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Abstract

Digital experience has, so far, been almost entirely visual: screens, images and video have made sight
the main sense through which people interact with digital content, while touch has been left largely
outside it. Bringing touch into these environments, alongside vision, would widen their possibilities,
from more immersive virtual reality to robots that can both see and feel an object. Combining the
two senses is the goal of multimodal perception. Recent work represents scenes as 3D Gaussian
Splatting reconstructions and learns to translate between the visual and tactile modalities along two
complementary directions: generating the tactile signal expected at a 3D location, and localizing a
tactile observation back to its position on the scene. SplatTouch addresses both directions, performing
localization with a contrastive, SimSiam-style network that maps a touch sample to a Normalized
Object Coordinate Space (NOCS) colour and hence to a 3D position.

This thesis focuses on the localization direction and studies an alternative model for it. Instead of
contrastive representation learning, localization is treated as a direct supervised regression from the
tactile image to the NOCS colour. The proposed architecture is lightweight, consisting of a ResNet-18
backbone, a learned spatial pooling stage and a small regression head. The method is evaluated on two
real scenes, reporting both a normalized NOCS error and a physically meaningful error in centimetres,
under a random split and under the harder periodic split used by SplatTouch; the main design choices
are ablated.

Under the periodic split, taken as the honest reference setting, the model localizes contacts with
a mean NOCS error of 0.040 and a metric error of 7.06 cm on the indoor scene, and 0.107 / 11.5cm
on the harder outdoor scene; averaged over the two scenes (9.3 cm) it improves over the localization
figures reported by SplatTouch (with the caveats of a different-method, fewer-scenes comparison) and
clearly outperforms naive baselines. Under the easier random split the indoor error drops to 0.019 and
3.58 cm. The ablation shows that the accuracy is largely insensitive to the pooling aggregation, while
a 1 x 1 pooling kernel and a 10% NOCS crop are the preferable configuration. Overall, the results
indicate that a simple direct-regression model is a competitive alternative to contrastive localization
within the visuo-tactile chain.



1 Introduction

People rarely rely on a single sense. Picking up an unfamiliar object, the eyes judge its shape and
distance while the hand, almost in the same instant, reports its weight, its texture, the warmth or
coldness of its surface and how much it yields under a light press. Vision works at a distance and
takes in a whole scene at once; touch works only on contact, but precisely where it matters, and
exactly where the hand itself tends to hide the object from view. The two senses are not redundant
but complementary, and human perception constantly fuses them without any conscious effort.

The systems that reconstruct and display the world digitally, however, have so far developed along
a single one of these channels. Screens, images and video have made sight the sense through which
people interact with digital content, while touch has been left almost entirely outside it. Closing this
gap, by giving artificial systems a sense of touch alongside vision, would widen what they can do:
virtual environments could be felt and not only seen, and robots could reason about a contact the
way a person does, combining what is in front of them with what is under their fingers. Teaching
machines to relate these two modalities, so that one can inform the other, is the goal of multimodal
visuo-tactile perception [12].

A first requirement for relating vision and touch is a common ground in which both can be placed:
a model of the scene that is three-dimensional, so that a tactile reading can be attached to the exact
point it came from. Recent advances in 3D reconstruction provide exactly this. Neural Radiance Fields
(NeRF) [10] learn a continuous volumetric function of a scene from a handful of images and render it
from new viewpoints, and 3D Gaussian Splatting [7] achieves comparable quality far more efficiently
by describing the scene explicitly, as a large cloud of small 3D Gaussians each carrying a position
and a colour. Because every Gaussian sits at a known location, this explicit form offers a natural
shared space in which visual and tactile observations can be registered together. Tactile-Augmented
Radiance Fields [3] take a first step in this direction, pairing real tactile readings with the precise 3D
points they were collected from and so producing aligned visuo-tactile data.

1.1 The visuo-tactile chain and localization

Within this shared 3D space, vision and touch are related by two inverse mappings: tactile generation,
which predicts the tactile signal at a given 3D location, and tactile localization, which estimates the
3D location of a contact from a tactile observation (Figure 1.1). SplatTouch implements both on
Gaussian-Splatting scenes. Its localization stage relies on a contrastive, SimSiam-style objective [2]
that aligns tactile features with a colour-coded encoding of 3D position, so that a query touch can be
matched to a coordinate at inference time.

The accuracy of this contrastive stage decreases on weakly textured surfaces and under reconstruc-
tion noise. Localization is therefore the component of the chain with the most room for improvement,
and it is the subject of this thesis. In place of a contrastive objective, the localization mapping is
formulated here as a supervised regression, trained directly to predict the 3D coordinate of a contact;
the guiding question is whether such a direct model can localize contacts more accurately than the
contrastive one while remaining simpler to train.

1.2 Problem statement and contributions

This thesis addresses the localization mapping introduced above. The task is defined as follows: given
a tactile observation of a contact on a Gaussian-Splatting scene, estimate the 3D coordinates of the
contact point. Following SplatTouch, positions are expressed in a Normalized Object Coordinate
Space (NOCS) [14], which encodes each Gaussian’s coordinates as a normalized colour and thereby
provides a bounded regression target. The proposed model predicts this target directly from the
tactile image, through a convolutional backbone, a learned spatial aggregation stage and a regression
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Figure 1.1: The visuo-tactile chain. Generation maps a 3D location to a predicted tactile image;
localization performs the inverse mapping, recovering the 3D location from a tactile observation. This
thesis concerns the localization direction, for which it studies an alternative to the contrastive model
of SplatTouch.

head trained end-to-end under a supervised loss. Compared with the two-stage contrastive pipeline
of SplatTouch, this single-stage formulation is simpler to train and, on the scenes evaluated, attains a
lower localization error.

The main contributions of this work are the following:

e a localization model for the SplatTouch visuo-tactile setting that, unlike its contrastive formu-
lation, treats localization as a direct supervised regression in NOCS space;

e a lightweight architecture combining a ResNet-18 [4] backbone, a learned spatial aggregation
module (termed spatial attention pooling, with the term clarified in Section 3.5) and a compact
regression head, together with an analysis of the contribution of each component;

e an evaluation on two real scenes that reports both a normalized NOCS error and a metric error in
centimetres, under a random split and under the periodic split of SplatTouch, with comparisons
against naive baselines and against the figures reported for SplatTouch;

e an ablation of the principal design choices (spatial aggregation, convolution kernel size, NOCS
crop fraction) and an interactive 3D visualizer for the qualitative inspection of the predictions.

1.3 Thesis outline

The remainder of the thesis is organized as follows. Chapter 2 reviews the related work on which this
thesis builds (3D scene representation, visuo-tactile sensing, cross-modal tactile generation, the NOCS
encoding and contact localization) and positions the proposed approach. Chapter 3 details the method:
the NOCS representation, the dataset, the localization architecture and its spatial aggregation module,
the training procedure and the evaluation metrics. Chapter 4 presents the experimental evaluation,
including the main results, the comparison with baselines and with SplatTouch, the ablation study
and a qualitative analysis, and closes with a discussion of limitations and future work.



2 Background and Related Work

This chapter surveys the work on which the thesis builds and situates its contribution. Section 2.1
reviews 3D scene representations, which provide the geometric substrate for grounding touch in space;
Section 2.2 covers visuo-tactile sensing and the datasets that pair touch with vision and 3D geometry;
Section 2.3 discusses cross-modal tactile generation, the forward direction of the visuo-tactile mapping;
Section 2.4 introduces the NOCS encoding adopted as the position representation; and Section 2.5
reviews tactile contact localization, the inverse direction, where the proposed model is positioned.

2.1 3D scene representation

Reconstructing a scene in three dimensions from images is a prerequisite for attaching a tactile reading
to the exact point it came from. Two families of methods are relevant here. Neural Radiance Fields
(NeRF) [10] encode a scene implicitly, as a multilayer perceptron that maps a 3D coordinate and
a viewing direction to colour and volumetric density, and synthesize images by integrating these
quantities along camera rays through differentiable volume rendering. This formulation yields high
reconstruction quality but is costly to train and to render, a limitation that later work mitigated with
specialized data structures such as multiresolution hash encodings [11].

3D Gaussian Splatting [7] adopts the opposite, explicit strategy: the scene is represented as a
large set of anisotropic 3D Gaussians, each parameterized by a position, a covariance, an opacity
and a view-dependent colour, and is rendered by rasterizing and a-blending these primitives, which
makes both training and rendering substantially faster. The explicit representation is particularly
convenient for the task considered in this thesis. Because every Gaussian carries an absolute 3D
position, the primitives can be queried directly, recoloured according to their coordinates, and rendered
into auxiliary maps that are spatially aligned with the visual views. These positions serve as the spatial
ground truth for localization, as detailed in Chapter 3. Figure 2.1 shows the indoor scene used in this
work in these terms: the bare Gaussian centres as a point cloud, the full splat reconstruction, and the
same primitives recoloured by their normalized coordinates (Section 2.4).

2.2 Visuo-tactile sensing and datasets

Vision-based tactile sensors turn contact into an image. A sensor such as GelSight [16] observes, with
an internal camera, the deformation of a soft elastomeric pad pressed against a surface, recovering fine
local geometry and contact forces; DIGIT [8] follows the same optical principle in a compact, low-cost
form factor designed for in-hand manipulation. Because the output is an image, tactile signals can be
processed with the same convolutional machinery used for vision, which is the property exploited by
the model in this thesis.

Several datasets pair this tactile modality with vision and, increasingly, with 3D geometry. Early
collections aligned tactile readings with synchronized images to enable cross-modal learning between
the two senses [9], and in-the-wild datasets later broadened the range of materials and objects cov-
ered [15]. Most relevant here, Tactile-Augmented Radiance Fields [3] register tactile readings to
specific 3D locations of a NeRF-reconstructed scene, producing data in which each touch is annotated
with the precise point of the scene it was collected from. The data used in this work is of this kind:
tactile observations paired with their 3D contact locations on a reconstructed scene.

2.3 Cross-modal tactile generation

Cross-modal tactile generation is the forward direction of the visuo-tactile mapping: predicting the
tactile signal that a sensor would measure at a chosen location, from visual information alone. The
problem was first approached as a direct image-to-image translation between the two modalities [9],



(a) Point cloud (b) Gaussian splats (¢) NOCS recolouring

Figure 2.1: The same reconstructed indoor scene in three representations. (a) The Gaussian centres
rendered as a bare point cloud. (b) The full 3D Gaussian-Splatting reconstruction, whose anisotropic
primitives fill the surfaces. (c) The same Gaussians recoloured by their normalized coordinates, which
turns the geometry into a renderable NOCS map (Section 2.4) and provides the spatial ground truth
used throughout this thesis.

and benefited from the subsequent progress of generative modelling, in particular denoising diffusion
models [5], which generate samples by progressively reversing a noising process and have become a
standard tool for conditional synthesis. SplatTouch [12] instantiates this idea on Gaussian-Splatting
scenes, using a diffusion model conditioned on aligned RGB, depth and NOCS maps to synthesize the
tactile sample at a queried location. This direction is reviewed for completeness, as the localization
task addressed in this thesis is its inverse; generation itself is not a contribution of this work.

2.4 Normalized Object Coordinate Space (NOCS)

The Normalized Object Coordinate Space (NOCS) [14] was introduced for category-level 6D pose and
size estimation. Its key idea is to map the surface of the objects of a category into a shared, canonical
unit cube and to predict, for each pixel, the corresponding normalized coordinate encoded as an RGB
colour; pose and size then follow from aligning these predicted coordinates with the observed geometry.
The SplatTouch line of work repurposes the same encoding as a renderable representation of absolute
3D position: the Gaussians of a scene are recoloured by their normalized coordinates, so that rendering
the recoloured scene produces NOCS maps aligned with the visual views, and a predicted colour can be
decoded back into a 3D position. This thesis adopts the encoding for the same reason it is convenient
elsewhere: it provides a target that is bounded in [0,1]?, smooth, and directly interpretable as an
image, which makes it well suited to a regression formulation (Chapter 3).

2.5 Tactile contact localization

Tactile contact localization is the inverse of generation: given a tactile observation, recover the 3D
location of the contact on the scene. The localization component of SplatTouch [12] is built on
contrastive representation learning, a paradigm in which an encoder is trained so that related inputs
are close in an embedding space and unrelated ones are far apart, as popularized by methods such as
SimCLR [1] and SimSiam [2]. Concretely, a SimSiam-style network jointly embeds tactile samples and
the NOCS encoding of 3D position; at inference, a query touch is mapped to its NOCS embedding, and
hence to a colour and a 3D coordinate. Localization is therefore obtained indirectly, as a by-product
of a learned cross-modal embedding, with an accuracy that degrades on weakly textured surfaces and
under reconstruction noise.

This thesis takes a deliberately different route to the same target. Rather than learning an embed-
ding and reading the position out of it, the proposed model is trained to predict the NOCS coordinate
of a contact directly from the tactile image, as a single-stage supervised regression. This casts local-
ization as a coordinate-regression problem of the kind common in vision, where spatial quantities are
predicted directly by a convolutional network, and removes the contrastive pre-training stage entirely.
The two formulations share the NOCS output space, which makes them directly comparable; the
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experiments of Chapter 4 show that, on the scenes considered, the simpler direct-regression model
attains a lower localization error than the figures reported for the contrastive approach. To the best
of the available knowledge, direct regression to a NOCS target has not previously been studied for
tactile localization on Gaussian-Splatting scenes, which is the gap this work addresses.



3 Method

This chapter describes the localization method in full. It states the problem and gives an overview
of the pipeline (Section 3.1), defines the NOCS encoding used as the prediction target (Section 3.2),
details the dataset and how the ground truth is obtained (Section 3.3), and then presents the network
(Section 3.4) and its spatial attention pooling module (Section 3.5). The chapter closes with the
training procedure (Section 3.6) and the evaluation metrics (Section 3.7). The guiding design principle
is simplicity: localization is solved by a single feed-forward network, trained end-to-end by supervised
regression, with no contrastive pre-training and no multi-stage pipeline.

3.1 Problem formulation and overview

Let a scene be reconstructed as a set of 3D Gaussians {gi}i]\il, where each Gaussian carries an explicit
3D position p; € R3. A contact is described by a tactile observation x, an RGB image produced by a
vision-based tactile sensor (Section 3.3). Localization consists in learning a function fy that maps the
tactile observation to the location of the contact, expressed in normalized NOCS coordinates,

y= f@(x)v y € [07 1]37 (31)

which are decoded into metric coordinates only at evaluation time. The function fy is realized as a
convolutional network and trained by direct regression against the ground-truth position. End to end,
the pipeline maps the tactile image through a ResNet-18 backbone to a spatial feature map, aggregates
that map into a single descriptor with a learned spatial attention pooling stage, and regresses the NOCS
coordinate with a small multilayer perceptron (Figure 3.3).

3.2 NOCS position encoding

The prediction target is a position written in the Normalized Object Coordinate Space (NOCS) [14]
introduced in Section 2.4. Given the axis-aligned bounding box of the scene, with per-axis minimum
Pmin and maximum ppax taken from the Gaussian positions, a position p is normalized componentwise
into a colour ¢ € [0, 1]3:

c— P~ Pmin (3.2)

Pmax — Pmin

The inverse mapping recovers the metric position from a predicted colour:

p=c (pmax - pmin) + Pmin- (33)

The network regresses the colour ¢ directly, and the inverse transform (Eq. 3.3) is applied only when
a physical error is computed. Encoding positions in this way has two practical advantages: the target
is bounded in [0,1]3, which matches a sigmoid output and keeps the regression well conditioned,
and positions become renderable as images, since each pixel of a NOCS render is itself a normalized
coordinate (Figure 3.1).

3.3 Dataset and ground-truth extraction

Each sample corresponds to a contact and provides several spatially aligned modalities: a tactile image
(touch), the background reading of the sensor with no contact (touch_bg), the visual image (vision)
and the NOCS image (nocs) at the contact region (Figure 3.2). It is worth stating precisely what
the model sees: the localization network takes only the tactile image as input, while touch_bg and
vision are not used, and the NOCS image is used solely to derive the ground-truth position and is
never given to the network.



Vision (RGB) NOCS Colour cube

Figure 3.1: The NOCS encoding. Left: the close-up vision image of a contact region. Centre: the
corresponding nocs image, where each pixel’s RGB colour is the normalized 3D position (Eq. 3.2) of
the scene point it observes. Right: the unit cube illustrating the mapping: the z,y, z axes are tinted
by the matching RGB channels and the object is coloured by its position inside the normalized scene
box.

Vision (RGE) Touch (GelSight) Touch backgreund
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Figure 3.2: Example of a dataset sample showing the aligned modalities: visual image, NOCS encod-
ing, tactile image, and tactile background. Only the tactile image is given to the localization network;
the NOCS image is used only to obtain the ground-truth position.

Ground truth. The target position of a contact is read from its NOCS image. The image is loaded,
the alpha channel is discarded and the RGB values are scaled to [0,1]. A central crop covering 10%
of the width and of the height is taken, and the colours inside it are averaged into a single value
y € [0,1]3. Averaging over a small central window, rather than reading a single pixel, makes the
target robust to the noise present at the centre of a contact.

Filtering. Not every acquired sample corresponds to a meaningful contact: some NOCS crops
are essentially achromatic, with the three channels almost equal, which corresponds to empty or
background regions of the recoloured scene. Such samples are detected by the standard deviation of
the averaged colour across its three components and discarded when this value falls below 1074, so
that only chromatic, position-bearing contacts are kept. The extracted positions and the resulting
splits are cached, so that this preprocessing is performed once and reused across runs.

Preprocessing. Before entering the network, each tactile image is resized to 224 x 224, converted
to a tensor, and normalized with the ImageNet channel statistics (mean [0.485,0.456, 0.406], standard
deviation [0.229,0.224,0.225]) expected by the pretrained backbone. No data augmentation is applied;
the only transformations are the resize and this normalization.

Scenes. Two real scenes are used, an indoor and an outdoor table. The data is split either by
holding out a random subset of contacts or by the periodic protocol of SplatTouch; the exact sizes
and the rationale for the two splits are reported in Chapter 4.
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Touch image ResNet-18 Attention pool MLP head NOCS
3 x 224 x 224 512X 7T X 7T — 512 512 — 256 — 3 (z,y,2)€[0,1)3

Figure 3.3: Overview of the localization architecture. A ResNet-18 backbone produces a 512 x 7 x 7
feature map; the spatial attention pooling module aggregates it into a single 512-dimensional descrip-
tor, which a small MLP maps to the predicted NOCS coordinate.

1 x 1 conv Softmax Descriptor

z € R512

Feature map
512 X 7T X7

Weighted sum
—
Zs as FS

score per cell, 512 — 1 weights as over 49 cells

Figure 3.4: Spatial attention pooling in detail. A 1 x 1 convolution assigns a score to each of the 49
locations of the feature map; a softmax turns the scores into non-negative weights as that sum to one,
and the descriptor z is the weighted sum of the per-location feature vectors Fy (Eq. 3.4).

3.4 Localization architecture
The network fy has three stages (Figure 3.3).

Backbone. A ResNet-18 [4] pretrained on ImageNet is used as the feature extractor. ResNet-18
is a residual convolutional network whose skip connections ease the training of deeper models; here
its final global average pooling and fully connected classifier are removed, and only the convolutional
stages up to the last residual block are kept. For a 224 x 224 input these map the image to a feature
map F € R312X77 that is, 512 channels over a 7 x 7 grid of 49 spatial locations.

Spatial attention pooling. The feature map is collapsed into a single 512-dimensional descriptor
by the module described in Section 3.5, which weights the 49 locations by a learned, content-dependent
attention map instead of averaging them uniformly.

Regression head. The descriptor is passed to a small multilayer perceptron: a linear layer 512 —
256, a ReLU non-linearity, a linear layer 256 — 3, and a final sigmoid that constrains the output to
(0,1)3, matching the bounded NOCS target. The three outputs are the predicted NOCS coordinate,
decoded to metric units with Eq. 3.3 when needed.

3.5 Spatial attention pooling

A convolutional backbone produces a feature map over a spatial grid, but the regression head expects
a single vector, so the grid must be aggregated. The common choices are global average pooling,
which treats all locations equally, and global max pooling, which keeps only the strongest response
per channel. Neither adapts to the input. The module used here instead learns where to look.

Given the feature map F € R%12X7X7 4 1 x 1 convolution maps the 512-dimensional vector at
each location to a single score. The 49 scores are normalized with a softmax into weights as that are
non-negative and sum to one, forming a single attention map shared across all channels. The pooled
descriptor is the weighted sum of the per-location feature vectors Fj:

49
& R
P o)k (34

where ¢ denotes the 1 x 1 convolution that produces the score. The weights act as a learned saliency
map over the spatial grid, concentrating the descriptor on the locations the network finds informative
(Figure 3.4).

On the term “attention”. The module is called spatial attention pooling, and the term deserves a
precise qualification. The mechanism is a content-dependent, softmax-normalized weighted average of
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features: each location scores itself through a shared linear map and the scores compete through the
softmax. This is exactly the notion of attention used as a pooling operator in attention-based multiple-
instance learning [6], which justifies the name. It is, however, not the scaled dot-product self-attention
of Transformers [13]: there are no queries, keys or values, no pairwise interaction between locations,
and no context mixing; the weights form a single learned saliency map rather than a token-to-token
attention matrix. The term is therefore used in the broad sense of a learned soft weighting, not in the
Transformer sense.

Design choices. Two choices characterize the module and are examined empirically in Section 4.3.
First, the aggregation is a learned weighted sum; on this task its accuracy matches that of a plain
average or a max aggregation, so it is preferred for the interpretable saliency map it provides rather
than for an accuracy gain. Second, the scores are produced by a 1 x 1 convolution, which considers
each location independently; enlarging the kernel to 3 x 3 does not improve accuracy, because the
large receptive field of the backbone already makes neighbouring locations redundant. As a useful
side effect, the attention map is directly inspectable, and the distribution of its weights is analysed in
Section 4.3 as evidence that the module is spatially selective.

3.6 Training

The network is trained by direct regression of the NOCS coordinate. The loss is the L; distance
between the predicted and the ground-truth coordinate,

L(0) = || fo(x) =y, (3.5)

preferred over an Lo loss for its lower sensitivity to occasional outliers in the extracted ground truth.
Optimization uses Adam with a learning rate of 1 x 10~* and a batch size of 32, for 50 epochs, with a
cosine-annealing schedule that decays the learning rate smoothly to zero over training. The backbone
is not frozen: starting from its ImageNet weights, it is fine-tuned end to end together with the pooling
module and the regression head. The model is evaluated on the validation set after every epoch, and
the checkpoint achieving the lowest validation error is retained. A fixed random seed is used so that
the data split and the optimization are reproducible.

3.7 Evaluation metrics

Localization is assessed with several complementary metrics, all computed on the validation set of N
contacts.

Mean Euclidean error. The principal metric is the mean over the validation set of the Euclidean
(L2) distance between predicted and ground-truth NOCS coordinates,

1 N

It is bounded, because both coordinates lie in [0, 1]3, and independent of the scene scale. (In the code
and result files this quantity is stored under the key med; despite the name it is the mean, not the
median.) The mean absolute error along each axis is also reported, to reveal any asymmetry between
the x, y and z directions.

yi — yiHQ' (36)

Threshold accuracy. The fraction of predictions whose error is below a threshold T,
N
pQr = Nzlmf’i—yz‘HQ <7, (3.7)
i=1
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reported for 7 € {0.05,0.10,0.20}. This summarizes how often the prediction is close enough rather
than how large the average error is.

Physical error. To obtain an error in centimetres, two routes are available. The first scales the
normalized coordinates by the per-axis physical size of the scene before recomputing the statistics
above. The second, used for the main physical results, is a Gaussian nearest-neighbour metric: the
predicted and the ground-truth colours are each matched to the Gaussian whose normalized colour
is closest, and the Euclidean distance between the 3D positions of the two matched Gaussians is
measured. Its mean (gauss_med) and the fractions of contacts localized within 2, 5 and 10 units
(gpQ@Q2, gp@5, gp@10) are reported; for the scenes considered one reconstruction unit corresponds to
approximately one centimetre.

Bias diagnostic. Finally, the per-axis mean and standard deviation of the predictions are compared
with those of the ground truth. This is not an accuracy metric but a diagnostic: a predicted standard
deviation far below the true one signals that the model is collapsing towards a constant output, a
failure mode that the proposed model avoids (Section 4.2).
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4 Experiments and Results

This chapter reports the experimental evaluation of the proposed localization method. It describes the
setup (Section 4.1), presents the main quantitative results together with the comparison against naive
baselines and against SplatTouch (Section 4.2), analyses the design choices through an ablation study
(Section 4.3), and provides a qualitative analysis (Section 4.4). It closes by discussing the limitations
of the evaluation (Section 4.5).

4.1 Experimental setup

Evaluation is carried out on two real scenes, an indoor table and an outdoor table. Two data splits
are considered. A random split sets aside a random subset of samples for validation; this is the easier
setting used in the early experiments. The second, hereafter the SplatTouch split, follows the periodic
protocol introduced by SplatTouch [12]: for every 50 consecutive samples, 40 are used for training,
5 for validation and 5 for test (an 80/10/10 pattern). This periodic split is harder and more honest,
because the held-out samples are spread across the whole acquisition rather than drawn at random,
and it is used for the headline results unless stated otherwise. Table 4.1 summarizes the two scenes
under the SplatTouch split.

Under the SplatTouch split the outdoor scene is markedly harder than the indoor one. With
roughly half of the training data it reaches a mean NOCS error of 0.107, against 0.040 indoors, and
only 36% of its predictions fall within 0.05 (11.5 cm against 7.1 cm indoors in physical terms). The gap
narrows considerably under the easier random split, where the outdoor error drops to 0.041, close to
the indoor random-split regime: the approach does transfer to a second scene, but the honest periodic
split shows that its accuracy there does not yet match the indoor case. The outdoor validation set is
also small (55 samples), so its threshold accuracies carry a larger uncertainty.

Implementation. The model is implemented in PyTorch, with the ResNet-18 backbone and its
ImageNet weights taken from torchvision. All experiments use the training configuration of Section 3.6
(Adam with learning rate 1 x 10™%, batch size 32, 50 epochs, cosine annealing). Runs execute on a
single GPU when available and fall back to CPU otherwise. The extracted ground-truth positions and
the data splits are cached on disk and reused across runs, and a fixed random seed makes both the
split and the optimization reproducible.

4.2 Main results

Table 4.2 reports the main results on the two scenes under the SplatTouch split. On the indoor scene
the model achieves a mean NOCS error of 0.040, with 84% of predictions within 0.05 and 86% within
0.10, corresponding to a physical mean error of 7.06 cm. The outdoor scene is markedly harder: a
mean NOCS error of 0.107, only 36% of predictions within 0.05, and an (indicative) physical error of
11.5cm.

Beyond the aggregate error, two finer checks support these numbers. The mean absolute error
is of a similar magnitude along the three axes, largest along the y direction, so no single coordinate
dominates the residual. The bias diagnostic of Section 3.7 shows that the mean of the predictions
matches that of the ground truth, and that their per-axis standard deviations are comparable, with
the predicted spread only slightly below the true one. The model therefore covers the actual range of
contact positions rather than regressing towards their average, which is the behaviour expected of a
working regressor.

13



Table 4.1: Scenes used in the evaluation: split sizes and error under the SplatTouch split, as a
normalized NOCS error and a physical error in centimetres (gauss_med).

Scene Train Val NOCS cm (gauss_med)
Indoor table 891 114 0.040 7.06
Outdoor table 462 55  0.107 11.54

Table 4.2: Main localization results on the two scenes (SplatTouch split; indoor 114 / outdoor 55
validation samples). The outdoor physical error is indicative (Section 4.5).

Metric Indoor Outdoor
Mean NOCS error 0.040 0.107
p@0.05 84.2% 36.4%
p@0.10 86.0% 60.0%
p@0.20 98.2% 85.5%
Physical mean (gauss_med) 7.06cm 11.54cm
gp@2 52.6%  14.5%
gpQ@5 702%  32.7%
gp@10 79.8% 50.9%

4.2.1 Random split versus SplatTouch split

The choice of split has a large effect on the reported accuracy. Under the random split, the same
model attains a mean NOCS error of 0.019 with 96% of predictions within 0.05 and a physical mean of
3.58 cm. Under the periodic SplatTouch split these figures become 0.040, 84% and 7.06 cm (Table 4.3).
The same pattern holds on the outdoor scene, where the error grows from 0.041 / 5.05 cm under the
random split to 0.107 / 11.54 cm under the SplatTouch split. The gap does not reflect a regression of the
model but the higher difficulty of the periodic holdout, in which validation contacts are systematically
interleaved with, rather than randomly drawn from, the training distribution. The SplatTouch-split
numbers are therefore regarded as the honest estimate of localization accuracy, and the random-split
numbers are reported only for completeness and for comparison with the earlier experiments.

4.2.2 Comparison with baselines

To confirm that the model learns a genuine mapping rather than exploiting a constant prior over
contact positions, it is compared against two naive baselines that always predict the mean or the
median training position (Table 4.4). The proposed model is about 3.7x more accurate than these
baselines in mean error on the indoor scene and about 1.9x on the outdoor scene; the gap on threshold
accuracy is even larger, as the constant baselines rarely fall within the tightest threshold whereas the
proposed model reaches 84% at p@0.05 indoors and 36% outdoors.

4.2.3 Comparison with SplatTouch

Table 4.5 places the physical mean error of the proposed model next to the localization figures reported
for SplatTouch [12]. Since the SplatTouch figures are themselves averages over 16 scenes, the most
directly comparable quantity is the mean of the proposed model over its two evaluated scenes, 9.30 cm:
this is already about 20% below the best reported SplatTouch configuration (11.65cm) and about
29% below its non-augmented NOCS variant (13.02cm). On the indoor scene alone the model reaches
7.06 cm, and on the harder outdoor scene 11.54cm. The comparison nonetheless remains indicative
rather than conclusive: the proposed average is over two scenes against sixteen, the two methods
differ (contrastive representation learning versus direct regression), and the outdoor centimetre figure
is itself indicative (Section 4.5).
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Table 4.3: Effect of the data split on both scenes. The periodic SplatTouch split is harder and is used
as the reference setting; outdoor physical errors are indicative.

Scene Split Mean NOCS p@0.05 Physical mean
Indoor Random 0.019 96% 3.58 cm
Indoor SplatTouch 0.040 84% 7.06 cm
Outdoor Random 0.041 73% 5.05 cm
Outdoor SplatTouch 0.107 36% 11.54cm

Table 4.4: Comparison with naive baselines on both scenes (SplatTouch split, same validation samples
per scene).

Scene Method Mean p@0.05 p@0.10 p@0.20

Indoor ~ Mean predictor 0.149  0.0%  26.3%  74.6%
Median predictor ~ 0.147  8.8%  34.2%  71.9%
Proposed model 0.040 84% 86% 98%

Outdoor Mean predictor 0.198  0.0%  14.5%  49.1%
Median predictor ~ 0.198  0.0%  14.5%  54.5%
Proposed model 0.107 36% 60% 85%

4.3 Ablation study

The effect of the main design choices of Chapter 3 is studied in Table 4.6, on the indoor scene. The
pooling-aggregation and crop-fraction rows are measured under the SplatTouch split; the kernel-size
rows were measured under the random split (hence the lower absolute errors) and should be read for
the relative comparison only.

Pooling aggregation. The spatial aggregation has little effect on accuracy. Trained under identical
settings, a uniform average (0.038) and a max aggregation (0.053) match the attention pooling used
in the main model (0.040) to within run-to-run variance, and none collapses towards a constant
prediction. The attention pooling is therefore retained not because it lowers the error, but because it
yields an inspectable, content-dependent saliency map over the tactile image (analysed below), which
a uniform average cannot provide.

Kernel size. Computing the pooling scores with a 1 x 1 convolution performs on par with a 3 x 3
convolution (0.019 versus 0.018 mean, within noise). The simpler 1 x 1 kernel is therefore kept: the
large receptive field of the backbone already makes neighbouring locations redundant.

NOCS crop fraction. Increasing the central crop used to compute the ground-truth position from
10% to 20% does not help (0.043 versus 0.040), so 10% is kept.

A direct inspection of the learned weights confirms the spatial selectivity of the pooling module:
across the dataset the maximum weight per sample is about 0.10 on average and exceeds 0.30 for the
most peaked inputs, in every case well above the uniform value of 1/49 ~ 0.02, while the smallest
weights are close to zero. The module genuinely concentrates on specific spatial regions rather than
pooling uniformly, and the attended region shifts with the input (Figure 4.1).

4.4 Qualitative results

An interactive 3D visualizer was developed to assess the predictions qualitatively. It renders the
reconstructed Gaussian scene together with the ground-truth contact points, the predicted points,
and the error segments connecting each prediction to its target (Figure 4.2). The tool makes it
possible to inspect, scene by scene, where the model is accurate and where it fails, and it proved useful
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Table 4.5: Comparison with SplatTouch [12] (Euclidean error in cm). The SplatTouch figures are
averages over 16 scenes; the proposed model is evaluated on two scenes, and its scene-averaged value
(in bold) is the most directly comparable quantity. The outdoor figure is indicative (Section 4.5).

Method Error (cm)
SplatTouch: Random baseline 56.47
SplatTouch: RGB + Touch 22.44
SplatTouch: NOCS + Touch 13.02
SplatTouch: NOCS + Touch (Augmented) 11.65
Proposed model: indoor 7.06
Proposed model: outdoor 11.54
Proposed model: mean of the two scenes 9.30

Table 4.6: Ablation study on the indoor scene. Pooling and crop rows use the SplatTouch split; the
kernel-size rows use the random split (relative comparison only).

Design choice Variant Mean p@0.05
Pooling aggregation attention (used) 0.040 84%
uniform average 0.038 83%
max 0.053  68%
Kernel size (random split) 1 (used) 0.019  95%
3 0.018 94%
NOCS crop fraction 10% (used) 0.040  84%
20% 0.043 78%

for diagnosing failure cases during development, such as systematic offsets between predictions and
the reconstructed geometry.

4.5 Limitations

The evaluation has limits that temper its conclusions. The physical (centimetre) metric depends on
the Gaussian reconstruction used to decode the NOCS colours, and this dependence is not negligible:
recomputing the indoor metric with an independently trained reconstruction of the same scene changes
it from 7.06 to 4.75cm, a swing of about 30%, even though the predictions are identical. The indoor
figure reported here uses the exact reconstruction that defined the indoor NOCS ground truth and
is therefore frame-consistent; the outdoor figure (11.5cm) instead relies on a reconstruction trained
separately, since the original outdoor splat was not available, and is consequently indicative rather
than exact. The normalized NOCS errors are unaffected by this, as they are computed purely in colour
space. The validation sets are small, especially outdoors (55 contacts), so the threshold accuracies
carry a non-negligible uncertainty. The comparison with SplatTouch is indicative rather than rigorous,
for the reasons given in Section 4.2.3: a two-scene average against a sixteen-scene one, and two different
methods. Finally, the ground truth is itself derived from the NOCS encoding (Section 3.3), so any
inaccuracy in the recoloured reconstruction propagates into both training and evaluation.
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Figure 4.1: Learned attention maps for two tactile inputs (indoor scene). For each input the softmax
weights as over the 7 x 7 grid are upsampled and overlaid on the touch image. The weights concentrate
on a small region (peak ~ 0.15 against the uniform 1/49 ~ 0.02) and the attended region moves with
the input, evidence that the pooling is spatially selective and content-dependent.

Figure 4.2: The interactive 3D visualizer on the indoor scene, showing all validation contacts at once.
The textured surface is the reconstructed Gaussian-Splatting scene; the ground-truth contacts are
green, while each prediction is coloured by its error, from green when it coincides with the ground
truth, through yellow, to red when it is far from it; each segment links a prediction to its target, so
its length is the localization error.
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5 Conclusions

This thesis investigated tactile contact localization on Gaussian-Splatting scenes, the inverse direction
of the visuo-tactile chain that SplatTouch [12] addresses with a contrastive model. Instead of learn-
ing a contrastive representation, the localization task was cast as a direct supervised regression in
Normalized Object Coordinate Space (NOCS), using a lightweight architecture made of a ResNet-18
backbone, a learned spatial attention pooling stage and a small regression head. The method was
evaluated on two real scenes, under both an optimistic random split and the harder SplatTouch split,
reporting a normalized NOCS error together with a physically meaningful error in centimetres, and
its main design choices were validated through an ablation study.

5.1 Contributions and impact

The contributions of this work can be summarized as follows.

e A direct-regression formulation of tactile localization. The contact is mapped to its
NOCS colour, and hence to a 3D position, by a single supervised regression, rather than by the
contrastive (SimSiam-style) representation learning of SplatTouch [12] — a conceptually simpler
and computationally lighter paradigm.

e A lightweight architecture. A ResNet-18 backbone is followed by a learned spatial attention
pooling stage, which aggregates the feature grid as a weighted sum, and by a compact regression
head, keeping the model small and easy to train.

e A reproducible evaluation protocol. The method is assessed on two real scenes, under both
the random and the SplatTouch split, with a normalized NOCS error and a physical centimetre
error, against naive baselines, and with an ablation; per-scene splits are generated and cached
deterministically, so the experiments are fully reproducible.

e Empirical design insights. An ablation shows that the localization accuracy is largely in-
sensitive to the spatial-aggregation strategy (attention, average and max pooling perform com-
parably), while a 1 x 1 pooling kernel and a 10% NOCS crop are identified as the preferable,
simplest choices.

e An interactive 3D visualizer that overlays the predicted and ground-truth contacts, and
their error, on the reconstructed Gaussian scene, together with an analysis of how the centimetre
metric depends on the reconstruction used to decode the NOCS colours.

In quantitative terms, on the indoor scene the model localizes contacts with a mean error of 0.040
in NOCS space and 7.06 cm in metric space, with more than four predictions out of five within the
tightest accuracy threshold; on the harder outdoor scene the error rises to 0.107 and an indicative
11.54cm. Averaged over the two evaluated scenes the metric error is 9.30cm. As the SplatTouch
figures are themselves averages over sixteen scenes, this scene-averaged value is the most directly com-
parable quantity: it is about 20% below the best localization configuration reported by SplatTouch [12]
(11.65cm) and about 29% below its non-augmented NOCS variant (13.02cm). This comparison re-
mains indicative, since it places a two-scene average obtained with a different method against a
sixteen-scene one. Against naive constant-prediction baselines the indoor mean error is reduced by
about 73% (a 3.7x improvement), with the gap on threshold accuracy even larger (84% against 0%
at the 0.05 threshold). The outdoor result confirms that the approach transfers to a second scene
while leaving clear room for improvement. Figure 5.1 shows three representative indoor localizations
spanning this range, from a near-perfect prediction to a hard, high-error case.
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Figure 5.1: Three representative localizations on the indoor scene, selected to span the observed error
range, from a near-perfect prediction to a high-error case. The ground-truth contacts are green, while
each prediction is coloured by its error, from green when it coincides with the ground truth, through
yellow, to red when it is far from it; each segment is the localization error, shown on the reconstructed
Gaussian-Splatting surface.

The broader impact is that, for tactile localization on these scenes, a single supervised regression
stage with an explicitly learned spatial weighting is sufficient to match, and here to surpass, a more
elaborate contrastive pipeline. Localization can thus be obtained with a simpler, cheaper and more
easily reproducible model, which contributes the localization half of the visuo-tactile chain whose
generation half SplatTouch already provides, bringing the closed “see-and-feel” loop one step nearer.

5.2 Future work

Several directions remain open. The outdoor physical metric, obtained here from a separately trained
reconstruction, should be recomputed from the same Gaussian model that renders the NOCS ground
truth, so as to remove the residual frame mismatch; aligning the colour decoding of the metric with
the encoding actually used to render the labels is a further, low-cost way to make the centimetre
figures fully consistent. The evaluation should also be extended to a larger and more diverse set of
scenes to confirm generalizability, and robustness on featureless surfaces, where localization is known
to be harder, deserves dedicated study. A natural longer-term step is to couple the regression-based
localization model with the generation model of SplatTouch and to compare, within the same closed
visuo-tactile chain, the contrastive and direct-regression formulations of localization.
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