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Tacser and Action-Conditioned Latent Filter for
Generalizable Robotic Surface Perception

Anirvan Dutta, Yerkebulan Massalim, Etienne Burdet, and Mohsen Kaboli

Abstract—Perceiving the physical properties of different sur-
faces/textures via tactile sensing has been a long-standing prob-
lem in robotics. Most prior work has been limited to dis-
criminative models that classify textures into a fixed set of
categories. However, to enable seamless and efficient autonomous
manipulation, robots must infer physical properties as structured,
continuous variables rather than as discrete class labels. In this
work, we present a novel deep state-space model (DSSM) to
learn and infer key causal textural properties in an unsupervised
manner. Using variational inference to solve the DSSM, our
proposed Latent Filter allows robotic systems to perceive textures
in a continuous and generalizable manner. In addition, we explore
a novel interaction approach: Tacser (Tactile Enhancer), to fur-
ther enhance tactile sensing through vibrations induced by high-
frequency micro-movements and thereby improve perception. We
evaluated our approach against state-of-the-art techniques and
performed extensive ablation studies to demonstrate its effec-
tiveness. This work advances tactile-based texture perception,
providing a generalizable and comprehensive framework for
robotics.

Index Terms—Perception for Grasping and Manipulation;
Probabilistic Inference; Interactive Perception; Tactile Sensing.

I. INTRODUCTION

UTONOMOUS robotic systems operating in dynamic

environments must accurately perceive the physical prop-
erties of their surroundings and the objects within them,
including shape, inertia, surface characteristics, and stiffness
[1]. Among these, estimating surface properties remains par-
ticularly challenging, despite advances in tactile sensing and
interactive exploration [2]-[4]. Surface properties, or textures,
are inherently complex and difficult to characterize, encom-
passing frictional properties, micro/macrostructures (such as
roughness), spatial periodicity, etc. Precise perception of these
properties is essential for enabling robotic systems to perform
sophisticated dynamic tasks, such as slip prevention during
grasping [5], fine-grained manipulation [6], and object identi-
fication or recognition [7].
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Fig. 1: Setup for robotic texture perception.

Researchers have focused primarily on developing robotic
systems equipped with tactile sensing that recognize textures
using hand-crafted or deep learning-based feature extraction
to classify them using discriminative models [8]. Although
effective in specific contexts, these approaches do not ade-
quately capture the vast diversity of real-world textures or
surface parameters. A promising alternative is regression-
based models that estimate continuous textural properties.
However, current state-of-the-art analytical models such as
Coulomb or LuGre [9] focus only on the frictional aspect.
Furthermore, previous studies employing sliding or pressing
interactions (with camera-based tactile sensors) have largely
overlooked the role of interaction parameters in the extraction
of tactile features and the modeling of perceived interactive
tactile data. This highlights the need for an action-conditioned,
unsupervised and learnable regression model capable of in-
ferring causal textural invariants—without reliance on ground
truth properties—from complex tactile signals generated dur-
ing surface (texture) interactions with a robot [10].

To address such a challenging problem, we take inspiration
from humans, who can perceive and distinguish textures with
remarkable precision and minimal interaction effort. Extensive
research has explored to understand such human tactile per-
ception [11], [12], demonstrating that people can accurately
perceive the physical properties of textures and describe these
sensations using adjectives such as “smooth,” “rough,” or
“sticky” during exploration of surfaces with varying textural
qualities along with their intensity (how smooth or rough)
[13]. This suggests a subtle and sophisticated process of
tactile-based interactive texture perception. Inspired by such
perceptual capability, in this study we present a novel unsu-
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pervised variational inference-based action-conditioned deep
state-space modeling and learning scheme to capture the
dynamics of the texture-robot interaction and infer textural
properties through a latent filter.

Furthermore, the role of human skin in texture perception
has been explored through theories such as the ‘Duplex
Theory’ by Katz [14] and further refined by Hollins and
Risner [15], which suggests that the multilayered structure of
human skin and specialized mechanoreceptors allow advanced
texture perception by integrating touch, temperature, and mo-
tion stimuli. Despite progress, artificial tactile sensors still lag
behind human sensing in complexity and versatility, which
is critical to achieving human-level perceptual capabilities
[16]. A recent study [17] demonstrated that human texture
perception improves with the induction of external vibration
stimuli during exploration due to richer contact information.
Inspired by this, we developed a novel device - Tacser which
provides the capability to induce high-frequency vibration
independently while performing sliding-based texture explo-
ration. The overview of the proposed framework is illustrated
in Figure 1, integrating facser with the latent filter to advance
tactile-based texture perception in robotics, ensuring both
generalizability and comprehensiveness.

II. RELATED WORK

One of the earliest works on artificial texture perception was
proposed by Tada et al. [18], which demonstrated that just
the variance in the outer strain gauge pressure obtained by
an anthropomorphic finger during sliding could effectively
discriminate among four different surfaces. Subsequent re-
search expanded this concept to a broader range of texture
recognition, utilizing various features in the tactile signals - vi-
brations, pressure variations, etc. The features ranged from raw
sensor data [19], frequency-related information using Fourier
[20], wavelet [21] [22] or statistical features such as in [23]
and combination [24]. The capabilities of the features were
significantly limited, primarily allowing for the discrimination
of only a small set of textures. This limitation underscored
the importance of analyzing key features in tactile-sensor
interactions during texture perception.

Fishel et al. [25] addressed this issue by proposing sta-
tistical features that approximate the mechanical properties
of roughness, traction, and fineness using a BioTac sensor
and a large texture set. Chu et al. [26] built on this work
by combining sensor-specific static and dynamic features.
Kaboli et al. [27] introduced robust sensor-agnostic statistical
features inspired by Hjorth parameters: activity, mobility, and
complexity. Although these features were discriminative, they
lacked physical alignment with mechanical properties, which
complicated the generalization to novel textures [28].

Following this, numerous studies have explored deep learn-
ing techniques [29] to autonomously extract features from
tactile data using different tactile sensing technologies [30]
under varying interaction conditions. Prominent approaches
involve computing spectrograms of time-varying tactile sig-
nals and leveraging CNNs [31]-[33] to focus on spatial and
temporal patterns, often combined with multiple scales [34]
or recurrent networks to capture the sequential information
[35], [36] and incorporated complex attention mechanism

[37]. Such discriminative deep learning techniques require
extensive training data with human-annotated texture labels
and are limited to predefined classes, limiting the generalizable
capability. More recently, vision-based tactile sensors have
enabled texture recognition by capturing only microstructural
details from static pressing interactions [38]. However, these
methods often overlook vibrational and directional cues, which
are obtained only via high-frequency sensing and dynamic
interactions. A large body of work has explored visuo-tactile
fusion [39] or cross-modality [40]-[42] from vision to touch
within the texture perception problem, which remains out of
the scope of the current study.

Recent efforts toward generalization using domain adap-
tation [43], [44] and clustering [45] often require exten-
sive tuning, underscoring the need for fully unsupervised
learning approaches. While unsupervised methods such as
PCA [46], [47], sparse representations [48], autoencoders [49],
and variational autoencoders [40] have been explored, they
often overlook the sequential and dynamic nature of tactile
interactions. Incorporating sequential structure is critical for
downstream manipulation tasks and overcomes the limitations
of static, fixed-sequence models such as VAEs. Autoregressive
models [50] have extended these efforts to temporal settings,
but remain limited to next-step prediction without explicitly
modeling interaction dynamics or action parameters. Conse-
quently, extracting low-dimensional, physically grounded rep-
resentations of texture and stiffness remains an open challenge.
Deep state-space models (DSSMs) under variational inference
show promise in capturing physically meaningful represen-
tations through unsupervised learning [51], [52]. However,
their application to robotic texture perception problem, where
interaction parameters are essential for action-conditioned in-
ference, remains largely unexplored [53]. Moreover, inducing
vibrations during dynamic interactions poses non-trivial engi-
neering challenges, as it requires precise synchronization of
motion and actuation. Unlike prior work [54], which applied
vibration only in static contact scenarios, our objective was
to allow vibration during sliding interactions to capture richer
tactile signals. This study aims to bridge these gaps through
the following contributions.

1) We propose an action-conditioned sequential deep
state-space model (DSSM) that captures complex sur-
face—robot interaction dynamics by structuring the latent
space into directly and indirectly observable compo-
nents. This facilitates the inference of causal and phys-
ically meaningful textural properties.

2) We introduce a novel unsupervised variational inference
framework—Latent Filter—for learning the DSSM and
estimate properties in a temporally coherent latent mani-
fold. Our approach relaxes the requirement for complete
observation at every time step, enabling effective infer-
ence from partial sequences and improving suitability
for real-time robotic applications.

3) We develop Tacser, a mechanism that deliberately in-
duces high-frequency micro-motions during dynamic
interaction, thereby enhancing excitation of contact dy-
namics, improving texture perception.
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We validated the proposed approach through extensive real-
robot experiments and comprehensive ablation studies on
interaction, demonstrating consistent advantages over state-of-
the-art baselines.
III. PROPOSED METHOD

A. Problem Definition
We model the interaction between the texture surface and the
robot as a discrete nonlinear dynamical system with tactile
observations (contact forces) o;.7 = (01,092,..,07),0; €
O C R" in discrete time steps ¢ = 1,..,7 and actions
a;.r = (aj,as,..,ar),a; € A C R".
B. Enhancing Tactile Perception via Induced Vibration
The characteristics of vibration propagation vary depending
on the physical properties of the texture, which can be used
to amplify the vibrotactile components to identify the textural
properties. We introduce an interactive exploration system that
incorporates a tactile sensor attached to a novel vibrating
mechanism, as depicted in Figure 3, allowing independent
vibration induction during dynamic textural object exploration.

1) Tactile Sensor

The tactile sensor used in this study is commercially avail-
able Contactile [55] sensor, which consists of tactile sensor
arrays featuring silicone pillars arranged in a rectangular grid
of 3 x 3. Each pillar has a diameter of 6 mm and the pillars
are spaced 7 mm apart. This sensor can measure calibrated 3D
displacement, 3D force, and vibration on each sensing element
(referred to as a taxel), as well as global 3D force and global
3D torque using optical transduction. Furthermore, we found
that the viscoelastic properties of the silicone pillars are highly
effective in propagating vibrations to textured surfaces. The
tactile sensor records normal and shear forces with a resolution
of +£ < 0.05 at a frequency of 1000 H z, providing sufficient
spatial and temporal resolution for the texture perception
problem.

2) Vibration Mechanism-Tacser

Vibrations are induced using a pair of HapCoil linear
actuators manufactured by Actronika [56]. The actuator has
a resonant frequency of 70Hz and is capable of reaching
an acceleration rate of 1-2g up to 1kHz. Figure 3 shows
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Fig. 2: Proposed Latent Filter architecture for unsupervised deep state-space learning and inference. Fig. 3: Proposed interactive exploration approach com-
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(Tacser).

an exploded and side view of the actuator. The moving part
is suspended by a four-blade suspension system made of
aluminum flexures with dimensions 10 x 8 x 0.1mm. Due to
the flexure system, the system bandwidth is flat in the range
100-500H z with £2d B ripples, coinciding with the response
of a damped mass-spring system. A compact size of the system
minimizes the non-linearities emanated from the 3D printed
parts to obtain perfect reflection of the input signal as means
of vibrations. We use an audio amplifier board to drive the
actuators (MAX9744, Stereo 20W Class D Audio Amplifier,
Adafruit). The input signal (see Figure 4) is transmitted to the
audio amplifier via an audio jack affixed to the board. This
novel design enables the robotic system to induce vibrations
orthogonal to the lateral sliding interaction, thereby enhancing
tactile sensing.

3) Interaction parameters

The interactive exploration action, represented as a;
{Vs,,dy,, 2, }, consists of a combination of vibration and
sliding parameters. The sliding was performed orthogonally
to the vibration to help disentangle the spatial and vibration
characteristics [57]. Formally formulated as a tuple of three
components: sliding velocity v,, vibration amplitude d,,, and
normal contact force f,,. The low-velocity sliding allows for
the perception of spatial and low-frequency components of the
texture, whereas the high-frequency components are perceived
by the vibrations in the orthogonal direction. Both depend on
the normal contact force exerted by the robotic system when
interacting with the texture. To achieve varying frequencies
of excitation, we designed a chirp signal to be input into
the actuators. A chirp signal is a sinusoidal waveform whose
frequency increases over time, typically represented in a

general form:
dy(t) = A(t) sin [27r ( fot + ];ﬂ)]

where ¢ is time, A is the time-varying amplitude, fy the
initial frequency, and k is the chirp rate, i.e., rate of frequency
change. The lateral sliding velocity v, is kept constant during
a particular interaction but varied in different interactions
ranging from 0.01 to 0.05 m/s. In addition, the parameterized

(D
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normal contact force f,, is varied between 0.5 to 1.5 N which
provides the most discriminate tactile observations [27].
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C. Deep State-Space Modeling: Latent Filter

A deep state-space model (DSSM) is employed to capture
interaction dynamics by leveraging time-series and action-
conditioned tactile data through low-dimensional latent vari-
ables s1.7 = (s1, 82, ..,87) with s, € § C R"s that represent
the underlying state of the system. The objective is to model
the joint probability p(oi.7,s1.r|ai.r), and perform varia-
tional inference by maximizing the likelihood of observations.

P(01;T\31:T) = /p(01:T751:T|31:T) dsi.7 )

We assume a generative model with an underlying latent
dynamical system with

p(oltT‘aliT) = /p(olcT‘Sl:T,alzT) P(51:T|31:T) dsl:T

T
:/Hp(0t|01:t71aStaslctfl»alzt) 3
t=1

P(St |01:t717 S¢—1,81:t—-2, ¢, al:tfl) dsy.

Eq. 3 becomes computationally very expensive with increasing
time steps, as with each time step, the conditional variables
increase. Therefore, we use Markov’s assumption to simplify

p(04014=T, St, S14=T, Ar7) = p(0¢[st)
P(St[014=T, St—1,S14=7, ¢, Are=T) = D(S¢|S¢—1, a¢)

resulting in the following simplified generative model:

=p(01s1,a1)p(s1)

T
/Hp(0t|5t)p(st‘st71>at) dsy 4
t=2

We hypothesize that modeling the dynamics of robot-texture
interactions enables the extraction of causal physical factors
underlying the process. To support this, we introduce a struc-
tural assumption in the latent space, inspired by observability
in control theory [58]. Specifically, we distinguish between
directly observable components, inferred from a single obser-
vation, and indirectly observable components, which require
multiple time steps for accurate estimation. This partition
facilitates analytical posterior computation while avoiding the
cost of linearizing the observation model [51].

p(01:T|al:T)

p(st) = p(ze, i) = p(zelyt) p(yt) (5

with directly observable variable z; C R™: and indirectly
observable part as y, C R"™ with ng = n, + n,, resulting
in the following

T
p(01:T|a1:T) = //Hp(ot‘zt)p(zt|zt—laytvat) 6)
t=2

P(ye|ye—1,ai—1) dys—1dzs 1

To compute the observation likelihood, we introduce varia-
tional distribution g¢(z1.7,y1.77) ~ p(Z1.7, Y1.7|01.77, Q1.7).
The Evidence Lower Bound Objective (ELBO) for the gener-
ative model in Eq. 6 is formulated from the KL Divergence
inequality:

DKL = *//QS(ZLT,Y1:T|01:T,31:T) (7)
1 |:p(Z1:T,y1:T01:T,aI:T)

%(ZLT, y1:T|01:T7 a1:T)

applying Bayes rule to the term p(z1.7,y1.7|01.7,a1.7) Te-
sults in the following objective function

] dzy.r dyi.r >0

log p(o1.7|ar.r) > Eg,yllog p(or.r|z1.7, Y17, a1.7)]
—Eqy() {log(QQ(ZLT,Y1:T|01:T731:T))] ®)
p(zlzTa yl:T|a1:T)

re-introducing Markov assumption into the regularization term
of the ELBO

%(Zl:T, Y1:T|01:T> a1:T) =

T
qa(Z1|Y1)Q¢(Y1)HQG(Zt,}’t|Zt—1,Yt—1,01:t,a1:t) )
=2

90(Zt,Yt|Zt—1,¥t—1,01:¢,A1:4) =
P(Ot\zt)%(zdtha}’t,at)%(}’t\ztfld’tfhatq) -
ffp(0t|zt)p(zt|zt717ymat)dztfld}’t
1 Gy (2¢|0¢)q0(2¢|Ze—1, Ve, Ar) 4o (Ye|Ze—1, ye—1,2:—1) (10)
qf it (z)

where the denominator 7 is the normalization factor. The final

ELBO:
FeLo(0,0,%) = Eq, Zlogp (o¢]z¢) 1 (11)
T .
- 5(2 KL[qfllt(Zt)||P(Zt|Zt717 Vi, a)
Tt:2
— > KL[go(ye])lIp(yelas, N)])
t=2

We employ the inverse variational measurement model
qy(z¢|o¢) and perform Bayesian integration with the transition
model qp(2z¢|z:—1,y+,a:) approximated by fully-connected
network (FCN), to compute the filtered variational distribution
q'™(z;). To approximate the indirectly observable distribution
q6(Yt|Zt—1,¥t—1,a,—1), we utilize an LSTM network. Fig-
ure 2 presents illustration of the architecture and components
of the filter. We adopt a [-regularization scheme, where [
serves as a temperature-like parameter controlling the trade-off
between reconstruction accuracy and regularization strength.
To further improve generalization, we introduce a learnable
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in the feature analysis figure. Illustration of raw tactile observations for Texture ID O (in b) and Texture ID 26 (in c¢) under same action parameters during
the vibrosliding (vibration+sliding) interaction, demonstrating the distinct and information-rich tactile signals.

hierarchical prior p(y; | a¢, N), where N denotes the tex-
ture/object label. This prior acts as a structured regularizer:
it encourages the latent variable y; to encode causal physical
properties associated with object identity and interaction con-
text, while reducing the dependency on excessive tuning of
[ parameter. In the following section, we present the results
of the proposed Latent Filter, highlighting its effectiveness
in texture representation learning and analyzing the impact
of vibration induced by the Tacser device during sliding
interactions.
IV. EXPERIMENTS

A. Robotic Setup, Data Collection & Training of Latent Filter
We evaluated our proposed approach for robotic texture per-
ception on a dataset comprising 27 surface textures as shown
in Figure 5. As everyday objects often lack sufficient vari-
ability, we curated a diverse texture set—drawing inspiration
from [59], including samples from fabric, wood, plastic, and
metal materials, exhibiting varying textural properties. The
experiments were conducted with a robotic system equipped
with the tactile sensor and vibrating mechanism (Zacser,
Figure 3) mounted on a 6-DOF URS robotic arm (Figure 1).
The system performed lateral sliding with vibration, referred
to as vibrosliding, for 30s. Since texture samples measured
10x10cm?2, the sliding direction was reversed at the edges,
resulting in a zigzag motion along the x-axis, while vibrations
were applied along the orthogonal y-axis. Initial contact was
established using proportional velocity control along the z-
axis, adjusting velocity until the mean normal force matched
the desired contact force f,, € a;. In addition to the vi-
broslide interaction, we conducted static vibration (vibration)
by activating the tacser without sliding (v;, = 0), and only
lateral sliding (sliding) under the same contact force and
velocity parameters but with vibration disabled (d,, = 0),
to investigate the effectiveness of vibrosliding interaction.
Each texture was probed in multiple regions to capture intra-
sample variations, with 27 trials per texture under varying
interaction parameters (three sliding velocities, three normal
contact forces, and three repetitions), resulting in 729 interac-
tion trajectories, each comprising 30,000 tactile observation
frames. To address challenges in training with such long
sequences, we applied two key transformations: we maintained
the frequency information by using a resampling frequency of
800Hz, and computed the log —mel spectrogram [60] using
a window size of 800, a hop length of 801 and 128 mel bins.

We then extracted the first 30 components of the mel bins,
creating a spectrogram with dimensions of 30x30x30. For
the spatial component, we median-filtered and down-sampled
the data to 30 Hz, combining the normal and shear data of
each pillar of the tactile sensor and the global component to
produce a dimension of 30x30x30. Finally, the spatial and
spectral matrices were concatenated to form the processed
tactile observation data o; (with n,= 30x30x2) (see inset
Figure 2), and T' = 30. For each texture, two of the three
repeated trajectories were randomly assigned to train set and
one to test set, for consistent evaluation across all baselines.
The Latent Filter model was implemented in PyTorch and
trained with the Adam optimizer (learning rate 1075), batch
size 128, annealing 3 from 5-10~2 to 10!, for 1000 epochs
using the objective in Eq. 11.

B. Analysis of latent features

We evaluated the learned latent features (indirectly observable
yt, dimension n, = 16) against four baselines. Baseline I,
adapted from Fisher et al. [25], approximated mechanical
properties using statistical descriptors of time-series tactile
data. Baseline II, based on Kaboli et al. [27], extracted
26-dimensional statistical features using Hjorth parameters.
Baseline III employed a VAE model adapted from Aoyama et
al. [61]. Baseline IV was an ablation of the proposed Latent
Filter without the learnable hierarchical prior; this variant
is closer in spirit to smoothing-based state-space models
[52], though still structurally distinct due to the Bayesian
integration component. For completeness, we also evaluated
a standard sequential VAE (sVAE), which performed poorly,
reinforcing why prior work on object property estimation has
often relied on static VAEs. We conducted both qualitative
and quantitative analyses. Figure 6 shows 3D UMAP embed-
dings [62] of features extracted by Baselines II-IV and our
proposed method (final time-step), with 3D statistical features
shown for Baseline I, across the three interaction settings. The
figure highlights that unsupervised generative models achieve
superior disentanglement and feature separation compared
to handcrafted features (Baselines I and II). Furthermore,
sequential models with action conditioning provide clearer
clustering, with the proposed approach forming the most
cohesive clusters. As UMAP does not preserve relative feature
distances, we also computed the Euclidean distance of features
to their object labels to assess inter- and intra-class separation
(Figure 7). Distances were normalized by the maximum value
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for comparability. Results show that our approach yields better
class separation, with consistently low intra-class distances
(blue). Notably, the proposed vibroslide interaction with tacser
provided the strongest separation. For quantitative evaluation
(Table I), we measured classification performance using logis-
tic regression. To benchmark against discriminative modeling
approaches, we also included a Frame-CNN model [31].
In addition, we computed the Silhouette L2 score [63] to
assess clustering quality. Results clearly demonstrate that the
proposed approach extracts meaningful mechanical properties,
enabling reliable discrimination even with a linear classifier.
Moreover, the vibrosliding interaction improves performance
across all baselines, confirming that combining sliding with
vibration enhances the richness of tactile observations.

TABLE I: Classification & Clustering Results (Higher value indicates better
erformance).

Interaction Base. I | Base. II | Base. IIl | Base. IV FCNN LF (Prop.)
m. vibration 4.10% 50.98% 69.57% 65.01% 78.00% 90.53%
2 sliding 7.42% 47.53% 76.47% 76.45% 97.90% 99.00%
© vibrosliding | 5.37% 57.86% 77.65% 84.7% 98.30% 100.00%
5 vibration -0.3 -0.071 0.102 0.083 NA 0.41
E sliding -0.275 -0.171 0.126 0.132 NA 0.508
o vibroslide -0.255 -0.152 0.114 0.208 NA 0.534

C. Analysis of sequential inference

To further evaluate the strength of sequential inference, we
fitted a non-linear kernel ridge regression model [64] to
map the latent features y; to normalized texture labels. The
regressor was trained on the final time-step features yr and
then applied to samples drawn from the variational distri-
bution ¢y (y¢|-), t = 0,...,T — 1. Although such mappings
could ideally be extended to estimate characterizable physical
properties (e.g., Coulomb friction), this remains challenging
for natural textures. Prediction accuracy was measured using
NMSE between predicted and true labels. Figure 8 shows the

temporal evolution of NMSE for Baseline IV and the proposed
approach (the only sequential models) across interaction types
(vibration, sliding, vibrosliding). We highlight three represen-
tative parameter settings (low, intermediate, and high values
of sliding speed and normal force, where applicable). Results
demonstrate that vibrosliding accelerates the convergence of
latent features, improves accuracy and reduces sensitivity to
interaction parameters, outperforming vibration and sliding
interactions.
V. DISCUSSION & CONCLUSION

This letter has introduced a novel approach Latent Filter to
infer the properties of diverse textures and surfaces. Unsu-
pervised deep state-space modeling and training overcome
the limitations of class-specific texture recognition found in
prior work. We demonstrate that incorporating sequential mod-
eling and action conditioning significantly enhances feature
extraction compared to static models such as baseline III.
Furthermore, the hierarchical prior improves performance over
the ablative Baseline IV. Importantly, this prior is applied
only during training and does not constrain the generative
model’s generalization during inference, unlike the strict class
conditioning used in discriminative models. In addition, we
explored a novel texture exploration approach via the combina-
tion of vibration and sliding using a novel device Tacser, which
facilitated the disentanglement of features and led to more
robust representations, as shown in Figure 8, Figure 7, and
Table. I. From the feature distance analysis, we observe that
vibration interactions are particularly effective in discriminat-
ing rough textures, while sliding excels at capturing frictional
properties. This highlights the strength of the proposed Tacser
design, which enables orthogonal exploration and thereby
leverages the complementary advantages of both interaction.
Although the performance of vibration-only interactions was
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lower, the proposed Latent Filter still outperformed all baseline
approaches, making it a viable option in scenarios where
surfaces are non-planar or lateral sliding is impractical (e.g.,
grasping curved objects). Additionally, we illustrated how the
learned features can be utilized effectively with lightweight
classifiers such as Logistic Regression for texture discrim-
ination (Table I). This highlights the model’s capability to
identify causal physical properties (invariants) instead of just
categorizing predefined labels. This has profound implications
for downstream control, where simple learned or analytical
functions can directly exploit continuous, differentiable latent
space for tasks such has slip avoidance of complex textural
objects. In contrast, class-based discretization, even at fine
resolution inevitable introduces discontinuities, and forces the
use of inefficient lookup-based strategies. In the future, a
carefully constructed artificial texture set will have to be
created to further study the correlation between the distance
in the feature space and the physical properties. Moreover,
additional constraints could be introduced in the deep state-
space modeling to ensure that the extracted features are better
aligned with the structure of the Euclidean space [65]. The

20 25 0 5 10 15 20 25
Time (s)

25 0 5 10 15
Time (s)
Fig. 8: Evolution of the NMSE values over time.

selected tactile sensor effectively captured rich spatio-temporal
tactile features with high resolution and suitable mechanical
properties for high-frequency vibrations. As a future direction,
it will be valuable to compare with diverse tactile sensors,
including vision-based ones, to examine whether higher spatial
resolution and static interaction can reduce or replace the
need for dynamic interaction. Beyond texture perception, our
approach can be extended to more complex applications, such
as soft-object interaction, where the interaction is complex to
model/characterize. Moreover, this technique can serve as a
general robust framework for model learning with potential ap-
plications in planning and control. In particular, the uncertainty
estimates and relative changes in latent values provided by
our method can be used for fine-grained, closed-loop control
such as slip-avoidance. In conclusion, this study significantly
improves robotic texture perception by highlighting the role
of interaction beyond tactile sensing technology and action-
conditioned modeling.
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