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Figure 1: Overview. TACO is a tactile-aware world-model-driven framework for scalable VLA
post-training. Given real-world rollouts, TACO follows a Recognize–Imagine–Label loop to identify
failure-adjacent states, generate local visuo-tactile corrections, and label corrective actions. These
corrections are used for advantage-conditioned post-training with knowledge-insulated tactile adap-
tation, improving contact recovery without repeated human intervention.

Abstract: Vision-Language-Action (VLA) models have shown promising gener-
alization in robotic manipulation, but they still struggle with contact-rich tasks,
where minor contact perturbations can cause unrecoverable failures that are hard
to detect from vision alone. Since these failures are localized rather than task-
level semantic errors, tactile-aware corrective post-training offers an efficient way
to improve recovery. However, scaling such supervision through human interven-
tion is costly. Recent works have explored world models to synthesize imagined
rollouts for policy improvement, but vision-only world models may produce visu-
ally plausible yet contact-inconsistent trajectories. We therefore introduce TACO,
a tactile-aware world-model-driven framework for scalable VLA post-training in
contact-rich manipulation. Given real robot rollouts, TACO follows a Recognize–
Imagine–Label loop with a tactile-aware world model: a unified progress-action
model recognizes failure-adjacent states using progress estimates, a visuo-tactile
generation model imagines local correction segments, and the progress-action
model labels them with executable corrective actions. To incorporate tactile cor-
rective supervision into VLA post-training, TACO combines knowledge-insulated
tactile adaptation with advantage-conditioned training, enabling the policy to
learn from imagined corrections without degrading pretrained visual-language pri-
ors. These components enable TACO to convert real-world failures into imagined
visuo-tactile corrections for iterative VLA post-training. Experiments on real-
world contact-rich manipulation tasks show that TACO achieves 44% absolute
success rate improvement over the base policy and 32% over the policy without
knowledge-insulated tactile adaptation.
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1 Introduction

Vision-Language-Action (VLA) models have recently shown promising progress in robotic manip-
ulation by transferring vision-language priors to robot action generation [1, 2, 3, 4, 5, 6, 7, 8, 9, 10,
11, 12, 13], but remain fragile in contact-rich tasks, where minor contact perturbations can cause un-
recoverable failures. In real-world rollouts, such failures often occur near contact transitions, where
visual observations change only slightly while tactile signals shift significantly due to slippage, in-
sufficient pressure, or abnormal torque. For example, in Wipe Whiteboard, the eraser may cover the
target mark without enough force to remove it; in Twist Bottle Cap, the gripper may align with the
cap but fail to generate effective twisting torque. These failures are localized rather than semantic:
the policy knows what to do, but cannot recover when contact shifts unexpectedly. This suggests
that tactile-aware corrective post-training can improve recovery from localized contact failures by
focusing supervision on contact-sensitive stages rather than entire trajectories.

However, collecting corrective demonstrations through human intervention is difficult to scale, as
it requires repeated monitoring and manual recovery at failure states [14, 15, 16, 17, 18, 19, 20,
21], making large-scale post-training expensive. Recent works therefore explore world models to
synthesize additional imagined rollouts for policy improvement [22, 23, 24, 25, 26, 27, 28, 29]. Yet
vision-only world models remain unreliable in contact-rich settings, as visually plausible rollouts
may still contain inconsistent contact dynamics. This motivates a tactile-aware world model that
aligns visual evolution with tactile dynamics when imagining local corrective segments.

Motivated by these observations, we propose TACO, a tactile-aware world-model-driven framework
for scalable VLA post-training in contact-rich manipulation. Given real robot rollouts, TACO uses
a tactile-aware world model for a Recognize–Imagine–Label procedure. First, a unified progress-
action model recognizes failure-adjacent states by estimating progress from visual and tactile sig-
nals. Then a visuo-tactile generation model imagines correction segments by jointly denoising fu-
ture video and force sequences, with temporal RoPE aligning video and force tokens within self-
attention. Finally, the same progress-action model labels the imagined segments with executable
corrective actions, producing tactile-aware supervision for post-training.

To incorporate tactile corrective supervision into VLA post-training, a key challenge is that naively
fine-tuning the full model may erode pretrained visual-language priors. TACO therefore adopts
knowledge-insulated tactile adaptation, which applies stop-gradient to isolate the pretrained VLM
backbone while routing tactile learning to the action expert [30]. To leverage failures and avoid
overfitting to successful trajectories, TACO further adopts advantage-conditioned training as an
offline reinforcement learning objective [31, 32], with binary advantage labels separating corrective
segments from failures. These designs together enable an autonomous correction loop that converts
real-world failures into visuo-tactile corrections for iterative VLA post-training.

We evaluate TACO on six real-world manipulation tasks. TACO achieves 44% absolute success
rate improvement over the base policy and 32% over the policy without knowledge-insulated tac-
tile adaptation. Ablation studies further validate the generation and effectiveness of the imagined
correction data. In summary, our main contributions are as follows:

1) We develop a tactile-aware world model with a visuo-tactile generation model that jointly de-
noises video and force sequences via temporal RoPE alignment, and a unified progress-action
model that predicts progress and corrective actions from visual and tactile signals.

2) We propose an iterative Recognize–Imagine–Label framework for supervision generation, which
recognizes failure-adjacent contact states, imagines visuo-tactile corrections, and labels the ac-
tions needed for recovery.

3) We introduce knowledge-insulated tactile adaptation for VLA post-training, which incorporates
tactile corrective supervision without eroding pretrained visual-language priors, together with
advantage-conditioned training to separate corrective segments from failures.
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Figure 2: TACO framework. TACO follows an iterative Recognize–Imagine–Label loop over real-
world rollouts: it identifies failure-adjacent states, imagines visuo-tactile recovery segments with a
tactile-aware world model, and labels the corresponding actions. The resulting supervision is used
for advantage-conditioned post-training through knowledge-insulated tactile adaptation.

2 Related Work

World Models for Robot Learning. World models predict future observations or visual states, and
recent robot-learning methods use them to generate visual trajectories of task execution [22, 23, 33].
To turn imagined futures into policy-improvement signals, inverse dynamics models infer actions
from generated videos [34, 35, 36], while reward models provide dense feedback for failure local-
ization and rollout selection [37, 38, 39, 40, 41]. Recent works use world models as simulators
for RL-based policy refinement and policy post-training [42, 43, 44, 27, 25, 24, 45, 26, 46]. To-
gether, these components and frameworks close the loop between imagined experience and policy
improvement. Unlike prior methods that rely on long-horizon prediction or online human correc-
tion [14, 15, 16, 17, 18, 19, 20, 21], we use real rollouts to recognize failure states, imagine segments
with tactile estimation, and relabel them into corrective action data for iterative VLA post-training.

Tactile-Aware Robot Learning. Vision-Language-Action (VLA) and World Action Models
(WAM) have shown strong semantic grounding and task generalization, yet remain limited in
contact-rich manipulation due to the weak observability of physical interactions from vision alone.
Recent tactile robot policies incorporate contact feedback such as force–torque measurements and
visuo-tactile images to improve contact awareness, force-sensitive control, and physical ground-
ing [47, 48, 49, 50, 51, 52, 53, 54, 55, 56, 57, 58, 59, 60]. Beyond policy conditioning, recent
visuo-tactile world models further show that tactile signals can improve the physical fidelity of
imagined rollouts, suggesting that touch should be modeled as part of the environment dynamics
rather than used only as an auxiliary policy input [61, 62]. However, naively adding tactile inputs
can impair pre-contact perception and grounding [63]. We address this by using tactile feedback for
both tactile-aware action prediction and force-conditioned world-model imagination. Our training
recipe further protects pretrained VLM representations from tactile-action losses [30], preserving
VLA priors during tactile corrective supervision.

3 Method

TACO is a tactile-aware world-model-driven framework for scalable VLA post-training in contact-
rich manipulation. Given real robot rollouts, TACO converts real-world failures into visuo-tactile
corrective supervision through a Recognize–Imagine–Label loop: recognizing failure-adjacent
states, imagining local correction segments, and labeling executable corrective actions. The tactile-
aware world model and iterative correction paradigm are described in Sections 3.1 and 3.2, followed
by knowledge-insulated tactile adaptation for VLA post-training in Section 3.3.
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3.1 Tactile-Aware World Model

The tactile-aware world model converts failure-adjacent states into local visuo-tactile corrections
for VLA post-training. It combines a visuo-tactile generation model for joint video-force denoising
with a unified progress-action model for progress estimation and corrective action prediction.

Visuo-Tactile Generation Model. The visuo-tactile generation model produces correction seg-
ments from failure-adjacent states via joint video-force denoising. Built on Wan2.2-TI2V-5B [64],
it is first fine-tuned on broad robot trajectories for visual fidelity and robot-scene consistency, then
adapted to contact-rich demonstrations with sliding windows.

Given video latent tokens Xv ∈ RB×Nv×d and a force sequence F ∈ RB×T×12, where B, Nv , T ,
and d denote the batch size, number of video tokens, force length, and hidden dimension, respec-
tively, we tokenize force signals as Xf = Tη(F ) ∈ RB×T×d. The 12 force dimensions correspond
to concatenated left/right 6-DoF force-torque readings. We concatenate video and force tokens as
X = [Xv;Xf ] ∈ RB×(Nv+T )×d, enabling bidirectional video-force interaction within DiT self-
attention. After denoising, the outputs are decoded into future video and 12-D force trajectories.
For training, video and force share the same sampled denoising timestep. Let (ξv1 , ξ

f
1 ) denote clean

video-latent and force segments, and (ξv0 , ξ
f
0 ) denote the corresponding Gaussian noise. The model

predicts video and force flow fields uvψ and ufψ with the joint flow-matching loss:

Ljoint =
∥∥uvψ − (ξv1 − ξv0 )

∥∥2
2
+ λf

∥∥∥ufψ − (ξf1 − ξf0 )
∥∥∥2
2
,

where λf balances the force-denoising term.

We introduce temporal RoPE alignment and first-frame force anchoring for stable video-force joint
denoising. Since Wan2.2 applies RoPE over a 3D video latent grid, while force tokens only contain
temporal force-torque information, we align each force token to the video latent temporal axis.
Given force-token length T and video latent temporal length f , the i-th force token is assigned

ρ(i) = round

(
i

T − 1
(f − 1)

)
, i = 0, . . . , T − 1.

Each force token uses temporal RoPE at ρ(i) with spatial RoPE set to 1 + 0j; we keep F0 ∈ R12

clean as a first-frame anchor to reduce contact-state ambiguity and stabilize prediction.

Unified Progress-Action Model. Given an RGB frame It and force-tactile signal Ft ∈ R12, the
model predicts a corrective action and task progress as (ât, p̂t) = Uϕ(It, Ft), where ât ∈ R7 and
p̂t ∈ [0, 1]. It uses a DINOv2 [65]-based visual pathway with a direction-aware decoder for spatial
grounding, and an MLP-based tactile pathway for normalized 12-D force-torque encoding. The
fused embedding [zvt ; z

f
t ] is passed to an action head ât = ha([z

v
t ; z

f
t ]) and a progress head p̂t =

σ(hp([z
v
t ; z

f
t ])). This joint design allows contact cues to guide both corrective action generation and

progress estimation. We train it with a joint action-progress objective:

LUPA = SmoothL1(ât, at) +mt∥p̂t − pt∥22,
where mt indicates whether a valid progress label is available. The unified progress-action model
therefore labels imagined correction segments with both corrective actions and progress values for
advantage-conditioned VLA post-training.

3.2 TACO Iterative Correction Framework

Recognize Failure-Adjacent States. At iteration k, we deploy the current policy π
(k)
θ to collect

robot rollouts. Rather than treating rollout states uniformly, TACO recognizes failure-adjacent states
where task progress stalls or decreases. Given a rollout τ , the unified progress-action model predicts
a dense progress score pt at each timestep. We then select correction anchors as S(k)anchor = {(τ, t) |
τ ∈ D(k)

roll, pt+∆ − pt < ϵ}, where ∆ is a short window and ϵ a progress threshold.

Imagine Visuo-Tactile Corrections. Starting from each anchor state, TACO imagines a local cor-
rection over T = 49 timesteps. Specifically, the visuo-tactile generation model denoises future video
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Figure 3: Tactile-Aware World Model architecture. The world model imagines visuo-tactile cor-
rection segments through joint denoising, aligns force tokens with video latent tokens via temporal
RoPE, and converts the imagined rollouts into corrective actions.

and force sequences conditioned on the current visual observation, force, and language instruction,
producing a locally plausible correction segment (Ît:t+T , F̂t:t+T ) ∼ Gψ(· | It, Ft, l) that captures
both visual evolution and contact-force dynamics around the failure-adjacent state.

Label Actions. Finally, TACO labels each imagined visuo-tactile segment to turn it into executable
supervision. Given the imagined visual and tactile signals, the unified progress-action model predicts
actions and dense progress scores as (ât:t+T , p̂t:t+T ) = Uϕ(Ît:t+T , F̂t:t+T ). We assign a binary
advantage label yt ∈ {0, 1} to distinguish recovery-oriented corrections from initial failed segments,
where yt = 1 denotes a valid correction and yt = 0 denotes an initial failure. These labels serve as
recovery supervision for advantage-conditioned VLA post-training.

3.3 Knowledge-Insulated Tactile Adaptation

At each iteration, we post-train the VLA with original demonstrations, real rollouts, and imagined
corrections. Directly optimizing the entire VLA on tactile-heavy correction data can degrade the
pretrained visual-language knowledge needed for pre-contact perception and grounding. To avoid
this, TACO blocks tactile-action gradients from updating the pretrained VLM backbone and con-
fines tactile-aware learning to the action expert. Specifically, image, language, and state tokens are
encoded as VLM prefix tokens, while force history and advantage are injected only into the ac-
tion expert through adaRMSNorm conditioning. Only the tactile encoder, adaptation layers, and
action expert are optimized during post-training. After post-training, the updated policy π

(k+1)
θ is

deployed again to collect new rollouts, forming a closed real-to-imagine-to-real loop that progres-
sively reduces contact-sensitive failures.

Advantage-Conditioned Post-Training. We train the action expert with force and advantage condi-
tioning to distinguish high-progress corrections from stalled or ambiguous behaviors. Given a noisy
action chunk xσ = σϵ+ (1− σ)at, the action expert predicts the flow velocity under classifier-free
guidance:

Lπ = E
[
∥uθ(xσ, σ | zt, c̃adaRMS)− (ϵ− at)∥22

]
, cadaRMS = ct + λfcf + λaca.

Here, zt denotes the VLM prefix representation, ct is the flow timestep condition, and cf and ca
are force and advantage conditions encoded from force history and segment advantage, respectively.
During training, c̃adaRMS is obtained by randomly replacing cadaRMS with a null condition, allowing
the action expert to learn both conditional and unconditional predictions. At inference time, we use
the positive advantage condition to encourage high-progress tactile recovery behaviors.

4 Experiments

Section 4.1 introduces the experimental setup. Section 4.2 reports results on real-world tasks through
two iterations of post-training, while Section 4.3 presents ablation studies of key components. Sec-
tion 4.4 analyzes action distributions and OOD generalization.
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Method Insert
Flower

Wipe
Whiteboard

Twist
Bottle Cap

Play
Xylophone

Toast
Bread

Move
Hanoi Rings Ave

SR CS SR CS SR CS SR CS SR CS SR CS SR CS

Base Policy 0.50 250 0.51 151 0.45 131 0.46 132 0.30 183 0.08 266 0.38 185.5

Iteration 1

Filtered BC 0.55 274 0.54 120 0.50 62 0.49 128 0.32 189 0.07 120 0.41 148.8
TACO (w/o KI) 0.55 233 0.33 100 0.55 58 0.58 144 0.48 193 0.42 201 0.49 154.8
TACO 0.70 207 0.55 95 0.85 56 0.63 115 0.70 184 0.51 194 0.66 141.8

Iteration 2

Filtered BC 0.52 289 0.57 133 0.48 79 0.51 125 0.36 177 0.11 130 0.43 155.5
TACO (w/o KI) 0.62 223 0.35 98 0.65 51 0.52 120 0.51 191 0.37 196 0.50 146.5
TACO 0.93 169 0.65 87 0.98 52 0.78 97 0.81 177 0.79 184 0.82 127.7

Table 1: Quantitative Results on Real-World Tasks. We report success rate (SR) and completion
steps (CS) for six contact-rich manipulation tasks. Iteration 1 and Iteration 2 denote the first and
second rounds of post-training, respectively. Ave reports the mean SR and CS across all tasks.

4.1 Experiment Setup

Data Collection. We evaluate TACO on real-world contact-rich manipulation tasks using a single-
arm Franka Research 3 robot, equipped with a front-view camera and two Xense tactile sensors
mounted on the gripper. We perform six tasks: 1) Insert Flower, 2) Wipe Whiteboard, 3) Twist
Bottle Cap, 4) Play Xylophone, 5) Toast Bread and 6) Move Hanoi Rings. Each task includes 50
demonstration trajectories collected via SpaceMouse teleoperation.

Training and Evaluation Details. For each task, we first warm-start π0.5 [7] on the collected
demonstrations as the base policy. Then, we deploy the current policy to collect rollouts, generate
imagined correction data with the tactile-aware world model, and post-train on the demonstrations,
experience data, and imagined corrections. We run two iterations per task. Each method is evaluated
over 40 independent episodes per task with randomized tabletop object positions.

4.2 Main Results

Visualization of Imagined Correction Data. As shown in Figure 4, we compare real-world failure
rollouts (top) with the imagined corrections generated by the tactile-aware world model (bottom).
After recognizing the failure-adjacent states, the tactile-aware world model generates locally con-
sistent imagined correction data that predict the correct trajectory toward task completion. We take
two representative tasks as examples. In Move Hanoi Rings, the real rollout misaligns the ring with
the peg and fails to insert it, whereas the imagined correction adjusts the contact to align the ring and
seats it onto the peg; in Twist Bottle Cap, the real rollout contacts the cap but slips without effective
twisting torque, whereas the imagined correction maintains firm contact and completes the twist.
These corrections recover contact transitions that are weakly observable from RGB alone, yielding
the corrective supervision used for post-training.

Quantitative and Qualitative Results. As shown in Table 1, TACO consistently improves over
the base policy and baselines across two post-training iterations. After the second iteration, TACO
improves the average success rate by 44% over the base policy, 39% over Filtered BC, and 32% over
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Figure 4: Visualization of imagined correction data. The tactile-aware world model generates
locally consistent imagined corrections (bottom) that recover failed contact interactions (top).

Setting
Visuo-Tactile
Generation

Progress-Action
Model Val. Loss Progress Eval. Real

SR ↑
Input Output Input Output F ↓ A ↓ VOC ↑ FL ↑

w/o tactile generation V V V A+R+ F 0.004 0.025 0.78 0.87 0.28

w/o tactile labeling V + F V + F V A+R 0.002 0.038 0.88 0.90 0.65

TACO V + F V + F V + F A+R 0.002 0.019 0.94 0.95 0.82

Figure 5: Ablation Study. Left: Generation of Imagined Correction Data. V , F , A, and R denote video,
force, action, and progress, respectively. Validation losses are reported for force prediction (F ) and action
prediction (A). VOC denotes Video frame-wise progress rank correlation, FL denotes failure localization
accuracy, and Real SR denotes the real-world success rate. Right: Scaling of Imagined Correction Data.

the policy without knowledge-insulated tactile adaptation. Filtered BC yields only a modest gain,
as its filtered successful rollouts contain no recovery behavior at failure-adjacent contact states and
keep reinforcing the narrow demonstration manifold, so its improvement saturates across iterations.
In contrast, TACO preserves the pretrained visual-language priors through knowledge-insulated tac-
tile adaptation, while using imagined visuo-tactile corrections to supervise failure-adjacent contact
transitions. This enables the policy to both approach the target reliably and adjust contact force more
effectively, leading to higher success rates on contact-rich tasks. TACO also achieves fewer aver-
age completion steps on most tasks, indicating smoother execution with fewer pauses, redundant
motions, and indecisive contact transitions.

4.3 Ablation Study

Generation of Imagined Correction Data. As shown in Figure 5, we first validate the necessity
of tactile feedback in the tactile-aware world model. We compare our full model against two al-
ternatives: (a) a visual-only world generation setting, where the world model predicts future visual
observations without generating tactile trajectories; and (b) a tactile-free labeling setting, where
tactile trajectories are generated during imagination but are excluded from the progress-action la-
beling stage. For Real-World Experiment, removing tactile generation causes the success rate to
drop to 28%, indicating that visual imagination alone struggles to capture contact-state transitions
that are weakly observable from RGB observations. Excluding tactile feedback from the labeling
stage reduces the performance to 65%, suggesting that tactile signals are most effective when they
directly participate in corrective action and progress prediction rather than serving only as auxiliary
imagined observations. These results show that tactile feedback plays complementary roles in both
imagined dynamics generation and corrective labeling.

Scaling of Imagined Correction Data. As shown in Figure 5, we further evaluate the effectiveness
of imagined correction data in Insert Flower under the same training recipe. Compared with the
Base Policy, incorporating imagined correction data consistently improves the average success rate.
When increasing the real-to-imagined data ratio from 1:2 to 1:4 and 1:8, the success rate increases
from 70% to 93% and 97%, respectively. Notably, the 1:8 setting further outperforms 1:4, indicating
that larger-scale imagined corrections provide broader coverage of failure-adjacent contact states.
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Figure 6: Action Distribution Analysis. We project the end-effector poses (X-Y dimensions) from
40 successful rollouts under different configurations in Insert Flower task.

Figure 7: Generalization Performance. Generalization experiments under unseen backgrounds,
unseen objects, and unseen object positions.

These results show that imagined data effectively improves policy post-training while substantially
reducing the cost of correction data collection.

4.4 Analysis

Action Distribution Analysis. To further analyze how TACO improves action learning, we visual-
ize the action distributions on the Insert Flower task. During evaluation, the initial positions of the
flower and vase are fixed. Following the task setup, we project the end-effector (EE) poses along the
world-frame z-axis and compare their distributions in the x-y plane. For each policy, we collect 40
successful rollouts and record the EE poses. We compare five configurations: (a) expert demonstra-
tions, (b) base policy, (c) Filtered BC (d) TACO Iteration 1, and (e) TACO Iteration 2. As shown in
Figure 6, the base policy (b) exhibits a narrowly concentrated action distribution around the demon-
stration manifold, making it sensitive to accumulated execution errors. Filtered BC reinforces the
trajectories the base policy already covers therefore cannot expand beyond the original manifold,
whereas our method progressively yields a broader distribution across iterations (d, e), exposing the
policy to more diverse successful adjustment behaviors. These results suggest that TACO broadens
the action space of the policy beyond the narrow demonstration manifold, enabling it to recover and
complete the task even in scenarios unseen in the expert data.

Generalization Experiment. To evaluate whether TACO supports fast adaptation to unseen scenar-
ios, we assess the models under three distinct paradigms: Unseen Backgrounds, Unseen Objects, and
Unseen Positions. We compare the base policy, trained only on in-domain expert demonstrations,
with the policy updated by one round of TACO using out-of-domain (OOD) imagined correction
data. As shown in Figure 7, the base policy suffers clear degradation across all three shifts. In
contrast, TACO achieves consistently higher success rates after only one adaptation iteration: by
generating imagined correction data around OOD states, it exposes the policy to diverse success-
ful recovery behaviors without requiring additional expert demonstrations in the target scenarios.
Notably, these OOD settings lie outside the world model’s training distribution in vision, tactile,
and action, yet it still generates effective corrections, indicating that the tactile-aware world model
generalizes robustly beyond its training data. These results show that TACO not only improves in-
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domain contact-rich execution but also offers an efficient mechanism for adapting VLA policies to
novel positions, objects, and visually perturbed environments.

5 Conclusion and Limitations

We presented TACO, a tactile-aware world-model-driven framework for scalable VLA post-training
in contact-rich manipulation. Following a Recognize–Imagine–Label loop, TACO converts real-
world failures into imagined corrections without repeated human intervention: a tactile-aware world
model jointly denoises future video and force sequences, while a unified progress-action model
recognizes failure-adjacent states and labels imagined segments with corrective actions. To incor-
porate this supervision without eroding pretrained priors, we introduced knowledge-insulated tactile
adaptation with advantage-conditioned training. Experiments on real-world contact-rich tasks show
that TACO improves the average success rate by 44% over the base policy and generalizes to un-
seen backgrounds, objects, and positions. One limitation is that imagined corrections are generated
offline rather than online during deployment, while our main insight is to use tactile-aware imagina-
tion to recover localized contact failures. Future work will explore online correction generation and
tighter coupling between the world model and policy.
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TACO: TActile World Model as a Self-COrrector for
Scalable VLA Post-Training

Supplementary Material

We provide additional details, as well as quantitative and qualitative results of TACO in this supple-
mentary material. The outline is shown below.

• A. Real-World Setup (Appendix A)

– Real-World Robot Configuration
– Control and Data Collection
– Out-of-Domain (OOD) Scenario Construction

• B. Additional Method Details (Appendix B)

– Baselines
– Algorithm Pseudocode
– Visuo-Tactile Generation Model Details
– Unified Progress-Action Model Details
– TACO Iterative Correction Framework Details
– Training Recipe Details

• C. Additional Ablation Study (Appendix C)

– Evaluation Metric Details
– Scaling of Imagined Correction Data
– Effect of Advantage-Conditioned Training
– Effect of Failure-Adjacent Anchor Selection

• D. Additional Analysis (Appendix D)

– Failure Case Analysis
– Additional Generalization Experiment

• E. Additional Visualization (Appendix E)

– Additional Imagined Corrections Visualizations

A Real-World Setup

A.1 Real-World Robot Configuration

As shown in Figure 8, our single-arm platform is built on a 7-DoF Franka Research 3 (FR3) ma-
nipulator equipped with a parallel-jaw gripper whose fingertips integrate Xense tactile sensors, en-
abling 6D force/torque sensing for contact-rich precision manipulation tasks. The perception sys-
tem employs a single front-view Intel RealSense D455 camera, which provides a global view of
the workspace using RGB images at a resolution of 640 × 480 pixels. At each timestep, the policy
observation consists of the RGB image, the 6D force/torque readings from the Xense tactile sensors,
and the robot’s proprioceptive state.

A.2 Control and Data Collection

The end-effector pose, gripper state, 6D force/torque readings from the Xense tactile sensors, and
other proprioceptive signals are synchronized with camera observations through a real-time com-
munication interface. All demonstrations are collected via teleoperation using a SpaceMouse 3D
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(b) Setup of Franka robot and tactile sensor.(a) Tasks overview.

Figure 8: Real-world robot setup and experimental assets. We use a single-arm Franka Research
3 (FR3) platform equipped with a parallel-jaw gripper and fingertip-mounted Xense tactile sensors
for 6D force/torque sensing. A front-view Intel RealSense D455 camera provides global RGB ob-
servations of the workspace, together with the object assets used across our real-world contact-rich
manipulation tasks.

controller, with the operator receiving real-time feedback from the camera view. As shown in Fig-
ure 9, we visualize the execution progress for the six real-world tasks from the front camera view.
Detailed stage decomposition and success criteria are as follows:

1. Insert Flower. The robot picks up a flower from a random location on the table and inserts it into
a vase. S1: insert the flower into the vase. S1 is considered successful if the robot securely inserts
the flower into the vase without dropping it or knocking over the vase.

2. Wipe Whiteboard. The robot picks up an eraser and wipes off a star drawn at a random location
on a whiteboard. S1: grasp the eraser; S2: wipe off the star. S1 is considered successful if the robot
securely grasps and lifts the eraser. S2 is considered successful if the robot completely erases the
star from the whiteboard.

3. Twist Bottle Cap. The robot grasps the cap of a water bottle, applies a twisting motion to loosen
it, and then lifts the cap away from the bottle. S1: grasp the bottle cap; S2: twist open and lift the
cap. S1 is considered successful if the robot securely grips the cap with stable contact and without
displacing the bottle. S2 is considered successful if the robot rotates the cap open and lifts it upward,
fully separating it from the bottle without dropping the cap.

4. Play Xylophone. The robot picks up a mallet and sequentially strikes the 1st, 3rd, 5th, and 8th
keys of an eight-key xylophone in order. S1: strike the 1st key; S2: strike the 3rd key; S3: strike the
5th key; S4: strike the 8th key. Each stage is considered successful if the robot accurately strikes
the designated key with the mallet tip, while following the specified order and avoiding unintended
strikes on adjacent keys.

5. Toast Bread. The robot sequentially picks up two slices of bread from a box and inserts them
into a toaster. S1: grasp the first slice; S2: insert the first slice into the toaster; S3: grasp the second
slice; S4: insert the second slice. Each stage is considered successful if the corresponding action is
completed without dropping the bread or misaligning the insertion.

6. Move Hanoi Rings. The robot moves the top ring from the middle peg of a Hanoi tower (where
all rings are initially stacked in size order) to the left empty peg, then moves the next ring to the
right empty peg. S1: grasp the top ring; S2: place the top ring on the left peg; S3: grasp the second
ring; S4: place the second ring on the right peg. S1 is considered successful if the robot securely
grasps and lifts the top ring. S2 is considered successful if the robot places the top ring on the
left peg without dropping it. S3 is considered successful if the robot securely grasps and lifts the
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second ring. S4 is considered successful if the robot places the second ring on the right peg without
dropping it or disturbing the first ring.

A.3 Out-of-Domain (OOD) Scenario Construction

Unseen Background. To evaluate robustness against visual context shifts, we construct background
OOD scenes by altering the tabletop appearance and ambient lighting. Specifically, a green table-
cloth with white stripes is spread over the workspace, and a red-green-blue disco light ball is intro-
duced to illuminate the tabletop, producing dynamically varying color reflections and highlights not
encountered during training. This setting tests the model’s ability to maintain reliable perception
and stable manipulation under unfamiliar and visually distracting background conditions.

Unseen Object. To evaluate robustness to object-level semantic, geometric, and tactile variations,
target objects are replaced with substitutes that differ significantly from the training objects in both
visual appearance and physical properties. For example, the standard whiteboard eraser is replaced
with a sponge, which differs not only in color and texture but also in compliance and friction charac-
teristics, requiring the model to adapt both its visual recognition and its grasp force and interaction
strategy. This setting evaluates the model’s ability to generalize to novel objects when both percep-
tion and tactile dynamics deviate from training distributions.

Unseen Position. To evaluate spatial generalization, target items are placed in workspace regions
outside the spatial coverage of training demonstration trajectories. For instance, the star on the
whiteboard is drawn at a rear position far from the locations seen during data collection. This setting
evaluates the model’s capability to handle unseen spatial coordinates while maintaining accurate
reaching and manipulation.

B Additional Method Details

B.1 Baselines

All methods share the same warm-started base policy. They differ in what supervision is used and
how it is incorporated into the policy, as summarized in Table 3.

Base Policy warm-starts π0.5 [7] on the 50 expert demonstrations per task, serving as the common
initialization.

Filtered BC filters successful trajectories from real-world rollouts and performs supervised fine-
tuning on these trajectories together with original demonstrations.

TACO (w/o KI) uses the same imagined corrections and advantage-conditioned objective as TACO,
but fine-tunes the full VLA models instead of insulating the pretrained backbone.

B.2 Algorithm Pseudocode

Algorithm 1 summarizes the full TACO procedure as an iterative real-to-imagine-to-real loop.
At each iteration, the current policy is deployed to collect real-world rollouts, the tactile-aware
world model converts failure-adjacent states into local imagined corrections through the Recognize–
Imagine–Label steps, and the policy is updated via knowledge-insulated tactile adaptation. The
updated policy is then redeployed to collect new rollouts, progressively reducing contact-sensitive
failures without repeated human intervention.

B.3 Visuo-Tactile Generation Model Details

The visuo-tactile generation model produces multimodal correction segments from failure-adjacent
states. Rather than treating force feedback as a passive condition for video generation, TACO for-
mulates correction generation as a joint denoising problem over both video and tactile sequences.
This design is important for contact-rich manipulation: a generated video can look plausible while
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Figure 9: Robot execution progress in real-world tasks. We visualize key frames of the robot’s
execution process from the front camera view in real-world tasks.

Dataset Robot Arm / Platform Number of Trajectories

DROID Franka Panda 201,119
AgiBot AgiBot G1 3,017
RoboMIND Franka / UR / Ark / Agilex / TienKung 1,721,985

Table 2: Statistics of the public robot datasets used for Wan2.2-TI2V-5B pretraining.

the underlying contact force is physically inconsistent. By denoising visual and force trajectories
together, the model learns contact-aware futures whose visual and tactile dynamics are temporally
aligned.

Our model is initialized from a Wan2.2-TI2V-5B [64] backbone pretrained on broad robot datasets,
including publicly available datasets such as DROID [66], AgiBot [67], and RoboMIND [68], to-
gether with closed-source robot data. Detailed statistics of the public datasets are provided in Ta-
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Algorithm 1 TACO: Tactile-Aware World Model as a Self-Corrector for VLA Post-Training

Require: Base VLA policy πθ; visuo-tactile generation model Gψ; unified progress-action model
Uϕ; demonstrations Ddemo; iterations Kiter; correction length T ; progress window ∆; progress
threshold ϵ; conditioning weights λf , λa

Ensure: Post-trained VLA policy π∗
θ for contact-rich recovery

1: Warm-start base policy πθ on Ddemo; set T = 49; set y=1 for all expert demonstrations ▷
demos are positive

2: for k = 1 to Kiter do
3: (1) Real-world rollouts
4: Deploy πθ in the real world to collect rollouts Droll

5: (2) Recognize failure-adjacent states and assign advantage
6: Sanchor ← ∅
7: for each rollout τ ∈ Droll do
8: {pt}t ← Uϕ(τ) ▷ dense progress
9: Aτ ← {(τ, t) | pt+∆ − pt < ϵ} ▷ failure-adjacent anchors

10: t∗ ← min{t : (τ, t) ∈ Aτ} ▷ first anchor = failure onset
11: yt ← 1 for t < t∗, yt ← 0 for t ≥ t∗ ▷ real-rollout advantage
12: Sanchor ← Sanchor ∪ Aτ
13: end for
14: (3) Imagine visuo-tactile corrections and label actions
15: Dcorr ← ∅
16: for each anchor (τ, t) ∈ Sanchor do
17: (Ît:t+T , F̂t:t+T ) ∼ Gψ(· | It, Ft, l) ▷ joint video–force denoising
18: (ât:t+T )← Uϕ(Ît:t+T , F̂t:t+T ) ▷ label corrective actions
19: y ← 1 ▷ imagined corrections are positive recovery supervision
20: Dcorr ← Dcorr ∪ {(Î , F̂ , â, y)}
21: end for
22: (4) Knowledge-insulated tactile adaptation
23: for each minibatch from Ddemo ∪ Droll ∪ Dcorr do
24: zt ← sg

[
VLM(image, lang, state)

]
▷ insulate VLM backbone

25: cadaRMS ← ct + λfcf + λaca ▷ force & advantage conditioning
26: c̃adaRMS ← randomly drop cadaRMS to ∅ ▷ CFG dropout
27: Update action expert, tactile encoder, adaptation layers by minLπ
28: end for
29: end for
30: return π∗

θ ← πθ

ble 2. This pretraining provides strong priors for visual realism and robot-scene consistency. We
then perform full fine-tuning on our real-world demonstration dataset with a Flow Matching objec-
tive, adapting the model to downstream contact-rich tasks through video-force joint denoising.

Given video latent tokens Xv ∈ RB×Nv×d and a force sequence F ∈ RB×T×12, we encode the
force sequence with a tactile tokenizer as Xf = Tη(F ) ∈ RB×T×d. In our implementation, we
use Nv = 12 video latent tokens and align the force sequence at a higher temporal resolution with
T = 4Nv + 1 = 49 steps. The DiT hidden dimension is d = 3072. Here, the 12 force dimensions
correspond to left/right 6-DoF force-torque readings. The DiT input is formed by concatenating
video and force tokens along the token dimension,

X = [Xv;Xf ] ∈ RB×(Nv+T )×d.

This token-level formulation allows video and force tokens to interact bidirectionally within the
same DiT self-attention layers, rather than treating force merely as an external condition. After DiT
denoising, the output is split back into video and force tokens. The video tokens are decoded by
the original Wan unpatchify pathway, while the force-token output Y f ∈ RB×T×d is projected by a
tactile head as

ûf = Hη(Y
f ) ∈ RB×T×12.

The model therefore predicts video and force velocity fields in a single forward pass.
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For training, video and force share the same sampled denoising timestep. Let ξv1 , ξ
f
1 denote the clean

video-latent and force segments, and ξv0 , ξ
f
0 denote the corresponding Gaussian noise. The model

predicts video and force flow fields uvψ and ufψ with the joint flow-matching loss:

Ljoint =
∥∥uvψ − (ξv1 − ξv0 )

∥∥2
2
+ λf

∥∥∥ufψ − (ξf1 − ξf0 )
∥∥∥2
2
.

B.4 Unified Progress-Action Model Details

The unified progress-action model consists of a visual encoder, a tactile encoder, and two predic-
tion heads. The visual pathway uses a DINOv2-with-Registers backbone to extract 37 × 37 patch
features with a feature dimension of 768. These features are further processed by a direction-aware
decoder composed of four dilated convolution branches and angle-sensitive pooling, producing a
1024-dimensional visual embedding. The tactile pathway encodes the normalized 12-dimensional
force-torque signal using a two-layer MLP with a hidden dimension of 128 and an output dimen-
sion of 256, yielding a 256-dimensional tactile embedding. The visual and tactile embeddings
are concatenated into a shared 1280-dimensional representation. The action head contains a 512-
dimensional hidden layer and predicts a 7-DoF end-effector action, while the progress head contains
a 256-dimensional hidden layer followed by a sigmoid activation function to estimate task progress
in the range [0,1].

B.5 TACO Iterative Correction Framework Details

Recognize. At each iteration we deploy the current policy to collect real rollouts and run the unified
progress-action model over every rollout to obtain a dense progress score pt. From each failed tra-
jectory we select correction anchors at the timesteps where progress stalls or decreases. In practice
we annotate up to 10 failure-adjacent anchors per failed trajectory, which keeps the anchors con-
centrated on the contact-sensitive stages rather than spread uniformly over the trajectory. We assign
the binary advantage label in this stage. For each rollout, we take the first recognized anchor as the
failure onset: timesteps before this anchor are still on track and receive advantage y = 1, whereas
timesteps from the first anchor onward correspond to the failed segment and receive y = 0. For
teleoperated expert demonstrations, which complete the task correctly, we set y = 1 over the entire
trajectory.

Imagine and Label. From each anchor state, the visuo-tactile generation model imagines a local
correction of T = 49 timesteps, denoising future video and 12-D force sequences conditioned on
the current observation, force history, and language instruction. The unified progress-action model
then labels each imagined segment with corrective actions. Since imagined segments are generated
to recover from failure-adjacent states toward task completion, we assign them advantage y = 1, so
that advantage-conditioned post-training treats them as positive recovery supervision alongside the
expert demonstrations.

Data Ratio. Because each failed trajectory yields up to 10 failure-adjacent anchors and each an-
chor produces one imagined correction segment, the real-to-imagined data ratio across the six tasks
typically falls in the range 1:4 to 1:5.

B.6 Training Recipe Details

Policy architecture. We build on π0.5 [7], a flow-matching VLA with a PaliGemma (2B) vision-
language backbone and a 300M action expert. Images, language, and the discretized state are en-
coded as VLM prefix tokens, and the action expert predicts a 7-DoF end-effector action chunk of
horizon 30 (zero-padded to an action dimension of 32) by denoising under flow matching. All
policies are initialized from the publicly released π0.5-DROID checkpoint.

Tactile and advantage conditioning. TACO and its tactile variants extend the action expert with
force and advantage conditioning injected through the adaRMSNorm path, alongside the flow-
matching timestep. The force input is the concatenated left/right 6-DoF force-torque reading (12
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Method Real Succ. Imag. Corr. KI Purpose

Base Policy ✗ ✗ ✗ Warm-start on 50 demos only
Filtered BC ✓ ✗ ✗ Test if real successes alone suffice
TACO (w/o KI) ✓ ✓ ✗ Test if dropping KI erodes VLM priors
TACO ✓ ✓ ✓ Full method

Table 3: Comparison of baselines. Real Succ. denotes fine-tuning on successful real-world roll-
outs; Imag. Corr. denotes imagined corrections; KI denotes knowledge-insulated tactile adaptation.

Figure 10: Additional ablation studies. (a) Scaling of imagined correction data on Toast Bread:
success rate improves as the real-to-imagined ratio increases. (b) Effect of advantage-conditioned
training. (c) Effect of failure-adjacent anchor selection. Results in (b) and (c) are reported on Insert
Flower and Wipe Whiteboard.

dimensions) over a history window of length 8. A force encoder (LayerNorm→ Linear→ SiLU→
Linear→ LayerNorm, hidden dimension 256) maps this history to a conditioning vector matching
the action-expert width, and the segment advantage is encoded by an analogous advantage encoder
(hidden dimension 256). The final adaRMS condition is the sum of the timestep, force, and ad-
vantage embeddings. We further adopt classifier-free guidance: during training the condition is
randomly replaced by a learned null embedding with probability 0.1, and at inference we condition
on the positive advantage to elicit high-progress recovery behaviors.

Knowledge-insulated tactile adaptation. TACO applies knowledge insulation by computing the
VLM prefix once and applying a stop-gradient to its representation before the action expert attends
to it, so that the tactile-action loss cannot propagate into the PaliGemma vision-language backbone.
Only the action expert and the force and advantage encoders are updated; the vision encoder and the
language backbone remain frozen.

Optimization. All models are trained for 30,000 steps with a batch size of 32 using AdamW (gra-
dient norm clipped to 1.0) and an exponential moving average of 0.999. The learning rate follows
a cosine schedule with 300 warmup steps and a peak of 5× 10−5. Training uses fully-sharded data
parallelism across 8 GPUs.

C Additional Ablation Studies

C.1 Evaluation Metric Details

We detail the evaluation protocol and metrics in Section 4.3. We assess each setting along four com-
plementary axes that together cover both the quality of the imagined corrections and their usefulness
as corrective supervision.
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Action validation loss (A). We report the validation loss of the unified progress-action model on
held-out corrective segments, measuring how well the model predicts corrective actions from the
imagined visual and tactile signals. Lower values indicate more accurate action labeling.

Force prediction loss (F). To evaluate the tactile quality produced by the visuo-tactile generation
model and consumed by the progress-action model, we construct a held-out test set of real contact-
rich segments with ground-truth 12-D force-torque readings. We report the prediction error against
these ground-truth forces, so that F reflects how faithfully the generated and labeled tactile signals
match real contact dynamics.

Video-frame progress rank correlation (VOC). We measure whether the progress estimates pro-
duced by the unified progress-action model are correctly ordered along the true temporal progression
of a trajectory. For each of the six tasks, we hold out a set of trajectories, shuffle their frames, and
compute the rank correlation between the predicted progress and the ground-truth chronological
order. Given two frames tA < tB , a correct prediction requires the estimated progress at tA to
be lower than at tB . The VOC score lies in [−1, 1], with higher values indicating a more faithful
understanding of task progression.

Failure-localization accuracy (FL). To verify the Recognize step directly, we manually annotate
failure-adjacent frames in held-out failed rollouts where contact begins to break down. We then
check whether the progress-action model, by detecting where progress stalls or decreases, flags
these annotated frames as failure-adjacent. FL reports the accuracy of this localization across the six
tasks, so a higher FL means the Recognize step more reliably identifies the contact transitions that
need correction.

C.2 Scaling of Imagined Correction Data

To verify the scaling trend of imagined correction data, we repeat the scaling study on Toast Bread
under the same training recipe. As shown in Figure 10 (a), incorporating imagined correction data
consistently improves the success rate over the Base Policy. When increasing the real-to-imagined
data ratio from 1:2 to 1:5 and 1:10, the success rate increases from 55% to 81% and 90%, respec-
tively. Consistent with the main-text results, the 1:10 setting further outperforms 1:5, indicating that
larger-scale imagined corrections provide broader coverage of failure-adjacent contact states. These
results confirm that imagined data effectively improves policy post-training while substantially re-
ducing the cost of correction data collection.

C.3 Effect of Advantage-Conditioned Training

We further isolate the contribution of advantage-conditioned training, which is the component that
allows TACO to learn from failed rollouts rather than only from successful ones. We compare TACO
against a variant, TACO (w/o Advantage-Conditioned), that removes the failed rollouts from each
iteration’s training set and retains only expert demonstrations, successful rollouts, and imagined
corrections. This variant then fine-tunes the policy on all retained data with standard supervised
learning, without the binary advantage labels that separate corrective segments from failures. As
a result, it treats imagined corrections and ordinary successful trajectories identically, and discards
the failure rollouts that mark which contact states require recovery. We evaluate both methods on
Insert Flower and Wipe Whiteboard. As shown in Figure 10 (b), removing advantage-conditioned
training lowers the success rate from 93% to 83% on Insert Flower and from 65% to 56% on Wipe
Whiteboard. Although the corrective supervision is identical in both settings, discarding the fail-
ure rollouts removes the negative signal that tells the policy which contact transitions to avoid, and
supervising all retained data uniformly causes the policy to imitate successful and corrective tra-
jectories without distinguishing recovery behaviors from the failures they are meant to correct. In
contrast, advantage-conditioned training keeps the failure rollouts and assigns them a negative ad-
vantage, so the policy is explicitly steered toward high-progress corrections at inference time through
the positive advantage condition. These results show that the gains of TACO come not only from
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imagined corrections but also from treating correction as an offline reinforcement learning objective
that learns from failures rather than filtering them away.

C.4 Effect of Failure-Adjacent Anchor Selection

We further examine the Recognize step, which selects where to imagine corrections. TACO uses
the unified progress-action model to predict a dense progress score along each failed rollout, and
places correction anchors at failure-adjacent states where progress stalls or decreases. To isolate the
value of this progress-guided selection, we compare TACO against TACO (Uniform Anchor), which
draws the same number of anchors uniformly at random from the failed rollouts instead of locating
them at progress-stalling states. We evaluate both on Insert Flower and Wipe Whiteboard.

As shown in Figure 10 (c), uniform anchor selection lowers the success rate from 93% to 78%
on Insert Flower and from 65% to 25% on Wipe Whiteboard. Uniform sampling spends much of
the imagination budget on states far from the contact transition, where the rollout has either not
yet reached the failure or has already drifted into an unrecoverable configuration, so the resulting
corrections carry little recovery-relevant signal. By contrast, anchoring at progress-stalling states
concentrates imagination on the contact transitions where recovery is both necessary and still fea-
sible, yielding corrective supervision that is better matched to the failures it is meant to fix. These
results show that recognizing failure-adjacent states is an essential part of TACO, and that the quality
of the imagined corrections depends on where they are anchored.

D Additional Analysis

D.1 Failure Case Analysis

Figure 11 shows representative rollouts of Filtered BC, TACO (w/o KI), and TACO on three contact-
rich tasks. The two baselines fail in distinct but complementary ways, and comparing them illus-
trates why both imagined visuo-tactile corrections and knowledge-insulated tactile adaptation are
necessary.

Filtered BC: stalls at contact transitions. Trained only on its own successful rollouts, Filtered
BC inherits the narrow action distribution of the base policy and provides no recovery behavior at
failure-adjacent contact states. As a result, it approaches the target but stalls once contact becomes
critical: in Wipe Whiteboard it presses the eraser onto the board without applying enough force to
remove the mark, in Move Hanoi Rings it hovers around the peg but fails to align and seat the ring,
and in Twist Bottle Cap it grips the cap without generating effective twisting torque. Because these
contact-transition failures rarely self-correct within a rollout, they never enter the filtered successful
set, so Filtered BC keeps reproducing the same incomplete behavior.

TACO (w/o KI): degraded pre-contact perception. TACO (w/o KI) learns from the same imag-
ined corrections as TACO but fine-tunes the full VLA end-to-end, allowing tactile-action gradients
to erode the pretrained visual-language priors. Without these priors, pre-contact perception and spa-
tial grounding degrade: the policy reaches the contact stage but with less accurate approach and
alignment, leading to imprecise contact (e.g., off-target wiping, misaligned ring insertion, or unsta-
ble cap engagement). It thus recovers some contact behaviors from the tactile corrections but loses
the visual grounding needed to position itself reliably before contact.

TACO: reliable approach and contact recovery. TACO combines imagined visuo-tactile correc-
tions with knowledge-insulated tactile adaptation, preserving the pretrained visual-language priors
for accurate pre-contact approach while learning failure-adjacent recovery from the tactile correc-
tions. It therefore both reaches the target reliably and adjusts contact force effectively, completing all
three tasks: it wipes the mark clean, seats the ring onto the peg, and twists the cap open. These cases
show that the two components address complementary failure modes, and only their combination
yields robust contact-rich execution.
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Figure 11: Failure case analysis. Representative rollouts of Filtered BC, TACO (w/o KI), and
TACO on Wipe Whiteboard, Move Hanoi Rings, and Twist Bottle Cap. The two baselines fail at
contact transitions in complementary ways, whereas TACO completes all three tasks.

Figure 12: Additional generalization experiment. Generalization experiments under unseen back-
grounds, unseen objects, and unseen object positions for Insert Flower.

D.2 Additional Generalization Experiment

To further verify the generalization gains of TACO, we conduct evaluation on Insert Flower under
the three paradigms: Unseen Backgrounds, Unseen Objects, and Unseen Positions. We compare
the base policy, trained only on in-domain expert demonstrations, with the policy updated by one
round of TACO using out-of-domain (OOD) imagined correction data. As shown in Figure 12, the
base policy degrades from 50.0% to 20.0%, 35.0%, and 13.5% under the three shifts, respectively,
whereas TACO recovers to 80.5%, 85.5%, and 55.0% after only one adaptation iteration. Consistent
with the main-text results, by generating imagined correction data around OOD states, TACO ex-
poses the policy to diverse successful recovery behaviors without requiring additional expert demon-
strations in the target scenarios. These results further support that TACO offers an efficient mecha-
nism for adapting policies to novel positions, objects, and visually perturbed environments.

E Additional Visualization

E.1 Additional Imagined Corrections Visualizations

Beyond the two representative tasks shown in the main text, we further visualize imagined correc-
tions for the remaining four contact-rich tasks in Figure 13, again pairing real-world failure rollouts
(top) with the imagined corrections produced by the tactile-aware world model (bottom). Across
all tasks, the world model localizes the failure-adjacent contact transition and imagines a segment
that restores the intended contact behavior toward task completion. In Insert Flower, the real roll-
out brings the flower toward the vase but misaligns the stem with the narrow opening and fails to
seat it, whereas the imagined correction realigns the approach and guides the stem into the vase.
In Wipe Whiteboard, the real rollout places the eraser over the target mark but applies insufficient
contact force to remove it, whereas the imagined correction increases downward pressure and wipes
the mark clean. In Play Xylophone, the real rollout swings toward the target bar but under-contacts
the strike, whereas the imagined correction adjusts the contact so the mallet lands firmly on the
intended bar. In Toast Bread, the real rollout grasps the bread but misaligns its placement into the
slot, whereas the imagined correction corrects the alignment and seats the slice in place. Consistent
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Figure 13: Visualization of imagined correction data. The tactile-aware world model generates
locally consistent imagined corrections (bottom) that recover failed contact interactions (top).

with the main-text examples, these corrections recover contact transitions that are weakly observable
from RGB alone, yielding the corrective supervision used for post-training.
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