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Abstract

Capturing high-quality tactile signals typically requires specialized
hardware and controlled laboratory conditions, limiting the scal-
ability and diversity of haptic content. Generative models, which
have transformed digital language, vision, and audio content, offer a
promising alternative for haptics. We propose a two-stage latent dif-
fusion framework for generating tactile texture signals conditioned
on psychophysical descriptors. In the first stage, a diffusion model
learns a compact latent representation of friction signals produced
by a finger sliding over diverse surfaces and reconstructs them
with high temporal fidelity. In the second stage, a diffusion-based
encoder maps perceptual ratings, such as roughness, bumpiness,
and slipperiness, into this latent space, enabling texture genera-
tion from perceptual input. Reconstruction results demonstrate
low error and a realistic signal structure. However, conditioning
on psychophysical descriptors produces limited variations, primar-
ily affecting signal amplitude, highlighting an open challenge in
perceptually conditioned generative haptics.
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1 Introduction

In the modern digital landscape, interaction is dominated by visual
and auditory experiences, while touch remains underrepresented
despite its central role in perceiving and interacting with the physi-
cal world. Although haptic feedback is increasingly integrated into
consumer devices, such as smartphones, smartwatches, and game
consoles, these sensations are typically limited to simple vibrotactile
cues, far from the rich tactile experiences of real objects.
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Rendering realistic material properties, especially surface texture,
has therefore become a primary focus of research, with significant
progress in technologies that support direct bare-finger interac-
tion [3]. Many approaches rely on record-and-playback [5, 6, 14],
in which tactile data is captured under controlled conditions and
stored in texture databases covering various materials and explo-
ration patterns. Yet acquiring high-quality tactile signals requires
specialized laboratory equipment and expertise, making it impracti-
cal to represent the full diversity of real-world materials. Also, these
methods offer limited flexibility for modifying or enhancing the
generated sensations. These limitations continue to constrain the
scalability, richness, and broader adoption of haptic technologies.

To address these challenges, recent studies have explored the syn-
thesis of tactile texture signals using either signal feature interpola-
tion [7, 11] or image-based generation methods [4, 19]. Interpolation-
based methods extract handcrafted signal features, such as Mel-
frequency cepstral coeflicients or autoregressive model parameters,
from recorded signals and synthesize new ones by interpolating
them based on an affective or perceptual space derived from subjec-
tive evaluations or user preferences using models like Generative
Adversarial Networks (GANs). Image-based approaches employ
similar models to infer tactile signals from visual surface informa-
tion, sometimes combined with recorded contact data [8, 19].

While these approaches have demonstrated promising results,
they suffer from several limitations. Interpolation-based approaches
are constrained by the coverage of the original dataset and rely
on predefined signal features, limiting their ability to generalize
beyond observed textures. Image-based methods infer tactile prop-
erties indirectly from visual cues, which do not reliably encode
frictional or vibrational characteristics and do not explicitly model
user interaction dynamics. Although perceptual information may
be incorporated during training or optimization, neither class of
methods provides a principled mechanism for directly controlling
generated textures through explicit perceptual descriptors at infer-
ence time. Recent human-in-the-loop approaches partially address
this limitation by iteratively adjusting latent representations based
on user feedback [21], but such methods require repeated user
interaction and do not offer immediate, parameterized control in
perceptual space.

Here, we propose a psychophysical feature-to-texture diffu-
sion framework for generating friction signals arising from fin-
ger—surface interactions, conditioned on human perceptual descrip-
tors. The approach employs a two-stage latent diffusion architecture
in which a compact latent representation of tactile textures is first
learned and subsequently decoded into full-resolution friction sig-
nals. By conditioning generation on perceptual ratings, such as
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rough-smooth, flat-bumpy, and sticky-slippery, the framework en-
ables the synthesis of tactile signals guided by intended perceptual
qualities. The initial results show high-fidelity reconstruction but
limited variation in generated signals with perceptual conditioning.
These findings indicate that diffusion-based generative models can
support scalable haptic content creation without complex labora-
tory setups or specialized sensing hardware, while also highlighting
challenges in perceptually driven texture synthesis.

2 Methods

2.1 Dataset Preparation

We used two subsets of the publicly available SENS3 dataset [1],
containing finger—surface interaction data for 50 distinct surfaces
and their corresponding psychophysical ratings.

The first subset comprises finger-on-texture sliding interac-
tions recorded during the free exploration of 50 surfaces by two
participants, including 3D force data (with a sampling rate of 10
kHz) and finger velocity. As texture signals, we extracted the con-
tact forces in the sliding direction [13]. Due to the unconstrained
nature of the recordings, data lengths vary per texture, and both
normal force and finger velocity fluctuate widely. Hence, we se-
lected texture signal segments when the normal force was between
0.4-0.6 N and velocity between 66-99 mm/s, corresponding to com-
fortable interaction parameters for friction-modulation displays [2].
The minimum segment length was chosen as 1.64 s and brief de-
viations in the normal force and velocity for a maximum of 0.1's
were allowed to maintain continuity. We applied a 50% overlap
between consecutive segments to increase dataset size and ensure
temporal features truncated at segment edges are captured cen-
trally in other segments. After slicing and overlapping, the dataset
contained approximately 22,000 texture samples for training. A
bandpass butterworth filter was applied to the extracted samples
to remove frequencies below 20 Hz and above 1 kHz to eliminate
low-frequency finger motion and high-frequency signal content
above the perceivable range [13].

The second subset consists of psychophysical ratings from 12
participants for each of the 50 textures. While the SENS3 dataset pro-
vides ratings along eight adjective axes, we focused on three most
relevant to friction: rough-smooth, slippery-sticky, and bumpy-even.
Each axis was rated independently on a 9-point scale (0-8). To stan-
dardize the data, we z-score normalized each participant’s ratings
for each axis, ensuring a standard normal distribution. This pro-
cedure balanced contributions across participants and mitigated
individual biases, resulting in mean ratings of 0, with most values
ranging between -2 and 2.

2.2 Modeling Framework and Implementation

For texture synthesis, we employed diffusion models, which operate
through two complementary processes: a forward process, progres-
sively adding noise to the input data, and a reverse process, itera-
tively removing noise to reconstruct the original sample [12, 15]. In
the forward process, textures are gradually corrupted over a series
of discrete diffusion steps, with the amount of noise controlled by
a predefined schedule. The reverse process uses a neural network
to iteratively remove this noise, producing high-fidelity reconstruc-
tions. This approach enables flexible generation with relatively few
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denoising steps while preserving both global structure and fine
temporal detail in the synthesized textures. We chose diffusion
models for their superior performance in producing high-quality,
diverse images [17] and music [9].

Our framework uses two diffusion models working in series with
each other; see Figure 1a for the full inference pipeline:

1. LCTG (Latent-Conditioned Texture Generator): This model con-
verts a texture signal into a compact latent representation and
then reconstructs it. The latent representation is a learned, low-
dimensional encoding of the texture’s perceptually salient spectro-
temporal structure. Rather than preserving raw waveform detail, it
captures global temporal patterns and frequency content that are rel-
evant to tactile perception, while discarding fine-grained variations
that are less perceptually meaningful. The latent space is learned
jointly with a diffusion-based decoder, making it approximately
invertible: latent codes retain sufficient information to reconstruct
realistic texture signals while remaining abstract enough to support
perceptually driven manipulation and generation.

The process begins by transforming the raw signal into a Mel-
spectrogram, a two-dimensional time-frequency representation.
The Mel scale emphasizes lower frequencies, which are particularly
salient in tactile perception. A 10-layer 1D convolutional encoder
then compresses the spectrogram along the temporal axis, summa-
rizing the texture into a latent vector while preserving essential
temporal patterns. This compression substantially reduces compu-
tational load and allows subsequent stages to focus on the most
informative texture features.

The latent vector is passed to a 1D U-Net-based diffusion de-
coder [20] with seven downsampling layers and seven correspond-
ing upsampling layers, which reconstructs the texture in the time
domain. The downsampling path captures coarse, global structure,
while the upsampling path restores fine temporal detail. To pre-
vent the loss of subtle texture features during compression, skip
connections directly transfer intermediate representations from
earlier stages to later reconstruction stages. This structure allows
fine-grained temporal information to bypass the compression bot-
tleneck and be reintroduced during reconstruction. In practice, it
enables the model to combine global texture characteristics with
local, high-frequency details that are essential for generating re-
alistic haptic textures. The decoder is trained using a v-objective
diffusion loss [16], which improves training stability and enables
high-quality reconstruction with fewer denoising steps. An op-
tional frequency-aware loss term was also included to compare the
spectral content of the generated and target signals, encouraging
perceptual consistency in the frequency domain. During inference
(the process of generating a texture signal from a set of input rat-
ings using the trained DALE-LCTG pipeline), we employed DDIM
sampling [18], which significantly reduces the number of required
denoising steps compared to standard diffusion sampling, making
the LCTG suitable for real-time or interactive texture generation.

2. DALE (Diffusion Adjective-to-Latent Encoder): This model maps
psychophysical ratings into the latent space learned by the LCTG
encoder. It therefore operates in a perceptually structured latent
space, in which variations correspond to meaningful changes in
texture characteristics as captured by the encoder, rather than to
low-level signal differences.
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Figure 1: Overview of the proposed framework: (a) two-stage inference process and (b) training pipeline. Solid arrows indicate
the forward flow of input and output data through the models during training, while dotted arrows denote data paths used
for loss computation and backpropagation. The training procedures of LCTG and DALE are highlighted in green and purple,
respectively. The overlapping green region indicates that the LCTG encoder is trained as part of LCTG training and subsequently
reused to compute latent representations for DALE training. Noise nodes represent input signals corrupted with additive noise

as required by the diffusion process.

DALE uses the same 1D U-Net backbone and diffusion formula-
tion as the LCTG decoder, but operates entirely in the latent space
rather than on time-domain signals. Psychophysical ratings are em-
bedded into a higher-dimensional representation using sinusoidal
projections and integrated into the network via cross-attention lay-
ers applied at every U-Net resolution level, with learnable context
scaling. This mechanism allows the model to modulate different
aspects of the latent representation according to perceptual input.
To ensure that the model does not ignore the ratings, an auxil-
iary conditioning loss encourages active use of the psychophysical
information. As a result, DALE learns to generate novel latent rep-
resentations aligned with human perception, rather than merely
reproducing latent codes corresponding to existing textures. This
two-stage design allows DALE to handle the computationally inten-
sive perceptual conditioning upfront, keeping the LCTG lightweight
and suitable for real-time texture generation.

2.3 Training

We adopted a two-phase training strategy (Figure 1b). First, the
LCTG was trained to reconstruct texture signals. It initially learned
generalizable texture features from the full dataset and was then
fine-tuned on a subset recorded under controlled finger speed and

force conditions. This two-step strategy improves reconstruction
fidelity and ensures that the latent representation captures consis-
tent, perceptually relevant features. Next, DALE was trained on the
same filtered subset. Latent vectors extracted using the pretrained
LCTG encoder were paired with psychophysical ratings, allowing
the model to learn how human perception maps into the latent
space. This way, DALE can generate new latent representations
corresponding to novel ratings, which can subsequently be decoded
into realistic texture signals.

3 Results
3.1 Diffusion Step Efficiency

During inference, the number of diffusion steps can be selected to
trade off reconstruction quality against computational cost. While
higher step counts generally improve accuracy, the v-objective dif-
fusion formulation enables high-quality results even with relatively
few steps. On an NVIDIA RTX 4060, over 50 steps were performed
in real-time, yielding a waveform RMSE (root mean squared error
between the original and generated time-domain signals) as low as
0.0060 N. Evaluating the efficiency score—product of RMSE and in-
ference time—identified 10 diffusion steps as the optimal balance of
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speed and accuracy and used this value to calculate all subsequent
results.

3.2 LCTG Reconstruction Performance

The Latent-Conditioned Texture Generator was evaluated by re-
constructing textures in the validation set and comparing them
to the originals. Time-domain analysis revealed that the recon-
structed signals closely matched the originals in magnitude and
temporal structure, with key low-frequency components largely
preserved. However, frequency-domain analysis revealed system-
atic deviations: low frequencies were sometimes underrepresented,
and a relatively larger high-frequency noise was present above 1
kHz. Quantitatively, the mean waveform RMSE was 0.0114 N (me-
dian 0.0107, range 0.0062-0.0181). Signal power was well preserved
(mean power difference 5.0 X 107> N2, max 1.0 x 10~%), with an
average signal to noise ratio of —1.87 dB (range —2.36 to —1.21 dB).
These negative values primarily reflect the SNR computation rel-
ative to zero-mean signal power. Removing the DC component
constrains signal power to the variance of temporal fluctuations;
as a result, even minor reconstruction errors (e.g., amplified high-
frequency noise) can produce a negative decibel ratio despite low
absolute RMSE. To our knowledge, there is no established reference
range for “good” SNR in haptic texture generation, limiting direct
comparison with prior work.

3.3 DALE Latent Faithfulness

To assess DALE’s sensitivity to conditioning inputs, we measured
the latent shift magnitude, defined as the L2 distance between latent
vectors generated from varying psychophysical ratings. With the
noise vector fixed, each adjective (Roughness, Bumpiness, Slipperi-
ness) was varied independently in increments of 0.2, while others
were held at zero; 30 latent vectors per rating were generated and
compared to the baseline. The results showed that the normal-
ized shift magnitudes (Figure 2), were small (0-2%). Roughness and
Bumpiness showed weak but consistent increases as ratings diverge
from the mean, suggesting modest responsiveness, while Slipper-
iness showed no systematic trend, indicating limited sensitivity
along this dimension.

—%— Roughness
Bumpiness
0.025 —&— Slipperiness

0.020

0.015

0.010

0.005

Latent shift magnitude (normalized)

0.000

—0.005
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Figure 2: Magnitude of latent-space shifts (normalized) as
a function of perceptual rating values, used to assess the
sensitivity of DALE to psychophysical descriptors.
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3.4 Full Pipeline Inference

The complete DALE-LCTG pipeline was evaluated by generating
textures from participant ratings and comparing them to origi-
nal validation segments. Across 20 randomly selected segments
with five repetitions per segment, each using a different randomly
sampled set of ratings, the mean waveform RMSE was 0.00557 +
0.00109 N.

To assess the effect of individual perceptual rating dimensions,
we varied one rating at a time from -2 to +2 standard deviations
(in 0.5 increments), while sampling the other two ratings indepen-
dently from a standard normal distribution. For each fixed rating,
50 textures were generated, and their average frequency spectra
were computed using the Fast Fourier Transform. Across all condi-
tions, frequency peaks remained largely stationary, with variations
primarily in amplitude rather than spectral shape. Smoothness and
Slipperiness showed gain changes mainly at low frequencies (<200
Hz), with Smoothness also exhibiting effects at higher frequencies
(>200 Hz). Overall, all three perceptual dimensions had compara-
ble influence, and the averaged spectra suggest limited frequency
diversity in the generated textures.

We also evaluated the similarity between real and generated
textures at the distribution level using the Frechet Audio Distance
(FAD) [10], a metric commonly used in audio generation. FAD mea-
sures how closely the overall statistical distribution of generated
signals matches that of real signals, considering features such as
spectral patterns. Using 500 textures generated from randomly
sampled ratings, the FAD between the generated set and the full
database of real textures was 21.62. For context, state-of-the-art
music generation models [16] typically achieve FAD scores below
5. This indicates that, while the generated textures are perceptually
plausible, their overall spectral statistics remain more distant from
real textures compared to highly refined audio generation models.

We note that the absolute values of FAD should be interpreted
with caution in the context of haptic texture generation. This metric
was originally developed for audio quality assessment and does not
have well-established reference ranges or “acceptable” thresholds
in the haptics domain. While experiments with human participants
would provide the most reliable assessment of perceptual quality, we
did not include such an evaluation in this study because the limited
variation observed under perceptual conditioning suggests that
further improvements in the model and training data are needed
before such an evaluation would be informative.

4 Discussion

We presented a two-stage latent diffusion framework for generating
tactile texture signals conditioned on psychophysical descriptors.
By explicitly decoupling texture reconstruction from perceptual
conditioning, the proposed architecture separates the learning of
low-level signal structure from the mapping between human per-
ception and latent representations. This design enables the model to
translate subjective descriptors—such as roughness, bumpiness, and
slipperiness—into friction signals while maintaining computational
efficiency.

Our results demonstrate that diffusion models are well-suited for
modeling tactile texture signals. The Latent-Conditioned Texture
Generator (LCTG) achieves low reconstruction error. and reliably
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preserves the dominant temporal structure and overall energy of
real textures, indicating that diffusion-based generative models can
capture the stochastic and non-periodic characteristics of friction-
based tactile data. However, reconstruction fidelity in the frequency
domain remains limited. In particular, low-frequency components
that are perceptually salient are sometimes underrepresented, while
spurious high-frequency energy occasionally appears despite be-
ing absent from the training data. These artifacts are perceptually
undesirable and suggest a bottleneck in the latent representation
or loss formulation. Potential remedies include increasing latent
capacity, introducing perceptually weighted or frequency-filtered
loss functions tailored to frictional tactile data (rather than the Mel
scale), and improving the spectral balance of the training data using
recordings from more participants and textures.

We further observe that variations in psychophysical ratings lead
to measurable but modest changes in the generated textures. Anal-
ysis of latent representations shows only small shifts in response
to changes in individual rating dimensions, indicating that the con-
ditioning signal influences generation but does not dominate it.
Consistently, frequency-domain analysis reveals that conditioning
primarily affects the overall amplitude of the signal rather than
inducing substantial changes in spectral shape. Moreover, the in-
fluence of different perceptual dimensions is qualitatively similar,
suggesting limited disentanglement between axes such as rough-
ness, bumpiness, and slipperiness. These limitations can largely
be attributed to characteristics of the dataset, including correlated
perceptual dimensions, uneven rating distributions, and substantial
inter-participant disagreement [1]. In addition, texture signals and
perceptual ratings were collected from different participant groups,
weakening the correspondence between signal properties and sub-
jective labels and further constraining the learnable conditioning
relationship.

Overall, this work demonstrates the feasibility of using diffu-
sion models to generate tactile signals, while also highlighting the
challenges of synthesizing signals conditioned on psychophysical
descriptors. Given the limited variation observed under percep-
tual conditioning, we did not include a human evaluation of the
generated outputs in this study. Future work should focus on col-
lecting more balanced and generalizable datasets, strengthening
the correspondence between tactile signals and perceptual ratings,
exploring perceptually motivated loss functions, and validating
generated textures through human evaluation.
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