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ABSTRACT

World action models (WAMs) aim to answer a coupled physical question: given a
task instruction, what motion should the robot execute, and how will that motion
change the surrounding world? Most existing WAMs build on pretrained video
generators and represent world evolution through images or visual latents. Robotic
interaction, however, takes place in metric three-dimensional space, while images
are view-dependent projections whose pixel distances do not directly encode phys-
ical distances. We introduce UNITAS, to our knowledge the first 3D-native world
action model that unifies observations, actions, and scene dynamics in a shared
metric 3D frame within each interaction, using a common representation across
robot embodiments and human hands. Action flow represents human hands and
robot grippers as 3D point trajectories, while scene flow describes scene-point
displacements conditioned on these trajectories. World-aligned 3D positional em-
beddings ground visual tokens with or without depth input, and a physical-time
trajectory tokenizer encodes each point trajectory as one token anchored at its cur-
rent 3D position. This interface supports both direct action execution and action-
conditioned scene prediction. With 1.7B parameters, UNITAS achieves the best
action-conditioned scene prediction on RoboTwin among the compared methods,
with up to 49% lower displacement errors than PointWorld, and state-of-the-art
manipulation success, including 99.8% on LIBERO and an average of 85% across
real-world tasks. Code will be released upon acceptance.

1 INTRODUCTION

World Action Models (WAMs) aim to answer a coupled physical question: given a task instruction,
what motion should the robot execute, and how will that motion change the surrounding world?
Most existing WAMs couple action learning with prediction of future images or visual latents, in-
creasingly building on pretrained video models (Yang et al.,[2023; Li et al.,|2025b; |Zhu et al., 2025;
Cen et al., 20255 B1 et al., 2025} |Ye et al., 20265 |Yuan et al., 2026b; [Zhou et al.l 2026b). Robotic
interaction, however, takes place in metric three-dimensional space, and an image is only a view-
dependent projection of that space.

The same robot motion, object displacement, or contact event can produce different pixel changes
across views, and equal pixel displacements need not correspond to equal physical distances (Ze
et al., 2024} |Qu et al., [2025). Differences in camera intrinsics and camera-to-robot poses further
make this mapping vary across embodiments. Evaluations of video-based WAMs report sensitivity
to viewpoint and robot-state changes (Zhang et al.,|2026b)), and a photorealistic prediction may still
misrepresent object displacement, deform rigid geometry, or allow static regions to drift (Huang
et al.l|2026). Such visual representations leave metric motion and contact relationships implicit for
spatial reasoning, prediction, and control.

Recent methods incorporate depth, optical flow, scene flow, or reconstructed 4D geometry into pre-
diction (Zhen et al.| [2025; |Guo et al., 2026} |Zhao et al., [2026; Wang et al., [2026b)) or ground action
generation in explicit 3D structure (Shridhar et al., 2023} [Ze et al., 2024} |Zhen et al., 2024} |Qu
et al., 2025). Yet geometry often serves as an input cue or auxiliary prediction target, rather than a
shared interface for action generation and scene dynamics. PointWorld (Huang et al.| [2026) directly
predicts metric point flows conditioned on externally supplied robot motion, rather than generating
that motion from a task instruction. A 3D-native WAM should place observations, actions, and re-
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Figure 1: UNITAS is a 3D-native world action model. Observations, action flow, and scene flow
share a metric frame within each prediction window, with a common representation across embod-
iments. With 1.7B parameters, UNITAS achieves leading manipulation results among the compared
methods and predicts action-conditioned scene trajectories.

RoboTwin - lift pot LIBERO - place bow!

sulting scene changes in a shared metric frame, enabling task-conditioned behavior, consequence
prediction, and executable control.

We introduce UNITAS, UNIfied Trajectories for Action and Scene flow. To our knowledge, it is
the first 3D-native world action model that aligns observations, actions, and scene dynamics in a
shared metric frame within each prediction window, using a common representation across robot
embodiments and human hands, as illustrated in Fig. m

Realizing this 3D-native world action model presents three challenges. First, visual observations
must be grounded in metric space even when depth is unavailable. We propose world-aligned 3D
position embeddings derived from observed depth or learned weights over candidate positions along
calibrated camera rays. Second, human hands and robot grippers have different morphologies and
control interfaces. We propose action flow, which represents their motion as trajectories of corre-
sponding 3D points in the shared frame. Third, trajectories differ in frame rate and duration across
data sources. Representing each timestep as a token allocates backbone capacity across unequal
physical-time intervals. We propose a physical-time trajectory tokenizer, which aligns each trajec-
tory to elapsed time and encodes the whole trajectory as one token before the backbone. Scene flow
describes scene-point displacements decoded from trajectory tokens conditioned on action flow.

In the backbone, observation tokens are grounded in world coordinates, while action-flow tokens
across embodiments and scene-flow tokens are anchored at each point’s current 3D position, allow-
ing the network to model motion through features associated with fixed spatial anchors. Given the
instruction and current observations, a layer-coupled Mixture-of-Transformers jointly models point
trajectories and executable commands. This supports two modes: policy mode directly generates
executable actions, while simulator mode predicts scene changes conditioned on externally supplied
action flow. A causal attention mask enables key—value caching of shared context across denoising
steps, reducing repeated computation and accelerating inference.

We evaluate UNITAS on action-conditioned scene prediction and robotic manipulation. In simulator
mode, it leads the compared methods across all four RoboTwin scene-prediction metrics, reducing
Moving ADE, Moving FDE, and Static ADE by 35%, 21%, and 49%, respectively, relative to Point-
World (Huang et al.,[2026)). In policy mode, it achieves 99.8% success on LIBERO and outperforms
larger video-based WAMs on RoboTwin. It leads the compared methods in VLABench success rate
and progress score, and reaches 89.1% success on LIBERO-Plus with strong robustness to camera
and robot-state changes. Real-robot success reaches 90% on Organize Books and 80% on Pack the
Ball, exceeding both baselines. Ablations show that world-aligned visual grounding, action- and
scene-flow supervision, and motion history improve policy performance and robustness.
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Our contributions are:

* To our knowledge, UNITAS is the first 3D-native world action model that aligns observa-
tions, actions, and scene dynamics in a shared metric frame, using a common representation
across robot embodiments and human hands.

* Action flow represents human hands and robot grippers through point trajectories, while
scene flow represents the environmental response conditioned on that motion. Both policy
and simulator modes use this interface.

* World-aligned positional embeddings ground visual observations with or without depth,
and a physical-time trajectory tokenizer encodes each point trajectory as one token spatially
anchored at its current 3D position.

* With 1.7B parameters, UNITAS achieves leading action-conditioned scene prediction and
strong manipulation performance in simulation and on real hardware.

2 RELATED WORK

Video world-action modeling. Video-based policies use future prediction for control (Hu et al.,
2024), with early WAMs coupling prediction and action learning through shared representations and
generative objectives (Li et al.,[2025b; |Zhu et al.| 2025; |Cen et al., 2025} | Xu et al., [2025a)). Video-
generation priors subsequently support joint video—action learning and future-conditioned policies
(Liao et al., 2025} |Shen et al., 2025} B1 et al., [2025; |Kim et al., 2026; |L1 et al., [2026; [Wang et al.,
2026a), while heterogeneous robot and video-only data support cross-task and cross-embodiment
transfer (Ye et al.|[2026;Zhang et al.||2026a). Efficient variants omit future generation at deployment
or replace it with latent subgoals (Yuan et al., [2026b; |Chen et al., 2026a). These models primarily
represent world evolution in images or visual latents. Reported sensitivity to viewpoint and robot
initial-state changes (Zhang et al., 2026b;|[Hong et al., 2026) highlights the importance of grounding
perception, world evolution, and executable actions in a shared physical space.

Policy learning in 3D space. Explicit 3D representations improve spatial understanding for ma-
nipulation (Shridhar et al.| 2023} [Ze et all 2024} Zhen et al.| [2024; |Qu et al.| [2025). Geometry-
aware world models augment visual prediction with image-aligned geometric signals (Zhen et al.,
20255 |Guo et al., [2026} Zhao et al., |2026). In policy learning, LaMP (Wang et al., 2026b) and Ge-
omVLA (Xiong et al.||2026) use intermediate motion features from trajectory denoising to condition
action generation. PointWorld (Huang et al.,2026) follows the complementary direction, predicting
scene flow conditioned on robot motion for planning. UNITAS jointly models agent motion and its
conditional scene response through point flows, while supporting direct command execution without
generating scene flows.

Unified action representations for manipulation. Cross-embodiment learning must reconcile dif-
ferent morphologies and control interfaces (Chi et al.| [2024). Generalist policies use embodiment-
specific prompts, canonical state—action formats, and aligned end-effector conventions (Liu et al.,
2024; Zheng et al., [2025; |Yuan et al., |2026a}; Xiaomi Robotics Team et al., [2026). Point flows pro-
vide transferable motion targets across embodiments (Yuan et al., 2024} Bharadhwaj et al.| [2024; |Xu
et al., 2025b)), connecting object-motion prediction to control (Zhi et al., [2025; [Dharmarajan et al.,
2025)) and representing robot and object trajectories (Huang et al., [2026; [Lin et al., 2026)). UNITAS
unifies human-hand, robot-gripper, and scene trajectories with a shared physical-time tokenizer.

3 METHODOLOGY

We first revisit video-based world action modeling, then formulate UNITAS in a shared metric 3D
frame, as illustrated in Fig.
3.1 REVISITING VIDEO WORLD ACTION MODELS

Let o denote current image observations, ¢ the instruction, a1.z an action chunk, and v;.p future
images. Video-based WAMs represent future interactions through images or visual latents. For
models that condition actions on predicted futures, the action distribution can be written as

plaim | 0,0) = /p(vm | 0,0) p(ar.x | 0,4, v1.7) dvy.7. (1)
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Figure 2: UNITAS architecture and attention masks. Left: The point dynamics expert models
both action and scene flows, while the action expert generates the end-effector action chunk. Scene
flow generation is conditioned on clean demonstrated action flow during training and generated or
supplied action flow at inference. Right: Colored/white cells indicate allowed/blocked attention.
Policy-only inference omits both future action-flow and scene-flow tokens.

Future videos and actions may be generated jointly or sequentially. Fast-WAM (Yuan et al.| 2026b))
instead retains video co-training but omits future-video generation at inference:

p0(a1:H ‘ o, ‘g) = p@(ale ‘ Z(O, 6)) 5 L= »Cact + )\[’vid~ (2)
Its video backbone encodes the current observation and instruction into z (o, £) in one forward pass,

while the action expert still performs iterative denoising. This removes future-video sampling, but
the shared representation remains image-based, without an explicit metric 3D frame.

3.2 3D-NATIVE WORLD ACTION FORMULATION
At time t, context C comprises the instruction ¢, multi-view observations O; = {Ot,i}gv:“l, camera
calibration {K;, T% zszl, and historical action flow H 5. Here K, denotes camera intrinsics, and

Ttvz € SE(3) maps camera coordinates into the metric frame F W fixed within each prediction
window. Action prediction additionally uses the current end-effector state qg.

Given query points and future timestamps, we predict action flow A for the interacting body and
scene flow S for the environment, both as displacement trajectories in 7'"V. A separate action branch
predicts an executable end-effector action chunk u. Our model factorizes their joint distribution as

po(A,u,8 [ C,qo) = po(A [ C)po(u|C, qo)pe(S | A,C). 3)
Action flow and the action chunk can be sampled in parallel; scene prediction then conditions on
generated action flow A oran externally supplied trajectory Ay in simulator mode. Policy-only
execution evaluates only py(u | C, qp), omitting both point flows. The following sections describe
spatial grounding, the shared trajectory representation, and the coupled experts that implement these
factors.

3.3 WORLD-ALIGNED OBSERVATIONS

Frame alignment. Within each prediction window, observations, robot or human motion, and scene
trajectories share one fixed metric frame. Robot demonstrations use a robot-base or shared embod-
iment frame. Egocentric human demonstrations use the camera frame of the window anchor, held
fixed throughout the window. Appendix [AT]lists the dataset conventions.

World-aligned 3D position embedding. Each visual token receives a position embedding in the
world frame. For a view with valid depth, O, ; = (I;;, D, ;) contains the RGB image and the depth
along the optical axis. The vision encoder maps the image to a token grid F; ; = Ency;s(I; ;). We
back-project each pixel and transform it into world coordinates,

Pcamera,i(u7 ’U) — Dt,i (u’ U) K;l [u, v, 1]‘|'7 |:Pworldii (’lh ’U):| — T% [Pcamer?,i&h U)] . (4)
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Here, (u,v) denotes pixel-center coordinates, and the time index is omitted from the coordinate
maps. A fixed Fourier map v encodes the world position. Inside each patch, Encsp applies @/ and
projects the result to the visual-token dimension:

Epos,t7i = EnC3D (Pworld,i); Ft;i = Ft,i + Epos,t,i- (5)

Spatial grounding without observed depth. Without depth, the position embedding is computed
from a weighted combination of positional features along the camera ray. For a patch centered at
(u,v), we draw M = 64 depths uniformly from 0.1 to 2.0 m, back-project them by Eq. |4} and score
them with the patch feature f:

(qu)TWk'l:b (pcamcra,m) >
\/E ;

M
Eground == Wo Z amwvd’(pworld,m)-

m=1

Here f € R% is the patch feature and 9(-) € R%, with W, € R4 W, € R and
W, € R4 Keys encode camera-frame positions, and values encode the same candidates in the
world frame. Eground is added to the visual tokens in place of Epqs ¢ ; in Eq. |5} Where depth is
reliable, we use depth-derived embeddings and supervise the routing weights by matching Fourier
features:

N,
Lpg = g Erev,
i=1 2

Here V; contains regions with reliable depth in view 4, and sg denotes stop-gradient. Only valid-
depth pixels contribute to the target average. With this module, UNITAS pretrains jointly on RGB
and RGB-D data, and depth may be absent at inference. Appendix[B|evaluates the router when depth
is removed at test time.

oy, = softmax,, <

(6)

M 2

Z am’(/)(pworld,m) — 5g (Avg(u}y)en UJ(Pworld,i (’LL7 U)))

m=1

)

3.4 PHYSICAL-TIME POINT-FLOW REPRESENTATION

Action flow and scene flow. In the same world frame, action and scene flows describe displacement
from each query point’s current position.. F(?r query n at X;n, the target is {Axmk}f:l, with
AXp ;= X¢4r,,n — Xt,n. The elapsed time is 74, and point identity is preserved throughout the
trajectory.

For robots, we sample N, = 20 points from the URDF-defined gripper geometry of each arm
and retain their link-local coordinates. Forward kinematics maps these points into the world frame
at each recorded joint configuration, preserving correspondence through arm and finger motion.
Human demonstrations use 21 MANO-derived keypoints (Romero et al.l 2017) per observed hand.
Following PointWorld (Huang et al.| 2026)), we mask robot pixels using the URDF and current joint
state, back-project the remaining RGB-D pixels, and sample N, scene query points. Simulator
states supply ground-truth correspondences where available and scene-flow loss is applied only to
valid trajectories. At inference, scene prediction requires current 3D query coordinates from depth
or supplied geometry.

Physical-time trajectory tokenizer. To better align different trajectories within diverse datasets,
we encode time in seconds rather than frame indices, using 7, = k/f at sampling rate f. A fixed
basis ¢time Of 7/Tmax, With Ti,ax = 3's shared across datasets, gives equal elapsed times the same
features; history uses negative offsets. An input MLP maps each displacement to h,, j, and temporal
MLPs map @ime(7%) to FILM parameters (ay, by) for the encoder and the decoder. The encoder
pools the trajectory into one latent, and the decoder reads that latent back at a requested time:

H
1
Zn — 1 + aenc @ hn + be]’]C ,
Axp 5 = MLPoy [(1 4 af°) © 2, + bie] .

Padding is excluded from the sum. Action flow, scene flow, and history share this tokenizer, so each

point is one token regardless of trajectory length or sampling density. Flow tokens are anchored only

at current world-frame points: positional embeddings as in Eq. [5] are added throughout denoising.
i

Decoding gives Xt .n = X¢t.n+AXy, ;- Appendix gives the basis and the reconstruction stage.
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Figure 3: Shared point-flow representations across data sources. Left: gripper/hand trajectories

(purple) and scene trajectories (yellow—blue), with RGB insets. Right: RoboTwin end-effector XYZ
error (mm). Thick curves show exponential moving averages (EMA) of the thin curves.

3.5 MODEL ARCHITECTURE

Coupled experts. UNITAS uses a Mixture-of-Transformers (Liang et al., 2024) with two diffusion
transformers (Peebles & Xie, [2023): a point dynamics expert for action and scene flows, and an
action expert for the end-effector action chunk u. The point dynamics expert processes spatially
grounded primary-view VLM tokens, auxiliary-view features from the shared vision tower, and
historical and future flow latents. At each layer, the smaller action expert reads the dynamics expert’s
observation/language keys and values (KV), together with its own current-state and noisy command
tokens. It predicts relative end-effector translation, rotation, and gripper openness at each future
timestep.

Attention structure. Let O and H be the observation/language and history tokens, and let A,
Aclean, and S, be the noisy action-flow, clean action-flow, and noisy scene latents. The context
[O, H,] is bidirectional. Each action-flow group attends to this context and to itself. Scene tokens
attend to the context, to Acjean, and to one another, but not to A, so scene prediction conditions on
action flow without entering action-flow denoising. Action chunk tokens attend to the observation
KV, the current end-effector state, and one another. They do not attend to future action-flow or
scene-flow tokens, so policy-only inference can skip both future-flow branches, as shown in Fig. 2]

Training. We first train the trajectory tokenizer to reconstruct historical and future action flow and
available scene trajectories, then freeze it. Both experts learn through rectified flow (Liu et al.,
2022). For a clean target y, either a normalized trajectory latent or an action chunk, and noise
€ ~ N(0,I), we form y, = (1 — y)e + vy and regress y — €. Action flow and action chunk
share ~ but use independent noise, while scene flow draws 7, independently. During training, scene
prediction conditions on clean action-flow latents from demonstrations. The objective is

L= )\AﬁA + )\sﬁscene + Actrlﬁctrl + >\PE£’PE' (9)

The first three terms use mean squared error (MSE) losses to supervise action flow, scene flow, and
the action chunk, with Ap = A\; = A1 = 1. Lpg is Eq. [/} with Apg = 0.1. Each loss uses only
available annotations, with missing targets and absent arm slots masked.

Inference. Action flow and action chunk are denoised in parallel on one Euler schedule. Generated
action flow, or an externally supplied trajectory in simulator mode, then conditions scene denoising.
The context and clean action-flow keys and values are cached and reused across scene-denoising
steps. Policy-only execution keeps the observation and history context and denoises only u, skipping
both point dynamics branches. Appendix @ gives the schedule, widths, and optimization.

4 PoOLICY EVALUATION

Our policy evaluation tests whether representing interaction in a shared metric space supports ef-
fective robot control. We examine task completion across simulation benchmarks, robustness when
observations and initial states change, and execution on real-world robots.

4.1 EXPERIMENTAL SETUP

Training settings. We initialize the vision-language backbone from Florence-2 (Xiao et al.| 2023)
and randomly initialize all remaining components. We consider two training settings: (1) with pre-
training, UNITAS is pretrained on a mixture of real-robot, simulation, and human hand demonstra-
tions, then fine-tuned on each downstream benchmark or dataset; (2) without pretraining, UNITAS
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(w/o Pretrain) is fine-tuned directly on each target benchmark or dataset without the mixed-dataset
pretraining stage. More detailed training configurations are provided in the appendix.

Baselines. We compare against VLA policies (Zheng et al., [2025; [Sun et al.| [2026; Black et al.,
2024 Physical Intelligence et al.l 2025} [Yang et al.l [2026), video-based WAMs (Kim et al., [2026;
Liao et al 2025; Bi et al.l 2025; |Li et al., 20265 |Yuan et al., |2026b), and 3D-aware policies (Qu
et al.,[2025; [Wang et al.| |2026bj |Guo et al.,|2026; Zhou et al., [2026a)).

4.2 SIMULATION BENCHMARKS

We evaluate UNITAS on single-arm and bimanual manipulation benchmarks. LIBERO (Liu et al.|
2023)) includes Spatial, Object, Goal, and long-horizon LIBERO-10 suites; RoboTwin 2.0 (Chen
et al.,2025) covers 50 bimanual tasks under Clean and Randomized conditions. VLABench (Zhang
et al., [2024) tests object and instruction generalization across five tracks, measured by success rate
(SR), progress score (PS), and intention score (IS). LIBERO-Plus (Fei et al.,2025)) evaluates robust-
ness to seven types of observation, instruction, and initial-state perturbations. Detailed protocols
and per-task results are provided in the appendix.

Manipulation performance. Tab. [1| reports policy performance across the evaluated simulation
benchmarks. On LIBERO, UNITAS achieves a state-of-the-art average success rate of 99.8%, with
strong results on spatial and long-horizon tasks. Without mixed-dataset pretraining, it achieves
99.5%, also exceeding all baselines. On RoboTwin 2.0, UNITAS achieves 92.94% and 93.04%
under Clean and Randomized conditions, respectively. Its 1.7B model outperforms the compared
methods while using fewer parameters than Fast-WAM (6B) and Motus (8B). On VLABench, it
achieves 56.2% SR compared with 48.1% for 7 5, alongside a higher progress score.

Robustness to distribution shifts. As shown in Tab.[T} UNITAS achieves the highest overall success
rate of 89.1% on LIBERO-Plus. Appendix [C] reports the perturbation-wise results. Under camera
perturbations, it achieves 82.1%, compared with 75.8% for Cosmos Policy and 64.5% for LaMP.
Both training settings show strong viewpoint robustness, consistent with world-coordinate ground-
ing of visual observations.

Mixed-dataset pretraining improves overall success by 2.6 percentage points, with the largest gains
under robot initial-state changes from 84.8% to 94.2%, and language perturbations from 77.6% to
85.0%. These improvements suggest better generalization to changes in both physical configuration
and instruction phrasing. As illustrated in Fig.|3| adding other data sources while keeping the number
of RoboTwin samples per batch unchanged yields lower RoboTwin test XYZ error. Together, these
results support positive cross-dataset transfer under our unified modeling formulation.

Table 1: Policy performance (%, 7). Our 1.7B model is evaluated with and without mixed-dataset
pretraining. Bold and underlined scores denote the best and second-best results, respectively.
LIBERO-Plus ranks use one-decimal precision. Dashes denote unavailable results.

Params LIBERO LIBERO-Plus RoboTwin 2.0 ~VLABench

Method (B)

Spatial Object Goal 10 Avg. Overall Clean Rand. SR PS IS
VLA Policies
X-VLA 1.0 982 986 978 97.6 98.1 714 72.88 72.84 29.4 51.2 70.2
VLA-JEPA 2.0 962 99.6 972 958 97.2 77.9 - - - - -
0 3.0 96.8 98.8 958 852 94.15 53.6 65.92 58.40 29.4 44.1 55.0
0.5 3.0 98.8 982 98.0 924 969 85.7 82.74 76.76 48.1 62.3 64.9
ABot-M0O 4.0 98.8 99.8 99.0 96.6 98.6 80.5 80.42 81.16 - - -
Video-Based WAMs
Cosmos Policy 2.0 98.1 100.0 982 97.6 985 82.2 - - - - =
GE-Act 22 982 97.6 958 944 96.5 80.3 - - - - -
LingBot-VA 5.3 98.5 99.6 972 985 985 69.5 9293 9155 - - -
Fast-WAM 6.0 98.2 100.0 97.0 952 97.6 51.5 91.88 91.78 - - -
Motus 8.0 96.8 99.8 96.6 97.6 97.7 - 88.66 87.02 - - -
3D-Aware Policies
Spatial VLA 35 882 899 78.6 555 78.1 - - - - - -
LaMP 5.0 994 99.8 974 96.7 983 79.3 - - - - -
X-WAM 6.7 - - - - - - 898 907 - - -
Dex-BEV - 982 98.0 978 97.0 97.8 - 760 420 - - -
UNITAS (w/o Pretrain) 1.7 99.8 99.8 994 99.0 99.5 86.5 91.08 90.74 50.3 64.3 71.2
UNITAS 1.7 99.8 100.0 100.0 994 99.8 89.1 92.94 93.04 56.2 67.6 69.3
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Organize Books Table 2: Quantitative
= ' X ’ comparison results of real-robot
experiments (20 trials per task).

Organize Books

0.5 15720 (75%)
Fast-WAM 13/20 (65%)
UNITAS 18/20 (90%)
Pack the Ball
T0.5 11/20 (55%)
€ © Fast-WAM 12/20 (60%)
Figure 4: Qualitative real-robot rollouts on Organize Books and UNITAS 16/20 (80%)

Pack the Ball. Numbered keyframes show task progression
through precise placement and sequential manipulation.

4.3 REAL-WORLD EVALUATION

We evaluate two real-world tasks: Organize Books requires aligning books with shelf compartments,
while Pack the Ball requires placing a ball inside a bag and closing its zipper. We compare against
0.5 and Fast-WAM using 20 trials per method per task. As shown in Tab. [2] UNITAS achieves
90% and 80% success on the two tasks, respectively, outperforming both baselines. Fig. ] shows
representative executions.

4.4 ABLATION STUDY

We ablate visual 3D positional encoding, action-flow supervision, action-flow history tokens, and
scene-flow supervision on LIBERO-Plus without mixed-dataset pretraining. As shown in Tab.[3] the
first three ablations use a reference model without scene-flow supervision, which achieves 85.74%
overall success. Removing 3D positional encoding reduces success to 81.35%, with the largest drop
under camera perturbations, from 79.11% to 66.73%. This highlights the role of world-coordinate
grounding in relating visual observations to robot motion and improving generalization across cam-
era viewpoints.

Removing action-flow supervision reduces overall success to 78.89%, supporting the value of geo-
metric motion supervision for action learning. Removing action-flow history tokens reduces overall
success to 75.92%, with a drop of 19.87 percentage points under robot initial-state perturbations,
suggesting that recent motion provides useful context beyond the current state. Removing all three
components yields a VLA-style baseline with 67.58% success. Adding scene-flow supervision to the
reference model improves overall success from 85.74% to 86.47%, suggesting that future scene pre-
diction helps learn representations beneficial to action prediction, consistent with findings in other

WAMs (Yuan et al.,[2026b)).
5 ACTION-CONDITIONED WORLD MODELING

Evaluation setup. We evaluate action-conditioned scene prediction on held-out RoboTwin roll-
outs using matched initial observations and robot-motion conditions, with simulator states providing
ground-truth point trajectories. We compare against PointWorld (Huang et al.| 2026), which directly

predicts 3D trajectories, and video-based Ctrl-World 2025) and X-WAM

2026). Video predictions are lifted to 3D using SpatialTrackerV2 (Xiao et al. [2025)), with Depth
Anything 3 (Lin et al.,2025)) for Ctrl-World and native depth predictions for X-WAM. Both are cal-

Table 3: LIBERO-Plus ablations without mixed-dataset pretraining. Checkmarks indicate enabled
components. Success rates (%) are reported for each perturbation; Overall pools all 10,030 evalua-
tion episodes.

Components Perturbation Type Overall

Visual Action-flow History Scene-flow
3DPE Loss Tokens Loss Camera Robot Language Light Background Noise Layout

5047 5948 67.14 81.00 74.44 7470 71.80 67.58
66.73 7929 7521 94.57 92.19 84.13 84.46 81.35
75.05 76.13  66.17 90.72 87.45 86.45 7574 78.89
69.04 6471 7241 88.88 80.48 81.01 79.80 75.92
79.11 8458 77.10 96.32 94.42 89.07 85.05 85.74
v 81.86 84.84 77.62 96.67 94.42 89.82 85.11 86.47

SN
NN
SN
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Book extraction Drawer opening Bimanual lifting Object release Real-world transfer

Figure 5: Action-conditioned scene-flow predictions. Top: observed RGB images. Middle: ini-
tial point clouds. Bottom: predicted endpoint point clouds and scene trajectories (color gradient),
conditioned on recorded gripper trajectories (purple). Translucent robot meshes indicate the corre-
sponding poses.

ibrated using only initial-frame ground-truth depth. We report Moving ADE and FDE for trajectory
and endpoint accuracy, Static ADE for background drift, and Moving Acc@ lcm for the fraction of
moving-point predictions within 1 cm of ground truth. Detailed evaluation protocols are provided in

Appendix [F1]

Table 4: Action-conditioned scene prediction on RoboTwin. Errors are in cm ({); Acc@ lcm is in
% (7). DA3 and STv2 denote Depth Anything 3 and SpatialTrackerV2, respectively.

Method Moving ADE | Static ADE | Moving FDE | Moving Acc@lcm 1
PointWorld 0.656 0.084 1.050 88.22
Ctrl-World + DA3 + STv2 3.310 0.369 5.503 41.54
X-WAM + STv2 2.286 0.122 3.886 49.69
UNITAS 0.427 0.043 0.825 92.31

Action-conditioned scene prediction. UNITAS achieves the best results across all four metrics,
as shown in Tab. 4] reducing Moving ADE from 0.656 to 0.427 cm relative to PointWorld while
improving moving-point accuracy and reducing static-region drift. Fig. [5illustrates object motion
and resulting spatial configurations conditioned on gripper trajectories. The simulation examples use
training clips; the DROID example shows real-world scene prediction without real-world scene-flow
supervision.

Action—scene consistency. We test whether predicted scene changes agree with the consequences
of the model’s own actions on three RoboTwin tasks. UNITAS achieves the best consistency between
predicted scene evolution and executed actions among the compared WAMs. Appendix [F2]provides
the evaluation details and full results.

6 CONCLUSION

UNITAS advances a physical-space formulation of world action modeling: what the robot observes,
how it moves, and how the scene responds are expressed within a common metric reference. Making
interaction geometry an explicit prediction target connects world modeling with action learning and
provides a shared representation across differing embodiments and observation views. The strong
policy performance observed in simulation supports the value of this formulation for manipulation.
More broadly, this work positions physical interaction as a unifying basis for embodied learning,
with robot behavior and environmental change represented as complementary parts of the same
process. Extending this foundation to reliable prediction over longer interactions and broader real-
world deployment is a promising direction for general-purpose robot intelligence.
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A IMPLEMENTATION AND TRAINING DETAILS

A.1 DATA MIXTURE AND TEMPORAL SAMPLING

Heterogeneous data mixture. We pretrain on a mixture of nine data sources: RoboTwin (Chen
et al 2025), LIBERO (Liu et al.| [2023), VLABench 2024), DROID (Khazatsky
et al| 2024), AgiBot (AgiBot-World-Contributors et al.| 2025), RoboMIND (Wu et al., 2024),
RH20T (Fang et al., , VITRA (Li et al.,20254), and our self-collected W1 data. Fig.|6|shows
representative observations and aligned geometry.

RoboTwin VLABench
.» ~ é&\@ ) \ 1)
A '-/&I “’f;. "‘p
R . 2%
T -
=

LIBERO

2
.

AGIBot

RoboMIND

i

Single RGB camera - no scene depth

Figure 6: Representative observations and aligned geometry from pretraining data. Robot
panels show RGB, depth where available, and scene points with robot overlays. VITRA shows
egocentric RGB and hand landmarks.

Dataset-specific coordinate conventions. Robot data use a base or shared embodiment frame.
Where specified by the bimanual adapter, the origin is the arm-base midpoint, with orientation inher-
ited from the shared root or torso. W1 training coordinates are centered at the median end-effector
trajectory midpoint. For VITRA, source camera poses transform hand positions into the current
anchor’s camera frame, held fixed throughout the window, with (27, yar, 2ar) = (20, —Tc, —Yo)-

Temporal sampling. Tab. [5 reports the trajectory sampling settings of pretraining. The effective
sampling rate f accounts for temporal subsampling: H future intervals span H/ f seconds and yield
H + 1 coordinates including the current anchor. We observe slower robot motion in AgiBot and
RoboMIND and therefore subsample their 45-Hz trajectories with stride 3 (15 Hz). This extends
the physical time covered by each action chunk, bringing its spatial motion extent closer to that of
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chunks from the other datasets. VITRA uses 6 Hz for Ego4D, 8 Hz for EgoEx04D and Something-
Something V2, and 10 Hz for EPIC-KITCHENS. Hi,;st specifies the data history window.

Table 5: Pretraining trajectory sampling configuration. A and Hy;s count future and historical
intervals; duration is H/ f in seconds. H + 1 includes the current anchor.

Dataset Source fMHz) H Hpist Duration H +1
RoboTwin Simulation 15 20 20 1.33 21
LIBERO Simulation 20 20 20 1.00 21
VLABench Simulation 10 15 15 1.50 16
DROID Real robot 15 20 20 1.33 21
AgiBot Real robot 15 20 20 1.33 21
RoboMIND  Real robot 15 20 20 1.33 21
RH20T Real robot 20 20 20 1.00 21
W1-data Real robot 15 20 20 1.33 21
VITRA Human hand  6/8/10 10 10 10/ f 11

A.2 PHYSICAL-TIME TRAJECTORY TOKENIZER

The encoder and decoder are defined in Eq. equation [8] The temporal basis takes timestamps in
seconds on the shared scale T;,,x = 3s:

[¢time(7-)]j = SgH(T) sin

5 TIH ax

W’T

j/ds
’ j:O,...,dZ—:l, (10)

with latent dimension d, = 256. Future trajectories use positive offsets; history uses negative offsets
and displacements from past positions toward the current anchor. An input MLP produces h,, ;, from
Ax,, 1, and separate temporal MLPs produce the encoder and decoder FILM parameters.

Reconstruction training. We minimize squared Euclidean error over valid point—time pairs, av-
eraging the future and historical action losses and adding available scene reconstruction loss. The
trained tokenizer is frozen, and its latents are standardized with fixed channelwise training statistics
before world-action model training.

Spatial anchoring and query sets. The spatial anchor is separate from the displacement latent.
Pointwise Fourier features of x; ,, are projected to the point dynamics expert’s hidden dimension and
added to the trajectory token throughout denoising. Shared token processing and order-independent
attention masks make prediction permutation equivariant within each query type: reordering query
points and their noise tokens together reorders the outputs. Variable query counts support sparse
object-level prediction or denser scene coverage.

Held-out trajectory reconstruction. We evaluate the frozen tokenizer on 600 held-out trajectory
windows per source and trajectory type, none used for tokenizer training. Each point trajectory is
encoded into one token and decoded at its original physical timestamps. Tab. [] reports ADE, the
mean Euclidean error across future timesteps, and FDE, the error at the final timestep, averaged
over point trajectories. The millimeter-scale errors indicate that the tokenizer preserves motion
information across robot action flow, human-hand action flow, and scene flow in these samples.
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Table 6: Held-out trajectory reconstruction errors of the frozen tokenizer (mm).
Dashes indicate unavailable scene-flow ground truth.

Action flow Scene flow
Data source
ADE | FDE | ADE | FDE |

RoboTwin 1.96 4.62 1.01 2.32
LIBERO 2.54 6.05 0.78 1.56
VLABench 3.38 6.25 0.94 1.89
DROID 3.17 7.85 - -
AgiBot 2.26 4.62 - -
RoboMIND 3.48 7.60 - -
RH20T 3.16 491 - -
W1 1.70 3.33 - -
VITRA (human hand) 4.68 8.18 - -

A.3 ARCHITECTURE AND OPTIMIZATION

Tab. [/|summarizes the model configuration.

Table 7: Model architecture. Parameter counts include the frozen tokenizer.

Component Configuration Params. (M)
VLM Florence-2-large 570.7
Point dynamics expert 28 layers; width 1,280; 20 heads 826.3
Action expert 28 layers; width 640; 10 heads 256.0
Trajectory tokenizer Time-conditioned MLPs; latent dim. 256 1.9
Embeddings and projections ~ Spatial and modality interfaces 39.7
Total 1,694.5

Token structure and attention. The mask is specified in Sec.[3.5] The action expert has the same
depth as the dynamics expert and a smaller hidden dimension, with one noisy command token per
future timestep. Physical execution time 7 enters command tokens through FiLM, separately from
the denoising time.

Flow matching and inference. The interpolation and the loss weights are given in Sec. At
inference, action flow and commands use the same Euler schedule for 10 steps. Scene denoising
starts from independent noise.

Training configuration. We pretrain for 200K steps with a total batch size of 1,024 using AdamW.
The learning rates are 10~ for the point dynamics and action experts and 10~° for the VLM, with
weight decay 1078, We use constant learning rates after 1,000 steps of linear warmup. Training
uses 64 BW1000_H DCUs (64 GiB each) with FSDP.

Queries and objectives. Robot grippers use 20 query points sampled from URDF-defined gripper
geometry per arm; human hands use 21 MANO-derived keypoints per observed hand. Scene points
are voxelized and capped at 12,000 before random subsampling. The mixed-dataset run retains
1% (approximately 120 scene queries at the cap), with 5-mm voxels for the simulation datasets.
RGB inputs are resized to 224 x 224. The flow-matching weights are set in Sec. [3.5} unavailable
supervision is masked. This run uses a frustum-routing substitution probability of 0.1. Action
position coordinates are scaled by 10; rotation and gripper coordinates retain unit scale. Inference
uses 10 Euler steps for each active expert.

A.4 INFERENCE EFFICIENCY

We measure inference latency on a single NVIDIA GeForce RTX 5090 D. As shown in Tab.
UNITAS directly produces executable actions without generating action or scene flows in 55.77 ms
per chunk, providing a 2.20x speedup over jointly generating actions and action flow. With only
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1.7B parameters, this mode is 2.81 X faster than Fast-WAM without video generation and substan-
tially faster than the joint video—action baselines Fast-WAM (Yuan et al., [2026b) and Motus (B1
et al.| [2025), supporting low-latency robot control. In world-model mode, the number of scene
queries can be adjusted at inference to match the desired spatial sampling density and compute bud-
get. Reducing scene queries from 3,000 to 1,024 lowers joint prediction latency from 561.60 ms to
305.49 ms, allowing a flexible trade-off between scene coverage and inference cost.

Table 8: Inference efficiency on an RTX 5090 D. Latency is measured per prediction chunk; N,
denotes the number of scene queries.

Method / output mode Params (B) N,  Latency (ms)
Fast-WAM (w/o video) 6.0 - 156.81
Fast-WAM (joint) 6.0 - 579.79
Motus 8.0 - 2,414.90
UNITAS: actions only 1.7 - 55.77
UNITAS: actions + action flow 1.7 - 122.51
UNITAS: actions + both flows 1.7 1,024 305.49
UNITAS: actions + both flows 1.7 3,000 561.60

B SPATIAL GROUNDING WITHOUT DEPTH INPUT

Candidate depths, the router, and Lpg are defined in Sec. Egs. equation [f] and equation
During training, routed features occasionally replace depth-derived features on valid regions, with
the substitution rate reported in Appendix [A.3] This section evaluates the router when depth is
removed at test time.

B.1 EVALUATION WITHOUT DEPTH INPUT

We evaluate policy execution on LIBERO-Plus at 100K training steps, without mixed-dataset pre-
training or scene-flow supervision. Tab. [9]compares routed PE without depth input against ground-
truth depth PE using the same checkpoint, and includes the no-3D-PE baseline from Tab. 3| Camera
calibration and robot-state inputs remain available in all settings.

Table 9: Spatial grounding without depth input on LIBERO-Plus. Success rates (%, 1) over
10,030 episodes. Routed PE and ground-truth depth PE use the same checkpoint.

Visual spatial encoding Camera Robot Language Light Background Noise Layout Overall

No visual 3D PE 66.73 79.29 75.21 94.57 92.19 84.13 84.46 81.35
Routed PE (no depth) 83.74 179.61 74.30 91.68 84.20 9338 85.57 84.43
Ground-truth depth PE~ 84.37 79.68 74.24 91.94 85.13 93.88 85.18 84.68

Results. Without depth input, routed PE achieves 84.43% overall success, closely matching the
84.68% obtained with ground-truth depth PE. The gap of only 0.25 percentage points supports the
effectiveness of distilling depth-derived spatial information into RGB-conditioned positional fea-
tures, preserving policy performance when depth is unavailable at inference. Compared with re-
moving visual 3D PE, routed PE improves overall success by 3.08 points, with the largest gains
under camera-viewpoint perturbations and sensor noise.

C DEeTAILED LIBERO-PLUS RESULTS

For both training settings, we train UNITAS on standard LIBERO demonstrations and use the same
checkpoints as in the LIBERO evaluation to evaluate directly on LIBERO-Plus. No additional train-
ing or adaptation is performed on LIBERO-Plus; this is an out-of-distribution evaluation.
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Tab. [T0| breaks down success rates across all seven perturbation types in LIBERO-Plus (Fei et al.
2025); Tab. [I]reports overall success. The comparison additionally includes OpenVLA (Kim et al.|
2024)) and ABot-M0.5 (Chen et al., 2026b).

Table 10: LIBERO-Plus success rates (%, 1) across seven perturbation types. Robot denotes initial-
state perturbations.

Method Params (B) Camera Robot Language Light Background Noise Layout Overall
X-VLA 1 234 897 75.7 88.2 96.0 627 718 71.4
o 3 13.8 6.0 58.8 85.0 81.4 79.0 689  53.6
0.5 3 754 715 85.6 96.9 94.6 89.7 857 857
OpenVLA 7 0.8 35 23.0 8.1 34.8 152 285 15.6
Cosmos Policy 2 758 633 81.7 96.5 88.9 92.7 822 82.2
LingBot-VA 53 409  83.0 86.4 82.3 53.1 644 762 695
Fast-WAM 6 164 445 68.9 78.2 53.7 377 60.7 51.5
ABot-M0.5 6 70.5 874 88.6 94.0 89.7 75.5 852 834
LaMP 5 645  69.6 88.2 95.3 97.4 769 73.8 79.3
UNITAS (w/o Pretrain) 1.7 81.9 84.8 77.6 96.7 94 .4 89.8  85.1 86.5
UNITAS 1.7 82.1 942 85.0 98.1 96.3 845 877 89.1

D DETAILED VLABENCH RESULTS

Tab. fl;fl reports five evaluation tracks: in-distribution, cross-category, commonsense, semantic in-
struction, and unseen texture (Tracks 1, 2, 3, 4, and 6). The comparison additionally includes
7o-FAST (Pertsch et al.,[2025)).

Table 11: Detailed VLABench results (%). SR, PS, and IS denote success rate, progress score, and
intention score, respectively (all 7).

Method In-distribution Cross-category Commonsense

SR PS IS SR PS IS SR PS IS
0 47.0  62.7 67.8 212 336 440 291 430 549
mo-FAST 562  66.8 724 310 382 478 380 48.6 568
X-VLA 400 665 880 110 240 420 330 517 66.0
0.5 654 718 80.4 382 497 520 439 573 60.0
UNITAS (w/o Pretrain)  62.0  76.5 80.2 254 372 457 490 634 728
UNITAS 751  85.6 823 289 39.1 444 538 659 685
Method Semantic instruction Unseen texture Avg.

SR PS IS SR PS IS SR PS IS
o 17.3 387 58.0 322 425 506 294 441 550
mo-FAST 350 450 594 390 490 568 39.8 495 58.6
X-VLA 39.0 625 8.0 240 512 73.0 294 512 702
0.5 482 642 67.0 449 623 650 481 623 649
UNITAS (w/o Pretrain) 624  75.8 79.8 526 685 776 503 643 712
UNITAS 67.7 799 787 554 674 727 562 676 0693

E DETAILED ROBOTWIN RESULTS

Tab. [12] gives per-task results for both training settings in Tab. [T} Each setting contains 50 tasks with
100 evaluation episodes per task; averages weight all tasks equally.
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Table 12: Detailed RoboTwin 2.0 success rates (%, 1). Clean and Rand. denote demo_clean and
demo_randomized. All methods are evaluated over 100 episodes per task in each setting.

UNITAS

Task 0.5 Motus Fast-WAM (w/o Pretrain) UNITAS

Clean Rand. Clean Rand. Clean Rand. Clean Rand. Clean Rand.
Adjust Bottle 100 929 89 93 100 100 100 98 100 100
Beat Block Hammer 96 93 95 88 9 97 97 92 100 98
Blocks Ranking RGB 92 85 929 97 100 100 100 99 97 94
Blocks Ranking Size 49 26 75 63 94 98 91 83 78 82
Click Alarmclock 98 89 100 100 100 100 100 100 100 100
Click Bell 929 66 100 100 100 100 100 100 100 100
Dump Bin Bigbin 92 97 95 91 97 96 97 98 98 97
Grab Roller 100 100 100 100 100 100 100 100 100 100
Handover Block 66 57 86 73 95 81 88 74 96 84
Handover Mic 98 97 78 63 99 100 100 99 100 97
Hanging Mug 18 17 38 38 58 62 48 57 61 41
Lift Pot 96 85 96 99 100 100 98 99 929 929
Move Can Pot 51 55 34 74 90 88 97 100 94 96
Move Pillbottle Pad 84 61 93 96 100 99 99 99 93 98
Move Playingcard Away 96 84 100 96 100 100 98 100 100 100
Move Stapler Pad 56 42 83 85 77 64 54 50 79 78
Open Laptop 90 96 95 91 98 100 98 929 100 100
Open Microwave 34 77 95 91 62 45 96 86 74 80
Pick Diverse Bottles 81 71 90 91 80 85 84 81 86 88
Pick Dual Bottles 93 63 96 90 100 96 96 98 100 98
Place A2B Left 87 82 88 79 95 93 90 95 100 98
Place A2B Right 87 84 91 87 93 99 92 95 93 98
Place Bread Basket 77 64 91 94 91 93 95 98 95 91
Place Bread Skillet 85 66 86 83 90 93 87 95 89 86
Place Burger Fries 94 87 98 98 96 99 100 99 96 98
Place Can Basket 62 62 81 76 71 69 72 74 77 92
Place Cans Plasticbox 94 84 98 94 99 96 99 97 99 99
Place Container Plate 99 95 98 99 96 100 99 95 100 9
Place Dual Shoes 75 75 93 87 94 88 92 91 99 96
Place Empty Cup 100 929 929 98 100 100 100 100 100 100
Place Fan 87 85 91 87 96 96 89 92 90 94
Place Mouse Pad 60 39 66 68 83 89 89 92 91 87
Place Object Basket 80 76 81 87 89 88 79 94 94 91
Place Object Scale 86 80 88 85 90 97 91 94 91 91
Place Object Stand 91 85 98 97 90 94 92 88 97 97
Place Phone Stand 81 81 87 86 97 929 85 89 89 95
Place Shoe 92 93 929 97 96 99 97 97 100 98
Press Stapler 87 83 93 98 90 97 98 98 98 96
Put Bottles Dustbin 84 79 81 79 95 90 87 90 85 98
Put Object Cabinet 80 79 88 71 94 89 88 84 77 92
Rotate QR Code 89 87 89 73 93 89 91 91 92 92
Scan Object 72 65 67 66 89 92 87 92 97 96
Shake Bottle 9 97 100 97 100 100 100 97 100 99
Shake Bottle Horizontally 929 929 100 98 100 100 100 94 100 100
Stack Blocks Three 91 76 91 95 95 97 93 84 98 94
Stack Blocks Two 97 100 100 98 100 100 99 98 100 96
Stack Bowls Three 77 71 79 87 80 81 84 87 84 85
Stack Bowls Two 95 96 98 98 92 98 91 99 95 100
Stamp Seal 79 55 93 922 90 94 79 63 83 92
Turn Switch 62 54 84 78 61 59 68 63 83 72
Average 82.74 76776  88.66 87.02 91.88 91.78 91.08 90.74 9294  93.04

F WORLD MODEL EVALUATION DETAILS

F.1 ACTION-CONDITIONED SCENE PREDICTION

Evaluation protocol. Tab. [ evaluates 550 test clips from 50 RoboTwin tasks, with one Clean
and ten Randomized episodes per task. Each episode contributes a fixed window near its midpoint,
containing the current frame and 20 future recorded frames. Initial scene points are sampled with
a 1.5cm voxel grid. All methods share initial queries, point identities, ground-truth trajectories,
and robot-motion conditions. For video methods, queries are projected into the initial image us-
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ing camera calibration, accounting for resizing and cropping; only in-frame projections are tracked
by SpatialTrackerV2. Ctrl-World uses Depth Anything 3 depth, whereas X-WAM uses its native
depth predictions. Depth scale for Ctrl-World and inverse-depth affine calibration for X-WAM are
estimated from initial observed depth and fixed throughout the video. Tracked trajectories are trans-
formed into world coordinates, and their predicted displacements are anchored at the shared initial
queries. No future ground-truth depth or trajectories are used for alignment.

Scoring. In our evaluation, we label a point as moving when its maximum ground-truth displace-
ment from its initial position over the 20 future frames exceeds 1 cm, and as static otherwise. These
labels are fixed per clip and shared across methods. We score future frames 4, 8,12, 16, 20: ADE av-
erages Euclidean errors over valid point—frame pairs in each group, Moving FDE measures moving-
point error at frame 20, and Moving Acc@ lcm is the fraction of valid moving-point—frame pairs
with prediction error at most 1 cm. Metrics are first computed per clip, averaged within each task—
condition group, and then averaged equally across groups. Clips without valid moving points are
excluded only from the corresponding moving metrics.

F.2 CLOSED-LOOP ACTION—SCENE CONSISTENCY

We evaluate three RoboTwin tasks, Adjust Bottle, Beat Block Hammer, and Blocks Ranking RGB,
under Clean and Randomized conditions, yielding six settings. Each method is evaluated over 10 tri-
als per setting, for 60 trials in total. We compare with X-WAM (Guo et al.,2026), Fast-WAM (Yuan
et al.l 2026b), LingBot-VA (Li et al., [2026), and Motus (Bi et al., [2025). Each generated action
chunk is executed in the simulator, and the resulting observation conditions the next prediction.
Models retain their native prediction horizons and are scored at completed action boundaries until
termination. Fast-WAM executes all 32 actions rather than replanning after 24.

For UNITAS, the point dynamics expert generates an action flow, while the action expert separately
generates an executable command chunk from the same observation and instruction. The dynamics
expert then predicts scene-flow trajectories conditioned on its generated action flow. We compare
these predictions with the ground-truth scene trajectories resulting from executing the action expert’s
command chunk in the simulator.

Trajectory extraction and scoring. Ground-truth query points follow their simulator objects or
links. SpatialTrackerV2 lifts video predictions using X-WAM’s native depth or Depth Anything
3 estimates for RGB-only models, with initial-frame depth calibration and query anchoring. We
apply the 1 cm displacement threshold to label moving points within each scored chunk. Metrics are
averaged within rounds, then within episodes, across trials within each setting, and finally equally
across the six settings. Rounds without valid moving points are excluded only from moving-point
metrics; all episodes are retained regardless of task outcome.

Table 13: Closed-loop action—scene consistency on RoboTwin. Predictions are compared with
the scene evolution produced by executing the same model’s generated actions. Errors are in cm;
Moving Acc@lcm is in %.

Method Moving ADE | Static ADE | Moving FDE | Moving Acc@lcm 1
X-WAM + STv2 2.579 0.166 4.056 35.55
Fast-WAM + STv2 3.554 0.586 5.133 30.37
LingBot-VA + STv2 2.603 0.810 4716 33.64
Motus + STv2 3.216 0.318 6.778 35.66
UNITAS 1.211 0.054 2.020 64.26

These scores measure action—scene consistency along each model’s own rollout and include video-
to-3D reconstruction error for video-based methods. For UNITAS, agreement between predicted and
observed scene changes also provides indirect evidence that its generated action flow and executable
commands are consistent in their scene effects.
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G ADDITIONAL ACTION-CONDITIONED SCENE PREDICTIONS

G.1 SCENE PREDICTION IN SIMULATION

Figs. [THIO] extend Fig. [5 with 19 training clips, showing RGB, initial points, predicted flows, and
ground-truth flows. Purple denotes conditioning gripper motion. These examples illustrate learned
geometry rather than held-out accuracy. For denser visualization, we relax part-boundary and depth-
jump filters while retaining valid-depth and non-robot checks. Every displayed scene point is di-
rectly predicted; initial RGB colors are retained and unobserved surfaces are not synthesized.

Observation Initial Predicted scene GT scene
RGB point cloud + action flow + action flow

Insert the chrysanthemum into the vase_seen.

Hold the cylindrical kitchenpot with both arms

Figure 7: Additional scene-flow visualizations (1/4): insertion, extraction, bimanual lifting, and
block stacking.
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Observation Initial Predicted scene GT scene
RGB point cloud + action flow + action flow

Put the black bowl in the top drawer of the cabinet.

Pull the rectangular microwave's handle using the left arm. (articulated motion)
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Put the white mug on the plate.

Release the red playing-card box into the woven basket.
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Open the middle drawer of the cabinet. (articulated motion)

Figure 8: Additional scene-flow visualizations (2/4): bowl and mug placement, articulated motion,
and gravity-driven motion after object release.
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Observation Initial Predicted scene GT scene
RGB point cloud + action flow + action flow

Pick up the book and place it in the back compartment of the caddy.

»

Place the red block on the blue pad.

vy -

Put the black bowl on top of the cabinet.

Figure 9: Additional scene-flow visualizations (3/4): book, bottle, block, and bowl manipulation
across LIBERO and RoboTwin.
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Observation Initial Predicted scene GT scene
RGB point cloud + action flow + action flow

Put the white mug on the left plate.

Move the orange bottle toward the blue pad.

w .

n =4

‘ m -

Figure 10: Additional scene-flow visualizations (4/4): object placement, drawer opening and clos-
ing, and microwave opening.
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G.2 TRANSFER TO REAL-WORLD OBSERVATIONS

Fig. [[1] shows predictions on DROID and RH20T conditioned on ground-truth gripper trajectories.
Despite receiving scene-flow supervision only from simulation, UNITAS captures action-conditioned
scene changes in real environments outside this supervision distribution. These qualitative results
suggest that the learned interaction dynamics can transfer from simulation to real scenes.

Observation Initial Predicted midpoint Predicted endpoint
RGB point cloud + flows + flows

Lower the orange object into the metal pan.

2D R B

Lifw the grasped item toward the upper cabinet.

Move the yellow turtle toy away fro

m the shelf.

Figure 11: Zero-shot scene-flow predictions on real-world observations. The first four rows are
from DROID and the last is from RH20T. Columns show observed RGB, initial points, and predicted
midpoint and endpoint point clouds with scene trajectories (orange to purple) and ground-truth grip-
per trajectories used for conditioning (magenta). No scene-trajectory ground truth is shown.
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