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Fig. 1: Overview of VT-Bridge, a resource-efficient approach for bridging pretrained VLAs to VTLAs. It refines VLA-
predicted actions using tactile feedback at the robot execution frequency. The residual-adapter architecture is applicable to
different VLA backbones, with only its weights trained separately for each backbone.

Abstract—Vision-Tactile-Language-Action (VTLA) models
have demonstrated clear advantages over Vision-Language-
Action (VLA) models in contact-rich manipulation. However,
developing VTLA models is severely constrained by the massive
amounts of vision-tactile data and computational resources
required. To address this bottleneck, we propose VT-Bridge, a
lightweight residual adaptation strategy that bridges pretrained
foundation VLAs to VTLAs. Rather than training a VTLA
model from scratch or modifying the original architecture of
a pretrained VLA, VT-Bridge employs an identical lightweight
residual-adapter architecture across VLA backbones and uses
backbone-specific weights to refine actions at the robot execu-
tion frequency. This design substantially lowers the data and
training barriers. Specifically, it requires up to 50 vision-tactile
demonstrations per task to fine-tune a VLA backbone and train
a 0.98M-parameter residual adapter. Experiments with three
representative VLA backbones (π0, π0.5, and SmolVLA) across
four contact-rich manipulation tasks further demonstrate its
consistent effectiveness across VLA architectures. On average,
VT-Bridge raises the task completion rate from 11.7% with
task-level VLA fine-tuning alone to 62.9%. Together, these
findings demonstrate the broad applicability, effectiveness, and
accessibility of VT-Bridge for contact-rich manipulation. The
project page is available at this URL.
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I. INTRODUCTION

Vision-Language-Action (VLA) models illuminate a vi-
able pathway towards general-purpose robot intelligence [1],

where a single pretrained policy can interpret natural-
language instructions and execute diverse tasks across manip-
ulation scenarios. Leveraging large-scale pretraining, VLA
models show promising capabilities in tackling various tasks
either zero-shot or through fine-tuning on a limited number
of demonstrations [2]–[15]. Yet, even after task-specific fine-
tuning, current VLAs continue to exhibit low success rates
in real-world contact-rich manipulation, indicating that rely-
ing solely on non-contact modalities (vision, language, and
robot kinematic state) for action prediction is insufficient for
reliable physical interaction.

To address this limitation, recent studies have begun incor-
porating tactile feedback into VLA architectures, giving rise
to Vision-Tactile-Language-Action (VTLA) models [16]–
[34]. These efforts span varied fusion strategies and model
architectures, yielding promising gains in contact-rich manip-
ulation tasks. Moreover, some empirical ablation studies have
isolated tactile contributions, underscoring the critical role of
tactile sensing in reliable physical interaction [21]–[23].

However, developing VTLA models remains costly, with
substantial resource demands in both data collection and
model training. From the data perspective, paired vision-
tactile trajectories are far scarcer than vision-only data in
public robot datasets [22], [35]. Moreover, collecting high-
quality tactile demonstrations requires fine force regulation,
significantly elevating teleoperation complexity [36], [37].
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From the model perspective, tactile encoders and cross-modal
fusion modules introduce additional parameters and make
the architecture more complex. These additions can also
increase training costs. Constrained by these data and model
bottlenecks, existing VTLAs commonly cover a significantly
narrower range of tasks than general-purpose VLAs like
π0 [2]. This underscores a central question: Can we adapt
existing open-source VLAs into VTLAs at a manageable cost?

To address this question, we propose VT-Bridge, a
lightweight residual adaptation strategy that bridges pre-
trained foundation VLAs to tactile-aware VTLAs for contact-
rich manipulation. As shown in Fig. 1, VT-Bridge intro-
duces a lightweight residual adapter without modifying the
pretrained VLA architecture. Based on the latest tactile
feedback, the adapter refines each VLA-predicted action
immediately before execution, thereby regulating contact dy-
namics at run-time. This design retains the general knowledge
acquired through large-scale VLA pretraining, while enabling
the tactile responsiveness required for contact-rich manipula-
tion. Moreover, VT-Bridge supports various pretrained VLA
backbones using an identical residual adapter architecture,
with the adapter weights tailored to each backbone. It signif-
icantly reduces the resources required to build VTLA policies
for downstream contact-rich tasks.

VT-Bridge possesses several key advantages:
• Pretrained VLAs Reuse and Compatibility: Instead

of training a monolithic VTLA model from scratch,
VT-Bridge preserves the pretrained VLA model and
augments a pretrained VLA with a lightweight, tactile-
conditioned residual adapter. This design retains the
vision-language grounding and motion-generation ca-
pabilities acquired during large-scale VLA pretraining.
The same adapter architecture can be applied to different
VLA backbones by tailoring its parameters to each
backbone, as demonstrated with π0 [2], π0.5 [3], and
SmolVLA [38].

• Low Data and Training Barriers: Compared with
training a VTLA model from scratch, VT-Bridge sub-
stantially lowers both data and training barriers. Specif-
ically, it requires up to 50 vision-tactile demonstrations
per task to fine-tune a VLA backbone and train a
lightweight residual adapter with only 0.98M parame-
ters. No additional large-scale training resources beyond
those required for VLA fine-tuning are needed.

• Run-time Reactivity: As illustrated in Fig. 1, VT-
Bridge adopts a slow–fast inference scheme that per-
forms semantic task reasoning and tactile adaptation at
different frequencies. The VLA operates at a lower fre-
quency to interpret complex scenes and generate action
chunks encoding task intent and coarse motion, while
the lightweight residual adapter responds to contact
changes at the execution rate.

• Substantial and Consistent Performance Gains: De-
spite its lightweight design and limited data require-
ments, VT-Bridge raises the average task completion
rate from 11.7% under task-level VLA fine-tuning to
62.9%. The improvements are consistently observed

across four real-world contact-rich manipulation tasks
and three representative VLA backbones.

II. RELATED WORK

A. Vision-Language-Action Models.

VLA models [4], [6], [8], [9], [12], [15] leverage large-
scale vision-language pretraining to learn end-to-end robot
policies that map visual observations and language instruc-
tions to low-level actions. Recent advances have evolved
along several complementary architectural directions. Au-
toregressive models [8], [9], [13] formulate robot control as
next-token prediction over discretized action tokens, naturally
inheriting the training paradigm of vision-language models.
Diffusion-based [5], [7], [10], [12], [14] approaches instead
model continuous action distributions, producing smoother
and more expressive behaviors at the cost of iterative infer-
ence. Flow-based methods, exemplified by π0 [2], replace
diffusion sampling with conditional flow matching to signifi-
cantly improve inference efficiency, while dual-system archi-
tectures such as π0.5 [3] and GR00T-N1 [11] decouple high-
level semantic reasoning from low-level action generation for
long-horizon manipulation. Despite these advances, existing
VLA models primarily emphasize semantic reasoning and
visual understanding. Their robustness in contact-rich ma-
nipulation remains limited, motivating the development of
tactile-aware VLA models.

B. Vision-Tactile-Language-Action Models

To remedy this gap, VTLA models have emerged as a
promising research direction. As illustrated in Fig. 2, existing
VTLA methods can be broadly categorized according to how
tactile information is fused:

• Unified VTL Fusion: As the most intuitive approach
(Fig. 2(a)), methods in this category independently
encode vision, touch, and language and feed the re-
sulting representations into a unified multimodal trans-
former [19], [27], [29], [30], [33], [34].

• Sequential VL-T Fusion: Visual and language inputs
are first jointly encoded, after which tactile information
is incorporated at different stages. Tactile features can
be fused through a Mixture of Experts (MoE) before
action prediction (Fig. 2(b)) [22], [23], injected into
the action decoder or action expert during action gen-
eration (Fig. 2(c)) [17], [18], [20], [21], [24], or used
to refine previously predicted actions (Fig. 2(d) and
Fig. 2(e)) [16], [26].

• Others: Tactile information can be fused at multiple
stages [20], converted into continuous soft prompts for
VLA reasoning [32], or used by a VLM to predict
stiffness for compliant action execution [28].

Despite their promising performance on demonstrated
contact-rich tasks, developing VTLA models remains costly
due to the substantial vision-tactile data and computational
resources required. VLA-Touch [26] takes an initial step
toward adapting a pretrained VLA into a VTLA (Fig. 2(d)),
but the broader potential of this adaptation paradigm remains
largely underexplored.
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Fig. 2: Representative multimodal fusion strategies in existing VTLA models. To our knowledge, only VT-Bridge (ours)
retains pretrained VLA backbones without architectural modification while enabling high-frequency tactile adaptation.

C. Slow–Fast Inference Scheme

Visual and force sensing are distinct in sensing charac-
teristics yet functionally complementary [39]. Visual obser-
vations are high-dimensional, captured at a relatively low
frequency, and informative of global scene context, whereas
force observations are low-dimensional, available at a high
frequency, and tightly coupled to local contact dynamics. To
accommodate these modality-specific characteristics, a slow–
fast inference scheme was introduced in RDP [40], in which a
slow policy predicts latent action chunks from vision, while
a fast decoder uses the latest tactile feedback to generate
executable actions. This scheme effectively leverages the
respective strengths of both modalities. Nevertheless, slow–
fast inference has seen limited adoption in VTLA models,
with only a few studies, including T-Rex [16] (Fig. 2(e)),
FAVLA [17], and UniTacVLA [25].

III. METHODS

To address the aforementioned limitations, this work pro-
poses VT-Bridge, a lightweight residual adapter that aug-
ments pretrained VLA models with tactile-conditioned action
adaptation for contact-rich manipulation. VT-Bridge retains
the original pretrained VLA policy without modifying its
structure and introduces a residual adapter working at a
higher rate on top of its predicted action chunks, as illustrated
in Fig. 1.

A. Low-frequency Pretrained VLA Backbone

The pretrained VLA backbone provides general-purpose
visual-language understanding and guides the robot to com-
plete the target manipulation task [2], [3]. Given the current
observation o and language instruction l, the VLA policy
πVLA predicts an action chunk:

A ∼ πVLA(· | o, l), (1)

where A = [a1,a2, . . . ,aH ] contains H future actions. This
predicted chunk captures the coarse, task-level motion and
provides the nominal action sequence subsequently refined
by the residual adapter.

B. High-Frequency Residual Adapter
The residual adapter refines the nominal motion predicted

by the VLA backbone using tactile feedback. As depicted
in Fig. 1, we adopt a lightweight architectural design to
facilitate faster inference and online adaptation to varying
contact conditions.

Specifically, the residual adapter consists of two paral-
lel transformer encoders that separately process the VLA-
predicted action chunk and latest force observations: (i) The
action encoder processes the embedded action chunk and pro-
duces an action feature za that represents the VLA’s coarse
motion intention and the overall action trend within the
chunk. This feature is computed once and reused throughout
chunk execution. (ii) In parallel, the force encoder extracts
temporal contact features zf

t from the latest force window:

Ft = [ft−n+1,ft−n+2, . . . ,ft], (2)

where n denotes the window size, and t indicates the current
time step. The encoded action feature za and force feature zf

t

are then concatenated and passed to a multilayer perceptron
decoder to predict the residual action:

ares
t = MLP

(
[za; zf

t ]
)
. (3)

C. Inference and Execution

Observation

Inference

Execution

VLA inference Residual Adapter inference

Fig. 3: Temporal scheduling of the VLA backbone, residual
adapter, and robot executor.

During deployment, the VLA backbone and the residual
adapter operate on the same GPU in a temporally interleaved
manner, with each action chunk serving as the basic schedul-
ing unit. As illustrated in Fig. 3, at the beginning of each
cycle, the VLA backbone predicts an action chunk A via



Eq. (1). The backbone then becomes idle, and VT-Bridge
enters the adaptation-and-execution loop. At each execution
step t, the residual adapter predicts an action adaptation from
the complete action chunk and the latest force window:

ares
t = πres(· | A,Ft). (4)

The predicted residual action ares
t is then added to the

corresponding nominal VLA action at, yielding the adapted
action aexe

t that is sent to the robot for execution.

aexe
t = at + ares

t . (5)

This loop continues until all actions in the predicted chunk
have been executed. The residual adapter then pauses, and the
VLA backbone is invoked to predict the next action chunk.
In this manner, the two inference processes do not overlap
and therefore do not contend for GPU computation.

IV. TRAINING

The training pipeline of our method consists of four steps.

A. Teleoperated Demonstration Collection
Initially, we collect demonstrations for contact-rich ma-

nipulation tasks using the bilateral teleoperation strategy
introduced in SharedAssembly [37]. By reflecting follower-
side interaction loads to the leader robot, this strategy enables
the operator to perceive contact changes and regulate the
applied force throughout the demonstration. During each
demonstration, we synchronously record the camera stream,
the measured robot kinematic state and its corresponding
desired command, and tactile signals in the form of the esti-
mated external end-effector force and external joint torques.

B. VLA Backbone Fine-Tuning
Afterwards, we adapt the pretrained VLA backbone to the

target manipulation tasks using the collected demonstrations.
The camera observations, language instructions and robot
states are converted into the training format required by each
backbone, following its original observation preprocessing
and action representation. We then fine-tune the backbone
with LoRA [41]. The resulting task-adapted backbone pro-
duces the nominal action chunks used for residual dataset
construction in the next step.

C. Residual Dataset Construction
Then, we run the fine-tuned VLA backbone on the

recorded observations to generate nominal action chunks.
After temporal alignment, the target residual action at each
execution step k is computed as:

ares
k = adesired

k − ak, (6)

where adesired
k denotes the desired command of the tele-

operated robot’s controller, and ak is the corresponding
action predicted by the fine-tuned VLA backbone. Using the
desired command rather than the executed action preserves
the operator’s intended motion under contact. The effect of
this choice is evaluated in an ablation study in Sec. VI-C.

Each residual target is paired with the corresponding
nominal action chunk A and contact-feedback window Fk,

which serve as the inputs to the residual adapter. Following
π0 [2], VT-Bridge supports both Cartesian- and joint-space
representations. To ensure consistency between the action
and tactile representations, Cartesian actions are paired with
estimated external end-effector force, whereas joint actions
use external joint torque as tactile feedback.

Besides, we set the target residual action to zero for
all non-contact samples. This encourages the adapter to
preserve the VLA backbone’s nominal decisions during free-
space motion and focus its adaptation on regulating physical
interactions after contact is established.

D. Residual Adapter Training
Finally, we freeze the fine-tuned VLA backbone and

optimize only the residual adapter on the constructed residual
dataset. This decoupled training preserves the nominal task
behavior of the VLA backbone while enabling contact-
conditioned residual adaptation.

V. EXPERIMENTS

In this section, we conduct a comprehensive suite of real-
world contact-rich manipulation experiments to address the
following research questions:

• Q1: Can a lightweight residual adapter improve pre-
trained foundation VLAs’ performance in real-world
contact-rich manipulation tasks?

• Q2: How does VT-Bridge overcome the last-inch bot-
tleneck between geometrical near-success and functional
task completion?

• Q3: How does using desired poses rather than executed
poses to construct residual targets affect manipulation
performance?

A. Experimental Setup
TABLE I: Configuration Details

Setting Value

Demonstration sampling rate 30Hz
Execution frequency 30Hz
Joint stiffness matrix diag(300, 300, 300, 200, 100, 60, 30)

Force-history window n 50
Action-chunk horizon H 50
VLA fine-tuning steps 30, 000
VLA fine-tuning batch size 32
VLA fine-tuning time ∼ 8 h

π0 chunk inference 153.1ms
π0.5 chunk inference 163.8ms
SmolVLA chunk inference 155.4ms
Action-chunk encoding 0.4ms
Residual action prediction 0.7ms

1) Robot Platform: The experimental platform comprises
a Franka Emika Panda manipulator and two Intel RealSense
D435i cameras. The robot controller runs on a NUC with
an Intel i7-10700 CPU, while the VLA model and the pro-
posed residual policy are executed on a separate workstation
equipped with an NVIDIA RTX 3090 GPU. The foundation
VLA models are fine-tuned using four NVIDIA A100-SXM4
GPUs. The concrete configurations in training and inference
are summarized in Table I.
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2) Evaluation Tasks: As illustrated in Fig. 4, the proposed
method is evaluated on four contact-rich manipulation tasks:
Pump Bottle, Clean Whiteboard, Insert Plug, and Flip Rocker
Switch. These tasks cover diverse forms of physical inter-
action, including pressing, sustained surface contact, high-
precision insertion, and discrete force-triggered actuation.

B. Evaluation Metrics

Each task is evaluated using two success criteria. The strict
success criterion corresponds to complete task execution,
while the loose success criterion indicates that the policy
reaches the task-relevant interaction state and establishes the
intended contact, but does not necessarily complete the task.
This distinction separates failures in reaching the intended
contact from failures in the subsequent contact-rich manip-
ulation stage, enabling a more fine-grained evaluation of
policy performance. Table II summarizes the corresponding
definitions.

TABLE II: Success Criteria

Task Strict Criterion Loose Criterion

Pump Bottle Full press Press only
Clean Whiteboard Complete cleaning > 80% area cleaned
Insert Plug Full insertion > 80% insertion depth
Flip Rocker Switch Switch triggered Contact only

For each task, we report the strict success rate SRstrict, the
loose success rate SRloose, and the conditional completion
rate ρsl:

SRstrict = Nstrict/N (%),

SRloose = Nloose/N (%),

ρsl = Nstrict/Nloose (%),

(7)

where N denotes the total number of trials, while Nstrict

and Nloose denote the numbers of trials satisfying the strict
and loose success criteria, respectively. ρsl measures the

probability of achieving complete task execution once the
policy has already reached a near-success state. It therefore
provides a focused measure of the policy’s ability to complete
the contact-intensive stage of the task.

C. Compared Methods

We evaluate our approach on three representative foun-
dation VLA backbones, namely π0 [2], π0.5 [3], and
SmolVLA [38]. For each backbone, we compare three policy
variants to isolate the effect of tactile integration.

1) Fine-tuned: the original VLA model fine-tuned with
LoRA [41].

2) VLA-Touch [26]: we adopt the VLA Action Refinement
with Touch module proposed in VLA-Touch to augment
the fine-tuned VLA backbone.

3) VT-Bridge (ours): we employ the proposed lightweight
residual adapter to augment the fine-tuned VLA back-
bone with the ability to regulate contact dynamics.

For fair comparison, all methods use the same set of demon-
strations and identical training settings unless otherwise
specified.

D. Experimental Procedure

For each manipulation task, we collect 50 human demon-
strations via bilateral teleoperation [37] to construct the target
manipulation dataset. For each pretrained VLA backbone, the
model is first fine-tuned independently using LoRA on the
collected demonstrations, serving as the Fine-tuned baseline.
Based on the corresponding fine-tuned backbone, VLA-
Touch [26] and our VT-Bridge are trained independently
using the same demonstrations. The resulting backbone–
method combinations are then evaluated on all four manipu-
lation tasks. For each task, every combination is evaluated in
20 independent trials. Each trial is terminated when the strict
success criterion is satisfied or the 90 s time limit is reached.



TABLE III: Strict Success Rate (%)

Backbone Method Pump Bottle Clean Whiteboard Insert Plug Flip Rocker Switch Average

π0 [2]
Fine-tuned [41] 0.0 (0/20) 5.0 (1/20) 0.0 (0/20) 20.0 (4/20) 6.3

VLA-Touch [26] 0.0 (0/20) 5.0 (1/20) 0.0 (0/20) 50.0 (10/20) 13.8
VT-Bridge (ours) 85.0 (17/20) 20.0 (4/20) 70.0 (14/20) 85.0 (17/20) 65.0

π0.5 [3]
Fine-tuned [41] 0.0 (0/20) 35.0 (7/20) 0.0 (0/20) 55.0 (11/20) 22.5

VLA-Touch [26] 0.0 (0/20) 20.0 (4/20) 5.0 (1/20) 55.0 (11/20) 20.0
VT-Bridge (ours) 90.0 (18/20) 40.0 (8/20) 70.0 (14/20) 75.0 (15/20) 68.8

SmolVLA [38]
Fine-tuned [41] 0.0 (0/20) 10.0 (2/20) 0.0 (0/20) 15.0 (3/20) 6.3

VLA-Touch [26] 0.0 (0/20) 5.0 (1/20) 0.0 (0/20) 25.0 (5/20) 7.5
VT-Bridge (ours) 70.0 (14/20) 45.0 (9/20) 65.0 (13/20) 40.0 (8/20) 55.0

TABLE IV: Conditional Completion Rate ρsl (%)

Backbone Method Pump Bottle Clean Whiteboard Insert Plug Flip Rocker Switch Average

π0 [2]
Fine-tuned [41] 0.0 (0/19) 5.3 (1/19) 0.0 (0/13) 23.5 (4/17) 7.2

VLA-Touch [26] 0.0 (0/5) 5.9 (1/17) 0.0 (0/16) 66.7 (10/15) 18.1
VT-Bridge (ours) 89.5 (17/19) 20.0 (4/20) 93.3 (14/15) 100.0 (17/17) 75.7

π0.5 [3]
Fine-tuned [41] 0.0 (0/20) 35.0 (7/20) 0.0 (0/16) 100.0 (11/11) 33.8

VLA-Touch [26] 0.0 (0/10) 20.0 (4/20) 6.3 (1/16) 84.6 (11/13) 27.7
VT-Bridge (ours) 94.7 (18/19) 40.0 (8/20) 77.8 (14/18) 100.0 (15/15) 78.1

SmolVLA [38]
Fine-tuned [41] 0.0 (0/19) 10.5 (2/19) 0.0 (0/8) 16.7 (3/18) 6.8

VLA-Touch [26] 0.0 (0/4) 6.3 (1/16) 0.0 (0/10) 29.4 (5/17) 8.9
VT-Bridge (ours) 87.5 (14/16) 45.0 (9/20) 86.7 (13/15) 61.5 (8/13) 70.2

VI. EXPERIMENTAL RESULTS

A. Overall Performance on Contact-Rich Manipulation (Q1)

As illustrated in Fig. 5, VT-Bridge substantially outper-
forms baseline methods across all three representative VLA
backbones. Compared with directly fine-tuning the back-
bones on the same robot demonstrations, VT-Bridge increases
the overall average strict success rate from 11.7% to 62.9%,
yielding an absolute improvement of 51.2 percentage points.
The consistently substantial gains across pretrained VLA
models demonstrate the broad effectiveness and applicability
of VT-Bridge across various pretrained VLA backbones.

To further examine the performance across different
contact-rich manipulation scenarios, Table III reports the
strict success rate for each individual task. Notably, VT-
Bridge achieves the highest strict success rate in all
task–backbone combinations, without exception. This re-
markably consistent advantage highlights the robustness and
broad applicability of the proposed residual adaptation frame-
work.
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Fig. 5: Average strict success rates across VLA backbones
and real-world contact-rich manipulation tasks.

B. Last-Inch Bottleneck in Contact-Rich Manipulation (Q2)
Our experiments reveal that a notable proportion of failure

cases do not result from an incorrect task intention. Instead,
the policies often approach task completion but fail at the
final contact-sensitive step. For example, the robot may
successfully depress the pump head but not far enough to
dispense liquid, or partially insert the plug without fully
seating it. Although these executions are geometrically close
to success, they do not achieve the intended functional
outcome and must therefore be considered failures in real-
world manipulation. We refer to this gap between geometri-
cal near-success and functional completion as the last-inch
bottleneck in contact-rich manipulation.

To quantify a policy’s ability to overcome this bottleneck,
we analyze the conditional completion rate ρsl, introduced
in Sec. V-B. By conditioning on loose success, this metric
reduces the influence of backbone-dependent differences in
task understanding and motion generation, enabling a more
focused evaluation of tactile adaptation during last-inch com-
pletion.

As depicted in Table IV, VT-Bridge achieves the high-
est conditional completion rate in all task–backbone com-
binations. On average, VT-Bridge increases the macro-
averaged conditional completion rate by 58.8 percentage
points over fine-tuned VLA models, demonstrating a substan-
tially stronger ability to overcome the last-inch bottleneck.
The Pump Bottle task provides a striking example: none of
the baseline–backbone combinations successfully converted a
geometrical near-success into functional completion, as they
failed to fully depress the pump head. In contrast, VT-Bridge
achieves an average conditional completion rate of 90.6%. A
similar trend is observed in the Insert Plug task, where fine-
tuned VLAs remain at 0% across all three backbones, and
VLA-Touch reaches only 6.3% in one combination, while
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VT-Bridge achieves an average of 85.9%. These results show
that our method specifically improves the final transition from
geometric near-success to functional completion.

C. Ablation Study on Residual Target Construction: Desired
vs. Executed Poses (Q3)

As introduced in Sec. IV-C, our default residual targets are
computed as the difference between the desired poses adesired

recorded in the demonstrations and the nominal poses a
predicted by the fine-tuned VLA. For this ablation, we con-
struct an alternative residual dataset by replacing the desired
poses with the corresponding executed poses aexecuted, while
keeping all other settings unchanged. As shown in Fig. 7,
residual targets constructed from desired poses consistently
outperform those constructed from executed poses across
all task–backbone combinations. On average, using desired
poses increases the strict success rate from 12.1% to 62.9%.

To support safe physical interaction, we use impedance
control throughout our experiments. In tasks requiring high
interaction forces, controller compliance creates a pro-
nounced offset between the desired and executed poses.
As illustrated in Fig. 6, fully depressing the pump head
requires a peak interaction force of approximately 40 N in
both the demonstration and the successful VT-Bridge trial.
Correspondingly, the desired–executed pose offset reaches
approximately 4–5 cm. Residual targets constructed from
desired poses explicitly incorporate this force-related off-
set into the training data, whereas those constructed from
executed poses omit it. Consequently, even if the ablation
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Fig. 7: Ablation of residual target construction. Strict success
rates obtained using desired-pose (ours) and executed-pose
(ablation) to construct the residual dataset.

policy accurately predicts the executed pose recorded in the
demonstration, issuing that pose as a new desired command
produces another tracking shortfall under contact. The robot
guided by the ablation policy therefore fails to reproduce the
demonstrated pose and contact force. Although employing
a high-stiffness controller could reduce this offset, it would
also increase the risk of excessive interaction forces [42],
[43]. By contrast, our design improves task reliability while
maintaining safe physical interaction.

A similar pattern is observed in Insert Plug, where the
peak interaction force also approaches 40 N. By contrast, Flip
Rocker Switch requires only around 7 N to accomplish the
task, resulting in a smaller compliance-induced offset. The
executed-pose ablation therefore performs better on this task
than on the two higher-force tasks. Nevertheless, constructing
residual targets from desired poses still yields an 82% relative
improvement over the ablation policy on this task. Overall,
using desired poses adesired to construct residual targets
consistently improves performance across evaluated contact-
rich tasks, with more pronounced gains as the required
interaction force increases.

VII. CONCLUSION

This work presents VT-Bridge, a resource-efficient residual
adaptation strategy that bridges pretrained foundation VLAs
to tactile-aware VTLAs for contact-rich manipulation. Rather
than training a VTLA model from scratch or modifying the
pretrained VLA backbone architectures, VT-Bridge employs
an identical lightweight residual-adapter architecture across
pretrained VLAs and uses backbone-specific weights to refine
actions at the robot execution frequency. This design retains
the vision-language understanding and motion-generation ca-
pabilities acquired through large-scale VLA pretraining while
enabling responsive contact regulation. Using 50 vision-
tactile demonstrations per task, VT-Bridge consistently im-
proved three representative VLA backbones across four real-
world contact-rich manipulation tasks, raising the average
task completion rate from 11.7% to 62.9%. These experimen-
tal results demonstrate its effectiveness and broad applicabil-
ity, showcasing a promising pathway for developing VTLAs
from existing pretrained VLAs. Future work will focus on
improving the representation and adaptation capabilities of



the residual adapter to achieve stronger and more consistent
performance gains.
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