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Abstract—Robotic dexterous grasping with human-level per-
formance is still one of the great unsolved challenges in robotics.
Imitation Learning (IL) offers a compelling paradigm to quickly
learn grasping policies by leveraging human demonstrations.
Yet current approaches relying on Vision-only are brittle under
occlusions, and novel objects. We present a systematic compar-
ative study of the role of touch sensing in dexterous, multi-
fingered IL, evaluating three IL algorithms (ACT, Flow Matching,
BESO) across transformer, Mamba, and xLSTM backbones, and
multiple tactile representations (no tactile, end-to-end CNN, and
pretrained Sparsh-X encodings). Our results show that tactile
signals match or improve grasping performance in 35 out of
36 scenarios over vision-only baselines, with the benefit most
pronounced on unseen objects. The best configuration ’Flow
Matching with an xLSTM backbone and Sparsh-X encoding’
achieves the highest performance across all conditions, gener-
alizing to a dataset of 20 novel objects from a training set of
just 2 objects with a grasping success of 79%. These results
provide strong evidence for the value of touch sensing towards
human-level dexterous manipulation, and offer practical insights
into the choice of learning algorithm, backbone, and tactile
representation.

I. INTRODUCTION

While physical interactions in our daily lives are designed
specifically for human hands, the field of robotics has primar-
ily worked in well-defined factory settings, seldom moving
beyond a two-fingered gripper. With the ever-growing interest
in moving robotics outside the confines of these factories and

Figure 1: We study the applicability of tactile sensing for
robotic dexterous grasping. After recording a multimodal
dataset through teleoperation, we provide a large study over
various Imitation Learning (IL) algorithms, backbones and
tactile representations. Results show that tactile sensing sig-
nificantly improved the generalization and robustness.

having them interact with the real-world, the need for gener-
alization and robustness to environmental changes emerges. A
growing field of research focuses on the control of anthropo-
morphic robotic hands, grounding robotic manipulation in the
everyday interactions for which our environment is built.

Humans rely on their sense of touch to understand the
world around them, motivating research into digitizing tactile
signals and incorporating them into robotic systems. Prior
works have shown an increase in robustness and generalization
performance on robotic grippers, suggesting this to be an in-
teresting topic to include in robotic hands [12]. The increased
complexity of dexterous hands compared to simple parallel
grippers has also driven growing interest in IL algorithms that
learn directly from recorded human demonstrations, which in
turn necessitates good teleoperation pipelines and expensive
human datasets. The designed algorithms should therefore be
sample efficient, an area where touch has shown promising
results [22]. Following this assessment, we investigate the
influence of tactile sensing in robotic tasks on both raw
performance and sample-efficient learning, including its role
in generalization to novel objects.

While purely vision based robotic configurations are able
to solve complex tasks in robotics, their performance often
degrades under occlusion or novel objects, since visual fea-
tures are tied to appearance rather than contact state [7].
Digitizing a sense of touch helps by providing appearance-
invariant information in such situations of visual ambigu-
ity [10]. Vision-based tactile sensors such as GelSight [23],
Digit [9], and Digit360 [10] see wide adoption due to their
spatial resolution and ability to capture rich contact geometry.
While the Digit360 is a multimodal sensor, we use it here
as a pure vision-based tactile sensor, making our findings
applicable to other comparable vision-only sensors. Control-
ling anthropomorphic hands rather than grippers introduces
a higher-dimensional action space, shifting the challenge to-
ward learning manipulation behavior directly from data [13],
where IL presents a compelling paradigm, directly leveraging
human demonstrations [18] [17], naturally encoding human-
like motion strategies and contact sequences [2] [17], and
avoiding the reward-engineering challenges of Reinforcement
Learning (RL) [6]. Collecting such demonstrations typically
relies on teleoperation pipelines [24] [17] [15], via motion
capture hardware [17] or VR tracking [15], the latter being



the approach used in this work. For our study, we focus on
three widely used IL algorithms: ACT [25], BESO [16], and
Flow Matching [11], described further in Section III; while
studied individually, no prior work systematically compares
them under identical conditions on a dexterous hand.

Tactile sensing has been shown to provide contact-grounded
observations that remain informative regardless of visual con-
ditions [21], [5], but these results are primarily obtained
on robotic grippers, leaving open whether the same bene-
fits extend to dexterous multi-fingered hands with higher-
dimensional action spaces [14] [19] [4] [20]. Beyond whether
to include touch, how to represent tactile signals remains
an open design question [5]: end-to-end approaches feed
raw tactile images directly into the policy network, while
pretrained embeddings like Sparsh-X compress tactile signals
into representations learned from large tactile datasets, offering
potentially better generalization [5]. In contrast to prior work
that studies tactile sensing in isolation within single-algorithm,
gripper-based settings, we provide a systematic comparison
across multiple IL algorithms, backbone architectures, and
tactile representations on a dexterous multi-fingered hand, al-
lowing the contribution of touch to be evaluated independently
of architectural choices.

By evaluating multiple state-of-the-art IL algorithms across
transformer, state-space-model, and recurrent backbones,
alongside a range of tactile representations, we shift the focus
onto the tactile sensor itself rather than any single method.

The key contributions of this work include:
1) Evaluation of grasping accuracy across state-of-the-art IL

algorithms, backbones and tactile representations
2) We perform an extensive evaluation on a dataset of 20 novel

objects, testing generalization capabilities of policies that
were trained on a two object dataset

II. EXPERIMENTAL SETUP

Hardware Platform and Data Collection Pipeline
To collect human demonstrations, we developed a VR based

teleoperation system using the Meta Quest 3’s internal hand
and finger tracking, placing virtual trackers on the fingers and
wrist of the operator. This allows us to collect a large dataset
of real world demonstrations in a time-efficient manner while
featuring full dexterity. Collecting data this way has the benefit
of only containing state-action pairs that are feasible, while
incorporating accurate sensor modalities. Fig. 1 shows the
hardware setup used during data collection and evaluation.
For the robotic hardware, we used an xArm-7 robot arm
mounting a Tilburg hand equipped with four Digit360 [10]
tactile sensors at the finger tips. Completing the setup is a
camera that provides a side-angle view.

Dataset The Known dataset consists of two objects, shown
in Fig. 2 that are made of rather firm plastic and are compar-
atively larger in size than the novel objects. Both objects are
being grasped ten times in nine different positions, for a total
of 180 grasps. We recorded the dataset at a time-synchronized
rate of 30Hz, while cropping and downscaling both the camera
and tactile images to a resolution of 224×224×3. The action

Figure 2: The dataset is split into a Known set, which the
policies are trained on, a Pre-selection set that every policy
is evaluated on and a Large dataset, against which the best
performing algorithms are tested.

space is a R22 vector, that consists of a R16 vector representing
the 16 joint angles of the hand and a R6 vector for the end-
effector position of the xArm-7. Given this data, we train 21 IL
policies with different combinations of backbones and tactile
representations, evaluating them over different dataset sizes.
We attribute the binary classifier for success to a grasping
attempt if the policy is able to pick up the object and hold
it in the air for three seconds within a total time limit of 13
seconds.

III. POLICY DESIGN AND TACTILE INTEGRATION

Imitation Learning Methods We benchmark our approach
against a suite of imitation learning policies drawn from
X-IL [8]. X-IL framework decouples backbone architecture
from action representation, allowing controlled comparisons
across configurations. We evaluate three backbone architec-
tures: a Transformer, which uses multi-head self-attention
to model temporal dependencies across observation histories,
Mamba [3], which replaces attention with selective state-
space models that compress history into a fixed-size recurrent
state with linear complexity, and xLSTM [1], which extends
classical LSTMs with exponential gating and matrix memory
cells for improved long-range memory retention. For the action
generation head, we pair each backbone with Flow Matching,
which maps Gaussian noise to actions along straight interpo-
lation paths, and BESO, a score-matching diffusion method
that iteratively denoises actions toward the target distribution.
Additionally, we evaluate ACT (Action Chunking with Trans-
formers) [25], which predicts chunks of future actions at each
timestep using a CVAE-based transformer, mitigating com-
pounding errors, and using temporal ensembling to smooth the
executed actions by averaging overlapping predicted chunks.

Tactile sensing integration through learning We focus
on the Digit360 sensor, that provides sensitive high resolution
RGB images. To better understand the influence of different
tactile sensing strategies, we evaluate three approaches. The
Vision baseline omits tactile observations entirely during both
training and inference, serving as a reference to quantify the
overall contribution of touch sensing. In the Vision+Tactile
(CNN) approach, the raw RGB tactile images are encoded by a
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lightweight convolutional network trained from scratch jointly
with the policy, requiring no prior tactile data. Finally, we
use Vision+Tactile (Sparsh-X) [5], a pretrained transformer-
based encoder specifically trained on Digit360 data, which
produces compact tactile embeddings without requiring task-
specific encoder training. This allows us to disentangle the
effect of tactile sensing itself from the choice of representation,
and to assess whether pretrained tactile encoders offer an
advantage over task-specific learned ones.

IV. EXPERIMENTAL EVALUATION

To systematically study the influence of tactile sensing, we
train each policy variant under identical conditions, varying
only the tactile representation while holding all other param-
eters fixed. Evaluation is conducted under the same physical
setup as data collection, including the initial starting pose of
the robotic hand, ensuring that observed differences reflect
policy behavior rather than environmental variation. In order
to compare the general grasping performance of the different
policies, they are presented with the six objects that make
up the combination of the Known and Pre-Selection dataset,
seen in Fig. 2. This controlled setup allows us to isolate the
contribution of touch across the following research questions:

A. Performance and Generalization: How does tactile sens-
ing affect grasping performance and generalization to novel
objects in dexterous imitation learning?

To evaluate the grasping performance achieved for every
possible combination of IL algorithm, backbone and tactile
representation, every trained policy grasps an object nine
times in different positions, totaling 54 grasps per policy.
Fig. 3 differentiates the results achieved over the different
learning algorithms, while separating backbone architecture,
representation and performance split between known and
novel objects. With one exception for Flow Matching with
a transformer backbone that displays a drop in performance
using the Sparsh-X encoding on known objects compared to
the no tactile signal option, tactile signals match or outperform
the no-tactile baseline across 27 out of 28 comparisons in
this experiment. This benefit is most pronounced on novel
objects, where tactile variants always improve over the vision-
only baseline, suggesting that contact information supports
generalization beyond the training distribution. The weakest
overall performance is observed with BESO using a trans-
former backbone, where both tactile variants reach only 56%
success rate. Notably, the corresponding no-tactile policy fails
to complete a single successful grasp in this configuration, on
either known or novel objects.

Evaluation on Large dataset On the Pre-Selection dataset,
the best non-tactile and tactile policies for novel objects were
both Flow Matching with an xLSTM backbone. We therefore
took these two policies, trained on 180 grasps from the
Known dataset, and evaluated them on the bigger Large dataset
(Fig. 2). This dataset has 20 novel objects, each grasped nine
times, for 180 attempts per policy. Fig. 4 shows the resulting
performance and its distribution over object weight and size.

The vision-only policy reaches 53% success, compared to
79% with Sparsh-X tactile encoding.

Since both policies share the same algorithm and backbone,
this is a direct comparison of the effect of tactile sensing.
Outside the highlighted region marking the Known training
objects’ characteristics, the non-tactile policy’s performance
drops for larger, heavier objects, while the tactile policy stays
evenly distributed. This matches expectations: larger, heavier
objects need more accurate contact-patch placement, which
touch provides, while smaller objects can be enclosed by the
hand.

B. How does the choice of learning algorithm and backbone
architecture affect tactile imitation learning performance?

The performance of ACT, Flow Matching, and BESO is
shown in Fig. 3. Although ACT and BESO each perform well
in their best configurations, the highest grasping performance
on both known and novel objects is achieved by Flow Match-
ing with an xLSTM backbone and Sparsh-X tactile encod-
ing, which we attribute to Flow Matching’s ability to learn
smooth, straight trajectories well-suited to precise, continu-
ous grasping, whereas BESO’s iterative denoising introduces
stochasticity less suited to fine motor consistency. Since BESO
and Flow Matching were each trained with the Transformer,
Mamba, and xLSTM backbones, we analyze their performance
differences further in Fig. 5. The Transformer consistently
underperforms both Mamba and xLSTM, as without explicit
state compression it must learn entirely from attention which
timesteps carry contact-relevant information, requiring more
data to converge. Mamba and xLSTM instead compress the
observation history into a hidden state, giving a more natural
inductive bias for retaining task-relevant signals and converg-
ing reliably from limited demonstrations. Between Mamba and
xLSTM the difference is more nuanced: under BESO the two
perform similarly, but xLSTM outperforms Mamba with Flow
Matching, suggesting its structured gating complements Flow
Matching’s straight-path action generation, making this the
best-performing configuration overall.

V. CONCLUSION

In this work, we study the role of touch sensing for robotic
dexterous grasping through IL, examining performance, gener-
alization and robustness to novel objects. Flow Matching [11]
with an xLSTM backbone and Sparsh-X tactile encoding
consistently performed best, and Mamba [3] and xLSTM [1]
backbones outperformed the transformer baseline across both
algorithms. Touch sensing improved grasping success in 35
of 36 test cases and substantially increased robustness. It also
enabled a policy trained on just 180 demonstrations from 2
objects to generalize to 20 novel objects with 79% success.

These results suggest touch provides a representational
space well suited to grasping, which can be viewed as balanc-
ing contact forces against gravity. Touch yields direct, low-
noise contact-force information, whereas vision provides only
weak indirect cues, and is invariant to appearance, background,
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Figure 3: Grasping performance on known and novel objects with Standard Error of the Mean (SEM), compared across policies
and backbones. Including tactile sensing improves grasping performance, especially on novel objects. (BESO + Transformer
+ Vision-only: 0% success, bar absent.)
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Figure 4: Grasping performance on the Large dataset (20 novel objects, SEM), and performance distribution over object weight
and size. Vision + Tactile (Sparsh-X) outperforms Vision only by 25% over 180 grasping attempts, with the gap widening for
larger, heavier objects. Circled areas mark the training objects’ characteristics.
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Figure 5: Average performance of different backbones ∈
{Transformer, Mamba, xLSTM} for BESO and Flow Match-
ing with SEM. Mamba and xLSTM consistently outperform
Transformer, with xLSTM slightly ahead of Mamba, though
the difference is too marginal for conclusive assessments.

and occlusion factors that otherwise hinder vision-only poli-
cies. Our study has three main limitations that motivate future

work. First, the demonstrated grasps were limited to top-down,
fingertip only motions, whereas everyday human grasping
involves richer trajectories (e.g., side grasps) and grasp types.
Second, while the Large evaluation dataset includes some
household items, most objects are brightly colored and toy-
like, motivating further evaluation on more diverse, realistic
objects. Third, our evaluation focuses on grasping; extending
this analysis to tasks demanding higher manipulation pre-
cision, such as in-hand rotation, would further clarify the
benefits of tactile sensing for general dexterous manipulation.
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