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ABSTRACT

Action-conditioned world models for contact-rich manipulation require data that
captures how contact forms, slides, and releases under varying force. Such data
are slow to collect through robot teleoperation, which often lacks force feedback
and is constrained by gripper geometry. We ask whether these dynamics can in-
stead be learned from human physical interaction and transferred to a robot. We
present ACTS, a visuo-tactile world model trained only on human interaction data.
Operators manipulate handheld GelSight sensors while we record third-person
and wrist video, tactile images, 6-DoF sensor motion, and tactile-derived nor-
mal force, yielding React, a 4.9-hour bimanual dataset across three objects. We
represent actions at the tactile sensor as motion augmented by force change, pro-
viding a shared action space for human collection and robot execution. ACTS
jointly predicts future scene, wrist, and tactile observations. On held-out hu-
man data, ACTS improves scene-view prediction by 0.7–2.0 dB PSNR over the
stronger of two visuo-tactile world models trained from scratch on React. With-
out fine-tuning, in the robot teleoperation rollouts we inspected, predicted tactile
imprints still appear and disappear with recorded contact. Visual transfer is less
robust: camera predictions exceed frame copying on PushT, are mixed on Rope,
and fall below it on Motherboard, while wrist views can blur or hallucinate struc-
ture. These results suggest that contact dynamics transfer more reliably than vi-
sual appearance from human to robot. Project website and supplementary videos:
https://acts-anon.github.io/.

1 INTRODUCTION

Robot world models predict how candidate actions change future observations, supporting planning
and policy learning (Zhu et al., 2025; Hou et al., 2026). Contact-rich manipulation is difficult to
model because small changes in contact location and force can determine whether an object sticks,
slides, jams, or loses contact. Vision captures scene motion but often cannot resolve the local inter-
actions that cause it. Learning such dynamics therefore requires data spanning contact formation,
loading, sliding, and release under varied geometry and force. Collecting this interaction data is the
bottleneck we address.

Existing visuo-tactile world models are trained on robot interaction trajectories (Higuera et al., 2026;
Huang et al., 2026b), in one case combined with data from a handheld gripper (Zheng et al., 2026).
In parallel, robot-free interfaces such as UMI and TacUMI collect human demonstrations with hand-
held devices (Chi et al., 2024; Cheng et al., 2026). Robot teleoperation is slow for dense contact
exploration and typically provides limited force feedback (Tang et al., 2026), while handheld grip-
pers remove the robot but retain a fixed contact geometry. In both cases, actions are tied to the
collection device. We instead define motion and contact at the tactile sensor, where the same action
representation can be used by a human or a robot.

Human operators directly manipulate handheld GelSight sensors while we record 6-DoF sensor
poses together with synchronized visual and tactile observations. We represent each action by rel-
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Figure 1: Force-informed sensor actions. (a) Top: scene view, with the sensor of (b) boxed.
Estimated normal force f shifts the sensor target by kff ns along the gel normal, so each action
includes kf∆f ns (Eq. 3). (b) On a held-out PushT sequence, the force-conditioned model forms
the tactile imprint at contact, while the pose-only model does not. Tactile crops are shown at 2×
contrast.

ative sensor motion augmented with a force-informed displacement (Chen et al., 2025) along the
sensor normal, derived from tactile-estimated normal force (Fig. 1). This interface allows opera-
tors to vary contact location, orientation, and loading without a gripper constraining how the sensor
meets the object. Because the action is defined at the sensor rather than the hand that carries it,
human collection and robot execution share the same sensor-level action space.

We use these interactions to train ACTS, a visuo-tactile world model adapted from a pretrained
video model. Given observation history and sensor actions, ACTS jointly predicts future scene,
wrist, and tactile observations. Each action is provided both as force-informed motion in the local
sensor frame and as sensor geometry projected into the scene view. We collect React, 4.9 hours
of curated bimanual interaction with three objects, including multi-view video, two GelSight Mini
streams (Johnson & Adelson, 2009; Yuan et al., 2017), tracked sensor poses, and tactile-derived
normal force.

We train one model per object using only human data and evaluate zero-shot on robot teleoperation
with the same sensing devices. ACTS outperforms visuo-tactile world-model baselines on held-
out human scene prediction, while robot rollouts show that predicted tactile contact transitions can
transfer without robot-specific fine-tuning. Visual transfer is less robust, revealing a remaining gap
between human and robot appearance distributions.

Our contributions are:

• A sensor-level action representation that provides a common interface for human data collection
and robot execution.

• React, a 4.9-hour human visuo-tactile dataset with tracked sensor poses and tactile-derived nor-
mal force.1

• ACTS, a visuo-tactile world model trained only on human interaction data and evaluated zero-
shot on robot teleoperation.

2 RELATED WORK

World models for robot manipulation. World models learn action-conditioned dynamics for plan-
ning, simulation, policy learning, and evaluation (Hou et al., 2026; Wang et al., 2026). Visual-

1We will release the React dataset, trained models, and code upon acceptance.
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foresight methods planned through predicted image trajectories (Finn & Levine, 2017; Dasari et al.,
2020), and recent models build on pretrained visual representations and video generators (Zhou
et al., 2025; 2024; Zhu et al., 2025; Guo et al., 2026). These models learn from robot trajectories,
with actions given as end-effector motion, joint commands, or gripper states (Dasari et al., 2020;
Zhu et al., 2025; Guo et al., 2026), tying the learned dynamics to the robot that collected the data.

Visuo-tactile world models. Tactile sensing resolves contact that vision leaves ambiguous (Shan
et al., 2026), and several world models now predict tactile futures. VT-WM (Higuera et al., 2026)
jointly predicts visual and tactile latents for planning, ViTacWorld (Huang et al., 2026b) trains on
combined real and simulated data, and OmniVTA (Zheng et al., 2026) pairs short-horizon visuo-
tactile prediction with a contact-aware policy. ContactWorld (Zhang et al., 2026) compares visual
and tactile representations for predictive planning, FeelWorld (Ma et al., 2026) predicts contact state,
a force-related tactile latent, and slip, and Dream-Tac (Lou et al., 2026) and VT-WAM (Tian et al.,
2026) couple tactile prediction with action generation. These models learn from robot trajectories;
OmniVTA adds demonstrations from a handheld gripper (Cheng et al., 2026), so its actions remain
those of a gripper. ACTS learns from human interaction with bare sensors instead, with actions
defined at the tactile sensor so that the same representation describes a robot moving that sensor.

Visuo-tactile datasets. Visuo-tactile datasets record or simulate objects (Gao et al., 2022), human
touch in natural scenes (Yang et al., 2022), spatially aligned visual–tactile samples (Dou et al.,
2024), in-hand manipulation (Suresh et al., 2024), and data pooled across sensors (Zhao et al.,
2025). They broaden tactile coverage but generally do not provide the action supervision a world
model needs. Handheld collection systems do record actions: UMI (Chi et al., 2024) introduced
robot-free demonstration collection, FreeTacMan, exUMI, and TacUMI add tactile, force, and richer
motion sensing (Wu et al., 2026; Xu et al., 2025; Cheng et al., 2026), and MimicTouch (Yu et al.,
2025) records tactile demonstrations from the human hand. These systems target policy learning.
React instead pairs visual and tactile observations with sensor-level motion and normal force, the
supervision needed to train an action-conditioned world model.

3 DATASET

Human interaction data. React is collected by five operators performing bimanual interactions
with a motherboard, a T-shaped block (PushT), and a rope. Each operator holds two independently
movable devices, each equipped with a GelSight Mini vision-based tactile sensor (Yuan et al., 2017),
an OptiTrack marker assembly for 6-DoF pose tracking, and a local camera. Three fixed cameras
record the workspace (Fig. 4, Appendix A). Operators slide, pivot, push, and pull the objects while
varying contact location, orientation, and loading. The data cover making and breaking contact,
sticking, sliding, and object motion. Operators explore these contact conditions without pursuing a
prescribed task goal. After curation, the human dataset contains 4.91 hours of interaction across 187
segments from 60 source recordings.

Robot evaluation data. We collect a separate bimanual evaluation set with two YAM arms con-
trolled through GELLO teleoperation interfaces (Wu et al., 2024). Each arm carries the same hand-
held device used for human collection, with its GelSight Mini, marker assembly, and wrist camera,
so robot and human episodes share sensors and action construction. Teleoperators perform non-
prehensile manipulation with the same three objects. We record five one-minute episodes per object,
yielding 15 episodes and 15 minutes of robot interaction. The world model is trained only on human
interaction data; all robot episodes are held out for evaluation.

Post-processing. We align the visual, tactile, and pose streams by timestamp to a common 30 Hz
timeline and retain flags that distinguish new tactile captures from repeated frames. We remove
intervals with sensor freezes or tracking failures and divide the remaining data into contiguous valid
segments. Normal-force estimates derived from the tactile images are combined with the tracked
sensor motion to construct force-informed actions. Appendix A gives the alignment procedure,
force-estimation method, and dataset statistics.

4 METHOD

We propose ACTS (Fig. 2), an action-conditioned world model jointly predicting future scene video,
wrist views, and tactile observations from observation histories and actions for bimanual manipu-
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lation. We describe observation encoding and tokenization (Sec. 4.1), then force-aware sensor ac-
tions and view-aligned actions encoding contact-related motion and scene-view sensor geometry
(Sec. 4.2). We detail unified sequence construction with spatiotemporal alignment and full-window
action conditioning (Sec. 4.3), alongside the training objective and inference protocol (Sec. 4.4).

4.1 MULTIMODAL OBSERVATION REPRESENTATION

To capture manipulation from complementary perspectives, we jointly model scene video, wrist
views, and tactile observations in a shared latent prediction framework. We define the observation
streams as M = {V,WL,WR, TL, TR}, where V denotes the top-down scene RGB view, WL and
WR denote the left and right wrist-camera RGB views, and TL and TR denote the corresponding
GelSight observations. For each stream m ∈ M, let Xm

H and Xm
F denote its observed history and

future sequence, respectively. Given synchronized histories and action conditions A, our goal is to
model

pθ({Xm
F }m∈M | {Xm

H }m∈M,A) , (1)

where θ denotes the model’s trainable parameters.

To obtain compact representations while preserving temporal causality, we encode each observation
stream as

Zm = Em(Xm), m ∈ M, (2)

where Xm concatenates history Xm
H and future Xm

F in temporal order. The scene and two wrist-
camera streams share the pretrained Wan2.2 causal VAE encoder (Wan et al., 2025), while both
GelSight streams share a variant adapted to our visuo-tactile dataset.2 All encoders are frozen,
and observations are encoded offline. We partition Zm into history latents Zm

H and future latent
blocks Zm

F = (zm1 , . . . , zmQ ). We spatially patchify each latent block and linearly project the patches
into a common d-dimensional token space, adding learned stream embeddings to distinguish their
sources. Let emq,p ∈ Rd denote the token for patch p of future block q in stream m; history blocks
are tokenized identically. The scene and two wrist-camera streams share one input projection and
one output projection, while the two GelSight streams share a separate pair. The output projections
map hidden states back to the corresponding latent patch spaces.

4.2 ACTION REPRESENTATION

We connect motion, contact dynamics, and scene geometry through two complementary action rep-
resentations. Following the trajectory-conditioned setting of IRASim (Zhu et al., 2025) and Cos-
mos3 (NVIDIA, 2026), we provide both representations for both hands over the complete window,
collectively denoted by A, as clean conditions to every predicted observation block.

Force-aware sensor actions. Inspired by DexForce (Chen et al., 2025), we augment sensor-frame
translation with a force-dependent normal displacement to capture contact-loading changes beyond
observed motion. For hand h at frame t, let (Rh

t ,p
h
t ) denote the sensor pose and fh

t its estimated
normal force. We define

∆Rh
t = (Rh

t )
⊤Rh

t+1,

∆p̃h
t = (Rh

t )
⊤(ph

t+1 − ph
t ) + kf∆fh

t ns,

aht+1 = [∆p̃h
t ; Rot6D(∆Rh

t )] ∈ R9,

(3)

where ∆fh
t = fh

t+1 − fh
t , ns is the unit gel normal in sensor coordinates, kf = 0.5mm/N, and

Rot6D is the 6-D rotation encoding of Zhou et al. (2019).

View-aligned actions. Inspired by Action Images (Zhen et al., 2026), we encode sensor position and
orientation in the scene view using three sensor-fixed points: the gel center and offsets along the gel
normal and an in-plane axis. For each sensor h and frame t, camera calibration maps these points to
normalized pixel coordinates and camera-space depths, which we concatenate into uh

t ∈ R9. Depth
retains geometric information lost during projection. Appendix E details the force augmentation and
reference-point projection.

2Details of tactile VAE adaptation are provided in Appendix D.
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Figure 2: Overview of ACTS. Frozen encoders produce observation latents, whose spatial patches
are mapped to tokens by input projectors P in. A generator initialized from pretrained Cosmos3
weights jointly processes noisy future tokens conditioned on clean history, force-aware sensor ac-
tions, and view-aligned actions. Output projectors P out map target-token features to latent velocity
predictions. The scene and two wrist streams share the RGB projector pair (P in

V , P out
V ), while both

tactile streams share (P in
T , P out

T ). Sampling updates only future latents, which frozen decoders re-
construct into synchronized multimodal predictions.

4.3 MULTIMODAL SEQUENCE CONSTRUCTION

Sequence construction. To jointly predict future observations from history and actions, we pack
clean history tokens, action tokens, and noisy future target tokens from all streams into a single
sequence. We initialize the generator from pretrained Cosmos3 (NVIDIA, 2026) weights to adapt
its spatiotemporal representations to visuo-tactile prediction. To preserve conditioning information,
we corrupt only future target latents and apply noise-level embeddings only to their tokens.

Temporal alignment. To align observations and actions by physical time, we adopt Cosmos3’s
multimodal rotary position embedding (MRoPE) (NVIDIA, 2026), which encodes time, height, and
width in separate rotary dimensions. Each token is assigned a timestamp τi, where observation
tokens use latent-block endpoints, sensor-action tokens use transition endpoints, and view-aligned
action tokens use their corresponding frames. We map these timestamps to a shared temporal axis
using Cosmos3’s pretrained time scale, aligning streams in time while preserving spatial structure
within observations.

Attention mask. To predict observation dynamics under a known action trajectory, we allow all
tokens to access the complete action window while restricting attention to observation keys at the
same or earlier timestamps. We implement this through an additive attention mask:

Mij =

{
0, j ∈ IA or τj ≤ τi,

−∞, otherwise,
(4)

where i, j index query and key tokens within a sample, τi denotes token time, and IA contains
sensor-action and view-action token indices. Applied in every layer, this mask preserves temporal
ordering in direct observation attention while allowing same-time tokens to exchange information
across streams for joint prediction. To prevent ground-truth leakage, we additionally construct each
prediction prefix without later observation blocks or clean copies of the current target in Sec. 4.4.
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4.4 TRAINING AND INFERENCE

Training. To learn sequential dynamics across observation streams, we train ACTS with block-
wise teacher forcing. Each future block q is predicted from clean observation history, preceding
ground-truth future blocks, and the full action window, collectively denoted by Cq . Following Cos-
mos3 (NVIDIA, 2026), we use rectified flow matching (Lipman et al., 2023; Liu et al., 2023) with
noisy targets

z̃mq = (1− σ)zmq + σϵmq , ϵmq ∼ N (0, I), (5)

where m indexes observation streams and σ is the noise level. The model jointly predicts velocities
vm,∗
q = ϵmq − zmq by minimizing

L = E

 1

Q

Q∑
q=1

∑
m∈M

∥∥∥vmθ (Z̃q, Cq, σ)− vm,∗
q

∥∥∥2
2

Dz

 , (6)

where Z̃q collects the noisy target streams, Q is the number of future blocks, and Dz is the number
of scalar elements per stream’s latent block. Only current target tokens are corrupted and supervised.

Inference. To follow the sequential prediction process used during training, we generate future
latent blocks autoregressively within each prediction window. Each block is conditioned on the ob-
served history, previously generated blocks, and the complete action sequence. For the first block,
the observation context contains only the recorded history. We initialize the target latents of all
streams with independent Gaussian noise and jointly transform them into clean predictions by inte-
grating the learned velocity field, while keeping the conditioning tokens fixed. The completed block
is then appended as clean latent context for predicting the next block, replacing the ground-truth con-
text used during teacher forcing. This process proceeds entirely in latent space without intermediate
decoding. After all future blocks are generated, the corresponding decoders {Dm}m∈M reconstruct
the predicted latents into synchronized scene, wrist, and tactile observations. Appendix F provides
further training and inference details.

5 EXPERIMENTS

5.1 BASELINE MODELS

We compare ACTS with two action-conditioned visuo-tactile world models, training both from
scratch on React. Among recent visuo-tactile world models, only ContactWorld (Zhang et al.,
2026) and Dream-Tac (Lou et al., 2026) release training code; VT-WM (Higuera et al., 2026), Om-
niVTA (Zheng et al., 2026), ViTacWorld (Huang et al., 2026b), FeelWorld (Ma et al., 2026), and
VT-WAM (Tian et al., 2026) had not released model code at the time of writing. ContactWorld is
a decoder-free JEPA-style (Assran et al., 2023) model, which we train with its official code, adapted
to our observation and action spaces. VT-WM-style is our reimplementation of VT-WM, preserving
its autoregressive latent predictor and action conditioning while adapting its interfaces to our data.
We intended to compare with Dream-Tac but could not adapt it to React: it generates actions jointly
with future observations instead of conditioning on given actions, and its released code expects a
robot camera layout and proprioception that React lacks. Implementation details and deviations
appear in Appendices I and G.

5.2 EVALUATION METRICS

We compare ACTS with baseline models on future-frame prediction using held-out human record-
ings and zero-shot transfer to robot episodes.

Video Generation Metrics. Given eight observed frames (one for ContactWorld, its native context)
and recorded actions, each model predicts the next eight frames (0.53 s at 15 fps). We evaluate
only predicted frames, separately for the scene view, two wrist cameras, and two GelSight streams.
We report PSNR for pixel-level fidelity, SSIM (Wang et al., 2004) for structural similarity, and
LPIPS (Zhang et al., 2018) for perceptual distance. Higher PSNR and SSIM and lower LPIPS
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indicate better results. For both human and robot data, reference frames are decoded from ground-
truth latents using the frozen RGB and tactile VAEs. All comparisons use identical test windows
and seeds. Appendix B provides further details.

Robot Experiments. We apply models trained on human data to held-out robot episodes (Sec. 3)
without fine-tuning. Robot recordings are normalized to match the human data’s tactile color and
illumination and wrist-camera tone. Actions are constructed from OptiTrack sensor poses and
GelSight-estimated force following Sec. 4.2, as for the human data, rather than from robot joint
readings. Per-step translations from forward kinematics differ from the OptiTrack ones by a median
of 0.33 mm, about half the median per-step motion, so OptiTrack keeps robot actions consistent with
the human training data (Appendix B). We use the same eight-frame observation and prediction pro-
tocol on windows in which contact is made or broken, and report the same per-stream metrics.

6 RESULTS

6.1 IMPLEMENTATION DETAILS

We train ACTS separately per task with the same architecture and training recipe, initializing from
Cosmos3-Nano (NVIDIA, 2026). Observation VAEs and backbone weights remain frozen, while
45.3M parameters are trained through LoRA (Hu et al., 2022) and modality-specific interfaces. All
ACTS models are trained for 20 epochs on four NVIDIA H100 GPUs, with training, validation, and
test splits separated by source episode. Appendix F provides implementation and dataset details.

6.2 QUALITATIVE EXAMPLES

Fig. 3 shows a held-out PushT window in which the operator lifts the left sensor off the block; more
rollouts are on the project page. The recorded left imprint fades over t+1–t+3, and the predicted
imprint fades on the same frames. The block stays in place, and the scene and wrist predictions
remain consistent with the recording. Predicted imprints are slightly smoother than recorded ones,
which we attribute to the tactile VAE.

6.3 QUANTITATIVE RESULTS

Tab. 1 compares ACTS with a persistence baseline that repeats the last observed frame. ACTS
improves all camera streams by 1.0–4.6 dB PSNR, indicating that it captures scene motion and
wrist-camera ego-motion beyond temporal persistence. On the scene view, ACTS also outperforms
ContactWorld and VT-WM-style on all three objects in PSNR, SSIM, and LPIPS (Tab. 2).

Tactile scores require more careful interpretation. GelSight observations change only locally during
contact, so a copied frame already achieves high PSNR and SSIM over the short prediction horizon.
ACTS shows little consistent gain in full-frame tactile PSNR, although LPIPS improves on all tactile
streams. These metrics capture appearance, not whether contact is made or broken at the right time
(Sec. 7), so we also inspect rollouts. Appendix H ablates the force term in the sensor action (Eq. 3):
it changes camera-stream PSNR by at most 0.3 dB, never significantly, and tactile PSNR by at most
0.6 dB, yet in the window of Fig. 1b it decides whether an imprint forms when the sensor reaches
the block.

6.4 ZERO-SHOT TRANSFER TO ROBOT TELEOPERATION

Tab. 3 applies the same models, without fine-tuning, to held-out robot teleoperation, scored as in
Tab. 1 against VAE-reconstructed ground truth. Robot motion is slower than human manipulation,
so repeating the last frame is a stronger baseline than on human data. Transfer varies by object. On
PushT, ACTS improves all three camera streams in PSNR and SSIM, by up to 2.1 dB PSNR on the
scene view. On Rope, the results are mixed: scene PSNR rises by 0.7 dB while right-wrist PSNR
drops by 0.4 dB. On Motherboard, ACTS falls below frame copying on every camera stream. Likely
causes are its geometry, whose connectors, slots, and heat sinks put many fine edges in view, and
the robot wrist cameras, which record it darker than the human data. Across objects, the wrist views
degrade most: predictions are blurrier than on human data and sometimes contain object structure
absent from the recording. On the tactile streams, frame copying scores higher PSNR on five of the
six streams, by up to 2.1 dB, while ACTS scores lower LPIPS on five of the six.
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Figure 3: Qualitative results on a held-out PushT window. Given eight observed frames (left) and
the recorded sensor actions, ACTS predicts the next eight frames of the scene view, both wrist views,
and both GelSight streams. Ground truth in blue boxes, predictions in orange boxes. Videos and
results on all tasks: https://acts-anon.github.io/.
Table 1: Short-horizon prediction quality over 8 frames (0.53 s). Copy repeats the last observed
frame across the prediction window. ACTS consistently improves the camera streams, while high
temporal persistence makes full-frame tactile metrics less discriminative.

Video Wrist (L) Wrist (R) Tactile (L) Tactile (R)

Task Metric Copy Ours Copy Ours Copy Ours Copy Ours Copy Ours

Rope
PSNR↑ 25.10 28.92 17.66 22.30 19.66 23.70 44.74 46.08 46.46 46.51
SSIM↑ 0.848 0.907 0.657 0.769 0.704 0.796 0.986 0.988 0.990 0.990
LPIPS↓ 0.115 0.045 0.261 0.131 0.234 0.129 0.033 0.021 0.027 0.020

PushT
PSNR↑ 25.21 29.69 19.32 22.86 19.20 22.76 46.24 46.42 48.73 48.37
SSIM↑ 0.861 0.925 0.762 0.834 0.766 0.844 0.986 0.988 0.991 0.991
LPIPS↓ 0.103 0.038 0.176 0.097 0.194 0.111 0.027 0.022 0.016 0.015

Mother-
board

PSNR↑ 26.62 27.74 16.13 17.68 19.73 20.77 41.94 41.65 46.67 45.70
SSIM↑ 0.865 0.880 0.494 0.525 0.651 0.686 0.979 0.977 0.988 0.988
LPIPS↓ 0.065 0.046 0.307 0.258 0.188 0.162 0.043 0.041 0.031 0.029

Fig. 5 (Appendix C) shows a held-out robot PushT window in which the sensor breaks contact
with the block. The predicted left GelSight imprint fades within one frame of the recorded one,
and the scene prediction keeps the block in place. The left wrist view shows the failure described
above: the recorded view barely changes, while the predicted block face grows and shifts from
t+4 onward. Across the robot rollouts we inspected, including those on the project page, predicted
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Table 2: Scene-view prediction on held-out human data over 8 frames (0.53 s). Both baselines are
trained from scratch on React. Best results per object are shown in bold.

Task Model PSNR↑ SSIM↑ LPIPS↓

Rope
ContactWorld (2026) 26.03 0.846 0.164
VT-WM-style (2026) 28.05 0.8878 0.1118
Ours 28.92 0.907 0.045

PushT
ContactWorld (2026) 26.35 0.858 0.139
VT-WM-style (2026) 27.69 0.8916 0.1047
Ours 29.69 0.925 0.038

Motherboard
ContactWorld (2026) 25.85 0.835 0.120
VT-WM-style (2026) 27.01 0.8692 0.0837
Ours 27.74 0.880 0.046

Table 3: Zero-shot short-horizon prediction on robot teleoperation (8 frames, 0.53 s), scored against
VAE-reconstructed ground truth. Copy repeats the last observed frame; slow robot motion makes it
a strong baseline.

Video Wrist (L) Wrist (R) Tactile (L) Tactile (R)

Task Metric Copy Ours Copy Ours Copy Ours Copy Ours Copy Ours

Rope
PSNR↑ 31.57 32.31 27.29 27.88 27.70 27.28 42.74 42.56 44.73 44.65
SSIM↑ 0.944 0.942 0.827 0.845 0.838 0.856 0.980 0.980 0.986 0.986
LPIPS↓ 0.021 0.022 0.055 0.055 0.054 0.057 0.043 0.029 0.040 0.025

PushT
PSNR↑ 27.75 29.85 25.84 26.71 23.96 25.62 45.66 44.15 45.49 44.25
SSIM↑ 0.915 0.924 0.850 0.863 0.827 0.853 0.980 0.982 0.984 0.984
LPIPS↓ 0.035 0.030 0.044 0.048 0.064 0.053 0.031 0.024 0.040 0.032

Mother-
board

PSNR↑ 32.46 30.63 26.72 25.71 25.88 24.92 46.79 44.65 44.39 44.60
SSIM↑ 0.941 0.922 0.819 0.753 0.817 0.811 0.990 0.987 0.986 0.987
LPIPS↓ 0.015 0.024 0.050 0.073 0.052 0.059 0.016 0.023 0.035 0.025

imprints appear and disappear as contact is made and broken in the recording, even where the wrist
predictions degrade.

7 LIMITATIONS

Force estimation. The estimator predicts only normal force, which governs making and breaking
contact but not the shear that governs sliding. Its error of 0.318 N (6.4%) is measured on CNC
calibration data (Appendix A.3); the human recordings have no force ground truth, so its error
during manipulation is unmeasured.

Evaluation metrics. All streams are scored against VAE-reconstructed ground truth, so errors
shared by the model and the VAE go undetected. On GelSight images, full-frame metrics are dom-
inated by static gel and do not show whether contact is made or broken at the right time, which we
assess only qualitatively.

Motion capture. Sensor poses come from OptiTrack for both human collection and robot evalu-
ation, which confines React to one instrumented lab. Forward kinematics is not a substitute: its
per-step translations differ from OptiTrack by a median of 0.33 mm, about half the median per-step
motion and equal to the force term for a 0.66 N change (Appendix B). Robot data collection and
deployment therefore also need external tracking.

8 CONCLUSION

We presented ACTS, a visuo-tactile world model trained entirely on human physical interaction,
with actions defined at the tactile sensor as motion augmented with force change. It predicts the
scene view better than two visuo-tactile baselines on held-out human data, and on zero-shot robot
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teleoperation its tactile imprints track contact transitions while wrist views degrade. Improving
visual transfer and using ACTS for robot planning are future work.

ETHICS STATEMENT

React records five human operators who are members of the research team and gave informed con-
sent to the recording and release of the data. The third-person cameras capture the operators’ hands
and forearms, and no frame captures an operator’s face. The dataset contains no personal infor-
mation beyond these recordings. The objects are inanimate, and the robot experiments involve no
human subjects. We see no application of this work that raises concerns beyond those common to
robot manipulation research.

REPRODUCIBILITY STATEMENT

Appendix A describes data collection, stream alignment, curation, and normal-force estimation,
with dataset statistics in Tab. 4. Appendix F gives the model architecture, training hyperparameters,
data splits, and compute, and Appendix D the tactile VAE adaptation. Baseline configurations and
every deviation from the published models are listed in Appendices I and G. Evaluation protocol and
metrics are defined in Sec. 5.2, and all comparisons use identical test windows and seeds. We will
release the React dataset, the trained models, and the training and evaluation code upon acceptance.

USE OF GENERATIVE AI

In this work, we used generative AI tools (Claude, Anthropic) to provide feedback on experimen-
tal design, to help interpret results, and to help build the automatic pipeline that cleans and re-
formats raw recordings into the dataset. We did not use generative AI tools to generate synthetic
data, develop theoretical models or conceptual frameworks, propose or refine hypotheses, imple-
ment methods, or translate; formulating or proving mathematical claims and qualitative or thematic
data analysis are not applicable to this work. Additionally, we used generative AI tools to create or
edit software code, draft and edit parts of the paper, and identify and format references. We have
reviewed all AI-assisted work. Experimental changes suggested by the AI tool, such as additional
baselines and contact-timing metrics, were treated as proposals, and the authors decided which to
pursue. The curation pipeline applies fixed rules, removing intervals with camera freezes or invalid
pose tracking, and keeps the source-frame index of every aligned sample so that its output can be au-
dited against the raw recordings (Appendix A). Every description of a qualitative result was checked
against the corresponding figure by the authors, and every explanation of a quantitative result reflects
the authors’ own analysis. Bibliography entries added with AI assistance were retrieved from their
DOIs and checked against CrossRef, and no reference was written from the model’s memory. We
take responsibility for the final content of this work, including text, claims or artifacts produced with
the aid of generative AI.
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Figure 4: Human data collection setup. Left: the workspace and three fixed cameras. Top right:
the two handheld devices and their sensing hardware. Bottom: the motherboard, PushT block, and
rope used for collection.
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Table 4: Dataset statistics after curation. Duration is computed from the number of aligned time
steps at 30 Hz and counts each bimanual interaction once.

Object Recordings Segments Duration (min)

Motherboard 12 25 93.9
PushT 30 92 96.4
Rope 18 70 104.1

Total 60 187 294.4

A DATASET AND FORCE-ESTIMATION DETAILS

A.1 DATASET COMPOSITION

The curated dataset contains 529,839 aligned time steps from 60 source recordings. Removing
intervals with invalid sensor or tracking data leaves 187 variable-length segments, totaling 4.91 hours
at the nominal 30 Hz alignment rate. Multiple segments may come from the same source recording
and therefore do not represent independent collection sessions. Table 4 gives the distribution across
objects.

A.2 TEMPORAL ALIGNMENT AND CURATION

Visual streams are recorded at a nominal 30 Hz and OptiTrack poses at 100 Hz. We align all
modalities by timestamp to a common 30 Hz timeline. Because the tactile cameras operate at a
lower frame rate, adjacent time steps may reuse the same tactile image. For each sensor, a freshness
flag and source-frame index distinguish new captures from repeated observations.

We remove intervals containing camera freezes or invalid pose tracking and divide each recording
into contiguous valid segments. Force is estimated for each new tactile capture and held constant on
aligned rows that reuse the same image. We retain the source-frame indices to audit this alignment.

A.3 NORMAL-FORCE ESTIMATION

We calibrate a sensor-specific normal-force estimator for the GelSight Mini (Yuan et al., 2017)
sensors used in our collection setup. For each recording, we construct a reference image from low-
contact observations and compute features describing the contact area, surface deformation, and
RGB change relative to this reference.

We standardize these features and map them to normal force using support vector regression with a
radial basis function kernel (RBF-SVR). The kernel provides a nonlinear mapping in which tactile
observations with similar feature vectors receive similar force predictions. We train the regressor on
separate CNC calibration data collected with known normal loads over 0.07–15.00 N. A reference-
dependent noise gate suppresses responses near the no-contact state.

Position-grouped cross-validation on 4,709 CNC calibration samples gives a mean absolute error of
0.318 N (95% CI: 0.300–0.338 N) and a mean absolute percentage error of 6.40%. The percentage
error is computed per sample relative to its measured force.

This calibration is specific to our sensors. Optical tactile images vary with the sensor unit, gel,
illumination, camera response, and gel condition, so we do not assume that the mapping transfers
unchanged to another sensor. The human interaction recordings also lack synchronized force ground
truth. We use the estimates as approximate loading signals for action construction, not as measured
force annotations.

B EVALUATION DETAILS

Prediction Protocol. Each test window contains eight observed frames followed by eight target
frames, corresponding to a prediction horizon of approximately 0.53 s at 15 fps. Models receive
the observed frames and recorded action sequence. We score only the predicted frames, separately
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for the scene camera, left and right wrist cameras, and left and right GelSight sensors (Yuan et al.,
2017). All checkpoints and ablations are evaluated on identical test windows with identical random
seeds.

Reference Frames. For both human recordings and robot episodes, reference frames are obtained
by decoding ground-truth latents with the frozen RGB and tactile VAEs. These scores therefore
measure prediction fidelity relative to VAE reconstructions rather than raw recordings.

Visuo-Tactile Prediction Metrics. We compute PSNR, SSIM (Wang et al., 2004), and
LPIPS (Zhang et al., 2018) independently for each stream. For a predicted window Ŷ and its refer-
ence Y, PSNR is

PSNR = 10 log10
R2

MSE(Ŷ,Y)
, (7)

where R is the peak value of the image intensity range and the mean squared error is computed over
all pixels, channels, and predicted frames in the window. PSNR measures pixel-level fidelity and is
sensitive to spatial alignment and contact imprints, making it our primary metric for the low-texture
tactile streams.

SSIM (Wang et al., 2004) compares local luminance, contrast, and structure. We compute it per
predicted frame and average over the window. LPIPS (Zhang et al., 2018) measures perceptual
distance using pretrained AlexNet (Krizhevsky et al., 2012) features and is likewise averaged over
predicted frames. Higher PSNR and SSIM and lower LPIPS indicate better fidelity.

Zero-Shot Robot Evaluation. Models trained on human recordings are applied to held-out robot
episodes (Sec. 3) without fine-tuning. Before inference, robot observations are mapped to the human
recording conventions for tactile color and illumination and wrist-camera tone. Action representa-
tions are constructed from OptiTrack sensor poses and GelSight-estimated force using the procedure
in Sec. 4.2. We use OptiTrack rather than the robot’s joint readings so that human and robot actions
are computed by the same pipeline from the same tracking system. The two sources disagree at the
scale of a single step. Per-step translations computed from forward kinematics differ from those
computed from OptiTrack by a median of 0.33 mm (90th percentile 0.99 mm), while the sensor
moves a median of 0.60 mm per step (90th percentile 3.06 mm). Grouped by speed, the difference
is 20–40% of the per-step motion, and it exceeds the motion when the robot is nearly still. Per-step
rotations differ by a median of 0.1–0.2◦. Likely sources are the calibration between the robot base
and the OptiTrack frame, joint backlash, and arm compliance under contact load, none of which
forward kinematics observes. Actions built from forward kinematics would therefore depart from
the human training data by a large fraction of each step, whereas OptiTrack measures the sensor di-
rectly in both settings. We select evaluation windows in which contact is made or broken and apply
the same eight-frame observation and eight-frame prediction protocol. All metrics are computed per
stream against the VAE-reconstructed reference frames described above.

C QUALITATIVE ROBOT ROLLOUTS

Fig. 5 shows a zero-shot rollout on a held-out robot episode from the evaluation set of Sec. 3,
produced by the model trained only on human data and discussed in Sec. 6.4. Rollouts on all three
objects are on the project page.

D TACTILE ENCODER

We adapt the pretrained causal 3D VAE of Wan2.2-TI2V-5B (Wan et al., 2025) to tactile video with
LoRA, keeping all base weights frozen. Training uses 6,533 left and right gel-sensor videos (64 held
out for validation) from visuo-tactile datasets including GelSLAM (Huang et al., 2026a), FeelAny-
Force (Shahidzadeh et al., 2025), Tactile MNIST (Schneider et al., 2025), FoTa (Zhao et al., 2025),
TacQuad (Feng et al., 2025), 3D Cal (Kota et al., 2026), and TactileTracking (Huang et al., 2025),
covering 26 tasks that include manipulation, indentation, and object tracking. Each sample is a
17-frame clip resampled from 30 to 6 fps and center-cropped to 256×256. Rank-32 LoRA (Hu
et al., 2022) adapters (α = 32) go on all 72 convolutional layers of the encoder and decoder,
30.6M trainable parameters (4.2% of the VAE). The objective is an L1 reconstruction loss weighted
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Figure 5: Zero-shot rollout on robot teleoperation. A held-out robot PushT window in which the
sensor breaks contact with the block, predicted without fine-tuning by the model trained on human
data. Given eight observed frames (left) and the robot’s sensor actions, ACTS predicts the next eight
frames of the scene view, both wrist views, and both GelSight streams. Ground truth in blue boxes,
predictions in orange boxes. The scene and left tactile predictions follow the recording as the sensor
lifts off. In the left wrist view, the recorded frames barely change, while the predicted block face
grows and shifts from t+4 onward. More robot rollouts: https://acts-anon.github.io/.

by optical-flow magnitude, so regions of the gel that deform get more weight. The flow is All-
Tracker (Harley et al., 2025) reference flow from frame 0 to frame t. Two more terms are added: a
spatial-gradient (edge) L1 loss (weight 1.0) and LPIPS (weight 0.1). We train for 4,000 optimizer
steps with AdamW (Loshchilov & Hutter, 2019), learning rate 10−4 with 100 warmup steps, an
effective batch size of 4 and bf16, on a single H100. Validation PSNR is 40.2 dB.

E ACTION REPRESENTATION DETAILS

Sensor-frame motion and force. For each hand h ∈ {L,R}, the sensor pose comprises an orienta-
tion Rh

t ∈ SO(3) and position ph
t ∈ R3 in a common reference frame. The estimated normal force

fh
t is obtained using the procedure in Appendix A.3.

Sensor pose captures motion but does not fully describe contact loading. Following the force-
informed formulation of Chen et al. (2025), we interpret normal force as a virtual displacement
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along the sensor’s local pressing direction:

p̃h
t = ph

t + kff
h
t R

h
t ns, (8)

where ns is the unit gel normal in sensor coordinates and kf = 0.5mm/N is an assumed controller
compliance. The orientation remains unchanged. As illustrated in Fig. 1a, the offset represents a
virtual controller displacement, not a measurement of gel compression.

To construct actions, we express relative motion in the sensor coordinate system at frame t and
augment its translation with the change in force-induced displacement:

∆Rh
t = (Rh

t )
⊤Rh

t+1,

∆ph
t = (Rh

t )
⊤(ph

t+1 − ph
t ),

∆p̃h
t = ∆ph

t + kf∆fh
t ns,

(9)

where ∆fh
t = fh

t+1−fh
t . The force increment is applied directly along the local normal, rather than

obtained by differencing the virtual positions in Eq. 8. Concatenating the augmented translation
with the six-dimensional rotation representation of Zhou et al. (2019) gives

aht+1 = [∆p̃h
t ; Rot6D(∆Rh

t )] ∈ R9. (10)

The index t+ 1 identifies the transition endpoint.

Reference-point projection. We define three fixed points in sensor coordinates:

o1 = oc, o2 = oc + ℓnns, o3 = oc + ℓpes, (11)

where oc is the gel center, es is a unit in-plane axis, and ℓn and ℓp are fixed offset distances. These
points jointly encode sensor position and orientation.

Their coordinates in the common reference frame are qh
t,j = Rh

t oj + ph
t . Using the calibrated

transformation (RC , tC) from this frame to the scene camera, we obtain

qC,h
t,j = RCq

h
t,j + tC , zht,j = [qC,h

t,j ]3. (12)

We project each point using the scene-camera calibration and normalize its pixel coordinates to
obtain (x̄h

t,j , ȳ
h
t,j). Concatenating these coordinates and camera-space depths for all three points

produces uh
t ∈ R9. Unlike aht+1, which describes a transition, uh

t describes sensor geometry at
frame t.

Action construction and normalization. Sensor and view actions each have nine dimensions per
hand. We use ns = (0,−1, 0)⊤ and kf = 5 × 10−4 m/N. Rot6D concatenates the first two
columns of the relative rotation matrix. View conditions contain (x/W, y/H, d) for each of the
three reference points, with depth d in meters. Sensor and view representations are normalized
separately, pooling both hands to estimate training-set percentiles:

b̃j = 2
bj − q0.01,j

q0.99,j − q0.01,j
− 1. (13)

F IMPLEMENTATION AND TRAINING DETAILS

F.1 DATA PREPARATION

Dataset splits. We train separate models for PushT, Rope, and Motherboard using the same ar-
chitecture and training recipe. Each dataset is partitioned by complete source episodes, preventing
windows from the same episode from appearing in different splits. Table 5 reports episode counts,
window counts, and optimization steps per epoch. The PushT training set excludes windows with
invalid action transitions. For Motherboard, two test episodes are in-distribution, while three were
recorded in a separate session with different hardware and force calibration and are treated as out-
of-distribution. Wrist observations are available in every episode.

Observation preprocessing. We sample all five observation streams at 15 fps and resize and center-
crop frames to 256× 256. Each window contains eight history frames and eight future frames. The
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Table 5: Dataset splits and training sizes. Splits are defined by complete source episodes. Window
counts correspond to examples used for training and evaluation.

Task Episodes Windows Steps/epoch
Train Val Test Train Val Test

PushT 56 4 8 55,199 4,439 5,756 6,900
Rope 53 8 9 77,188 6,363 8,468 9,648
Motherboard 21 2 5 71,386 5,411 16,699 8,923

scene and two wrist streams use the pretrained Wan2.2-TI2V-5B VAE (Wan et al., 2025), while both
tactile streams use its GelSight-specific (Yuan et al., 2017) LoRA-adapted variant. All VAEs remain
frozen, and observation latents are encoded offline and cached. The VAEs produce 48-channel
latents with temporal and spatial compression factors of four and sixteen. We prepend a copy of the
initial frame before encoding and remove the resulting anchor latent, obtaining 48 × 4 × 16 × 16
latents per stream. The four latent blocks comprise two history blocks and two future blocks. Spatial
patches of size 2× 2 yield an 8× 8 token grid per block, with 192 input features per token.

F.2 MODEL INITIALIZATION AND ADAPTATION

Backbone. We initialize the generator branch of Cosmos3-Nano (NVIDIA, 2026) from the offi-
cial checkpoint. It contains 36 transformer layers with hidden dimension 4,096. The understanding
branch is not used. We retain the pretrained generator, RGB input and output projections, final nor-
malization layers, and noise-level embedder. The native action projection is replaced by our action
interfaces, initialized from its pretrained weights. Each task starts independently from the same
checkpoint with fresh adapters and interfaces, without warm-starting from another task’s trained
model.

LoRA adapters. The base generator remains frozen. We apply LoRA (Hu et al., 2022) with rank
16 and scaling parameter α = 32 to the query, key, value, output, gate, up, and down projections in
every transformer layer. These 36 × 7 = 252 linear layers introduce 43.6M trainable parameters.
The LoRA matrices A and B are initialized with Kaiming-uniform values and zeros, respectively,
yielding zero initial adapter updates.

Modality interfaces. The scene and wrist streams share the frozen RGB input and output projec-
tions. Both tactile streams share a trainable projection pair initialized from the corresponding RGB
projections. Sensor and view actions use separate nine-dimensional input projections, each shared
by both hands. These projections are initialized from the first nine input channels of the UMI-
domain slice of the pretrained action-conditioning projection. All input projections map to the same
hidden dimension.

Stream embeddings and parameter count. A learned 9× 4096 embedding distinguishes five ob-
servation streams and four action streams. The embeddings are initialized from a truncated normal
distribution, with action-stream rows additionally offset by the pretrained action-modality embed-
ding. Together, the LoRA (Hu et al., 2022) adapters, tactile and action projections, and stream
embeddings contain 45.3M trainable parameters, approximately 0.30% of the 15.2B backbone. The
RGB projections and noise-level embedder remain frozen.

F.3 SEQUENCE PACKING AND TEMPORAL ALIGNMENT

Token layout. We concatenate streams into contiguous slices, ordering observation tokens by latent
block, patch row, and patch column. A complete window contains 5× 4× 64 = 1,280 observation
tokens, 2 × 15 = 30 sensor-action tokens, and 2 × 16 = 32 view-action tokens, totaling 1,342
tokens. Each token retains its stream identity, frame index, spatial coordinates, and target indicator.
Positional coordinates and attention masks are derived from this metadata rather than storage offsets.

Temporal and spatial coordinates. All streams use a shared 15 fps clock. Observation blocks
receive the endpoint indices 3, 7, 11, 15 of their four-frame intervals. Sensor-action tokens receive
transition endpoints 1, . . . , 15, and view-action tokens receive frame indices 0, . . . , 15. We convert
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frame index k to the pretrained temporal scale:

τ(k) = rC
k

r
, r = 15, rC = 6. (14)

Observation tokens use patch row and column indices as spatial coordinates. Both spatial coordi-
nates are zero for action tokens. Frame indices retain their original values across prediction prefixes
within a window, so extending the prefix does not change existing token coordinates.

F.4 TRAINING PROCEDURE

Teacher-forcing prefixes. For each future block q, we construct a separate prediction prefix with
clean context

Cq = (ZH , ZF,<q,A) , (15)
where ZH = {Zm

H }m∈M contains observation histories, ZF,<q = {(zm1 , . . . , zmq−1)}m∈M contains
preceding ground-truth future blocks, and A contains both action representations for both hands
over the complete window. The current target appears only in noisy form. Later observation blocks
and clean copies of the current target are excluded to prevent ground-truth leakage. We apply the
attention mask in Sec. 4.3, retaining access to the full action trajectory.

Each window produces two teacher-forced passes. The first contains two history blocks and the first
future block from each stream, while the second additionally includes the preceding future block
as clean context. With all 62 action tokens retained, these prefixes contain 1,022 and 1,342 tokens,
respectively. Each pass contains 320 current target tokens. Their losses contribute equally to one
optimizer update.

Noise sampling. We sample one noise level σ per window and share it across both target blocks and
all observation streams. Following the pretrained generator’s Waver rule with shift parameter 3.0,
we sample

ξ ∼ U(0, 1), (16)

η = 1− ξ − 1.29

[
cos2

(
πξ

2

)
− 1 + ξ

]
, (17)

σ =
3η

1 + 2η
. (18)

Gaussian noise ϵmq is sampled independently for each block and stream, with identity covariance.
History, preceding ground-truth blocks, and actions remain clean. Noise-level embeddings are ap-
plied only to current target observation tokens.

Flow-matching supervision. The interpolation in Eq. 5 defines the target velocity vm,∗
q = ϵmq −zmq .

In Eq. 6, each stream’s squared error is normalized by its latent-block size Dz . Stream losses are
summed with equal weight and averaged over future blocks. We apply no additional noise-dependent
loss weighting, and clean context tokens receive no prediction loss. The expectation is over training
windows and sampled noise.

Optimization. We use AdamW (Loshchilov & Hutter, 2019) with learning rate 5×10−5, (β1, β2) =
(0.9, 0.95), and weight decay 0.01. The learning rate warms up for 100 steps and remains constant
thereafter. Gradients are clipped to a global norm of 1.0. Training uses four NVIDIA H100 GPUs
with two windows per GPU, giving a global batch size of eight. Trainable parameters are maintained
in FP32 with BF16 autocast, and activation checkpointing is enabled. Each model is trained for 20
epochs, with a checkpoint saved after every epoch.

F.5 INFERENCE AND ROLLOUT

Within-window generation. Inference follows the training prefix construction, replacing preceding
ground-truth future blocks with generated latents. For each target block, all streams are initialized
with independent Gaussian noise and jointly denoised using UniPC with 35 steps, without classifier-
free guidance. The sampler integrates the learned velocity field from noise to clean latents, corre-
sponding to σ = 1 to σ = 0. Only current target latents are updated. Observed history, previously
generated blocks, and the complete action window remain fixed. The first generated block serves
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directly as clean latent context for the second, without intermediate decoding or re-encoding. After
restoring the VAE anchor, the corresponding decoders {Dm}m∈M reconstruct the eight predicted
frames per stream.

Across-window rollout. To extend generation beyond one window, we use the eight predicted
frames as the next observation history. For each stream, we prepend a copy of its first predicted frame
and re-encode the sequence, obtaining a new anchor and two history latent blocks. We advance the
action window by eight frames and reset the temporal origin for the next prediction window. Thus,
blocks within a window share latent context directly, while successive windows pass context through
decoded and re-encoded observations.

G VT-WM-STYLE BASELINE

Predictor. A 12-layer transformer, hidden dimension 384, 6 heads, MLP ratio 4; 116.6 M parame-
ters. Inputs are the cached Wan2.2 latents our model uses: 48×4×16×16 per stream, five streams,
2 × 2 patches giving 64 tokens per latent block. Attention is factorized into spatial and temporal
passes with axial RoPE. The three camera streams share an input projection and output head; the two
tactile streams share a second pair. Training minimizes L1 on the next latent block, teacher-forced
and sampled losses weighted equally, with the horizon-4 rollout generated without gradients.

Action conditioning. After every self-attention block, camera and tactile tokens cross-attend to
action tokens, which carry sinusoidal positional embeddings. Actions are the force-informed sensor
deltas our model receives, 36 dimensions per frame. One latent transition spans five frames; each
receives its five raw transitions concatenated (180 dimensions) rather than averaged, since averaging
shares raw transitions 3, 7 and 11 between adjacent latent transitions and leaks a later action into an
earlier prediction. Latent block t is conditioned on the action producing block t+1, the block it is
supervised against.

Training. AdamW, peak learning rate 3×10−4, (β1, β2) = (0.9, 0.95), weight decay 0.01, gradient
clipping at 1.0, 500 warmup steps into cosine decay. Batch size 8 with accumulation 4, bfloat16,
one A100-80GB, 10 epochs. Early stopping is off so every task gets the same budget.

Deviations. (i) The cross-attention residual is gated by a zero-initialized scalar; the backbone re-
lies on adaLN-zero identity at initialization, which an ungated sub-layer breaks. (ii) Context is
eight frames at 15 fps (0.53 s) rather than nine at 6 fps (1.5 s), inherited from our encoder. (iii)
Tactile tokens come from our GelSight tokenizer rather than Sparsh-X (Higuera et al., 2025) on
Digit 360 (Lambeta et al., 2024), which needs audio, IMU and pressure channels this dataset lacks.
(iv) Three camera views rather than one, matching our model’s inputs. (v) 116.6 M parameters for
20 epochs on one GPU, against 173 M for 80k updates on 32 A100s.

Validation. Before training we check identity at initialization, action reachability, temporal causal-
ity and gate-gradient flow. During training we track action gain: rollout L1 under a held control
action divided by the same under the recorded action. A value near 1 means the model ignores its
conditioning, which validation loss cannot detect. The control is Rot6D(I) with zero translation,
not a zero vector: an all-zero rotation is degenerate and never occurs in training. Our runs reach
1.47–1.87.

Checkpoint selection. ACTS and VT-WM-style are evaluated at their final epoch. VT-WM-style’s
validation L1 bottoms at epoch 4–6, but we do not select on it: L1 is minimized by the conditional
mean, and across the nine camera task–stream pairs the best-validation checkpoint wins on PSNR
and loses on LPIPS in eight. Action gain also rises monotonically to the final epoch on all three tasks
while rollout L1 bottoms mid-training. Selecting on validation instead moves scene-view PSNR by
under 0.1 dB on all three tasks and 0.4–0.7 dB on the motherboard wrist streams, and changes no
conclusion.

H FORCE-INFORMED ACTION ABLATION

Tab. 6 compares models trained with and without the force term, on identical test windows. Both
are trained for 10 epochs rather than the 20 used for Tab. 1, which halves the cost of the ablation.
The 20-epoch models of Tab. 1 differ from the 10-epoch force-informed models by up to 0.6 dB
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Figure 6: Effect of the force term on tactile prediction. A held-out PushT window in which the
right sensor touches the block. Rows: ground truth (blue), force-informed actions (orange), pose-
only actions (gray) for the right wrist and GelSight streams; numbers are per-frame PSNR. Bottom:
recorded normal force (black, left axis) and per-step action along the gel normal ns (Eq. 3; right
axis, broken), pose-only (gray) and force-informed (orange), with the force increment kf ∆f above
each orange bar; the dotted line marks contact. The force term adds 1.2 mm over the window, and
only the model that receives it forms the imprint.

PSNR per stream, so only the paired comparison within Tab. 6 is meaningful. Scene and wrist
PSNR change by at most 0.3 dB and never significantly, as expected: the force term only alters the
normal component of the sensor action. Tactile PSNR differs by at most 0.6 dB. The differences are
significant for both PushT tactile streams (PSNR), the left Motherboard sensor (SSIM and LPIPS),
and the right Rope sensor, where PSNR drops by 0.3 dB.

These averages hide what the term does. Contact changes occupy few windows and an imprint
occupies few pixels, so frame metrics are dominated by static gel. Fig. 6 shows a PushT window
in which the right sensor touches the block. The pose-only action advances the sensor 21.7 mm
along the gel normal over the eight predicted steps, 20.1 mm of it before contact; the force term adds
1.2 mm in total, up to 0.66 mm per step. Yet only the force-conditioned model forms an imprint. The
sensor-frame pose says that the sensor advances, not where the block surface is; the force change
marks the contact. The pose-only prediction stays blank and still scores slightly higher PSNR, since
a blank gel costs less than a faint, slightly displaced imprint. The converse case, a release in which
the pose-only model holds the imprint two frames past lift-off (43.8 vs. 37.0 dB), is on the project
page: there the pose moves under 1 mm along the normal while the force-informed action retreats
1.9 mm.

I CONTACTWORLD BASELINE

ContactWorld (Zhang et al., 2026) is an action-conditioned visuo-tactile world model based on
JEPA, with modality-specific CNN encoders and a GRU latent predictor but no image decoder.
Each model observes one visual and one tactile stream with single-frame context. After verifying
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Table 6: Ablation of force information in action conditioning. All observation streams are retained.
A checkmark indicates that force information is included in the action representation. Within each
dataset, bold values indicate a significant difference between the force and no-force configurations
for the same observation stream (paired t-test, p < 0.05). All configurations are evaluated after 10
training epochs for a fair comparison.

Task Force Stream PSNR↑ SSIM↑ LPIPS↓

Rope

–

Video 28.50 0.9021 0.0495
Wrist (L) 21.68 0.7583 0.1444
Wrist (R) 23.62 0.7966 0.1353
Tactile (L) 45.90 0.9874 0.0230
Tactile (R) 46.30 0.9898 0.0188

✓

Video 28.56 0.9028 0.0490
Wrist (L) 21.84 0.7639 0.1401
Wrist (R) 23.45 0.7932 0.1354
Tactile (L) 45.73 0.9876 0.0221
Tactile (R) 46.00 0.9893 0.0210

PushT

–

Video 29.25 0.9202 0.0408
Wrist (L) 22.61 0.8286 0.1067
Wrist (R) 22.62 0.8432 0.1102
Tactile (L) 45.90 0.9868 0.0256
Tactile (R) 47.71 0.9900 0.0148

✓

Video 29.14 0.9199 0.0409
Wrist (L) 22.29 0.8222 0.1110
Wrist (R) 22.52 0.8412 0.1130
Tactile (L) 46.52 0.9875 0.0219
Tactile (R) 47.91 0.9900 0.0149

Motherboard

–

Video 27.79 0.8798 0.0468
Wrist (L) 17.71 0.5280 0.2597
Wrist (R) 20.73 0.6863 0.1626
Tactile (L) 41.09 0.9778 0.0410
Tactile (R) 45.53 0.9882 0.0273

✓

Video 27.70 0.8783 0.0482
Wrist (L) 17.57 0.5275 0.2598
Wrist (R) 20.70 0.6842 0.1612
Tactile (L) 41.36 0.9800 0.0360
Tactile (R) 45.73 0.9886 0.0277

our setup using its released simulation checkpoints, we train ContactWorld from scratch using the
official code and hyperparameters for approximately 100k steps. We use the same training episodes,
source frames, 36-dimensional normalized actions, and held-out evaluation windows as ACTS.

Five-stream evaluation. To cover all five observation streams without modifying the architec-
ture, we train three models per task on (scene, tactile-left), (wrist-left, tactile-left), and (wrist-right,
tactile-right). Scene predictions come from the first model, left wrist and tactile predictions from
the second, and right wrist and tactile predictions from the third. Each model retains its original
two-stream, single-frame context, whereas ACTS conditions on all five streams over eight frames.

Pixel-space readout. We freeze the trained ContactWorld models and fit a separate readout for each
output stream to enable pixel-space evaluation. Each readout maps four consecutive predicted Con-
tactWorld latents, each comprising 512-dimensional visual and tactile embeddings, to one tempo-
rally compressed Wan2.2 (Wan et al., 2025) latent block. A two-layer MLP embeds these latents and
broadcasts its output over the spatial latent grid. Conditioned additionally on the last ground-truth
history VAE latent, four convolutional layers predict a residual relative to that history latent. Each
readout contains approximately 1.5M parameters and uses a zero-initialized output layer. Readouts
are trained on the GRU’s own rollouts from training windows using latent-space MSE and valida-
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tion early stopping, while ContactWorld remains frozen. Predicted VAE latents are decoded and
evaluated using the same modality-specific VAEs and metrics as ACTS.

We additionally evaluate an oracle-input condition using encoded ground-truth future frames and a
context-only control replacing ContactWorld latents with their training-set mean. These conditions
assess readout performance without latent rollout error and without predictive latent information,
respectively.
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