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Though I know I'll never lose affection

For people and things that went before

I know I'll often stop and think about them
In my life, I love you more

In my life, I love you more
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to run are provided in the README.md file. You are free to do whatever you'd like with the code. I
have used the MIT license.

1 https://scholar.google.co.uk/scholar_labs/search
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3 https://chatgpt.com/codex
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ABSTRACT

Humans judge grasp security through a combination of tactile, visual, and proprioceptive cues,
with fingertip contact feedback playing a central role before and during lifting. Robotic hands, by
contrast, still largely rely on reactive methods that respond only after signs of slip or instability have
already appeared. This dissertation asks whether a robot can use a short recent history of contact
information to warn that a grasp is likely to become unstable in the near future.

To answer this, the project develops a simulation-based pipeline in MuJoCo using the ORCA
hand and a set of YCB objects. Candidate grasps are generated through energy-based optimisation,
replayed under gravity, and recorded over time. From each replay, the system extracts compact
fingertip contact features: normal and shear force at each fingertip. These force histories are then
used to build a supervised prediction task in which the model must decide whether a grasp will
remain stable or become unstable shortly afterwards. The study compares three model families for
this task: a CNN, a GRU, and an LSTM.

Across unseen test objects, all three models learn useful predictive structure from these force
histories alone. This shows that predictive grasp assessment does not necessarily require raw tact-
ile images tied to one specific sensor design. On the baseline benchmark task, the GRU gives the
strongest overall performance. However, when observation time is treated as part of the total de-
cision latency, much shorter windows become more attractive, and a short-window LSTM becomes
the preferred practical operating point under the latency-aware selection rule used.
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INTRODUCTION

The human hand performs a diverse range of complex actions, including grasping, holding, and
manipulating objects. Designing an artificial hand that matches this level of control and adaptab-
ility remains a fundamental challenge [1]. Human grasp control does not depend on touch alone;
it combines tactile, visual, and proprioceptive cues with predictions about the consequences of ac-
tion. This anticipatory view is consistent with active-inference accounts, which treat perception and
action as coupled processes shaped by beliefs about future states and uncertainty [2, 3]. Related
motor-control work shows that people adapt their movements as uncertainty changes, rather than
only correcting errors after they occur [4]. The present work focuses on the tactile component of
this broader process. Once contact is made, fingertip information facilitates subtle adjustments to
hand pose and grip force before grasp failure occurs [5]. In this sense, human grasping functions
not merely as a reactive process, but as an anticipatory one.

Conversely, robotic hands typically lack this anticipatory ability, relying instead on reactive
strategies. To bridge this gap, modern robotic systems increasingly integrate touch with vision.
Vision-based tactile sensors such as GelSight [6], DIGIT [7], TacTip [8], and FingerVision [9] have
improved manipulation performance across applications such as warehouse automation [10] and
automated recycling [11]. Yet, researchers still commonly treat grasp stability as a reactive problem.
Controllers attempt recovery by adjusting grip force or pose once they detect instability.

A grasp often fails through slip. Slip can begin as incipient slip, where only part of the contact
interface starts to move, before progressing to gross slip, where the object slides relative to the hand
[12]. For this reason, many reactive systems focus on detecting incipient slip rather than waiting for
gross slip, as this enables earlier corrective action [13]. Detecting incipient slip still matters, but it
remains reactive: some part of the contact has already started to move. For dexterous manipulation,
a more ambitious goal involves recognising increasing grasp risk before any observable slip cue
appears.

This dissertation examines grasp stability from a predictive perspective. The central question is
whether short histories of contact information can provide an early warning of near-future grasp
instability. Constructing such a model from real tactile data presents two main difficulties: first,
collecting large, well-labelled temporal datasets on hardware takes significant time and expense;
second, raw tactile observations often depend heavily upon the specific sensor employed. Thus, the
present work adopts a simulation-based approach and focuses on physically meaningful contact
features, such as fingertip normal and shear contact forces, rather than raw tactile images.

This dissertation makes three methodological contributions. First, it defines a simulation-based
pipeline that combines dexterous grasp generation, controlled grasp replay, contact-feature extrac-
tion, and temporal window labelling for predictive grasp-stability learning. Secondly, it studies
whether short histories of normal and shear contact force can provide useful early warning of
instability without relying on sensor-specific tactile imagery. Thirdly, it establishes an evaluation
strategy that compares temporal prediction models across training objects and unseen objects us-
ing the same prediction task and labelling scheme.

The working hypothesis is that short histories of normal and shear contact dynamics contain
enough information to provide useful early warnings of grasp instability. If this hypothesis
holds, predictive grasp assessment may not require raw sensor-specific tactile imagery, and
lower-dimensional contact features may still support anticipatory manipulation.

This thesis is structured as follows. Chapter 2 reviews prior work on tactile sensing, slip detec-
tion, predictive grasp assessment, and simulation-based learning. Chapter 3 describes the proposed
pipeline, grasp generation, data extraction, predictive window labelling, model design, and training
protocol. Chapter 4 evaluates the predictive models and discusses what the results imply for model
design and operating-window choice. Chapter 5 concludes the dissertation by returning to the cent-
ral question, summarising the main contributions, and outlining the most important limitations and
next steps.



LITERATURE REVIEW

Chapter 1 introduced the central question of this dissertation: whether short histories of contact
information can provide an early warning of near-future grasp instability. To place that question on
firmer ground, it is first necessary to review the relevant literature. The work most closely related
to this dissertation spans tactile sensing, contact mechanics and slip, reactive grasp monitoring,
predictive grasp assessment, and simulation-based learning. This chapter reviews those areas in
order to show what is already established, where the main limitations remain, and why predictive
grasp-stability forecasting remains a distinct problem.

2.1 TOUCH AS A SOURCE OF GRASP INFORMATION

During robot manipulation, vision and touch provide complementary information. Vision supplies
global scene information, such as object pose, scene layout, and free space, whereas touch provides
local information at the contact area. Recent benchmarks confirm that no single modality works
best in every setting. Luu et al. [14] show that tactile input becomes especially useful when visual
information becomes ambiguous or occluded, whilst Liu et al. [15] show that even sparse tactile
signals improve dexterous manipulation performance when combined with vision.

This distinction matters for grasp stability. Vision can guide the hand towards an object, but once
contact begins, the success of the grasp depends on what happens at the point of contact. From
that point, touch reveals the contact location, changes in contact force, and any motion of the object
relative to the hand. Touch does more than supplement vision. It directly indicates whether the
grasp remains secure.

Vision-based tactile sensors provide richer contact information than older sensors measuring only
force and torque. Sensors such as GelSight [6], DIGIT [7], TacTip [8], and FingerVision [9] yield
dense observations of contact deformation, marker motion, and local geometry. Li et al. [16] show
that these sensors can estimate shape, contact geometry, and force-related properties. NeuralFeels
[17] employs visuo-tactile input to estimate object shape and pose during in-hand manipulation,
TouchSDF [18] reconstructs 3D geometry from tactile observations, and AnyRotate [19] utilises
dense tactile sensing to recover from unstable grasps while rotating unseen objects. Collectively,
these studies show that tactile sensing captures information directly relevant to secure object ma-
nipulation.

(A) (B) © (D)

Figure 2.1: Examples of tactile sensors and their tactile reading representations. (A) TacTip [8], (B) DIGIT [7],
(C) BioTacTip[20], (D) GelSight [6].
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2.2 CONTACT MECHANICS, SLIP, AND GRASP STABILITY

When a fingertip presses on an object, the contact force comprises two components: a normal force
acting perpendicular to the surface and a tangential or shear force acting along it. Under Coulomb
friction, the shear force must remain within the friction cone defined by the coefficient of friction
and the available normal force [21]. If the shear force exceeds the limit imposed by the available
normal force, the contact starts to slide.

This clarifies why grip force alone fails to guarantee a stable grasp. Taylor et al. [22] note that
slip occurs when grasping force and friction prove insufficient to maintain force closure, preventing
the grasp from resisting external disturbance. In practice, though, force levels represent only one
component of the problem. Contact location, contact area, object shape, and the moments produced
about the object also dictate grasp robustness; thus, a grasp might apply a large force yet remain
unstable if the contacts occupy poor positions.

Chen et al. [12] distinguish between incipient slip and gross slip. In incipient slip, some parts of
the contact area begin to move while other parts remain fixed. In gross slip, the object slides relative
to the sensor. This difference matters because gross slip indicates obvious failure, whereas incipient
slip acts as an earlier warning sign.

These ideas show that grasp stability depends on more than grip force alone. It depends on how
normal force, shear force, friction, and contact location interact during contact.

2.3 REACTIVE MONITORING AND PREDICTIVE GRASP ASSESSMENT

Much of the tactile grasping literature frames stability as a reactive monitoring problem. In this
setting, the robot monitors tactile signals during or after contact, detects slip once it begins, and
then adjusts grip force or hand pose to recover. For vision-based tactile sensors, this often involves
tracking motion on the sensor surface. Dong et al. [23] used GelSight to detect translational and
rotational slip from relative motion, marker displacement, and changes in contact area. Dong et al.
[24] later monitored incipient slip with GelSlim by comparing the observed deformation field with
the motion expected from a rigid contact patch, enabling earlier warning before gross slip. Lu et
al. [13] similarly classify no-slip, incipient slip, and gross slip states with a NeuroTac sensor. These
methods provide valuable warning signals, but they still operate after local slip has already started.

Reactive tactile sensing also supports closed-loop grasp control. Ford et al. [25] use tactile estim-
ates of contact pose and force to regulate grip force continuously in a multi-fingered hand. Jawale et
al. [26] combine slip detection with slip-severity estimation to guide corrective control without over-
compensating. Ayral et al. [27] combine fast slip cues with contact localisation to update internal
forces online in a multifingered grasp. AnyRotate [19] shows that dense tactile sensing can help a
policy detect unstable grasps and recover while manipulating unseen objects. Although these sys-
tems can preserve or recover a grasp, they remain reactive, because their control logic begins once
instability has already become visible in the tactile signal.

Predictive work asks a different question: can a system judge grasp security before failure be-
comes obvious? Calandra et al. [28] show that post-contact visuo-tactile observations improve grasp-
outcome prediction relative to vision alone, demonstrating that touch helps assess a grasp’s chance
of success. Zapata-Impata et al. [29] provide a more direct example of predictive grasp assessment,
using BioTac measurements to predict grasp stability and slip before lift. These studies mark im-
portant steps towards anticipatory grasping, but they also expose limitations relevant to the present
dissertation: the work relies on strongly sensor-specific observations, the prediction targets remain
coarse, and collecting large, well-labelled predictive datasets on hardware remains slow and labour-
intensive.

This literature separates three related tasks: predicting grasp outcome after contact, detecting
incipient slip once local motion has begun, and controlling grasps reactively from tactile feedback.
The narrower forecasting problem addressed here has received less attention: whether short histor-
ies of normal and shear force can predict that an ongoing grasp will become unstable soon, before
explicit slip cues appear.

3
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2.4 SIMULATION-BASED LEARNING AND GRASP GENERATION

Training and testing grasping systems directly on hardware proves slow, labour-intensive, and dif-
ficult to scale. Simulation has thus emerged as an essential tool in robot learning, particularly for
trials requiring high-volume data under controlled conditions. General-purpose simulators such as
MuJoCo [30] and Isaac Lab [31] support this broader trend, while TACTO [32] and Tactile Gym 2.0
[33] focus more directly on tactile sensing. For grasp-stability prediction, simulation facilitates the
generation of many candidate grasps, enables their controlled replaying, and provides the contact
data and outcome labels required for learning and evaluation.

TACTO is especially relevant here because it demonstrates that simulated tactile sensing can
support large-scale predictive learning. Wang et al. [32] used the simulator to train a grasp-stability
predictor from one million simulated grasps, illustrating how simulation can scale tactile dataset
generation far beyond what is practical with physical hardware alone.

Simulation also supports policies that transfer to real hardware. Su et al. [34] show that tactile
policies trained in simulation generalise across unseen objects to real robots. Yet, transfer remains
non-trivial. Luo et al. [35] argue that tactile sensing resists accurate simulation due to reliance on
deformable media, contact mechanics, and the complex process transforming deformation into elec-
trical or image-like signals. Friction, compliance, contact force, and shear complicate exact matching,
creating a sim-to-real gap. Researchers must view simulation as a practical method for generating
controlled predictive datasets, rather than proof that models trained in simulation function un-
changed on physical hardware.

Building a stability-prediction model also necessitates a method for generating plausible grasps
for data collection. Here, the relevant literature focuses on dexterous grasp synthesis. Liu et al. [36]
incorporate force closure directly into differentiable grasp optimisation, enabling the refinement of
hand poses towards grasps that remain physically stable and geometrically sound. DexGraspNet
[37] scales this approach into a dataset-generation pipeline by combining force-closure-inspired
objectives with constraints on contact distance, penetration, self-collision, and joint limits.

This literature matters because the data used here should come from plausible candidate grasps
rather than arbitrary hand-object collisions. By generating grasps under constraints on contact,
friction, collision, and feasibility, the later prediction task can focus on when a plausible grasp
becomes unstable.

2.5 RESEARCH GAP AND SCOPE

The literature points to two gaps relevant to this dissertation. First, much of the work on grasp sta-
bility either detects slip after it has started or predicts coarse grasp outcomes from sensor-specific
observations. Fewer studies ask whether an apparently stable grasp will become unstable within
a short future interval while no explicit slip cue is yet visible. Secondly, predictive tactile methods
often depend on raw tactile images, deformation fields, or feature encodings tied closely to a par-
ticular sensor. The literature still does not show clearly whether simpler contact signals, such as
normal and shear force, are enough for this forecasting task.

This dissertation addresses a narrower question: can short temporal windows of normal and
shear contact forces provide an early warning that a grasp will become unstable? It studies that
question in simulation through a pipeline that combines dexterous grasp generation, contact-feature
extraction, temporal labelling, and evaluation across a range of objects, including objects not seen
during training.
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Chapter 2 identified the main gap addressed in this dissertation: whether short temporal windows
of sensor-invariant contact information can provide an early warning of grasp instability. Answering
that question requires more than a prediction model alone. It also requires a method for generating
plausible grasps, replaying them under controlled conditions, extracting meaningful contact fea-
tures, and assigning labels that refer to future instability rather than only to the present state. This
chapter therefore describes the simulation-based pipeline used to turn that research question into a
supervised prediction problem.

3.1 GRASP GENERATION

The grasp-generation stage draws on DexGraspNet [37]. It adapts that framework for the ORCA
hand [38] instead of the ShadowHand [39], MANO [40], and Allegro [41]. It also simplifies some
operations so the pipeline runs reliably on laptop-class hardware. The method keeps the main idea
of energy-based grasp synthesis while replacing expensive components with lighter alternatives.

At a high level, the grasp-generation pipeline has five parts. First, the pipeline represents the
object and hand in a form that suits MuJoCo simulation and geometric optimisation. Secondly, it
defines a discrete set of plausible contact locations on the hand, so the energy focuses on mech-
anically meaningful regions. Thirdly, a structured pre-grasp places the open hand near the object
with a sensible approach direction. Fourthly, the optimiser refines this pre-grasp by minimising an
energy function to produce a physically plausible grasp candidate. Finally, the pipeline replays the
resulting candidates in simulation and filters them so that only physically usable grasps move to
the data-generation stage. The following subsections describe these parts in order.

3.1.1  Object and Hand Representation

(a) a_toy_airplane (b) cracker_box (c) large_marker

Figure 3.1: Sample of three YCB Objects in MuJoCo after pre-processing.

Grasp generation needs digital models of both the object and the hand. These models give the
simulator a three-dimensional description of each item’s shape and physical properties, such as
mass and size. Researchers have developed many object datasets for robotic manipulation, including
YCB [42], GraspFactory [43], and Google Scanned Objects [44]. These datasets commonly provide
3D meshes and textures for a range of objects, either from scans of real items or from synthetic
modelling. This work uses the YCB object dataset for two reasons. First, robotic grasping researchers
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use it widely, which makes comparison with earlier studies easier. Secondly, many YCB objects also
have physical counterparts, which supports possible future sim-to-real transfer.

This work uses MuJoCo, but the YCB meshes need pre-processing before they can run in the
simulator. The pre-processing pipeline first repairs surface issues such as holes, inverted faces, and
incorrect normal directions. It then places the object in a consistent upright reference frame and
re-centres it at its centre of mass. Finally, it assigns object mass and diagonal inertia, and splits
the mesh into a small number of convex parts that act as collision meshes in MuJoCo. Figure 3.1
illustrates three random YCB objects within MuJoCo.

Grasp generation and simulation use the ORCA hand model. ORCA has a multi-fingered robotic
design with an anthropomorphic shape. It combines fingertip tactile sensing with finger geometry
that stays close to the finger’s original form. This combination differs from many vision-based tact-
ile systems, where the sensing hardware can grow bulky and can change the fingertip shape. That
combination makes ORCA a good platform for studying grasp stability from contact information
in a hand form closer to a natural finger. The ORCA hand description repository provides MuJoCo-
compatible hand-description files®, so the pipeline needs no extra hand-model pre-processing. Fig-
ure 3.2 shows the ORCA hand in MuJoCo using the description files, modified to not include the
base/wrist.

(a) Front (b) Back

Figure 3.2: ORCA hand model in MuJoCo, modified to exclude the wrist/base.

The ORCA hand has 17 degrees of freedom (DoF): 16 finger-joint DoF plus the wrist. During grasp
generation, the wrist is treated as a free pose, while a 16-dimensional joint vector describes the
finger joint angles,

0 cR'®, (1)

A grasp configuration, g, combines the wrist pose and the finger joint angles:
9= (P,R,0), (2)

where P € R3 denotes the wrist position, R € R® gives a continuous 6-D parameterisation of wrist
orientation, and 0 specifies the finger joint angles. The 6-D orientation parameterisation gives a
smooth, unconstrained representation for grasp generation. It avoids the discontinuities of Euler
angles and the unit-norm constraint of quaternions. Internally, the system converts this representa-
tion into a rotation matrix and then a quaternion for use in MuJoCo.

3.1.2 Contact Candidate Set

Grasp synthesis needs a finite set of contact candidate locations on the hand. Evaluating contact
over the whole hand mesh would require too much computation and would let the energy function
focus on regions unlikely to matter in a grasp. This method searches only a discrete set of plausible
contact locations on the ORCA hand, following the same general idea as DexGraspNet.

1 https://github.com/orcahand/orcahand_description
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When grasp generation starts, the method builds these candidate locations from the ORCA col-
lision meshes. It uses ten contact-bearing regions in total, with two on each finger. Within each
region, it identifies a palm-facing patch and selects 12 candidate contact points using farthest-point
sampling. This gives a fixed set of N = 120 candidate contact points for each optimisation run. The
sampling strategy spreads the points across the available contact area instead of letting them cluster
in one small part of the surface. After this step, the candidate set stays fixed for that optimisation
run. Figure 3.3 shows a sample of these points on the ORCA hand.

The contact candidates serve two purposes. First, they mark the hand locations where the method
computes grasp energy. Secondly, they keep the optimisation focused on surfaces that can realistic-
ally make contact during a grasp. This encourages physically plausible grasp configurations instead
of letting arbitrary or mechanically irrelevant parts of the hand geometry dominate the energy.

Figure 3.3: Contact candidate points (red spheres) on the ORCA hand, selected by farthest-point sampling
across the palm-sided surfaces of the 10 available regions.

3.1.3 Pre-grasp Initialisation

The optimiser does not start from an arbitrary hand pose. A purely random initialisation would
waste many iterations on poses where the palm faces away from the object, the fingers start too
closed, or the hand already sits in self-collision. The pipeline instead samples a structured pre-
grasp that places an open ORCA hand near a plausible approach direction before optimisation
begins.

Let O denote the transformed object mesh and let ¢ denote its centroid. The sampler first com-
putes the convex hull of O and inflates it by moving each hull vertex away from c by a fixed distance
p. It then samples a point a on this inflated hull. The nearest point s on the original object surface
defines an inward surface direction:

Ss—a
n

(3)

ls—all2”

The sampler then jitters this direction within a cone of half-angle « to get a candidate approach
direction fi. It orients the wrist so that the palm faces along i, applies a random roll angle about that
axis, and translates the wrist backwards from the candidate contact region by a random standoff
distance d. In the implementation, it places the hand so that a fixed grasp-focus point in the palm
lies near the sampled anchor. This gives the initial pose a clear geometric meaning: the fingertips
point towards a plausible contact region, while enough free space remains for the optimiser to refine
the grasp.

The current implementation uses an inflation distance of 0.08 m, a standoff range of 0.06 m to
0.10 m, and a cone half-angle of 30°. The sampler rejects candidate approach directions with a
positive vertical component, so it does not favour unrealistic upward approaches from underneath
the object. Unlike DexGraspNet, the method does not jitter the finger joints around a reference
posture. Instead, the hand starts from a fixed open configuration chosen to keep the grasp cavity
available for the later optimisation stage.

7
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Figure 3.4: Example of a pre-grasp initialisation for the foam brick object. The blue hull shows the inflated
object convex hull. An orange anchor point marks a sample on that hull, and the nearest point
on the true object surface (red) defines an inward approach direction (magenta). The method then
places the hand with a random roll and standoff while the fingers remain in a fixed open posture
(teal).

3.1.4 Energy-based Optimisation

From a sampled pre-grasp, go, the optimiser searches for a configuration with low energy. Low
energy means that contact candidate regions lie close to the object, the resulting contacts oppose
forces effectively, collisions stay small, and joint angles remain within limits. The total energy takes
the form

E(g) = WaisEdis + WecEge + WpenEpen + WspenEspen + WjointEjoint' (4)

The energy has the following terms.

DISTANCE ENERGY. At each optimisation step, the current hand pose transforms the N = 120
contact candidate points, denoted p1,p2,...,pn With p; € R3, from the hand frame into world
coordinates. For each transformed point, the signed distance d(p;) measures the distance to the
object surface. The value equals zero on the surface, takes positive values outside the object, and
takes negative values inside it. The distance energy becomes

N
Egis = ) _ld(pi)l. (5)
i=1

This term reaches its smallest value when a contact candidate lies on, or close to, the object surface.
Taking the absolute value penalises both a gap between the hand and object and penetration into
the object. This encourages the optimiser to move the candidate contact regions towards gentle
surface contact instead of leaving them far away or pushing them deeply into the object.

FORCE-CLOSURE ENERGY. The signed-distance calculation also provides a local surface normal
for each transformed contact candidate. Reversing this direction gives an inward-pointing contact
normal, ¢; € R3. In the implementation, this inward normal gives the direction of the force that
contact would apply to the object. Stacking these directions gives the vector

4
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To check how well the full set of candidate contacts can balance the object, the method uses the

grasp matrix
G=[ B b 1 )
1l -+ Ipndx

where p; denotes the position of the ith candidate contact point, and [pi]x denotes the matrix form
of the cross product with p;:

Pix 0 —Piz Piy
Pi= Piy |’ [pd x = Piz 0 —Pix| - (8)
Piz —Piy  Pix 0

In the grasp matrix, I3 denotes the 3 x 3 identity matrix. For each candidate point p;, this matrix
maps a contact-force direction applied at that point to its contribution to the net force and net
moment about the object. The repeated identity blocks in the top row of G pass each contact vector
through unchanged, so the block-matrix multiplication sums them to give the resultant force. The
bottom row uses [pilx to convert each contact vector into the corresponding moment, p; x ci, and
then sums those moments.

Applying the grasp matrix in eq. (7) to the stacked contact-force directions in eq. (6) gives the
combined force and moment generated by all candidate contacts:

Fx
C1 Fy
C
eclls Is 1 2| T ©)
[P1]>< [PN]X My
CN My
LM, |
Efe = FZ +Ff + F2+ M3 + M + M2 (10)

Here, Fx,Fy, and F, denote the components of the resulting net force, while My, My, and M,
represent the components of the resulting net moment. Under this approximation, the force-closure
energy in eq. (10) stays small when the candidate contacts roughly balance one another, leaving
little residual force or moment. A low value shows good force and moment balance, but it does not
guarantee grasp stability.

PENETRATION ENERGY. The distance energy encourages candidate contact points to move to-
wards the object surface, but it does not stop other parts of the hand from passing through the
object. A separate penetration term penalises overlap between the object and the rest of the hand.

To measure this, the method follows the reverse-penetration idea used in DexGraspNet. Instead
of sampling points on the hand and asking whether they lie inside the object, it samples points
on the object surface and asks whether they lie inside the hand. This approach handles thin or
imperfect object meshes more robustly. Here, the method replaces the object with its convex hull
and samples 2000 surface points from it. If S, denotes the set of sampled points on the object
surface and dy(q) denotes the signed distance from q to the hand, then

I:—pen = Z max(_dH(q)ro) . (11)
q€ES,

A sampled point contributes zero when it lies outside the hand or exactly on its surface. It con-
tributes a positive penalty only when it lies inside the hand, in which case the penalty equals its
penetration depth. This term stays small when the sampled object-surface points remain outside
the hand and increases as the object becomes embedded in the hand. To keep the computation
lightweight, the method approximates the hand signed-distance field analytically using capsules
for the finger links and a box for the palm, rather than an expensive full mesh query.

9



10

| METHODS

Capsulei  Capsulej

)
2

< P

.s 1

Sii |

'

'

'

' '
(a) Capsules and a box representing the simplified geo- (b) Side-view diagram showing the capsule centre seg-
metry of the ORCA hand'’s fingers and palm. ments (dashed lines), capsule radius rj, and separa-

tion s ij-

Figure 3.5: Simplified geometry used in the penetration and self-penetration energy terms.

SELF-PENETRATION ENERGY. The optimiser must also avoid configurations where different fin-
gers pass through one another. Using the capsule approximation shown in fig. 3.5a, the method
computes the shortest separation between capsule centre segments, s;;, for each valid pair, as illus-
trated in fig. 3.5b. If capsules i and j have radii r; and T}, then their surface-to-surface gap equals

9ij =Sij —Ti—Tj, (12)

and the self-penetration energy becomes

Espen = Z max (_gijlo) . (13)
(ij)e®

Here, capsules i and j denote two simplified hand links. The set P lists the capsule pairs checked
for collision. It compares links from different fingers and skips mechanically connected links on the
same finger. The quantity si; gives the shortest straight-line separation between the centre segments
of capsules i and j. The gap gi; takes positive values when the capsules lie apart, zero when they
just touch, and negative values when the capsules penetrate one another. The term max(—gsj,0)
contributes zero when no collision occurs and a positive penalty when one capsule penetrates
another. This term stays small when different fingers remain clear of one another throughout the

grasp.

JOINT-LIMIT ENERGY. The optimiser should also keep each finger joint within its allowed range.
Let 0 denote the current angle of joint k, with lower and upper limits 67" and 6%'®. The joint-limit

energy becomes
16

Ejoint = Z {max(ek — 0%, 0) + max (61131“ — 0y, 0)} . (14)
k=1
Each term contributes zero when the joint lies within its allowed range and increases linearly with
the amount of violation once the joint moves beyond either limit. These lower and upper bounds
come from the ORCA hand description model files used to build the simulator. The implementation
also clips every candidate proposal to the allowed joint range before evaluation. This keeps the
search stable and avoids wasting iterations on impossible finger postures.
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(a) Apple (b) Foam Brick (c) Rubik’s Cube

Figure 3.6: Examples of randomly selected grasps developed from the grasp generation pipeline.

PRACTICAL DEVIATIONS FROM DEXGRASPNET. This implementation differs from DexGraspNet in
two main ways. First, the full bank of 120 candidate contact points stays fixed throughout each op-
timisation run, rather than augmenting the state with a smaller set of explicitly resampled contacts.
Secondly, the optimiser itself uses a simpler design. DexGraspNet uses a differentiable formulation
with Langevin-style updates, whereas this project uses simulated annealing.

Starting from the sampled pre-grasp go, each optimisation step applies an independent Gaussian
update to the wrist position, wrist orientation, and finger joint coordinates. The implementation
uses standard deviations of 0.005 m for wrist position, 0.02 for the 6-D wrist orientation represent-
ation, and 0.05 rad for the joint angles. After each proposed update, the implementation clips the
finger joints back into their allowed ranges before evaluating the energy.

If a proposal lowers the total energy, the optimiser accepts it immediately. Otherwise, it may still
accept the proposal with Boltzmann probability

P(accept) = exp (—A_IF) , (15)

where AE denotes the increase in energy and T denotes the current temperature. This means the op-
timiser can still accept a higher-energy proposal, but the chance drops as the energy increase grows
or the temperature falls. In the implementation, T decays exponentially from 1000 to 1 over 6000
iterations. The optimiser keeps track of the best grasp found anywhere along the search trajectory,
rather than simply returning the final state. The system then executes parallel optimisation runs
across CPU processes so that grasp generation remains practical on laptop hardware. The energy
weights used here follow

(Wdis, Wie, Wpen, Wspen, Wjoint) = (100,1,10,100, 1000). (16)

These values do not match the default DexGraspNet weights, which effectively use (100,1,100,10,1)
in the same order. Here, the weights place much stronger emphasis on joint feasibility and self-
collision avoidance, and less emphasis on object penetration. In practice, this helps the optimiser
reject implausible ORCA-hand grasps quickly while still encouraging the candidate contact regions
to approach the object surface and balance forces reasonably well.

3.2 GRASP REPLAY AND DATA RECORDING

The grasp-generation stage returns static hand configurations, but the prediction models receive
time-varying contact signals as inputs. The next stage of the present pipeline therefore replays each
candidate grasp in MuJoCo with physics enabled. Each replay starts from an already formed grasp
and then applies gravity to test whether the grasp stays stable. If it does, the contact signals should
remain steady. If the object starts to move or slip, those signals should change over time.

For replay, the system loads the ORCA hand directly into the optimised grasp pose. It sets the
finger joints to the optimised joint angles and holds those same joint targets throughout the simula-
tion. The replay uses no separate reaching, closing, or lifting controller. This means the replay tests
the quality of the grasp itself rather than the behaviour of a control policy.

1"
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At the start of replay, the system sets gravity to zero while it places the hand and object in the
optimised configuration. The system then switches gravity to

g=(0,0,—9.81)m/s?, (17)

so that only downward gravity acts during replay. This replay condition differs from DexGraspNet,
which validates grasps across six gravity directions. Each replay runs for 40000 time steps. With a
MuJoCo time step of dt =5 x 10~% s, this corresponds to about 20 seconds of simulated time per
grasp.

At every time step, the replay records the object position p¢, the object linear velocity v¢, and the
smallest signed distance between the hand and object, d;. The recorded quantity d; does not give
a single distance for the whole hand. More precisely, d; gives the smallest signed distance among
the object-hand contact pairs that MuJoCo is currently tracking. If MuJoCo reports no object-hand
contacts at time t, the method marks d{ as undefined. Finite values of d; show that some hand-
object contact exists, while missing values mark contact loss. The replay also records fingertip force
features for the thumb, index, middle, ring, and little fingers.

The model uses only contacts on the five fingertip bodies as inputs. This reflects the main sensing
assumption in this work: the predictive model uses fingertip tactile information rather than a full
contact map over the whole hand. Contacts on the palm or other finger links still affect the replay
physics, but the model does not include them in the learning features.

Let Cj ¢ denote the set of object-hand contacts assigned to fingertip j at time t. MuJoCo breaks
each contact force k € Cj ¢ into one normal component, Ny ¢, and two tangential components, Ay ¢
and By +. The method then records fingertip normal and shear forces as

Fnormal,j,t = Z ’Nk,t ’ Fshear,j,t = Z Ai,t + Bi/r (18)
ke Cj,t kGCj,t

Here, Ny ¢ acts along the local contact normal, while A} + and By« lie in the local contact plane.
The method sums all object contacts on the same fingertip to give one normal-force signal and one
shear-force signal for that finger.

This aggregation is a modelling choice rather than a direct simulation of raw tactile images. A
real vision-based tactile sensor often provides spatially distributed information across the fingertip
surface. Here, the method reduces that detail to fingertip-level normal and shear forces, so the
predictive models use compact contact features rather than raw tactile images or simulator-specific
contact pairs.

The feature vector at time t is

10
Xt = [Fnormal,l,tr F:shear,1 RYAREY] Fnormal,S,tr Fshear,5,t} ceR™. (19)

Each replay becomes a sequence of ten force signals. The prediction models use this force sequence
as input. The method keeps the object-motion and signed-distance traces separately and uses them
in the next section to define the stable and unstable windows for supervised training.

3-3 WINDOW LABELLING

A replayed grasp rarely stays in one condition for the full simulation. Some replays remain quiet
from start to finish, some become unstable almost immediately, and many begin stably before later
degrading. Assigning one label to the entire replay would discard the timing information needed
for prediction. Instead, the method handles the replay in three stages: first, it identifies the usable
part of the trajectory; secondly, it marks each timestep in that interval as stable or unstable; and
thirdly, it samples short force windows and gives them predictive labels.
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Figure 3.7: Replay data for the apple grasp shown in fig. 3.6a. Panels show (A) object position, (B) displace-
ment from the post-settling reference position, (C) object velocity v, (D) object speed |vi||2, (E)
the time derivative of object speed, (F) minimum hand-object signed distance d;, (G) aggregated
fingertip normal force, and (H) aggregated fingertip shear force. For each fingertip, normal force
is the summed absolute contact-normal force, while shear force is the summed two-dimensional
tangential magnitude in the local contact plane, as defined in eq. (18). The signed-distance set-
tling condition is given in eq. (22). Shaded regions show unstable periods (red) and stable periods
(green) based on the instability definition in eq. (23).
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3.3.1  Usable Replay Interval

Not every timestep is suitable for training. Immediately after gravity turns on, the object may shift
slightly before the grasp settles. Windows drawn from this initial transient mainly reflect replay
initialisation rather than grasp quality. The usable interval begins only after a short settling stage
and ends when contact ends.

The method uses two settling checks within the first 3 seconds of the replay. The first check uses
speed and searches for the earliest interval of duration 0.1 seconds during which

[Vill2 < Vsetttes Vsettle = 5 mm/s, (20)

so the object must remain slow for a sustained period rather than for a single isolated timestep.

The second check uses the hand-object signed distance and looks for the earliest interval of
duration 0.1 seconds during which the contact geometry changes little. To estimate the settled
distance, let d denote the median of the finite signed-distance values in the final 0.2 seconds of the
3 second search interval, and let

Tq = max(0.5 mm, 3 x 1.4826 x MAD), (21)

where MAD is the median absolute deviation about d. Here, T4 is the tolerance threshold around
the reference distance d. The term 1.4826 x MAD gives a robust estimate of standard deviation, and
the factor of 3 defines a three-sigma tolerance band [45]. The signed-distance condition is then

|d¢ —d| < T4. (22)

If both checks succeed, the method uses the later of the two indices as the settle point. This means
windows do not begin until both object motion and contact geometry have stabilised. If neither
check succeeds, the implementation falls back to the 3 second boundary as a conservative warm-up
point.

After this warm-up point, the method filters the replay in two further ways. First, it rejects a
replay if the signed distance remains below the depth threshold —dgepth, Where dgep, = 8 mm,
for at least 1 second. In practice, such trajectories reflect unrealistic overlap between the hand and
object rather than a meaningful grasp. Secondly, the usable interval ends at the first sustained loss
of contact. If the signed distance remains undefined for 0.1 seconds after settling, the method takes
the first timestimestep-wise ruleep of that missing-contact run as the contact end.

3.3.2 Timestep-wise Stability Labels

After the settle point and before contact ends, the method treats the remaining part of the replay
as the usable interval. Within this interval, each timestep receives an instability indicator based on
object speed:

ug =1 [HV’EHZ Z Vslip | / Vslip = 1.2 mm/s, (23)

where I[] is the indicator function. Here, uy = 1 marks the replay as unstable at timestep t, while
uy = 0 marks that timestep as stable. The threshold vg;, = 1.2 mm/s is used here as a fixed
labelling rule rather than as a tuned result-specific parameter. In the implementation, the same
speed threshold is applied unchanged across all objects, model families, and unseen-object splits.
This keeps the predictive task definition fixed, so later performance differences can be interpreted
as differences in model behaviour rather than as changes in how instability itself is labelled.

These timestep-wise labels do not yet define model samples. They simply describe the state of
the replay at each timestep. Consecutive timesteps with uy = 1 form unstable periods, and the
remaining periods form stable ones. The next stage builds predictive labels from these timestep-
wise labels. Figure 3.7 shows these periods as shaded regions.

3.3.3 Window Construction

The method then samples model inputs from the same usable interval. Each sample uses three time
spans: an observation window, a predictive offset, and a future horizon used to assign the label. Let
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Tw, To, and Ty, denote their durations respectively. With simulation step size At, the corresponding

step counts become
_[Tw _ [T ] _ [T
W‘WAJ' O_{At J’ H_[AJ' (24)

In the baseline configuration,
Tw =025, To =0.1s, Th =0.15s, (25)

which gives W = 400, O = 200, and H = 300 time steps at the current simulator step size. These
values are best understood as fixed benchmark-design choices. Together, they define a short-history
forecasting task: the observation window gives the model a brief recent force history, the predictive
offset requires a genuine lead time before the target interval begins, and the short future horizon
keeps the label local to the near future rather than to the full replay. The implementation keeps T,
and Ty, fixed across the later comparisons so that changes in performance can be attributed to model
choice, unseen objects, or observation-window length rather than to a moving task definition.

For every valid grasp, the method chooses candidate window starts from
tsettle <s < J‘contact_erlcl -W-0-H. (26)

Here, s denotes the start index of one sampled observation window. By default, the method samples
up to 20 distinct start indices from each valid grasp, with no start point chosen more than once.
When possible, it always includes the window that begins exactly at the settle point, and then
samples the remaining windows later in the same replay. This lets one replay provide many super-
vised examples while still keeping all windows from that replay in the same dataset split. The cap
of 20 sampled windows per grasp is also fixed across the reported experiments. This allows one
replay to contribute more than one supervised example while preventing a small number of long
replays from contributing an arbitrarily large share of the full dataset.

For a chosen start index s, the input tensor is

Xs = [fs, fsi1, v, fsrw_1], (27)

where X is the full observation window beginning at timestep s, and f; € R>*€ is the fingertip-
feature matrix at timestep t. The quantity C denotes the number of feature channels per fingertip.
In the default setting, C = 2, using the normal and shear forces defined in eq. (18), so

Fnormal,] it Fshear, 1,t

_H
oy
Il

(28)

Fnormal,S,t Fshear,5,t

3.3.4 Predictive Labels

The final label depends on what happens after the observation window, not on the current state
inside it. In other words, the label answers the question: if the model observes the force history in
Xs, does the grasp become unstable shortly afterwards?

For a window beginning at timestep s, the future target interval begins after both the observation
window and the predictive offset, so its first timestep is s + W 4 O. Let T denote the set of future
timesteps from that point up to whichever comes first: the end of the prediction horizon or the end
of contact. If no future timesteps remain, the method discards the sample.

Each timestep k € Ts already has an instability indicator wy defined by eq. (23). The proportion
of the target interval that is unstable is then

1
T‘S = — Z uk, (29)
ITs] keTs

where 15 = 0 means the whole target interval is stable and rs = 1 means the whole target interval
is unstable.

15
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The symbol ys denotes the final predictive label for the window that starts at s, where ys = 0
denotes a stable future interval and ys = 1 denotes an unstable future interval. Using yio, = 0.35
and Ypigh = 0.65, the method assigns the label as

1, Ts 2 Yhigh
Ys =40, Ts < Yiow, (30)

discarded, Yijow < Ts < Vhigh-

This ambiguity band excludes windows containing a mixture of stable and unstable behaviour. The
label depends on the future horizon rather than the current state within the observation window.
Figure 3.8 shows the opposite case: the horizon contains both stable and unstable periods, but only
28.24% of that horizon is unstable, so the method labels the window 0 (stable). The thresholds
Yiow = 0.35 and ypjgn = 0.65 are again fixed benchmark-design choices rather than tuned perform-
ance parameters. Their role is to exclude mixed target intervals near the transition boundary, so
that the supervised task emphasises clearly stable and clearly unstable futures instead of forcing a
binary decision on heavily ambiguous cases.
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Figure 3.8: Example of one observation window, predictive offset, and future horizon, marked by vertical
dashed lines on the replay force data for the apple grasp shown in fig. 3.6a. Red shading marks
unstable periods and green shading marks stable periods. In this example, the horizon contains
both behaviours, but because only 28.24% of the horizon is unstable, the window receives label 0
(stable). Panels (C-D) zoom in on panels (A-B).
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3.4 MODEL ARCHITECTURES

All predictive models discussed in this thesis consume the same normalised input tensor X €
RW*5XC defined in eq. (27). For each window, the model outputs one value zs describing how
strongly that window suggests future instability in the target interval defined in section 3.3.4. The
sigmoid function converts this value into a probability,

ps = 0(zs) = 1 (31)

1+e %’
where ps ~ 1 means the model predicts that the grasp will become unstable, and ps ~ 0 means
it predicts that the grasp will remain stable. Each sample contains the same observation window
regardless of architecture: W timesteps, five fingertips, and C = 2 force channels per fingertip in
the default setting, corresponding to normal force and shear force. The models do not operate on
raw tactile images. They operate on compact force histories derived from the simulation.

Keeping the input representation fixed makes the comparison easier to interpret. The models
do not differ in what information they receive. They differ only in how they summarise the force
history inside the window. The CNN searches for short local patterns in time, whereas the GRU
and LSTM build a running summary of how the grasp evolves. This comparison tests whether short
force patterns suffice or whether explicit temporal memory is more useful for this task. Figure 3.9
summarises the comparison before the next subsections describe the architectures.

Input
Observation window, X

W x5 x2
Normal and shear

force history .
reshape to temporal sequence flatten each timestep

flatten each timestep

A

(G LSTM

Short temporal filters Step-by-step sequence reading Step-by-step sequence reading
Local pattern summary Hidden-state summary Memory-based summary

sequence summary

pooled summary memory-based summary

Output
Predicted probability, ps

Unstable or stable
future interval

Figure 3.9: High-level comparison of the three predictive model families. Each model receives the same obser-
vation window Xg, defined in eq. (27), which contains the recent normal and shear force history.
The CNN summarises this window using local temporal filters, whereas the GRU and LSTM read
the sequence step by step and build an internal summary over time. All three models then output
the probability that the grasp will become unstable in the future target interval defined in sec-

tion 3.3.4.

3-4.1  Convolutional Neural Network (CNN)

The CNN first rearranges the observation window Xs from eq. (27) into a one-dimensional sequence.
It combines the five fingertips and two force channels, so the model receives the full observation
window as one sequence with 5C channels at each timestep.

The sequence then passes through three successive one-dimensional convolution layers. These
layers use kernel sizes of 5, 5, and 3 respectively. Here, kernel size refers to how many neighbouring

17



18

| METHODS

timesteps one convolution examines at once. For example, a kernel size of 5 means the model looks
at five consecutive timesteps before moving along the sequence. The full window is still available to
the model, but each convolution only looks at one short part at a time. As the filters slide across the
whole sequence, the CNN can detect the same kind of pattern wherever it appears in the window.
Stacking three convolution layers lets later layers combine and refine patterns detected by earlier
ones.

After each convolution, the network applies batch normalisation and GELU activation. The earlier
layers also use dropout. During training, dropout randomly ignores some of the values produced
within the network, which discourages the model from relying too heavily on one small set of
features. Dropout therefore helps the network generalise better to unseen grasps rather than mem-
orising specific details of the training set.

After this, adaptive average pooling compresses the time dimension into one summary vector for
the whole window. A small fully connected classifier then converts that summary into the future-
instability score zs.

This architecture matches the central idea introduced earlier in the dissertation: useful warning
signs of slip or loss of grasp stability may appear as short local changes in the force history before
full instability occurs. In this setting, the CNN looks for these short warning patterns anywhere
within the observation window, such as a brief rise in shear force, a short drop in normal force, or
a quick shift in how the load shifts across the fingertips.

3.4.2 Gated Recurrent Unit (GRU)

The GRU receives the observation window X from eq. (27), which contains W timesteps of normal
and shear force history across the five fingertips. Instead of scanning this window for short patterns
with convolutions, it reads the sequence one timestep at a time from start to finish. Each timestep
becomes a vector in R%C. In the default setting, this means each timestep contains ten values: two
force channels for each of the five fingertips.

After reading each timestep, the GRU updates an internal hidden state. This hidden state is the
model’s running summary of what it has seen so far in the grasp. Because the model carries that
summary forward through the sequence, the meaning of later force values can depend on what
happened earlier in the window.

After reading the full window, the GRU reduces the sequence to one summary vector and passes
it to a small fully connected classifier, which produces the future-instability score z;.

This architecture matches the case where the order of events matters. A rise in shear force may
carry a different meaning if it follows a gradual loss of normal force than if it follows a period of
steady loading. In this setting, the GRU tests whether the recent history of the grasp, rather than
only short isolated patterns, helps to predict future instability.

3.4.3 Long Short-Term Memory Network (LSTM)

The LSTM also receives the observation window X from eq. (27), containing the same W timesteps
of normal and shear force history. Each timestep becomes a vector in R>C. In the default setting,
this means each timestep contains ten values: two force channels for each of the five fingertips. The
LSTM then reads the window one step at a time.

The main difference from the GRU is the way the LSTM stores information. Instead of keeping
only one running summary, it keeps both a hidden state and a cell state. The cell state carries
information forward over longer parts of the sequence, while the hidden state reflects what is most
useful at the current timestep. As the LSTM reads each new timestep, it updates these two states
using both the new force values and the information already carried forward from earlier in the
window. This gives the model more control over what to keep, what to forget, and what should still
influence the prediction later in the sequence.

After processing the full window, the LSTM reduces the sequence to one summary vector and
passes it to a small fully connected classifier to produce the future-instability score z;.
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This architecture matches the case where the warning signs of instability build more gradually
across the observation window rather than appearing as one short change. In that setting, the LSTM
is better placed to hold earlier force trends until later events clarify them.

For the reported window-length experiments, each model family used one tuned configuration
across all window sizes. The CNN used 96 base channels. The GRU used two bidirectional recurrent
layers with hidden size 64, and the LSTM used one recurrent layer with hidden size 64. In the sweep,
both recurrent models used mean pooling across the window before the final classifier. This was a
deliberate sweep-level choice rather than an accidental leftover from Optuna: fixing mean pooling
for both recurrent models made the comparison more directly about how each model used the
full observed history, rather than allowing one recurrent model to rely only on the final hidden
state while the other pooled over the whole window. Keeping these settings fixed meant that the
window length could vary without changing the underlying model design. All three models share
the broader training procedure, which the next section describes.

3-5 TRAINING PROTOCOL AND SPLIT STRATEGY

The CNN, GRU, and LSTM models all use the same training pipeline. The same dataset format, fea-
ture normalisation, loss function, optimiser, early-stopping rule, decision-threshold-selection pro-
cedure, and evaluation code support all three model families. This keeps the comparison focused
on temporal modelling choices rather than differences in training procedure.

3.5.1 Split Strategy

The reported experiments use a multi-object split strategy in which the validation and test sets
contain objects unseen during training. For each object, the pipeline generates grasps as described
in section 3.1, records replay force data as described in section 3.2, and constructs predictive win-
dows and labels as described in sections 3.3.3 and 3.3.4. During this dataset-construction stage,
the pipeline keeps all windows extracted from the same replayed grasp together. This prevents
neighbouring windows from the same trajectory leaking across different parts of the experiment.

In total, the reported experiments use data from twelve objects. Eight objects provide training
data, two further objects provide validation data, and the remaining two objects serve as the final
test set. The models never see the test objects during training. This means the final evaluation
measures how well the models generalise to unseen objects, rather than only to unseen grasps of
familiar objects.

The final training, validation, and test sets combine all windows from the objects assigned to
each of these three groups. The dataset files store the split used for every saved sample, so other
researchers can reproduce the experiments.

3.5.2 Normalisation and Training Procedure

Before training, the method normalises the force values so that different fingertips and force chan-
nels sit on a comparable numerical scale. Without this step, one feature could dominate optimisa-
tion simply because its values take larger numerical values, rather than because it carries more
useful information. In this work, the method computes the normalisation statistics from the train-
ing split only. For each fingertip and each force channel, it estimates one mean and one standard
deviation using all training windows and all timesteps in the training set. It then applies these same
training-set statistics unchanged to the validation and test sets. If x denotes a raw feature tensor,
the normalised tensor becomes N

% = Htrain ) (32)

Otrain

where [rain and Oi,in denote the training-set mean and standard deviation. Both come from the
training split only. In practice, the implementation applies a small floor ¢ to the denominator so
that division by zero cannot occur. This prevents information from validation or test objects leaking

into the preprocessing stage.
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The pipeline then trains all three models as binary classifiers. For each observation window, the
model outputs the raw score zs introduced above, and the training loop compares this score with
the true label using binary cross-entropy with logits,

L(zs,ys) = BCEWithLOgitS(ZSrys)/ (33)

where zg is the raw score before the sigmoid transformation and ys € {0, 1} is the true label. This
loss combines two steps into one stable calculation: it first converts the raw score into a probability,
and then measures how well that probability matches the true stable or unstable label. The loss is
small when the model gives unstable windows high probabilities and stable windows low probab-
ilities, and it becomes larger when the model is confidently wrong. Using the raw score directly in
this combined form is more numerically stable during training than applying the sigmoid separ-
ately. Optimisation uses the AdamW optimiser. For the reported window-length sweep, each model
family used one tuned configuration across all window sizes. This means that settings such as batch
size, learning rate, weight decay, dropout, and the relative penalty assigned to unstable examples
can differ slightly between the CNN, GRU, and LSTM, but the training loop itself remains the same.

Training runs for at most 40 epochs. After each epoch, the method evaluates the current model on
the validation set. If its validation performance is the best seen so far, the method saves that version
of the model. Training can then continue, but if no later epoch performs better on the validation set,
the method uses the saved version for the final evaluation. Early stopping ends training after the
validation metric has failed to improve for the configured number of consecutive epochs, referred
to as the patience. For the reported sweep, the method keeps the model with the highest AUPRC
on the validation set for that seed.

AUPRC stands for area under the precision-recall curve. The metric uses the full set of validation
windows, not a single window. After an epoch, the same trained model scores every window in
the validation set. For each window, it outputs the predicted probability of future instability in the
target interval. The method then orders these windows from highest predicted instability probab-
ility to lowest. If windows that truly lead to future instability tend to appear near the top of this
ordering, the AUPRC increases.

The two terms in the name describe the measurement. Precision asks: among the windows given
high instability probabilities, how many really do lead to future instability? Recall asks: among all
windows that really do lead to future instability, how many receive high instability probabilities
from the model? AUPRC combines these two ideas into one number.

The AUPRC metric fits the practical aim of the project. The model should assign high probabilities
to windows that really do lead to future instability, without assigning similarly high probabilities
to too many windows that remain stable. That makes AUPRC more informative for model selection
than accuracy, which can still look strong even when the model does not separate unstable and
stable windows well.

3.5.3 Decision-threshold Selection

The models output probabilities, so the method must choose a decision threshold before it can
label each window as stable or unstable. This decision threshold is the probability boundary that
converts the predicted instability probability into a binary decision. A fixed decision threshold of
0.5 is the simplest option, but this work does not assume in advance that 0.5 is the best choice.
Instead, after the method selects the best model for a given seed, it uses the validation set to choose
the final decision threshold. In practice, this means trying many candidate decision thresholds on
the validation predictions and keeping the one that best matches the aim of the task. This matters
because the task is not symmetric: missing an unstable grasp is generally more costly than issuing
a conservative warning for a grasp that would have remained stable.

For each seed, the method tests 181 candidate decision thresholds between 0.05 and 0.95 on the
validation set. The chosen decision threshold is the one that gives the highest validation precision
while still keeping validation recall at or above 0.9. If none of the candidate decision thresholds
meets this recall target, the method uses the decision threshold with the best validation Fq-score
instead. The test split is not used during this process. The method evaluates it only after the valida-
tion predictions have already fixed the decision threshold. This search uses a dense validation-only
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grid, with values spaced every 0.005 across the interval from 0.05 to 0.95. In practice, this is fine-
grained enough to approximate continuous decision-threshold tuning while avoiding degenerate
edge decision thresholds near 0 and 1. The 0.9 minimum-recall target reflects the asymmetry of
the task: missing a future unstable interval is treated as more costly than issuing a conservative
warning for one that would have remained stable.

This protocol reflects the practical aim of the project: raising some conservative warnings is better
than missing a grasp that is about to become unstable.

3.5.4 Multi-seed Evaluation and Controlled Sweeps

The study repeats each training setting over five random seeds, namely 42 to 46. For every seed, it
repeats the full procedure: model initialisation, optimisation, early stopping, selection of the saved
model from the best validation epoch, selection of the final decision threshold, and final validation
and test evaluation. The reported results use the mean and standard deviation across seeds rather
than one favourable run. This gives a more reliable comparison by showing how sensitive each
setting is to random initialisation and data ordering.

The evaluation records loss, accuracy, precision, recall, F-score, AUROC, AUPRC, and the entries
of the confusion matrix. The checkpoint from the best-performing seed is also saved, but the com-
parative analysis uses the multi-seed summaries.

To compare the effect of window length, the window-length sweep keeps the end time of each
sample fixed across all window sizes. The method first generates a reference dataset at the longest
window length in the sweep. It then creates shorter windows by trimming frames from the start
of each reference window. As a result, each sample keeps the same end time, the same predictive
offset, the same future target interval, the same label, and the same split membership. The number
of samples in each split also remains fixed across window lengths. The only change is the amount
of past force history the model receives.

This makes the window-length sweep a controlled comparison of how much recent force history
is useful for prediction. Differences in performance then reflect the amount of recent force history
available, rather than changes in sample identity, label definition, or split composition.
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Chapter 3 described a full pipeline for predictive grasp-stability learning from replayed fingertip
force histories. This chapter asks three related questions: whether that formulation produces use-
ful predictive performance on objects not seen during training, what it implies for model choice
in practice, and how the resulting signal can be interpreted physically. It evaluates the proposed
models on a shared unseen-object benchmark, then examines how robust the conclusions remain
across split choice, observation-window length, and latency. It finally returns to the friction-cone
discussion from section 2.2 by comparing the learned models with a ratio-based proxy based on
that idea.

4.1 EXPERIMENTAL SETUP

4.1.1  Split Composition

The evaluation uses the multi-object split described in sections 3.2 and 3.3.3. Eight YCB objects
provide the training data: foam brick, gelatin box, lemon, mug, mustard bottle, master chef can,
pudding box, and sponge. Two further objects, apple and potted meat can, provide the validation
set used for early stopping and decision-threshold selection. The final test set contains the remaining
two objects, pear and Rubik’s cube. After window construction, the main comparison uses 43,978
training windows, 12,052 validation windows, and 14,587 test windows. The reported test results
therefore measure transfer to unseen objects, not only to unseen replays of familiar objects.

Each split contains a substantial number of both label classes. The training set contains 11,538
stable and 32,440 unstable windows, the validation set 4,152 stable and 7,900 unstable windows,
and the test set 5,955 stable and 8,632 unstable windows. The unstable class is more common
throughout, but the stable class is still large enough for a useful comparison between the two
classes.

In this chapter, each sampled observation window is treated as one evaluation example, rather
than treating the whole grasp as one example. A single grasp can therefore contribute several
overlapping windows, but all windows from that grasp stay in the same split. The reported metrics
are therefore window-level rather than grasp-level.

4.1.2 Tuning and Evaluation Protocol

To compare the prediction-model architectures fairly, one fixed prediction task is used. Each model
observes a 0.20 s window and predicts behaviour over the future interval defined in section 3.3.3: a
0.10 s offset followed by a 0.15 s horizon. The comparison then uses one saved baseline configuration
for each model family. These are the same multi-object configurations used in the CNN, GRU, and
LSTM notebooks. Table 4.1 summarises the broader Optuna search space used later in the chapter.

Each baseline configuration is trained over five random seeds (42—46). For each seed, the best
checkpoint is chosen by validation AUPRC. The final decision threshold is then chosen on the
validation set using the precision-at-minimum-recall rule described in sections 3.5.3 and 4.2. The
test set is used only after these choices are fixed.
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Setting group Settings varied during Optuna search

Optimisation Learning rate, weight decay, batch size, and the gradient-clipping limit used
to keep training stable.

Regularisation and stopping  Dropout, patience, and the minimum improvement required for early
stopping.
Threshold and class balance Validation selection metric, decision-threshold rule, minimum recall target,

and whether the loss reweights unstable examples according to the class
frequencies in the training set.

Architecture-specific settings =~ CNN: base channels.
GRU & LSTM: hidden size, number of recurrent layers, whether the
sequence is processed in one or both time directions, the way the sequence
is summarised before classification, and recurrent dropout.

Table 4.1: Optuna search space used for the later tuned short-window and controlled-sweep studies.

The three baseline configurations use similar training settings and mainly differ in model size.
Table 4.2 summarises the settings and trainable parameter counts. These counts matter because the
model families are not capacity-matched. In the rest of the chapter, validation results are used for
model and window selection. The test set is reserved for the final evaluation on unseen objects,
after the model and decision-threshold choices have already been fixed on the validation set.

Model Parameters Architecture settings Training settings

CNN 178,753 Base channels: 64 Dropout: 0.2, learning rate: 1073,
batch size: 256, weight decay: 1074,
patience: 10

GRU 171,777 Hidden size: 128, recurrent layers: 2, Dropout: 0.2, learning rate: 1073,
direction: unidirectional, temporal batch size: 256, weight decay: 1074,
pooling: mean patience: 10

LSTM 25,217 Hidden size: 64, recurrent layers: 1, Dropout: 0.2, learning rate: 5 x 1074,
direction: unidirectional, temporal batch size: 256, weight decay: 104,
pooling: mean patience: 10

Table 4.2: Baseline configurations for the fixed-task architecture comparison at the baseline 0.20 s observation
window.

4.2 PERFORMANCE METRICS

Because the classes are uneven, the evaluation reports more than accuracy. Two groups of metrics
are used. The ranking metrics are AUPRC and AUROC. These test how well a model gives higher
scores to risky windows than to safe ones across all possible decision thresholds. In this dissertation,
AUPRC is the main ranking metric because it focuses on the unstable class, which is the class of
practical interest.

The decision-threshold metrics are precision, recall, Fy-score, and accuracy. These are reported
after choosing one validation-selected decision threshold, as described in section 3.5.3. Precision
measures how often a warning is correct. Recall measures how many truly unstable future intervals
are flagged. The Fj-score combines precision and recall into a single value, so it summarises the
balance between them. Accuracy is also reported, but it is secondary here.

The decision-threshold rule reflects the asymmetry of the task. Missing an unstable future interval
is usually worse than issuing a conservative warning. For that reason, the method chooses the most
precise decision threshold that still reaches at least 90% recall on the validation set. If no decision
threshold reaches that level, it falls back to the validation decision threshold with the best F;-score.

In short, the ranking metrics judge how well the score ordering works, whereas the decision-
threshold metrics judge the quality of one chosen operating point. The fixed-window comparison
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asks which model is strongest on one shared benchmark. The later window-length and latency
analysis asks which architecture-window pair gives the most practical operating point.

4.3 FIXED-TASK BENCHMARK AT THE BASELINE OBSERVATION WIN-
DOw

At the baseline 0.20 s observation window, all three architectures perform well on the shared bench-
mark task. The GRU gives the strongest overall benchmark result.

Figure 4.1 shows that all three models separate stable and unstable futures well on the validation
objects. The ranking results in fig. 4.1C are very close. The GRU reaches the highest mean validation
AUPRC at 99.25 £ 0.01%, with the LSTM and CNN close behind at 99.24 4+ 0.01% and 99.06 & 0.06%.
The decision-threshold metrics in fig. 4.1A are also close: the GRU reaches 94.49 £ 0.45% validation
Fy, the CNN 94.16 £ 0.55%, and the LSTM 93.80 4 0.03%.
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Figure 4.1: Validation and test performance of CNN, GRU, and LSTM at the baseline 0.20s observation
window. Figure 4.1A shows validation accuracy, precision, recall, and Fy-score at the validation-
selected decision threshold. Figure 4.1B shows the corresponding test metrics. Figure 4.1C shows
validation AUROC and AUPRC. Figure 4.1D shows test AUROC and AUPRC. Bars show the mean
across five seeds, with error bars denoting +1 standard deviation.

The unseen-object test split gives the clearer answer. The ranking metrics in fig. 4.1D again place the
GRU slightly ahead, with 98.43 +0.05% AUPRC and 97.78 + 0.07% AUROC. The decision-threshold
metrics in fig. 4.1B are closer together. All three models still produce a strong operating point once
the validation-selected decision threshold has been fixed. The GRU achieves the strongest mean
Fq-score through slightly higher recall, while the LSTM reaches the highest precision. The CNN
remains competitive, but with larger variation across seeds.

The gap between the models is modest, not large. On the fixed 0.20 s task, the GRU is the
strongest benchmark model. The gap is small. The comparison is also not capacity-matched: the
LSTM is much smaller than the other two models and still stays close in performance. The evidence
therefore suggests only a modest advantage for explicit recurrent memory.

The seed-to-seed variation supports that reading. The CNN remains close in mean performance,
but its test-set standard deviation is larger than that of the recurrent models, especially on F;-score.
The GRU and LSTM therefore seem more stable across random initialisation. Much of the useful
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signal appears to lie in short recent temporal patterns that every model can use. Sequence-aware
modelling then helps the GRU rank future instability slightly more reliably.

(A) CNN (B) GRU (C)LST™M

Actually Stable

Actually Unstable

Pred. Stable Pred. Unstable Pred. Stable Pred. Unstable Pred. Stable  Pred. Unstable

Figure 4.2: Tllustrative test-set confusion matrices for seed 42 at the baseline 0.20s observation window. Fig-
ure 4.2A shows the CNN, fig. 4.2B the GRU, and fig. 4.2C the LSTM. Rows indicate the true class
and columns the predicted class. Cell values are normalised within each row.

Figure 4.2 shows the same pattern more concretely. These single-seed matrices do not replace the
five-seed summaries, but they make the errors easier to see. All three models produce far fewer
false positives than false negatives on the unseen test objects. This matches the validation decision-
threshold rule. The main remaining error after transfer is therefore missed unstable windows rather
than false alarms.
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Figure 4.3: Per-object diagnostic test metrics for the saved CNN, GRU, and LSTM checkpoints at the baseline
0.20's observation window. Figure 4.3A shows test AUPRC for pear and Rubik’s cube. Figure 4.3B
shows test recall at the validation-selected decision threshold for the same two unseen test objects.

The pooled test metrics also hide an asymmetry across the two unseen test objects. Figure 4.3
shows that pear is the easier unseen test object for all three model families, whereas Rubik’s cube is
consistently harder. The AUPRC gap is modest, so all three models still rank risky windows above
safe ones well on both objects. The difference is clearer in recall, where every model recovers a
smaller fraction of unstable windows on Rubik’s cube. The pear-Rubik’s cube difference does not
alter the benchmark verdict, but it does show that transfer is not equally easy on every unseen
object.

Because the repository currently stores one selected checkpoint per model family rather than
one checkpoint per seed, fig. 4.3 should be read as a diagnostic view only. It does not replace the
five-seed benchmark. The diagnostic is useful because it shows object-level structure hidden by the
pooled test averages. Overall, the benchmark shows strong transfer from force histories, with the
GRU narrowly ahead at this setting.
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4.4 SPLIT ROBUSTNESS ACROSS UNSEEN-OBJECT PAIRINGS

The fixed split used throughout the chapter is only useful if it is reasonably typical. This section
therefore asks whether that split is unusually easy or unusually favourable.

With twelve objects, there are 2970 ways to choose the validation and test object pairs when
the two roles are kept distinct. Swapping one pair from validation to test therefore counts as a
different split. If the validation and test roles are ignored, this becomes 1485 distinct unseen-object
pair combinations.

Running the full training procedure on all of these assignments would be expensive and unneces-
sary here. The study therefore samples 30 distinct validation-test assignments, including the fixed
split used throughout the chapter.

The split-robustness analysis uses the Optuna-optimised LSTM selected for the short-window
setting (0.01 s) and repeats each sampled assignment over three seeds. The resulting experiment
is a lighter robustness check, not a second full benchmark. For simplicity, fig. 4.4 shows the LSTM
only. The other model families follow the same broad pattern.
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Figure 4.4: Split-robustness diagnostic for the 0.01s LSTM configuration. Each bar shows test AUPRC for one
of the 30 sampled unseen-object split assignments, and the dashed line marks the mean across all
30 assignments.

Figure 4.4 suggests that the fixed split is not unusually favourable. Across the 30 sampled assign-
ments, the LSTM reaches a mean test AUPRC of 97.14 £ 2.49%, with a median of 98.13%. Every
sampled split stays above 90% AUPRC, and many lie close to 99%. On the fixed split, the same
0.01 s LSTM reaches 97.90% test AUPRC. That places it near the centre of the sampled distribution.

The lower-scoring assignments are informative as well. Among the 30 sampled assignments,
the hardest unseen-object pairings repeatedly involve foam_brick, especially when combined with
lemon or sponge. Transfer is therefore not equally easy for every unseen object combination. Even so,
the main conclusion is reassuring: the broader predictive signal does not depend on one especially
convenient partition.

The split-robustness result matters for the rest of the chapter because section 4.5 keeps using the
same fixed split. The present check suggests that this split is fairly typical rather than unusually
easy, so the later comparisons are less likely to benefit from one favourable partition.

4.5 WINDOW LENGTH AND PRACTICAL OPERATING CHOICE

The fixed benchmark above uses a baseline observation window of 0.20 s. This section asks whether
that much recent history is actually needed. The sweep suggests that similar predictive performance
can be achieved with much shorter windows.

The study repeats the experiment across window lengths from 0.01 s to 0.50 s while keeping
the predictive offset, future horizon, split membership, and sample end time fixed, as described in
section 3.3.3.

Unlike the fixed-task comparison, this sweep does not re-tune every architecture at every window
length. Instead, one tuned configuration per model family is kept fixed across the whole sweep.
Changes can therefore be attributed to window length rather than to changes in model size or
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optimiser settings. For the recurrent models, the sweep also fixes mean pooling for both the GRU
and LSTM.
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Figure 4.5: Test metrics across observation-window length for CNN, GRU, and LSTM. Figure 4.5A-F show
accuracy, precision, recall, F1-score, AUROC, and AUPRC respectively. Bars show the mean across
five seeds, with error bars denoting +1 standard deviation. The predictive offset and future horizon

remain fixed across the sweep.

Figure 4.5 shows only modest performance changes across this range. In fig. 4.5D, the CNN stays
between 84.2% and 86.1% mean test F1, the GRU between 85.4% and 85.9%, and the LSTM between
85.0% and 85.4%. The ranking metrics in fig. 4.5E and fig. 4.5F show the same broad pattern. AUPRC
and AUROC stay high throughout the sweep and decline only gradually as the window becomes
longer. There is no evidence here that half a second of force history improves prediction much over

much shorter windows.
The strongest mean Fy occurs at 0.01 s for both the CNN and GRU, and at 0.10 s for the LSTM.

These differences are small, but the pattern is consistent. The most informative cues appear to occur
close to the prediction point. The models seem to benefit most from the most recent 10-100 ms of
force history. Longer windows provide older context, but that older context does not produce a
stronger predictive signal than the short history immediately preceding the target interval.
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This also matches the labelling design in sections 3.3.3 and 3.3.4. Each sample is labelled from
behaviour that begins only 0.10 s after the observation window and continues for a short 0.15 s
horizon. Under that design, the most useful cues would be expected to appear close to the predic-
tion point rather than much earlier in the grasp. The sweep therefore supports a simple conclusion:
short recent histories contain most of the useful signal for this task.

For practical use, predictive performance is only part of the picture. A warning model must also
run quickly enough for a real-time control loop. Two latency measures matter here. The first is
forward-pass latency: how long the model takes once the observation window is already available.
The second is total decision latency, which also includes the time needed to observe the full window.
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Figure 4.6: CPU forward-pass latency of the original multi-object comparison checkpoints at batch size 1 and
the baseline 0.20s observation window. Figure 4.6A shows median inference latency per window.
Figure 4.6B shows throughput in samples per second. Error bars denote standard deviation across
repeated forward passes.

Measured on the same device, the three checkpoints show a consistent runtime ordering in fig. 4.6.
The CNN is the fastest model at 0.625 4 0.032 ms per window. The LSTM follows at 2.407 £ 0.048 ms,
and the GRU is slowest at 5.634 £ 0.118 ms. fig. 4.6B shows the same ordering in throughput, at
roughly 1600, 415, and 178 predictions per second. Measured only as forward-pass computation,
all three models remain comfortably below a 10 ms control-cycle budget on CPU.

This runtime gap should not be read as a general statement about GRUs and LSTMs. Here it
reflects the specific checkpoints used in the benchmark comparison. The GRU uses hidden size 128
and two recurrent layers, whereas the LSTM uses hidden size 64 and one recurrent layer. The GRU
therefore performs more sequential computation per window. The CNN remains faster still because
its temporal convolutions are more efficient once the input window is available.
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Figure 4.7: Validation AUPRC against total decision latency across the window-length sweep. Total decision
latency equals observation-window duration plus same-device CPU forward-pass inference latency
at batch size 1. Within each model family, the star marks the window length that gives that family’s
highest mean validation AUPRC.
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Forward-pass latency is only part of the deployment trade-off, because the system must first observe
the whole window. Figure 4.7 therefore compares validation AUPRC with total decision latency
across all architecture-window pairs. In each model family, the star marks the window length with
the highest mean validation AUPRC. The pattern is simple: longer windows add delay almost
linearly, but the gains in validation AUPRC are very small.

The highest mean validation AUPRC occurs at the GRU with a 0.10 s window, reaching 98.762 +
0.034%. That setting, however, has a total decision latency of 106.10 ms.

Using the latency-aware heuristic described above, the preferred operating point becomes the
LSTM with a 0.01 s window. That configuration reaches 98.747 £ 0.022% validation AUPRC with a
total decision latency of 10.17 ms from the start of the observation window to a model output. The
GRU at 0.01 s stays very close in ranking performance at 98.739 4+ 0.022%, but is slightly slower at
10.64 ms.

The latency-aware heuristic is pragmatic rather than statistically optimal. It is only meant to pick
a low-latency setting whose validation AUPRC is effectively the same as the best result in the sweep.
Under that rule, the short-window LSTM becomes the practical recommendation. Under the fixed
benchmark, the GRU remains the strongest model. The two conclusions answer different questions.

For context, reactive human grip-force responses to unexpected distal loads in a standard
precision-grip posture have been reported at about 62 £ 9 ms for distal loads and 74 + 9 ms for
proximal loads [46]. The comparison is not like-for-like, because the present latency excludes
sensing, communication, and actuation delays. Even so, the comparison places the selected 0.01 s
operating point on a useful timescale. More importantly, it reinforces the main point: longer
windows add delay, but give little extra predictive value.

46 FAILURE CASES, DECISION-THRESHOLD TRANSFER, AND CAL-
IBRATION

Table 4.3 shows the main error pattern for the baseline 0.20s comparison. Across all three archi-
tectures, missed unstable futures are much more common than false alarms. The table uses the
same-end reference set employed in the window-length sweep, so its class counts differ slightly
from the full test-set counts reported earlier.

Model False positives False negatives False-positive rate Miss rate
CNN 149 + 31 1723 £165 2.44% 24.46%
GRU 127 +4 1666 + 32 2.07% 23.64%
LSTM 122+10 1730 £ 21 2.00% 24.55%

Table 4.3: Aggregate test errors for the baseline 0.20 s observation window. Values show the mean + standard
deviation across five seeds. The false-positive rate is normalised by the 6113 stable windows and
the miss rate by the 7045 unstable windows in the same-end reference set.

Across all three architectures, false negatives outnumber false positives by roughly an order of
magnitude. The models therefore remain conservative on unseen test objects: when they issue a
warning it is usually correct, but some unstable futures are still not flagged early enough. These are
still window-level errors rather than grasp-level warnings, but they already show clearly where the
present formulation remains difficult.

The table also shows the small differences between architectures. The LSTM produces the fewest
false alarms, which matches its slightly higher operating precision. The GRU misses the fewest un-
stable futures, which matches its slightly higher recall and F;-score on the same split. The CNN sits
between these two behaviours. The differences are small, but they support the earlier interpretation
that the recurrent models produce slightly cleaner and more stable operating points while the CNN
remains competitive.

A plausible explanation is that some replay windows still look like stable loading until very near
the transition. That leaves only weak predictive cues inside the observation window. The horizon-
based labelling scheme also makes boundary cases difficult. Windows near the transition can differ
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only subtly in how much of their future interval is unstable, especially when instability develops
gradually or contact ends abruptly. The smaller number of false positives likely reflects the opposite
case. A brief rise in shear force or a short redistribution of load can look risky, yet the grasp still
re-stabilises within the labelled future horizon.

The main difficulty is therefore not score ordering, but transfer of the validation-selected decision
threshold to unseen objects. Test AUPRC remains high across all three models, so they still order
risky windows above safe ones well. The problem is that the validation-selected decision threshold,
defined in section 3.5.3, becomes slightly too conservative after transfer. That mainly reduces recall
while leaving precision high. In practical terms, the models often identify which windows are
relatively more dangerous, but still fail to issue a warning early enough in some unseen-object
cases.
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Figure 4.8: Diagnostic for transfer of the validation-selected decision threshold for the saved CNN, GRU, and
LSTM checkpoints at the baseline 0.20s observation window. The top row shows recall against
threshold for validation and test, and the bottom row shows precision. The dotted vertical line
marks the decision threshold chosen on the validation set and then applied to the test set.

The curves in fig. 4.8 make the same effect easier to see. The dotted vertical line marks the decision
threshold chosen on the validation set. Moving the line to the left lowers the decision threshold,
which usually increases recall but also creates more false alarms. Moving it to the right raises the
decision threshold, which usually improves precision but misses more unstable windows. At the
transferred validation-selected line, all three models keep very high test precision, but test recall
is lower than on validation. That threshold-transfer pattern explains why high AUPRC can coexist
with weaker recall at one chosen operating point: the model can still order windows well even
when the transferred decision threshold is slightly too strict for the unseen test objects. The effect
is strongest for the LSTM, though it appears for the CNN and GRU as well. That conservative
threshold transfer is one reason the practical recommendation in section 4.5 remains cautious.
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Figure 4.9: Reliability plots for the saved CNN, GRU, and LSTM checkpoints at the baseline 0.20 s observation
window. Each panel compares mean predicted instability probability with the observed unstable
fraction on validation and test. The diagonal indicates perfect calibration.

Figure 4.9 addresses a different question from ranking performance: whether the predicted probab-
ilities themselves can be read as risk levels. If a curve lies close to the diagonal, a window given a
predicted instability probability of, for example, 0.8 is unstable about 80% of the time, so the prob-
abilities are well calibrated. A curve below the diagonal means the model is overconfident, and a
curve above the diagonal means it is underconfident. Calibration matters separately from ranking,
because a model can still sort risky windows well even when its probability scale is misleading. In
this single-checkpoint view, the LSTM follows the diagonal more closely than the other two models.
The GRU remains reasonably well calibrated while still giving the strongest ranking performance,
whereas the CNN shows the largest mismatch between predicted and observed instability. Calib-
ration therefore adds information beyond AUPRC and Fy: it shows whether the scores themselves
can be interpreted directly as risk levels.

The threshold-transfer and calibration diagnostics suggest that fingertip normal and shear forces
capture much of the predictive signal, but not all of the object-specific detail that determines
whether a local disturbance becomes full grasp failure. That limitation points to a weakness in
the current representation. Because the model sees aggregated fingertip forces rather than spatial
tactile structure, subtle redistributions of contact may be compressed away before prediction begins.
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Figure 4.10: Test AUPRC on the unseen-object split for the friction-ratio proxy and the saved CNN, GRU, and
LSTM checkpoints at the baseline 0.20 s observation window.

The contact-mechanics discussion in section 2.2 introduced the friction-cone condition: slip becomes
more likely when shear force grows too large relative to the available normal force. Figure 4.10
makes that link more concrete by comparing the learned models with a friction-ratio proxy. For
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each observation window, the proxy assigns one score: the ratio of total tangential to total normal
fingertip load at the final observed timestep. Higher values mean that the grasp is supporting more
sideways load for the same amount of squeezing load, so the contact is closer to sliding.

This score is not itself a probability. To evaluate it, a decision threshold is swept across the score:
windows above the threshold are predicted unstable and windows below it are predicted stable.
The precision and recall produced by all such thresholds define the precision-recall curve, and the
area under that curve gives the AUPRC. It should therefore be read as a proxy rather than as an
exact friction-cone test. A true friction-cone check would ask, at each fingertip contact, whether the
tangential load exceeds the limit set by the local normal load and the friction coefficient p. The
proxy used here instead pools load across fingertips into one ratio and omits p.

On the unseen-object test split, the proxy reaches 96.27% AUPRC. This makes the previous point
about the force representation more concrete: aggregated normal and shear forces already capture a
large part of the predictive signal. The learned models still perform better, with test AUPRC rising
to 98.03% for the CNN, 98.34% for the GRU, and 98.41% for the LSTM. That remaining gap is also
informative. It suggests that the networks are using short temporal patterns in the force history that
a single final-timestep ratio cannot capture.

48 CHAPTER SUMMARY

The chapter supports three main conclusions. First, predictive grasp-stability modelling from sensor-
invariant fingertip force histories generalises well to unseen objects in simulation. On the baseline
benchmark, the GRU reaches 98.43 4 0.05% test AUPRC and 97.78 £ 0.07% test AUROC, while the
CNN and LSTM remain close behind. A friction-ratio proxy also reaches 96.27% test AUPRC on the
same split, suggesting that much of the predictive signal is already grounded in the relation between
tangential and normal load, although the learned models still perform better. That conclusion is
strongest at the level actually tested here: sampled windows from unseen-object replays.

Second, on the baseline 0.20 s benchmark, the GRU is the strongest model. Its mean validation
AUPRC reaches 99.25 £ 0.01%, but the margin over the CNN and LSTM is small and the comparison
is not capacity-matched. The most cautious reading is that sequence-aware modelling helps, but
only modestly.

Third, once observation time is counted as part of total decision latency, very short windows
become more attractive. Under the chosen validation-based heuristic, the preferred practical operat-
ing point is the 0.01 s LSTM, which reaches 98.747 4- 0.022% validation AUPRC with a total decision
latency of 10.17 ms. Under this heuristic, it is the most attractive low-latency operating point rather
than the strongest model in every comparison.

Transfer remains imperfect. The main failures are missed unstable futures rather than false
alarms, and the validation-selected decision threshold transfers conservatively to unseen objects.
The final chapter therefore returns to the central question and states more clearly what the results
do not yet show.



CONCLUSION

5.1 ANSWER TO THE CENTRAL QUESTION

This dissertation asked whether short histories of sensor-invariant contact information can provide
an early warning of near-future grasp instability. In simulation, the answer is yes. Across unseen
test objects, all three model families learned useful predictive structure from fingertip normal and
shear force histories alone. Anticipatory grasp assessment therefore does not necessarily require
raw sensor-specific tactile imagery. The central hypothesis is supported: compact contact features
can separate windows with stable near futures from windows with unstable near futures.

The results also give a more specific answer about model choice. On the baseline 0.20 s benchmark
task, the GRU gave the strongest overall ranking performance and the most stable behaviour across
random seeds. For practical use, very short windows become more attractive. Under the latency-
aware validation heuristic used in section 4.5, the preferred operating point is the LSTM with a
0.01 s observation window. The 0.0T s LSTM recommendation is best read as a low-latency operating
recommendation for the present heuristic, rather than as proof that the LSTM is the strongest model
in every comparison.

5.2 WHAT THE RESULTS SUPPORT

The strongest claim supported by the dissertation is that force histories can support predictive
transfer to unseen objects under the present simulation protocol. The pipeline combines grasp
generation, replay, contact-feature extraction, temporal window construction, and evaluation on
unseen objects. Within that setup, the models achieve strong ranking performance without using
raw tactile images tied to one sensor design.

The friction-cone comparison in section 4.7 helps interpret this result physically. A proxy built
from the ratio of tangential to normal load already performs strongly, which suggests that much of
the predictive signal is consistent with the contact mechanics reviewed earlier. The learned models
still perform better, indicating that short force histories contain useful temporal structure beyond
that one ratio.

The results also support a narrower point about model choice. At the baseline 0.20 s setting,
the CNN, GRU, and LSTM all remain close in performance. The GRU is the strongest benchmark
model, but the gap is small. The small gap suggests that much of the useful signal already lies in
short recent temporal patterns rather than in long temporal memory.

More broadly, the results show that a compact, sensor-invariant contact representation can work
well in simulation. Such a representation may also scale more easily than collecting very large
real-world datasets of raw tactile imagery.

5.3 WHAT THEY DO NOT YET SHOW

The present results still need careful interpretation. Most importantly, the study is entirely
simulation-based. The learned models operate on clean simulator-derived contact features, not
on tactile measurements affected by sensor noise, calibration drift, latency, lighting variation, or
actuation error. The results should therefore be read as a controlled demonstration of feasibility,
not as a full account of physical tactile grasping.

The underlying physics is also simplified. The replay environment treats the hand and object
as rigid bodies and does not model the richer contact behaviour associated with soft or deform-
able materials. Surface roughness, local friction variation, materials that resist motion differently
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depending on force direction, and other fine-grained contact effects are simplified. These factors
matter because, in practice, whether a disturbance develops into slip often depends on more than
the bulk normal and shear forces alone.

The task is also deliberately narrow. The experiments study whether a formed single-hand grasp
remains stable under replay with gravity, rather than whether a robot can use the prediction online
inside a closed-loop manipulation policy. The current setup therefore excludes active regrasping,
external disturbances, object reorientation, and coordinated bimanual grasps. This restricted setup
is useful for isolating the predictive question, but it limits how far the conclusions can be extended
to richer manipulation tasks.

The evaluation is also limited in breadth. The unseen-object split is stronger than replay-level
separation alone, but the object set is still small. Transfer is assessed on only two unseen test objects.
All results also depend on one hand morphology and one labelling design.

The benchmark is also window-level rather than grasp-level. A single grasp can contribute several
sampled windows, and each of those windows is scored separately. The present results therefore
show how well the model ranks or classifies sampled windows within a grasp. They do not yet
show how reliably one grasp episode receives one timely and useful warning.

For these reasons, the dissertation can claim predictive transfer under the present protocol, but
not universal robustness across object families, materials, task conditions, or grasp-level warning
objectives.

5.4 FUTURE WORK

Future work can reuse most of the current pipeline. The predictive framing introduced in sec-
tions 3.3.3 and 3.3.4 does not depend on this exact rigid-body study, and the same training loop
and unseen-object evaluation structure can be retained while the setting becomes more realistic.

The most immediate next step is to broaden the evaluation. A larger and more varied object
set, with greater diversity in shape, mass, frictional behaviour, and surface texture, would make
the generalisation claim much stronger. A broader evaluation should be paired with grasp-level
warning analyses as well as the present window-level benchmark. That would test not only how
well the model scores sampled windows within a grasp, but also whether it gives one warning early
enough to be useful for the grasp as a whole.

A second priority is to make the contact model more realistic. Extending the simulator to include
compliant fingertips, soft objects, or other deformable-body effects would allow the work to move
beyond rigid-body grasping. A more realistic contact model would also test whether the same
predictive structure survives when contact patches can deform and redistribute over time. In that
setting, the current force signals may no longer be sufficient on their own if deformation, contact
area, and local stress distribution become central to the onset of instability.

Future work should also revisit the input representation. The present force aggregation is inten-
tionally compact and sensor-invariant, but richer features that keep more spatial structure may help
with the remaining false negatives near transition boundaries. A natural extension would keep the
same labels and evaluation protocol. Such an extension would replace the feature-extraction stage
with contact representations that preserve local force distribution, contact location, or synthetic
tactile image structure.

Another important step is to place the prediction model inside a live controller. The current
experiments show that instability can often be anticipated, but they do not show that a controller
can use those predictions to prevent failure. In that setting, the model would guide grip or posture
changes during execution instead of scoring replay windows after the fact. The latency analysis in
section 4.5 would still matter there.

Finally, some of the most important next evaluations are sim-to-real transfer, explicit analysis of
decision-threshold transfer on unseen objects, richer manipulation settings such as external disturb-
ances and in-hand reorientation, and coordinated two-hand grasps. These directions would help
show which parts of the present result reflect a general predictive principle and which depend on
the present protocol.
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