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Abstract

Flexible tactile electronics have progressed rapidly in wearable electronics, electronic skin, tactile
sensing materials and neuromorphic sensory devices, yet most artificial touch systems still
interpret contact only after the signal has already been measured. Such a reactive mode supports
static recognition, but it is less suited to continuous interaction, where tactile sensing is embedded
in the evolving contact process and must follow how surface morphology changes during scanning.
Inspired by predictive processing in biological sensory systems, in which incoming signals are
interpreted against an internally generated expectation of the next sensory state, we introduce a
predictive tactile neuromorphic system that couples a 44 X 44 flexible tactile array to an 8 X8
memristive array for one-step next-state estimation and mismatch-based tactile inference. We
program the learned latent-state transition matrix into the memristive conductance matrix so that
the current encoded tactile state can be projected in hardware to its predicted successor. In
experiments, a flexible pressure sensor mounted on a robotic fingertip records the evolving contact
fields during sliding. Each tactile frame is compressed into an 8-dimensional latent representation
and propagated through a programmed memristive conductance matrix to generate the predicted
next tactile state, which is then compared with the measured next state to produce a normalized
mismatch score that quantifies the deviation between expected and observed tactile evolution.
Across 1,800 scan sequences spanning smooth, coarse periodic, and fine periodic surface states
with matched local violations, the system maintains low mismatch during regular tactile evolution
and generates pronounced mismatch peaks when local continuity is broken. The pooled anomaly-
discrimination performance reaches an ROC AUC of 0.992. The proposed predictive framework
achieves a normal-region prediction error of 0.018 a.u., where normal-region refers to scan
segments outside the disturbed zone, and maintains AUCs of 0.96, 0.91, and 0.87 under three
speed/force perturbation settings, compared with 0.78, 0.70, and 0.66 for the no-temporal-context
baseline. These results show that expectation-driven tactile inference can be embedded directly
into the sensing-computing pathway and can support compact neuromorphic touch systems for
robotic inspection, dexterous manipulation, and adaptive human-machine interfaces operating
under continuously changing contact conditions.

I Introduction

Flexible tactile electronics are becoming an increasingly important interface for intelligent robots,
neuroprosthetic devices, wearable systems, machine skins, and touch-based human-machine
interfaces [1-4]. Over the past decade, major advances in tactile sensing materials, epidermal
electronics, high-density pressure arrays, multifunctional smart skins, and intelligent soft robotic
skins have expanded the scope of artificial touch from simple contact transduction to distributed
spatiotemporal perception [5-11]. These developments have improved tactile resolution,
mechanical compliance, and signal accessibility. Even so, many artificial tactile systems still
operate in a largely measurement-driven way: contact is acquired, a feature vector is extracted, and
interpretation follows through classification, regression, or thresholding [12-17]. This workflow is
effective in many settings. During continuous interaction, however, the significance of a tactile
event often depends on whether the incoming signal matches the tactile evolution that the system
should already expect, which makes subtle but meaningful local disruptions difficult to distinguish
from ongoing background contact dynamics.
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Predictive coding and internal forward models provide a natural framework for this problem [ 18-
21]. In this framework, higher-order circuits generate expectations about upcoming sensory states,
and the difference between predicted and measured input carries information that can be used for
inference and control [21-23]. This principle has often been discussed in visual and motor systems
[18-23], and growing evidence suggests that it is also central to touch [24-27]. Self-generated
tactile signals are attenuated when their sensory consequences are predictable [24,25]. Layer-
resolved studies in human somatosensory cortex have further supported the coexistence of sensory
input and predictive feedback in tactile processing [26], and omission-based paradigms have
shown that somatosensory systems encode expected events even when the expected tactile input
is absent [27]. Haptic and whisker-based studies likewise indicate that touch emerges through
sequential sensorimotor interaction, with perception shaped by how local signals unfold over time
during active contact [28,29]. Together, these observations suggest that tactile processing depends
not only on afferent input, but also on an internally maintained expectation of what should be felt
next.

These physiological insights are particularly relevant for artificial touch during sliding and probing.
A local violation on a surface may be small in absolute amplitude and still remain highly
informative because it interrupts a previously regular tactile trajectory. On a smooth surface, the
expected tactile field may evolve gently and continuously. On a periodic textured surface, the
expected tactile field may already contain structured oscillatory components. In both cases, the
essential question is whether the measured signal is consistent with the expected tactile state
implied by the current one. A predictive tactile architecture therefore offers a way to convert
continuous touch into a comparison between expected and observed tactile evolution, so that subtle
local departures can become more detectable even when the underlying surface state changes.

To realize this expectation-comparison loop in compact hardware, we need a physical substrate
that can transform the current tactile state into a near-future estimate with low overhead and good
repeatability. Memristive devices are well suited to this requirement [30-32]. Since the memristor
was first proposed as a fundamental circuit element [30] and later physically realized in nanoscale
resistive devices [31], memristive systems have become important candidates for synaptic
electronics, analog state storage, in-memory computation, and human-like neural computing [33-
35]. Their conductance-based operation makes them especially suitable for projection and
temporal transformation, where a current encoded state can be mapped directly to an expected next
state through a programmed physical matrix [36-39]. This feature is particularly relevant for tactile
prediction because the core computation is inherently temporal: the present tactile state has to be
transformed into a near-future tactile expectation in a compact and repeatable manner.

Recent studies have also begun to connect memristive and neuromorphic hardware with intelligent
perception. Memristive elements have been used to emulate nociceptive responses [40], self-
healable neuromorphic sensory signal processing [41], adaptive perception in unstructured
environments [42], and crossmodal in-sensor computing [43]. At the system level, resistive
memory devices support in-memory vector-matrix operations that reduce data movement and
bring computation closer to the sensor [44,47]. Related organic and ionic devices have
demonstrated low-voltage neuromorphic behavior with direct sensory relevance [45], while more
recent neuromorphic sensory hardware has shown that predictive and ultrafast perception can be
physically embedded in non-von-Neumann substrates [46].

Here we present a predictive tactile neuromorphic system organized around a flexible tactile array,
a shared tactile encoder, and an 8 X8 memristive array. A flexible pressure sensor mounted on a
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robotic fingertip records evolving tactile fields during sliding interaction. Each tactile frame is
encoded into an 8-dimensional latent state comprising total contact intensity, peak response,
effective contact area, pressure-centroid coordinates, spatial dispersion, left-right asymmetry, and
short-window temporal variation. We pass the current latent state through a programmed 8 X8
memristive conductance matrix to generate the predicted next latent state, while we encode the
measured next tactile frame in parallel into the same latent space. We then compare the predicted
and measured next states through a normalized mismatch score, which quantifies the deviation
between the predicted next tactile state and the measured next tactile state, and we identify
unexpected tactile events using a decision threshold t selected on the validation set. The study is
designed around three nominal surface states—smooth, coarse periodic, and fine periodic—and
matched local-violation conditions embedded within each state. This formulation shifts the task
from single-condition anomaly screening to state-dependent predictive tactile inference. The
tactile front end is built on a flexible thin-film piezoresistive tactile array that enables conformal
and spatially resolved contact readout during sliding interaction. The tactile front end provides
stable spatiotemporal sensing across 0 - 40 kPa, bending radii down to 10 mm, and 10° loading
cycles. The predictive hardware is realized with an 8 X 8 one-transistor-one-resistor (1 T1R) metal-
oxide memristive array using a Pt/HfO»/Ta/Pt device stack. The memristive predictor shows
accurate programmed projection with (r = 0.972), fast 30 ns switching, and stable multilevel
conductance modulation. Across the state-dependent benchmark, we obtain a pooled anomaly
Receiver Operating Characteristic Area Under the Curve (ROC AUC) 0f 0.992, reduce the normal-
region prediction error to 0.018 a.u., where normal-region denotes scan segments outside the
disturbed zone, and achieve a mean distance-to-detection of 0.32 mm, defined here as the scan
distance between the physical onset of a local violation and its first algorithmic detection.

I1. Results
System architecture for predictive tactile inference

We integrated a flexible tactile array, a latent-state encoder, and an 8 X 8§ memristive predictor into
a single inference pipeline (Fig. 1). During sliding contact, the tactile patch mounted on the
underside of the robotic fingertip records the evolving pressure field at the contact interface. Each
tactile frame X, is transformed into an 8-dimensional latent vector z;, which is then projected by
the memristive array to generate the predicted next state Z;,. We encode the measured next frame
X;41 in parallel as z;, 4, and we convert the discrepancy between Z;,, and z;,, into a normalized
mismatch score for event detection.

In this configuration, we perform prediction on the latent tactile trajectory instead of the raw
pressure map. The hardware predictor therefore operates on local temporal continuity: under
regular contact, successive encoded states remain close to the learned transition, whereas a local
disturbance produces a rapid increase in mismatch. This arrangement differs from frame-wise
thresholding or static template comparison, where the decision is made directly from the measured
signal at a single instant. Here we interpret the measured state against the state that should follow
from the preceding one.

The revised benchmark places this predictive step at the center of the task. Instead of testing only
smooth-background anomaly screening, we evaluated the system across smooth, coarse-periodic,
and fine-periodic surface states, each with a matched local-violation condition. The role of the

Page 4 of 20



152
153

154

155
156
157
158
159
160
161

162
163
164
165
166
167

168
169
170
171
172
173
174

175
176
177
178
179

180

181
182
183
184
185
186
187

188
189
190
191
192
193

predictor is therefore to preserve the correct next-state evolution for multiple nominal tactile
regimes and to produce a strong residual only when that evolution is locally interrupted.

Tactile front end and memristive predictor support stable next-state estimation

Stable next-state inference first requires a front end that can resolve the spatial structure of
evolving contact fields. The flexible tactile sensor used here is a 44 X 44 pressure array with 1,936
sensing elements distributed over a 26 mm X 26 mm active area (Fig. 2a,b). Under sliding contact,
the array captures compact smooth-contact hotspots, lobe splitting during crack crossing, localized
redistribution near protrusions, and stripe-like modulation on periodic surfaces (Fig. 2¢). These
patterns remain spatially distinguishable across the contact states used in this study and provide
the basis for latent-state encoding and next-state comparison.

The front end remains stable over the operating range used in the experiments. Pressure calibration
over 0 - 40 kPa shows a monotonic response, with a loading-unloading hysteresis of 5.4% (Fig.
2d). Bending tests performed at radii of 30, 20, and 10 mm give a maximum deviation below 5.1%
from the flat-state response (Fig. 2¢). Under cyclic loading at 15 kPa and 2 Hz, the normalized
output drift after 10"5 cycles is 4.2% (Fig. 2f). These results indicate that the sensor provides
reproducible spatiotemporal readout during repeated low-force scanning.

We implement the predictive projection with an 8 X8 memristive array (Fig. 3). When we apply
the encoded tactile state to the programmed conductance matrix, the hardware output reproduces
the target projection with a Pearson correlation coefficient of 0.972 and an RMSE of 0.043 (Fig.
3a). The array exhibits repeatable bipolar switching, multilevel conductance programming over
approximately 50 - 330 uS, and fast SET/RESET operation under 30 ns pulses (Fig. 3¢ - g). These
characteristics are sufficient to support the one-step latent-state mapping used throughout the
experiments.

Together, the tactile front end and the memristive predictor provide the two experimental
conditions required for the remainder of the study: stable tactile sequences at the sensor level and
hardware-realized next-state projection at the predictor level. On that basis, we shift the task from
direct signal inspection to mismatch-based detection of local departures from ongoing tactile
evolution.

Local violations emerge as structured residuals across different surface states

We next examined how the predictor behaves under three nominal surface states (smooth, coarse-
periodic, and fine-periodic) each with a matched local-violation condition (Fig. 4). For the smooth
regular surface, the predicted next tactile map remains close to the measured next map, and the
residual stays weak over the contact region. When we introduce a local crack-like defect into the
same smooth background, the measured map develops a confined distortion along the defect while
the predicted map preserves the smooth-contact progression, giving rise to a compact residual
centered at the disturbed region.

A similar pattern appears on the coarse-periodic surface. In the regular condition, the predicted
and measured next states both retain the multi-lobed structure imposed by the periodic background,
and only a weak residual remains. Once a local violation is embedded in the same surface, the
measured state departs locally from that lobe pattern and the residual becomes sharply localized.
The fine-periodic condition shows the same behavior at a smaller spatial scale. The regular scan
preserves the dense stripe-like modulation in both prediction and measurement, whereas the

Page 5 of 20



194
195

196
197
198
199
200
201

202

203
204
205
206
207
208
209

210
211
212
213
214
215

216
217
218
219
220
221
222
223
224
225
226
227
228

229

230
231
232
233
234
235

violated scan introduces a local deformation that appears as a concentrated residual superimposed
on the periodic background.

Across all three regimes, the residual does not become strong simply because the background itself
is more structured. Smooth, coarse-periodic, and fine-periodic scans each retain their own next-
state pattern under regular contact. The residual becomes prominent when the measured sequence
deviates locally from the evolution associated with that surface state. This behavior is consistent
throughout the representative examples in Fig. 4, where the mismatch remains confined to the
disturbed region instead of spreading broadly across the full contact field.

Predictive mismatch yields clear separation from regular scans

The trajectory-level results are summarized in Fig. 5a. For all three surface states, the regular scans
maintain a low mismatch baseline along the scan path, whereas the violated scans produce narrow
peaks centered near the disturbed region. The smooth condition gives the lowest baseline. The
coarse-periodic and fine-periodic conditions show slightly broader low-level fluctuations,
reflecting the richer frame-to-frame dynamics of regular textured contact, while the mismatch peak
associated with the local violation remains clearly separated from the corresponding regular
trajectory in each case.

The same separation appears in the pooled score distributions (Fig. 5b). Smooth regular scans
cluster at the lowest mismatch values. Periodic regular scans occupy a somewhat broader low-
mismatch range and still remain distinct from the violated scans collected on the same background
type. Introducing a local violation shifts the distributions toward higher scores in both smooth and
periodic settings. The ROC inset gives an AUC of 0.992 for the predictive method, compared with
0.907 for the no-temporal-context baseline and 0.812 for the threshold-based baseline.

The quantitative comparison across ablation settings is shown in Fig. 5c. In normal regions, which
here denote scan segments outside the disturbed zone, the proposed method yields an average
prediction error of approximately 0.018 a.u., lower than the values obtained with no temporal
context (~0.032 a.u.), shuffled temporal order (~0.040 a.u.), a static-template baseline (~0.049 a.u.),
or amplitude thresholding (~0.064 a.u.). On the anomaly-detection task, the corresponding AUC
values are ~0.985, ~0.934, ~0.903, ~0.862, and ~0.816. The proposed method also gives the
shortest mean distance-to-detection, that is, the scan distance from the physical onset of the
disturbed region to the first threshold crossing, at ~0.32 mm, compared with ~0.60, ~0.75, ~0.85,
and ~0.97 mm for the same baselines. Under low-speed/low-force, high-speed/low-force, and
high-speed/high-force conditions, the predictive model maintains AUC values of about 0.96, 0.91,
and 0.87, whereas the no-temporal-context baseline drops to about 0.78, 0.70, and 0.66. In these
panels, the bars represent mean values across repeated evaluations under the same split protocol,
and the error bars indicate the corresponding variability.

I11. Discussion

We show that predictive tactile coding can be implemented in a hardware system that combines a
flexible tactile interface with a memristive temporal predictor. Within this architecture, tactile
events are interpreted through the relation between measured and expected contact evolution. We
use the current tactile state to generate the expected next state, and we reveal local disturbances
through the mismatch between prediction and measurement. The results show that this formulation
remains effective across distinct tactile regimes with different intrinsic temporal structures.
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This point is important for the revised benchmark. In the earlier smooth-only setting,
discrimination could still be attributed in part to the relative simplicity of the background dynamics.
In the present design, the system is required to operate across smooth, coarse-periodic, and fine-
periodic surface states, each of which imposes a different local evolution on the tactile stream. The
predictor therefore has to preserve low mismatch under several distinct forms of regular contact
and increase the response only when that state-specific evolution is locally interrupted. Fig. 4
visualizes this process through state-dependent residual localization, and Fig. 5 quantifies the
resulting separation, discrimination, and robustness.

The performance gain of the predictive framework can be attributed to two experimentally
supported effects. First, the learned transition suppresses the expected component of regular tactile
evolution. This effect is reflected by the low normal-region prediction error in Fig. 5c, where scan
segments outside the disturbed zone remain close to the predicted next state even when the
background changes from smooth to periodic contact. The system therefore does not treat the
intrinsic modulation of a textured surface as an anomalous event as long as this modulation follows
the learned state-dependent trajectory. Second, the same comparison makes local disruptions
visible at their onset, because a crack-like or structurally violated region changes the measured
next state before a large absolute pressure difference necessarily accumulates. This interpretation
is supported by the localized residual maps in Fig. 4 and by the shorter distance-to-detection in
Fig. 5c. Together, these results indicate that the gain comes from comparing the measured tactile
stream with its expected temporal continuation, rather than from amplifying raw pressure
amplitude alone.

In this system, the memristive array is used as a physical temporal operator rather than as a passive
memory block. The programmed conductance matrix directly maps the current latent tactile state
to its predicted successor, thereby implementing the one-step forward projection that defines the
predictive component of the inference chain. The measured projection fidelity, stable multilevel
conductance tuning, and fast switching behavior indicate that this temporal mapping can be carried
out in a compact hardware module coupled to the tactile readout path. This hardware role is central
to the proposed architecture because the mismatch score is formed only after the current state has
been physically transformed into an expected next state.

The present study also has clear limits. The experimental device demonstrates its effectiveness in
one-step prediction under controlled linear sliding, with the latent representation intentionally kept
compact for this purpose. More complex contact behaviors, including multidirectional scanning,
variable compliance, longer temporal dependencies, and closed-loop exploratory interaction, will
require richer state representations and predictive models that capture nonlinear transitions, multi-
step temporal context, and action-conditioned contact dynamics. In addition, the present
architecture remains a hybrid implementation. Moving toward a fully integrated system will
require closer co-integration of sensing, readout, and memristive prediction to reduce interconnect
overhead and improve system compactness and efficiency.

Within these limits, the obtained results define a mechanism for embedding next-state prediction
into tactile hardware. The central contribution lies in organizing tactile inference around the
expected evolution of contact under a given surface state and in using mismatch to expose
departures from that evolution. This mechanism becomes increasingly valuable as tactile
backgrounds grow richer and less well described by static thresholds or single-state templates. The
framework described here may therefore support intelligent robotic inspection, adaptive end-
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effectors, prosthetic touch interfaces, and teleoperated human-machine systems that must operate
continuously under changing contact conditions [48].

IV. Methods

System architecture and signal flow

Our predictive tactile system consists of a flexible tactile front end, a readout-and-control board,
and an 8 X 8 memristive predictor. During sliding contact, the tactile front end records the evolving
pressure field at the fingertip-surface interface. Each tactile frame X; is converted into an 8-
dimensional latent vector z; by a shared encoder. We then apply the latent state z, to the memristive
predictor to generate the expected next state Z;, ;. In parallel, we encode the measured next tactile
frame X;,; as z;,,. Event detection is performed on the normalized mismatch between Z;,; and

Zt+1-

Flexible tactile front end and acquisition settings

We used a commercial flexible piezoresistive sensor (M5027, Changzhou Rouxi Electronic
Technology Co., Ltd., China) as the tactile front end. The sensor contains a 44 X 44 sensing matrix
with 1,936 sensing elements distributed over a 26 mm X 26 mm active area. The row and column
electrode widths are 0.2 mm, and the nominal pitch is 0.6 mm. We mounted the sensing region on
the underside of the robotic fingertip using a thin compliant adhesive layer, while the flexible tail
was routed to the readout electronics.

Tactile frames were acquired at 200 Hz under a 3.3 V supply and digitized at 12-bit resolution.
Pressure maps shown in the figures have been obtained through interpolation of the acquired data
to facilitate visualization. All predictive computations are carried out on the encoded tactile data
derived from the recorded array output.

Pressure calibration was performed over 0 - 40 kPa using a controlled loading stage. We used
loading and unloading traces to estimate hysteresis. Bending stability was evaluated under flat, 30
mm, 20 mm, and 10 mm radii. Cyclic durability was measured at 15 kPa and 2 Hz over 10° loading
cycles. The values reported in Fig. 2d - f correspond to these measurements.

Surface-state benchmark and scan protocol

Surface-state benchmark analysis was performed comprising six scan conditions: smooth regular,
smooth with a local violation, coarse-periodic regular, coarse-periodic with a local violation, fine-
periodic regular, and fine-periodic with a local violation. Regular surface conditions were selected
to produce progressively richer next-state tactile dynamics during sliding. The local-violation
conditions introduce a confined structural disturbance within the matched background state.

All scans were performed over a 20 mm path under a nominal normal force of 0.30 N and a nominal
scan speed of 5 mm s™'. For robustness evaluation, we additionally collected scans under three
perturbed settings: 3 mm s /0.20 N, 7mm s /0.20 N, and 7 mm s' / 0.40 N, corresponding to
the low-speed/low-force, high-speed/low-force, and high-speed/high-force conditions shown in
Fig. 5c. The disturbed region was positioned near the middle of the scan path so that pre- and post-
event segments are included in the same continuous sequence.

A total set of 1,800 scan sequences was collected, with 300 scans for each condition. We performed
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data splitting at the physical-sample level to avoid leakage between training, validation, and testing.
Regular scans were also used to learn the predictive mapping, using validation data to determine
the operating threshold. All reported performance values are obtained from held-out test samples.

Latent-state encoding

Each tactile frame was encoded to an 8-dimensional latent vector using a shared encoder. The
encoded variables comprise total contact intensity, peak response, effective contact area, pressure-
centroid x coordinate, pressure-centroid y coordinate, spatial dispersion, left-right asymmetry, and
short-window temporal variation. The effective contact area was defined as the number of sensing
elements above a fixed fraction of the frame maximum. We computed spatial dispersion from the
second central moment of the tactile field, and temporal variation from the frame-to-frame
difference relative to the immediately preceding frame.

Feature normalization was performed using statistics estimated from the training set only. We then
applied the same normalization parameters to validation and test data.

Memristive next-state projection
The one-step predictor was modelled as
Zey1 =Wz +c (1)

where W € R®*® is the temporal mapping matrix and c is a bias vector. The mapping parameters
were estimated using paired latent states extracted from regular training sequences only, where
regular sequences from all three nominal surface states are pooled to train one shared transition
matrix. After training, the same matrix was programmed into the 8 X 8 memristive array and used
unchanged for all held-out regular and violated scans. During inference, no surface-state label was
provided to the predictor; the only input was the 8§-dimensional latent tactile state of the current
frame. This design was selected to test whether a single hardware forward operator could capture
the local temporal continuity of multiple tactile regimes and generate elevated mismatch when the
measured trajectory departs from the expected continuation. Violated sequences were excluded
from model fitting and used only for validation and held-out evaluation.

We implemented the hardware predictor with an integrated 8 X8 1T1R memristive array. The
device stack comprises Pt/HfO2/Ta/Pt. After training, the learned matrix coefficients are converted
into conductance targets within the experimentally accessible operating range, and the offset
introduced by this conductance mapping compensated during readout. During inference, the
normalized latent state z; is converted into row-input voltages, while the resulting column currents
are converted to voltages by transimpedance amplifiers, digitized, and decoded into the predictive
next-state representation Z; 1.

To assess projection fidelity we compared the hardware output with the software target projection.
The programmed array reproduced the target mapping with a Pearson correlation coefficient of
0.972 and an RMSE of 0.043. Device-level switching, programming, and multilevel conductance
characteristics are measured separately, as summarized in Fig. 3.

Mismatch calculation and event detection

For each scan position, we define the predictive mismatch as

_|zt+1-zt+1];
my = |zt+1|p+¢ (2)
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where € = 107 is introduced to avoid numerical instability at very low signal levels. This
normalized mismatch score quantifies the deviation between the predicted next latent state and the
measured next latent state, and it serves as the primary score throughout the study.

For event detection, a decision threshold T was determined using the validation set only. By
sweeping candidate thresholds over the range of validation mismatch scores and selecting the
operating threshold as the value that maximizes Youden’s (J) statistic sensitivity +
specificity — 1 it was possible to differentiate regular from disturbed validation samples. The
obtained threshold value was then fixed and applied unchanged to all held-out test data. A disturbed
event is considered detected when the mismatch first exceeds 7. Threshold crossing denotes the first
scan position at which the mismatch exceeds the validation-defined decision threshold. Distance-
to-detection is defined as the scan distance between the physical onset of the disturbed region and
this first threshold crossing. Mean distance-to-detection is computed over successfully detected
anomalous scans only.

Baselines and quantitative evaluation

Finally, we compared the proposed predictive framework with four baselines in the quantitative
analysis: a no-temporal-context baseline, a shuffled-temporal-order baseline, a static-template
baseline, and an amplitude-threshold baseline. The no-temporal-context baseline evaluates
instantaneous deviation without next-state prediction. The shuffled-temporal-order model retains
the same overall structure but destroys the true succession of frames during training. The static-
template baseline compares each frame with a reference state derived from regular scans. The
amplitude-threshold baseline uses raw peak-pressure magnitude without explicit temporal
modeling.

The mismatch trajectories are plotted in Fig. 5a from representative held-out scans under the three
nominal surface states. The distributions in Fig. 5b were obtained from pooled frame-level
mismatch scores between the held-out regular and violated scans. The ROC value in the inset of
Fig. 5b was obtained from the same pooled held-out samples.

For the bar plots in Fig. 5c, we evaluated average prediction error in normal regions, anomaly-
detection AUC, and distance-to-detection for all comparison routes under the same split protocol.
For robustness analysis, we additionally measured AUC under the three speed/force conditions
shown in Fig. 5c. The plotted values represent the mean across repeated evaluations, and the error
bars indicate the corresponding variability under the same protocol.
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Figure 1 | Predictive tactile system concept and hardware architecture. (a) Biological
motivation of predictive tactile processing, in which unexpected local perturbations produce
elevated mismatch between expected and actual tactile input. (b) Robotic fingertip carrying a
flexible tactile patch during contact with a shallow crack. (¢) Photograph of the memristive
inference module and readout/control board. (d) Hardware workflow of the predictive tactile
system: current tactile field X; and measured next tactile field X;,; are encoded into an 8-
dimensional latent space, the current latent state is projected through an 8x8 memristive temporal
predictor to generate Z;,q, and the normalized mismatch between Z;,4 and z,,4 is used for
unexpected tactile event detection.
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Figure 2 | Flexible tactile front end, representative contact patterns, and sensor stability. (a)
Photograph of the M5027 flexible tactile sensor. (b) Structural and dimensional details of the
tactile array, including multilayer stack and electrode geometry. (¢) Representative normalized
tactile maps acquired from smooth regular contact, smooth contact with a local violation, coarse-
periodic regular contact, coarse-periodic contact with a local violation, fine-periodic regular
contact, and fine-periodic contact with a local violation. (d) Pressure calibration under loading and
unloading over 0 - 40 kPa. (e) Bending stability under flat, 30 mm, 20 mm, and 10 mm radii. (f)
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Figure 3 | Memristive temporal predictor and device characteristics. (a) Predictive projection
through the programmed 8 X 8 memristor array, together with the agreement between hardware
output and target predictive tactile state. (b) Optical image of the array and device stack schematic.
(c,d) Fast 30 ns SET and RESET behavior. (e) Programming trajectories toward representative
multilevel conductance states. (f) DC I - V characteristics of the RRAM device. (g) Pulse-number-
dependent gradual SET and RESET modulation.
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555 Figure 4 | State-dependent predictive mismatch visualized across regular and violated tactile
556  regimes. Representative scan scenes for smooth regular, smooth with a local violation, coarse-
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Figure 5 | Predictive mismatch trajectories, score distributions, and quantitative
comparison. (a) Mismatch trajectories along scan position for smooth, coarse-periodic, and fine-
periodic states, each comparing regular and violated conditions. (b) Distribution of mismatch
scores for smooth and periodic states, together with pooled ROC comparison. (¢) Quantitative
comparison across baselines, including average prediction error in normal regions, anomaly-
detection AUC, distance-to-detection, and robustness under three speed/force perturbation

conditions.
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