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TactileAloha: Learning Bimanual Manipulation With
Tactile Sensing

Ningquan Gu"”, Kazuhiro Kosuge

Abstract—Tactile texture is vital for robotic manipulation but
challenging for camera vision-based observation. To address this,
we propose TactileAloha, an integrated tactile-vision robotic system
built upon Aloha, with a tactile sensor mounted on the gripper
to capture fine-grained texture information and support real-time
visualization during teleoperation, facilitating efficient data collec-
tion and manipulation. Using data collected from our integrated
system, we encode tactile signals with a pre-trained ResNet and fuse
them with visual and proprioceptive features. The combined ob-
servations are processed by a transformer-based policy with action
chunking to predict future actions. We use a weighted loss function
during training to emphasize near-future actions, and employ an
improved temporal aggregation scheme at deployment to enhance
action precision. Experimentally, we introduce two bimanual tasks:
zip tie insertion and Velcro fastening, both requiring tactile sensing
to perceive the object texture and align two object orientations
by two hands. Our proposed method adaptively changes the gen-
erated manipulation sequence itself based on tactile sensing in a
systematic manner. Results show that our system, leveraging tactile
information, can handle texture-related tasks that camera vision-
based methods fail to address. Moreover, our method achieves an
average relative improvement of approximately 11.0% compared
to state-of-the-art method with tactile input, demonstrating its
performance.

Index Terms—Imitation learning, bimanual manipulation,
hardware-software integration in robotics.

I. INTRODUCTION

OBOTIC manipulation has seen significant advance-
ments [1], [2], [3], [4], [5] in recent years, driven by
improvements in vision-based learning approaches. While vi-
sion provides rich spatial and environmental context, it alone is
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Fig. 1. Robotic Manipulation with Tactile Sensing. TactileAloha: A GelSight
sensor is mounted on the Aloha robot system using a 3D-printed bracket to
perceive the texture of objects during manipulation and enhance the robot’s
manipulation capabilities. We introduce two tasks: zip tie insertion and Velcro
fastening. The zip tie task involves inserting a randomly placed zip tie into the
head of another, while the Velcro task involves attaching a randomly placed
Velcro strip to another fixed Velcro strip. In both tasks, the facing of the objects,
i.e., their front and back sides, is crucial for successful manipulation. (1) The two
robotic arms grasp the objects; (2) The GelSight sensor observes the orientation
of the object to be manipulated, as different orientations correspond to different
manipulation strategies; (3) The robot arms execute the task, one end of a zip
tie is inserted into the head of another, while the correct side of the Velcro strip
is aligned and fastened with the other Velcro strip.

often insufficient for precise manipulation, particularly in tasks
requiring fine contact, e.g., distinguishing between the toothed
and smooth sides of a grasped zip tie, the hook and loop sides
of Velcro, or differentiating between different cloth textures. In
human dexterity, touch plays a crucial role in recognizing object
properties, and ensuring stable interactions with the environ-
ment. Similarly, integrating tactile sensing into robotic systems
has the potential to enhance perception, improve robustness, and
expand capabilities.

Recently, works [6], [7], [8] have started to incorporate tactile
information into robotic manipulation and have demonstrated
success. However, these sensors mainly focus on the force of
touch [7] rather than the texture of objects or are mainly applied
to object detection [6], followed by heuristic-based manipula-
tion, which has limited generalization.

In this work, we introduce the TactileAloha system by mount-
ing a GelSight tactile sensor [10] onto the gripper of the Aloha
platform [2], as shown in Fig. 1. TactileAloha captures fine-
grained contact features, such as surface texture and object
orientation, to support precise manipulation. For example, in
the zip tie insertion task, it helps perceive the orientation of the
toothed side, which determines the correct insertion trajectory.

© 2025 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see
https://creativecommons.org/licenses/by/4.0/
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We utilize the ResNet [11] model with pre-trained weights
to encode tactile information, which is then combined with
encoded camera images and robot joint values, and then fed
into the end2end ACT [2] imitation learning method that uses
the action chunking technique. To enhance prediction accuracy,
we use a weighted loss function that emphasizes earlier steps
within each predicted action chunk by applying exponentially
decaying weights across the chunk length.

To ensure smooth and precise motion during manipulation,
we adopt an improved temporal ensembling strategy, Temporal
Proximity Ensembling. At each timestep, the policy generates
an action chunk, i.e., a sequence of predicted future actions. To
execute the current action, we aggregate the predicted actions at
the same relative index across a temporal span of recent chunks,
assigning higher weights.

To showcase the integrated system and algorithm, we design
two tasks: the zip tie insertion task and the Velcro fastening task.
The results demonstrate that our system can perceive the texture
of the grasped object through tactile sensing and use it to guide
downstream actions, which are capabilities that vision-only sys-
tems lack. We achieve an average of approximately 11.0% rela-
tive improvement in the success rate compared to state-of-the-art
(SOTA) in the two manipulation tasks. Moreover, we conduct
an ablation study on our method and analyze the contribution of
each improved component.

In summary, the main contributions of this study include:

1) We propose TactileAloha, an open-source robotic system
that extends the Aloha platform by integrating a GelSight
tactile sensor into the gripper to provide tactile information
during manipulation.

2) Leveraging the data collected with our proposed integrated
system, we explore the ACT-based method to incorporate
tactile information. Furthermore, we use a weighted loss
function and improved temporal ensembling to enhance
manipulation performance.

3) Experiments demonstrate the performance of our ap-
proach, while ablation studies highlight the contribution
of each improved component.

II. RELATED WORK

A. Tactile Sensing for Robotic Manipulation

Tactile information plays a key role in robotic manipulation.
Recent works [6], [7], [8], [12] have begun exploring the use
of tactile sensors [10], [13] to overcome the limitations of
solo vision sensor-based methods, which often fail to address
certain challenges. For example, Tirumala et al. [7] explored
tactile feedback to grasp a specific number of cloth layers. They
used a sensor based on magnetic sensing [14] to detect normal
and shear forces, which were computed from distortions in the
magnetic field during the grasping of different numbers of cloth
layers. However, their method cannot be used to recognize the
texture of objects. Sunil et al. [6] used GelSight [10] to complete
a cloth edge sliding action. They used a supervised learning
method to recognize the state of the cloth edge grasped by the
GelSight during sliding. However, their method requires manual
labeling and uses a heuristic pipeline based on cloth texture
detection, which often fails in complex scenarios. In contrast, we
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utilize a CNN to decode the grasped texture information without
any human labeling, while the end2end imitation learning we
employ can adaptively generate manipulation trajectories based
on tactile sensing.

B. Imitation Learning for Robotics

Imitation learning (IL) [15] allows robots to learn directly
from expert demonstrations. A widely used approach is Be-
havior Cloning (BC) [16], which maps observations to actions
in an end2end manner. Recent studies have advanced IL in
terms of policy architectures, platforms, and data processing
etc. For example, Zhao et al. [2] introduced Aloha, a low-cost
robotic platform, along with Action Chunking with Transform-
ers (ACT), which predicts a sequence of future actions as a
chunk. Fu et al. [17] extended this system to mobile settings
using a co-training framework. However, both approaches rely
solely on visual inputs and struggle with texture-sensitive tasks.
In addition, ACT equally weights all predicted actions during
training, despite the greater importance of recent ones in manipu-
lation. In contrast, we extend Aloha with tactile sensing to enable
multimodal manipulation and use a weighted loss function that
emphasizes recent actions to improve precision. The tasks we
design include multi-stage or multi-strategy manipulation tasks,
such as selecting different strategies based on zip tie or Velcro
orientation, or executing sequential subtasks in long-horizon
scenarios. To address such challenges, Burke et al. [ 18] proposed
Switching Density Networks (SDNs), which leverage a cate-
gorical reparameterization mechanism to extend model-based
hierarchical behavior cloning methods [19]. Their method mod-
els manipulation behavior as a composition of sub-controllers
and benefits from explicit structure in the form of mode-based
control laws. In contrast, we adopt a model-free, end2end
imitation learning framework that learns a continuous policy
from raw multimodal inputs, implicitly discovering multi-phase
manipulation strategies and generating goal-directed behavior
in a systematic manner.

III. TACTILEALOHA: DESCRIPTION OF THE ROBOT SYSTEM

To address the challenge of tactile sensing in robotic manip-
ulation, we introduce TactileAloha, built upon Aloha [2]. The
key upgrades are illustrated in Fig. 3. We install a tactile sensor,
GelSight, which is launched by ROS and used for data collection
and control. The hardware installation model and code can be
found in the project documentation. For the camera setup, we
use three Logitech C922n webcams, positioned for top, left-arm,
and right-arm views. Furthermore, we upgrade the top-view
camera installation method. The reason is that we found Aloha’s
mounting method problematic: during robot manipulation, the
robot’s movement causes vibrations in the metal frame, leading
to significant shaking of the top-view camera, which reduces
manipulation performance. Therefore, we mount the top-view
camera on a fixed boom, which prevents movement-induced
vibrations from affecting the robot. Fig. 4 shows the com-
plete TactileAloha system along with several other upgrades.
The upgrade items for TactileAloha cost approximately $450.
During dataset collection, the teleoperator performed the task
by visually observing the scene and monitoring sensor outputs
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Fig. 2.  Approach Overview. During the training phase, the input includes camera images from the top view, right-arm, and left-arm cameras, tactile information
from a GelSight sensor, and the current robot joint states. The tactile information is encoded by ResNet pre-trained on ImageNet [9] and connected with the encoded
camera images and the robot’s proprioceptive information (i.e., joint states). These connected data serve as inputs to the algorithm and then output an action
chunk, a sequence of predicted action, for the next n timesteps, which is used to compute the loss against the ground truth n-step actions. For loss computation,
we use a weighting scheme that emphasizes near-future actions in the predicted n-step sequence by applying exponentially decaying weights over time. The
components enclosed by the red dashed box are trainable and receive gradient updates during training. During the deployment phase, we provide camera images,
tactile observations, and two robot joint values as input to the policy. We query the policy iteratively at each timestep and output the next n predicted actions. For
an action that needs to be executed at timestep m, we aggregate the predicted actions with the same timestep index from previous predictions using exponential
coefficients, where the most recent prediction receives the highest coefficient, while earlier predictions receive lower coefficients. This aggregation method ensures
smooth operation while maintaining real-time performance and accuracy in robotic manipulation.

Fig. 3. TactileAloha Key Composition. (a) shows the view of the main
upgraded part, while (b) shows its back view. We utilize a GelSight sensor
(c), which provides the tactile texture of the object, while we fabricate a model
(d) by 3D printing to mount it. We recommend using a right-angle micro USB
cable, which reduces collision risk during manipulation. Moreover, we install
noise absorbers (e) for the tactile sensor cable. Additionally, we redesign the
top-view camera installation method. While Aloha mounts them on their metal
frame, we install them on a fixed boom (f) to better stabilize the camera. Fig. 4.

Overview of Our TactileAloha Platform. Except for the updates to
the tactile sensor and camera, we further use a real-time monitoring window
that displays real-time camera and sensor observations during dataset collection

on the screen, particularly the visualized tactile information  to ensure dataset accuracy. The workspace is covered with an 820%780%6 mm

from GelSight. The foot pedal was used to confirm actions cushion to protect the robot gripper during manipulation. Four C-clamps are

duri | . E details. pl f h . fixed at the four corners of the platform to reduce the impact of vibrations
uring teleoperation. For more details, please refer to the project ., yeq by the robot’s movement. A foot pedal facilitates dataset collection.
website.

IV. APPROACH during manipulation using a pre-trained ResNet and input it
into the ACT-based policy. We further use a weighted expo-
nentially decaying loss function (Section IV-B) to train the

Fig. 2 shows an overview of our approach. The learning policy, encouraging it to focus more on near-future predicted
policy is based on ACT [2] with our proposed TactileAloha actions. Finally, we employ an improved temporal ensembling
robotic platform. In this work, we encode the tactile information ~ method, Temporal Proximity Ensembling (Section IV-C), which

A. Method Overview
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aggregates predicted actions across recent chunks to compute the
current action, thereby improving manipulation precision while
maintaining responsiveness.

B. Exponentially Decaying Loss Function

Chunking Action-based Policy [20], where the agent receives
an observation, generates the next n sequential actions, named
an action chunk, and formulates it as: 7y (G.1yr, | $¢). Therefore,
the reconstruction loss [2] for actions is computed based on the
discrepancy between the predicted action chunk .44, and the
ground-truth action chunk a;.;,, both consisting of n sequential
actions. The loss in the original ACT is computed by averaging
the discrepancy of the n actions. While in the iterative querying
and aggregation manipulation setting (Section I'V-C), nearer ac-
tions in the action chunk play a crucial role, while the farther ones
in the chunk have less influence. Therefore, we use a weighted
loss function that applies exponentially decaying weights to the
discrepancies, actions nearer in the chunk are assigned higher
weights, which decay exponentially. The weight u; is defined as
follows:

(1 —e ke hi
1— e hkn
where the denominator ensures that the weights are properly
normalized, i.e., they sum to 1 over the given range. Here, ug
is the weight for the nearest predicted action discrepancy in the
list G;..4;. While k controls the rate of exponential decay, a
larger k results in a steeper decay, assigning significantly higher
importance to the discrepancy of the nearest predicted action a,
while rapidly reducing the influence of the actions further away

in the prediction sequence, i.e., Gy p,.
Lastly, we formulate the loss [2] for action as follows:

(D

U; =

n—1
L= ;g ars) )
=0

where we use L1 to compute the loss /.

C. Temporal Proximity Ensembling

Compounding error is a common challenge in long-horizon
manipulation tasks. An action-chunking-based policy [20] can
mitigate this issue by predicting n consecutive actions in a single
forward pass and executing them as a single chunk. Furthermore,
Zhao et al. [2] introduced an interactive querying mechanism
and ensembled the predicted actions with the same timestep
index across the predicted action chunk to improve smoothness
and avoid discrete switching between action chunks. However,
their method emphasizes the earliest predicted action, which
is suitable for tasks involving a single manipulation strategy,
but is limited when applied to tasks requiring multiple distinct
strategies, such as zip tie insertion or Velcro fastening. The
manipulation strategy may switch, and an aggregation scheme
that overly favors earlier predictions prevents the policy from
responding effectively to such changes. Their method fails to
promptly suppress the influence of outdated predictions, causing
lingering effects that may lead to task failure. To address this
issue, we utilize an improved temporal ensembling strategy,

paper, presented at ICRA 2026, Vienna, Austria. Cite as RA-L paper.
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Fig. 5. Zip ties used for Training and Testing. We use four zip ties for the
experiment, each with a width of 1 cm. The lengths include 40 cm and 30 cm,
with the 40 cm ones inserted into the head of the 30 cm one. The zip tie has two
sides: a toothed side and a smooth side. See the microscopic view image taken
by a high-precision camera. However, even with a high-precision camera, the
toothed and smooth sides are still difficult to distinguish due to the transparency
of the plastic. RGB images from the top and arm cameras, as well as the derived
surface normal representations, also fail to distinguish between the two surfaces.

called Temporal Proximity Ensembling module, during policy
deployment, as shown on the right of Fig. 2. Here, “proximity”
refers to temporal closeness, with more recent predictions re-
ceiving higher weights during aggregation, thereby improving
responsiveness.

The Temporal Proximity Ensembling module queries the
trained policy at every timestep, which causes different predicted
action sequences to overlap with each other. Therefore, at a
given timestep, there will be more than one predicted action. The
maximum number of predicted actions with the same timestep
index is n, which is equal to the length of the predicted action
sequence. We aggregate the predictions that have the same
timestep index within a pre-defined span. In the right part of
Fig. 2, we define this span as m, where m < n, meaning that we
only trace back m timesteps prediction, as older predictions may
carry higher potential bias or inaccuracy. However, if m is too
small, it will lead to unsmooth manipulation. For the aggregation
process, to further focus the policy on recent, we incorporate
an exponentially scaled coefficient scheme A; = e(¢%), which
assigns greater importance to recent predictions, i.e., the blue
action box within the red rectangular frame of Fig. 2, while re-
ducing the coefficients of earlier predictions exponentially, i.e.,
the green action box within the red rectangular frame. A higher d
means more emphasis on recent predictions, which could make
the manipulation more precise but may also lead to torpid and
short-sighted robot motion. By tuning the traceback value m and
the coefficient factor d, we can have better performance.

V. EXPERIMENTS AND RESULTS
A. Tasks

We design two bimanual tasks for tactile sensing manipula-
tion, involving two materials: zip ties (see Fig. 5) and Velcro
(see Fig. 6). Both have two distinct textures on their two faces,
which are difficult to observe with cameras but can be detected
by the tactile sensor (see the tactile information in Fig. 1).
To enhance visual insights of surface textures, we additionally
provide surface normal representations [21] derived from the
arm-mounted RGB images.

As shown in Figs. 7 and 8, the zip tie insertion and Velcro
fastening tasks each consist of three subtasks: Grasp, Align, and
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Fig. 6. Velcro Used for Training and Testing. We use five Velcro for the
experiment, each measuring 30 cm*2 cm. The Velcro has two sides: a hook
side and a loop side, as shown in the microscopic view image. However, the
camera vision system cannot recognize the difference between the two sides.

Insert/Fasten. We illustrate the initialization process, outline
each subtask, and describe the corresponding execution steps.
Adapting to variations in given object orientation, the manipu-
lation is done with different strategies by texture perception in a
systematic manner. Among them, only the Align subtask relies
on both tactile and visual feedback, while the others are standard
vision-based manipulation tasks.

B. Details of Dataset, Training, and Deployment

For both tasks, we use the TactileAloha system to collect
demonstrations. We collect 80 demonstrations for zip tie in-
sertion, with zip ties randomly selected in each episode. Each
demonstration consists of 900 timesteps (18 seconds). For Vel-
cro fastening, we collect 50 demonstrations, each with 1100
timesteps (22 seconds), and randomly sample the Velcro strip in
each episode.

In this work, we attempt to use the co-training method from
MobileAloha [17], applying co-training with datasets from
Aloha [2] and MobileAloha [17]. However, we find that it
negatively impacts the performance, especially during grasping,
where the gripper closes prematurely, leading to failures. For the
video, please refer to the project website.

We train our policy on a server equipped with RTX A6000
GPUs. To encode tactile information, we adopt ResNet18 for its
strong feature extraction capability. Following prior works [22],
[23], the tactile encoder is initialized with ImageNet pre-trained
weights, and is further fine-tuned jointly with the rest of the
network during training. The whole policy is trained for 100 k
iterations (approximately 50 hours) using the Adam optimizer
with a learning rate of 1.0e — 5, a chunk size of 100, and a
batch size of 32. The reconstruction loss [2] in our ACT-based
policy is computed using the Mean Absolute Error with a decay
coefficient of £ = 1.0e — 2, as defined in (1).

During deployment, we use a computer connected to the
TactileAloha system, which consists of an RTX 3090 GPU, an
Intel W5-2455X CPU running at 3.20 GHz, and a total of 64 GB
of RAM for policy evaluation. Each time, we randomly select
a zip tie and a piece of Velcro. For the Temporal Proximity En-
sembling module, we set the hyperparameter d to 1.0e — 2 and
m to 50 for zip tie insertion, while for Velcro fastening, we set
d to 2.0e — 3 and m to 80. For the timesteps used in the deploy-
ment evaluation, it may increase the length to ensure the whole
manipulation process is completed. In our case, we expand it by
1.2X based on the task dataset collection timesteps’ length.
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C. Comparsion

To demonstrate the performance of our method, we compare
it with approaches that only input vision information: ACT [2]
and Diffusion Policy [1]. ACT [2] is the original method on
which our approach is based. It utilizes chunking actions and
Transformers, achieving high manipulation precision and sta-
bility. The Diffusion Policy method [1] is a diffusion-based
generative model for robotic manipulation, which is well-suited
for high-dimensional action spaces. To explore the impact of en-
hanced visual representations, we further evaluate an ACT vari-
ant augmented with surface normal observations [21], denoted
as ACT with Normals. This model receives mid-level geometric
features derived from the arm-mounted RGB camera, aiming to
improve the camera’s perception of subtle surface textures. In
the comparison, both algorithms rely solely on camera visual
input, without tactile information, to evaluate whether vision
alone in a robotic platform can distinguish differences and guide
robotic manipulation. We further evaluate ACT with tactile input
to compare against our full method and assess the impact of the
additional improvements.

For the comparison metric, we report the success rate of each
subtask. To ensure consistency, each task with each method is
evaluated over 20 trials, with a random initial position. During
manipulation, if the robot arm cannot complete the current
subtask or is at risk of collision, we terminate the current action
and report the success rates of the completed subtasks.

Table I shows the comparison result. By comparing ACT
with Diffusion Policy, we can observe the importance of action
chunking for manipulation, which improves the coherence of
the generated trajectory [17]. We further evaluate ACT with
Normals. However, this variant does not yield improvement in
perceiving texture orientation compared to the standard ACT
baseline, suggesting that surface normal representations alone
are insufficient for capturing fine-grained surface information in
this setting. In contrast, ACT with tactile input outperforms the
standard ACT in the alignment subtask, which requires accurate
recognition of grasped texture to determine the alignment pose.
This demonstrates the crucial role of tactile sensing, which
cannot be substituted by vision-based modalities. Moreover,
our method achieves higher success rates in the final insertion
subtask and the fastening subtask compared to ACT with tac-
tile input. Averaged across all six sub-tasks from both tasks,
it achieves an overall relative improvement of approximately
11.0%, demonstrating the effectiveness and precision of our
method. Fig. 9 showcases the zip tie insertion and Velcro fasten-
ing evaluation processes and provides a qualitative comparison.
For more video details, please visit the project website.

In addition to reporting subtask success rates, we also an-
alyzed failure cases. Grasping failures included weak or un-
stable grasps, object slippage during execution, or the gripper
targeting an incorrect position. These were relatively evenly
distributed, with no single type being particularly dominant.
Alignment failures primarily occurred in settings without tactile
sensing, highlighting the importance of contact feedback. We
also observed alignment failures in multi-strategy tasks, where
the current trajectory followed a new strategy but was influenced
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Fig. 7. Zip tie Insertion: Insert one zip tie into the head of another. Two zip ties are initially placed on the workspace. To facilitate grasping by the robot gripper,
two supports are fabricated by 3D printing to keep the zip ties stand. The orientation of the near zip tie is fixed, while the facing direction of the far zip tie is
random. Moreover, the head of the far zip tie cannot be observed because it is occluded by the robot base. During manipulation, the robot arms first Grasp the
twoes (A.1, B.1). The tactile sensor then perceives the orientation, and the arms Align by adjusting posture to ensure that the toothed side aligns with the pawl
of the receiving tie (A.2, B.2). Finally, the lefte is Inserted into the right zip head (A.3, B.3) with precise motion. Depending on the zip tie’s initial orientation,
different manipulation sequence was automatically generated as shown in A and B based on tactile sensing.

Fig. 8.

Velcro Fastening: Engage one piece of Velcro with another to fasten the USB cable. One USB cable is placed on a piece of Velcro, whose position is fixed,
with the hook side facing up. Another piece of Velcro is placed next to it, supported by two 3D-printed supports to make it stand, and its orientation is random.
During manipulation, the robot arms first Grasp both Velcro edges (A.1, B.1). The tactile sensor perceives orientation, and the arms Align by adjusting posture
and angle to ensure that the hook side matches the loop side (A.2, B.2). Finally, the arms Fasten the Velcro, with the right arm pressing to ensure engagement
(A.3, B.3). Adapting to the given Velcro side, the tape handling is done with different ways for covering the tape so that the hook and loop sides of the Velcro tape

contact each other.

TABLE I
RESULTS OF OUR METHOD AND BASELINES

Zip Tie Insertion [%] Velcro Fastening [ %]

Method

Grasp Align Insert Grasp Align Fasten
D;,ff“.s“’“ 60 20 0 70 30 15
olicy
ACT 80 30 5 90 45 30
ACT with g 35 5 85 40 30
Normals
ACT with g, 75 25 95 95 85
Tactile
Ours 90 90 35 100 100 90

Note: Bolded values highlight the best results across the compared methods.

by residual predictions from a previous one. This issue was
particularly evident under the temporal ensembling scheme used
in the original ACT [2]. As shown in Fig. 10, ensembling in-
compatible actions led to execution conflicts and, in some cases,
collisions. These failures arose from the method’s inability to
promptly discard outdated predictions. Others, insertion failures
were mostly due to misalignment with the small zip tie head
opening. For Velcro fastening, failures typically arose during
the pressing phase, where the Velcro failed to properly engage,
sometimes due to alignment precision or interference with the
tabletop.

To evaluate sensitivity to the hyperparameters k (Exponen-
tially Decaying Loss), and d, m (Temporal Proximity Ensem-
bling), we varied each individually while keeping the others
fixed. We report the average success rate across the three sub-
tasks of the zip tie insertion task, see Fig. 11.

D. Ablation

To evaluate the introduced aspects, we design three ablations

to examine the respective contributions:

e Ours with ACT’s TE (our method using the temporal en-
semble from ACT): In this setting, we replace our Temporal
Proximity Ensembling module with the temporal ensemble
method proposed in ACT.

e W/O EDL (Without Exponentially Decaying Loss Func-
tion Module): In this setting, we don’t use the introduced
Exponentially Decaying Loss Function. The loss for the
chunking action will be computed as the mean of n pre-
dicted values: L = % Z?;ol OGgagy Apyg)-

e W/O TPE (Without Temporal Proximity Ensembling Mod-
ule): We further exclude the utilization of the Temporal
Proximity Ensembling Module, resulting in no aggrega-
tion with the previous prediction sequence actions. Con-
sequently, the observe&action process is executed a total
number of times equal to the whole horizon H divided by
the action chunking size n, i.e., H/n.
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Fig. 10.  Scene where the robot collision occurs in the method using ACT [2]
temporal ensembling.
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Fig. 11.  Sensitivity analysis of the hyperparameters of our transformer-based
policy with action chunking.

e W/O Tac. (Without Tactile sensing): We further train our
policy without tactile information, so it only manipulates
based on vision input from three cameras.

e EDL + TPE: Train and deploy the policy with EDL and
TPE, without tactile sensing.

We conduct 20 trials for each ablation and evaluate only
the zip tie insertion task. The results are presented in Table II.
The ablations consistently perform worse than the full method.
We observe that ACT’s temporal ensembling module is not
compatible with our Exponentially Decaying Loss function,
resulting in a performance decrease. This may be because,
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Subtask: Insert/Fasten

Early Termination After Failure

Qualitative comparison of experimental evaluation on zip tie insertion and Velcro fastening.

TABLE I
THE RESULTS OF ABLATIONS

Zip Tie Insertion [%]

Method EDL TPE Tac. Grasp Align Insert
Ours v v v 90 920 35
Ours with s
ACT’s TE v ACT’s TE v 80 75 15
W/O EDL v v 85 85 30
W/O TPE v 70 60 10
W/O Tac. 65 25 5
EDL + TPE v v 90 40 15

during deployment, ACT’s temporal ensembling scheme assigns
greater weight to the earliest predicted actions, which are also
the furthest in time within the predicted action chunk, while
our exponentially decaying loss function reduces the training
loss associated with these actions. For the other three abla-
tions, we find that the Exponentially Decaying Loss module
generally improves performance across all three subtasks of
zip tie insertion. A comparison between the performance of
W/O EDL and W/O TPE shows that TPE contributes more to
the precise insert subtask, as the policy can receive real-time
feedback and adjust its control accordingly. The comparison
between W/O TPE and W/O Tac. demonstrates the influence of
tactile information on changes in the alignment success rate. The
results of EDL + TPE and the full method indicate that incorpo-
rating tactile information does not negatively affect performance
on subtasks, i.e., grasp and insert, that do not rely on tactile
sensing.
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VI. CONCLUSION

To facilitate tactile-aware robotic manipulation, we introduce
TactileAloha, a bimanual manipulation system that extends the
Aloha platform by integrating a GelSight tactile sensor into
the control loop. This enables real-time tactile sensing during
contact-rich manipulation. We explore an existing transformer-
based policy framework (Action Chunking with Transformers)
to incorporate tactile observations, which are encoded using a
pre-trained ResNet and fused with visual and proprioceptive
inputs to predict future action sequences. To improve the quality
of these predictions, we use a weighted loss and an improved
temporal aggregation strategy that emphasize near-future ac-
tions and enhance control accuracy. Experimentally, we design
two tasks: zip tie insertion and Velcro fastening, both of which
are highly sensitive to tactile information. In both tasks, there is
an object orientation condition to manage the task by bimanual
manipulation, so that the zip tie’s toothed side aligns with the
pawl of the receiving tie, and the hook side matches the loop
side of the Velcro, respectively. Different texture orientations
of handling objects could systematically result in different ma-
nipulation strategies based on tactile sensing with the proposed
method. Our results demonstrate significant performance im-
provements, highlighting the effectiveness of our method toward
tactile-based manipulation.
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