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Abstract— Intelligent robots are expected to do manipulation
tasks relying on real-time sensing feedback. Especially, tactile
sensing plays a more and more important role in precise
manipulation tasks. For example, a 1 mm error while inserting
a USB stick, which is hard to perceive visually, will result in a
failed insertion or even break the USB stick. In this paper, to
estimate and compensate residual position uncertainties during
robotic insertion tasks, an exploration motion is introduced
to acquire environment information by tactile sensing and a
state-of-the-art transformer-based neural network is proposed
to estimate the error distance from long-duration tactile sensing
data. Our system is trained on over 2000 insertion trials with
basic geometry shaped 3D printed objects. Without any prior
knowledge, we achieve an 85% insertion success rate with
average 5 attempts on 4 unseen daily objects relying only
on tactile feedback acquired from our proposed exploratory
motion. It is noteworthy that our designed exploration motion
can provide insightful information about extrinsic contact
information and our proposed learning model exceeds previous
baselines in extracting useful information regarding the contact
interaction between the grasped object and the environment.

I. INTRODUCTION

Intelligent robots are expected to tackle a broader range
of manipulation tasks in numerous scenarios, such as ware-
houses or even human living environments. Among various
manipulation skills, inserting objects into target positions is
common.

For instance, automatic warehouse robots commonly ex-
ecute tasks like the typical peg-in-hole operation and are
even asked to densely insert items into boxes, as these
actions enhance operational efficiency and decrease costs.
Moreover, humans also engage in insertion tasks under
stricter conditions, employing a variety of motions, such as
shape sorter toys for babies and inserting USB sticks or
keys into corresponding ports. Achieving shape-consistent
insertion poses great challenges, as the hole shares the exact
shape but is slightly larger, requiring more precise estimation
of uncertainties. Fig 1 shows an example of shape-consistent
insertion.

Generally, shape-consistent insertion task requires a vision
system to estimate the insertion position and orientation
between the object and hole globally [37] [38]. Given simple
and basic geometries, although an accurate vision sensing
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Fig. 1: Overall system and task. The robot is inserting
a ellipse shape object into the shape-consistent hole. With
the designed position misalignment (along with Y and Z
axis shown in left, X axis is insertion direction), the object
will collide with the edge of the hole. The robot arm will
press the object parallelly and then tilt the arm, and the
uSkin sensor will capture the subtle changes during the
exploratory motion. The acquired tactile data, which includes
the friction/torque information, is passed to the trained model
and a simple controller. The model and controller will
output an error estimation, which are expected to result in a
successful insertion.

can align the orientation and find the approximate position,
small uncertainties up to several millimeters still remain.
When a grasped object encounters the environment, humans
instinctively explore environmental information by rotating
with respect to the collision point [12]. Torque, force, and
friction information resulting from rotational motions are
valuable and insightful for estimating small position errors,
while this behavior is hard to be mimicked by just using
robotic vision sensing. To address the limitation of vision
systems and improve the estimation accuracy, several works
have tried to use force feedback which will be discussed later.
Different to previous works relying on force/torque sensors,
in this paper, we propose to use the incorporated tactile
sensing ability to capture the related torque/force/friction
information between the grasped object and the environment
caused by the exploratory motion and further learn how
to estimate the misalignment error. In particular, a high
frequency 3-axis distributed tactile sensor, uSkin [1], is used,
to capture the subtle changes introduced to the elastic sensor
surface caused by the collision/rotational motion w.r.t. the
collision point between the object and environment. The
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captured sensor data stream is utilized to train our proposed
state-of-art neural networks, a 3D convolution temporal-
spatial transformer (Conv3D-TS-Tranformer), for estimating
the position error. The 3D convolution can compress our
high frequency tactile data while retaining the effective
spatial-temporal features and the transformer network shares
a good generalization ability among various robotic sensing
modalities [30] [31]. Using the estimated position error, an
iterative controller adjusts the insertion position which is
expected to result in a successful insertion in subsequent
attempts. During the insertion process, with the aid of the
prompt sensing of uSkin, we implement a heuristic slip
detection to monitor when collisions happen such that we
could avoid crashing the object or hole.

In our experiment, we first collected over 2000 insertion
data trials on four 3D printed basic object shapes to train
and validate our proposed Conv3D-TS-Tranformer. A
comparison study and ablation study were done offline
using the validation dataset to show the improvement and
benefits brought by our proposed model and the exploratory
motion guided information. For the online experiment, we
tested our system on 4 daily items with different object
properties such as shape, size, surface and material. As
a conclusion, our proposed exploratory guided motion
could provide insightful information and our proposed
model showed a better error estimation ability for long
sequential time-series information. Furthermore, the online
experiment on 4 unseen daily object achieves a 85%
insertion success rate using on average 5 attempts, which
also proves that our method is able to generalize to new
objects. Finally, our dataset and code are publicly available
at https://zenodo.org/records/10706531
and at: https://github.com/yg19930918mp/
Exploratory-guided-insertion.

Overall, our primary contributions are:
• A novel neural network model combining 3D convolu-

tion and transformer blocks is proposed to compress and
extract both spatial and temporal information to estimate
the position error. A comparison/ablation study shows
the advantage of our proposal model.

• We provide an example of how to use an exploratory
motion to acquire necessary sensing data to improve
motion generation ability. The proposed exploratory
motion could acquire more insightful tactile information
related to torque and friction when the grasped object
interacts with environment, which is barely done in
other learning-based robotic tactile insertion research.

• Our dataset and code are open sourced, which is helpful
for the robotic tactile sensing community.

II. RELATED WORKS

Many similar tasks, such as peg-in-hole tasks, exist to
our objective, inserting an object into a shape-consistent
hole. Thus, we start with an overview of solving an robotic
insertion problem under uncertainties, emphasizing the ne-
cessity of introducing tactile sensors. Following this, we
conduct a review of the utilization of deep learning in robotic

Fig. 2: Visualization of uSkin sensor readings with our
data collection objects. Starting from the left, 3D printed
cube/cylinder/ellipse/hexagon. Every green point represents
a taxel within the 6x4 sensor matrix. The diameter (z-axis,
normal force) and positional variation (x- and y-axis, shear
force) of each green dot indicate the magnitude and direction
of each 3-axis (x, y, z) measurement.

tactile sensing, emphasizing our motivation of adopting a
transformer-based approach for estimating insertion uncer-
tainties.

A. Robotic Object Insertion

Object insertion tasks have been a popular research topic
for decades, with the peg-in-hole task being the most com-
mon format. Such tasks, i.e. contact-rich manipulation, are
very challenging because the target is to generate precise
position control, which can be addressed through various
methods such as introducing compliance (active or passive)
or employing force/torque sensing feedback.

Whitney [39] designed a RCC (remote center compli-
ance) device to mate rigid parts based on geometric and
force equilibrium conditions. Leveraging compliance, Jain
et al. [2] designed a gripper employing ionic polymer metal
composite (IPMC) material to illustrate the advantages of
compliant fingers. Part et al. initially proposed strategies for
peg-in-hole assembly without force feedback by developing
compliance-based controllers and integrating different mo-
tions [4], followed by accelerated completion speed in [5].
Passive compliant joints are integrated with policy learning
to emphasize the importance of passive compliance for peg-
in-hole tasks in Yun S.K. [3]. Additionally, a controller
capable of switching between passive compliance and active
regulation is introduced in [6], surpassing fixed compliance
controllers in peg-in-hole tasks. The introduction of compli-
ance increases the generalization ability. However, the single
compliance method has low efficiency since the environment
information can not be leveraged to guide the adjustments
of insertion.

Another class of methods learn patterns of sensor data
in various insertion situations to guide the hole searching
and correcting for position uncertainties. The most-used
sensors are force/torque sensors. Levine et al. [7] trained
a policy using images captured by an external camera on
a variety of tasks, including a peg-in-hole-like assembly
task. Lee et al. [8] employed deep reinforcement learning to
combine image and force/torque data in peg insertion tasks,
enabling generalization to unseen conditions and robustness
to external perturbations. Beltran-Hernandez et al. [9] use
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an off-policy, model-free reinforcement-learning method to
solve peg-in-hole tasks with hole-position uncertainty. O.
Azulay et al. [11] introduce haptic glance, which is similar
to idea of leveraging exploratory motions to acquire more
useful information, to train a curriculum learning from easier
to more complex objects. However, compared to distributed
tactile sensors mounted on fingertips, force/torque sensors
mounted at the wrist joint can not acquire a direct contact
information between the object and the fingertips, providing
only a limited sensing ability.

In recent years, with the development of various types
of tactile sensors, tactile sensing has been incorporated into
robotic insertion tasks as it can provide more detailed and
abundant sensing of the contact situation. Royo Miquel et
al. [10] used a soft wrist and tactile sensors and identify
the contact state transition as anomalies to search the correct
insertion position. S. Dong et al. [13] [16] and S. Kim et al.
[15] utilized optical tactile sensors and reinforcement learn-
ing/supervised learning to correct misalignment between
objects and holes. Although the proposals effectively ac-
complished insertion task with unknown-shaped parts, these
works used a bulky optical tactile sensor with low frequency
data. However, the tactile sensor used in our research, uSkin,
is a compact magnetic tactile sensor, and can provide higher
frequency data.

B. Robotic tactile learning

The tactile sensor data currently available exhibits higher
spatial and temporal resolutions compared to decades ago,
leading to widespread use of deep learning models for
processing tactile data. The learning models are used either
to perceive information such as tactile related properties
(texture [16] or hardness [17]) and contact state [18] [19],
or to generate action directly for manipulation [20].

Considering the close relationship between the object
insertion task and tactile sensing, it is reasonable to incor-
porate tactile sensing into this task. Here we will review the
related works and then highlight the difference compared
to previous learning-based tactile object insertion research.
S. Dong et al. [13] estimate the misalignment between an
object and the hole using CNN-LSTM [25] in a dense
box packing task. Further research [16] incorporate CNN-
LSTM with reinforcement learning and showed that tactile
sensing enable a better generalization ability compared to
force/torque sensing. S. Kim et al. [15] use the same type
of tactile sensor to estimate the extrinsic contact localization
and use the estimated localization to train a RL policy to
search the correct hole position. Miquel et al. [10] leverage a
soft wrist and tactile sensor to detect contact state transitions
as anomalies to locate the optimal insertion position. R.
Okumura et al. [21] introduce a world model for mapping
tactile images to physical coordinates and implement the
model for a connector insertion task.

Compared to previous works, our work mainly has 2 dis-
tinguishing aspects. Firstly, we introduce a transformer-based
model to estimate the error and compare our proposal to
the widely-used CNN-LSTM [13] [16] [23] [24]. Secondly,

Fig. 3: Top id exploratory motion. Bottom is correspond-
ing tactile sensor reading. (a) Parallel pressing motion. (b)
Arm tilting motion.

with the introduction of exploratory guided motion to gather
additional information, each data sample includes a longer
time dependency (up to 750 time- steps), making it more
challenging to extract relevant useful information.

III. PROPOSED METHOD

Human are able to identify object properties and estimate
a correction signal through a tactile exposure in insertion
processes without visual feedback especially when the mis-
alignment is relatively small. Our tactile sensors are prompt
and sensitive and are capable of detecting subtle changes
when the grasped object collides with the environment or
when the object is rotated relative to the collision point. Us-
ing the benefits of our tactile sensor, we propose to introduce
an exploratory motion similar to human behaviors to capture
the extrinsic contact information when the grasped object
interacts with the environment. Further, to leverage such
subtle information to estimate the error direction/magnitude,
we propose to compress (embed) the spatial-temporal tactile
data using 3D convolution and then use a transformer-based
network to extract useful information. In next part, we will
first formulate our task and then detail our proposal.

A. Problem formulation

We use a robotic arm equipped with a parallel gripper
and a distributed tactile sensor patch is mounted on each
fingertip, as shown in Fig. 1. The system will attempt to
insert basic geometry shaped object into a shape-consistent
hole with uncertainties while the hole has a relatively small
clearance (1.5 to 2mm). For the action space of grasped
objects, assuming that the orientation uncertainty is more
related to a visual sensing problem, we only considered the
position uncertainties (Y and Z axis shown in Fig. 1). During
the whole insertion, the system could only acquire tactile
measurements. The insertion goal is, therefore, to align the
object and insert it into the hole without any prior knowledge
of the object shape nor the environment by just leveraging
the tactile measurements and the learning model.
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The described task above represents a typical regression
task. Consequently, our proposed network retains a regres-
sion output format, with the output consisting of continuous
values that represent the estimated error distance in Y and Z
direction.

B. Exploratory Motion

Humans are used to obtain external environment properties
via purposeful manual exploration relying on haptic feed-
back. Although the human haptic system includes muscles,
tendons, joints and skin, in our research we mainly focus on
skin-like tactile sensors as it is accepted that the cutaneous
feedback is the most prompt and abundant information
source [12]. Taking inspiration from human motion during
insertion, we propose to add the exploratory motion after the
object collides with the edge of the hole.

Our proposed motion includes two parts, parallel pressing
and arm tilting, as shown in Fig. 3.

Parallel pressing motion (Fig. 3(a)). As the baseline
exploration motion which is used in other tactile insertion
learning research [13], our robot arm would push the grasped
object towards the target position until the object collided
with the edge of the hole and the tactile sensor readings
reached a shear force threshold. A successful insertion where
the object could go through the hole without any collision
could be also identified by monitoring tactile readings. While
inserting, due to the sensor surface compliance and different
intersection situation between the object and hole, a slightly
torque could happen accordingly and our distributed sensor
point would capture this informative signals.

Arm tilting motion (Fig 3(b)). Inspired by human be-
haviors [12], object tilting is deliberately exerted by the
arm in order to sense the edge of the hole. We believe the
tilting motion could provide a more obvious information
such as the friction and torque between the object and
surface surrounding the hole. Also, our prompt and high
frequency distributed tactile sensor is able to capture this
feature. Hence, the arm is tilted back and forth to two
directions with respect to the surface normal. The center of
each tilt is approximately the contact point with the hole.
While the large tilting motion may result in a unexpected
posture variation of the object, we select a 10 degree tilting
in each direction and we observed that the resulting posture
variation could be compensated by the tactile sensor surface
compliance and the grasping strength.

C. Learning Model

Using exploratory motions, we capture a time-series of
distributed tactile data along with an added error distance
(∆Y,∆Z) with respect to the known correct hole center
position. Our aim is to compress the data and extract valuable
information to estimate the error distance.

As shown in Fig. 2, the uSkin sensor patch used in our
experiment consists of 24 sensing taxels, each taxel providing
3-axis readings with a 100 Hz frequency. Despite not reach-
ing the spatial resolution of RGB tactile images obtained

Fig. 4: Our proposal model. The spatial-temporal input data
is first compressed by 3D convolution on height, width and
depth. The compressed tokens are passed through a tempo-
ral transformer and spatial transformer while the temporal
position encoding (large grey rectangles in the bottom) and
spatial position encoding (colorful small rectangles in the
bottom) are added respectively. The processed features are
connected to outputs values, ∆Y and ∆Z, by a multi-layer-
perceptron.

from optical tactile sensors, our data retains complex spatial-
temporal dependency information. Therefore, the design of
our network should consider how to extract spatial-temporal
features. In previous works, the CNN-LSTM [25] [26] [27]
was widely used to extract both spatial-temporal information
for robotic tactile learning. Our previous research [28] [27]
validated that despite being trained from scratch, our CNN-
LSTM achieves satisfactory classification performance. Fur-
thermore, our proposed self-attention mechanism surpassed
the CNN-LSTM in handling long sequential data of over
100 time-steps. However, in our current experiment the data
sample has a longer sequence of up to 750 time-steps. We
found that the CNN-LSTM showed worse performance. Thus
we propose to introduce the self-attention mechanism into
our task.

To leverage the power of self-attention mechanism, a
straight-forward idea is to treat our tactile data as a fixed
length video and each frame consists of 2 (sensor patches)
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* 6*4 (sensing points) * 3 (axis) = 144 data. By embedding
each frame into vectors (called tokenization in the rest of
the paper), it becomes naturally consistent with typical trans-
former input structure. However, this idea has several limita-
tions. Firstly, tokenization is generally accomplished through
convolution and fully-connected layers. Nevertheless, em-
bedding long sequential data like ours (up to 750 time-steps)
using this approach would introduce a significant number of
additional neural network parameters, which would heighten
training difficulty and diminish inference speed. Additionally,
tokenization using CNN and FNN to compress and flatten
each individual frame as input for the transformer might
maintain spatial features within each frame, but it might
disturb the spatial-temporal relationships between different
frames. For example, variations in shear force readings on
the same taxel position during successive time-steps could
convey important information, such as the perception of
contact friction or torque, which would be ignored if we
compressed and flattened single frames separately. Lastly, the
self-attention mechanism requires substantial computation of
multi-dimensional linear algebraic arrays. As the length of
input data increases, it dramatically consumes GPU memory
(up to 25 GB GPU memory space when using PyTorch), con-
straining parameter tuning options like batch size selection
and placing a heavier burden on the GPU.

Facing the above challenges, we propose a novel Conv3D-
Temporal-Spatial transformer accordingly, based on related
works. Given the issues outlined above, the proposed model
is tasked with initially compressing the lengthy sequential
data while retaining effective features, and subsequently
extracting the preserved spatial-temporal dependencies to
estimate the position error values. The whole model is shown
in Fig. 4.

3D Convolution Embedding Previous research on Vision
transformer (ViT) [32] involved the tokenization of a 2D
image into a collection of patch tokens. This method entails
dividing the image into a sequence of uniform-sized, non-
overlapping patches with spatial extent, which are subse-
quently flattened into 1D tokens and linearly projected into d
dimensions. This tokenization process could be treated as a
2D convolution with a kernel size of (h × w) and strides (h,
w) across the respective dimensions. As mentioned before,
our data consists of a series of distributed tactile data with
T (750) time steps, H * W (6 * 4) sensing points and C
(3) channels. Inspired by ViT and our previous work, we
propose to tokenize our recorded data X ∈ RT∗H∗W∗C by
extending the 2D convolution approach to 3D convolution,
where a 3D kernel with size (d×h×w) is applied at stride (d,
h, w) across temporal and spatial dimensions. Consequently,
N = [D

d ,
H
h ,

W
w ] non-overlapping tokens are extracted with size

X ∈Rd∗h∗w∗c in this manner and then flattened. By setting d >
1, all extracted tokens contain spatial-temporal information.
As the computation cost of self-attention layers increases
quadratically concerning the length of the token sequence,
selecting suitable values for t, h, and w are important. We
will detail our selection in the later experiments part.

In the end, our tokenization strategy preserves both spatial

and temporal information while efficiently compressing the
data length, thus minimizing unnecessary computation costs.

Temporal Encoder The extracted patches descried above
ZT ∈ RND∗NH NW NC are used to construct model inputs as
follows

Zinput
T = ZT +PT ∈ RND∗NH NW NC

where the PT ∈ RND∗NH NW NC is a set of learned positional
encoding vectors and are added to all NHNW NC, to encode
the absolute temporal information. The absolute temporal po-
sition is represented by the different level of grey rectangles
shown in the bottom of Fig. 4. Within the typical trans-
former, there are L blocks consisting of alternating layers of
Multiheaded Self-Attention (MSA) and residual Multi-Layer
Perceptron (MLP). Prior to each layer, inputs are normalized
with layer-norm [33]. The MLP block includes two layers of
linear projection followed by GELU non-linear activations
[34]. Unlike CNN architectures, where spatial dimensions
shrink and channel numbers increases, transformers maintain
isotropy, with all feature maps retaining the same shape
throughout the network. Empirically, we selected L = 1 in
our later experiments.

Spatial Encoder We now divide the second dimensions of
temporal encoder output into position patches and channels,
obtaining a list of patch features Zs ∈ RNDNC∗NH NW . The
positional embedding is given according to the divided patch
positions (colorful rectangles shown in the bottom of Fig. 4).
In a similar spirit, the input to the spatial encoder becomes:

Zinput
S = ZS +PS ∈ RNDNC∗NH NW

where PS ∈NDNC ∗NHNW are respectively added to all spatial
representations. With all feature maps retaining the same
shape throughout the network, another two layer MLP is
followed to project the features into the estimated error
distance.

A schematic representation of the our proposed architec-
ture can be seen in Fig. 4. Our proposal is compared against
several baseline, which will be detailed in later sections.

IV. EXPERIMENT AND RESULTS

A. System Overview

We build our experimental setup to automatically collect
the training and validation data as shown in Fig. 1. The setup
consists of the two-finger parallel gripper WSG-110 and a
4*6 uSkin sensor patch is mounted on each fingertip. The
internal force sensing function of WSG-110 is not reliable
because we are using customized fingers during the whole
experiment, so the grasping strength and detection of slip is
done by monitoring uSkin readings. The gripper is mounted
on a UR3e robot arm. During the experiment, real-time data
stream of uSkin is recorded with 100Hz once the object
collides with the edge of the hole.

B. Data Collection

Objects and Holes As shown in Fig. 2, four 3d printed
objects with basic geometry shapes are selected to collect
training and validation data. The holes w.r.t each object share
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TABLE I: Motion/Model Comparison (unit: mm2 )
Model CNN-LSTM CNN-LSTM-AE Conv3D-TS

Validation Loss (parallel pressing motion) 7.394 6.793 5.998
Validation Loss (proposed motion) 6.099 5.966 4.1

the same shape and the hole clearance is 1.5∼2mm larger
than the size of the object. We treat this clearance as a
challenging clearance since even when the robot is controlled
by a human operator, it takes several attempts to insert the
object successfully given this clearance.

Uncertainties Since the hole is designed 1.5∼2mm larger
than the object size, the positional uncertainties of insertion
are defined as 3∼10mm distanced from the center of the hole
in 36 directions (every 10 degree).

Motion and Size of Dataset During our automatically
data collection process, each object is inserted with a random
combination of distance and direction error about 500 times,
resulting in a dataset including about 2000 times insertions.
For each insertion attempt, tactile data is recorded from the
start of insertion including the parallel pressing motion and
the arm tilting motion and the continuous 750 time-steps
from the happening of collision to the finishing of the arm
tilting are sampled as one training/validation sample. Before
each insertion, baseline data is recorded before the start of
insertion and the baseline data is used to pre-process the
raw data. The insertion speed is fixed to avoid unnecessary
variation.

C. Model Training

Data Preprocessing Our input data is scaled to [-1, 1] by
using the empirical sensor reading range in our experiments
and the baseline data recorded before the start of insertion.

Training setting We use the ADAM optimizer, MSE
loss function, NVIDIA 3090 GPU and Pytorch package for
offline experiments. 85%/15% of our dataset is used for
training/validation. For network details, please refer to our
code at the publicly available github.

D. Offline Studies

For the offline studies, we use the mean square error
(MSE) as the evaluation metric. Achieving a lower MSE
loss indicates that the estimation moves closer to the ground
truth.

Model Comparison To perform a model comparison
study, two baseline models are selected. The first baseline
model is CNN-LSTM, which is widely used in previous
research to extract both spatial and temporal features. Fol-
lowing our previous work, since our data from our tactile
sensor is not an RGB image, we do not leverage the backbone
models pretrained on an RGB image dataset. Instead, all our
models are trained from scratch. For the second baseline,
we add an auto-encoder structure into the CNN-LSTM to
augment the feature extraction ability. An autoencoder is
a type of artificial neural network used for unsupervised
learning. It is primarily designed to learn efficient represen-
tations of data, typically by encoding the input into a lower-
dimensional latent space and then decoding it back to the

Fig. 5: Work flow for real-time experiments. The robot
initiates the insertion process, and if successful, it proceeds
to place the object back to the reset device. In the event
of a collision between the object and the environment,
parallel pressing and arm tilting motions are activated, and
tactile data are captured and processed by sensors. The
processed sequences are then forwarded to our proposed
neural networks. The estimated error is passed to a simple
controller, which determines the adjustment of the insertion
position. If insertion at the new position is successful, the
process is done. Otherwise, a new error is detected again by
the sensors. This loop continues until success is achieved or
the maximum attempts threshold (20) is reached.

original input space. It can learn meaningful and powerful
features or representations of the input data, which can be
useful for robotic manipulation tasks [35] [36]. In particular,
a de-convolution decoder and de-LSTM decoder is added
separately after the CNN and LSTM part to reconstruct the
corresponding inputs. Both of them are trained using MSE
loss together from scratch with the CNN-LSTM.

The validation losses are shown in Table I. Here we show
that the estimation loss of our proposed Conv3D-TS trans-
formeris is 4.1 where the absolute error is estimated within
−1.4mm ∼ 1.4mm on each axis. However, the baseline,
CNN-LSTM, could only reach estimation loss 5.966 with
auto encoders and 6.099 without auto encoders. Compared
to baseline, our proposed model could improve the estimation
error up to 33%.

Motion Comparison In addition to our proposed network
model, we also believe the friction/torque information hap-
pening during exploratory motions (parallel pressing motion
and arm tilting motion) could be captured by our tactile
sensor and this information could improve the estimation
accuracy. In previous research such as [15], only the pressing
motion is used to acquire environment information. There-
fore, we treat the parallel pressing motion as baseline motion
and compared our proposal exploratory motion with the
baseline motion. To show the effectiveness of our proposed
exploratory motion, we do a motion comparison study on
CNN-LSTM, CNN-LSTM-AE and our proposed model,
Conv3D-TS transformer.
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TABLE II: Ablation study (unit: mm2 )
Model Conv3D Conv3D-temporal transformer Conv3D-spatial transformer Proposal

Validation Loss 6.014 4.246 4.184 4.1

The motion comparison result is shown in Table I. For
all models the performance dropped when only using the
parallel pressing motion. It is evident that the extra contact
information brought by our proposed motion is beneficial for
the estimation of misalignment.

Influence of compression As discussed before, we believe
that a suitable compression of our long sequential spatial data
by using 3D convolution is able to keep the effective features
for error estimation. Therefore the tuning of parameters of
3D convolution kernel, height (h), width (w) and t (depth),
are important where h/w control the receptive field of spatial
aspect and t control the receptive field of temporal aspect.
To show how the size of h and w and t influence test
performance, we do a comparison study by fixing all other
parameters while only changing h/w or t based on our
proposed model.

Fig. 6: Ablation study of 3D convolution receptive field.
Left: Study about height and width. X-axis is height and y-
axis is width. The color of point represents the estimation
loss. Right: Study about depth. X-axis is depth and y-axis is
the estimation loss.

The corresponding results are shown in Fig. 6. The left
of Fig. 6 shows how the height and width influence the
learning result where the depth is fixed to 150. Since our
design motivation is to divide inputs into non-overlapping
patches, the height and width could be only set to [1,2,4] and
[1,2,3,6] separately. The cooler color represents a smaller es-
timation error. It is obviously that as the receptive area (h*w)
increases, the estimation error decreases, which proves that
the larger receptive area is beneficial for our task. Similarly,in
the right of Fig. 6 we found that as the convolution depth
increases, the estimation loss decreases. However the optimal
depth is 150 with the estimation loss 4.1.

Ablation Study Although our proposed model outper-
forms the baseline models, it is important to know why our
model could bring such improvement. Thus we do an abla-
tion study. As mentioned before, our model includes a com-
pression part, temporal transformer and spatial transformer.
In our ablation study, we compare the validation performance
when we remove either temporal transformer/spatial trans-
former or both. The rest of the parameters are fixed.

The ablation study results are shown in Table II. Without
either temporal transformer or spatial transformer, the val-

TABLE III: Real robot experiment results
object name White pen Red pen Glass bottle Toothpick

Object picture Total

Successful rate 5/5 3/5 5/5 4/5 17/20
Average attempts for success trials 3.2 8.7 2.2 8.0 5

idation loss slightly dropped 0.084 and 0.146 respectively.
However, without both, the pure 3D convolution model could
only reach 6.014 validation loss, which shares a similar
performance to CNN-LSTM and proves that the transformer
blocks are quite necessary to extract the spatial and temporal
relevance.

E. Online Robot Experiment

Finally, to test our proposed system and evaluate whether
it is able to generalize to unseen daily objects, we do an
online real-time insertion experiment. Based on the offline
comparison results, our proposed model is selected to do
the online experiment since it outperforms other baseline
models evaluated by MSE loss. Four daily objects with basic
geometries but various properties are selected as shown in
Table III. For example, the red mark pen has a non-fixed
diameter and different texture, and the toothpick box is
deformable. The glass bottle and mark pen are heavier than
the 3D printed objects used for training. All of them have a
different size compared with the training objects.

Instead of collecting one-time insertion error data (as we
did for training/validation data collection), the robot arm
will keep repeating attempting inserting until successfully
insertion or the number of attempts exceeds 20, see Fig. 5.

Control Strategy Since our training data are not collected
for inserting objects with continuous attempts, it is necessary
to use a strategy to regulate the real-time experiments. After
some trial and error, two regulations were implemented.
Firstly, we clip the prediction values by multiplying them
with 0.6. We found that without the clipping, the insertion
position will be dragged to be distanced from the hole once
an unreliable prediction happened and thus increasing the
difficulty of later attempts. Secondly, to lower the frequency
of unreliable predictions, we combine multiple checkpoints
of the trained model by averaging the output of multiple
checkpoints.

Online experiment result The online experiment results
are shown in Table III. Each object is inserted 5 times
and we reached a 85% successful insertion rate with 5
modifications on average. The white mark pen and glass
bottle reached a 100% success rate as they have a regular
shape and hard, smooth surface. However, the insertion of
varied diameter red pen and the deformable toothpick box
failed several times. We believe the unseen properties bring
some difficulties for estimating the error distance. Even for
successful trials, these two objects require more attempts.
Overall, our method is able to generalize to unseen objects
while somewhat struggling with soft and irregular diameter
shaped objects.
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V. CONCLUSION AND DISCUSSION

In this paper, we proposed to introduce an exploratory mo-
tion to gather more insightful tactile information and lever-
age this spatial-temporal information by using a Conv3D
temporal-spatial transformer. The proposed neural network
model merges 3D convolution and transformer blocks to
compress and extract spatial and temporal information. This
integration enables the estimation of position error more
accurate than previous baselines. Based on the estimated
error and a simple controller, our system is able to insert
new objects into a shape-consistent hole within 5 attempts
on average to overcome a relatively small misalignment.

Here we also list the limitations of our proposed method
and possible future solutions. Our method does not take
into account the sequence of past actions and observations.
This will lead to a accumulated error in some situations
and a waste of previous observations. We believe that by
introducing reinforcement learning, we would be able to
solve this problem. The objects used in our experiments all
have a flat base and most of them are rigid. It is necessary to
investigate the generalization ability given a more complex
object set. Further, the action space is limited into Y and
Z translation. A better inserting strategy should be able
to overcome both position and posture misalignment. We
believe this could be solved by using other sensing modalities
such as vision and compliant hardware in the future.
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