dimension and augmented with
temporal, spatial, and scale information. A causal Transformer

processes the resulting sequence [11], and a scale-specific
readout extracts a compact recurrent state:

h;., = Readout, (®§™°(Embed(2L}, a,))), hi,, € R,

(6)
where D is the planner hidden dimension, Embed(-) denotes
the input embedding function, and Readouts is the scale-
specific readout for scale s. The state hy,, is intentionally
compact: it is a scale-matched recurrent summary rather than
a dense spatial planning map. This design keeps the temporal
planner efficient while avoiding a single global state for
all spatial frequencies; the subsequent flow renderer remains
responsible for spatially detailed generation.

To ensure that the planner state carries predictive infor-
mation before flow-based refinement, we use a lightweight
scale-specific prediction head. Because h;_ ; is a compact state
rather than a dense map, the head predicts a pooled latent target
instead of the full spatial grid. Let Pools(-) denote spatial
pooling followed by a projection to the planner dimension,
and define

z{,, = Pools(z{,,). (7
The auxiliary planning objective is
2= gs(hf+1)
®)

2
Lplan = Zas |Zt+1 Sg Zt+1)||2’

where z;,; € RP is the predicted pooled latent state, c; is the
loss weight for scale s, and sg(-) denotes stop-gradient. The
auxiliary loss in Eq. (8) does not ask the planner to synthesize
spatial details; it only encourages the compact state to encode
next-step temporal information before flow-based refinement.
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Scale-wise conditional flow renderer. For each scale s, the
renderer samples zj,; from Gaussian noise conditioned on
z51, hiyy, and a;. Let 7 € [0,1] denote flow time, which is
distinct from video time t. We define the noise endpoint xg,
the data endpoint 7, and the linear interpolation state as

xg ~N(,I), i =2] ,, =, =1—-71)z5+7x]. (9
The corresponding optimal-transport target velocity is
v9% = x] — x]. (10)

The neural velocity field at scale s is written as the probability-
flow ODE

s __ ,.8 S L. <S s
dxi = vy(xs, 75257, hi 1, a.)dT.

Y

The renderer is trained by the conditional flow-matching
regression objective [18], [19], [45], [49]

Lriow = Et,s,T,wo,acl [ws HU; (w:—7 T3 zfjp ;;_1’ at) - 0*78}’2]
(12)
where w, balances the contribution of different scales. The
conditioning variables are written explicitly to avoid ambiguity
between video time ¢, flow time 7 and scale index s.

D. Action-Controlled Velocity Field

Existing action-conditioned video models often inject the
action as a concatenated token, a cross-attention condition, or
an affine modulation [6], [7], [22], [23], [50]. These designs
are straightforward, but they do not explicitly separate action-
independent drift from action-induced change. In long rollouts,
passive conditioning can be diluted by visual context or can
globally perturb features unrelated to the executed action.
SAMPO++ instead parameterizes the velocity network with an
explicit passive branch and an action-residual branch, which
we call the Action-Controlled Velocity Field (ACVF).

We use the centered action a; = a; — ag, where ay is
the dataset-specific no-op command in the normalized action
space. For velocity or delta-pose control, ay is typically the
zero command. For datasets without an explicit no-op, we
estimate ax from stationary segments and otherwise disable
no-op-specific diagnostics.

For a hidden feature w at scale s and transition ¢t — ¢ + 1,
ACVF decomposes the predicted velocity into a passive branch
and an action-control residual:

V5 = Vnige (U5 Cog1,5) + 05415 © (1,6 © Ps(u, @),

passive branch action-control residual

13)
where c¢;41 s denotes action-free structural conditions, includ-
ing 2%, hy,,, and flow-time embeddings. The scalar 7, is a
learnable residual gate initialized at zero, 1,41, is a spatial
action-influence mask, and g, , is a bounded channel gain.
The passive branch can model action-independent dynamics,
such as inertia or background motion; the residual branch
captures the part of the velocity that depends on the current
control input.

The control residual is computed from the hidden feature
and the centered action:

® (u,a;) = W, (RMSNorm(u) © By (ay)),  (14)

where 9(-) is an action encoder satisfying /(0) = 0, B; is a
small-random-initialized scale-specific action basis, and W,
is a bias-free output projection. The channel gain and spatial
mask are

Gtt1,s = Tmax tanh(W  hi, ), (15)
my41,s = o (MLP([RMSNorm(u), hy4])),
where Ypax controls the maximum modulation amplitude, W,
is a learned projection, and o(-) is the sigmoid function. The
same passive/action split is applied to the final velocity predic-
tion head, so that vq,iry and Awy, are explicitly available for
no-op residual, counterfactual accuracy, and per-scale action-
energy diagnostics.

This construction differs from affine conditioning in three

concrete ways. First, the action contributes an additive residual
on top of an action-free branch rather than globally shifting
all features. Second, the residual is spatially localized and
scale-specific. Third, when a; = 0, the control residual is
structurally zero, while the passive branch may still predict
action-independent scene dynamics. This does not imply a
static transition under the no-op command; only the action-
induced residual is constrained to vanish.
Counterfactual action objective. To make the action pathway
predictive rather than merely correlational [28], [51], we add
a counterfactual action-discrimination objective. For each fac-
tual action a;, we sample a negative action a; from temporally
mismatched or in-batch actions. To avoid false negatives, we
keep the pair only when the action distance exceeds d,, and the
observed pooled latent displacement exceeds §.. The pooled
latent 27 is defined by the same pooling operator used in
Eq. (7). This validity mask is

(16)

15 = Ullar — aull2 > 0] 1[[12845 — 272 > 6] -
This mask avoids penalizing visually indistinguishable action
pairs or transitions with negligible observed motion. The ve-
locity induced by the factual action should match the observed
transition better than the velocity induced by a mismatched

action:

Lo=E [15,2 [0+ 03 @) = 0113 = w3 (-, a@0) v*"“Iiu :

a7
where p is a margin, and [-]; denotes the hinge function.
The dot notation in vj(-,a) means that the noisy state,
flow time, coarser-scale context, and planner state are kept
fixed while only the action input is replaced. In practice,
the counterfactual objective is applied mainly to coarse and
middle scales, where action-induced displacement and contact
dynamics are more reliable than high-frequency appearance
residuals. We later report the per-scale action energy Fq(a) =
lvg (-, @)—vi (-, az)|2 as a diagnostic for how strongly actions
alter the predicted velocity at each scale.

Although the no-op behavior is structurally encouraged by
centering the action at agy, real demonstrations may contain
near-null commands and small stationary segments rather
than exact no-op actions. When such reliable segments are
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available, we add a calibration term on the action-control
residual:
s
Luoop = Eren Y A0 (a3,

s=1

(18)

where N is the set of stationary or near-null-action segments.
For datasets without reliable null-action segments, we set
)\noop =0.

E. Pyramid-Consistent Coordinates & Rollout-Aware Training

Continuous latent autoregression is susceptible to accu-

mulated error: small deviations in early predictions become
part of the history for later predictions. SAMPO++ uses two
complementary mechanisms to reduce this effect. PC-RoPE
gives the latent pyramid a consistent coordinate system across
scales, and rollout-aware training exposes the model to its own
generated histories during training.
Pyramid-Consistent RoPE. A naive scale-aware RoPE can
be obtained by adding a scale index [52] to the usual time
and spatial rotations. This does not account for the fact
that one grid step at a 1 x 1 scale and one grid step at a
16 x 16 scale represent different physical displacements. PC-
ROPE instead places every token on a resolution-normalized
coordinate frame while also retaining an explicit scale rotation.
For a token at scale s and spatial index (h, w), the normalized
coordinate is

h+05 w+0.5 9
=|—— 0,1)“. 19
pS,hﬂ,U ( Hs ) Ws ) € [ ) ) ( )
The scale-specific frequency band is defined as:
Q, = MQ, (20)

where €2 is the base rotary frequency bank and M is a
scale-dependent frequency mask. Coarse scales keep low-
frequency channels, while finer scales progressively open
higher-frequency channels. For attention, query and key tokens
may come from different coordinates. Let the query coordinate
be (tq, Sq, hq, wy) and the key coordinate be (t, sk, hi, wy).
PC-RoPE applies

Q.,

q' = qR(ty)Rs(s) Ry (psq,hq,wq)’
Qs

k/ = th(tk)Rs(sk)Rp o (psk,hk,wk),

where R;, R, and Rg‘s are the temporal, scale, and spatial
rotary transforms, respectively. PC-RoPE therefore reuses the
standard rotary mechanism; the change is the coordinate and
frequency assignment, not the rotation itself. This coordinate
assignment reduces the ambiguity between scale identity and
physical displacement, which is especially important when
coarse states provide structural priors for fine-scale flow ren-
dering.

Rollout-aware training. The main source of long-horizon
drift is the mismatch between teacher-forced training and
autoregressive inference [53]-[56]. During training, the model
usually conditions on ground-truth histories; during inference,
it conditions on previously generated latents. To reduce this
mismatch, we use scheduled self-forcing. Let 2, denote a

2n

Algorithm 1 Action-Controlled Velocity Field (ACVF)

Require: wu: hidden feature, c;11: action-free condition,
h; 11: scale state, a;: action, ag: no-op action, s: scale
index
U,  RMSNorm(w) # Normalize feature
Varitt < [3p (Un; Cit1,5) # Passive drift
a; < a; — ag # Center action
bi s < Bs(ay) # Scale action basis
¢y s — Wo(u, @by s) # Control atom
gtJ’rl’s — Ymax tanh(Wyhj ) # Bounded gain
my 1,5 < o(MLP([u,, hi,])) # Spatial mask
Avetr = NsMpy1,s © (Gpp1,5 © @y ) # Action residual
V§ 4 Varift + AVetn1 # Compose velocity
return vj

Algorithm 2 SAMPO++ Action-Conditioned Rollout

Require: o;.7.: context observations, ar,.7.4+p—1: action
plan, &: encoder, D: decoder, N: ODE steps
H, «+ {E(0,) S} e | # Encode context
Hao < {a1.7,—1} # Initialize actions
for k=0,...,H—1do
t<—T.+k a;+ ar 4 # Current action
{h 1 }5_, + O§me(H,, H,) # Predict scale states
zt<+11 <+ O # Start pyramid
fors=1,...,5 do
x§ ~ N(0,I) # Sample prior
vy < ACVF(xf, 752557, hi 1, ar) # Build velocity

H. + HU{28} Ha + HoU{ar} # Update history
end for
or.4+1:1.40 < D(215 1.1, 4 py) # Decode rollout
return Or. i 1.7.+H

model-generated latent at video index 7 and 2 the correspond-
ing ground-truth latent. When constructing the history for a
later prediction, we replace part of the ground-truth history by
stopped-gradient model predictions:

20 =mpzl + (1 —m,)sg(2r), m, ~ Bernoulli(1 — pron),

(22)
where p,.)1 is annealed during training. Rollout-aware batches
are sampled with a fixed probability, and the truncated horizon
K is gradually increased, which limits the additional cost
relative to teacher-forced training. The resulting truncated
rollout loss is

K
Lron = Z Zwk,s |28k — Sg(zf+k)||; ;

=1s=1

(23)

where K is the truncated rollout horizon, and wy, s controls the
loss weight at horizon k and scale s. Stop-gradient is applied
only when generated latents are reused as historical context;
the current rollout prediction still receives gradients through
Lyon. In practice, the rollout loss is applied more strongly



JOURNAL OF KX CLASS FILES, VOL. XXX, NO. XXX, JUNE 2026

to coarse and middle scales, while fine-scale losses remain
dominated by the flow objective.

Optional optical-flow rectification. For comparison with
inference-time guidance methods, we retain optical-flow rec-
tification [57] as an optional diagnostic baseline. It steers the
sampling velocity toward a warped previous latent using an
externally estimated motion prior. We do not use it as the main
long-horizon mechanism because it requires a motion field for
a frame that is still being generated and relies on pixel-space
assumptions that may not align with latent dynamics. Our
main results therefore focus on rollout-aware training, with
rectification reported only as a controlled comparison.
Overall objective. The complete training objective is

L= EFlow + /\planﬁplan + /\cf['cf + Anoopﬁnoop + Arollﬁrolh

(24)
where Aplan, Act, Anoop, and Ao are scalar loss weights.
We set Anoop = O for datasets without reliable null-action
or stationary segments. Optional optical-flow rectification is
disabled unless explicitly stated. This separation keeps the
central training signals focused on flow matching, scale-
wise planning, action-discriminative control, no-op calibration
when available, and rollout consistency. Algorithm 1 summa-
rizes the ACVF computation, and Algorithm 2 summarizes
action-conditioned rollout.

FE. SAMPO++ as an Action-Controlled Neural Simulator

Beyond open-loop future prediction, the same transition
model can be used as a learned action-conditioned simulator
for closed-loop imagined execution. The goal is not to select
among multiple candidate policies at every step. Instead, a
policy is executed inside SAMPO++ over the full horizon: the
policy outputs one action chunk, the world model rolls out
the visual consequence of that chunk, and the last predicted
observation is fed back to the policy to produce the next
chunk. This chunk-level feedback loop matches how many
VLA policies are deployed [58]-[60], where a short action
segment is predicted from the current observation and the
policy is queried again after the segment is executed.

Fig. 3 illustrates this simulator use case. Let L denote the
action-chunk length and let K denote the number of chunks,
so that the imagined horizon contains H = KL low-level
action steps. We initialize the imagined trajectory with the
real observation, namely 6; = o; and 2; = £(o;). For chunk
indexn = 0,..., K—1, the VLA policy is queried on the latest
simulated observation and language instruction ¢ to produce
the next action chunk:

Qi ynlitt(ni1)L—1 ~ T (- | Otpnr, l), (25)

where @4 pr:+(nt1)—1 denotes the entire action segment
executed during the n-th imagined chunk. SAMPO++ then
applies its next-state transition model step by step inside the
chunk:

21:S ~1:8 ~
Ziinli41 = Rollouty (zSHnLJrj7 aHnLﬂ-) , 06)

~ ~1:8 .
OtynLtj+1 =D (Zt+nL+j+1) , J=0,...,L—1,

Current Observation O

Instruction

@@‘

Pred Obs. Okr(x o)

laction chunkaor ([
|

|
| Action Chunk arr . | g . - N

Fig. 3: Closed-loop imagined execution in SAMPO++. A
VLA policy predicts an action chunk, SAMPO++ rolls out
the corresponding future observations, and the last predicted
frame is fed back to the policy for the next chunk.

where hatted variables denote imagined quantities generated
by the simulator, and Rollouty denotes one application of the
transition model in Eq. (5). After the chunk is completed,
the last predicted observation O;y(,41)r becomes the new
policy input for the next chunk. Thus, errors in the generated
visual state can affect subsequent actions, making this setting a
closed-loop test of both the policy and the world model rather
than a teacher-forced video prediction task.

When task-level evaluation is desired, the imagined execu-
tion can be assigned a trajectory score [2], [46], [61] after the
rollout is completed:

lzyk 'R, (zm,f)] , 27)
where + is a discount factor and R, is a learned reward head
when dense rewards are available. For success-only tasks, Ry
can be replaced by a success/progress estimator Sy, or by a
task-specific progress function. These heads are trained only
when reward, success, or task-progress supervision is available
and are not required for visual prediction. If a downstream
policy also requires proprioception a separate proprioceptive
transition head @), (zt e ht 1, a;) predicts the next proprio-
ceptive state ¢, ; when such supervision is available.

This simulator view does not claim to replace real-
environment evaluation. Its role is to provide a closed-loop
imagined execution setting in which an entire action sequence
is generated and executed inside the learned world model
chunk by chunk. This use case directly motivates our action-
centric diagnostics: the model must remain action-sensitive
within each chunk, counterfactually discriminative across dif-
ferent actions, and stable when the last predicted observation
is repeatedly fed back to the policy.

IV. EXPERIMENTS AND ANALYSIS
A. Experimental Setup

Experimental goal. Our experiments are organized to test
whether SAMPO++ is merely a stronger video predictor or
an action-controlled world model (ACWM). We therefore
evaluate four complementary properties. First, the renderer
should preserve visual realism on standard video prediction
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TABLE I: Video prediction results on BAIR and RoboNet datasets. Following standard evaluation protocols, models are
tasked with predicting 15 future frames conditioned on a single context frame for the BAIR (1 — 15 frames), and 10 future
frames conditioned on two context frames for the RoboNet (2 — 10 frames). We evaluate the generation fidelity on both

datasets across 3 random seeds and report the mean and standard deviation.

@ 9

indicates values not reported in the original

papers. Note that LPIPS and SSIM are scaled by 100 for better readability.

BAIR [24] FVD| PSNR? SSIM?T LPIPS| ‘ RoboNet [25] FVD| PSNR? SSIM?T LPIPS|
action-free & 64 x64 resolution action-conditioned & 64X 64 resolution
FitVid [62] 93.6 - - - FitVid [62] 62.5 28.2 89.3 24
MCVD [63] 89.5 16.9 78.0 - SVG [64] 123.2 239 87.8 6.0
MAGVIT [14] 62.0 19.3 78.7 12.3 GHVAE [65] 95.2 247 89.1 3.6
iVideoGPT [7] 75.0 20.4 82.3 9.5 iVideoGPT [7] 63.2 27.8 90.6 4.9
SAMPO [8] 65.7 22.3 86.7 8.4 SAMPO [8] 57.1 29.3 94.1 33
SAMPO++ (Ours) ~ 59.4%1:5  23,1%0-2  885+04  72%0.1 | SAMPO++ (Ours) ~ 49.8%1:2  30.5%0:1  952+0.2 2 6+0-1
action-conditioned & 6464 resolution action-conditioned & 256 <256 resolution
iVideoGPT [7] 60.8 24.5 90.2 5.0 iVideoGPT [7] 197.9 23.8 80.8 14.7
SAMPO [8] 55.5 26.7 94.7 3.7 SAMPO-L [8] 175.3 253 84.7 12.3
SAMPO++ (Ours) ~ 47.6t1-8  279%0:3 96,103 3,101 | SAMPO++ (Ours) ~ 152.4%35 268102 875405  9g+0.3

TABLE II: Video prediction results on the 1X dataset. We
predict 10 future frames from 2 context frames.

1X WM [66] FvVD| PSNRT SSIMT  LPIPS|
Action-Conditioned (256 x 256)

iVideoGPT [7] 251.8 24.1 78.3 20.3

SAMPO [8] 227.1 25.7 80.3 18.7

SAMPO++ (Ours)  188.5 26.8 83.1 16.4

benchmarks. Second, the transition should be controlled by
the current action rather than by passive visual inertia. Third,
the learned dynamics should remain stable under long-horizon
autoregressive rollout. Fourth, the model should be useful
when queried as an imagined simulator for planning and policy
learning. Perceptual metrics are treated as a prerequisite; ac-
tion alignment, counterfactual discrimination, no-op stability,
rollout drift, and downstream control are the central evidence
for ACWM.

Datasets. We evaluate SAMPO++ across robotic manipu-
lation, embodied control, and action-free driving. (1) Robotic
manipulation. BAIR [24] provides stochastic pushing se-
quences with end-effector actions and is used to test short-
horizon action-conditioned dynamics. RoboNet [25] evaluates
cross-embodiment and cross-viewpoint generalization over
videos from multiple robotic platforms. The 1X World Model
dataset [66] stresses high-resolution generation in cluttered hu-
manoid teleoperation scenes. (2) Embodied control and pol-
icy learning. VP? [28] is used to evaluate whether the learned
predictor can support model-predictive visual planning, and
Meta-World [29] is used to test whether the world model
can provide useful imagined rollouts for downstream rein-
forcement learning. (3) Autonomous driving. Cityscapes [26]
and OpenDV-YouTube [27] are evaluated in an action-free
future prediction setting. These driving results are not used as
evidence for action controllability; instead, they test whether
the same visual dynamics prior remains stable in long-horizon,
high-motion outdoor scenes.

Pre-training data. SAMPO++ uses the same Open X-
Embodiment pre-training mixture as our conference version.

Concretely, the mixture contains 41 datasets and 1,407,330 tra-
jectories from Open X-Embodiment [67]. To avoid domination
by a few large datasets, we follow the same capped sampling
scheme used in the conference paper: high-resource datasets
are assigned a capped sampling weight, while low-resource
datasets are retained with non-zero weights. This detail is
important for reproducibility because the pre-training stage is
intended to provide a broad robot-manipulation visual prior
rather than an in-domain advantage for any single downstream
benchmark. Unless otherwise stated, all SAMPO++ variants
in the ablations use this identical Open X-Embodiment pre-
training mixture and differ only in the components being
tested.

Baselines. We compare SAMPO++ with representative dis-
crete and continuous world-model baselines. In the discrete
autoregressive regime, we include iVideoGPT [7] and the
conference version SAMPO [8]. In the continuous generative
regime, we compare with SyncVP [68] and STDiff [69]. For
reproduced baselines and our variants, we match the pre-
training and fine-tuning budgets whenever possible. For liter-
ature numbers that are not fully reproducible under our exact
pre-training mixture, we report the published setting and avoid
using them to support component-level claims. Component-
level conclusions are drawn from controlled variants of the
same SAMPO++ backbone.

Metrics. We report conventional perceptual metrics, in-
cluding FVD [47], PSNR [48], SSIM [70], and LPIPS [71].
These metrics evaluate visual realism and reconstruction qual-
ity, but they do not by themselves establish whether the
transition is controlled by action. We therefore additionally
report action-centric and rollout-centric diagnostics. Action
alignment (AAos) measures the cosine alignment between the
predicted controllable latent displacement and the ground-truth
latent transition. Counterfactual accuracy (CF Acc.) measures
the percentage of cases in which the factual action explains
the future better than a temporally mismatched action under
the same visual context. No-op residual (No-op Res.) mea-
sures the normalized magnitude of the action-control residual
under null or near-null commands, reported as a percentage.
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TABLE III: Long-horizon video prediction on BAIR and Cityscapes. We report standard long-horizon prediction and
extended prediction. BAIR evaluates action-conditioned robotic dynamics, while Cityscapes evaluates action-free outdoor visual
dynamics under large ego-motion. #T denotes the number of sampled trajectories used for evaluation. Following Tab. I, SSIM

and LPIPS are scaled by 100 for readability.

BAIR [24] #T  FVvD] SSIM{T  LPIPS| ‘ Cityscapes [26] #T  FvD]  SSIMt LPIPS])
Standard Prediction: 2 — 28 frames Standard Prediction: 2 — 28 frames
MCVD [72] 10 120.6 78.5 7.1 VDT [73] - 142.3 88.0 -
SAVP [74] 100 116.4 78.9 6.3 MCVD [72] 10 141.31 69.0 11.2
ExtDM-K4 [75] 100 102.8 81.4 6.9 ExtDM-K4 [75] 100 121.3 74.5 10.8
STDiff [69] 10 88.1 81.8 6.9 STDiff [69] 10 107.31 65.8 13.6
SyncVP [68] 10 63.6 80.5 7.5 SyncVP [68] 10 84.00 64.9 16.0
SAMPO [8] 10 65.7 86.7 59 SAMPO [8] 10 92.50 76.5 12.5
SAMPO++ (Ours) 10 52.5 88.5 4.6 SAMPO++ (Ours) 10 73.45 78.8 9.5
Extended Prediction: 2 — 48 frames Extended Prediction: 2 — 48 frames
SyncVP [68] 10 92.1 74.8 8.4 SyncVP [68] 10 165.80 56.5 19.2
SAMPO [8] 10 81.3 83.2 6.7 SAMPO [8] 10 145.60 68.0 15.6
SAMPO++ (Ours) 10 64.8 86.1 54 SAMPO++ (Ours) 10 11842 71.5 13.5

TABLE IV: Quantitative evaluation of visual planning efficacy on the control-centric VP? benchmark. We report the
downstream Task Success Rate (%) across eight distinct robotic manipulation tasks. Following standard protocol [7], [8], the
aggregated average performance (Avg. Success) explicitly excludes the “Flat Block” task due to its inherently low simulator
upper bound. All metrics represent the mean and standard deviation computed across 3 independent random seeds.

Robosuite Flat Open Open Blue Green Red Upright Avg.
Method /Task Push Block Drawer Slide Button Button Button Block Successt
Simulator 93.5512  133*00 767F00  71.7EM4 100.0%90 96.7F00 90.0%°C  90.0%°° | 100.0
FitVid [62] 67.7%64  92%28 953E82 35355 gqgE42  gq gESS 58 7E55 51 3E29 65.6
SVG’ [64] 79.8%33 g otl4 16782 §73%11.0  g73E27 g1 3E55 g6 E95 48 7EILL 72.5
MCVD [63] 773%21 404 117E4 183%N4 950F4T 83300 73 3E2T 567427 64.3
Struct-VRNN [76] 55.4%41  47#55  gg#42 o 7#6.9 g 7Ee2 g IS 30 7E42 33 3%27 442
iVideoGPT [7] 78.3%0:8 3307 37517 1gE2T  g5E21 gy 5E3A gy oEld gy gElT 70.1
SAMPO [8] 80.7t14  55%N2  403%23  183%33  973*LT  g53E33  gq 721 46 1%27 722
SAMPO++ (Ours)  86.2F'!  6.8%09 485%1° 324%21  985%05 91552 960!  64.5524 | 754

Drift; oo measures accumulated latent deviation during a 100-
step self-conditioned rollout. For downstream utility, we report
VP2 MPC success, policy-level agreement under closed-loop
imagined execution when available, and Meta-World success
curves. Quantitative results are averaged over multiple seeds;
standard deviations are reported for action-centric diagnostics
when repeated runs are available.

Implementation details. SAMPO++ uses the continuous
pyramidal tokenizer and the scale-wise flow renderer described
in Sec. III. The tokenizer and the temporal-transition backbone
are initialized from Open X-Embodiment pre-training, then
fine-tuned on each downstream benchmark. During controlled
ablations, the tokenizer, model size, action representation,
optimizer, fine-tuning budget, and evaluation protocol are kept
fixed; only the tested component is changed. We train on 8
NVIDIA A800 GPUs using AdamW with a base learning rate
of 1 x 1074, B; = 0.9, B2 = 0.999, a Sk-step linear warmup
followed by cosine decay, weight decay 0.01, and bfloat16
mixed precision.

B. High-Fidelity Video Prediction

Short-term prediction. We first evaluate whether the con-
tinuous scale-wise renderer preserves visual quality before
asking whether the dynamics are action controlled. Tab. I

reports BAIR and RoboNet results, and Tab. II evaluates
high-resolution humanoid manipulation. These results should
be interpreted as a visual-fidelity check rather than direct
evidence of ACWM: a model can look visually plausible
while still ignoring the action. As shown in Tab. I, SAMPO++
remains competitive across perceptual metrics. On RoboNet
at 256 x 256, it attains an FVD of 152.4, improving over the
discrete baseline SAMPO and i1VideoGPT. We attribute the
gain to continuous scale-wise flow matching, which avoids
the high-frequency flickering and texture loss often introduced
by codebook quantization. On the 1X World Model dataset,
SAMPO++ also improves FVD and LPIPS over iVideoGPT.
The key point is not that continuous latents alone solve world
modeling, but that they provide a cleaner state space for the
action-controlled dynamics introduced in Sec. III-D.

Long-term generation. Long-horizon autoregressive pre-
diction is a stronger stress test because errors compound over
generated frames. Tab. III evaluates both action-conditioned
robotic rollouts on BAIR and action-free outdoor rollouts on
Cityscapes under standard and extended horizons. On BAIR,
SAMPO++ improves the 2 — 28 and 2 — 48 FVD scores
over prior diffusion and autoregressive baselines, indicating
that the multi-scale planner and rollout-aware training reduce
accumulated drift when generated frames are fed back into
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Fig. 4: Model-based RL on Meta-World with SAMPO++. Left: Aggregated performance reports the Interquartile Mean
(IQM) and 95% confidence intervals over 30 runs (5 seeds x 6 tasks). Right: Task-specific learning curves show mean success
rates and 95% confidence intervals across 5 random seeds. Success is evaluated over 20 independent episodes per checkpoint.

the model. On Cityscapes, SAMPO++ also maintains stronger
long-horizon visual dynamics under ego-motion, which shows
that the learned visual dynamics prior remains stable even
without action supervision.

Generalization to autonomous driving. We next examine
action-free long-horizon video generation on autonomous-
driving data. Cityscapes and OpenDV-YouTube introduce large
camera motion, complex lighting, and moving agents, but
they do not provide the same action-supervised control sig-
nal as robotic manipulation datasets. We therefore use these
benchmarks to test the scalability of the visual dynamics prior
rather than to claim action controllability. The Cityscapes
results are reported in the right half of Tab. III; SAMPO++
improves long-term FVD and LPIPS under both horizons,
complementing the robotic experiments with an action-free
stress test of visual dynamics. Additional OpenDV-YouTube
videos and quantitative results are shown on the project page
to avoid diluting the main ACWM evidence chain.

C. Embodied Control & Policy Learning

Visual planning on VP2, VP? is designed as a control-
centric benchmark [28] for video prediction: the predictor is
queried through a single forward-prediction interface inside a
model-predictive controller. We follow the official VP? evalua-
tion code and task definitions, using the benchmark’s planning
interface and reporting MPC success rates. This setup is
stricter than open-loop video metrics because a visually plau-
sible but action-insensitive predictor cannot reliably choose
action sequences that accomplish the task. Tab. IV shows that
SAMPO++ improves average planning success, indicating that
the gains in action alignment and rollout stability translate into
downstream control.

Model-based RL on Meta-World. We also evaluate
whether SAMPO++ can support model-based policy learning.
Following the 1VideoGPT visual MBRL protocol [7], we use
Meta-World tasks with visual observations and train a DrQ-

v2-style actor-critic [77] while augmenting the replay buffer
with imagined rollouts from the learned world model. This
follows the MBPO-style decoupling [78] of model learning
and policy learning: the world model generates short synthetic
interaction segments, and the actor-critic is trained from a
mixture of real and imagined experience. We use the same
task set and evaluation convention as the 1VideoGPT protocol:
success is measured in the ground-truth Meta-World simulator
over held-out evaluation episodes, while the model is used
only to provide additional imagined rollouts during policy
optimization. For sparse or unstable task rewards, we use the
standard success-bonus shaping used in the prior protocol:

7 = sk + 10.0 - Tiask success- (28)

This experiment is an application-level utility check rather than
the primary evidence for ACWM,; the primary evidence re-
mains the action-centric metrics and the stepwise construction
study.

Fig. 4 shows that SAMPO++ improves both aggregate sam-
ple efficiency and task-wise learning stability. This does not
mean that SAMPO++ is an RL algorithm; rather, it indicates
that a more action-sensitive and rollout-stable world model
produces synthetic transitions that are less misleading for
downstream actor-critic learning. The Meta-World experiment
therefore complements the VP? planning results: VP? tests
model-predictive action selection with a fixed planner, whereas
Meta-World tests whether imagined rollouts remain useful
when repeatedly consumed by a learning policy.

D. Action-Controlled World Modeling

Perceptual prediction quality is necessary but insufficient
for embodied world modeling. A model can produce visually
plausible futures while still ignoring the action, collapsing
different controls to similar outcomes, or drifting when its
own predictions are fed back into the policy. We therefore
evaluate SAMPO++ with a world-model-native protocol that
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TABLE V: Stepwise construction of SAMPO++ as an action-controlled world model. Starting from a continuous scale-wise
renderer, we progressively add history modeling, explicit action control, action-level objectives, pyramid-consistent coordinates,
and rollout-aware training. AA is reported as cosine similarity, while CF Acc. and No-op Res. are reported as percentages.
Action-centric metrics are reported as mean with standard deviation over three random seeds.

Configuration ‘History Action Control Coordinates Rollout Training Objective ‘FVD4S 1 AAcos T CF Acc. (%)1 No-op Res. (%)] Driftioo 4 VP2 1
Continuous renderer single  passive cond. legacy teacher-forced - 92.5  0.50%00t  71,0%20 20.0%+1-0 0.74 72.0
+ temporal planner multi  passive cond. legacy teacher-forced - 84.0 0.57%0.02  750%10 17.0+1.0 0.62 73.2
+ ACVF multi ACVF legacy teacher-forced - 78.5  0.71F0.02  87,0%2:0 7.0%1:0 0.55 74.2
+ no-op calibration multi ACVF legacy teacher-forced Lnoop 76.8  0.73%0-01 g8 010 3.0%0:6 0.53 74.5
+ counterfactual action| multi ACVF legacy teacher-forced Luoop + Lt 742 0.78%002 93 ,0%1.0 3.0%0:5 0.50 74.9
+ PC-RoPE multi ACVF PC-ROPE teacher-forced Lnoop + Lef 69.0 0.79%0.01 93 %10 3.0%0:3 0.39 75.1
SAMPO++ multi ACVF PC-RoPE  rollout-aware Lnoop + Lot + Lronn| 648  0.8150:01  94,0%0:8 2.0%0:4 0.28 75.4

TABLE VI: Closed-loop policy execution inside SAMPO++.
Success rates are averaged over four SIMPLER WidowX
Bridge tasks with 200 evaluation episodes per task.

Policy | SAMPO++ SR + SIMPLER SRt |A| ]
7o [60] 62.0 66.0 4.0
OpenVLA [59] 475 45.0 25
Octo [58] 38.5 41.0 25

directly tests whether the latent dynamics are action-sensitive,
discriminative under action replacement, stable under null
commands, and robust under long-horizon self-conditioned
rollout.

World-model-native metrics. All action-centric diagnostics
are computed in the latent space used by the model before
RGB decoding. Let AZ%; s(a) denote the predicted pooled
latent displacement at scale s under action a, and let Az}
denote the corresponding ground-truth pooled displacement.
Action alignment measures whether the predicted transition
follows the factual transition direction:

AAcos =Ey s [cos (A%t’s(at), Az;s)] ) (29)

Counterfactual accuracy measures whether the factual action
predicts the target transition better than a mismatched action
under the same history, planner state, and sampling condition.
We first define the prediction errors under the factual and
mismatched actions as:

D;r = d(2t+1(at)7 Zt+1)7 D; = d(2t+1(&t)7 Zt+1)- (30)
The counterfactual accuracy is then

CF Acc. =100-E, [1(Df < Dy)]. (31

where d(-,-) is the latent distance used for evaluation and a;
is sampled from temporally mismatched action chunks. No-op
residual measures whether the action-control branch remains
quiet under null or near-null commands:

AV (s at)lb]

< (32)
[Vl +€

Noop Res. = 100 - Eiepn s [

Drift; 9o measures accumulated latent deviation over a 100-step
self-conditioned rollout:

100
. 1 . .
Driftioo = 705 > ||24% - zgkaQ. (33)
k=1

Thus, AA¢os and CF Acc. are better when higher, while No-
op Res. and Dirift;gy are better when lower. These metrics

Fig. 5: Counterfactual control visualization. The first row
shows the ground-truth future trajectory. The remaining three
rows show imagined rollouts generated by SAMPO++ under
the same initial observation but 3 different action chunks.

complement FVD and LPIPS: FVD measures perceptual real-
ism, whereas AA..s, CF Acc., No-op Res., and Drift;g test
whether the generated dynamics are action-sensitive, discrimi-
native under action replacement, stable under null commands,
and robust under self-conditioned rollout.

Tab. V summarizes these diagnostics under a stepwise
construction of SAMPO++. Each row adds one mechanism
from Sec. III, allowing the table to be read as a property-
level test rather than a generic module ablation. Starting
from a continuous scale-wise renderer, the multi-scale tem-
poral planner reduces Drift;og by maintaining separate his-
tory states for different spatial scales. ACVF substantially
improves AA.,s and CF Acc. by routing the current action
through an explicit residual velocity path. No-op calibration
directly suppresses unnecessary action-control residuals under
null or near-null commands, while the counterfactual action
objective further improves discrimination between factual and
mismatched actions. PC-RoPE mainly improves long-horizon
consistency by separating physical position, scale identity, and
rotary frequency. Finally, rollout-aware training replaces the
teacher-forced training interface with a self-conditioned one,
reducing rollout drift and improving downstream VP? success.
The final row improves not only FVD but also AA.s, CF
Acc., No-op Res., Drift;yg, and VP2 average success, which
is the key evidence that SAMPO++ moves beyond perceptual
prediction toward action-controlled world modeling.

Counterfactual control visualization. To make the action-
conditioned behavior of SAMPO++ visually interpretable, we
compare imagined futures generated from the same initial
observation history under different action chunks. As shown
in Fig. 5, the first row presents the ground-truth future trajec-
tory, while the remaining three rows show the corresponding
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Fig. 6: Closed-loop policy rollout inside SAMPO++. For
each example, the first row shows the ground-truth trajectory

and the second row shows the imagined rollout generated by
executing the VLA policy inside SAMPO++.

rollouts predicted by SAMPO++ when only the action chunk
is changed. The observation history and model state are
fixed across the three imagined branches, so the differences
across predicted futures reflect sensitivity to the action input
rather than stochastic variation in the context. SAMPO++
produces clearly distinct future evolutions for different action
chunks, indicating that the learned dynamics remain sensitive
to executed controls rather than collapsing to a single visually
plausible future. This qualitative evidence is consistent with
the AA s, CF Acc., No-op Res., and Drifty(g results reported
in Tab. V.

Closed-loop policy rollout inside ACWM. We next evalu-
ate the simulator use case described in Sec. III-F. We use four
SIMPLER WidowX Bridge tasks: widowx carrot on
plate, widowx put eggplant in basket, widowx
spoon on towel, and widowx stack cube. For each
VLA policy and each task, we run 200 evaluation episodes in
both SAMPO++ and the ground-truth SIMPLER [79] environ-
ment, using the same task instructions, initial-state distribution,
rollout horizon, and success predicate.

Inside SAMPO++, the policy is executed in a chunk-level
closed loop. Given the current simulated observation, the
policy predicts an action chunk; SAMPO++ rolls out the
corresponding future observations; the last predicted frame is
then fed back to the same policy to produce the next action
chunk. This differs from open-loop video prediction because
visual errors can change later policy inputs and compound into
action errors. Therefore, policy rollout inside SAMPO++ is a
stricter test of ACWM than per-frame prediction: the model
must remain action-sensitive within each chunk and stable
when its own predicted frames become future policy inputs.

Tab. VI compares the success rates obtained by executing
the same VLA policies inside SAMPO++ and in the ground-
truth SIMPLER environment. This experiment is not intended
to replace real-environment evaluation; instead, it tests whether
the learned world model preserves the relative outcomes
of different policies under closed-loop imagined execution.
SAMPO++ preserves the policy ordering observed in SIM-
PLER, yielding a Spearman rank correlation of p = 1.00
over the evaluated policies. The absolute success-rate errors
are small, with a mean error of 3.0 points and a maximum
error of 4.0 points across the three policies. These results
suggest that SAMPO++ has potential as a lightweight proxy
for preliminary policy screening before expensive environment

T=9  T=10 T=11

T=12  T=13 T=14 _ T:=15

BATR Robot Pushing

Open X-Embodiment
(Action-free, 64x64)

8 ' ‘ 7 1.' r i{% r
Fig. 7: Visualization on BAIR and Open X-Embodiment
datasets. Please zoom in to examine the visual details.

rollouts. Importantly, this policy-level agreement depends on
the same ACWM properties evaluated above: if the model ig-
nores actions, fails under null commands, or drifts under self-
conditioning, closed-loop policy outcomes quickly become
unreliable.

Closed-loop rollout visualization. Fig. 6 compares ground-
truth trajectories with closed-loop imagined rollouts produced
by executing a VLA policy inside SAMPO++. For each
example, the first row is the ground-truth trajectory and the
second row is the corresponding SAMPO++ rollout. Unlike
Fig. 5, which studies counterfactual action effects under a
fixed history, this figure emphasizes repeated policy—world-
model interaction: the policy consumes the latest simulated
frame, predicts an action chunk, and the last predicted frame
is fed back as the next policy input. This setting tests whether
SAMPO++ can maintain action-conditioned dynamics over
multiple closed-loop interaction cycles.

E. Qualitative Analysis & Visualization

To contextualize the quantitative results, we present qual-
itative rollouts across robotic manipulation, visual planning,
policy rollout, and driving. The paper includes representative
cases, while longer videos, additional tasks, and failure cases
are provided on the project page.! These visualizations are
not intended to replace the quantitative metrics; instead, they
illustrate the behaviors measured by our evaluation protocol,
including action sensitivity, object permanence, long-horizon
drift, and closed-loop feedback stability.

Robotic manipulation across resolutions. Fig. 7 shows
BAIR and Open X-Embodiment rollouts, demonstrating that
SAMPO++ preserves object motion and gripper-object inter-
actions at standard resolution. Fig. 9 shows high-resolution
RoboNet and 1X rollouts, where the model preserves fine
texture and object permanence in more cluttered scenes. These
visualizations support the perceptual results in Tab. I and
Tab. II, but they should be read together with the action-centric
metrics in Tab. V.

Action-conditioned rollouts for control. Fig. 10 visualizes
action-conditioned predictions on VP2, Because the same ac-
tion sequence is provided to the predictor and the ground-truth

Uhttps://sanmumumu.github.io/SAMPO_plus_plus/
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Fig. 8: Long-term video prediction on the Cityscapes dataset. We visualize three driving scenarios. SAMPO++ maintains
plausible scene dynamics and background structure over long rollouts despite ego-motion and large pixel displacement. These

action-free videos are used to evaluate visual-dynamics stability rather than action controllability.
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256x256)
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Fig. 9: Visualization on RoboNet and 1X World Model.
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Fig. 10: Visualization on the VP? benchmark. We show
representative RoboDesk and RoboSuite manipulation tasks,

where predicted rollouts are conditioned on the same action
sequences used by the planner.

SAMPO++

simulator, discrepancies reflect model errors rather than plan-
ner differences. The qualitative results show that SAMPO++
can preserve action-conditioned object motion over multiple
steps, which explains why the predictor can be used inside
MPC.

Action-free driving and project-page visualizations.
Fig. 8 visualizes Cityscapes long-horizon rollouts. These
videos demonstrate large-motion visual dynamics but are not
used as evidence for action controllability. Additional OpenDV
videos, no-op examples, counterfactual branches, Meta-World
rollouts, and failure cases are placed on the project page to
keep the main paper focused on the ACWM evidence chain.

V. CONCLUSION AND DISCUSSION

In this work, we revisit action-conditioned world modeling
from the perspective of controlled dynamics. Rather than
treating a world model as a conventional action-conditioned
video generator, we formulate it as a scale-decoupled transition
model whose predictions should remain sensitive to actions

and stable under autoregressive rollout. Based on this prin-
ciple, we present SAMPO++, a continuous-latent framework
that couples temporal autoregression with scale-wise flow
matching. A multi-scale temporal planner summarizes the
latent history with scale-matched recurrent states, an Action-
Controlled Velocity Field decomposes the generative velocity
into passive drift and bounded action-induced residual dy-
namics, and Pyramid-Consistent RoPE aligns tokens across
time, scale, and normalized spatial coordinates. Together with
rollout-aware training, these components aim to improve both
action controllability and long-horizon consistency. Experi-
ments across robotic manipulation, visual planning, model-
based reinforcement learning, and action-free driving video
prediction show that SAMPO++ improves perceptual predic-
tion quality while providing stronger evidence of world-model
utility through action-centric diagnostics. In particular, action
alignment, counterfactual accuracy, no-op stability, rollout
drift, and downstream control performance provide a more
direct assessment of whether the learned model behaves as
an action-controlled transition operator, rather than merely
producing visually plausible futures. Ablation studies further
show that the proposed planner, ACVF, PC-RoPE, and rollout-
aware training contribute to different aspects of controllability
and stability.
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