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Abstract 

Touch is the essential sensory modality through which animals and robots physically 
negotiate the world. While much of robotic touch focuses on the capabilities of currently 
available tactile hardware, this thesis asks a more general question: what forms of tactile 
processing and representation could allow robots to approach the dexterity of animals? This 
thesis argues that simulated force and torque provide a privileged representation of touch: 
one that is biologically grounded, computationally scalable, and effective for dexterous be-
havior.

For biological touch, the rodent vibrissal pathway provides a tractable model system 
for studying tactile processing. We train task-optimized temporal networks on realistic 
whisker force/torque sequences to identify shapes and compare their internal representations 
against recordings from rats’ barrel cortex. We find that convolutional recurrent models 
(ConvRNNs) align very closely with neural data, and contrastive self-supervision with tactile-
specific augmentations matches supervised alignment as a label-free proxy.

In robotic touch, we test whether the same class of representation is useful for dexterous 
behavior. We develop a GPU-parallel tactile sensor simulator that exposes a family of 
tactile abstractions under one interface, from binary contact and per-taxel force/torque to 
marker displacement and temperature, fast enough to serve as the front-end for dexterous 
reinforcement learning. For in-hand manipulation tasks, we find that sensor placement 
matters more than sensor type or resolution, that whole-hand coverage closes most of the 
gap to a privileged teacher. Across 3 dexterous tasks, per-taxel force/torque emerges as the 
most useful and robust observation.

Together, these results argue that force and torque are not merely convenient signals 
to simulate, but a biologically grounded and behaviorally effective representation of touch. 
With recurrence and broad spatial coverage, simulated force and torque provide a common 
representational substrate for understanding tactile computation in brains and building tac-
tile intelligence in robots. 
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Chapter 1

Introduction

Touch is the sensory modality through which animals and robots physically negotiate the 
world, yet it remains comparatively underexplored—both in neuroscience, where the compu-
tations underlying somatosensory processing are still poorly characterized, and in robotics, 
where it is unclear which tactile signals a policy actually needs. This thesis approaches that 
gap from two complementary directions, unified by a single question: which tactile represen-
tations matter for behavior, and why?

1.1 Motivation
Tactile sensing lags vision and language in both biological understanding and artificial 

performance. Part of the reason is that touch is intrinsically active and embodied: a tactile 
signal exists only through physical contact and is shaped by the motion that produced it, 
so it cannot be harvested at internet scale the way images or text can. On the biological 
side, the mechanical inputs to the somatosensory system—the forces at a whisker base, the 
pressure folding the skin of a fingertip—are difficult to measure directly, and computational 
models of how the brain processes them remain scarce. On the engineering side, tactile 
hardware is fragmented across many transduction principles with sharply different coverage 
and fidelity, and it is still unclear which of the signals a sensor could provide a policy actually 
needs.

These two gaps are two faces of the same question, and there are two complementary ways 
to attack it. One is to reverse-engineer a biological system that already solves the problem: 
by searching the space of neural network models for those whose internal representations 
best match recorded brain activity, we can read off the computational ingredients the brain 
relies on. The other is to forward-engineer robots until they solve manipulation tasks, and 
ask which tactile abstraction is sufficient to do so. The first identifies what a working tactile 
system is; the second tests what a tactile representation must do. Pursued together, they 
offer convergent evidence about the same underlying question.

1



In each case, simulation of tactile input is the shared enabling tool, and for the same 
reason: it supplies realistic tactile signals at a scale and level of control that hardware 
cannot. The rodent-brain study uses a biomechanical whisker-array simulator to generate 
the high-variation force/torque sequences needed to constrain goal-driven models, while the 
robot study uses a GPU-parallel tactile-sensor simulator to expose many sensing abstractions 
under one interface and vary them in a controlled experiment. This methodological through-
line—realistic, scalable tactile simulation—is what makes both directions possible.

1.2 Thesis Contributions
The central claim of this thesis is that effective tactile processing—in the brain and in a 

robot alike—rests on a small set of shared representational ingredients: low-level force and 
torque as the most informative and biologically aligned tactile signal, recurrent integration of 
those signals over time, and broad spatial coverage of the sensing surface. These ingredients 
can be identified from two independent directions—by matching the activity of a biological 
tactile system and by maximizing a robot’s success on dexterous tasks—and biomechani-
cally grounded, scalable simulation of tactile input is the common tool that makes either 
identification possible. The chapters that follow establish these two directions; read together 
(Chapter 5), their convergence on the same ingredients is what supports the claim.

Concretely, this thesis makes the following contributions:

• Tactile processing in the rodent brain (Chapter 3): searching over model archi-
tectures on realistic whisker inputs, we identify convolutional recurrent encoders as the 
architectures whose representations best align with rodent somatosensory cortex—the 
first quantitative model–brain comparison in this system.

• Scalable tactile simulation for robot learning (Chapter 4): a GPU-parallel tactile 
sensor simulator exposing a family of tactile abstractions under a common interface, 
used to ablate which tactile signals dexterous manipulation policies actually need, with 
transfer to real hardware.

1.3 Thesis Organization
Chapter 2 reviews biological tactile sensing, tactile sensor hardware, tactile simulation, 

and tactile models that the later chapters build on. Chapter 3 presents the rodent-brain 
modeling work, and Chapter 4 presents the robot tactile-simulation work. Chapter 5 draws 
the two threads together and outlines future directions.
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Chapter 2

Background

This chapter reviews the biological, hardware, simulation, and modeling background that 
the rest of the thesis builds on. Reverse-engineering the tactile representations of the ro-
dent brain and forward-engineering tactile sensing for dexterous robots approach touch from 
opposite directions, but rest on a common foundation: an understanding of how biological 
systems transduce and process touch, of the artificial sensors that attempt to imitate them, 
of the simulators that make either tractable to study at scale, and of the learning-based 
models that consume tactile signals in both domains.

2.1 Biological Tactile Sensing
Touch is the first sense to develop and arguably the most indispensable: an organism 

cannot survive long without it, since it underlies everything from withdrawing from tissue-
damaging stimuli to the fine motor control of feeding, grasping, and locomotion [13, 14]. 
Unlike vision or audition, touch is intrinsically active and bidirectional: to perceive a surface 
is to deform it, and the motor act of exploration shapes the very signals that are sensed. 
Human haptic perception fuses three streams—the cutaneous signals of receptors in the 
skin, the kinesthetic signals that report the configuration and loading of the limbs, and the 
motor commands that drive exploration [13, 14]. Together these answer two complementary 
questions about an object in the hand: what it is (its material, shape, and identity) and 
where it is relative to the body. Because the answers are recovered jointly through interaction, 
models of touch are best framed as a closed sensorimotor loop rather than as passive, tactile-
only readout—a theme that recurs throughout this thesis.

2.1.1 Cutaneous Mechanoreceptors

The glabrous (hairless) skin of the human hand is innervated by four populations of 
mechanoreceptive afferents, distinguished by how quickly they adapt to a sustained stimulus—
slowly (SA) versus rapidly/fast (RA/FA)—and by the size of their receptive fields—type I 
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(small and dense) versus type II (large and diffuse); Table Table 2.1 summarizes their di-
vision of labor [13, 14]. SA-I afferents (Merkel disks) respond to static indentation and 
low-frequency deformation and carry fine spatial form such as edges, curvature, and Braille-
like patterns; FA-I afferents (Meissner corpuscles) are insensitive to static force but report 
low-frequency skin motion (∼5–50 Hz) such as incipient slip, which makes them central to 
grip control; FA-II afferents (Pacinian corpuscles) are exquisitely sensitive to high-frequency 
vibration (∼40–400 Hz) and to transients propagating through a held tool, so that one ef-
fectively feels the world at the tool’s tip; and SA-II afferents (Ruffini endings) sense skin 
stretch and thereby encode hand conformation and the direction of applied force [13].

 Afferent (corpuscle) Adaptation, field Frequency band Primary role

 SA-I (Merkel) slow, small/dense static–∼5 Hz form, edges, curvature, 
sustained pressure

 FA-I (Meissner) fast, small/dense ∼5–50 Hz skin motion and slip 
detection, grip control

 FA-II (Pacinian) fast, large/diffuse ∼40–400 Hz vibration and 
transients, including 
through held tools

 SA-II (Ruffini) slow, large/diffuse static (skin stretch) skin stretch, hand 
conformation, force 
direction

Table 2.1. The four cutaneous mechanoreceptor afferents of the human k 
glabrous hand, organized by adaptation rate (slow/fast) and receptive-field type (I, small 
and dense; II, large and diffuse). Together they encode the same contact simultaneously at 
several spatial and temporal scales.

Two properties of this population matter when designing an artificial analogue. Spa-
tially, acuity is not uniform: receptive fields are smallest and most densely packed at the 
fingertips and grow progressively coarser toward the palm, giving the hand both broad 
coverage and high resolution exactly where fine manipulation demands it. The fidelity is 
remarkable—human afferents resolve features on the scale of a single fingerprint ridge [15], 
and the population signals edge orientation quickly and accurately enough to steer in-hand 
manipulation [16]. Temporally, the skin resolves successive taps about 5 ms apart—finer than 
vision but coarser than audition—and the SA/FA split means a single contact is encoded 
across multiple timescales at once. Crucially, the skin is compliant: it folds around whatever 
it touches, and the pressure distribution over the deformed surface is what the SA-I popula-
tion transduces into a percept of local geometry, letting humans judge curvature over a vast 
range from flat surfaces to sharp edges. This deformation is the signal itself, not incidental 
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detail, which is why models that treat the skin as a rigid plane and read out responses from 
undeformed contact tend to inject noise into the predicted afferent activity [17]; capturing 
it faithfully favors deformable, finite-element treatments of the contact interface [18].

2.1.2 Thermal and Kinesthetic Channels

Beyond mechanoreception, thermoreceptors in the skin add a thermal channel that helps 
identify materials. The percept of an object’s temperature is driven not by its absolute 
temperature but by how much the skin’s own temperature changes on contact, which depends 
on the material’s thermal conductivity and thus distinguishes, for example, metal from wood 
at the same ambient temperature [19]. The thermal system is also asymmetric and protective: 
warm receptors operate over a smaller dynamic range than cold ones, because temperatures 
past that range would damage tissue—an asymmetry worth mirroring when an artificial 
thermal sensor is designed.

The kinesthetic stream, transduced by receptors in muscles, tendons, and joints, reports 
the position, movement, and loading of the limbs. It is what lets the haptic system localize 
a contact relative to the body and, through interaction, estimate properties that no single 
contact reveals: object weight, for instance, is recovered largely from an object’s resistance 
to rotation, formalized as the inertia tensor of the hand-plus-object system [20]. Supplying 
the analogous joint configuration and forces/torques to a model is therefore as important as 
the cutaneous signal itself.

2.1.3 Active Touch and Exploratory Procedures

Because touch is active, humans deploy stereotyped exploratory procedures matched to 
the property they wish to perceive: lateral motion across a surface for texture, static pressure 
against resistance for compliance and softness, enclosure for global shape, and so on [13, 14]. 
The chosen procedure is itself shaped by the material—explorations of soft and granular 
materials, from silk to sand, follow systematically different strategies than those of rigid 
objects [21, 22]—which is one reason a simulator able to model deformables, grains, and 
fluids is attractive for studying touch. At the level of neural representation, the afferent 
population projects to topographically organized maps in the spinal cord and somatosensory 
cortex that behave less like a bank of independent pixels than like a “haptic retina,” in which 
populations of receptors jointly encode features such as edge orientation [16].
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2.1.4 The Rodent Vibrissal System

While the human hand is the richest tactile organ, much of what is known about the neu-
ral processing of touch comes from a more experimentally tractable model: the rodent vib-
rissal (“whisker”) system. Rodents sweep an array of roughly thirty facial whiskers per side 
across objects at 15–20 Hz, and although the whiskers bear no receptors along their length, 
bending and torsion at each follicle are transduced into afferent signals whose statistics are 
set by the array’s morphology [1, 23, 24]. The pathway is strikingly vision-like—hierarchical 
and recurrent, from the trigeminal ganglion through thalamus to primary and secondary 
somatosensory (“barrel”) cortex [25–28]—and the whisker, dense in Merkel afferents at its 
base, has been argued to be a close functional analogue of the human fingertip. This com-
bination of fine experimental control with a clean, temporally structured input makes the 
vibrissal system an ideal setting for reverse-engineering tactile computation, which Chapter 3 
pursues.

2.2 Tactile Sensor Hardware
Reproducing even a fraction of this biological capability in hardware has proven difficult: 

producing a compliant artificial skin that deforms and stays deformed around an object has 
been an open problem in haptics for roughly four decades [29, 30], and the resulting sensor 
landscape is fragmented across many transduction principles, each with its own resolution, 
bandwidth, footprint, durability, and cost. Recent surveys of flexible tactile sensing organize 
this space by the physical effect used to convert a mechanical stimulus into a measurable 
signal [31]. Piezoresistive sensors translate stimulus-induced deformation of a conductive 
network into a resistance change; they are simple to read out and sensitive to both static 
and dynamic loads, but face a trade-off between sensing range and sensitivity and suffer from 
hysteresis and drift [31, 32]. Capacitive sensors measure the change in capacitance as an ap-
plied force alters the gap or permittivity of a dielectric layer between electrodes, offering low 
power consumption and high sensitivity at the cost of susceptibility to crosstalk and elec-
tromagnetic interference [31, 33]. Piezoelectric and triboelectric sensors convert mechanical 
deformation and contact electrification, respectively, directly into charge or potential differ-
ences, which makes them fast and self-powered but intrinsically better suited to dynamic 
than to static stimuli [31]. Optical mechanisms transduce contact into a change in trans-
mitted or reflected light, providing high spatial resolution and immunity to electromagnetic 
interference, while magnetic mechanisms infer deformation from changes in a magnetic field; 
the latter decouple the sensing electronics from the contact interface, giving a wide measure-
ment range, low hysteresis, and good robustness [31, 34]. This taxonomy makes concrete a 
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recurring theme: no single transduction principle simultaneously optimizes resolution, band-
width, range, robustness, and form factor, so each choice commits a sensor—and any robot 
built around it—to a particular regime.

On robot hands specifically, these principles instantiate as a handful of families with 
sharply different coverage characteristics. Capacitive arrays and strain-gauge fingertips pro-
vide direct, repeatable force readings but are typically confined to the distal pad of a fin-
ger [35, 36]; recent six-axis capacitive interfaces push toward simultaneous multidirectional 
force and contact-location sensing at fingertip scale [35], and hair-in-elastomer piezoresistive 
structures explicitly decouple normal from shear stress [32]. Vision-based elastomer sensors 
such as GelSight image the deformation of a gel pad with an internal camera, resolving 
fine surface geometry at high resolution but remaining bulky, restricted to flat pads, and 
yielding only a local height map that must be resampled over many contacts to recover 
an object’s geometry—unlike the distributed, actively sampled mechanoreceptor population 
they stand in for [37]. Magnetic skins such as ReSkin estimate deformation indirectly from 
magnetometer displacements, trading spatial resolution for a thin, replaceable form factor 
that can cover larger, curved areas of a hand [38]. Multimodal fingertips combine sev-
eral of these channels—force, vibration through contact microphones, and high-resolution 
deformation—into a single unit at the cost of substantial wiring and calibration [36, 39–42]. 
A complementary line of work attacks the wiring-and-resolution trade-off algorithmically, 
using deep models to synthesize high-resolution tactile fields from sparsely distributed tax-
els [43]. The practical consequence, central to Chapter 4, is that these sensors differ not 
only in fidelity but in where on the hand they can be placed, so that adopting a given sensor 
effectively defines a different hand and makes apples-to-apples comparison across sensing 
strategies infeasible in hardware alone.

2.3 Tactile Simulation
Because comparing tactile sensors and acquiring tactile neural stimuli fairly in hardware 

is rarely feasible, simulation has become the central tool for studying touch at scale in both 
neuroscience and robotics. On the neuroscience side, biomechanical simulation of the whisker 
array is what makes goal-driven modeling of the somatosensory system possible: WHISKiT 
Physics provides the first complete three-dimensional model of the rodent vibrissal array, 
representing each whisker as a chain of rigid conical segments coupled by torsional springs 
and predicting the time-varying forces and torques generated at each whisker base during 
active sampling [2]. Combined with quantitative array morphology [1], such simulators 
generate the high-variation, biomechanically grounded force/torque sequences that drive the 
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models in Chapter 3.
On the robotics side, tactile simulators broadly divide into two families. The first uses 

full deformable physics, typically the Finite Element Method (FEM), to model the sensing 
medium directly: DIFFTACTILE builds a differentiable FEM soft-body simulator support-
ing diverse contact modes and material types [18], and Taccel combines incremental potential 
contact with affine body dynamics to scale vision-based tactile simulation to thousands of 
parallel environments at an order-of-magnitude speedup over real time [44]. The second fam-
ily extracts a tactile signal from the contact queries of a rigid-body engine and post-processes 
it into a sensor readout, trading some physical fidelity for speed: FOTS approximates the op-
tical response and marker motion of vision-based sensors [4], Tacmap unifies simulation and 
reality through a geometry-consistent penetration-depth map [6], and HydroShear produces 
GPU-parallel marker displacement fields that capture shear and twist [5]. Sensor models 
that target a specific transduction principle—for example, ternary shear and binary normal 
force for magnetic skins [45]—and mixed real-plus-simulated datasets for benchmarking [46] 
round out the landscape. Across both families the dominant trend is toward GPU paral-
lelism, since policy learning requires thousands of simultaneous environments; the platform 
of Chapter 4 pushes this trend further by exposing many sensor abstractions under one in-
terface so that the abstraction itself, rather than the hardware, can be varied in a controlled 
study.

2.4 Tactile Models
A range of learning-based models consume tactile signals, from goal-driven networks 

used to explain neural data to self-supervised encoders that turn high-dimensional touch 
into representations for robot policies. The two subsections below trace these two lineages.

2.4.1 Goal-Driven / Task-Optimized Neural Models

Task-optimized neural networks are currently the most quantitatively accurate framework 
for modeling sensory brain areas. The approach first succeeded in the primate ventral visual 
stream, where networks optimized for object categorization predicted neural responses across 
hierarchical cortical stages without fitting to the neural data [47, 48], and was subsequently 
extended to auditory cortex [49], to language [50], and to rodent systems, where compar-
atively shallow networks trained with self-supervised objectives best capture mouse visual 
cortex [51, 52]. The same goal-driven logic has more recently been applied to higher-level 
cognitive computations such as mental simulation and future prediction [53], underscoring 
its generality across brain areas and tasks. Despite this breadth, the framework had been 
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applied to tactile processing only once: the foundational whisker-trigeminal model of Zhuang 
et al. [54] trained simple recurrent networks on simulated whisker sweeps but used only su-
pervised objectives and was never compared against neural recordings.

Realizing this framework for touch requires choices about temporal architecture and 
training objective. Because tactile input is an intrinsically temporal force/torque stream, 
candidate architectures include convolutional recurrent networks shown to match primate 
cortical dynamics [55], modern state-space models such as S4 [56] and Mamba [57], and 
attention-based temporal models [58]. On the objective side, beyond supervised categoriza-
tion, self-supervised losses—contrastive methods [59], non-contrastive self-distillation [60], 
and autoencoding [61]—offer label-free, ethologically more plausible training signals, and 
have been shown to match or exceed supervised models in predicting both primate and 
mouse visual cortex [51, 62]. Chapter 3 draws on these architectural and objective choices 
to build goal-driven models of the rodent somatosensory system.

2.4.2 Tactile Representation Learning for Robots

On the robotics side, the central question is not how to explain neural data but which 
tactile abstraction a policy actually needs, and prior work typically commits to a single point 
in the design space because the underlying hardware does. Empirically, even very coarse 
signals can be surprisingly sufficient: sparse binary contacts alone support several dexterous 
in-hand skills, particularly for interactions—such as decoupled robot–object motion—that 
proprioception cannot register [63], while richer ternary-shear and normal-force skins enable 
robust in-hand translation that outperforms proprioception- or shear-only baselines [45]. 
This sensitivity of policy performance to the choice of tactile abstraction is exactly what 
Chapter 4 isolates by holding task, hand, and policy fixed while varying the sensor.

A dominant strategy for turning high-dimensional, sensor-specific touch into usable fea-
tures is self-supervised pre-training, mirroring the trajectory of representation learning in 
vision. Early work showed that self-supervised tactile encoders trained on a few hours of 
robotic play yield embeddings that make downstream dexterous policies learnable from only 
a handful of demonstrations [64]. This idea has since matured into general-purpose touch 
foundation models: a family of self-supervised encoders pre-trained on large corpora of un-
labeled tactile images provides transferable representations across vision-based sensors of 
differing form factor [65], and has been extended in two complementary directions that to-
gether address the coverage and richness limitations of fingertip hardware. The first fuses 
multiple touch modalities—image, audio, motion, and pressure—into a unified representa-
tion, capturing physical properties that any single channel misses and substantially improving 
policy success and state-recovery robustness [41]. The second targets hand-wide coverage 
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rather than fingertip resolution, pre-training a self-supervised encoder for magnetic skin dis-
tributed across the fingertips, phalanges, and palm of a dexterous hand, on the premise 
that full-hand tactile perception—not just fingertip sensing—is what dexterity requires [66]. 
How much whole-hand coverage actually matters, relative to sensor type and resolution, is 
a question Chapter 4 examines directly.

A related thread uses tactile representations to bridge the gap between human demon-
stration and robot execution. Because humans manipulate fluently under rich natural touch 
feedback but on a different embodiment than any robot, recent methods learn shared tactile 
latent spaces that transfer human-collected signals to robots without paired data or iden-
tical sensors [67], retarget kinematic-only human demonstrations into dynamically feasible, 
force-aware robot trajectories at scale [68], or combine reinforcement-learned low-level motor 
primitives with coarse human commands into a foundation controller for dexterous manip-
ulation [69]. Touch has likewise been bound into broader multimodal embedding spaces 
alongside vision, language, and audio [42, 70, 71], and tactile feedback increasingly under-
pins robust dexterous grasping and manipulation of challenging objects [72, 73]. What unifies 
these efforts is the recurring finding that the right tactile representation—and the coverage 
and modality it is built on—matters at least as much as raw sensor fidelity, a design question 
that Chapter 4 takes up directly in simulation.
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Chapter 3

Tactile Processing in the Rodent 
Brain

The previous chapter reviewed how biological systems transduce and process touch and 
how artificial systems attempt to reproduce it. This chapter reverse-engineers the tactile 
representations of a biological system that already solves the problem, using the rodent 
vibrissal pathway as an experimentally tractable model of somatosensory cortex (Section 2.1).

The guiding question is which neural network architectures and training objectives give 
rise to internal representations that match the rodent brain. We use an Encoder-Attender-
Decoder (EAD) framework to systematically search task-optimized temporal networks trained 
on biomechanically realistic whisker force/torque sequences from a customized array simula-
tor, and we compare their representations directly against population recordings from barrel 
cortex. The search points to recurrent processing and ethologically relevant, label-free self-
supervision as the ingredients that best explain somatosensory cortex—the first quantitative 
characterization of the inductive biases of biological touch, and one that nominates these 
same ingredients for robust artificial tactile perception, a thread that Chapter 4 takes up on 
the robot side.

3.1 Introduction
Tactile perception plays an essential role in the manipulation and interpretation of com-

plex environments through active sensing [13]. Animals effectively leverage tactile sensors, 
such as whiskers, to precisely navigate, forage, and identify objects even in noisy and un-
structured conditions [74]; specifically, contact whiskers deliver critical sensory input for 
navigation, foraging, and hunting in low-light environments [75], while water-flow whiskers 
enable seals to discriminate prey movements from general water currents in similar con-
ditions [76], and specialized insect hairs respond to wind stimuli, providing information 
essential for flight stability and agility [77].
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Rodents are a common model organism for studying tactile perception in the brain due 
to the fine experimental control they offer and their ability to discriminate object location, 
shape, and texture using only their whiskers [23, 78]. These whiskers, or vibrissae, transmit 
rich mechanical signals to mechanoreceptors at their base, enabling nuanced environmental 
understanding without direct sensory receptors along their lengths. In fact, rodent whisking 
behavior is known to parallel how humans touch objects with their fingertips [28], such as 
in the Lateral Motion Exploratory Procedure [13]. Despite significant interest in translating 
such biological capabilities into robots, artificial systems still struggle to match the tactile 
perceptual prowess of animals, limiting their functionality in realistic, unstructured environ-
ments [79].

There are two primary reasons for this gap: one from the robotics hardware side, and the 
other from the neuroscience side. On the hardware side, current bio-inspired whisker sensors 
for robots face several critical limitations, including substantial hardware complexity when 
scaling sensor arrays beyond approximately 18-20 whiskers, each requiring individual trans-
ducers, significantly increasing wiring and computational demands [80, 81]. These sensors 
also struggle to accurately discriminate multiple simultaneous stimuli such as airflow, direct 
contact, and inertia, unlike biological whiskers [82]. Additionally, mechanical discrepan-
cies from biological whiskers–such as reduced sensitivity, limited flexibility, and constrained 
bending angles–impede precise tactile sensing in dynamic environments [83, 84].

These limitations also apply to anthropomorphic robot hands, which remain in a rela-
tively early stage of development. For example, besides not being able to sense temperature, 
good mechanical skin has remained an open challenge in haptics for approximately four 
decades, primarily due to difficulties in creating artificial skins that maintain realistic de-
formation during object contact, with current pneumatic approaches proving inadequate to 
retain shape [29, 30]. While visuotactile camera-based sensors such as GelSight [37] offer a 
limited haptic solution by providing high-resolution localized surface deformations, they fun-
damentally differ from human tactile sensing, which actively integrates diverse mechanore-
ceptor inputs over larger surfaces and multiple contacts [85]. Other issues persist with 
magnetic skin sensors [38, 86], which have low spatial resolution and are prone to error from 
electromagnetic interference [87]. These hardware limitations thus make it difficult at the 
moment to identify robust algorithms for tactile processing that operate on realistic sensory 
inputs.

On the neuroscience side, despite extensive experimental characterization of rodent so-
matosensory pathways (e.g. [88, 89]), the neural computations underlying precise tactile 
perception remain poorly understood, primarily due to a scarcity of computational models 
of this system. Rodent whisker sensing involves hierarchical processing, analogous to vision, 
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where sensory signals propagate from primary neurons in the trigeminal ganglion through 
parallel thalamic pathways, eventually reaching the primary and secondary somatosensory 
cortices (S1 and S2) [26, 27]. However, relatively few computational approaches have ex-
plicitly modeled these neural transformations [54], and none have assessed if any of these 
models accurately match neural population responses in somatosensory cortex.

To bridge these gaps, we build and systematically evaluate temporal neural networks 
explicitly trained on biomechanically-realistic force and torque tactile sequences that mice 
receive, customized from the first complete 3D simulation of the rat whisker array by Zweifel 
et al. [2]. We identify convolutional recurrent neural networks (ConvRNNs), particularly 
IntersectionRNNs, as superior in tactile categorization and neural alignment compared to 
feedforward (ResNet) and attention-based state-space models (S4 and Mamba). Leverag-
ing supervised and contrastive self-supervised learning adapted specifically for tactile data, 
we demonstrate a direct linear relationship between tactile categorization performance and 
neural fit, saturating the currently explainable neural variability and surpassing inter-animal 
consistency benchmarks, with contrastive self-supervised learning serving as an equally neu-
rally predictive, label-free proxy. Thus, we provide the first quantitative characterization of 
inductive biases required for tactile algorithms to match brain processing.

3.2 Related Work
Task-optimized (“goal-driven”) neural networks are the most quantitatively accurate 

framework for modeling sensory cortex; we review their development across visual, audi-
tory, language, and rodent systems in Section 2.4. Despite this breadth, the framework had 
been applied to tactile processing only once: Zhuang et al. [54] provided a foundational 
goal-driven model of the rodent whisker-trigeminal system, but explored only simple recur-
rent architectures and a supervised categorization loss, and never compared the resulting 
models against neural recordings, even though somatosensory cortex shares the hierarchical 
and recurrent organization that makes the framework successful in vision [25].

We extend this work in three ways. First, we greatly broaden the architectural search 
through our Encoder-Attender-Decoder parameterization, incorporating convolutional re-
current networks (“ConvRNNs”) shown to match primate cortical dynamics [55] alongside 
state-space models (S4 [56], Mamba [57]) and Transformers [58]. Second, beyond supervised 
categorization we employ self-supervised objectives validated in mouse [51] and primate [62] 
visual cortex, adapted to force and torque inputs. Third, we provide the first direct compar-
ison of all 64 models against population recordings from rodent somatosensory cortex.
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(a) (b)

Figure 3.1. ShapeNet Whisking Dataset. (a) (I) With average mouse whisker array 
measurements from Bresee et al. [1], (II) objects are whisked in simulation using WHISKiT 
[2] resulting in (III) force and torque data for sweeping 9981 ShapeNet objects of 117 
categories with various sweep augmentations. The augmentations vary the (1) speed, (2) 
height, (3), rotation, and (4) distance of the objects relative to the whisker array. We 
constructed two datasets: a large, low-fidelity set with more sweep augmentations, and a 
small, high-fidelity set with fewer augmentations (see appendix). (b) An SVM 
classification on up to 4 different classes of objects (cups, microwaves, chairs, and trains) 
for the 2 datasets show that the classes are distinguishable (above chance).

3.3 Methods
All our code for whisker simulation, model training, and neural data analysis is available 

on GitHub: https://github.com/neuroagents-lab/2025-tactile-whisking

3.3.1 High-Variation Whisker Dataset

Given the ongoing development of tactile sensor hardware to match the flexibility of bi-
ological tactile sensors such as fingertips and whiskers, we trained our models on synthetic 
data, focusing on object categorization and self-supervised learning using a high-variation 
dataset like ShapeNet [90]. This involves the simulated objects interacting with a biome-
chanically realistic rodent whisker model, WHISKiT Physics [2], the first 3D simulation of 
the rodent’s complete whisker system, to provide high-dimensional force and torque inputs. 
Each of the 30–33 whiskers of an average whisker array [91, 92] is modeled as a chain of rigid 
conical segments interconnected by torsional springs and actuated according to established 
equations of motion [93].

Since our objective is to compare models with currently available mouse somatosensory 
data [3], we adapted this array to the 30 whiskers of the mouse [1], arranged as a 5× 7 array 
with zero padding. Furthermore, adult mice can exhibit maximal bite forces of approximately 
8-10 Newtons [94, Table 1], and since facial tolerance to applied forces would realistically be 
a fraction of this maximal bite force, our chosen simulation clipping range of ±1000 milli-

14

https://github.com/neuroagents-lab/2025-tactile-whisking


Newtons (±1 N) remains comfortably within biologically plausible limits.
We created a whisking dataset for the shape categorization task, generated by passively 

brushing objects against the whisker array. Our primary consideration here is to generate a 
high-variation dataset by which to strongly constrain the representations that are learned, 
allowing us to more effectively simulate evolutionary pressures, in line with the “Contravari-
ance Principle” [95] of goal-driven modeling. On each of the 9981 different objects from 
ShapeNet, we apply several combinations of sweep augmentations, including adjusting the 
object sweeping speed, height, rotation, and distance relative to the whisker array (Fig. Fig-
ure 3.1). These augmentations on our passive whisker sweeps can be considered to produce 
data that is isomorphic to performing active whisking in a systematic way. The 117 object 
categories are selected based on the work of Zhuang et al. [54] to ensure reasonably distin-
guishable classes. We constructed two datasets: one large dataset replicating the Zhuang 
et al. [54] data with 288 randomized sweep augmentations and a physics simulation step rate 
of 110 Hz (High-Variation/Low-Fidelity), and another with 16 sweep augmentations and a 
higher simulation step rate of 1000 Hz (Low-Variation/High-Fidelity), with the full augmen-
tation procedure detailed next. Although higher temporal resolution is available from the 
simulation, we extract 22 timesteps for both datasets, corresponding to the average whisking 
frequency of 20 Hz in rodents [24].

Sweep augmentations and simulator modifications. Our whisking dataset uses 
the same 9981 ShapeNet objects and 117 category labels as in Zhuang et al. [54], but using 
an improved whisker model and various sweep augmentations, which are listed in Table Ta-
ble 3.1.

 Sim. Freq.  Speed  Height  Rotation  Distance  Size  Total Sweeps

 (1)  1000 Hz  30 mm/s -5, 0 mm  0, 30, 90, 120°  5, 8 mm  40 mm  316,192
 (2)  110 Hz  [30∼60] -3, 0, 3  [0∼359]  5  [20∼60]  2,076,048

Table 3.1. Sweep Augmentations used for the two whisking datasets, which we refer to 
as (1) Low-Variation High-Fidelity and (2) High-Variation Low-Fidelity. Simulation 
Frequency refers to the frequency corresponding to the physics timestep used in Bullet 
physics engine [12], the backend for WHISKiT simulator [2]. For dataset (2), the speed, 
rotation, and size is each sampled from the range 26 times. The total number of sweeps 
equals the number of sweep augmentation combinations × 9981 objects.

WHISKiT Simulator Modifications. We make a few enhancements to the original 
WHISKiT simulator [2]: 
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• Number of whisker links (where whiskers are modeled as a chain of springs [54]) are 
dynamically adjusted by the length of the whisker instead of a fixed number.

• Allow for loading objects with or without convex hull. In the whisk datasets, objects 
are loaded with convex hull (using V-HACD [96]) to keep collisions more stable. In 
generating the 6 simulated stimuli for model input neural evaluation, convex hull was 
not used in order to preserve the concavity of the “concave” object. The object was 
geometrically simple enough to not affect collision stability.

• Add camera settings for viewing in orthographic or perspective projection.

• Load multiple mice/rats at a time.

3.3.2 Encoder-Attender-Decoder Model Search

Tactile recognition is performed by the somatosensory cortex, which, though less under-
stood than vision, exhibits hierarchical processing and long-range feedback connections [13,
79]. These basic anatomical insights motivate our exploration of hierarchical, temporal neu-
ral network (TNN) models such as ConvRNNs shown previously to match primate visual 
cortex dynamics [55, 97], SSMs [56], Transformers [58], and ResNets [98] as a feedforward 
control. We provide our library PyTorchTNN which enables large-scale exploration of integrat-
ing multiple TNN modules that are also combined by long-range feedback with feedforward 
connections.

These considerations produce a rather large search space of model architectures. There-
fore, to be able to effectively search the space of TNN models systematically, we came 
up with an Encoder-Attender-Decoder (EAD) parameterization, schematized in Fig. Fig-
ure 3.2(a). Convolutional recurrent and state-space layers (such as ConvRNNs and S4) are 
particularly effective for encoding smooth and compressible temporal signals, given their 
recurrent smoothing properties and linear-time complexity. In contrast, transformers and 
other attention-like architectures (e.g., Mamba) excel at processing temporally sparse or ir-
regularly informative inputs, as they independently weight each timestep. Given that tactile 
inputs from force and torque sensors provide temporally smooth signals, encoder (E) layers 
closer to these inputs naturally benefit from convolutional and recurrent mechanisms that 
integrate information locally over time, effectively reducing redundancy and noise. In con-
trast, higher-level temporal aggregation (A), which must selectively integrate meaningful 
signals across longer and potentially irregular timescales, is better served by attention-based 
architectures like Transformers or Mamba, which can dynamically weigh distinct timesteps 
based on their informational content. Finally, the decoder (D) is either the classification 
layer for supervised learning, or similarly producing self-supervised features for contrastive 
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learning or autoencoding. The EAD paradigm flexibly combines these complementary mod-
ules, enabling an effective and structured exploration of the temporal model space for tactile 
processing.

Specifically, we explore the following EAD combinations (visualized in Fig. Figure 3.2(a)): 
1) Encoder: Zhuang’s recurrent model [54], ResNet [98], S4 [56]; 2) Attender: Trans-
former [58] (e.g., GPT), Mamba [57], None (i.e., attender-free); 3) Decoder: MLP. We 
further investigate different variants of Zhuang’s model by replacing the recurrent layers 
in the ConvRNNs with UGRNN [99], IntersectionRNN [99], LSTM [100], and GRU [101], 
whose update rules we give below. In the PyTorchTNN library, each time step in ConvRNNs 
corresponds to a single feedforward layer processing its input and passing it to the next layer, 
in contrast to treating each entire feedforward pass from input to output as a single integral 
time step, as is normally done with RNNs [102]. This implementation of temporal unrolling 
parallels biological systems, where stimuli are sequentially processed from one cortical layer 
to the next.
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Figure 3.2. Architecture and data augmentations. (a) Encoder-Attender-Decoder 
(EAD) architecture, with task objectives being supervised categorization, self-supervised 
learning (SimCLR, SimSiam, autoencoding). The ConvRNN encoder includes 
self-recurrence at each layer where we vary different RNNs.
(b) Types of data augmentations applied to SSL models. Given a temporal tactile input 
over time T , our tactile augmentation vertically, horizontally, temporally flips, and 
rotates the features, while traditional image augmentation introduces Gaussian noise, 
color jitter, and grayscale.

Recurrent cell variants. The recurrent layers of the ConvRNN encoder can be realized 
with several gated cells. We detail the two that anchor our results—the UGRNN and the 
IntersectionRNN that builds upon it—and refer to Nayebi et al. [97] for the LSTM and GRU 
variants. Throughout, x`

t and s`t denote the input and recurrent state at time t and layer `; 
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W `, U `, and b` are the learnable weight matrices and biases; ◦ is element-wise multiplication; 
∗ is a linear transformation or convolution, depending on context; σ, tanh, and ReLU are 
the usual nonlinearities; and h`

t is the layer output.
The Update-Gate RNN (UGRNN) [99] is a minimal gated cell that, at each step, interpo-

lates between carrying its previous state forward and overwriting it with a fresh candidate. 
It first computes a candidate state c`t and a single update gate g`t ,

c`t = tanh
(
W `

c ∗ x`
t + U `

c ∗ s`t−1 + b`c
)
, g`t = σ

(
W `

g ∗ x`
t + U `

g ∗ s`t−1 + b`g + 1
)
, (3.1)

where the +1 offset inside the gate biases the cell toward retaining its state early in training. 
The gate then forms a convex combination of the old state and the candidate, s`t = g`t ◦s`t−1+

(1− g`t) ◦ c`t, which is emitted directly as the layer output, h`
t = s`t.

The IntersectionRNN [99]—our best-performing recurrent cell—extends this design with 
a second, symmetric gating pathway that modulates the layer’s output as well as its recurrent 
state, easing the flow of information up the stack of ConvRNN layers. Alongside a tanh
candidate state m`

t it forms a ReLU candidate output n`
t,

m`
t = tanh

(
W `

m ∗ x`
t + U `

m ∗ s`t−1 + b`m
)
, n`

t = ReLU
(
W `

n ∗ x`
t + U `

n ∗ s`t−1 + b`n
)
, (3.2)

together with a state gate p`t and an output gate y`t  (each again using the +1 retention bias),

p`t = σ
(
W `

p ∗ x`
t + U `

p ∗ s`t−1 + b`p + 1
)
, y`t = σ

(
W `

y ∗ x`
t + U `

y ∗ s`t−1 + b`y + 1
)
. (3.3)

The state gate updates the recurrent state exactly as in the UGRNN, s`t = p`t ◦ s`t−1 + (1 −
p`t) ◦m`

t, while the output gate interpolates between passing the input straight through and 
emitting the new candidate, h`

t = y`t ◦ x`
t + (1− y`t) ◦ n`

t.

3.3.3 Model Training and Tactile Augmentations

Besides the supervised categorization objective, we also consider self-supervised learning 
(SSL) losses: SimCLR [59], which learns robust representations via distinguishing the em-
beddings of augmentations of one image from other images, SimSiam [60], which maximizes 
the similarity between the embeddings of two augmentations of the same image, and au-
toencoding (AE) [61], where we use a 3-layer deconvolution network to reconstruct an image 
from its sparse latent representation.

We use a train/validation/test split of 80/10/10%, and report the top-5 test accuracy. 
For supervised learning, we train models for 100 epochs and test on the checkpoint saved 
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with the highest validation accuracy. For SSL objectives, we train for 100 epochs and save 
the model with the lowest validation loss, then continue training for another 100 epochs 
with the checkpoint frozen and a learnable linear layer on top of it. To stabilize training, 
we also consider adding layer norm [103] to the ConvRNNs as an alternative when training 
was unstable. All experiments are conducted on NVIDIA A6000 GPUs, and one set of 
model search experiment takes 8∼16 hours; the full optimizer, scheduler, and architecture 
configurations are given below.

In addition to the various sweep augmentations used to generate the initial dataset, we ap-
ply tactile augmentations at training time as a cheap way to generate more training data. We 
illustrate the tactile input, our tactile augmentations, and traditional image augmentations 
for SSL in Fig. Figure 3.2(b). Given a temporal tactile input over time T , the proposed 
augmentation either vertically flips, horizontally flips, rotates, or reverses the input over 
time. Although the variable whisker lengths mean that these operations are not completely 
physically accurate, our tactile augmentations still meaningfully mimic flipping/rotating the 
whisker array or reversing the direction of motion. We considered temporal masking as an 
additional augmentation, but found that this did not significantly improve task performance 
(Section 3.4.1, Table Table 3.7). Applying traditional image augmentations like color jitter 
or gray scale cause the models to fail to train, which provides evidence that the choice of 
augmentations should represent operations relevant to the given modality.

Training configurations. For supervised learning, we use a batch size of 256 for all 
the models and train for 100 epochs. For SSL, during the pre-training stage, we use a batch 
size of 256 for SimCLR and autoencoding (AE), and a batch size of 1024 for SimSiam, 
following [51], and train for 100 epochs. During the linear probing stage, we freeze the 
checkpoint saved with the lowest validation loss and add a trainable linear layer. We further 
train such a model with labels for 100 epochs, with a batch size of 256, an initial learning 
rate of 0.1, with the StepLR scheduler, and the SGD optimizer with momentum [104].

We detail the optimizers [104–107] and schedulers, and their configurations we used in 
supervised learning and SSL in Table Table 3.2.

For supervised learning, we present the model training configurations in Table Table 3.3, 
where we detail the choices of optimizer, scheduler, learning rate, and the encoder and 
attender of our EAD architecture; we omit the decoder, as it is always a linear layer/MLP. 
As Zhuang+GPT is the best performing supervised model in terms of classification accuracy, 
we explore different variants of Zhuang’s encoder with attender being GPT.

For SSL, we follow [51] and use specific configurations of optimizer and scheduler for 
different losses, which are shown in Table Table 3.4. For SimSiam, we try the CosineAn-
nealing scheduler both with and without 10 epochs of warmup to search for better model 
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 Optimizer  Configuration
 SGD momentum = 0.9, weight-decay = 10−4

 Adam weight-decay = 10−4

 AdamW weight-decay = 10−4

 LARS momentum = 0.9, weight-decay = 10−4

 Scheduler  Configuration
 StepLR step_size = 30

 ConstantLR  fixed learning rate
 CosineLR warmup_epoch = 10

 CosineAnnealing min_lr = 0.0, warmup_epoch = 10, warmup_ratio = 10−4

Table 3.2. Optimizers and Schedulers with default configurations of supervised learning 
and SSL when training different model architectures.

 Encoder  Attender  Optimizer  Scheduler  Learning Rate

 ResNet  None  SGD  StepLR 10{−1,−2,−3}

Zhuang None  SGD  StepLR 10{−1,−2,−3,−4}

 SGD  ConstantLR 10−2, 5× 10−3

 Zhuang-{UGRNN, None  {SGD, Adam, AdamW}  StepLR 10{−1,−2,−3,−4}

 IntersectionRNN, GRU, LSTM}  (LayerNorm) - AdamW  StepLR 10{−1,−2,−3,−4}

 ResNet, Zhuang, Zhuang-{UGRNN GPT  AdamW  CosineLR 10−4

 IntersectionRNN-LN, GRU, LSTM}, S4  {SGD, AdamW}  StepLR 10{−1,−2,−3}

ResNet, Zhuang, S4 Mamba  AdamW  CosineLR 10−4

 {SGD, AdamW}  StepLR 10{−1,−2,−3}

Table 3.3. Model Training Configurations for Supervised Learning. We use {} to 
indicate different choices of a specific component (i.e., encoder, optimizer, learning rate) in 
the search space. We consider adding layer norm as a variant when searching the best 
configuration for Zhuang’s variants (i.e., the second row), which is denoted as “-LN”.

performance. For AE, we use a 3-layer deconvolution network to decode the sparse latent 
representation from our EAD framework into the original tactile input, regardless of the 
choice of model architectures.

We present the model architectures explored for SSL in Table Table 3.5, where we present 
the encoder and attender of our EAD architecture, as during the pre-training stage, only the 
encoder and attender are used, and during the linear probing stage, the decoder is always a 
one-layer linear classification head.
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 Loss  Optimizer  Scheduler  Learning Rate

 SimCLR  LARS  CosineAnnealing 10{−1,−2,−3,−4}

 SimSiam  SGD  CosineAnnealing (with & w/o warmup) 10{−1,−2,−3,−4}

 AE  SGD  StepLR 10{−1,−2,−3,−4}

Table 3.4. Optimizer, Scheduler, and Learning Rate Configurations for SSL when 
training different model architectures.

 Encoder  Attender
 Zhuang, Zhuang-{UGRNN, IntersectionRNN-LN, GRU, LSTM}  None

 ResNet, Zhuang-IntersectionRNN-LN, Zhuang, S4  GPT

 ResNet, Zhuang, S4  Mamba

Table 3.5. Model Architecture Configurations for SSL. We use {} to indicate the 
different variants of encoders. We consider adding layer norm (LN) as a variant when 
searching the best configuration for Zhuang’s variants.

3.3.4 Neural Data and Alignment

We use the neural dataset from Rodgers [3], which recorded neural population activity 
across superficial (L2/3) to deep (L6) layers of the barrel cortex as the mice used their 
whiskers to perform a simple 2-object (convex/concave) classification task. Note that this 
low number of distinct stimuli is a critical limitation which we address in the Discussion 
section. After filtering for valid trials, the neural data we used contains a total of 999 neural 
units across 11 mice. The time window of each trial is clipped to the time of first whisker 
contact with the object until the time the mouse makes its decision (about 1-2 seconds). The 
neural response is binned into intervals of approximately 45–50 ms, corresponding neatly 
with the 15–20 Hz whisking frequency typical of rodents (50 ms per cycle at 20 Hz [24]), 
and aligning specifically with our model’s integration scheme of five sub-timesteps (~9 ms 
each) per timestep. This choice provides a temporal resolution optimal for capturing detailed 
neural activity during whisker-object contact periods.

We evaluate neural alignment using Representational Similarity Analysis (RSA), a parameter-
free approach that compares the pairwise dissimilarity structure of model activations and 
neural population responses across a common set of stimuli, allowing direct comparison of 
representational geometry without fitting any additional parameters [108].
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To ensure only reliable neurons are included, we compute split-half internal consistency of 
the neural responses across trials and retain only neurons with a Spearman-Brown–corrected 
reliability greater than 0.5. All RSA evaluations are thus conducted on this filtered subset of 
self-consistent neurons, and corrected by this internal consistency. The full noise-correction 
and inter-animal consistency procedure is detailed below.

The noise-corrected RSA Pearson’s r score is also computed between one mouse and every 
other mouse, and then averaged across all mice to obtain the mean animal score which will 
serve as the baseline for model-brain evaluation, to account for inherent animal-to-animal 
variability (which we denote as “a2a” in the barplots). Thus, we want our models to match 
the brain, at least as well as animals do to each other.

Next, we replicated the experimental setup of the barrel cortex dataset  Rodgers [3] in 
silico. Fig. Figure 3.7(a) shows the 6 different stimuli used in the experiment, which are 
concave/convex objects at three different distances (near, medium, far) from the whisker 
array. With 3D model reproduction of the concave/convex objects in the experiment, active 
whisking is simulated under the 6 stimuli using a real recorded whisking trajectory [1] to 
generate the model input.

We then obtain the neural alignment score for models by computing the maximum, 
across all layers, of the median RSA score between each layer’s representation and the neural 
responses, averaged across mice. The standard error is calculated across the RSA Pearson’s 
r value from the model to each mouse.

Noise correction and inter-animal consistency. We use the NeuroAI Turing Test [109] 
to quantify the neural similarity of mice whisking to models performing tactile categorization. 
RSA is computed over stimuli and neurons, where the average is over source animals/sub-
sampled source neurons, bootstrapped trials, and train/test splits.

For the neurons of animal A to animal B in the set of animals A we estimate the RSA 
correlation:

〈
RSA

(
tA, tB

)〉
A∈A:(A,B)∈A×A ∼

〈
RSA

(
sA1 , s

B
2

)√
R̃SA

(
sA1 , s

A
2

)
× R̃SA

(
sB1 , s

B
2

)
〉

A∈A:(A,B)∈A×A

. (3.4)

Each neuron in our analysis is associated with a value for when it was a target animal 
(B), averaged over subsampled source neurons and 1000 bootstrapped trials. This yields a 
vector of these average values, which we can take median and standard error of the mean 
(s.e.m.) over, as we do with standard explained variance metrics.

Spearman-Brown Correction. The Spearman-Brown correction can be applied to 
each of the terms in the denominator individually, as they are each correlations of observa-
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tions from half the trials of the same underlying process to itself (unlike the numerator).

R̃SA (X,Y ) := C̃orr(RDM(x),RDM(y))

=
2RSA (X,Y )

1 + RSA (X,Y )
.

Inter-Animal Consistency. To estimate the inter-animal consistency, we evaluate the 
pooled animal consistency for each animal. One animal is held out at a time, then compared 
to the pseudo-population aggregated across units from the remaining animals. We found the 
mean pooled animal score was 0.175 with a s.e.m. of 0.161 and maximum score of 1.34.
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Figure 3.3. Model Parameters compared with categorization performance and neural fit.
(a) Legends for (b) (Encoder colors) and (c) (Loss colors). (b) Models with GPT as an 
attender have a higher correlation score slightly higher than those without, but high neural 
fit is still achievable without more parameters as demonstrated by the Inter+SimCLR 
model (high green “×”). (c) Models with GPT as the attender has more parameters and, 
when trained with supervised learning, tends to have higher top-5 categorization accuracy.

3.4 Results
Validation of Sensor and Dataset via SVM Decoding. We first verified the basic 

discriminability of the whisker array dataset using support vector machine (SVM) classifiers 
on the High-Variation/Low-Fidelity and Low-Variation/High-Fidelity datasets (Fig. Fig-
ure 3.1(b)). Both showed strong decoding performance, exceeding chance and remaining 
robust even with increased task difficulty from more object categories. The comparable 
results across sampling rates confirm that the smaller Low-Var./High-Fid. dataset retains 
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(a) (b)

Figure 3.4. Neural Fit Score per Model Layers colored by encoder, attender, and 
decoder. No bar means the score is NaN for that layer. (a)
Inter+GPT+SupervisedLearning is the model that scored the highest neural fit out of the 
supervised models. We observe that later GPT layers perform increasingly better. (b) The 
last fully-connected layer of Inter+SimCLR achieved the highest r value.

sufficient discriminative tactile information, allowing for efficient model training without 
compromising performance.

ConvRNN Encoders Outperform Feedforward and Attention-based Architec-
tures for Tactile Categorization. We next systematically evaluated the task performance 
of the EAD architectures trained on tactile force/torque sequences. Overall, we found that 
across EAD architectures, the choice of encoder (E) was quite important for tactile recog-
nition. Specifically, ConvRNN encoders, especially the IntersectionRNN [99], surpassed the 
purely feedforward ResNet18 and SSM (S4) encoders, in supervised tactile categorization 
tasks (Fig. Figure 3.6). Additionally, models trained with our custom force-and-torque-
specific contrastive self-supervised learning (SSL) augmentations (Fig. Figure 3.2b) out-
performed untrained networks of the same architecture, and those trained with standard 
image-based augmentations that involve Gaussian blur and color jittering [59] did not train 
with the best architecture despite hyperparameter tuning, demonstrating the importance of 
tailored tactile augmentations for enhancing task performance (Fig. Figure 3.6).

Importance of Architectural Inductive Bias. We note that the raw model input 
(the tactile force/torque sequences obtained from actively whisking on the 6 stimuli objects) 
achieves a correlation of 0.46 (Fig. Figure 3.7(b)), and untrained randomly initialized models 
also achieve moderately positive correlation to the mouse neural data. Randomly initialized 
networks are highly non-random functions as they are architectures selected to perform 
the task well when trained. Therefore, architecture matters a lot, and this is a well-noted 
phenomenon in NeuroAI across brain regions [47, 51, 110]. By doing this comparison, it 
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Figure 3.5. Representational Dissimilarity Matrices (RDM) for tactile data and 
neural evaluation. (a) RDM of the 6 simulated stimuli which is used as the model input in 
neural evaluation. (b) The GPT LM Head layer of Inter+GPT+SupervisedLearning is the 
supervised model with the highest neural fit score. (c) The last Fully-Connected layer in 
Inter+SimCLR achieves the highest neural fit score out of SSL models. (d) RDM 
performed on the 6 stimuli in the mice neural data. (e) A visualization of the flattened 
RDMs, scaled approximately to fit (RSA correlation does not take scale into account).

Figure 3.6. Tactile Categorization Accuracy. The lighter-colored left bar represents 
the randomly initialized version for every model. The best-performing model is 
Zhuang+GPT+Supervised (rightmost yellow bar). Models with the encoder being S4 are 
excluded as the training losses explode before the first epoch is finished.
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Figure 3.7. Model Neural Evaluation. (a) We use six different stimuli (concave/convex 
× near/medium/far) replicating the conditions in the mouse neural dataset in simulation. 
(Real images were taken from video recordings in neural dataset [3]). (b) Comparison of 
neural fit (noise-corrected RSA Pearson’s r) across models. The mean animal-to-animal 
score is 0.18 and the maximum between all pairs of animals is 1.34. The leftmost “a2a” bar 
represents the mean animal-to-animal neural consistency score. The lighter-colored left bar 
represents the randomly initialized version for every model.

allows us to isolate the contributions of the architecture vs. loss function for every pair of 
(architecture, loss function) tuples. The models that saturate our noise ceiling (bars on far 
right in Fig. Figure 3.7(b)) are noticeably improved when trained.

ConvRNN Encoders Saturate Explainable Neural Variance in Rodent So-
matosensory Cortex. To assess biological realism, we compared internal model represen-
tations to neural recordings from rodent whisker somatosensory cortex. All trained EAD 
models outperformed raw sensor inputs in neural alignment, underscoring the importance 
of nonlinear temporal processing in modeling brain-like tactile representations (Fig. Fig-
ure 3.7(b)). In fact, the best models saturated all of the held-out explainable neural variance–
without fitting any additional parameters–even when tested on entirely novel objects under 
substantially different experimental conditions (active whisker sensing rather than passive 
contact, as used in training). Remarkably, the neural predictivity exceeded the average 
inter-animal neural consistency (leftmost black “a2a” bar in Fig. Figure 3.7(b)), thereby 
robustly passing the NeuroAI Turing Test on this dataset [109]. Among these and consistent 
with the categorization results, EAD models with ConvRNN encoders consistently provided 
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better neural fits compared to feedforward (ResNet) and SSM-based (S4) encoder architec-
tures, underscoring the biological plausibility of recurrence in modeling tactile processing. 
In fact, we saw a strong linear trend between tactile supervised categorization performance 
and neural fit (r = 0.59, Fig. Figure 3.8(b)), with the model layers that best predict the 
tactile neural responses being closest to the decoder layer (Fig. Figure 3.4). Although the 
number of task-optimized parameters matters for both categorization test set performance 
and neural fit generalization (Fig. Figure 3.3), they are not the whole story, as the SimCLR-
trained EAD with the IntersectionRNN encoder best matches the neural data with far fewer 
parameters (∼ 3.80 × 107 parameters) than its supervised counterpart with a GPT-based 
attender (∼ 6.38× 107 parameters).

GPT-based Attenders Provide Modest Improvements in Task Performance 
and Neural Alignment. In addition to varying the encoder (E) layer of the EADs, we 
investigated different temporal aggregation (“Attender”) schemas. We observed that GPT-
based Attenders modestly outperformed Mamba-based and no-attention controls in both 
supervised task categorization and neural alignment (Fig. Figure 3.8(b)). Although these 
improvements were subtle, the consistency of the result suggests that incorporating some 
form of attention downstream of the ConvRNN encoder is beneficial, particularly for our 
highest-performing neural models. This result suggests the prediction that attention-like 
mechanisms may be implemented in somatosensory cortex through selective modulation 
of hierarchical processing pathways, such as those from primary sensory neurons in the 
trigeminal ganglion through the thalamus and subsequently into primary and secondary 
somatosensory cortical areas (S1 and S2), which could be validated by experiments involving 
targeted perturbations or optogenetic manipulation of these specific pathways during tactile 
discrimination tasks.

Self-Supervised SimCLR Training Matches Supervised Models and Serves as 
an Ethologically-Relevant Label-Free Proxy. We compared neural alignment achieved 
by supervised training against SSL methods, adapted with tactile-specific force-and-torque 
augmentations. This comparison is necessary because discriminating among 117 human-
recognizable shape classes is not directly ethologically relevant for rodents. Nevertheless, 
ShapeNet’s extensive diversity of 3D objects provides strong structural constraints for mod-
eling whisker-trigeminal processing at biological scales, constraints which smaller, mouse-
relevant object sets might fail to impose. Paralleling findings in vision [47, 48], where train-
ing on large-scale object categorization leads to generalizable representations beyond specific 
categories, we similarly suggest that ShapeNet’s diversity provides meaningful constraints 
on network structure irrespective of exact object identity. Additionally, by demonstrating 
that self-supervised learning (SSL) methods yield neural representations comparable (if not 
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Figure 3.8. Comparing Task Performance and Neural Fit. (a) The task performance 
of SSL models are about one order of magnitude below the performance of supervised 
models, yet are able to achieve comparable neural fit. (b) For supervised models, we 
observe a trend of better task performance leading to increased neural correspondence. 
Plotting a best fit line, we find the correlation r = 0.59. (c) The tactile augmentations 
were effective in improving both the neural fit and task performance. The models were 
unable to be trained with image augmentations.

marginally better) to supervised approaches, we directly address an open direction high-
lighted by Zhuang et al. [54], who emphasized the need for developing more ethologically 
relevant yet practically scalable tasks for studying tactile processing.

In fact, we found specifically that contrastive SSL loss functions consistently reached 
neural alignment scores similar to the best supervised models, confirming its utility as an 
ethologically-relevant but label-free approach to tactile representation learning (Fig. Fig-
ure 3.8(a)), and outperforming other non-contrastive self-supervised approaches such as 
autoencoding. The SimCLR-optimized IntersectionRNN EAD achieved the best absolute 
neural alignment score across all models overall, and was comparable in its neural alignment 
to its supervised (and more parameter-dense) variant (rightmost green bars in Fig. Fig-
ure 3.7(b)). This result mirrors findings in primate visual cortex [62], where contrastive 
SSL methods equally predicted neural response patterns compared to supervised alterna-
tives, suggesting supervised learning serves as a proxy for this more ethologically-relevant 
loss function. Interestingly, the parity between contrastive SSL and supervised models ob-
served here differs from mouse visual cortex, where contrastive SSL methods substantially 
exceeded supervised methods in neural predictivity [51]. Notably, the SSL methods, which 
are best aligned with tactile neural representations overall, achieve only moderate linear 
probe categorization performance (Fig. Figure 3.8(a)), implying that somatosensory cortex 
representations might prioritize broader, task-agnostic sensory encoding rather than purely 
specialized, categorization-driven features. Furthermore, just as we found for downstream 
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task performance in Fig. Figure 3.6, we also observed it was critical to have tactile-specific 
SSL augmentations for developing biologically accurate tactile representations, compared to 
both standard image-based SimCLR augmentations and randomly initialized architecture-
fixed controls (Fig. Figure 3.8(c)). We further provide evidence for the design of our tactile 
augmentation in Section 3.4.1.

3.4.1 Additional Experiments

As a basic way to probe the distinguishability of the models’ learned representations of 
stimuli, we performed a decoding test with results shown in Table Table 3.6. Note that 
Inter+SimCLR is the model with the best neural score; Zhuang+GPT+Supervised has the 
best task score; Inter+GPT+Supervised has best neural score out of supervised models; 
Resnet+Mamba+SimCLR has best task score out of SSL models.

Rodgers’ task variables (convex/concave) are behavioral probes, and are not necessarily 
the natural computational goals of somatosensory cortex. Our RSA analysis shows that 
cortical representational geometry is best matched by tactile-optimized models, especially 
with self-supervised losses (Fig. Figure 3.5), indicating that the cortex builds a general 
substrate for tactile recognition and discrimination across diverse objects. When reduced to 
a six-condition probe, this broad representational space may not project well onto the labels, 
yielding poor decoding despite underlying ethologically aligned representations.

 Model  Shape (chance=0.5)  Distance (chance=0.33)
 Inter+SimCLR  0  0
 Zhuang+GPT+Supervised  0.33  0.5
 Inter+GPT+Supervised  0  0.5
 Resnet+Mamba+SimCLR  0  0.67
 Animal Neural Data  0.44  0

Table 3.6. Stimuli decoding. For each of the 6 stimuli, we train a logistic regression 
model on the 5 other stimuli and test on the 1 held-out stimulus to decode either the shape 
(convex/concave) or the distance (far/medium/near). The stimuli decoding score for 
Animal Neural Data was obtained by decoding per mouse, then averaging across mice.

We have also tried adding temporal masking, where we randomly mask 75% of the input 
timesteps as a tactile augmentation, but it did not significantly improve the task performance 
or neural fit score (Table Table 3.7).
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 Model  Top-5 Cat. Accuracy  Neural Fit
 Inter+SimCLR  0.15  0.96
 Inter+SimCLR with Temporal Masking  0.18  0.42
 Resnet+Mamba+SimCLR  0.23  0.70
 Resnet+Mamba+SimCLR with T. Masking  0.28  0.67

Table 3.7. Temporal Masking. Results from retraining two models with temporal 
masking as an additional tactile augmentation. Top-5 categorization task performance 
improved slightly (~5%), but neural fit scores decreased.

3.5 Discussion
Implications for Somatosensory Cortical Processing. We developed a novel Encoder-

Attender-Decoder (EAD) parameterization of the space of temporal neural network models 
(TNN) trained to perform tactile recognition on biomechanically realistic force and torque 
sequences, greatly extending and answering the open question posed by Zhuang et al. [54] 
of characterizing the ethologically relevant constraints of rodent whisker-based tactile com-
putations. Our results establish ConvRNN encoders, particularly the IntersectionRNN, as 
currently superior in tactile categorization performance and neural representational align-
ment compared to feedforward (ResNet) and state-space models (SSM), suggesting recurrent 
processing is more relevant overall to the rodent somatosensory system. Furthermore, we 
demonstrate that contrastive self-supervised learning (SimCLR), particularly when trained 
with tactile-specific augmentations, yields neural alignments comparable to supervised meth-
ods, highlighting supervised training as a proxy for a more ethologically relevant, label-free 
representation. The modest yet consistent benefits observed from GPT-based Attenders in-
dicate potential attention-like mechanisms operating within hierarchical tactile processing 
pathways, suggesting a fruitful avenue for experimental validation.

Taken together, our findings indicate that nonlinear recurrent processing plays an es-
sential role in the rodent somatosensory cortex, reflecting neural encoding strategies that 
prioritize broad, general-purpose tactile representations. This work provides the first quan-
titative characterization of the inductive biases required for tactile algorithms to match brain 
processing, opening new opportunities for deeper insights into sensory representation learn-
ing and somatosensory cortical dynamics.

Implications for Embodied AI and Robotics. Current artificial tactile sensors and 
models fall short of animal-like capabilities, limiting the functional use of robots in real-world, 
unstructured scenarios. Our results underscore the importance of biomechanically realistic 
inputs and temporally recurrent architectures for developing tactile perception models that 
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perceive touch similarly as animals do. Our demonstration that tactile-specific (sequential 
force/torque array) SSL augmentations significantly enhance performance underscores this 
point, emphasizing the necessity of tailored training methods for robotic tactile systems. 
Future work in embodied robotic systems that leverages these insights could overcome ex-
isting sensor limitations—scaling complexity, stimulus discrimination, and restricted sensing 
surfaces—to achieve more robust and nuanced interactions, similar to biological organisms; 
the next chapter pursues exactly this forward-engineering direction.

Limitations and Outlook. The principal limitation of this study is the neural data 
itself: currently available tactile recordings remain severely limited in stimulus diversity, 
with few object conditions tested, which restricts the captured neural variability and likely 
depresses the inter-animal consistency ceiling against which our models are judged (Fig. Fig-
ure 3.7(b)). Expanding neural datasets to broader stimulus sets and more animals is there-
fore the most important next step—and, fittingly, the scalable tactile simulator developed 
in Chapter 4 offers machinery that could help generate the richer stimuli such experiments 
would require. A fuller discussion of limitations and future directions, including multimodal 
sensory integration and the relationship to robot tactile learning, is deferred to the synthesis 
in Chapter 5.
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Chapter 4

Scalable Tactile Simulation for 
Learning Dexterous Robot Tasks

Where Chapter 3 reverse-engineered tactile representations from the rodent brain and 
found recurrent processing of force/torque signals to be central, this chapter turns to forward-
engineering tactile representations for robots. It asks the mirror-image question—of all the 
tactile signals a hand could provide, which does a dexterous manipulation policy actually 
need, and when do richer tactile fields justify their hardware cost?

This is hard to study empirically because, as Section 2.2 noted, each real sensor effec-
tively defines a different hand, so no lab can run the same learning experiment across all 
of them. We therefore develop a GPU-parallel tactile sensor simulator that exposes binary 
contact, contact depth, per-taxel force/torque, elastomer marker displacement, geometry-
aware proximity, and a voxelized temperature field (the first of its kind in a robot-learning 
simulator) under one configurable interface, together with a realistic noise model of drift, 
hysteresis, dead taxels, and crosstalk. The platform scales past 16,384 parallel environments 
and 10,000 taxels per hand on a single GPU—fast enough to serve as the tactile front-end for 
dexterous reinforcement learning (Fig. Figure 4.1). Holding the task, hand, and policy fixed 
and varying only the tactile abstraction, we find that proprioception alone is never enough, 
that sensor placement matters more than sensor type or resolution—whole-hand coverage 
closes most of the gap to a privileged teacher, while a few hundred taxels suffice—and that 
per-taxel force/torque is a strong default, with the findings transferring to the real XHand1.

4.1 Introduction
Dexterous manipulation is fundamentally contact-rich. Vision can localize objects be-

fore contact, and proprioception can track the robot’s own motion, but many manipulation 
failures happen through local phenomena that neither modality observes directly: slip, in-
cipient loss of force closure, decoupled object-hand motion, small contact timing errors, and 
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Figure 4.1. Overview of our tactile simulator features. (a) The sensor physics can be 
configured to match their real sensor analogues, including 6-axis force/torque 
measurements, elastomer displacement, and proximity signal. (b) A visual comparison of 
the simulated tactile force reading per taxel on an XHand1 compared to the real XHand1’s 
sensor fidelity. (c) Our sensor implementations are highly parallelized and supports 
heterogeneous objects and randomization. (d) The simulated tactile sensors can be applied 
on any robot hardware surface and (e) the placement can be of arbitrary shape and 
resolution. (f) A temperature sensor which simulates contact heat transfer, heat diffusion, 
heat generation, and radiation, and a contact audio sensor which outputs high frequency 
signals based on material properties which the rigid body physics engine alone cannot 
capture.

hidden contacts inside clutter. Biological manipulation makes the same point from the other 
direction: humans and animals can manipulate objects with little or no visual feedback once 
contact is established. The question for robot learning is therefore not whether touch can 
help, but what kind of tactile information a policy needs.

Current tactile hardware spans capacitive arrays [35], magnetic skins [111], vision-based 
elastomer sensors [112], strain gauge [36], contact microphones [36, 42], multisensory finger-
tips [39–41]. These sensors differ in spatial resolution, bandwidth, cost, durability, wiring 
complexity, calibration burden, and suitability to cover the entire hand versus only the finger-
tip. A lab that buys or builds one sensorized hand usually cannot repeat the same dexterous 
learning experiment across all of these alternatives.
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Simulation gives us the missing controlled comparison, but only if the simulated tac-
tile sensing is realistic enough to transfer and fast enough for large-scale policy training. 
Previous work has already shown that carefully calibrated tactile simulators can support 
sim-to-real manipulation for visuotactile sensors [4–6]. We ask a complementary design 
question: if we can simulate many tactile abstractions at scale, which representation of 
touch is sufficient to learn general-purpose dexterous manipulation tasks?

We present a scalable and hardware-agnostic platform for tactile sensor simulation. 
The simulator covers a representative set of contact abstractions under a unified interface 
(Fig. Figure 4.1): binary contact, raw contact depth, per-taxel kinematic force/torque, elas-
tomer marker displacement, and geometry-aware proximity. Each sensor exposes config-
urable placement, resolution, and noise parameters (drift, hysteresis, dead taxels, crosstalk). 
The implementation is GPU-parallelized across thousands of environments and taxels, mak-
ing it usable as the tactile front-end for dexterous reinforcement learning (Fig. Figure 4.3). 
Using this platform, we train teacher-student policies on three dexterous tasks and ablate 
sensor type, placement, resolution, and noise. Our findings give concrete guidance for which 
tactile abstractions are worth the hardware cost on a given manipulation task. In summary, 
our contributions are:

1. We introduce a GPU-parallel tactile simulation platform that unifies diverse tactile sens-
ing abstractions under a common configurable interface, scaling to over 16,000 parallel 
environments and 10,000+ taxels per hand on a single GPU.

2. We implement a temperature sensor, the first in any robot learning simulation, and use 
it to learn a policy that locates a hot object among geometrically identical distractors 
from proprioception and temperature alone. We ablate the thermal properties of the 
sensing surface and show that the low sensitivity of current real hardware is insufficient 
for learning this task.

3. We perform a controlled study of tactile representations across dexterous tasks, robot 
hands, sensor placements, resolutions, and noise settings.

4. We show that tactile placement matters more than sensor type, with whole-hand coverage 
substantially outperforming fingertip-only sensing, and that per-taxel force/torque is a 
strong default representation.

All code is available at https://github.com/neuroagents-lab/tactile-genesis.

34

https://github.com/neuroagents-lab/tactile-genesis


di
la

te
sh

ea
r

Real GelSight FOTS HydroShear Our ElastomerTaxel

in
de

nt
at

io
n 

de
pt

h 
(m

m
)

Elastomer Marker Motion Comparison

Figure 4.2. Elastomer marker motion comparison.
Marker displacement fields on a real GelSight under dilation 
(normal indentation) and shear (tangential drag), compared 
with FOTS [4], HydroShear [5], and our ElastomerTaxel. 
The table on the right reports the relative 
marker-displacement error for each simulator after 
optimizing parameters to match the real image. The real 
GelSight image was obtained from the FOTS paper 
codebase, and we replicate the setup in sim, using our
ContactDepthProbe sensor to measure depth.

 Relative RMSE (↓)

 FOTS  HydroShear  Ours

 dilate  0.514  0.403  0.329
 shear  0.210  0.217  0.174

4.2 Related Work
We review the broader landscape of tactile hardware, simulation, and representation 

learning in Sections 2.2–2.4; here we position our platform against the most directly related 
work. Because each sensor effectively defines a different hand, comparing sensing strategies 
apples-to-apples on a fixed hand and task is rarely feasible in hardware—the gap that sim-
ulation fills.

4.2.0.1 Tactile simulation.

Tactile simulators fall into two families: full deformable physics, typically the Finite El-
ement Method (FEM), and rigid-body simulation with soft-contact post-processing. FEM 
is accurate but historically slow for robot learning, though Taccel [44] narrows the gap with 
GPU-parallel incremental potential contact on the sensor surface. The rigid-body family 
extracts tactile signal from existing contact queries. Tacmap [6] casts rays from the sensor 
surface to produce per-pixel contact depth, which is a good match for rigid-pad finger-
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tips such as SharpaWave and XHand1. We support the same query via either raycasting 
or a Signed Distance Function (SDF), and benchmark against Tacmap in Fig. Figure 4.4. 
FOTS [4] simulates the visual output of GelSight-style sensors directly, bypassing the de-
formation physics by modeling how the elastomer indentation maps to the camera image. 
HydroShear [5] extends this idea to GPU-parallel marker displacement, combining SDF-
based depth with anchored point-cloud tracking to capture shear and twist. Our analogous 
Elastomer sensor builds on HydroShear with substantially better throughput and memory 
usage (Fig. Figure 4.4). TacSL [8] is likewise GPU-parallel, integrated into Isaac Lab, and 
renders a tactile depth image, RGB image, and a penalty-based tactile force field; we bench-
mark our throughput against it in Fig. Figure 4.4. We do not render a tactile RGB image 
directly, since its appearance is specific to the sensor vendor (e.g. GelSight), but it can 
be derived from our ContactDepthProbe depth with an example-based renderer such as 
Taxim [113]. Yin et al. [45] uses sampled point-cloud tracking, not for deformation but to 
estimate ReSkin [111] magnetometer readings; we include a corresponding Proximity sensor 
variant as well. To our knowledge, no prior simulator offers all of binary contact, depth, kine-
matic force/torque, elastomer displacement, and proximity under one interface, let alone a 
temperature field—which is what makes the controlled representation ablation in this chap-
ter possible.

4.2.0.2 Which tactile representation a policy needs.

What tactile information a policy actually requires is an open empirical question, and 
prior work typically commits to a single point in the design space because the underlying 
hardware does—from sparse binary contacts, which are already sufficient for several in-hand 
skills [63], to rich multimodal fingertips that fuse image, audio, motion, and pressure [41], 
with force/torque arrays and elastomer displacement fields in between. Rather than commit, 
we hold the policy architecture, task, and hand fixed and vary the tactile abstraction directly 
in simulation, asking which abstraction is sufficient on which task.

4.3 Methods
4.3.1 Tactile Sensor Simulation

We integrate our tactile sensors into the open-source Genesis World physics simula-
tor [114], exposing 7 sensor abstractions summarized in Table Table 4.1, which together 
span the design space of current tactile hardware. All sensors share a common pose-and-
radius geometry, can be attached to arbitrary surfaces of any robot, and expose both a clean 
and a noisy readout under a configurable noise model (Section 4.3.2). Our Elastomer sensor 
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 Sensor Type Data Description  Shape

 Surface Distance Probe Shortest distance to the surface of tracked object. (N)
 Contact Depth Probe Raw contact depth scalar from simulated physics, either 

from SDF or raycasting and sphere-triangle intersection.
(N)

 Contact Probe Binarized contact with depth threshold and hysteresis (N)
 Kinematic Taxel Per-taxel force/torque estimate from SDF depth, contact 

normal, and linear/angular velocity of object in contact.
(N, 6)

 Proximity Taxel Measures object surface mass within sensing distance using 
point cloud sampled on tracked objects for signal strength. 
Computes force/torque using object velocities.

(N, 6)

 Elastomer Taxel Marker displacement modeling the sensing surface as an 
elastomer.

(N, 3)

 Temperature Grid Temperature in ◦C over voxelized link. (N)
 Contact Audio Block of K synthesized vibration samples per step. (N,K)

Table 4.1. Sensor implementations. N  represents the number of probes/taxels. The full 
implementation details and configurable parameters per sensor are available below.

approach is based on HydroShear [5] and the Proximity sensor extends Yin et al. [45]; full 
equations are in Section 4.3.2. In these prior works, these sensor simulation approaches have 
been validated to transfer to a real GelSight Mini on a robot gripper and ReSkin on the 
Allegro hand. Our ElastomerTaxel extends HydroShear with an elastomer compressibility 
term and a clamped boundary condition, which lowers the marker-displacement error against 
real GelSight under both dilation and shear motion (Fig. Figure 4.2).

Compared to our predecessors, our platform improves throughput by up to 20× at 
matched sensor configurations and reduces GPU memory per environment by roughly 5×
(Fig. Figure 4.4), with the gap widening as the number of parallel environments grows. 
Three implementation choices drive this. First, the per-probe contact, depth, and force 
kernels are vectorized over probes and environments, so a single launch covers the entire 
batch rather than iterating per sensor. Second, mesh and point-cloud queries (SDF lookups, 
sphere–triangle intersection, proximity neighbor search) are accelerated by Bounding Volume 
Hierarchies (BVHs) over the tracked geometry, which keeps cost sublinear in the number of 
points. Third, for the elastomer sensor’s dilation kernel and the spatial crosstalk model, we 
exploit the regular planar taxel grid to replace the dense convolution by a 2D Fast Fourier 
Transform with separable kernels. Together these allow us to scale the platform past 16,384
parallel environments (Fig. Figure 4.3) and beyond 10,000 taxels per hand (Fig. Figure 4.4c) 
on a single GPU, which is the regime needed for student-policy training.
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Sensor Type
Tactile Sensors Performance

Figure 4.3. Performance benchmark per each simulated sensor type. We 
demonstrate that our sensors are able to be parallelized on a single NVIDIA RTX A6000 
beyond 16,384 environments, with a total throughput of 150,000 environment steps per 
second (FPS). To isolate the effect of the sensors, we perform the benchmark in a simple 
scene of a pyramid of 10 cubes. We compare the performance of different sensor types, 
fixing the sensor resolution at 10× 10 (100 taxels) and 500 tracked point cloud samples 
(applicable to Elastomer and Proximity sensors). Adding more sensors or noise parameters 
adds small overhead (-10% FPS) for most sensors. The Elastomer sensor slows as more 
sensors are added (-22% FPS) since local displacement effects must be computed per sensor.

4.3.2 Tactile Sensor Implementation

This section gives the mathematical definitions of our tactile sensor implementations, 
which have been mostly integrated into the open-source Genesis World physics simulation 
platform since its v1.0 release.

Probe geometry and contact-depth query.
Each probe is rigidly attached to a sensor link and described by a link-frame position, 

unit normal, and radius. Let sensor link L have pose (pL, RL) and let probe j have link-frame 
position xj, unit normal nj, and radius Rj. Its world-frame position and normal are

qj = pL +RLxj, aj = RLnj. (4.1)

Depth and force probes only consider collision geometries that are currently in a rigid-body 
contact pair with the sensor link. A probe with Rj = 0 is treated as an inactive filler and 

38



by Point Cloud Size by Tactile Resolution

Tactile Sensors Performance (continued)
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Figure 4.4. Performance benchmark (continued). (a, b) With the number of environments 
fixed at 1024 and varying point-cloud size and taxel count, our sensors retain low GPU memory 
and high throughput up to over 10,000 taxels per hand. The elastomer sensor has to track the 
motion of each object point in contact and therefore scales less well with point-cloud size, but 
point clouds larger than ∼6000 are not typically needed for dexterous tasks. (c) Our temperature 
sensor also scales well with number of environments, achieving 80% of the no sensor baseline 
throughput FPS with 5 active sensors with 8 voxels each.
Comparison with previous work. Comparison to performance numbers reported by 
Tacmap [6] and HydroShear [5]; neither paper reports the GPU used or metrics beyond 1024 
environments. All of our benchmarks were run on one NVIDIA RTX A6000. (d) Tacmap is based 
on SharpaWave, which has > 1, 000 tactile pixels per fingertip [7]; our FPS for 10,000 taxels 
across 5 ContactDepthProbe sensors is 20× Tacmap’s and uses 7× less GPU memory per 
environment. (e) HydroShear reports per-step time for a single 7× 9 (35 taxels) elastomer sensor 
on a robot arm; we rollout a trained robot-hand policy with five 5× 4 (100 taxels) elastomer 
sensors and achieve higher FPS as the number of parallel environments grows ( 1.6×
HydroShear’s at 1024 envs). (f) Comparison against TacSL [8] reported FPS for their 
penalty-based force field vs. our KinematicTaxel sensor FPS and GPU memory usage for 10x10 
and 100x100 taxels. We consistently achieve around 3x higher throughput (note the log scale on 
FPS) and can run at 16k envs without running out of memory.
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returns zero, which keeps batched tensors regular over heterogeneous link layouts.
Two contact-depth backends. The penetration depth at probe j can be queried 

in two ways, selected by the contact_depth_query option. The sdf backend queries the 
per-geometry analytic signed-distance field maintained by the rigid solver. For an opposing 
collision geometry g with SDF φg, the penetration depth is

dsdfj = max
g

[Rj − φg(qj)]+, (4.2)

and the contact normal is the SDF gradient mj = ∇φg?(qj) at the winning geometry g?

when dsdfj > 0. This is fast and exact on primitives, but requires SDF activation on the 
collider. The raycast backend instead walks a per-frame Bounding Volume Hierarchy over 
the rigid-body collision meshes, shared with Genesis’s raycaster sensor. At each candidate 
BVH leaf, the probe runs a sphere–triangle closest-point test (penetration = Rj − dist) and 
a ray–triangle test along −aj (penetration = Rj − hit_distance); the deepest of the two 
wins, and the contact normal is the face normal of the deepest-penetrating triangle. The 
two backends produce equivalent depths to leading order for smooth meshes and differ at 
sharp features. sdf is the default; raycast handles arbitrary triangle meshes uniformly and 
is preferable when the scene mixes many small or thin objects.

SurfaceDistanceProbe.
The SurfaceDistanceProbe reports, per probe, the shortest distance from the probe 

center to the surface of each tracked object. Unlike the contact sensors below, it does not 
require a rigid-body contact pair and is defined before contact, which makes it a pre-contact 
proximity cue.

ContactProbe.
The ContactProbe binarizes the measured penetration depth dmbj at probe j into a contact 

bit, with optional Schmitt hysteresis to suppress chatter near the contact boundary:

ycontactbj (t) = I
[
dmbj(t) > ηon ∨

(
ycontactbj (t− 1) = 1 ∧ dmbj(t) > ηoff

)]
. (4.3)

Here ηon is the contact threshold and ηoff ≤ ηon the release threshold; setting ηoff = ηon

disables the hysteresis. We use ηon = 5× 10−4 m, adding a release threshold ηoff = 2× 10−4

m and dead-taxel noise in the noisy condition (Table Table 4.12).
ContactDepthProbe.
The ContactDepthProbe reports the raw measured penetration depth dmbj at each probe, 

taken from the sdf or raycast backend of the previous section.
KinematicTaxel.
The KinematicTaxel converts depth, contact normal, and relative velocity into a per-

taxel six-channel force/torque estimate without modeling a deformable substrate. Let m̄j =
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R>
Lmj be the SDF normal in the sensor-link frame. For a contact with opposing link C, the 

point velocities are

vC(qj) = vC + ωC × (qj − rC), (4.4)
vL(qj) = vL + ωL × (qj − rL), (4.5)

where rC , rL are the corresponding centers of mass. The relative velocity in the sensor-link 
frame is

vrel,j = R>
L (vC(qj)− vL(qj)) . (4.6)

With sj = (dj)
α, the normal and tangential components are

vn,j = (v>rel,jm̄j)m̄j, vt,j = vrel,j − vn,j. (4.7)

The local force and torque are

fj = knsjm̄j + cnsjvn,j − ktvt,j, (4.8)
τj = xj × fj − kω

(
(ωC − ωL)

>mj

)
m̄j. (4.9)

If no opposing contact link is available we drop the velocity terms, returning only the spring 
force and τj = xj×fj. The sensor reports the six channels (fj, τj) per taxel. The parameters 
used in our experiments are

kn = 500, cn = 1, α = 1.2, kt = 2, kω = 2. (4.10)

For regular planar taxel grids, the kinematic taxel additionally mixes neighboring chan-
nels to model spatial crosstalk between adjacent sensing sites, described together with the 
other sensor noise models in Section 4.3.2.

ProximityTaxel.
The ProximityTaxel models a geometry-aware taxel that responds to nearby tracked 

mass, mirroring how capacitive and magnetic skins behave. Tracked links are sampled into 
a surface point cloud at scene reset and organized in a static BVH for fast neighbor queries. 
For taxel j, let Pj = {i : ‖pi− qj‖ < Rj} be the set of tracked points inside the taxel sensing 
sphere. Each point contributes

Pij = Rj − ‖pi − qj‖. (4.11)

Let

vtax,j = vL + ωL × (qj − rL), vpi = vi + ωi × (pi − ri), (4.12)
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and remove the taxel-normal component of relative velocity:

vt,ij = (vpi − vtax,j)− aj
(
(vpi − vtax,j)

>aj
)
. (4.13)

The density scale is

ρb =
density_scalar
max(Nactive,b, 1)

. (4.14)

The world-frame force and torque are

fw
bj = kρb

∑
i∈Pj

Pijaj + ksρb
∑
i∈Pj

Pijvt,ij, (4.15)

τwbj = kρb
∑
i∈Pj

Pij ((pi − qj)× aj) . (4.16)

The reported channels are R>
Lf

w
bj and R>

Lτ
w
bj . Our experiments use Rj = 0.01 m, Npc = 5000, 

k = 300, ks = 10, and a density scalar of 100. Radius noise enters by perturbing Rj before 
the BVH query; per-probe gain scales the accumulated penetration, slip, and torque terms 
before the force/torque conversion.

ElastomerTaxel.
The ElastomerTaxel models marker displacements on a deformable substrate by com-

bining SDF-driven dilation with anchored shear history [5]. Let

Πn(z) = z − (z>n)n (4.17)

be projection onto the tangent plane. For source probe i, the per-probe penetration into the 
elastomer is

hi = max

(
0,−min

g
φg(qi)

)
. (4.18)

For target marker j, the direct dilation contribution from source i is

ud
ij = sd

(
Πnj

(xj − xi)hi + njh
α
i

)
exp

(
−λd

∥∥Πnj
(xj − xi)

∥∥2
)
. (4.19)

Tracked links are also sampled into surface points to capture shear history. A sampled point 
p initializes an anchor ep when its elastomer SDF drops below −ηenter and clears the anchor 
when the SDF rises above +ηexit. Let zp be the current sensor-frame point position and hp

the elastomer penetration depth. The shear contribution to target marker j is

us
pj = ssΠnj

(zp − ep)hp exp
(
−λs

∥∥Πnj
(xj − zp)

∥∥2
)
. (4.20)

The displacement output is
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yelastomer
j =

∑
i

ud
ij +

∑
p

us
pj. (4.21)

Our experiments use Npc = 1000, sd = 100, ss = 100, λd = 8000, λs = 2000, α = 1.2, and 
shear enter/exit thresholds ηenter = 10−5 m and ηexit = 10−4 m. For regular planar grids we 
accelerate the dilation term with FFT: tangent channels convolve hi and the normal channel 
convolves hα

i ; shear is accumulated directly.
Sensor Noise Model. 
Every sensor in our simulator exposes both a clean ground-truth readout and a noisy 

readout; only the noisy readout is fed to the policy in our noisy condition. The available noise 
knobs depend on the sensor type. Table Table 4.2 lists which knobs each sensor type supports; 
the numerical values we use in the experiments are in Section 4.3.4 (Table Table 4.12).

Base noise (every sensor). At the simulator level, every sensor honours a read de-
lay ∆read (with optional uniform jitter), additive Gaussian white noise σ, constant bias b, 
random-walk drift σrw, and uniform quantization with step q:

ỹt = quantize
(
yt−∆read

+ b+ nt + dt, q
)
, nt ∼ N (0, σ2), dt = dt−1 + wt, wt ∼ N (0, σ2

rw).
(4.22)

Probe-level imperfections (probe-based sensors). Probe sensors additionally per-
turb the per-probe sensing radius and apply a per-probe multiplicative gain:

R̃j = max(0, Rj + εj), εj ∼ U [−ρj, ρj], (4.23)

γbj ∼ U [γmin,j, γmax,j] at reset, (4.24)

where the gain γbj models persistent per-unit calibration error.
Taxel-level imperfections (tactile probe sensors). Tactile probe sensors further 

sample dead taxels at episode reset:

Mbj ∼ Bernoulli(pj), zbj ∼ U [`j, uj], (4.25)

and when Mbj = 1 the measured value at taxel j is overwritten by the stuck readout zbj for 
the entire episode.

Viscoelastic hysteresis (contact, depth, kinematic, elastomer, proximity). Substrate-
like sensors model a single-Maxwell viscoelastic loop on the noisy readout:

ξt = exp(−∆t/τ) ξt−1 + (xt − xt−1), (4.26)
x̃t = xt + β ξt, (4.27)
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with strength β and time constant τ . After a rising step the noisy signal overshoots and 
decays back to equilibrium; after a falling step it undershoots analogously.

Spatial crosstalk (kinematic taxel only). On regular planar grids, the kinematic 
taxel mixes neighboring channels to model spatial crosstalk between adjacent sensing sites. 
Let zc be one force or torque channel on the grid, χ the crosstalk strength, and Gσ an L1-
normalized Gaussian kernel of standard deviation σ:

z̃c = (1− χ)zc + χ(Gσ ∗ zc), (4.28)

applied independently to each of the six channels.

 Noise knob  SurfaceDist.  ContactProbe  ContactDepth  Kinematic  Elastomer  Proximity

 Read delay / jitter X X X X X X
 White noise σ X X X X X X
 Constant bias X X X X X X
 Random-walk drift X X X X X X
 Quantization X X X X X X
 Probe-radius noise X X X X X X
 Per-probe gain  – X X X X X
 Dead taxels  – X X X X X
 Viscoelastic hysteresis  – X X X X X
 Spatial crosstalk  –  –  – X  –  –

Table 4.2. Imperfection knobs available per sensor type. A check means the knob is 
available for that sensor type and active in the noisy condition when set.

4.3.3 Dexterous Task Training

Our goal is to compare tactile observation types, not specific hardware, on a fixed set of 
dexterous tasks. We pair each simulator-level sensor class with a downstream postprocessing 
step to produce eight tactile observation types plus a proprioception-only baseline (none), 
listed in Table Table 4.3. The agg_* variants aggregate per-taxel signals to a single per-link 
value, matching the convention used by real fingertip force sensors in XHand1. The per-taxel 
variants instead expose the full tactile field to the policy. Holding placement, resolution, and 
policy architecture fixed across these types lets us isolate the effect of the abstraction itself.

For each task–hand tuple, we first train a privileged teacher with PPO using full object 
state, then distill a tactile student that replaces the privileged state group with one of the 
tactile observation types from Table Table 4.3 (Fig. Figure 4.5). The student is trained with 
behavioral cloning against the teacher’s actions, plus auxiliary heads that decode privileged 
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Type Sensor Type Output (after optional postprocessing)

none – Proprioception-only baseline with tactile group removed.
bool ContactProbe Binarized contact per taxel.
agg_bool ContactProbe Binary contact per link after thresholding by the number of taxels in 

contact.
depth ContactDepth-

Probe
Contact depth per taxel

agg_force ContactDepth-
Probe

Estimated force per link based on summing contact depth along probe 
normals.

force KinematicTaxel Force per taxel.
force_torque KinematicTaxel Force and torque per taxel.
elastomer ElastomerTaxel XYZ marker displacement per taxel (marker) on an elastomer surface.
proximity ProximityTaxel Force and torque signals per taxel based on object surface proximity 

for signal strength.

Table 4.3. Tactile observation types used by student policies. We compare 8 
different tactile representations, using the tactile signals from the simulated sensors and 
optionally postprocessing before passing into the observations. Tactile data per link means 
we aggregate the data and output one tactile signal per every sensing area (e.g. 5 
fingertips).

Object State

Goal

Proprioception

Goal

Proprioception

Tactile Signals

RNN

RNN
MLP

πS aS

LBC + LauxLPPO + LRND

co
nc
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e

MLP

MLP

Critic

πT aT

V(s)

MLP

Privileged Teacher Policy Tactile Student Policy

Figure 4.5. Teacher-student training setup. A privileged teacher is trained with PPO 
and an MLP actor-critic. We additionally incorporate a Random Network Distillation 
(RND) [9, 10] loss to explore states more quickly. Tactile student policies encode each 
observation group before passing to the MLP head. In addition to the DAgger [11] 
behavioral cloning (BC) loss, we incorporate auxiliary losses to decode object state. See 
Section 4.3.4 for the full training parameters.

object state from the policy’s hidden representation. The decoders are not used at deploy-
ment; they act as a regularizer that pushes the tactile encoder to recover task-relevant object 
state from touch. Each tactile observation group is processed by its own small MLP encoder 
before being concatenated with the proprioception features and fed to the policy head. Full 
training hyperparameters and the per-task reward terms are listed below.
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We evaluate 3 tasks spanning complementary contact regimes: in_palm_rotate requires 
reorienting an object on the palm with the thumb sweeping in to capture it, so locating 
the object before contact is informative. in_hand_repose requires reposing an object to 
a target pose while it is in near-continuous contact with multiple fingers, so slip and grip-
strength signals dominate. screwdriver requires a fast finger gait that keeps a screwdriver 
spinning, so contacts are brief and rapidly changing. We sweep three tactile placements 
(tips, fingers, hand) at three resolution levels, with both clean and noisy sensor settings; 
the full matrix is in Tables Table 4.10–Table 4.12.

4.3.4 Training Setup

The training pipeline, task definitions, and tactile sensor wiring used in this chapter live in 
the companion dexterous_hands repository. This section documents the optimization and 
network hyperparameters, the observation–type mapping, the dexterous tasks, the sweep 
matrix, the per-resolution probe counts, and the noise values used in the noisy condition.

Optimization and Network Hyperparameters.
Table Table 4.4 lists the teacher PPO, RND exploration, and student DAgger optimiza-

tion settings; values that differ across tasks are shown per task. Teacher and student share 
the same actor–critic backbone: a three-layer MLP head with hidden sizes [512, 256, 128]
and ELU activations, with input normalization and an initial policy standard deviation 
of 1.0. Each non-tactile observation group is embedded by a per-group encoder (an MLP 
[512, 256, 128]→64, or an LSTM with hidden size 128→64) before concatenation. Each tac-
tile group is embedded by its own encoder projecting to a 32-dimensional embedding: gridless 
types use an MLP ([64, 64]) or an LSTM (hidden 64), while grid-structured types use a con-
volutional encoder (tactile_cnn, channels [16, 32], kernel 3) or a convolutional–recurrent 
encoder (tactile_convrnn, 16 channels, kernel 3, layer norm). The RND predictor uses 
learning rate 10−3, an 8-dimensional output, and normalized state and reward. The student 
additionally trains auxiliary heads that decode privileged object state from its latent (Ta-
ble Table 4.5); these decoders are used only during training and discarded at deployment. 
The simulation steps at 200 Hz with a control decimation of 5 (40 Hz control).

Tactile Observation Types.
Table Table 4.6 shows how each downstream observation type maps to an underlying 

Genesis sensor abstraction together with the postprocessing applied to the raw read.
Each observation type derives from one native sensor (Section 4.3.2) followed by light 

postprocessing. Writing dmbj for the measured ContactDepthProbe depth and nj for the link-
frame probe normal:
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 in_palm_rotate  in_hand_repose  screwdriver

 Teacher (PPO)
 parallel environments  8192  8192  8192
 steps per env  24  24  12
 teacher iterations  6000  20000  5000
 learning rate (adaptive) 10−3 10−3 10−3

 learning epochs / minibatches  5 / 4  5 / 4  5 / 4
 discount γ  0.998  0.998  0.99
 GAE λ  0.95  0.95  0.95
 clip param / desired KL  0.2 / 0.01  0.2 / 0.01  0.2 / 0.01
 entropy coef. 2× 10−3 2× 10−3  0
 value loss coef. / max grad norm  1.0 / 1.0  1.0 / 1.0  1.0 / 1.0
 episode length (s)  10  20  20

 Student (DAgger)
 student iterations  6000  6000  2000
 learning rate 10−4 10−4 10−5

 learning epochs  5  5  5
 gradient length  2  2  4
 clip param  –  –  0.1
 max grad norm  2.0  –  0.5
 BC loss  MSE  MSE  inv-var MSE

Table 4.4. Teacher PPO and student DAgger optimization hyperparameters. A dash means 
the knob is left at the library default (unbounded gradient norm, no extra clipping).

 Task  Decoded target  Weight  Target scale  Head hidden dims

 in_palm_rotate  object size  1.0  20.0 [128, 64]
 in_palm_rotate  goal distance  1.0  1.0 [128, 64]
 screwdriver  object tilt  0.5  1.0 [512, 128]
 screwdriver  rotation progress  0.5  1.0 [512, 128]
 in_hand_repose  none

Table 4.5. Auxiliary decoder losses used during student distillation. Each head predicts a 
privileged scalar from the student latent under an MSE loss (target scaled by the listed 
factor); the total loss adds the weighted auxiliary terms to the DAgger behavioral-cloning 
loss. The decoders regularize the tactile encoder toward task-relevant object state and are 
discarded at deployment.
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Type Sensor abstraction Key parameters Policy observation

bool ContactProbe ηon = 5× 10−4 m thresholded contact 
bits

agg_bool ContactProbe ηon = 5 × 10−4 m; count 
threshold > 2

per-link aggregate 
contact bit

depth ContactDepthProbe contact_depth_query= sdf flattened contact 
depths

agg_force ContactDepthProbe sdf query; 104 scale, ZYX 
axis order

per-link patch force

force KinematicTaxel kn = 500, cn = 1, α = 1.2, 
kt = 2, kω = 2

force channels only

force_torque KinematicTaxel same as force force and torque 
channels

elastomer ElastomerTaxel Npc = 1000, λd = 8000, λs =
2000, sd = 100, ss = 100, α =
1.2

marker displacements

proximity ProximityTaxel R = 0.01 m, Npc = 5000, k =
300, ks = 10

force and torque 
channels

Table 4.6. Mapping from downstream observation type to underlying Genesis sensor 
abstraction and key parameters.

Contact observations. depth flattens the per-taxel ContactDepthProbe depths. bool
is the per-taxel ContactProbe bit, and agg_bool sums those bits over a link and reports a 
single bit when more than two taxels are in contact. agg_force aggregates the contact-depth 
probes into one patch force per link,

yagg_force
b = 104 PZYX

∑
j

dmbj nj, PZYX(fx, fy, fz) = (fz, fy, fx), (4.29)

permuting axes and applying an empirical scale to match the per-fingertip force that the 
XHand1 calc_pressure channel returns on the real robot.

Force, displacement, and proximity observations. force and force_torque read 
the KinematicTaxel: force_torque keeps all six channels (fj, τj), while force drops the 
torque, hforce(F, T ) = vec(F ). proximity flattens the ProximityTaxel force and torque 
channels, and elastomer flattens the ElastomerTaxel marker displacements.

Except for agg_bool, agg_force, and force, the policy input flattens each raw sensor 
tensor and concatenates the results:

hflat(Y1, . . . , YK) = concat
(
vec(Y1), . . . , vec(YK)

)
. (4.30)

48



Only the per-link aggregate types agg_bool and agg_force have a counterpart on the 
real XHand1; their deployment is described in Section 4.3.5.

Tasks and Hands.
in_palm_rotate. A partial-hand in-palm rotation task in which the policy controls 

only the thumb and middle finger; the index, ring, and pinky fingers are frozen. The reward 
rewards rotation around the commanded axis and penalizes off-axis tilt; the object is reset 
to a sampled bottom-aligned pose at the center of the palm.

in_hand_repose. A whole-hand reposing task in which the policy must drive the object 
pose to a target orientation while keeping it in continuous contact with multiple fingers. The 
reward combines orientation tracking with grip-strength and slip penalties.

screwdriver. A finger-gait task in which the hand spins a screwdriver about its long 
axis while keeping the tip engaged. The reward rewards angular progress and penalizes losing 
contact or dropping the tool.

Observations. All three tasks share the same observation grouping (Table Table 4.7). 
The student (deployable) policy sees only proprioception (joint positions and velocities and 
the last action), the tactile group (one observation type from Table Table 4.3), and, for the 
reorientation tasks, the goal. The privileged groups available to the teacher and critic add 
per-link contact forces, full object state, and object properties. screwdriver has no goal 
group and folds the surface-distance probes into its object-state group.

 Group  Contents  Available to

 proprio  joint positions, joint velocities, last action  student + teacher
 tactile_sensors  one tactile observation type (Table Table 4.3)  student
 goal  goal orientation and angular error to target  student ‡

 priv_proprio  proprioception plus per-link contact forces  teacher, critic
 priv_obj_state  object position, 6D orientation, linear and angular velocity  teacher, critic
 priv_obj_props  object friction, mass, and surface-distance probes  critic

Table 4.7. Observation groups. The student policy is restricted to proprio,
tactile_sensors, and (where present) goal; the privileged groups are used only to train 
the teacher and critic. ‡in_palm_rotate and in_hand_repose only; screwdriver has no 
goal group and places the surface-distance probes in priv_obj_state.

Reward terms. Table Table 4.8 lists the reward-term weights for each task; blank 
entries mark terms not used by that task.

Domain randomization. Every task applies the same actuator randomization, re-
sampled per reset: proportional and derivative gains and motor strength each scaled by 
U [0.95, 1.05], a position bias in ±0.01 m, a deadband in [0, 0.005], gear backlash in [0, 0.01]
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 Reward term  in_palm_rotate  in_hand_repose  screwdriver

 success bonus 150 500  –
 orientation tracking (Gaussian)  – 2.0  –
 orientation tracking (inverse-L2)  – 2.0  –
 rotation progress / spin rate 2.0 0.2 10.0
 surface-distance reward 0.1 0.5 1.0
 off-axis orientation penalty −1.0  –  –
 vertical-alignment penalty  –  – −400
 object-distance penalty −100  – −300
 hand pose-deviation penalty  –  – −1.0
 contact-force penalty −5.0 −5.0  –
 drop / termination penalty −100 −100 −100
 goal-timeout penalty  – −200  –
 action-rate penalty −5× 10−4 −1× 10−5 −1× 10−2

 joint-limit penalty −40 −20 −40
 work penalty −5× 10−3 −1× 10−3 −1× 10−3

Table 4.8. Reward-term weights per task. Positive weights are shaping rewards; negative 
weights are penalties. A dash means the term is not used by that task.

rad, a torque-kick ratio in [0.9, 1.1], and per-step torque noise at RFI scale 0.1. The task-
specific object and disturbance randomization is listed in Table Table 4.9.

 Quantity  in_palm_rotate  in_hand_repose  screwdriver

 object friction (×) [0.5, 1.5] [0.3, 2.0] [0.2, 1.2]
 object mass offset (kg) [0, 0.1] [0, 0.1] [0, 0.2]
 initial placement xy (m) ±0.02 ±0.02  sampled grasp
 initial yaw (rad) ±π/12 ±π  sampled grasp
 external force x, y (N) ±1 ±1 ±5
 external force z (N) ±1 ±1 [−5, 0]
 force interval (s) 2–4 2–4 2–4

Table 4.9. Task-specific domain randomization, on top of the shared actuator 
randomization described in the text. External forces are reapplied at random intervals 
within the listed range. screwdriver initializes from a set of pre-sampled grasps rather 
than a randomized free placement.

Distillation Sweep.
Each task–hand entry in Table Table 4.10 is expanded into the proprioception-only base-

line (none) plus the cross product of taxel resolutions (low, med, high), the available place-
ment subsets for that hand, the seven tactile observation types, and both clean and noisy 
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sensor settings. Type-ablation runs pin resolution to med and use the clean setting; resolu-
tion and noise sweeps vary one axis at a time.

 Task  Robot  Placement subsets swept  Max student iters

 in_palm_rotate  xhand1  tips, hand  6000
 screwdriver  xhand1  fingers  2000
 in_hand_repose  xhand1  hand  6000
 in_hand_repose  sharpa  hand  6000

Table 4.10. Task–hand entries in the distillation sweep.

Tactile Placement and Probe Counts.
Sensor placement is encoded as a probe asset per (robot, resolution) pair; placement 

subsets such as tips, fingers, and palm are link filters applied at runtime to the full hand
probe set. Table Table 4.11 shows the resulting probe counts.

 Robot  Resolution  Hand  Tips  Fingers  Palm

 xhand1  low  90  45  78  12
 xhand1  med  199  100  164  35
 xhand1  high  667  224  448  219
 sharpa  low  98  45  89  9
 sharpa  med  206  70  190  16
 sharpa  high  781  245  660  121

Table 4.11. Number of active probes per (robot, resolution) and placement subset used in 
our experiments. tips, fingers, and palm are link-filtered subsets of the full hand probe 
set; fingers includes the fingertips.

Sensor Imperfection Parameters in the “Noisy” Condition.
Table Table 4.12 lists the numerical values used in the noisy condition for each observation 

type, layered on top of the clean parameters from Table Table 4.6. The available knobs and 
their semantics are defined in Section 4.3.2 (Table Table 4.2); knobs not listed here are zero 
or disabled.

4.3.5 Sim-to-Real Deployment

The tactile observation term is the same object in simulation and on hardware: at each 
step it first looks for a real-hand reading and falls back to the simulated sensors when none 
is present. This lets a policy trained in simulation run on the real XHand1 without changing 
its observation interface.
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 Type σ  rw  quant ρ (m)  rel. thr. (m) pdead γ (β, τ)

 bool, agg_bool  –  –  –  – 2× 10−4 0.05  –  –
 depth, agg_force 2× 10−4 m  – 10−4 m 3× 10−4  – 0.05 [0.85, 1.15] (0.5, 0.05)
 force, force_torque 5× 10−3 N 10−4 N 10−2 3× 10−4  – 0.05 [0.85, 1.15] (0.5, 0.05)
 proximity 10−2 10−3 10−2 6× 10−4  – 0.05 [0.85, 1.15] (0.5, 0.05)
 elastomer 10−4 m 10−5 m 10−4 m 3× 10−4  – 0.05 [0.85, 1.15] (0.5, 0.05)

Table 4.12. Sensor imperfection parameters layered on the clean configuration 
(Table Table 4.6) in the noisy condition. σ is additive white noise, rw random-walk drift,
quant the quantization step, ρ probe-radius noise, “rel. thr.” the Schmitt release threshold, 
pdead the dead-taxel probability, γ the per-reset gain range, and (β, τ) the viscoelastic 
hysteresis strength and time constant (in seconds). Dashes mark knobs that are disabled 
for that sensor type.

The real XHand1 SDK reports both a per-taxel raw pressure field and an aggregate 
contact pressure fcalc_pressure = (fx, fy, fz) per fingertip. The hand does therefore expose 
individual taxel values, but the exact position and response characteristics of each taxel 
are not documented, so we cannot register the raw field to our simulated probe layout; the 
most faithful usable signal is the SDK’s aggregate contact pressure. Consequently only the 
two per-link aggregate observation types transfer to hardware; the per-taxel types (bool,
depth, force, force_torque, proximity, elastomer) have no faithful counterpart on the 
real fingertip and are simulation-only. The simulated agg_force is defined precisely so that 
its per-link output matches fcalc_pressure in axis order and scale, so on hardware we read the 
contact pressure directly. For agg_bool we threshold the contact-pressure magnitude per 
finger,

yagg_bool,real = I [‖fcalc_pressure‖2 > ηreal] . (4.31)

The real hand resolves a single value per finger, whereas the simulated observation may carry 
several per-link slots (one per kept substep of the within-step history). We therefore repeat 
each per-finger real reading across those slots, so the deployed observation has exactly the 
layout and dimensionality the policy was trained on.

4.4 Results
4.4.1 Tactile Student Ablations
4.4.1.1 Proprioception is not enough.

In Fig Figure 4.6, we can see that the none baseline trails every tactile student on all three 
tasks, including the cheapest binary contact variant. The auxiliary state decoders alone are 
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Figure 4.6. Tactile student ablations. For 3 tasks in_palm_rotate, in_hand_repose, 
and screwdriver using the XHand1, we compare tactile data types against the privileged 
teacher and distilled tactile student. For in_palm_rotate we try having fingertips only 
(the real XHand1 only has fingertips) vs including sensors on the whole hand. We also vary 
the tactile resolution and add noise parameters (white noise, random walk drift, hysteresis, 
sensing radius noise) and compare. A complete table of parameters is given in the Methods 
above (Tables Table 4.10–Table 4.12).

not enough to recover task-relevant object state from proprioception; any meaningful student 
performance requires the tactile group.

4.4.1.2 Placement dominates sensor type.

Restricting sensing to fingertips, the placement that most current commercial hardware 
supports, trails whole-hand coverage by a large margin on in_palm_rotate. Adding the 
palm and mid-finger surfaces closes most of the remaining gap to the privileged teacher, 
even for sensor types that individually carry less information. Adding taxels on the palm 
and proximal phalanges of the fingers is, at the margin, more useful than upgrading the 
fingertip sensor.
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4.4.1.3 The best sensor type is task-dependent, with force/torque as a robust 
default.

On in_hand_repose, where the object is in near-continuous contact and the dominant 
failure mode is incipient slip, the force_torque student is best and clearly separates from 
the binary and depth variants. On in_palm_rotate, proximity edges out the contact-
only types, since its sensing radius registers the approaching object before direct contact 
and lets the thumb pre-shape rather than search. On screwdriver, where contacts are 
brief and the fingers gait quickly, all tactile signals perform similarly and none saturates 
the teacher; we conjecture that integration over time, or visual feedback, is the missing 
channel here rather than a different contact abstraction. Aggregated across tasks, per-taxel
force_torque matches or outperforms every other type and is our recommended default 
when hardware allows.

4.4.1.4 Elastomer displacement underperforms when per-taxel locality matters.

The elastomer student trails force_torque on both in_palm_rotate and in_hand_repose. 
This is consistent with how the substrate model behaves: marker displacement at one taxel 
is a function of indentation and shear at neighboring taxels, so a displacement in x can be 
caused by adjacent dilation as easily as by local shear. The resulting signal is well suited 
for inferring object shape patches, the use case GelSight-like sensors were originally designed 
for, but less suited for reading off the local force vector that the in-hand tasks actually need.

4.4.1.5 Sim-to-real validation.

We validate transfer by deploying the in_palm_rotate policy on the real XHand1, whose 
only tactile sensing is fingertip aggregate force. The deployed policy achieves one to two 
successes, which matches the success rate of the fingertip agg_bool student in simulation, 
the observation type that most closely mirrors the real fingertip readout. This confirms 
that policies trained in simulation transfer to hardware, and that the simulated fingertip 
abstraction is a faithful enough proxy for the real sensor to predict its performance.

4.5 Discussion and Limitations
Across all tasks, sensor types, and placements, the takeaways for practitioners outfitting 

a dexterous hand are threefold. First, cover the palm and proximal phalanges before paying 
for higher-end fingertip sensors. Second, prefer per-taxel force/torque as a default abstrac-
tion. Third, consider a proximity channel when the task involves capturing an object that 
approaches the hand rather than one already grasped. The first two findings are at odds 
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with the de facto convention in current commercial tactile fingertips, which concentrate spa-
tial resolution on the distal pad and stop there. From a simulation-design perspective, our 
experiments also suggest that the dominant source of useful tactile information for these 
tasks is the coarse spatial distribution of contact rather than the fine-grained mechanics of 
the substrate. This is encouraging for rigid-body tactile simulation, since substrate physics 
is exactly what is most expensive to model faithfully.

We deliberately scope this chapter to sensor implementation and observation-type com-
parison. Because our students distill from a privileged teacher, they inherit its strategy and 
are therefore bounded by it; a larger sweep over hands and tasks with continued, curiosity-
driven reinforcement learning [9]—using tactile observations as the only sensory channel, or 
paired with vision—would help separate “what the teacher can be matched on” from “what 
touch is actually capable of.”

4.6 Additional Sensing Modalities: Audio and Temper-
ature

The study above deliberately holds the sensing modality to mechanical contact. The 
platform, however, also exposes two further channels that fall outside that comparison but 
broaden what a tactile policy can perceive: the structure- and air-borne sound of contact 
and actuation, and a voxelized temperature field. We present them here as proof-of-concept 
extensions rather than as part of the controlled ablation, both because they exercise the 
breadth of the unified sensor interface and because they motivate the multisensory directions 
discussed in the conclusion.

4.6.1 Contact and Actuation Audio

Alongside the contact sensors above, we develop a proof-of-concept audio pipeline in 
Genesis that synthesizes both the structure-borne sound of contacts and the airborne noise 
of joint actuation. Procedurally generating sound from simulated physics is well established 
for interactive games and film, where the goal is perceptual plausibility rather than mea-
surement. We instead propose it as a training signal: a policy that hears its own contacts 
can infer object properties that the rigid-body solver never resolves. Audio has already been 
shown to help contact-rich manipulation [42], and this pipeline makes such a signal available 
directly inside the simulator.

The motivating observation is one of timescale. The acoustic signature of a material 
lives in its vibration modes, which for stiff objects sit in the kilohertz range, whereas the 
rigid-body solver integrates at a few hundred hertz. Resolving those vibrations directly 
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would require shrinking the simulation timestep by orders of magnitude, which is infeasible 
for RL rollouts. Rather than simulate the vibration, we faithfully approximate it: each 
physics step emits a short block of audio samples synthesized from the contact state the 
solver already computes, so the audio carrier sits well above the physics Nyquist frequency 
while the dynamics step stays cheap. A physics step of duration ∆t produces K samples at 
the sub-step rate ∆tsub = ∆t/K, for an audio sample rate fs = 1/∆tsub.

Contact audio. We use source–filter modal synthesis: the material is a bank of damped 
resonators, and the contact is the source that excites it. Each material is a set of modes 
{(fi, di, gi)} of center frequency, amplitude decay rate, and output gain. Mode i is a two-pole 
resonator advanced over the block k = 1, . . . , K,

yi[k] = a1,i yi[k − 1]− a2,i yi[k − 2] + ui[k],

a1,i = 2ri cos(2πfi ∆tsub), a2,i = r2i , ri = e−di ∆tsub .
(4.32)

and the emitted sample is the gain-weighted sum s[k] =
∑

i gi yi[k]. The excitation ui is read 
from the solver contacts on the sensor link: a sharp rise in the normal contact force injects 
an impulse that pings the modes into an impact ring-down, while sliding injects a velocity- 
and force-scaled noise source so a scrape colors the same resonances.

Material modes from modal analysis. The per-material modes are what make 
different objects sound different, and they follow from the object’s geometry and its isotropic 
elastic material. We assemble the linear-elasticity stiffness K and a lumped mass M  over a 
tetrahedral mesh and solve the generalized eigenproblem

K φi = ω2
i M φi, (4.33)

keeping the non-rigid modes and reading their frequencies fi = ωi/2π. Rayleigh damping 
C = αM + βK sets each decay rate di = (α + β ω2

i )/2, and the gains gi are the surface 
normal component of each mode shape φi. Because K scales with Young’s modulus and M
with density, the modal spectrum is a fingerprint of the material: this is the cue a policy 
could use to tell a steel box from a wooden one through contact alone, even when the two 
are dynamically identical to the rigid solver. The eigensolve is a one-time precompute per 
object, and hand-tuned material presets are also supported.

Actuation audio. The actuation source models motor and joint noise with one emitter 
per actuated DOF, driven by the controller effort τ  and joint speed ω the solver already 
exposes. Its loudness tracks the mechanical load and power,

` = βload |τ |+ βpow |τ ω|, (4.34)
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Figure 4.7. Example contact audio by materials. A ball bounces and rolls across a 
wooden, metallic, and glass box. Although physically identical to the rigid-body solver, the 
three boxes can be distinguished by their modal spectra.

and a velocity-pitched partial bank at fundamental f0 = κ |ω| gives the characteristic whine, 
layered with velocity-scaled friction noise and an idle hum, synthesized with the same two-
pole primitives. A microphone sensor renders what a listener point hears by summing every 
source over the scene, each attenuated by distance as 1/rp and delayed by r/c for propagation, 
so contact and actuation sound mix into a single airborne signal.

Toward greater realism. This pipeline is a simplified, real-time model, and several im-
provements can be made to achieve acoustic realism. Modal synthesis captures the dominant 
resonances of a struck body, but it omits the frequency- and geometry-dependent radiation 
efficiency that turns surface vibration into pressure, the room acoustics a real microphone 
records, and the fine transients of stick–slip friction that our single noise source only coarsely 
approximates. The actuation source is likewise a parametric approximation of gear-mesh, 
bearing, and winding noise rather than a measured motor signature. Several extensions could 
narrow this gap. The dry synthesized signal could be convolved with measured impulse re-
sponses of the object and its environment, so it inherits real radiation and reverberation 
instead of being heard in free field. Per-material and per-motor recordings could replace or 
augment the procedural banks, either as sample libraries indexed by contact state and joint 
speed, or as data to fit the modal frequencies, decays, and gains against rather than tuning 
them by hand. A model trained on paired physics-state and audio recordings could learn 
this mapping directly. We leave a study of which level of audio fidelity actually benefits 
policy learning to future work.
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4.6.2 Temperature Sensing for Learning Object Discrimination

Temperature can be a useful cue for telling objects apart, but temperature sensors on 
current robots are mostly used for hardware health monitoring rather than sensing, since 
the actuators heat up under sustained use. Using our simulated tactile sensors, we explore 
what temperature sensitivity is needed to distinguish an object only by temperature. We 
train a policy with proprioception and tactile sensors to find the hot ball out of 8 balls in a 
bin. Our results in Fig. Figure 4.8 show that high sensitivity is indeed critical, and we fail to 
succeed on the task with material properties matching real temperature sensors on current 
robot hands.

 emissivity 0.5 (steel)  emissivity 0.85 (rubber)

 conductivity  heat generation (W/m2)

 (W/m·K)  500  5000  500  5000

 1 (glass)  –  –  –  –
 10 (steel)  –  –  –  –
 100 (aluminum alloy)  –  –  –  –
 150 (aluminum) X X  –  –

Figure 4.8. Temperature properties ablation for finding a target hot object.
Checkmark indicates that the hand successfully maintains touch with the hot ball. 
Emissivity values approximate stainless steel (0.5) and rubber (0.85); conductivities 
approximate glass (1), stainless steel (10), and aluminum (100). For scale, human skin 
dissipates on the order of 60W/m2 at rest and 100 to 600 W/m2 during exercise, while 
small actuators under heavy load can reach 1,000–5,000W/m2. The temperature sensor 
implementation, task, and success metric are detailed in Section 4.6.3.

4.6.3 Temperature Object-Discrimination Experiment

This section details the TemperatureGrid sensor model together with the task and suc-
cess metric for the temperature experiment of Section 4.6.2 (Fig. Figure 4.8).

TemperatureGrid Sensor Model. 
The TemperatureGrid models heat transfer over a voxelized sensor link rather than 

contact mechanics, returning a temperature field in ◦C. Each sensor link is voxelized into 
a grid of nx × ny × nz cells from its axis-aligned bounding box, with per-axis voxel size 
∆ = extent/(nx, ny, nz). The cell temperatures T  are advanced each step by diffusion and an 
internal source, contact conduction, then radiation and convection, with material properties 
(conductivity k, density ρ, specific heat cp, emissivity ε, base temperature) assigned per link. 
We write ρcp for the volumetric heat capacity and α = k/(ρcp) for the thermal diffusivity.
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Diffusion within the grid. We solve the heat equation ∂T/∂t = α∇2T  with a semi-
implicit spectral method. To impose Neumann (zero-flux) boundaries, the grid is mirror-
padded to twice its size along each axis before a real-input FFT, so the discrete spectrum 
carries the even extension consistent with ∂T/∂n = 0 on the walls. With wavenumber vector 
k and k2 = ‖k‖2, each Fourier mode is updated implicitly,

T̂ ← T̂

1 + α∆t k2
, (4.35)

followed by an inverse FFT and a crop back to the original grid; the zero mode is regularized 
as k2←max(k2, ε). The update is unconditionally stable, so it does not constrain ∆t as an 
explicit diffusion stencil would.

Internal heat source. An optional volumetric source field q (in W/m2) is integrated 
with explicit Euler on the same heat equation,

∆T = ∆t
q

∆z ρcp
, (4.36)

where dividing by the cell thickness ∆z converts the surface flux to a volumetric rate before 
applying the capacity.

Radiation and convection. Surface voxels, those on any face of the grid, additionally 
lose heat to the environment at ambient temperature Tamb. Radiation follows the Stefan–
Boltzmann law for a grey body and convection follows Newton’s law of cooling,

qrad = ε σ (T 4
K − T 4

amb,K), qconv = h (T − Tamb), (4.37)

where σ = 5.670 × 10−8 W/(m2 K4), h is the convection coefficient, and TK = T + 273.15

converts to Kelvin for the radiative term. The combined loss is applied as ∆T = −∆t (qrad+

qconv)/(ρcp).
Contact conduction. Heat crosses a contact interface by Fourier’s law q = −k∇T . 

With the sensor and the contacting body acting as two thermal resistances in series, the 
interface uses the harmonic-mean conductivity

keff =
2 ka kb
ka + kb

. (4.38)

The conduction length scale is taken as L = V/A, one cell’s volume over the contact area, 
which is a heuristic stand-in for the unresolved temperature gradient through the interface. 
For a contacting voxel at temperature Tcell opposite a body at Tother, the flux, volumetric 
rate, and temperature change are

flux =
keff (Tother − Tcell)

L
, Qvol =

flux · A
V

, ∆T = ∆t
Qvol

ρcp
. (4.39)
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Contact area estimation. The contact area A is estimated from the contact-manifold 
points shared by the two links. We project the points onto their mean contact plane, order 
them by polar angle about the centroid, and take the polygon area by the shoelace formula. 
When fewer than three manifold points are available, each contact falls back to a disk of 
area π δ, where δ is the penetration depth. In the conduction update the area is additionally 
floored at π dw δ, where dw is a depth-weight scalar (default 1.0), so that deep point contacts 
still carry a plausible area.

Sensor element lag. The instantaneous cell field T  is the physical temperature; the 
reported measurement Tmeas trails it through a first-order RC low-pass filter integrated with 
forward Euler,

Tmeas ← Tmeas +
∆t

τ
(T − Tmeas), (4.40)

with sensor time constant τ ; τ ≤ 0 disables the lag and reports T  directly. This filter is 
applied only on the measured readout, modeling the finite thermal response of a physical 
sensing element, while the ground-truth field is left unfiltered.

Task and Success Metric.
Task setup. The hand rummages a tilted bin (side 0.5 m) holding 8 geometrically 

identical balls (diameter 8 cm), one of which is the hot target. The bin, the hand, and 
the seven distractor balls start at ambient Tamb = 22 ◦C, while the target ball starts at 
Ttgt = 45 ◦C. The policy observes proprioception and one TemperatureGrid sensor per 
finger link; it has no other cue to which ball is hot, so the task is only solvable if temperature 
differences are resolvable through contact. The hand is reset above the bin and acts at 40
Hz (a control decimation of 5 over the 200 Hz simulation) for episodes of up to 20 s.

Temperature progress and heat latch. For finger sensor i we map its reading to a 
normalized progress

πi = clamp

(
Ti − Tamb

Ttgt − Tamb

, 0, 1

)
, (4.41)

where Ti is the maximum cell temperature over that sensor’s voxels. A single sticky heat 
latch fires the first time the selected-finger progress reaches 1 − m with margin m = 0.12

(equivalently Ti ≥ 42.2 ◦C), and remains on for the rest of the episode. The latch marks the 
moment the hand has thermally identified the hot ball.

Success metric. We score a run by the latched hot-ball contact time: the cumulative 
seconds for which the heat latch is on and at least one fingertip is in contact with the hot 
ball,
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S =
∑
t

∆t I[latched(t)] I[fingertip contact with hot ball(t)] . (4.42)

A configuration counts as a success (a checkmark in Fig. Figure 4.8) when the trained policy 
sustains this latched contact, S > 0 across evaluation episodes. A material configuration 
whose temperature signal is too weak for the latch to fire, or for which the hand cannot stay 
in contact once it fires, scores S ≈ 0 and is marked as a failure.

4.7 Conclusion
Using a GPU-parallel simulator that exposes many tactile abstractions under one inter-

face, this chapter isolated which tactile signals a dexterous policy needs, finding that sensor 
placement and whole-hand coverage matter more than the type or resolution of any single 
sensor, with per-taxel force/torque a robust default that transfers to real hardware.

Two directions follow naturally from this design. The first is to vary spatial resolution 
and placement more finely, and jointly with the policy: rather than choosing among a few 
fixed sensors, the simulator can treat taxel density and layout as continuous design variables, 
searching for the coverage a task actually requires and thereby informing what sensors are 
worth building. The second is multisensory fusion. The audio and temperature channels 
above, together with proprioception and vision, give a policy several complementary views 
of the same contact, and how best to combine them—beyond simple concatenation at the 
input, toward learned, hierarchical fusion—is a question the unified interface is well suited 
to study.

Both threads connect back to the rodent-brain study: the question of which tactile 
representation matters, asked here through task success, was asked in Chapter 3 through 
alignment with the brain. Chapter 5 draws the two together and lays out where their 
convergence points next. 
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Chapter 5

Implications and Future Directions 
for Tactile Robotics

The two studies examined tactile representations from complementary directions: reverse-
engineering the rodent somatosensory cortex (Chapter 3) and forward-engineering robot tac-
tile sensing (Chapter 4). Read side by side, they have much to say to each other, and point 
toward shared next steps.

5.1 Synthesis Across the Two Works
Although one chapter studies a brain and the other a robot hand, both ask which tactile 

representations matter for behavior, and both answer it by simulating realistic tactile input 
at scale. Read side by side, three findings line up.

Force and torque are a privileged abstraction. The rodent-brain study found that 
convolutional recurrent networks operating on whisker force/torque sequences best explain 
somatosensory cortex, and the robot study independently found per-taxel force/torque to be 
the most useful and robust observation type for dexterous policies. That two very different 
optimization pressures—matching neural activity on one side, maximizing task success on the 
other—converge on the same low-level abstraction is suggestive evidence that force/torque, 
rather than raw geometry or vision-like images, is the most informative and biologically 
aligned representation of touch.

Touch is temporal and recurrent. On the brain side, recurrence was the single most 
important architectural ingredient, consistent with the fact that whisking and contact are 
inherently dynamic. On the robot side, the tasks are contact-rich and rapidly changing, 
and the one task where tactile signals failed to close the gap to the teacher—the fast screw-
driver gait—was precisely the one we conjectured needs integration over time. Both point 
to processing touch as a temporal stream within a sensorimotor loop rather than as a static 
snapshot, echoing the active, closed-loop character of biological haptics emphasized in Chap-
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ter 2.
Coverage beats local fidelity. The biological hand spreads receptors of graded acuity 

across the whole skin surface and reads them out as a population, and the rodent relies on a 
distributed whisker array; correspondingly, the robot study found that whole-hand coverage 
matters more than the fidelity or resolution of any single sensor. Where to place sensing, in 
both biology and engineering, appears to dominate how precisely each site senses.

These parallels are sharpened by a tension worth stating plainly. The two studies mea-
sure “what matters” in incommensurate ways—representational alignment with neural data 
versus sufficiency for task success—and they differ in regime, with the brain models trained 
on passive contact against a small fixed stimulus set and the robot policies trained by ac-
tive, task-driven reinforcement learning. That they nonetheless converge on force/torque, 
recurrence, and coverage is a form of mutual validation: each supplies an existence proof the 
other lacks. The shared methodological lesson is that biomechanically grounded, scalable 
simulation of tactile input is what made either result obtainable.

5.2 Limitations
Each study carries constraints that bound these conclusions. The rodent-brain work is 

limited most by the neural data: the recordings span only six distinct stimulus conditions in 
a single cortical area, which caps the explainable variability and likely depresses the inter-
animal consistency ceiling against which models are judged. The models are trained on 
passive contact yet evaluated on active whisking, and are compared to the brain through 
representational similarity rather than by predicting the full temporal dynamics of neural 
responses. The robot work is bounded above all by its teacher–student design: because 
students distill from a privileged teacher, they inherit its strategy and cannot reveal what 
touch alone, free to discover new behavior, might achieve. Its contact and noise models are 
hand-tuned to plausible ranges rather than calibrated to a specific real sensor, the sweep 
covers a limited set of tasks and hands, and sim-to-real transfer is validated only briefly. 
Most fundamentally, the platform extracts tactile signals from rigid-body contact queries, so 
it does not model the skin folding around an object—the very deformation that, as Chapter 2 
noted, the slowly-adapting afferents of the biological hand rely on to read out local geometry.

5.3 Future Directions
The two threads suggest a shared agenda in which each tool improves the other.
Closing the loop between brain and robot. Most directly, the scalable robot 

simulator—with its deformable, thermal, and contact-audio sensors—can generate far more 
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diverse tactile stimuli than any in-vivo experiment, which could be used to design richer neu-
ral datasets and lift the stimulus-diversity ceiling that currently limits the brain modeling. 
Conversely, the recurrent EAD encoders that best matched cortex are natural candidates for 
the tactile front-end of a robot policy, testing whether biologically aligned representations 
transfer to better manipulation. Bridging the two more tightly, one could run the clas-
sic exploratory procedures of human haptics—lateral motion for texture, static pressure for 
compliance, sifting granular media and fluids, which the underlying physics engine simulates 
well—through the simulated hand and feed their outputs into the neural models, connecting 
ethological exploration to both dexterity and cortical modeling.

Co-evolving tactile hardware and software. A recurring theme across both studies 
is that the sensing surface and the algorithm that consumes it are best studied together. By 
making sensor type, placement, and resolution design variables rather than fixed givens, the 
simulation platform can be used not only to choose among existing sensors but to inform what 
sensors to build, co-designing the hardware and the policy in a single loop. Realizing this in 
the real world hinges on tightening the sim-to-real gap, which is best done hand-in-hand with 
the people building the sensors. Working directly with tactile-sensor hardware developers—
calibrating the simulated noise, hysteresis, and deformation models against measurements 
from their devices—would let the platform serve as a faithful design tool, so that the same 
experiment that decides which abstraction a policy needs can also feed back into the next 
generation of sensorized hands.

Multisensory fusion beyond concatenation. Both studies deliberately treat touch 
largely in isolation, yet biological perception is multisensory, and the haptic system itself 
already fuses cutaneous, kinesthetic (proprioceptive), and motor streams (Chapter 2). A 
natural and important next direction is therefore to integrate tactile sensing with proprio-
ception, vision, language, and even the contact audio the simulator can synthesize, and to 
ask where and how that fusion should occur. Current multimodal touch models typically 
join the modalities only at a final embedding layer [70, 71]; inspired by the brain’s pervasive 
feedback across intermediate processing stages, one could instead build architectures with 
hierarchical fusion operations—cross-attention, co-attention, and rerouting—endowed with 
the recurrence and long-range feedback that proved decisive in the rodent-brain study. We 
hypothesize that such models would be more sample-efficient and would generalize better to 
out-of-distribution objects than late-fusion or unimodal baselines. They could be evaluated 
precisely on the tasks where vision alone struggles—locating an occluded object in a pile, 
handling soft or slippery objects, and precise assembly such as cable insertion—both quanti-
tatively on task success and qualitatively on whether a model anticipates, for instance, that 
supporting the base of a slippery object eases the grasp. Analyzing the error patterns of 
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vision-only, tactile-only, and fused models would reveal whether multimodal touch inherits 
the strengths of each channel without their weaknesses, and whether it begins to approach 
brain-like one- or few-shot efficiency.

Lower-level extensions. Several smaller steps follow from the limitations above: mov-
ing beyond rigid-body contact toward finite-element, deformable skin to capture the folding 
signal that biological slowly-adapting afferents rely on; jointly training sensing and action so 
that touch is genuinely active rather than a passive readout; and incorporating temperature 
with the asymmetric, protective dynamic ranges observed in biological thermoreception.

Pursued together, these directions point toward tactile systems—biological and artificial—
understood and built on a common, simulation-grounded foundation.

5.4 Broader Impacts
The questions pursued here reach beyond robot learning. For industry, many contact-

rich, high-precision tasks still depend on human labor; robots equipped with capable visuo-
tactile models could extend autonomy into settings such as healthcare and manufacturing 
where vision alone is insufficient. For neuroscience, the rodent-brain study offers a first 
quantitative characterization of the inductive biases a model needs to match somatosensory 
cortex—a system far less understood than visual cortex—and a template for asking the same 
of other tactile areas. For human–robot interaction, aligning a robot’s internal representa-
tions of object properties with our own, rather than only its outward behavior, is a step 
toward machines that handle objects in a natural, predictable, and safe way—a prerequisite 
for robots operating alongside people in homes and workplaces. For the research community, 
the platform and models provide reusable baselines for tactile sensing across embodiments, 
lowering the barrier to incorporating touch into multimodal models and helping populate 
the still-underexplored intersection of computational neuroscience and embodied AI. As with 
any advance in autonomy, these benefits carry responsibilities—most notably the potential 
disruption of manual-labor employment—that call for thoughtful deployment and proactive 
workforce and policy planning.
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