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We present Nyp-TWAM, a tactile-native world-action model for contact-rich manipulation that predicts
both future vision and contact. To our knowledge, it is the first tactile world-action model trained at
large scale, and it demonstrates strong capability on contact-rich tasks. We pre-train Ny-TWAM at
large scale with visuo-tactile joint training over tactile-rich demonstrations, spanning six embodiments
and 450 tasks. We use NeoForce, a unified force-based tactile representation to form a physically
grounded contact signal as condition for action generation. To boost long-horizon and multi-stage
manipulation, we introduce tactile contact events for task staging and advance through them during
execution. For real-time efficiency, we adopt an asymmetric Mixture-of-Transformers architecture on
No-TWAM, which pairs a full-width expert for versatile videos and slim architecture for downstream
action and tactile experts. Evaluations on both real and simulated benchmarks justify the powerful
capabilities of Nop-TWAM in various contact-rich tasks, as well as demonstrate the benefit of data
scaling on precise tactile and action prediction. In summary, Nop-TWAM endows a world-action model
with predictive capabilities to foresee vision, tactile and action, building a solid foundation for fine-
grained manipulation on open contact-rich tasks. The codebase and model checkpoints of Np-TWAM
will be made publicly available to foster further research and development in tactile-enabled robotic

manipulation.
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1 Introduction

Learning a general manipulation policy is hard in contact-rich settings. Seating a screw, peeling one cup off a
stack, or closing a gripper on a soft object are decided less by the global layout of the scene than by what is
happening at the fingertips, a distinction that a camera can rarely resolve but that a force or tactile sensor
reports directly. A policy that is to act well in these regimes therefore needs two things that pure visuomotor
regression does not naturally provide: access to touch, and the ability to anticipate how the immediate future
of an interaction will unfold rather than reacting only to the present frame.

Two recent lines of work each supply one of these ingredients. Vision-language-action (VLA) models
attach an action head to a large pretrained vision-language model and map observations to actions, inheriting
broad semantic priors but compressing a rich visual present into a low-dimensional action with no explicit
model of what happens next [8]. Video world models, on the other hand, learn to roll the future of an
observation forward in time, and a growing body of world-action models couples such a video predictor
with action so that control is grounded in a predicted future [45, 82]. The latter framing is attractive for
contact-rich control (if the model can predict the next moment, it can decide against it), yet the predicted
future of these models is almost always purely visual.

Touch is beginning to enter this picture, but so far along three partial paths. Tactile policies consume touch
as an input channel and never predict it [36]. A second family forecasts touch with a separate (often frozen)
tactile predictor bolted onto the policy, so prediction occurs happens outside the network that acts [80, 87].
And concurrent touch-aware world-action models admit touch into the model but keep it at arm’s length,
gating or masking tactile tokens to protect the visual stream [52, 70, 94]. On every path, touch is not part of
what the model predicts. What is missing is a model that predicts touch together with vision, under the same
objective and at the same causal step, and a policy that reads its actions from that jointly predicted future.
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Figure1 Overview. No-TWAM is pre-trained on large-scale self-collected real-robot manipulation data with synchronized
per- nger tactile streams. An MoT with three per-modality experts (video, tactile, and action) predicts the future
vision and tactile, then predicts the action from them, so touch is both predicted (a predicted future) and observed (an
observed present). Across contact-rich benchmarks in simulation and on real robots, No-TWAM outperforms prior
world-action and vision-language-action baselines.

We close this gap with No-TWAM (Tactile World-Action Model), a world-model policy and, to our
knowledge, the rst tactile world-action model trained at large scale. No-TWAM is built on a video-di usion
transformer backbone and keeps the world-action recipe of jointly modeling future observations and action,
but it predicts tactile as part of the predicted future rather than treating it as a side input. The backbone is
reorganized as a Mixture-of-Transformers (MoT) B0]: three per-modality experts (video, action and tactile)
each keeps their own weights and capacity and interact only through a single shared self-attention at every
layer. Where concurrent touch-aware models protect their visual stream by restricting touch in attention,
No-TWAM isolates capacity in weights, so vision and touch stay fully attentive to one another. A frame-id
causal schedule turns this shared attention into a predict-then-act cascade inside one forward pass: within
a chunk the video and tactile experts co-generate the future scene and the future contact, and the action
expert is conditioned on those just-predicted quantities. That future contact is the predicted tactile; as it
acts, the action expert also reads the observed tactile, cross-attended in from the current reading. The policy
therefore acts on touch it has already predicted, grounded in the touch it feels now.

Treating three modalities as full experts would, however, triple the cost of the largest component, and the
action and tactile streams have no large-scale pretraining to justify that cost. No-TWAM instead uses an
asymmetric design: the video expert keeps its full, original width, while the action and tactile experts are
slim and trained from scratch, bene ting from the visual prior only indirectly through the shared attention.
This halves the parameter count relative to an all-full-width design, and the same asymmetry keeps inference
cheap: once a chunk's video and tactile are predicted, their attention keys and values are cached, so each
action-denoising step re-runs only the lightweight action expert rather than the full-width video expert.

Across simulated and real contact-rich benchmarksNo-TWAM is the strongest method overall: it reaches
84:5% on UniVTAC and 49:4% on NeoSim in simulation, and averages 48% across our eight-task real-robot
suite, against 300% for the strongest vision-language-action baseline and 2% and 144% for the vision-only
world-action baselines. Ablations attribute the gains to both tactile roles (removing either the predicted
foresight target or the observed conditioning degrades success), and under distribution shift the policy
degrades more gracefully than vision-only world-action baselines. We summarize our contributions as follows.

" Anative tactile world-action model (Y2.1). We present  No-TWAM , a world-action model with touch as



a native modality of its MoT backbone: a dedicated tactile expert predicts future touch jointly with
future vision under one shared self-attention, rather than as a side input. We pre-train it at scale on
tens of thousands hours of real-robot data (much of it carrying synchronized tactile), spanning six
embodiments and 450 tasks, collected with our own system.

A dual-pathway predictive tactile design (Y2.2). We model touch inside the world-action model along two
pathways: a predicted tactile stream the model generates as a foresight target, and an observed tactile
stream that conditions action generation. In post-training, the observed pathway reads touch through
NeoForce [56], e ectively extracting force representation on manipulation tasks.

A tactile-aware sub-task system for long-horizon manipulation (Y2.3). We use tactile contact events, such

as a grasp or a release, to segment long-horizon demonstrations into sub-task-conditioned clips for
training and to schedule execution stages at inference: the predicted tactile triggers the advance to the
next sub-task, and the observed contact event con rms it, so both tactile roles drive the planner.

Strong empirical results (Y4). Ng-TWAM achieves state-of-the-art results on contact-rich benchmarks in
simulation and on real robots. Our analyses trace these gains to touch itself: both tactile pathways
contribute, performance grows with more pre-training data, and it stays robust under distribution shift.

2 Model

No-TWAM is a world-action model: rather than regress actions from observations, it learns one generative
model that rolls the future the robot will see and feel forward in time and reads the action out of that
predicted future. Three choices set it apart from a video world-action model. (i) Touch is modeled jointly
with vision: the future tactile signal is generated under the same ow-matching objective as the future video,
at the same causal step, so the model predicts touch directly rather than deriving it from pixels. (ii) Capacity
is isolated in weights, not attention: each modality gets its own expert, and the experts share a single
self-attention, so vision and touch keep private weights yet stay fully attentive to one another; concurrent
touch-aware models instead gate or mask tactile tokens to protect the visual stream. (iii) Touch plays two
roles: it is both predicted ahead of time, as a foresight target, and observed now, as an observation the action
reads. We set up the architecture (Y2.1), develop the two tactile roles (Y2.2), and close with tactile-aware
execution (Y2.3).

2.1 Model architecture

Problem setup. Conditioned on a language instruction and the observation historyNo,-TWAM predicts
three coupled streams of the robot's near future: what it will see, what it will feel, and the action it will take.
Given the observation history and the instruction ¢, No-TWAM predicts each chunk's future videox, tactile
X}, and action x2, and models their joint distribution autoregressively over chunks:
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where the observation history X «x = (x¥, ; X%, ;x2 ) collects the past video, tactile, and actions. No-TWAM
treats vision and touch as equally important and predicts the two jointly. The noisy action token is denoised
conditioned on the just-predicted x. and x} of its own chunk, so the policy acts on an anticipated future.

Conditional ow-matching objective. Flow matching [51] regresses the velocity of the straight path from
a clean targetx to Gaussian noise N (0;1). We apply it at latent-frame granularity. Let x;} denote
temporal group j of modality m 2 fv;a;tg in chunk k: a VAE latent frame for video and tactile, and the

action steps aligned with each latent frame for action, sal, = J; = J4 = 2. For each group we independently
sample 5 p()and g N(O;I):
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Figure 2 Overview of No-TWAM . Multi-view RGB and tactile streams are encoded into latent tokens and processed by
three per-modality experts (video, tactile, action) that interact only through a single shared self-attention at every
layer, ordered by the frame-id causal cascade: the video and tactile experts co-generate the predicted future scene and
future contact, and the action expert denoises the action chunk conditioned on the just-predicted pair. The language
instruction enters the video and action experts through cross-attention, but not the tactile expert. A lightweight
observed pathway (right) encodes the observed current tactile and cross-attends into the action tokens before the
action head (Y2.2); the denoised actions are decoded and executed.

Within a group, the scalar | is shared by all its tokens (the spatial tokens of a video or tactile latent frame,

or the aligned action steps) while the entries of i, remain independent. Writing X =fR kjgand = f &g,
the loss is :
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wherewy; 0 combines SNR weighting with the action-validity mask that drops the absent arm on single-arm
embodiments.

Mixture-of-Transformers backbone. Following the MoT design p0], we split the backbone into three experts,
one per modality, that share only a single self-attention at each layer (Fig. 2). At layer™, expert m normalizes
its own hidden state, applies its own timestep modulation, and projects into a common attention width d:

QM K™ V™ = Proj™ AdaLN™(h™) ; m 2 fv; a; tg: (4)

The per-expert queries/keys/values are concatenated in the xed order jajt] and run through one masked
self-attention,
[0YjO%jO'] = Attn [Q'IQ*Q']; [KVIK FK 'L [VYVAVI, M ®)

after which each expert applies its own gated output projection and feed-forward network.

Parameter-e cient experts. A naive three-expert backbone would triple the cost of its largest component.
We instead keep only the shared attention at full width d and let each expert run a narrower private
residual/FFN width dn,: thin boundary projections leave the concatenated attention unchanged while the
FFN, norms, and residual stream run atd,,. The full-width video expert is warm-started from a pretrained
non-MoT, shared-backbone world-action model 45] reorganized here into experts, so the backbone inherits a
strong visual and dynamics prior. The slim action and tactile experts run atd,=d;= 1024 against the video
expert's d,=3072; not matching the shared width, they are trained from scratch and reach the visual prior



only through the shared attention. Because the video expert alone is about 70% of the backbone, slimming
the two new modalities rather than widening them roughly halves the trainable model (Table 1).

Table 1 Trainable MoT backbone con guration. The asymmetric design keeps a full-width video expert (warm-started
from a pretrained video model) alongside slim action and tactile experts (trained from scratch), roughly halving the
parameters of an all-full-width variant. Shared self-attention runs at d=3072 (24 128 heads) across all layers; Hidden
Size is each expert's private residual/FFN width dn,. The frozen Wan VAE and umT5 text encoder sit outside the
backbone and are excluded; all-full-width gures are estimates.

Video Action Tactile
# Hidden Hidden Hidden Total
Model Layers Size Params Size Params Size Params Params
No-TWAM (asym.) 30 3072 5:00B 1024 1:13B 1024 1:03B 7:16B
All-full-width 30 3072 5:00B 3072 5:0B 3072 5:0B 15B

Di usion-forcing cascade. The shared attention is gov-
erned by a causal maskV that realizes the factorization
of Eq. (1) inside one forward pass. Two indices order
every token: a latent-frame position and a noise state.
Within a chunk, its two latent frames take consecutive
positions; vision and touch tokens from the same frame
share one position, and the action follows the predicted
frames on which it conditions. In state, each token inher-
its the noise level of its latent-frame group and is noisy
while it is being generated and clean once it has become
history. At training time these clean history tokens are
the ground-truth past: the model is teacher-forced on the
true history and only denoises the current chunk, follow-
ing the di usion-forcing regime [16] in which independent
temporal-group noise levels generalize teacher forcing to
C_Ontmuous tOk_enS'_ As a_rok_)ustness measure, the Clear'Figure3 Joint self-attention mask over two chunks, with
video and tactile history is lightly re-noised with prob-

'~ ) each V/T block schematically collapsing the two latent
ability 0:5, so the model learns to tolerate a committed

frames. Each token appears as a key twice, noisy (solid)

history that at test time is imperfect rather than ground

truth; the action history stays exactly clean. The mask
then follows three rules: (i) a clean token attends to clean
tokens at or before its position; (ii) a noisy token attends

and clean (hatched); rows are queries, columns keys,
colored by the key's modality. Within a chunk the
noisy video and tactile co-generate with each other,
and the noisy action additionally attends to their clean

copies; each new chunk attends to the whole clean

to the clean history strictly before its position; and (i) a ¢
history, and no token ever attends a future chunk.

noisy token attends to noisy tokens at its own position,
i.e. co-generation.

Figure 3 visualizes this mask for two chunks. The predict-then-act cascade of Eq. (1) is thus produced
entirely by the mask, with no change to the attention operator itself. Because every temporal group draws
its noise level independently, training covers all combinations of clean and noisy groups; the two patterns
used at inference (a clean committed history with a noisy current chunk, and clean predicted frames with a
still-noisy action) are simply two of these combinations.

Action representation. Each arm contributes a 10-dimensional per-frame action (a 3-D end-e ector position,
a 6-D orientation [95], and a 1-D gripper command), so a bimanual action is 20-dimensional; single-arm
embodiments Il one half and the rest is masked out of the loss. Following o5 [7], we regress delta end-e ector
targets rather than absolute poses, anchored to the chunk-start pose, forming the delta by plain element-wise
subtraction: p=p p aand r =r; r 4, acoordinate-wise di erence rather than a relative rotation R} R;
on SO(3). We prefer subtraction because a relative rotation is a nonzero constant when the pose is nearly
stationary, so a small prediction error accumulates into a persistent orientation o set, whereas subtraction



makes the rest state the zero vector r= 0, the natural target of a regressor. This keeps the targets small and
centered wherever the arm is; the gripper command stays absolute, and this 20-D space is the uni ed action
interface used for pre-training across all embodiments.

2.2 Modeling touch

The tactile sensors we use are vision-based: a tactile sensor is essentially a small camera imaging a soft gel
that deforms on contact, so a tactile observation is itself an RGB video stream.Ng-TWAM therefore treats
scene video and touch as equally important modalities: the same VAE encodes them and the same generative
objective predicts them.

Contact states such as a secure grasp, incipient slip, or excessive force are decisive for the next action yet
often invisible to the external scene camerasNy-TWAM therefore gives touch two roles: a future the model
predicts (Y2.2.1) and a present the policy reads as it acts (Y2.2.2).

2.2.1 Predicting future touch

Each tactile stream is VAE-encoded p5] and patchi ed with the same (1;2; 2) patch as the video latent, so
touch enters the backbone as ordinary latent tokens; a learned sensor-id embedding (up to four sensors)
lets one expert serve single-arm and bimanual data unchanged. Sharing the latent space with video is what
makes the shared attention meaningful, since vision and touch tokens become directly comparable. Touch
nonetheless keeps private weights: tactile statistics are sparse and event-driven, and concurrent touch-aware
world models report that injecting such tokens into a visual dynamics model degrades video and action
prediction [70]. Isolating touch at the weight level, rather than restricting it in attention, lets vision and touch
stay mutually attentive while keeping separate capacity. The tactile expert also does not cross-attend to text.

The tactile expert treats the predicted tactile latent as a generation target alongside video: its two latent
frames are independently noised and optimized by Eq. (3); this makes the model predict future contact a
chunk ahead rather than only reading the current tactile signal. We predict future touch in residual form.
Let x! be the tactile latent at future step i and x}, the initial (step-0) frame; the tactile expert predicts the
residual

t

= x! t t

! X 5 sothat x! = xh+ 5 (6)
rather than the absolute frame, since touch is near-constant away from contact and its informative content
is the change ! at contact onset and release. Each tactile token takes the temporal position of the video
frame it accompanies, so it obeys the same causal and windowing rules with no tactile-speci ¢ bypass. Two
consequences follow. First, the predicted scene and predicted contact are denoised together under rule (iii)
of Y2.1, each conditioning the other, so the predicted video and predicted contact stay consistent. Second,
a noisy tactile token reads only committed history, never a same-step clean copy of itself, so no separate
leak-guard rule is needed once touch is aligned to the same frames as the video.

2.2.2 Conditioning on observed touch

Touch reaches the action expert in two representations, each matched to its role (Fig. 4). The predicted
pathway is anticipatory: the predicted future contact ows to action through the cascade, and because it
must be generated it lives in the VAE latent space shared with video. The observed pathway is reactive, and
the action head need only understand the current reading, not generate it, so we read it in force space. A
frozen estimator maps the raw tactile image to a dense three-axis surface force mafyffy;f.] with a contact
mask, a physically grounded, sensor-agnostic reading of contact; a NeoForce tactile encodég], ne-tuned
end-to-end with the action loss, turns this map into representation tokens. Those tokens are cross-attended
into the action stream just before the action head, under a chunk-causal mask:

h? h @ + CrossAttn h?; Eops(Xhow) Wout = 0 at initialization; )

so the pathway starts as an exact no-op and grafts onto a pretrained model without perturbing it. In short,
No-TWAM predicts touch in latent space and observes it in force space. The observed-tactile encodegys
is representation-agnostic, and we instantiate it per domain. On real robots the tactile sensor matches the
one NeoForce was pretrained on, s& s is the NeoForce force-space encoder. In simulation the tactile



comes from a di erent sensor that NeoForce never saw, so we do not read it in force space; instekdps is a
lightweight branch trained from scratch on the current-frame tactile latent: a linear patch embedding with
learned sensor-id and frame/height/width position embeddings whose tokens enter the same zero-initialized
cross-attention port, with no force estimator and no pretrained representation.

Figure 4 The two tactile pathways. Touch enters  No-TWAM in two ways. As a predicted signal, it is generated in the
VAE latent space shared with video and denoised by the tactile expert as a foresight target. As an observed signal,
it is read in force space: a frozen estimatorg maps the raw tactile image to a three-axis force map [fx;fy;f.]! a
NeoForce [56] tactile encoder (warm-started, ne-tuned) produces representation tokens ! cross-attended into the
action stream through the zero-initialized port of Eqg. (7). An optional reconstruction term anchors the ne-tuned
representation to the force eld.

Staged training. We separate the two roles across the two training stages (Y4.1). Pre-training uses only
the predicted stream, with the observed pathway o : its job is to learn a generative world model at scale,
and the predicted tactile latent is a generation target that ts that objective, forcing the model to predict
future contact jointly with the future scene and so learn contact dynamics across the large-scale corpus. The
observed stream does not t that objective. It is a conditioning input rather than a generation target, it
depends on the pretrained NeoForce encoder and on paired current-tactile readings, and, most importantly,
giving the policy the true current contact during pre-training would let it rely on that signal and under-train

the foresight it is meant to complement. Post-training then switches on the observed pathway of Eq. (7),
adding it on top of a model that has already learned to predict future contact; the ablations of Y4.5 separate
the two contributions.

The pretrained force-space representation (NeoForce). The encoder of the observed pathway is NeoForce,
the tactile representation model of Ng-Foundation [56], summarized here only as far adNo-TWAM needs it.

NeoForce takes a synchronized chunk of RGB observations and tactile force maps and returns a tactile
representation in force space. Its tactile input is not a raw gel image but a dense three-axis surface force
map F = g (T) 2 RHW3  produced by a learned estimatorg . The in-plane components fx;fy] carry
the shear that drives sliding and grasping, the normal componenf , carries the pressure of pressing, and a
binary contact mask marks where the surface is touched, giving six channels for a parallel gripper. Because
these units are physical rather than tied to the appearance of a particular gel, one encoder can serve di erent
sensors §4]. The visual and tactile streams are patchi ed independently and fused by a shared ViT backbone
initialized from DINOv2 weights, so vision and touch are read in a common space and the representation
captures how contact evolves across the chunk. A reconstruction head decodes the force map and contact
mask back out, which keeps the representation tied to a physical quantity.

No-TWAM imports both stages and treats them di erently. The estimator g is a calibrated sensor-to-
physics converter and stays frozen, so gradients stop at the force map. The NeoForce encoder warm-starts



Eops in Eq. (7) and is ne-tuned with the action loss, which lets the policy specialize contact priors learned
at scale to the behaviors it is learning. Its reconstruction head comes along to supply the optional force-space
anchor noted above.

2.3 Tactile-aware execution

At test time No-TWAM runs autoregressively over chunks: within each chunk it follows the cascade of Fig. 3,
denoising the future video and tactile latents, then the action conditioned on those just-predicted quantities,
then decoding and executing before sliding on. The autoregressive rollout, its rolling key/value cache, and
the asynchronous prediction pipeline are standard machinery for video world-action models. What is speci ¢
to No-TWAM is that inference is tactile-aware: touch enters the closed loop on three time scales at once,
a re ex at sensor rate (the observed pathway of Eq. (7)), a prediction at chunk rate (the tactile foresight
denoised alongside video), and a task clock at event rate (the tactile-punctuated scheduler of ¥2.3.3).

2.3.1 Streaming and deployment

The rolling cache commits in the frame-id causal order of training, with an attention window aligned to
the training window. Following observation-grounded streaming of the video stream, we extend the same
grounding to touch: as real frames and real tactile readings arrive, they replace the corresponding predicted
entries, so the rolling context stays anchored to what the robot actually saw and felt on one timeline. The
observed tactile pathway of Eq. (7) sits outside the denoising loop, so its conditioning can be refreshed at
sensor rate between chunk-level re-predictions. The rst chunk has no committed history, so its rst frame
is clamped to the observed initial frame, and the paired action is the zero delta of the chunk-start anchor;
alternatively, the rst frame can be left free and denoised from noise like any other frame.

2.3.2 Real-timeinference

Three properties of No-TWAM enable its inherited rolling generation, caching mechanism, and asynchronous
pipeline to operate in real time even at the 7B-parameter scale: (1) The cascade imposes a one-way dependency
within each action chunk: neither the video queries nor the tactile queries attend to the actions in the current
chunk. Consequently, once the prediction phase has completed denoising the future video and tactile signals,
their per-layer keys and values remain unchanged throughout the subsequent action loop. The asymmetric
MoT architecture makes this strategy computationally e ective: we cache these keys and values and only
re-run the lightweight action expert at each action denoising step. (2) The predicted video and tactile latents
share one denoising-step schedule, advancing under the same scalar timestep at every step of the prediction
loop, while the action uses an independent schedule in its own loop. The action branch can therefore adopt a
shorter denoising schedule without incurring the per-step computational cost of the video expert. (3) Across
successive chunks, a rolling history cache reuses previously committed chunks, while the asynchronous pipeline
predicts the next chunk as the robot executes the current one. As long as the computation for the next chunk
ts within the execution window of the current chunk, the inference latency can be hidden behind robot
execution. As an optional deployment-time con guration, the model backbone can also be served at reduced
precision. The linear layers in each expert operate in FP8, or NVFP4 on Blackwell-class hardware, while
numerically sensitive operations (including the attention QKV projections and softmax, normalization layers,
and output heads) remain in bfl6. This strategy reduces the memory footprint and matrix-multiplication
cost of the dominant video expert while having a negligible e ect on the action output. The additional
computational cost introduced by the tactile modality is negligible. The predicted contact signal is generated

in the same forward pass that already performs scene prediction, while the observed branch in Eq. (7) consists
only of a lightweight cross-attention module that is refreshed at sensor rate outside the denoising loop.

2.3.3 Long-horizon execution via tactile punctuation

In long-horizon tasks, a single episode-level instruction does not tell the model which stage of the task the
robot is currently in. Mid-task observations are often stage-ambiguous (a table halfway through make a cup
of tea looks much like the table before pouring), the attention window does not span the episode, and a
constant prompt carries no information about the current stage, so the text pathway goes unused within a



task and the policy stalls, repeats a step, or skips ahead. The missing structure already lives in the tactile
stream: sub-tasks are delimited by contact events (a grasp begins at contact onset and ends at release; a pour
begins when the vessel is loaded and ends when it is set down), between which touch is steady and at which it
changes sharply. The tactile stream is naturally punctuated, and inNo-TWAM touch is already a stream the
model observes and predicts, so we let the same signal structure the task on both sides of training (Fig. 5).

Figure 5 Tactile-punctuated long-horizon execution. (a) Training: a long-horizon demonstration, drawn as gripper
aperture and tactile magnitude kfk over time, is segmented at contact events into sub-task clips. The tactile trace
also reports whether each grasp succeeds: a gripper can close without loading any force, so a failed grasp shows an
aperture dip but no tactile rise, and the one signal that delimits sub-tasks also con rms them. Each clip is labeled
with a short instruction ( Pick up the Cup, Pour the Tea, ...) and post-trained through the existing text pathway.

(b) Inference: a lightweight scheduler holds the sub-task queue; No-TWAM runs on the current sub-task prompt and
executes it, and when tactile feedback signals the sub-task is complete the scheduler advances to the next prompt,
looping through the queue.

Segmenting demonstrations. We segment long-horizon demonstrations using tactile punctuation, primarily
detecting contact-onset and release events from changes in tactile signals, with gripper aperture used as
a fallback when necessary. The full demonstration is thereby divided into multiple sub-task clips. This
approach extends keyframe-based imitation learning§0] to contact events. Because a grasp produces a rise
in tactile signals only after the gripper has actually made contact with an object, the same tactile reading
can also distinguish a successful grasp from a gripper that closes on nothing (Fig. 5a). Thus, a single signal is
su cient both to segment the demonstration and to verify task success. We use Gemini 3.5 Flash1[9] to
generate a short sub-task instruction for each clip, with human spot checks, and during post-training each
clip is conditioned on its own corresponding sub-task instruction.

Advancing sub-tasks at inference. Touch is not only observed and predicted by the model, but also connected
to the inference-time planner. At inference, a lightweight scheduler maintains a queue of sub-tasks and
advances to the next prompt when the current sub-task completes (Fig. 5b). Completion combines the model's
two tactile roles: the predicted future tactile signal triggers the advance one step early, and the corresponding
release or contact-onset event in the observed tactile stream then con rms it before the switch is committed.
The sub-task sequence can be xed in advance for repeatable tasks or generated by a vision language planner
in open-ended settings [, 48]; in either case, the tactile-event detector decides when to advance from the
actual execution, and each advance re-seeds the streaming context with the next prompt, matching the
per-clip conditioning used in training.

3 Data

No-TWAM is trained on NeoData [6], and this section covers only what the model consumes and how it is
produced. We rst summarize the slice of the dataset we use (Y3.1), then the o ine pipeline that turns raw
episodes into the latent tokens the model operates on (Y3.2).



3.1 Dataset

NeoData is a large multi-robot manipulation corpus of over 30000 hours, spanning six embodiments and 450
contact-rich tasks, in which a large fraction of the episodes carry synchronized per- nger tactile alongside
multi-view RGB. Tactile coverage at this scale is what separates it from vision-only pre-training corpora,
and is what lets No-TWAM learn to predict contact rather than only appearance. We refer to the NeoData
report [56] for the collection system, sensors, curation, and full statistics; the real-robot post-training episodes
use the InTac S1 visuotactile sensors described in Y4.2.

3.2 Data processing

Latent encoding. To train e ciently at the scale of 10 ° frames, we encode both the camera views and the
tactile streams with a single frozen causal video VAE §9], treating each tactile stream as a small video so

that touch shares the latent space of vision, and we encode the language instruction with a frozen umT5
text encoder. All of these inputs are converted to latents once during preparation and cached to disk, so the
encoders never run in the training forward pass.

Chunking. Each episode is segmented into xed windows of 33 latent frames, the unit over which the chunked
cascade of Y2.1 operates. A window spans 387 raw frames at 30 fps, subsampled to 129 frames at 10 fps and
compressed to 33 latent frames by the VAE's 4 temporal downsampling. Consecutive windows advance by

a stride of 24 latent frames, leaving a 27% overlap that keeps segment junctions covered, and tail windows
are right-aligned to the episode end. A one-time validation pass records which windows are complete across
all required modalities, and only complete windows are used for training.

Uni ed action space. To train one policy across heterogeneous robots, every embodiment's action is
canonicalized into a single 20-dimensional end-e ector space, 10 per arm. Every embodiment is recorded
with end-e ector pose; the position and 6D-rotation targets are formed as the chunk-anchored deltas of Y2.1
while the gripper is kept absolute, and actions are normalized per robot rather than globally, with quantile
clipping on the heavy-tailed gripper channel.

Contact-event stage segmentation. For the long-horizon pipeline of ¥2.3.3 we also mark stage boundaries
within a demonstration, with the tactile stream as the primary signal: most transitions in contact-rich tasks
(‘rst contact, loss of contact, slip, an insertion seating) show up as a sharp change in the tactile reading.
Where the tactile cue is weak or ambiguous, we fall back to the gripper aperture, which reliably marks grasps
and releases, and a nal human check corrects the remaining boundaries. This keeps the sub-task labeling
and inference-time scheduling of Y2.3.3 keyed on meaningful contact events.

4 Training and Experiments

4.1 Implementation Details

Pre-training. We pre-train the world-action model on tens of thousands hours of manipulation, from the
multi-robot corpus of Y3: real-robot demonstrations across six embodiments (ARX5, UR, Flexiv, Franka,
PIiPER and hand-collected UMI) data. Each clip provides multi-view RGB pre-encoded with the Wan2.2 VAE
at4 temporal and 16 spatial compression, a synchronized predicted tactile stream, and the 20-D bimanual
delta end-e ector action. The training objective is the multi-modal ow-matching loss of Eq. (3): video, touch,
and action are trained with equal 1:1:1 modality weights; every latent-frame group is noised independently,
with one noise level shared across a frame's spatial tokens for video and tactile, and across the action steps
aligned with that frame for action. At this stage tactile enters only as the predicted foresight target (Y2.2),
while the observed tactile pathway is disabled, so pre-training concentrates capacity on predicting future
vision and contact at scale. We follow a two-stage curriculum: the model is rst pre-trained on the real-robot
data to convergence, then continued from that checkpoint with UMI data mixed in (about 60% of the batch).
The video expertis a 5B video-di usion transformer of the Wan2.2-TI2V-5B family [ 65], warm-started from
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LingBot-VA [ 45], while the action and tactile experts are trained from scratch. We optimize with Adamw

at a learning rate of 10* and weight decay 01 for 30,000 steps, about 2 epochs, at an e ective batch of
512. Training runs on 128 NVIDIA H800 GPUs under FSDP2 with bf16 mixed precision, and the optimizer
updates only the MoT backbone since the tokenizer and text encoder are frozen. We hold out 3% of each
task's data as a validation split and score a random subset of it at each validation pass.

Tactile encoder (NeoForce). The observed tactile pathway (Y2.2.2) uses a ViT-B backbone initialized from
DINOvV2 [59] and shared across the patchi ed visual and tactile streams, and each input is a chunk of 4
synchronized RGB frames and tactile force maps. We rst pre-train NeoForce on 200 real-robot and Neo
TacUMI demonstrations spanning 30 tasks p6], for 100,000 steps on 8 NVIDIA A100 GPUs at a learning rate
of 2 10% . No-TWAM then loads that checkpoint and ne-tunes the encoder with the action loss during
post-training.

Post-training. For each downstream setting, we adapt the pre-trainedNo-TWAM checkpoint to task-speci ¢
demonstrations while preserving the multi-modal ow-matching cascade. Each demonstration is segmented
into synchronized windows of multi-view RGB, language, action, and tactile, with RGB and language
pre-encoded as Wan-VAE latents and text embeddings so that optimization focuses on the transformer and
tactile-conditioning modules. The action is chunked at a horizon of 24 steps, 12 per latent frame. The
observed-tactile encoder di ers by domain: on real robots it is the NeoForce force-space encoder above, while
in simulation, where the signal is not produced by a real sensor, it is a lightweight encoder trained from
scratch.

Observed tactile readings condition action prediction (Y2.2): the current-frame tactile latent is embedded
by the zero-initialized observed pathway and cross-attended into the action expert under a chunk-causal
mask, so these clean condition tokens are visible to action queries, never enter the video stream, and are not
themselves a denoising target; the pretrained force-space head of Y2.2 plugs into the same port. In parallel,
predicted tactile latents remain a denoising target under the cascade, so the action expert draws on both
predicted future contact and observed current contact.

Condition dropout. During training we randomly drop the language and tactile conditions, each with
probability 0:1, by two di erent mechanisms. Dropping language follows the standard classi er-free recipe,
replacing the text embedding with a learned null embedding. Dropping tactile instead uses absence rather
than zeroing: on a dropped sample no tactile tensor is passed at all, so the tactile tokens do not appear in the
attention sequence, the tactile modules receive no gradient, and that step trains the pure video action model.
This absence design has three consequences. First, it uni es deliberate dropout with genuinely tactile-less
data: episodes from embodiments without tactile sensors train through exactly the same interface. Second,
the model learns the marginal, vision-only policy alongside the tactile-conditional one, so if a sensor fails or is
absent at deployment the policy degrades to its vision-only self instead of reacting to an out-of-distribution zero
input. Third, it exposes a classi er-free-guidance knob at inference: the gap between the tactile-conditional
and unconditional action predictions measures, and can amplify, how much the policy listens to touch. In all
reported evaluations we leave this knob atw=1 (no tactile CFG ampli cation); the vision-only fallback it
enables is probed in Y4.4.

Optimization. Post-training data use the LeRobot dataset format, and the real-robot con guration uses
three RGB cameras and up to four tactile streams. The objective sums the video-latent, predicted-tactile, and
masked-action denoising losses at equatI1 weights. We ne-tune all transformer parameters, including the
observed tactile encoder, with Adamw at a learning rate of 1¢* and weight decay 01, bf16 mixed precision,
and gradient clipping at 2:0; task-speci ¢ runs use one sample per GPU, four-step gradient accumulation,
and 1000 optimizer steps unless noted.

4.2 Evaluation Protocol

Benchmarks and metric. We evaluate on three suites: UniVTAC [L5], a public tactile-manipulation simulation
benchmark (eight tasks); NeoSim §€], our in-house simulation suite (twelve tasks, four single-arm and eight
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Table 2 Success rate (%) on the UniVTAC simulation benchmark (eight tasks). Methods are grouped into vision-
language-action (VLA) policies and world-action models (WAM); the best per column is in bold.

Insert Insert Insert Grasp Lift Lift Pull-out  Put Bottle
Method HDMI Hole  Tube Classify Can Bottle Key in Shelf Avg.

Vision-language-action (VLA)

o5 [7] 8 25 74 49 6 100 35 34 41.4
StarVLA- [81] 24 52 69 68 65 32 51 88 56.1
InternVLA-AL [11] 12 93 95 86 90 58 66 37 67.1
Xiaomi-Robotics-0 [12] 69 96 98 45 13 21 80 12 54.3

World-action models (WAM)

GigaWorld-Policy [79] 0 12 9 20 0 38 32 21 16.5
LingBot-VA [45] 38 42 96 17 0 0 58 0 31.4
FastWAM [86] 19 66 98 72 0 21 73 35 48.0
No-TWAM (Ours) 68 99 98 94 93 58 79 87 84.5

dual-arm); and a real-robot suite of eight real-world contact-rich manipulation tasks, four on the dual-arm
PIPER and four on the single-arm Flexiv, six of which are drawn from NeoReal $6]. We report task success
rate (%) and its task average (a macro average, weighting every task equally regardless of trial count); the
best per column is bold. Each simulation task is evaluated over 100 trials and each real-robot task over 20
trials, every trial starting from a randomized initial con guration; the reported success rate is the fraction of
successful trials, with success given by the benchmark-de ned completion check in simulation and by a xed
per-task criterion judged by the operator on the real robots.

Closed-loop action decoding. All methods are evaluated closed-loop under the asynchronous receding-horizon
protocol of Y2.3. At each control cycle the policy consumes the current multi-view RGB together with the
rolling history cache and the current observed-tactile latent, runs the cascade once to predict the future scene
and contact, and denoises a single action chunk 16 steps of the uni ed 20-D bimanual delta end-e ector
action with the slim action expert on its own short denoising schedule. Chunks are executed asynchronously,
the robot running the current chunk while the next is predicted, and the observed-tactile condition is refreshed

at sensor rate between chunk-level re-predictions; a trial terminates on task success or when it reaches a
per-task step budget of 1:5 the length of that task's training demonstrations.

Baselines. We compareNo,-TWAM against two kinds of baselines: world-action models and recent strong
vision-language-action (VLA) models. The world-action baselines are LingBot-VA, the uni ed video world-
action backbone our model builds on 45]; FastWAM, a MoT world-action model [ 86]; and GigaWorld-Policy,
an e cient action-centered world-action model [79], all vision-only without tactile. The VLA baselines are
os [7], StarVLA- [81], InternVLA-A1 [ 11], and Xiaomi-Robotics-0 [L2]. Coverage varies by suite and each
gure and table lists the methods it includes: .5, the strongest VLA, is run on all three suites.

Real-robot tasks and sensor. All real-robot experiments use the InTac S1 visuotactile sensor (Shanghai Xinzhi
Embodied Intelligence Technology Co., Ltd. / NeoteAl), mounted on two embodiments: a dual-arm PiPER
and a single-arm Flexiv. Our post-training suite has eight contact-rich tasks (Fig. 8), each with tactile-critical
decision points (secure grasp, incipient slip, rst contact, jamming, support transfer, nal seating) that
external cameras often cannot resolve. The dual-arm PIPER runs Cup Stacking, Board Wiping, Making
Lemon Tea, and Bag Packing; the single-arm Flexiv runs Fruit Collection, Bottle Standing, Socket Plugging,
and Hanoi Tower. Making Lemon Tea and Hanoi Tower are long-horizon tasks (Y2.3.3).
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4.3 Main Results

Following the evaluation protocol of Y4.2 (benchmarks, metric, and baselines), we report per-benchmark
results below, with the best per column in bold.

Simulation on UniVTAC. On the public UniVTAC tactile-manipulation benchmark (Table 2) we compare
against vision-language-action (VLA) policies and world-action models (WAM).

No-TWAM reaches the highest average success (B%), about 17 points above the strongest baseline of
any kind (InternVLA-A1, 67 :1%). Notably, the vision-only world-action baselines trail even the VLA policies
here (LingBot-VA 31:4, FastWAM 48:0, GigaWorld-Policy 16:5): predicting the future scene is not enough
for tasks de ned by contact. Making tactile native to the world-action model is what closes that gap, lifting
No-TWAM past the VLA policies and the vision-only world-action baselines alike.

Simulation on NeoSim. Table 3 reports per-task results on NeoSim, our in-house simulation suite.

Table 3 Per-task success rate (%) on the NeoSim simulation suite (four single-arm and eight dual-arm tasks). Methods
are grouped into vision-language-action (VLA) policies and world-action models (WAM); the best per row is in bold.
FastWAM and the ACT baseline were not run on NeoSim.

Vision-language-action (VLA) World-action models (WAM)
Task o5 StarVLA- InternVLA-A1 Xiaomi-Robotics-0 GigaWorld-Policy LingBot-VA N o-TWAM
Single-arm
Insert USB 74 72 36 62 34 31 100
Grasp Chip 86 93 12 49 71 77 92
Unplug & Plug Charger 23 0 0 5 3 0 0
Pour Ball 92 32 47 52 0 37 63
Dual-arm
Bowl Unstack 3 17 0 0 0 18 72
Cup Stack 22 0 0 0 12 20 12
Insert Screw 26 8 0 0 0 18 29
Place Gears 18 0 0 0 0 0 0
Cup Handover 13 25 0 0 0 0 14
Plate Stack 96 0 0 0 0 93 98
Bowl Stack 93 0 8 42 0 67 97
Cup Unstack 3 31 0 71 9 24 16
Average 45.8 23.2 8.6 23.4 10.8 321 49.4

On NeoSim,No-TWAM (49:4 average) is the best method overall, ahead of the strongest baseling
(45:8), and leads by a clear margin on the contact-heavy stacking and insertion tasks (Insert USB, Bowl
Unstack, Plate Stack, Bowl Stack). The tactile advantage is smaller here than on real robots: the simulated
tactile is not the sensorNo-TWAM was pretrained on, so its observed pathway falls back to the lightweight
sim encoder rather than the NeoForce force-space representation (Y2.2.2). The real-robot results below are
where native touch matters most.

Real-world results. Figure 7 reports task-level success on our eight-task real-robot suite, six of them drawn
from NeoReal. We compare against ¢.5, the strongest VLA policy in our simulation experiments, and the
world-action baselines LingBot-VA and FastWAM.

Overall ordering. Across the eight real-robot tasks,Nqo-TWAM is best overall, with a macro average of
46:3% against 300% for .5, 21:9% for LingBot-VA, and 14:4% for FastWAM. o5 is the strongest baseline,
and LingBot-VA, which retains the full video world-action prior, comes next, while the e ciency-oriented

FastWAM trails both. The margin is not uniform. It is largest exactly where success hinges on a hidden
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Figure 6 Qualitative simulation rollout (Insert Hole): the model's predicted future (top) against the ground-truth rollout
(bottom). In each block the multi-view RGB scene sits above its tactile stream; the predicted scene and contact track
the real execution across the insertion.

0:5 LingBot-VA FastWAM No-TWAM
80
70 70
< 60 60 60 .
S 50 50
© 45
g 40 40 40 40 40 .
» 30
& 25 25
8 20 20 20 20 20
=4 15 15 15 15
0 10 10
5
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Fruit Hanoi Bottle Socket Making Cup Bag Board
Collection Tower Standing Plugging Lemon Tea Stacking Packing Wiping

Figure 7 Per-task success rate (%) on the real-robot suite, eight contact-rich tasks, four methods each (bar value on
top; No-TWAM in blue). The methods are the vision-language-action policy o5 [7] and the world-action models
LingBot-VA [ 45] and FastWAM [ 86]. Macro average (equal weight per task): No-TWAM 46:3, o5 30:0, LingBot-VA
21:9, FastWAM 14:4. Six of the eight tasks are drawn from the NeoReal benchmark [56].

contact state a camera cannot resolve: standing a bottle upright by observing its weight shift (Bottle Standing,
70 vs. 20 for the best baseline), seating a plug (Socket Plugging, 70 vs. 60), a secure ne grasp (Fruit
Collection, 60 vs. 50), and wiping under sustained contact load (Board Wiping, 55 vs. 40). On the two tasks
whose outcome is set by visually guided placement rather than contact, .5 matches or edgeiNy-TWAM
(Cup Stacking, 45 vs. 50; Bag Packing, 15 vs. 20), consistent with the gain coming from touch rather than
from task length alone. Each real-robot number is a success rate over 20 trials, so a per-task rate carries a
binomial standard error of up to  11%; we therefore read individual per-task gaps as indicative and rely on
the consistent direction across tasks and the task-averaged margin.

Why No-TWAM leads. No-TWAM retains the strong video action prior, but adds touch to the control loop
in two complementary forms. The predicted tactile expert co-denoises future contact with future video, and
the causal cascade lets the action expert read this committed tactile future before producing the next action
(Y2.2). This anticipatory path helps the policy avoid actions whose visual outcome appears plausible but
whose predicted contact is inconsistent with a stable grasp or insertion. In parallel, the observed pathway
injects the current force-space tactile representation directly into the action expert (Y2.2.2), providing a
short-latency correction signal for slip, shear, asymmetric contact, and excessive pressure. The two paths
therefore address di erent failure modes: tactile foresight reduces errors before contact is committed, whereas
observed touch supports recovery after contact begins.

The implementation preserves the pretrained policy while adding these signals. Touch uses private expert
weights and exchanges information with vision and action only through shared attention, preventing sparse,
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