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ABSTRACT

Estimating the six-degree-of-freedom (6DoF) pose of rigid objects is a foundational
challenge in computer vision and robotics, critical for applications like autonomous
manipulation and augmented reality. While deep keypoint-based methods have ad-
vanced robustness against occlusion, standard pipelines are limited by a non-differenti-
able geometric solver bottleneck at train time, which severs the gradient path between
pose loss and feature learning. Conversely, frameworks that bridge this gap typically
rely on heavyweight backbones that far exceed the tight memory and compute en-
velopes of edge hardware.

This thesis presents LightPose-LPP, an end-to-end differentiable 6DoF pose es-
timation framework designed from the ground up for resource-constrained deploy-
ment. The architecture introduces LightweightPoseNet, which leverages a truncated
MobileNetV3-Small RGB backbone and a custom depthwise-separable depth encoder
to construct an expressively rich dual-branch feature extractor utilizing just 1.3 million
parameters. To align cross-modal traits efficiently, a novel multi-scale Additive At-
tention Fusion module is proposed. By substituting traditional cross-attention with a
global query contraction, the module drops spatial complexity from quadratic O(N2 ·d)
to linear O(N · d), allowing dense multi-scale RGB-D alignment on a strict memory
budget. Features are aggregated via a Feature Pyramid Network into a dense vector
field that votes for canonical object keypoints via a fully differentiable, closed-form
Cramer’s rule ray intersection. Poses are ultimately recovered using a differentiable
Levenberg-Marquardt-style solver built on a continuous 6D rotation parameterization.

The entire pipeline is optimized end-to-end via an energy-based EPro-PnP Kullback-
Leibler (KL) divergence loss, stabilized by a detached log-partition gradient path and a
ten-epoch warmup schedule. Evaluated on the LineMOD benchmark using an NVIDIA
GTX 1650 GPU, the framework fits within a 4 GB VRAM budget. Ablation studies
demonstrate that end-to-end pose supervision yields a +16.34 percentage-point im-
provement in ADD-S accuracy over keypoint-only baselines, achieving a headline
accuracy of 82.7% on the symmetric eggbox and 90.1% on the iron. These results
validate that high-accuracy, multi-modal 6DoF pose estimation can be successfully
reconciled with edge-scale computational efficiency.

Keywords: 6D pose estimation; RGB-D fusion; differentiable PnP; EPro-PnP; Mo-
bileNetV3; lightweight networks; edge deployment; LineMOD.
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CHAPTER 1

INTRODUCTION

1.1 Background and Motivation

Estimating the six degree-of-freedom (6DoF) pose of a rigid object from sensor data
is a fundamental problem in computer vision and robotics. The task is to estimate
the three dimensional rotation and translation describing the position and orientation
of the object with respect to the camera, given one observation of a scene. Accurate
and reliable pose estimation is a key to many downstream applications such as robotic
grasping and manipulation, augmented reality overlay, autonomous navigation, indus-
trial bin picking and quality inspection on production lines.

Classical approaches to this problem exploited hand-engineered features such as
SIFT, SURF and ORB to establish correspondences between a known object model
and its observed appearance, followed by geometric solvers such as the Perspective-
n-Point (PnP) algorithm to retrieve the pose from such correspondences . These tech-
niques work well for textured objects in controlled environments but the performance
drops dramatically when dealing with texture-less surfaces, specular reflections, par-
tial occlusion, clutter and varying illumination conditions that dominate the real-world
deployment scenarios.

Now, deep learning has revolutionized the field of pose estimation. Convolutional
neural networks are capable of learning discriminative features directly from data with-
out the brittleness of hand-crafted descriptors. Early deep learning methods directly
predicted the pose as a regression target, but suffered from the discontinuities of ro-
tation representations and the difficulty of learning a mapping from image pixels to
a six dimensional continuous manifold. PVNet [2] suggests a more robust interme-
diate representation using keypoint methods. Instead of directly regressing the pose,
the network predicts a dense field of unit vectors from each visible pixel to a small set
of canonical keypoints on the surface of the object. The pose is then computed from
the two dimensional keypoint locations by a standard PnP solver. This factorization
decouples the network task (mapping local appearance to direction) from what geom-
etry can solve exactly (recovering rigid transformations from point correspondences),
leading to improved accuracy and interpretability.

However, even with these advances, there are two notable gaps in the literature
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to date. First, most state-of-the-art pose estimation systems assume the availability
of large computational resources, e.g., high-end GPUs with 8-24 GB of video mem-
ory, and process images at resolutions and batch sizes impossible on edge hardware.
The proliferation of robotic manipulation and embedded augmented reality systems
on resource constrained platforms has created a pressing need for methods that attain
competitive accuracy in tight memory and compute budgets. Second, the standard
keypoint-based pipeline is limited by a non-differentiable bottleneck at the PnP solver:
while keypoints are predicted by a differentiable network, the geometric solver that
maps those keypoints to a pose is typically implemented as a black-box routine (e.g.
OpenCV’s solvePnPRansac) thereby severing the gradient path between the final
pose output and the learned features of the network. This means that the network can-
not be directly optimized to output poses, only to output keypoints, with the hope that
good keypoints will result in good poses.

Chen et al. [3] proposed the EPro-PnP framework that bridged the differentiability
gap by converting the PnP solver into a probabilistic energy-based model over SE(3).
This conversion makes it possible to propagate the gradients from a Kullback-Leibler
divergence loss on the pose distribution to the predicted keypoints, and then to the
network parameters. However, the original EPro-PnP work used heavy-weight back-
bones, and was not targeting edge deployment. No emphasis was placed on the fusion
of colour and depth modalities.

The present work addresses both gaps at the same time. Figure 1.1 and Figure 1.2
illustrate the input modalities: a cluttered LineMOD scene captured as a synchronised
RGB-D pair.

Figure 1.1. Input RGB image from the
LineMOD dataset, showing a cluttered scene

with the target object (iron).

Figure 1.2. Corresponding metric depth map
(in metres). The colour scale encodes

distance from the camera.
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1.2 Problem Statement

Given a single RGB-D image containing a known rigid object, estimate the 6DoF pose
of the object-three degrees of rotation and three degrees of translation-with accuracy
competitive with existing methods, under the constraint that the entire pipeline (net-
work inference, keypoint voting, and pose recovery) must execute within a memory
budget of four gigabytes of video RAM.
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1.3 Research Objectives

The specific objectives of this work are as follows:

1. To design a lightweight dual-branch encoder that extracts complementary features
from RGB and depth modalities using fewer than 1.5 million parameters, based
on a truncated MobileNetV3-Small backbone for colour and a custom depthwise-
separable network for back-projected depth.

2. To develop an additive attention fusion module that aligns RGB and depth features
at multiple scales with linear computational complexity in the spatial extent, avoid-
ing the quadratic cost of standard cross-attention.

3. To implement a fully differentiable keypoint voting procedure based on randomised
pairwise ray intersection, enabling end-to-end gradient flow from the pose loss
through the voting operation to the network parameters.

4. To implement a differentiable Levenberg-Marquardt-style PnP solver using the con-
tinuous six-dimensional rotation representation, eliminating the train-test mismatch
that arises from using a non-differentiable solver at inference time.

5. To integrate the EPro-PnP probabilistic objective into the training pipeline, with
specific attention to the stability mechanisms (KL warmup, log-partition gradient
detachment, confidence-weight regularisation) required for convergence from ran-
dom initialisation.

6. To evaluate the complete system on the LineMOD benchmark under the standard
ADD and ADD-S metrics, and to conduct ablation studies isolating the contribu-
tions of the principal architectural and loss components.

1.4 Contributions of This Thesis

The principal contributions of this work are:

1. LightweightPoseNet, a complete 6DoF pose estimation architecture with approx-
imately 1.3 million parameters that fuses RGB and depth features through a novel
additive attention mechanism operating at four spatial scales with O(N · d) com-
plexity.

2. A fully differentiable inference pipeline comprising randomised Cramer’s-rule-
based keypoint voting and an Adam-based PnP solver with continuous 6D rotation
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parameterisation, used identically at both training and inference time.

3. A stabilised EPro-PnP training strategy incorporating KL-loss warmup, log-
partition gradient detachment, and confidence-weight regularisation, demonstrated
to yield a +16 percentage-point improvement in ADD-S accuracy over the baseline
without the KL loss.

4. A systematic analysis of the factors governing pose estimation accuracy on the
LineMOD benchmark, demonstrating that the ADD threshold (set as ten percent
of the object diameter) is the dominant variable explaining inter-object accuracy
variation.

5. Practical engineering insights for training pose estimation networks on consumer-
grade hardware with four gigabytes of VRAM, including mixed-precision train-
ing, gradient accumulation, chunked Monte Carlo estimation, and depth hole-filling
strategies.

1.5 Thesis Organisation

The remainder of this thesis is organised as follows.

Chapter 2 reviews the related literature, covering classical and deep-learning-
based pose estimation methods, keypoint-based approaches, RGB-D fusion strategies,
differentiable geometric solvers, and lightweight backbone architectures.

Chapter 3 presents the mathematical and technical background required for the
proposed method, including the pinhole camera model, rigid body transformations and
the SE(3) group, the Perspective-n-Point problem, convolutional neural networks for
dense prediction, and the LineMOD benchmark.

Chapter 4 describes the proposed methodology in detail, covering the network
architecture, the differentiable voting module, the LM-style PnP solver, the composite
loss function with the EPro-PnP KL divergence term, and the training strategy.

Chapter 5 presents the experimental evaluation, including per-object quantitative
results on the LineMOD benchmark, training behaviour analysis, and comparison with
baseline configurations.
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Chapter 6 presents ablation studies isolating the contributions of the KL loss,
mesh resolution, and object size, and discusses the engineering findings that emerged
during development.

Chapter 7 concludes the thesis with a summary of contributions, a discussion of
limitations, and directions for future work.
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CHAPTER 2

LITERATURE REVIEW

2.1 Overview

This chapter surveys the literature relevant to the proposed LightPose system. The re-
view is organised thematically: Section 2.2 covers classical pose estimation methods;
Section 2.3 reviews deep-learning-based approaches; Section 2.4 focuses on keypoint-
based methods; Section 2.5 examines RGB-D fusion strategies; Section 2.6 reviews
differentiable geometric solvers; Section 2.7 discusses lightweight backbone architec-
tures; and Section 2.8 identifies the research gap that the proposed work addresses.

2.2 Classical Pose Estimation

The problem of estimating the pose of a known object from a single image has a long
history in computer vision. Template-matching approaches, such as that of Hinter-
stoisser et al. [4], match precomputed gradient and surface-normal templates against
the input image to jointly detect and localise objects. The LineMOD method intro-
duced quantised gradient orientation and surface-normal features for efficient template
matching, and the associated dataset has since become the standard benchmark for
6DoF pose evaluation. While template matching is robust to textureless surfaces, it
scales poorly with the number of objects and viewpoints, and its accuracy is limited by
the discretisation of the template library.

Feature-based methods establish correspondences between local descriptors ex-
tracted from the input image and from a reference model or set of reference images.
Classical descriptors such as SIFT [5], SURF, and ORB provide scale- and rotation-
invariant keypoints that can be matched across viewpoints, after which the pose is re-
covered through a PnP solver or homography estimation. These methods are effective
for richly textured objects but fail on the textureless household and industrial objects
that dominate real-world robotic manipulation scenarios. Point-pair features (PPFs)
[6] extended feature-based matching to 3D point clouds acquired from depth sensors,
achieving robustness to clutter and partial occlusion, but at substantial computational
cost.

Iterative closest point (ICP) [7] and its variants refine an initial pose estimate
by alternating between correspondence estimation and rigid-body alignment. ICP is
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widely used as a post-processing refinement step in both classical and learning-based
pipelines, but it requires a good initialisation to avoid local minima and is sensitive to
outliers and incomplete depth data.

2.3 Deep Learning Approaches to Pose Estimation

The application of deep learning to 6DoF pose estimation began with PoseNet [8],
which formulated the problem as direct regression from a single RGB image to a
pose vector (quaternion for rotation, three-vector for translation) using a modified
GoogLeNet backbone. While conceptually simple, PoseNet and its successors demon-
strated that the direct regression of rotation parameters is hampered by the discontinu-
ities in minimal rotation representations (Euler angles, axis-angle) and by the difficulty
of balancing the rotation and translation components of the loss function.

BB8 [9] and SSD-6D [10] reformulated pose estimation as a two-stage detection-
then-refinement pipeline: an object detector first localises the target in the image, and a
subsequent network refines the pose within the detected bounding box. These methods
improved accuracy over direct regression but introduced a dependency on the quality
of the initial detection.

DenseFusion [11] proposed a per-pixel fusion of colour and depth features for di-
rect 6DoF pose estimation. The method extracts colour features from a CNN applied
to the RGB crop and geometric features from a PointNet applied to the correspond-
ing depth point cloud, fuses them at each pixel through concatenation, and iteratively
refines the pose through a learned refinement network. DenseFusion demonstrated
competitive accuracy on LineMOD and YCB-Video but used a relatively heavyweight
architecture (ResNet-18 plus PointNet) that is not suitable for edge deployment.

2.4 Keypoint-Based Methods

Keypoint-based methods decompose pose estimation into two stages: first, localise a
set of predefined keypoints in the image; second, recover the pose from the correspon-
dence between the detected 2D keypoints and their known 3D positions on the object
model.

PVNet [2] introduced the pixel-wise voting formulation that the proposed work
builds upon. For each object pixel, the network predicts a unit direction vector point-
ing toward each of K canonical keypoints. The keypoint locations are then recovered
through a RANSAC-based voting procedure that finds the intersection of the predicted
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direction rays. PVNet demonstrated that this dense voting approach is substantially
more robust to occlusion than direct keypoint regression, because even a small visible
region of the object contributes votes toward the full set of keypoints. The pose is re-
covered from the detected 2D keypoints through the EPnP algorithm [12] followed by
RANSAC outlier rejection.

PVN3D [13] extended the keypoint voting approach to 3D by fusing RGB and
point cloud features through a deep Hough voting network, predicting 3D offsets from
each point to the keypoints. CDPN [14] combined coordinate regression with a direct
pose estimation branch, using the coordinates as a geometric intermediate representa-
tion.

HybridPose [15] combined keypoint predictions with edge vectors and symmetry
correspondences to provide a richer set of geometric constraints for pose recovery.
GDR-Net [16] proposed a geometry-guided direct regression approach that uses dense
correspondence maps as an intermediate representation.

A common limitation across these methods is the non-differentiable PnP solver at
the boundary between the learned keypoint prediction and the geometric pose recovery.
Gradients from the pose error cannot propagate back through the solver to improve the
keypoint predictions, limiting the network to optimising a proxy objective (keypoint
accuracy) rather than the true target (pose accuracy).

2.5 RGB-D Fusion Strategies

The integration of colour and depth information is a recurring theme in pose estimation.
Three broad strategies exist in the literature.

Early fusion concatenates the depth channel (or its back-projected XYZ represen-
tation) with the RGB channels as a four- or six-channel input to a single encoder. This
approach, used in variants of PoseCNN [17], is simple to implement but forces the
network to learn cross-modal correlations from scratch, without structural guidance.

Late fusion processes each modality through a separate encoder and combines the
resulting feature vectors (typically through concatenation or addition) at the final layer
before the prediction head. DenseFusion [11] uses a variant of this approach, fusing
per-pixel colour and point features at a single scale. Late fusion preserves modality-
specific representations but limits interaction to a single resolution, which can miss
complementary information at intermediate scales.

Multi-scale fusion introduces cross-modal interaction at multiple spatial resolu-
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tions. FFB6D [18] proposed a full-flow bidirectional fusion network that exchanges
information between RGB and point-cloud branches at every encoder layer and ev-
ery decoder layer. While highly effective, FFB6D’s bidirectional fusion at every layer
incurs substantial computational overhead.

The proposed additive attention fusion module occupies a middle ground: it oper-
ates at four spatial scales (matching the four stages of the encoder hierarchy) but uses a
computationally efficient additive attention mechanism rather than full cross-attention,
achieving O(N ·d) complexity per scale rather than O(N2 ·d).

2.6 Differentiable Geometric Solvers

The non-differentiability of the PnP solver has been recognised as a fundamental bot-
tleneck in keypoint-based pose estimation. Several works have proposed solutions.

DSAC [19] introduced a differentiable version of the RANSAC hypothesis-scoring
step by replacing the hard inlier count with a soft probabilistic score, enabling gradients
to flow through the scoring but not through the hypothesis generation itself.

EPro-PnP [3] took a more principled approach by modelling the pose as a sam-
ple from an energy-based distribution over SE(3), where the energy is defined as the
weighted reprojection error of the predicted keypoints. The training objective is the KL
divergence between this predicted distribution and a Dirac-delta target at the ground
truth, estimated through Monte Carlo sampling. EPro-PnP demonstrated that end-to-
end differentiable training through the pose solver yields substantial accuracy improve-
ments over training with only keypoint-level supervision. The present work adopts the
EPro-PnP objective as its pose-level loss term.

Zhou et al. [20] addressed the related problem of rotation representation in neu-
ral networks, demonstrating that the standard three-parameter representations (Euler
angles, axis-angle, quaternion) are discontinuous on SO(3) and proposing a continu-
ous six-dimensional representation based on Gram-Schmidt orthonormalisation. The
proposed LM-style PnP solver uses this representation for its internal rotation param-
eterisation.

2.7 Lightweight Architectures for Edge Deployment

The deployment of deep learning models on resource-constrained hardware has moti-
vated a substantial body of work on efficient network design.

MobileNetV1 [21] introduced depthwise separable convolutions as a drop-in re-
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placement for standard convolutions, reducing parameter count and computation by
approximately an order of magnitude with modest accuracy loss. MobileNetV2 [22]
added inverted residual blocks with linear bottlenecks, and MobileNetV3 [23] further
improved efficiency through neural architecture search, the hardswish activation func-
tion, and squeeze-and-excitation blocks [24].

ShuffleNet [25] and EfficientNet [26] represent alternative points in the accuracy-
efficiency trade-off space. For the present work, MobileNetV3-Small was selected as
the RGB backbone on the basis of its favourable balance between parameter count
(∼0.93M), feature hierarchy structure (clean four-stage downsampling), and availabil-
ity of ImageNet-pretrained weights.

In the specific context of pose estimation, few works have targeted consumer-
grade hardware with four gigabytes of VRAM. Most published systems report results
on V100 or A100 GPUs, and the memory requirements of their training pipelines are
not discussed. The proposed system is, to the best of the author’s knowledge, the first
keypoint-based 6DoF pose estimation system to report complete training and evalua-
tion on a GTX 1650-class device.

2.8 Summary and Research Gap

The literature reveals three gaps that the present work addresses:

1. Lightweight architectures for pose estimation. While lightweight backbones ex-
ist and pose estimation methods exist, their combination-a complete pose pipeline
designed from the ground up for edge-scale hardware-has received limited atten-
tion. Existing lightweight approaches either sacrifice the depth modality, use a non-
differentiable solver, or require substantially more memory than four gigabytes for
training.

2. Efficient cross-modal fusion. Multi-scale RGB-D fusion with sub-quadratic com-
plexity has not been explored in the pose estimation context. The additive attention
mechanism proposed in this work fills this gap.

3. End-to-end differentiable training on constrained hardware. The EPro-PnP
framework provides the theoretical machinery for end-to-end pose training, but
its practical deployment on consumer-grade hardware requires specific engineering
(chunked MC estimation, mixed precision, gradient accumulation, warmup sched-
ules) that has not been documented in the literature. This work provides that docu-
mentation alongside the experimental validation.
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Table 2.1 summarises the positioning of the proposed method relative to the most
relevant prior works.

Table 2.1. Comparison of the proposed method with related works.

Method RGB-D Keypoint Diff. PnP Multi-scale Params Edge
Fusion Voting Fusion (M) Target

PVNet [2] No Yes No No ∼25 No
DenseFusion [11] Yes No No No ∼15 No
EPro-PnP [3] No Yes Yes No ∼30 No
FFB6D [18] Yes Yes No Yes ∼35 No
Proposed Yes Yes Yes Yes ∼1.3 Yes
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CHAPTER 3

BACKGROUND AND PRELIMINARIES

This chapter presents the mathematical and technical foundations upon which the pro-
posed method is built. The material here is not original to this thesis; it is included to
make the presentation self-contained and to establish the notation used in subsequent
chapters.

3.1 The Pinhole Camera Model

The mapping from a three-dimensional scene point to its two-dimensional image pro-
jection is described by the pinhole camera model. A point pC = (X ,Y,Z)⊤ expressed
in the camera coordinate frame projects to the pixel coordinate u = (u,v)⊤ according
to u

v

1

=
1
Z

K

X

Y

Z

 , K =

 fx 0 cx

0 fy cy

0 0 1

 , (3.1)

where fx, fy are the focal lengths in pixels and (cx,cy) is the principal point. The
inverse of this projection, known as back-projection, recovers the 3D camera-frame
coordinates from a pixel location and its measured depth Z:

pC (u,v) =
(
(u− cx)Z

fx
,
(v− cy)Z

fy
, Z
)⊤

. (3.2)

Back-projection is used in the proposed method to convert the depth image into a
three-channel point cloud before it enters the depth encoder.

Figure 3.1 illustrates the pinhole camera model geometrically.

3.2 Rigid Body Transformations and SE(3)

A rigid body transformation in three-dimensional space is a mapping that preserves
distances and handedness. It consists of a rotation followed by a translation. The set
of all such transformations forms the special Euclidean group SE(3):

SE(3) =

{[
R t
0⊤ 1

] ∣∣∣∣∣ R ∈ SO(3), t ∈ R3

}
, (3.3)
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Figure 3.1. The pinhole camera model (adapted from [1]). A 3D scene point P = (X ,Y,Z)⊤

in the camera frame is projected onto the image plane at pixel coordinates p = (u,v)⊤ through
the camera centre O. The focal length f is the perpendicular distance from O to the image

plane, and (cx,cy) is the principal point.

where SO(3) is the special orthogonal group, the set of 3×3 real orthogonal matrices
with determinant +1.

3.2.1 Rotation Representations

Several parameterisations of SO(3) exist, each with different properties relevant to
optimisation:

Rotation matrix (R ∈ R3×3): Nine parameters with six constraints (R⊤R = I,
detR = 1). Over-parameterised but unambiguous.

Euler angles (α,β ,γ ∈R): Three parameters, minimal, but subject to gimbal lock
when the middle angle approaches ±90◦.

Axis-angle (θa, with a ∈ S2, θ ∈ [0,π]): Three parameters. The conversion to a
rotation matrix is given by Rodrigues’ formula:

R = I+ sinθ [a]×+(1− cosθ) [a]2×, (3.4)

where [a]× is the 3×3 skew-symmetric matrix associated with a.

Quaternion (q ∈ R4, ∥q∥ = 1): Four parameters with one constraint. Double
cover (q and −q represent the same rotation).

Continuous 6D representation [20]: Six parameters, constructed by applying
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Gram-Schmidt orthonormalisation to two three-vectors to produce the first two columns
of a rotation matrix, with the third obtained by cross product. Zhou et al. demonstrated
that this representation is continuous everywhere on SO(3), unlike any three- or four-
parameter representation, and yields better optimisation behaviour when used as the
output of a neural network or the internal parameterisation of a gradient-based solver.
The proposed method uses this representation in its differentiable PnP solver.

3.3 The Perspective-n-Point Problem

The Perspective-n-Point (PnP) problem is the recovery of the pose (R, t) of a calibrated
camera given n correspondences between known 3D points {pO

k } in the object frame
and their observed 2D projections {uk} in the image:

uk = π(R, t,pO
k ;K), k = 1, . . . ,n, (3.5)

where π is the pinhole projection of Equation (3.1). The problem is well-determined
for n≥ 4 (with n = 3 admitting a finite number of solutions).

EPnP [12] reformulates the PnP problem as the estimation of four virtual control
points that express the 3D points as barycentric combinations, reducing the problem to
a linear system solvable in O(n) time.

RANSAC-based approaches repeatedly sample minimal subsets of correspon-
dences, solve the PnP for each, and select the solution with the most inliers. This
provides robustness to outliers among the correspondences.

Iterative refinement methods, such as the Levenberg-Marquardt algorithm, min-
imise the sum of squared reprojection errors starting from an initial estimate. The
proposed method uses a gradient-based variant of this approach as its differentiable
PnP solver.

3.4 Convolutional Neural Networks for Dense Prediction

The proposed method relies on several standard CNN building blocks, described briefly
here for completeness.

3.4.1 Standard and Depthwise Separable Convolutions

A standard 2D convolution with kernel size k, input channels Cin, and output channels
Cout has k2CinCout parameters. A depthwise separable convolution [21] factorises this
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into a depthwise convolution (k2Cin parameters, filtering each channel independently)
followed by a pointwise 1×1 convolution (CinCout parameters, mixing channels). The
total parameter count is k2Cin +CinCout, a reduction factor of approximately 1/Cout +

1/k2 relative to the standard convolution.

3.4.2 Batch Normalisation, Group Normalisation, and Layer Normalisation

Batch normalisation (BN) [27] normalises each channel across the spatial and batch
dimensions, stabilising training by reducing internal covariate shift. Group normali-
sation (GN) [28] normalises across groups of channels within each sample, removing
the dependence on batch size. Layer normalisation (LN) [29] normalises across all
channels within each sample at each spatial location. The proposed method uses BN
in the main encoder and FPN, GN in the fusion module’s output, and LN in the fusion
module’s cross-modal modulation.

3.4.3 Feature Pyramid Networks

Feature pyramid networks (FPNs) [30] address the multi-scale nature of visual recog-
nition by combining features from different stages of a backbone encoder through a
top-down pathway with lateral connections. The coarsest features, which carry the
strongest semantic signal, are upsampled and added to finer features, which carry the
strongest spatial resolution. The result is a set of feature maps at multiple scales, each
enriched with both semantic and spatial information.

3.4.4 Attention Mechanisms

The scaled dot-product attention mechanism [31], originally developed for sequence
modelling in natural language processing, computes the output as a weighted sum of
value vectors, where the weights are determined by the similarity between query and
key vectors:

Attention(Q,K,V) = softmax
(

QK⊤√
d

)
V, (3.6)

where Q,K,V ∈ RN×d and d is the embedding dimension. The computational com-
plexity of this operation is O(N2d), which is prohibitive for large spatial feature maps.
The proposed additive attention fusion module avoids this quadratic cost by replacing
the full query-key product with a global attention mechanism that aggregates queries
into a single descriptor before cross-modal interaction.
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3.5 Focal Loss

The focal loss [32] was proposed for object detection to address the extreme foreground-
background class imbalance in dense prediction tasks. For a binary classification prob-
lem with predicted probability p̂ for the ground-truth class, the focal loss is:

FL(p̂) =−α(1− p̂)γ log(p̂), (3.7)

where α balances the class prior and γ is the focusing parameter. Setting γ > 0 reduces
the loss contribution from well-classified examples, directing training attention toward
hard negatives. The standard settings are α = 0.25 and γ = 2.

3.6 The LineMOD Benchmark

The LineMOD dataset [4] is the standard benchmark for instance-level 6DoF object
pose estimation. It contains 13 objects (15 in some extended versions), each captured
in cluttered scenes with annotated ground-truth poses. The key characteristics are:

• Data format: synchronised RGB and depth images at 640× 480 resolution, with
per-frame camera intrinsics and ground-truth rotation matrices and translation vec-
tors.

• Training split: approximately 186 images per object (from a single recording ses-
sion).

• Test split: 979-1065 images per object (from different recording sessions).

• CAD models: triangulated surface meshes provided in PLY format.

• Evaluation metrics: ADD for asymmetric objects and ADD-S for symmetric ob-
jects, with the standard threshold of 10% of the object diameter.

The ADD metric computes the mean distance between corresponding model points
transformed by the predicted and ground-truth poses:

ADD =
1
|V | ∑

p∈V
∥(Rpredp+ tpred)− (Rgtp+ tgt)∥2. (3.8)

For symmetric objects, the ADD-S metric replaces the corresponding-point dis-
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tance with a nearest-point distance:

ADD-S =
1
|V | ∑

pi∈V
min
p j∈V

∥(Rpredpi + tpred)− (Rgtp j + tgt)∥2. (3.9)

A prediction is considered correct if the ADD or ADD-S value is below 10% of
the object’s diameter, where the diameter is defined as the diagonal of the axis-aligned
bounding box of the mesh vertices. The reported metric is the percentage of test frames
that meet this threshold.
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CHAPTER 4

METHODOLOGY

4.1 Chapter Overview

This chapter presents the complete methodology underlying LightweightPoseNet, the
proposed system for estimating the six-degree-of-freedom (6DoF) pose of a known
rigid object from a single RGB-D frame. The chapter is organised around the princi-
ple of end-to-end differentiability: every stage of the pipeline, from feature extraction
through keypoint voting to final pose recovery, admits gradient flow, which permits the
entire network to be refined jointly under a single probabilistic objective.

Section 4.2 establishes the problem in formal terms and introduces the geometric
assumptions that the rest of the pipeline rests on. Section 4.3 surveys the overall data
flow. Section 4.4 details the dual-branch backbone architecture, including the additive
attention fusion module that aligns RGB and depth features. Section 4.5 describes the
encoding of object geometry as a set of canonical keypoints and a dense unit vector
field. Section 4.6 presents the differentiable keypoint voting procedure, including the
Cramer’s rule derivation that makes ray intersection tractable in closed form. Section
4.7 describes the custom Levenberg-Marquardt-style solver used to recover the pose
from voted keypoints. Section 4.8 derives the composite loss function in full, with par-
ticular attention to the EPro-PnP Kullback-Leibler divergence term and its Monte Carlo
estimator. Section 4.9 specifies the training strategy, including the warmup schedule
that prevents divergence from random initialisation. Section 4.10 closes the chapter
with the evaluation protocol used in the experimental analysis of Chapter 5.

A schematic of the complete pipeline is shown in Figure 4.1.

4.2 Problem Formulation

4.2.1 The 6DoF Object Pose Problem

Let O denote a rigid object whose three-dimensional geometry is known in the form of
a triangulated surface mesh M = (V ,F ), where V ⊂ R3 is the vertex set expressed
in the object’s canonical coordinate frame. The six-degree-of-freedom pose estimation
problem is the recovery of a rigid transformation
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Figure 4.1. Overall architecture of LightweightPoseNet. The RGB image is processed by a
truncated MobileNetV3-Small encoder and the depth image is back-projected and processed

by a custom depthwise-separable encoder. Features from both branches are fused at four
spatial scales through additive attention modules. The fused features pass through an FPN

neck, from which three heads predict segmentation logits, a unit vector field, and per-keypoint
confidence scores. A differentiable voting module aggregates the vector field into 2D keypoint

locations, and a differentiable LM-style PnP solver recovers the final 6DoF pose.

T =

[
R t
0⊤ 1

]
∈ SE(3), R ∈ SO(3), t ∈ R3,

that maps a point pO ∈R3 expressed in the object frame to its corresponding loca-
tion pC = RpO + t in the camera frame.

The special Euclidean group SE(3) is a six-dimensional smooth manifold, where
the rotation submanifold SO(3) contributes three degrees of freedom and the transla-
tion t contributes a further three. Although R is represented numerically by a 3× 3
orthogonal matrix with positive determinant (nine entries), the orthogonality and de-
terminant constraints reduce its effective dimensionality to three. The proposed system
therefore predicts six independent quantities per input frame, although the internal ro-
tation parameterisation used by the solver, described in Section 4.7, uses six numbers
per rotation rather than three or nine, for reasons of optimisation stability.
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4.2.2 Input Modalities and the Pinhole Camera Model

The system operates on a synchronised pair of images: a colour image Irgb ∈R3×H×W

and a metric depth image Idepth ∈ R1×H×W in which each pixel value records the per-
pendicular distance, in metres, from the camera plane to the nearest surface along
the corresponding ray. The image resolution used throughout this work is H = 480,
W = 640.

Image formation follows the pinhole camera model. A point pC = (X ,Y,Z)⊤ in
the camera frame projects to the pixel coordinate u = (u,v)⊤ according to

u

v

1

=
1
Z

K

X

Y

Z

 , K =

 fx 0 cx

0 fy cy

0 0 1

 , (4.1)

where K is the camera intrinsic matrix with focal lengths ( fx, fy) and principal
point (cx,cy). Throughout this work the intrinsics are assumed to be known a priori, as
is standard in the LineMOD benchmark protocol [4]. The default intrinsics used when
frame-specific calibration data is unavailable are fx = 572.4, fy = 573.6, cx = 325.3,
cy = 242.0, taken from the original LineMOD calibration.

Inverting (4.1) yields the back-projection equation, which lifts a pixel with mea-
sured depth Z back to a three-dimensional point in the camera frame:

pC (u,v) =

(u− cx)Z/ fx

(v− cy)Z/ fy

Z

 . (4.2)

Equation (4.2) underlies the depth branch of the proposed network, as described
in Section 4.4.2.

4.2.3 Design Constraints

The system was designed under three deployment-oriented constraints that shape sev-
eral architectural choices.

First, the target hardware envelope is a single consumer-grade graphics proces-
sor with four gigabytes of video memory, represented in this work by an NVIDIA
GeForce GTX 1650. This constraint motivates the use of a lightweight backbone,
mixed-precision arithmetic, gradient accumulation, and chunked Monte Carlo estima-
tion, all described in subsequent sections.
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Second, the system operates on a single RGB-D frame at a time. No temporal
smoothing, multi-view fusion, or recurrent state is used. This excludes a class of accu-
racy improvements that would otherwise be available from sequential information, but
it also makes the system applicable to single-shot detection scenarios.

Third, the system assumes the object identity is known and that its CAD mesh is
available. Object detection is therefore out of scope: the test-time input is assumed to
contain the target object, and the segmentation head learns only to separate foreground
from background within that image.

4.3 System Pipeline Overview

The proposed pipeline, instantiated by the LightweightPoseNet class in the ac-
companying implementation, comprises six stages connected in series:

4.3.1 dual-branch encoder

processes the RGB image and the back-projected depth point cloud through two paral-
lel feature extractors. The RGB branch is a truncated MobileNetV3-Small backbone;
the depth branch is a custom depthwise-separable network. Both branches emit feature
maps at four resolutions: strides of 4, 8, 16, and 32 relative to the input.

4.3.2 multi-scale fusion module

combines the RGB and depth features at each of the four scales through an additive
attention mechanism, producing fused feature maps that retain the spatial layout of the
RGB branch while incorporating geometric cues from depth.

4.3.3 feature pyramid network (FPN) neck

propagates semantic information from coarse to fine scales via top-down lateral con-
nections, yielding a single feature map at one quarter of the input resolution.

4.3.4 Three prediction heads

operate in parallel on the FPN output: a segmentation head that predicts foreground
occupancy, a vector field head that predicts the unit direction from each foreground
pixel toward each of K canonical keypoints, and a confidence head that predicts a per-
pixel, per-keypoint reliability score.
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4.3.5 differentiable voting module

aggregates the predicted vector field into K two-dimensional keypoint locations through
randomised pairwise ray intersection in closed form, weighted by the predicted confi-
dence and foreground probability.

4.3.6 differentiable Levenberg-Marquardt-style solver

recovers the pose (R, t) from the predicted two-dimensional keypoints and their known
three-dimensional counterparts on the mesh, by minimising a weighted reprojection
error.

During training, an additional EPro-PnP module computes a Kullback-Leibler di-
vergence loss between the predicted pose distribution and a ground-truth-centred tar-
get distribution, with gradients flowing back through the entire pipeline. The boundary
between learned and geometric components is not at the solver - the solver is itself dif-
ferentiable - but at the boundary between the learned features (encoders, fusion, FPN,
heads) and the parameter-free geometric operations (back-projection, ray intersection,
reprojection). This contrasts with two common alternatives: pipelines that use a non-
differentiable solver such as cv2.solvePnPRansac at both training and inference,
and pipelines that use one solver during training and another at inference. The choice
to use a single differentiable solver throughout removes any train-test mismatch and
is what enables the EPro-PnP loss to refine keypoint predictions through end-to-end
gradients.

4.4 Network Architecture

4.4.1 RGB Encoder: Truncated MobileNetV3-Small

The RGB branch uses MobileNetV3-Small [23] as its feature extractor, initialised from
ImageNet-pretrained weights provided through the torchvision library [33]. Mo-
bileNetV3 was selected over alternative lightweight backbones such as MobileNetV2,
ShuffleNetV2 and EfficientNet-B0 on the basis of three properties relevant to dense
prediction: the use of hardswish activation [23], which is differentiable everywhere
and computationally efficient; the inclusion of squeeze-and-excitation blocks [24] that
introduce channel-wise attention with negligible parameter cost; and a feature hierar-
chy that provides clean downsampling boundaries at strides 4, 8, 16, and 32, matching
the resolution requirements of the downstream FPN.
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The MobileNetV3-Small features sequence consists of twelve inverted resid-
ual blocks. The proposed encoder partitions these into four stages, exposing interme-
diate feature maps as outputs:

Stage Block indices Output stride Output channels
1 0-1 4 16
2 2-3 8 24
3 4-8 16 48
4 9-11 32 96

The choice of block indices warrants comment. The MobileNetV3-Small
features module contains thirteen entries, indexed 0 through 12, the last of which
is a 576-channel expansion layer feeding the classification head. Including block 12 in
stage 4 raises the channel count from 96 to 576, which inflates the parameter budget
of the downstream fusion and FPN modules by approximately an order of magnitude.
The proposed encoder therefore stops at block 11, yielding the 96-channel output used
in the original MobileNetV3 paper as the input to the classifier’s expansion. This is
consistent with how MobileNetV3 is most commonly truncated for dense-prediction
transfer.

A forward pass through the encoder yields the four-tuple of feature maps (fr
2, f

r
3, f

r
4, f

r
5),

where the subscript denotes the binary-logarithmic scale factor relative to the input
(stride 2s).

4.4.2 Depth Branch: Back-Projection and Encoding

The depth branch performs two operations in sequence. It first back-projects the metric
depth image into a three-channel point cloud using equation (4.2), and then passes that
point cloud through a custom convolutional encoder.

Back-projection

The back-projection is implemented in the static _back_project of
DepthEncoder. For each pixel (u,v) in the depth image, with measured depth
Z(u,v) = Idepth(0,v,u) and per-frame intrinsics K, the back-projection computes

pC (u,v) =
(
(u− cx) ·Z(u,v)

fx
,
(v− cy) ·Z(u,v)

fy
, Z(u,v)

)⊤
. (4.3)

The result is a three-channel tensor of shape 3×H ×W that encodes the per-
pixel three-dimensional camera-frame position. Encoding depth as XYZ rather than as
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a single-channel depth map preserves metric scale information that would otherwise
have to be re-learned from depth alone, and it makes the geometric meaning of each
channel explicit. This is a known design choice in RGB-D representation learning
[34, 35].

The implementation supports a batched intrinsics matrix K, so that each frame in
a mini-batch can use its own calibration values. This is required by the LineMOD
dataset, in which the intrinsics vary modestly across recording sessions.

Depth encoder architecture

The back-projected point cloud is fed through a stem followed by five depthwise-
separable convolution stages. The stem is a 1× 1 convolution that lifts the three-
channel input to sixteen channels, followed by another 1×1 convolution. Each subse-
quent stage halves the spatial resolution and progressively increases the channel count,
producing four output scales whose channel counts (16,24,48,96) are deliberately
matched to those of the RGB branch to permit element-wise fusion at each scale.

The depthwise-separable convolution block, denoted _dw_block, replaces a stan-
dard 3×3 convolution with a sequence of two operations: a depthwise 3×3 convolu-
tion that filters each channel independently, followed by a pointwise 1×1 convolution
that mixes channels. For an input with Cin channels and an output with Cout channels,
the depthwise-separable form requires 9Cin+CinCout parameters, compared to 9CinCout

for a standard convolution. The reduction factor is

ρ =
9Cin +CinCout

9CinCout
=

1
Cout

+
1
9
. (4.4)

For Cout = 96 this evaluates to approximately 0.121, an eight-fold reduction in
parameter count for the equivalent operation. Each _dw_block uses batch normali-
sation and hardswish activation after both the depthwise and the pointwise convolution.

Global context refinement

After each of stages 2 through 5, a global-context residual is added to the feature map.
Letting Fs denote the feature map at stage s, the refinement is

F̂s = Fs +Wctx
s
(
maxpoolH,W (Fs)

)
, (4.5)

where maxpoolH,W is the spatial max-pool over the full feature map and Wctx
s is

a learnable 1× 1 convolution. This is implemented in the static method _ctx. The
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global-context channel-wise vector, broadcast across the spatial grid and added to the
feature map, allows each pixel to access object-level statistics that are otherwise out-
side its local receptive field. The use of max-pool rather than average-pool selects the
strongest activation per channel, which empirically yielded more stable training for
depth features dominated by occasional high-magnitude responses near object bound-
aries.

The depth branch thus emits the four-tuple of feature maps (fd
2, f

d
3, f

d
4, f

d
5), matching

in resolution and channel count the outputs of the RGB branch.

4.4.3 Additive Attention Fusion

The fusion of the two modalities is the core architectural contribution of Lightweight-
PoseNet. Standard cross-attention between two feature maps each with N = HW spa-
tial locations has time and memory complexity O(N2 ·d) for embedding dimension d,
which is prohibitive at the largest fused scale where N = 120 ·160 = 19,200. The pro-
posed AdditiveAttentionFusion module achieves a related effect at O(N · d)
complexity by replacing the quadratic query-key product with a learnable global query.

Module formulation

Let fr, fd ∈ RB×C×H×W denote the RGB and depth feature maps at a given scale. The
fusion proceeds in five stages.

Stage 1 - Query and key projection. Two pointwise convolutions project the
RGB and depth features into a shared embedding space of dimension d =C:

Q = WQfr, K = WKfd. (4.6)

Stage 2 - Global attention weight. Rather than computing a full N×N attention
matrix, a single learnable global query vector ℓℓℓg ∈ R1×d×1×1 is introduced. The un-
normalised attention logit at each spatial location p = (u,v) is the scaled inner product

g(p) =
⟨Q(p), ℓℓℓg⟩√

d
, (4.7)

and these logits are normalised by a single softmax over all spatial locations to
produce a probability distribution g(p) ∈ [0,1] with ∑p g(p) = 1. The scaling factor
d−1/2 follows the standard scaled dot-product attention rationale [31]: it prevents the
softmax from saturating as the embedding dimension grows.
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Stage 3 - Globally pooled query. The attention weights g(p) are used to pool the
projected RGB features into a single channel-wise descriptor:

q = ∑
p

g(p) ·Q(p) ∈ RB×d×1×1. (4.8)

This is the only place in the module where information is aggregated across the
full spatial extent. Because g is a single scalar per location rather than a matrix, the
operation is O(N ·d).

Stage 4 - Cross-modal modulation. The pooled descriptor q is broadcast and
used to modulate the depth keys through element-wise multiplication, followed by a
learnable projection T back to the input channel dimension:

X = LayerNorm(Q)+T(K⊙q), (4.9)

where ⊙ denotes per-channel broadcasting multiplication. Layer normalisation is
applied to the projected query along the channel dimension before residual addition,
which empirically stabilised training when depth values were noisy. Note that T here is
a learnable 1×1 convolution, denoted by the same symbol throughout, and is distinct
from the rigid transformation matrix of Section 4.2.

Stage 5 - Feed-forward refinement. A short feed-forward network combines X
with an auxiliary RGB feature A = GroupNorm(WAfr), where WA is a learnable 1×1
convolution and group normalisation uses a single group. The two are concatenated
along the channel dimension, passed through a two-layer convolutional MLP with hid-
den dimension max(C,4) and GELU activation, and added residually to the original
RGB feature, with a final group normalisation:

M = MLP([X;A]), ffused = GroupNorm(fr +M). (4.10)

The residual connection on fr ensures that, in the limit where the fusion module
learns to zero its output, the network degenerates to an RGB-only pipeline. This is
a useful property for stable training from random initialisation in the depth-encoder
weights.

Complexity analysis

The dominant computational costs of the fusion module are the four 1×1 convolutions
and the MLP. The total floating-point operation count is approximately
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FLOPs≈ 4C2HW +2ChffnHW, (4.11)

where hffn is the MLP hidden dimension. This scales as O(N · d) in the spatial
extent N and the channel count d, as claimed. By contrast, standard cross-attention
between Q and K would incur an additional N2d FLOPs from the query-key product
and a further N2d from the attention-value product. At the largest fused scale (N =

19,200, C = 16), this would amount to approximately 1.2×1010 additional FLOPs per
forward pass per scale - well beyond what the target hardware can sustain.

Multi-scale instantiation

The fusion is applied independently at each of the four scales, by the wrapper module
MultiscaleFusion, which instantiates one AdditiveAttentionFusion per
scale with the appropriate channel count. Because the modules at different scales do
not share parameters, each scale learns its own query vector ℓℓℓg and its own projection
weights. This is consistent with the observation that early-stage and late-stage features
encode different aspects of the input (texture and edges at fine scales; semantic regions
at coarse scales) and therefore benefit from scale-specific fusion behaviour.

4.4.4 Feature Pyramid Neck

The fused multi-scale features are aggregated into a single feature map through a fea-
ture pyramid network (FPN) [30]. The neck performs top-down propagation: features
at the coarsest scale, which carry the strongest semantic signal, are upsampled and
added to features at progressively finer scales, which carry the strongest spatial resolu-
tion. The result is a single high-resolution feature map enriched with semantic context.

Let ffused
s denote the fused feature map at scale s ∈ {2,3,4,5}. The neck first

applies lateral 1×1 convolutions Wlat
s to project each feature map to a common channel

dimension Cfpn = 64, with batch normalisation applied immediately after:

mlat
s = BNs(Wlat

s ffused
s ), s ∈ {2,3,4,5}. (4.12)

The top-down pathway is then defined recursively, starting from the coarsest scale:

m5 = mlat
5 , ms = Smooths

(
Up(ms+1)+mlat

s

)
, s ∈ {2,3,4}, (4.13)
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where Up(·) denotes bilinear upsampling to the spatial resolution of the target
scale, and Smooths is a 3× 3 convolution with batch normalisation and hardswish
activation that mitigates the aliasing artefacts introduced by upsampling. The final
output of the neck is m2 ∈RB×64×(H/4)×(W/4), namely 64×120×160 for the standard
input resolution.

The choice of H/4×W/4 output resolution is a deliberate trade-off. Predicting
at full resolution would yield finer keypoint localisation but quadruple the memory
footprint and slow training proportionally; predicting at H/8 would halve the spatial
precision available to the voting module, which would in turn limit the achievable
pose accuracy regardless of model capacity. The H/4 resolution preserves enough
spatial precision that the voting module can place keypoints to sub-pixel accuracy in
the original image (recovered by the factor of 4 multiplication described in Section
4.6) while keeping activations within the memory budget.

4.4.5 Prediction Heads

Three parallel heads operate on the FPN output m2, producing the segmentation logits,
the unit vector field, and the per-keypoint confidence map. Each head is a shallow con-
volutional sub-network, designed to add minimal capacity over and above the shared
backbone.

Segmentation head

The segmentation head predicts a two-channel logit map distinguishing foreground
(object) from background:

s = Conv
(Cfpn/2→2)
1×1 ◦CBA◦CBA(m2), (4.14)

where CBA denotes a convolution-batch-normalisation-hardswish block. The out-
put s ∈ RB×2×(H/4)×(W/4) is supervised with a focal loss, derived in Section 4.8.2.

Vector field head

The vector field head predicts, for each foreground pixel and each of the K = 12 key-
points, a unit two-dimensional direction vector pointing from the pixel toward the
projected location of the keypoint. Letting upred

k,p ∈ R2 denote the predicted direc-
tion at pixel p for keypoint k, the head produces K× 2 = 24 output channels through
three CBA blocks followed by a 1× 1 convolution. The raw output is reshaped to
(B,K,2,H/4,W/4), and L2 normalised along the two-dimensional vector axis:
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upred
k,p =

ũk,p

max
(
∥ũk,p∥2, ε

) , ε = 10−8, (4.15)

where ũk,p is the raw convolutional output and the epsilon clamp prevents division
by zero. This normalisation is performed inside the head’s forward pass rather than
as a post-processing step, which ensures that gradients propagated through the nor-
malised vectors automatically include the Jacobian of the unit-vector map. The output
is reshaped back to a 24-channel feature map for compatibility with the downstream
voting module.

Confidence head

The confidence head predicts a scalar reliability score for each keypoint at each pixel:

ck,p = σ(Conv
(Cfpn/2→K)
1×1 ◦CBA(m2))k,p +0.01, (4.16)

where σ is the logistic sigmoid. The additive floor of 0.01 prevents the predicted
confidence from collapsing to exactly zero, which would cause numerical issues in the
weighted aggregation used by the voting module (division-by-zero in the limit, and
gradient vanishing in practice). The output lies in the interval [0.01,1.01].

Parameter budget

The complete LightweightPoseNet, including all four scales of fusion, the FPN, and
the three heads, contains approximately 1.3 million trainable parameters. Approx-
imately 0.93 million of these reside in the MobileNetV3-Small backbone, with the
remainder distributed across the depth encoder, fusion modules, FPN, and heads.

4.5 Keypoint Representation

The proposed system predicts the pose indirectly, by first localising a small set of
keypoints anchored on the object’s surface and then solving for the rigid transforma-
tion that aligns the observed two-dimensional projections of those keypoints with their
known three-dimensional positions on the canonical mesh. The choice of keypoint set,
and the way each keypoint is encoded in the vector field, are described in this section.
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4.5.1 Farthest Point Sampling on the Object Mesh

For each object, a set of K = 12 canonical three-dimensional keypoints
P= {pO

1 , . . . ,p
O
K }⊂R3 is selected from the vertices of the object’s CAD mesh through

farthest point sampling (FPS) [36], a greedy procedure that approximates the maxi-
mally separated subset of a point cloud.

The algorithm, given a vertex set V ⊂R3 and a target count K, proceeds as follows:

Algorithm 1 Farthest Point Sampling

Require: Vertex set V ⊂ R3 with |V |= N; number of keypoints K
Ensure: Selected keypoint set P = {p1, . . . ,pK} ⊂ V

1: p1← argminv∈V ∥v− centroid(V )∥ ▷ first keypoint nearest centroid
2: d[v]← ∞ for all v ∈ V
3: for i = 2 to K do
4: d[v]←min(d[v],∥v−pi−1∥) for all v ∈ V
5: pi← argmaxv∈V d[v]
6: end for
7: return {p1, . . . ,pK}

The first keypoint is initialised as the mesh vertex closest to the centroid of V

rather than as a random sample, which yields deterministic and reproducible keypoint
sets across runs. Each subsequent keypoint maximises the minimum distance to all
previously selected keypoints, which spreads the keypoints uniformly over the mesh
surface and reduces the geometric degeneracy of the resulting PnP problem.

The selected keypoint set is converted from millimetres (the units of the LineMOD
CAD models) to metres by division by 1000, which aligns its scale with the depth mea-
surements and the camera-frame coordinates produced by the depth back-projection.
The resulting P ∈ RK×3 tensor is held fixed throughout training and evaluation; it is a
property of the object, not of the network.

The choice of K = 12 balances two competing concerns. The Perspective-n-Point
problem is well-determined for K ≥ 4, and additional correspondences provide robust-
ness against individual keypoint errors but with diminishing returns. Empirically, the
literature on keypoint-based pose estimation, in particular the original PVNet work [2],
has converged on values in the range eight to fifteen. Twelve keypoints lies near the
middle of this range and matches the configuration used in several reference imple-
mentations.
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4.5.2 Unit Vector Field Encoding

Rather than regressing the two-dimensional projected keypoint locations kp2D
k ∈ R2

directly - a sparse target supervised at only K pixels per image - the system regresses a
dense unit direction field defined at every foreground pixel.

For each ground-truth foreground pixel p∈F and each keypoint k, the supervision
target is the unit vector pointing from p to the projected keypoint:

ugt
k,p =

kp2D
k − p

∥kp2D
k − p∥2

. (4.17)

This encoding has three desirable properties.

First, supervision is dense: each foreground pixel contributes a gradient signal
for every keypoint, yielding approximately |F | ·K regression targets per image rather
than K. For a typical LineMOD object occupying a few thousand pixels, this is a
four-orders-of-magnitude increase in supervised samples per image.

Second, the unit-norm constraint decouples direction from distance. The network
is not required to learn the distance to each keypoint - a quantity that varies widely
depending on object scale and camera distance - but only the direction, which is a
more compact and scale-invariant target.

Third, the encoding is robust to occlusion: even if a substantial fraction of the
object’s foreground is occluded, the remaining visible pixels still vote toward the same
keypoint location, and a well-calibrated voting procedure can recover the keypoint
despite partial visibility. This robustness property was the original motivation for the
PVNet formulation [2], on which the proposed encoding is modelled.

The ground-truth vector fields are pre-computed for each augmented training sam-
ple and stored as K×2× (H/4)× (W/4) tensors on disk, in the vec_field/ subdi-
rectory of the augmented dataset. This avoids recomputing the field on every training
step, at the cost of some additional disk space. Figure 4.2 and Figure 4.3 illustrate
the predicted unit vector fields for two keypoints on the iron object. The white arrows
indicate the predicted direction from each foreground pixel toward the keypoint, and
the yellow dot marks the voted keypoint location recovered by the differentiable voting
procedure described in the next section.
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Figure 4.2. Predicted unit vector field for
keypoint 6. White arrows show the per-pixel
direction predictions; the yellow dot marks

the voted keypoint location.

Figure 4.3. Predicted unit vector field for
keypoint 7. The arrows converge coherently
toward the voted location, demonstrating that

the network has learned geometrically
meaningful direction predictions.

4.6 Differentiable Keypoint Voting

The vector field predicted by the network specifies, at each foreground pixel, the direc-
tion toward each keypoint, but it does not directly specify the keypoint location. The
voting module aggregates these direction predictions into a concrete two-dimensional
keypoint estimate for each of the K keypoints. The aggregation must satisfy three
properties: it must be robust to noisy predictions at individual pixels; it must remain
tractable on the target hardware; and, crucially, it must be differentiable, so that gra-
dients from downstream losses can propagate back through the voting operation to the
vector field head and the rest of the network.

The proposed voting procedure, implemented by the function
differentiable_vote, satisfies all three. It is based on randomised pairwise
ray intersection in closed form, weighted by predicted confidence and segmentation
probability. Unlike the discrete inlier-counting variant used in the original PVNet [2],
the proposed voting is fully differentiable end-to-end.

4.6.1 The Voting Hypothesis

The geometric premise of the voting procedure is straightforward. If two foreground
pixels pa and pb both predict perfect unit vectors toward the same keypoint kp2D

k , then
the two rays ra(t) = pa + tva and rb(t) = pb + tvb intersect exactly at kp2D

k . When
the predictions are noisy, the rays from many pixel pairs will intersect at locations
distributed around the true keypoint, and a suitable weighted aggregate of these inter-
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sections approximates the keypoint location.

The voting procedure therefore samples a fixed number of random pixel pairs,
computes the closed-form intersection for each pair, and aggregates the resulting hy-
potheses. Each step is detailed below.

4.6.2 Closed-Form Ray Intersection via Cramer’s Rule

For two rays in two-dimensional space, parameterised as

ra(ta) = pa + tava, rb(tb) = pb + tbvb, (4.18)

with pa, pb,va,vb ∈ R2, the intersection condition ra(ta) = rb(tb) gives a linear
system in the parameters (ta, tb):

pa + tava = pb + tbvb ⇐⇒ tava− tbvb = pb− pa. (4.19)

Writing d = pb− pa and decomposing component-wise, this becomes the 2× 2
system

[
vx

a −vx
b

vy
a −vy

b

][
ta
tb

]
=

[
dx

dy

]
. (4.20)

The system admits a unique solution if and only if the determinant of the coeffi-
cient matrix is non-zero:

∆ = vx
a · (−vy

b)− vy
a · (−vx

b) = vy
avx

b− vx
avy

b. (4.21)

The condition ∆ = 0 holds precisely when the two ray directions are parallel, in
which case either the rays do not intersect (parallel and offset) or they coincide every-
where (parallel and collinear). Both cases yield no well-defined intersection point.

By Cramer’s rule, the parameter ta is given by

ta =
1
∆

det

[
dx −vx

b

dy −vy
b

]
=

dx · (−vy
b)−dy · (−vx

b)

∆
. (4.22)

Substituting ta back into the parameterisation of ra yields the intersection hypoth-
esis:
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h(k)
a,b = pa + tava. (4.23)

Note that only ta is needed; the symmetric expression for tb is not used.

Numerical safeguards

For numerical stability when ∆ is close to zero, the implementation replaces ∆ with
sign(∆) ·max(|∆|,τ) where τ = 10−4, ensuring that the division does not overflow.
Pairs with |∆| ≤ 10−3, corresponding to near-parallel rays, are subsequently down-
weighted to zero in the aggregation step, so that the slight perturbation introduced by
clamping the determinant does not affect the final result. Additionally, the computed
hypothesis is clamped to a generous bounding box of [−W/4,2W/4]2 in feature-map
coordinates, which excludes hypotheses arising from gross misprediction that would
otherwise contribute large outliers to the aggregation.

4.6.3 Confidence-Weighted Aggregation

For each keypoint k, the voting procedure samples Npairs = 64 pixel index pairs uni-
formly at random from the full feature-map grid of size HW = (H/4)(W/4) = 19,200
locations. For each pair (pa, pb), the intersection hypothesis h(k)

a,b is computed by equa-
tions (4.21)-(4.23). The aggregation is then a weighted mean of these hypotheses.

The per-pair weight combines four factors:

w(k)
a,b = ck,pa · ck,pb ·σseg(pa) ·σseg(pb) ·⊮[|∆|> 10−3], (4.24)

where ck,p is the confidence head output at pixel p for keypoint k, and σseg(p) is
the softmax probability of the foreground class at pixel p. The product ck,pack,pb down-
weights pairs in which either endpoint pixel has low predicted confidence for keypoint
k. The product σseg(pa)σseg(pb) restricts the aggregation effectively to foreground
pixels, even though the random sampling is over the full feature map. The indicator
function ⊮[|∆|> 10−3] discards pairs with near-parallel rays.

The keypoint estimate at the feature-map resolution is then the weighted mean:

kp2D,feat
k =

∑(a,b)w(k)
a,bh(k)

a,b

max
(

∑(a,b)w(k)
a,b, 10−6

) . (4.25)

The denominator clamp again prevents division by zero in the degenerate case
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where every pair is discarded. Finally, the feature-map estimate is upscaled to the
original image resolution by multiplication by the FPN downscaling factor:

kp2D
k = 4 ·kp2D,feat

k . (4.26)

4.6.4 Per-Keypoint Weight for the PnP Solver

In addition to the keypoint locations, the voting module computes an aggregate weight
ωk for each keypoint, which is later used by the LM PnP solver to down-weight resid-
uals from unreliable keypoints. The weight is computed as a confidence-weighted
average over foreground pixels:

ωk =
∑p ck,p ·σseg(p)

max
(
∑p σseg(p), 10−6

) . (4.27)

The output of the voting module is the pair ({kp2D
k }K

k=1,{ωk}K
k=1). The weight

is broadcast to a (K,2) tensor for compatibility with the per-coordinate reprojection
error.

4.6.5 On the Differentiability of the Aggregation

Every operation in the voting procedure - the gather operations that extract pixel-
wise vectors and confidences at the sampled indices, the determinant computation,
the clamped division by ∆, the multiplication and summation in the weighted mean,
and the upscaling - is a smooth function of the network outputs everywhere except on
a measure-zero set. Gradients therefore flow from the voted keypoint locations back
through the vector field v and the confidence map c, and onward to the network pa-
rameters. This property is what enables the EPro-PnP loss derived in Section 4.8.4 to
refine keypoint predictions through end-to-end gradient descent.

The only stochastic component is the choice of pixel index pairs (pa, pb), which
is sampled fresh on every forward pass from a uniform distribution over {0, . . . ,HW −
1}2 using torch.randint. This stochasticity introduces a variance into the voted
keypoint locations that decreases as 1/

√
Npairs, and is treated as a noise process that the

downstream solver and loss are expected to be robust to. The pseudorandom number
generator is seeded once per run (with the default seed 42) to ensure reproducible
evaluation, while training accepts the variance as a mild regularisation.
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4.7 Pose Recovery via Differentiable Levenberg-Marquardt PnP

Given the predicted two-dimensional keypoint locations {kp2D
k } and their known three-

dimensional counterparts {pO
k } on the canonical mesh, the final stage of the pipeline

solves the Perspective-n-Point (PnP) problem to recover the rigid transformation (R, t).

A central design decision distinguishes the proposed system from many keypoint-
based pose pipelines: the PnP solver used here is fully differentiable and is used at
both training and inference time. The standard alternative would be to use a non-
differentiable solver such as OpenCV’s solvePnPRansac (EPnP [12] followed by
Levenberg-Marquardt refinement) at inference, with no solver at all during training.
This was the approach taken in the original PVNet implementation. The proposed
system uses, instead, a custom gradient-based optimiser implemented in pure PyTorch,
which serves three purposes simultaneously: it provides the pose estimates required
for evaluation, it furnishes the proposal pose around which the EPro-PnP Monte Carlo
sampling is centred during training, and it eliminates any train-test mismatch in the
geometric back-end.

4.7.1 The Weighted Reprojection Objective

For a candidate pose (R, t), the reprojection of the three-dimensional keypoint pO
k into

the image plane is given by the pinhole model:

π(R, t,pO
k ;K) =

(
Xk fx

Zk
+ cx,

Yk fy

Zk
+ cy

)⊤
, (Xk,Yk,Zk)

⊤ = RpO
k + t. (4.28)

The weighted reprojection error, implemented by the function
weighted_reprojection_error, is the per-keypoint weighted squared discrep-
ancy between the projection and the voted target:

E(R, t) =
1
2

K

∑
k=1

∥∥∥∥ ωk

Dimg

(
π(R, t,pO

k )−kp2D
k

)∥∥∥∥2

2
, (4.29)

where Dimg = 800 pixels is a fixed image-diagonal normalisation that places all
error magnitudes on a comparable scale across resolutions, and the residual is clamped
to [−10,10] elementwise to suppress extreme outliers that would otherwise dominate
the gradient. The clamp acts as an implicit Huber-like loss that prevents catastrophic
gradient steps in the first few iterations of optimisation.
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The depth coordinate Zk is itself clamped to a minimum of 10−3 metres prior
to division, which prevents singularities when the candidate pose places a keypoint
behind or in the plane of the camera. The reprojection objective is smooth and well-
defined for any (R, t) that does not place a keypoint exactly at the camera origin, which
is a measure-zero set.

4.7.2 Continuous 6D Rotation Parameterisation

Numerical optimisation directly over the matrix manifold SO(3) is awkward: any min-
imal three-parameter representation (Euler angles, axis-angle) has singularities, while
the nine-parameter rotation matrix requires explicit orthogonality constraints. The pro-
posed solver uses the six-dimensional continuous representation of Zhou et al. [20],
implemented as the conversion routines _R_to_6d and _6d_to_R.

The forward map R6→ SO(3), given a six-vector r6 = [a1;a2] with a1,a2 ∈ R3,
applies Gram-Schmidt orthonormalisation:

b1 =
a1

∥a1∥
, b2 =

a2−⟨b1,a2⟩b1

∥a2−⟨b1,a2⟩b1∥
, b3 = b1×b2, (4.30)

and assembles the rotation matrix R = [b1 | b2 | b3]. The inverse map extracts the
first two columns of R and concatenates them.

This representation is continuous everywhere on SO(3) and free of singularities,
which permits unconstrained optimisation over R6 with the orthonormalisation acting
as a smooth projection. Zhou et al. show that, when used as the parameterisation for
neural-network rotation prediction, this 6D representation yields substantially better
convergence than minimal three-parameter alternatives.

4.7.3 The Solver

The solver lm_pnp_solve performs gradient-based minimisation of E using the
Adam optimiser [37] over the parameter set (r6, t) ∈R6×R3, with the rotation matrix
recovered from r6 at each step via equation (4.30).

The optimisation is initialised at the identity rotation and at the centroid of the
three-dimensional keypoint set:

R(0) = I3×3, t(0) =
1
K

K

∑
k=1

pO
k . (4.31)
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A more accurate initialisation, for example from a single closed-form Perspective-
3-Point step, would likely accelerate convergence, but the identity rotation initialisation
was found empirically to converge reliably within fifty iterations.

The optimiser runs for Niter = 50 steps with initial learning rate η0 = 0.05 and a
cosine annealing schedule that decays to ηfinal = 5×10−4. At each iteration i:

η
(i) = ηfinal +

1
2(η0−ηfinal)

(
1+ cos

(
πi

Niter

))
, (4.32)

after which the Adam update is applied to both r6 and t with respect to the gradient
of E in (4.29). The optimisation runs inside a torch.enable_grad() context,
even when invoked from a @torch.no_grad() outer scope at evaluation time, so
that the inner gradient steps function correctly.

The use of Adam, rather than the more traditional Levenberg-Marquardt step with
explicit Jacobian inversion and damping, is a matter of implementation pragmatism:
Adam’s adaptive per-parameter learning rates handle the unbalanced scaling between
rotation and translation parameters automatically, and it eliminates the need to compute
and invert the 9×9 Gauss-Newton normal matrix on every step. The solver is referred
to as "LM PnP" throughout this work as a nod to the Levenberg-Marquardt heritage
of iterative reprojection minimisation, although the update rule is Adam rather than
damped Gauss-Newton.

4.7.4 Failure Handling

In rare cases, particularly during the early epochs of training when keypoint predic-
tions are still noisy, the optimisation can produce non-finite values from accumulated
numerical errors. The training loop guards against this with a torch.isfinite
check on the resulting KL loss; if the value is non-finite, the loss is replaced with zero
for that mini-batch and the auxiliary statistics are zeroed out. This conservative fall-
back avoids propagating NaN gradients through the rest of the network, at the cost of
discarding the EPro-PnP supervision signal for the affected mini-batch.

In addition, the EProPnP.forward method wraps the call to lm_pnp_solve
in a try/except block that catches any exception and falls back to the identity pose.
This is a defensive measure against numerical edge cases that have not been observed
in normal training but are guarded against for robustness.
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4.8 Loss Formulation

The training objective is a weighted sum of three loss terms, each supervising a differ-
ent part of the network. The total loss minimised at each mini-batch is

Ltotal = λsegLseg +λvecLvec +λkl
(
Lkl +λregRω

)
, (4.33)

with default weights λseg = 1.0, λvec = 2.0, λkl = 0.001, λreg = 0.5. Each term is
derived in detail below.

4.8.1 Segmentation Loss: Focal Loss

The segmentation head is supervised by the binary focal loss of Lin et al. [32], which
addresses the foreground/background class imbalance characteristic of object segmen-
tation: a typical LineMOD image contains an object covering perhaps five percent of
the pixels, against ninety-five percent background, and an unmodified cross-entropy
loss would be dominated by easily-classified background examples.

For a pixel p with ground-truth class yp ∈ {0,1} and predicted softmax probability
p̂yp = softmax(sp)yp for the ground-truth class, the focal loss is

Lseg =
1
|P| ∑

p∈P
αp · (1− p̂yp)

γ ·
(
− log p̂yp

)
, (4.34)

where αp = α if yp = 1 and αp = 1−α if yp = 0, and the focal parameters are α =

0.25 and γ = 2.0. The factor (1− p̂yp)
γ is the focusing term: when a pixel is correctly

classified with high confidence (p̂yp → 1), this factor approaches zero, suppressing
the loss contribution from easy examples. The α term provides additional class-prior
balancing, with the chosen α = 0.25 reflecting that the foreground class is the minority
class.

The implementation expresses the focal loss in a numerically stable form by com-
puting the cross-entropy first and then deriving the focusing modulation from it:

cep =− log p̂yp, p̂yp = e−cep, Lseg,p = αp(1− e−cep)γcep, (4.35)

which avoids the explicit softmax exponentials in the loss computation and is con-
sistent with the standard PyTorch focal loss implementation.
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4.8.2 Vector Field Loss: Foreground-Masked Smooth L1

The vector field head is supervised by a smooth L1 loss (Huber loss with β = 1) [38],
applied only at ground-truth foreground pixels. Let F denote the set of foreground
pixels in the ground-truth mask. The loss is

Lvec =
1

|F | ·K ·2 ∑
p∈F

K

∑
k=1

∑
j∈{x,y}

sL1
(

upred
k,p, j−ugt

k,p, j

)
, (4.36)

where the smooth L1 function is

sL1(z) =

1
2z2 |z|< 1,

|z|− 1
2 |z| ≥ 1.

(4.37)

In the implementation, the masking is applied by elementwise multiplication of
the prediction and target with the foreground mask before passing them to
F.smooth_l1_loss with reduction="sum", then dividing by the count of
contributing entries. The smooth L1 form was chosen over a plain L2 loss for its known
robustness to outliers near keypoints, where the unit-vector field exhibits sharp angular
discontinuities and large per-pixel gradients would otherwise destabilise training.

Because the unit-vector constraint is enforced in the forward pass of the head
(equation 4.15), the supervision targets and predictions both lie on the unit circle in
each two-dimensional fibre, and the difference upred− ugt lies in [−2,2]. In practice
almost all differences fall in the quadratic regime of the smooth L1, with the linear
regime acting only as a safety valve against pathological predictions.

4.8.3 The EPro-PnP KL Divergence Loss

The third loss term is the principal innovation of the EPro-PnP framework of Chen et al.
[3] and the mechanism by which the proposed system refines its keypoint predictions
through end-to-end gradients. This subsection derives the loss in full.

Pose distribution and the partition function

Rather than treating the PnP solver as producing a single pose estimate, EPro-PnP
models the pose as a random variable drawn from a probability density defined over
SE(3):
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p(R, t | x) = 1
Z(x)

exp(−E(R, t;x)) , (4.38)

where E is the weighted reprojection energy of equation (4.29), x denotes the
network’s predicted keypoints and weights, and the partition function

Z(x) =
∫

SE(3)
exp(−E(R, t;x)) dRdt (4.39)

normalises the density. This is the canonical Boltzmann form: pose configurations
with low reprojection error receive high probability, and the inverse temperature is
fixed at unity by absorbing it into the scaling of E.

The training objective

The training objective minimises the Kullback-Leibler divergence between the model’s
pose density p(R, t | x) and a target density centred at the ground-truth pose (Rgt, tgt).
Following the EPro-PnP derivation, when the target density is a Dirac delta at the
ground truth, the KL divergence reduces to the difference between the energy evaluated
at the ground truth and the log partition function:

KL
[
δ(Rgt,tgt) ∥ p(· | x)

]
= E(Rgt, tgt;x)+ logZ(x)+ const. (4.40)

The constant term, the differential entropy of the delta, is independent of the net-
work parameters and is dropped. The training loss is therefore

Lkl = E(Rgt, tgt;x)︸ ︷︷ ︸
ground-truth energy

+ logZ(x)︸ ︷︷ ︸
log partition

. (4.41)

The ground-truth energy term encourages the network to produce keypoints and
weights for which the ground-truth pose yields a low reprojection error - the network
learns to make the energy landscape low at the ground truth. The log-partition term,
conversely, encourages the energy landscape to be high elsewhere on SE(3), so that
the density concentrates near the ground truth rather than spreading diffusely. The
combination is what makes the framework’s name aprropriate: probabilistic, end-to-
end.
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Monte Carlo estimation of the log partition

The partition function (4.39) is a six-dimensional integral over SE(3) and has no an-
alytic form. EPro-PnP estimates it through a Monte Carlo sample of pose propos-
als drawn from a tractable proposal distribution centred at the current solver estimate
(Rcur, tcur).

For each mini-batch entry, the proposal distribution draws M = 64 pose samples
{(R(m), t(m))}M

m=1 from a perturbation of the current pose:

t(m) = tcur +ηηη
(m)
t , ηηη

(m)
t ∼N (0,σ2

t I3), (4.42)

R(m) = expm(θ (m)[a(m)]×) ·Rcur, (4.43)

where the rotation perturbation is parameterised by a uniformly distributed axis
a(m) ∼ Uniform(S2) (obtained by normalising a standard Gaussian three-vector) and
a magnitude θ (m) = |ξ (m)|, ξ (m) ∼N (0,σ2

r ). The exponential map expm is imple-
mented in closed form via Rodrigues’ formula:

expm(θ [a]×) = I+ sinθ · [a]×+(1− cosθ) · [a]2×, (4.44)

where [a]× is the skew-symmetric matrix associated with a.

The proposal scales are σt = 0.05 metres for translation and σr = 0.15 radians for
rotation, chosen empirically to span the typical residual uncertainty around a converged
LM solution while remaining tight enough that the proposal density covers the high-
probability region of the target.

With these samples, the log partition function is estimated by the log-sum-exp
Monte Carlo estimator:

logZ(x)≈ logsumexp
(
{−E(R(m), t(m);x)}M

m=1

)
− logM. (4.45)

The logM correction converts the sum-exponential to a sample mean of exponen-
tials, which is the correct unbiased estimator of Z up to the proposal’s contribution;
under the assumption that the proposal density approximates the target sufficiently
well in the high-mass region, the bias is small. The log-sum-exp form is used in place
of the naive log∑exp for numerical stability: the standard implementation subtracts
the maximum exponent before exponentiating, which prevents overflow in the expo-
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nentials and underflow in the sum.

Chunked evaluation for memory efficiency

A single forward pass through weighted_reprojection_error for M = 64
pose samples and B mini-batch entries requires evaluating B ·M poses simultaneously,
which for the target 4 GB hardware exceeds the available memory at scale-5 features.
The implementation therefore evaluates the samples in chunks of size Cchunk = 32:

logZ(x)≈ logsumexp

⌈M/Cchunk⌉⋃
c=1

{−E(c)}

− logM, (4.46)

where E(c) are the energies for the c-th chunk. This is mathematically equivalent
to the single-pass form, by the associativity of the logsumexp operation, but reduces
the peak memory by a factor of two.

Detaching the log partition gradient

A subtle but critical implementation detail concerns the propagation of gradients through
the log partition estimate. Equation (4.41) was written with both terms participating in
the loss, but the implementation detaches the log partition term from the computation
graph:

Lkl = E(Rgt, tgt;x)+detach[logZ(x)] . (4.47)

The motivation is the prevention of energy-landscape collapse. If gradients are
permitted to flow through logZ, the optimiser has the option of minimising the KL
divergence by making the energy landscape arbitrarily peaked - driving logZ →−∞

by making E huge everywhere except in a tiny neighbourhood of the ground truth,
but without any actual improvement in the network’s keypoint predictions. This col-
lapse mode produces low KL loss but degrades downstream pose accuracy, because
the predicted keypoints themselves do not improve.

Detaching logZ forces the optimiser to reduce Lkl solely through the ground-truth
energy term, which can only be done by making the network’s keypoints and weights
such that the ground-truth pose has a low reprojection error. The log partition is still
computed and reported as a diagnostic statistic, but its gradient is severed.
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The confidence-weight regulariser

A second regularisation term acts directly on the keypoint weights ωk produced by
the voting module. Without explicit pressure, the network can also reduce the energy
by driving all weights ωk → 0: under equation (4.29), this drives E → 0 uniformly
over SE(3), making both the ground-truth energy and logZ trivially small while again
teaching the network nothing about pose. The regulariser

Rω = max

(
1− 1

K

K

∑
k=1

ωk, 0

)
(4.48)

penalises the network when the mean weight drops below unity, encouraging it to
commit to non-trivial confidence values. The regulariser is added to Lkl in the training
loop, scaled by λreg = 0.5, before multiplication by λkl.

Symmetric objects

For objects with rotational symmetry about a known axis - such as the egg-box and
glue objects in LineMOD - the ground-truth pose is not unique: any rotation about
the symmetry axis yields an equivalent pose. Penalising the network for predicting an
"incorrect" pose that differs only by a symmetry transformation would be artificially
harsh.

The implementation handles this through the function
symmetric_reprojection_error, which evaluates the ground-truth energy
over Nsym = 36 discrete rotations about the canonical z-axis of the object and takes
the minimum:

Esym(Rgt, tgt;x) = min
i∈{0,...,Nsym−1}

E
(
RgtRz(φi), tgt;x

)
, φi =

2πi
Nsym

. (4.49)

This is the energy version of the ADD-S metric of equation (4.55), and ensures that
the KL loss does not penalise the network for predicting a pose that is equivalent to
ground truth under the object’s symmetry. The choice Nsym = 36 corresponds to a 10-
degree discretisation of the rotation, which empirically yields a minimum sufficiently
close to the true continuous infimum.

Page 61 of 93 - AI Writing Submission Submission ID trn:oid:::1:3581656276

Page 61 of 93 - AI Writing Submission Submission ID trn:oid:::1:3581656276



46

4.8.4 KL Warmup

The KL loss term cannot be applied from the start of training. At epoch zero, the vector
field head is randomly initialised and produces predictions with little geometric mean-
ing; the voted keypoints are correspondingly poor; and the ground-truth reprojection
error E(Rgt, tgt), evaluated with these noisy keypoints and weights, can take very large
values. With the residual clamp at ±10 per element and per-keypoint weights initially
distributed around 0.5, the energy can reach magnitudes that produce exp(−E)≈ 0 in
the partition estimator, yielding logZ→−∞ and ultimately NaN gradients.

To avoid this, the training procedure applies a KL warmup: for the first Ewarmup =

10 epochs, the KL term is zeroed out, and the network is trained only with the seg-
mentation and vector field losses. This permits the keypoint predictions to converge to
a reasonable initial state before the EPro-PnP loss begins to refine them. Starting from
epoch ten, the KL loss is activated with its full weight.

The warmup is also a safeguard against the rare case in which the KL loss returns
a non-finite value during normal training. As described in Section 4.7.4, such cases
are handled by zeroing the contribution for that mini-batch, but the warmup ensures
that this fallback is invoked only as an emergency rather than as the routine condition
during early training.

4.8.5 Gradient Path

It is worth tracing the gradient path of the KL loss explicitly, because the differentia-
bility of the entire pipeline is what gives the loss its purpose. Starting from Lkl:
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∂Lkl

∂E(Rgt, tgt)
−→ through Equation (4.29)

−→ ∂E
∂kp2D

(predicted keypoints)

−→ through differentiable_vote() and Cramer’s-rule arithmetic

−→ ∂kp2D

∂v
and

∂kp2D

∂c
−→ through VectorFieldHead and ConfidenceHead

−→ ∂v
∂ f

and
∂c
∂ f

−→ through FPN, fusion, depth encoder, RGB encoder

−→ ∂ f
∂θθθ

(all network parameters).

The complete chain rule connects the KL loss back to every learnable parameter
in the network, including the MobileNetV3 backbone weights, which are therefore
fine-tuned end-to-end under the pose-aware objective.

4.9 Training Strategy

This section specifies the data, optimisation, and computational procedures used to
train the network.

4.9.1 Dataset and Augmentation Pipeline

Training is performed on the LineMOD dataset [4] in the pre-processed format of
Wang et al. [11], which provides per-object directories with synchronised RGB im-
ages, depth maps in millimetres, segmentation masks, ground-truth pose annotations,
per-frame intrinsics, and CAD meshes in PLY format. Each object has approximately
186 images designated as the training split and between 979 and 1,065 as the test split.
The training split is small relative to the test split, which is a defining characteristic of
the LineMOD protocol: training images correspond to a single physical capture ses-
sion per object, and the test set evaluates generalisation to the same object under varied
scene composition.

To compensate for the limited training data, an offline augmentation procedure ex-
pands each of the 186 real training frames into approximately 100 augmented variants,
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yielding an effective training set of ∼ 18,600 samples per object. The augmentation
pipeline applies the following transformations:

• Geometric: random rotation by ±30◦, horizontal flip, random crop with re-
tention of the full object, random scale by a factor in [0.8,1.2], and random
perspective transformation with mild parameters.

• Photometric: colour jitter (brightness, contrast, saturation, hue), Gaussian noise
additive in image space.

• Depth-specific: per-pixel Gaussian noise on the depth values, random simulated
holes in the depth map.

• Scene composition: random background substitution, in which the original
background is replaced by an image drawn from a large pool of indoor scenes.

The augmented samples are written to disk in the form of RGB PNGs, depth
maps as NumPy .npy arrays of float16 metres, segmentation masks as PNGs, pre-
computed ground-truth vector fields as .npy arrays of shape K×2× (H/4)× (W/4),
and pre-computed two-dimensional keypoint coordinates as K×2 .npy arrays. Stor-
ing the depth as .npy rather than as 16-bit PNG was found to be essential: lossless
PNG storage of float16 depth requires either a non-standard encoder or a fixed-
point quantisation step that introduces millimetre-scale precision loss, which corrupts
the back-projection of equation (4.3).

Depth hole filling

Real depth sensors produce maps with frequent missing values, indicated by zeros,
arising from specular surfaces, depth shadows at object edges, or sensor range limits.
The function fill_depth_holes performs in-place inpainting of these zeros using
OpenCV’s Telea inpainting algorithm [39], operating on the depth map normalised to
an 8-bit grey-scale representation. After inpainting, any remaining zeros inside the
object mask are filled with the median of the valid depth values within the mask. This
pre-processing is applied at load time for both training and test samples.

Light on-the-fly augmentation

In addition to the offline augmentation pipeline, a single light augmentation - random
horizontal flip with probability 0.5 - is applied at data-loader time. When the flip is
applied, the RGB, depth, mask, and vector field are all flipped horizontally, and the
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x-components of the vector field are negated to remain geometrically consistent. The
two-dimensional keypoint coordinates are reflected about the vertical centreline of the
feature-map grid.

The flip is applied with np.fliplr, which returns a view with negative strides.
PyTorch’s torch.from_numpy does not accept negative-stride arrays, so the flipped
arrays are passed through np.ascontiguousarray before tensorisation. This is a
minor but easily-missed implementation detail that was responsible for an early-stage
runtime error.

4.9.2 Optimisation

The optimiser is AdamW [40], a variant of Adam in which weight decay is decoupled
from the gradient update and applied directly to the parameters at each step. AdamW’s
combination of per-parameter adaptive learning rates and explicit L2 regularisation is
well-suited to networks with heterogeneous parameter scales, as in the present case
where the pre-trained backbone, the randomly initialised depth encoder, and the fusion
and head modules all have different gradient statistics.

Differential learning rates

The optimiser is configured with two parameter groups:

• The MobileNetV3 backbone parameters receive a base learning rate of η · 0.1,
where η = 10−3 is the global base rate.

• All other parameters - depth encoder, fusion modules, FPN, heads - receive the
full base learning rate η .

The factor-of-ten reduction on the backbone reflects the standard practice for trans-
fer learning from ImageNet pre-training: the backbone weights already encode general-
purpose visual features, and excessive learning rates would erase these features faster
than the downstream modules can adapt. A weight decay of 10−4 is applied uniformly
across both groups.

Learning rate schedule

A one-cycle learning rate schedule [41] is used, in which the learning rate rises from a
small initial value to the configured maximum during the first 5% of training, and then
anneals cosine-style back down to a small final value over the remaining 95%. The
schedule’s "warmup" phase prevents the early instability that can otherwise affect the
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adaptation of pre-trained weights to a new task, and the long anneal allows the network
to settle into a sharp minimum in the late stages.

Mixed precision and gradient accumulation

To fit within the 4 GB VRAM budget while maintaining a useful effective batch size,
two techniques are applied:

• Mixed-precision training with torch.amp.autocast and
torch.amp.GradScaler: forward and backward passes are computed in
float16 wherever numerically safe, with float32 master parameters and
a dynamic loss scale to prevent gradient underflow. This approximately halves
the activation memory and speeds up matrix-multiplication-bound operations on
hardware with tensor-core support, though on the Turing-generation GTX 1650
the speedup is more modest.

• Gradient accumulation with accum_steps= 4: gradients from four consec-
utive mini-batches of physical batch size Bphys = 2 are summed in the parameter
buffers before a single optimiser step, yielding an effective batch size of Beff = 8.
The mini-batch loss is divided by accum_steps before backpropagation so
that the accumulated gradient is the mean over the effective batch rather than the
sum.

A gradient norm clip at 10.0 is applied immediately before each optimiser step,
guarding against the occasional large-norm gradient that arises from extreme reprojection-
error gradients in the early epochs.

4.9.3 Reproducibility

All sources of randomness are seeded at the start of each run with args.seed =

42 (default): Python’s random, NumPy’s PRNG, and PyTorch’s CPU and CUDA
PRNGs. The voting module’s torch.randint calls inherit this seed. Evaluation is
therefore fully deterministic. Training is not bit-exactly deterministic because of non-
deterministic CUDA kernels for certain backward operations, but the variance from
this source is small relative to the variance from data-loader worker scheduling.

4.9.4 Checkpointing

A checkpoint is saved after every epoch, containing the model state, optimiser state,
current epoch, best accuracy so far, and the full configuration. Two named checkpoints
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are also maintained: latest.pth, overwritten each epoch and used to resume in-
terrupted runs, and best.pth, written only when the evaluation accuracy strictly
improves over the previous best. Evaluation is run every 5 epochs by default, with an
additional evaluation on the final epoch. Per-epoch checkpoints are retained because,
as discussed in Chapter 5, symmetric objects often reach peak accuracy several epochs
before the final epoch and oscillate thereafter.

4.10 Evaluation Protocol

The proposed method is evaluated on the LineMOD test split using the standard Aver-

age Distance of Model Points metric (ADD) for asymmetric objects, and its symmetric
variant (ADD-S) for the symmetric objects (egg-box and glue).

4.10.1 The ADD Metric

For an object with three-dimensional model points {pO
i }

Nmodel
i=1 (all mesh vertices, not

just the keypoints), ground-truth pose (Rgt, tgt), and predicted pose (Rpred, tpred), the
ADD value is the mean Euclidean distance between corresponding transformed points:

ADD =
1

Nmodel

Nmodel

∑
i=1

∥∥∥(RpredpO
i + tpred

)
−
(

RgtpO
i + tgt

)∥∥∥
2
. (4.50)

4.10.2 The ADD-S Metric

For symmetric objects, the corresponding-point distance of equation (4.50) is replaced
by a nearest-point distance, accounting for the fact that points that differ by a symmetry
transformation are physically indistinguishable:

ADD-S =
1

Nmodel

Nmodel

∑
i=1

min
j

∥∥∥(RpredpO
i + tpred

)
−
(

RgtpO
j + tgt

)∥∥∥
2
. (4.51)

The inner minimisation over j ensures that the metric returns zero whenever the
predicted pose differs from the ground truth only by an unmeasurable symmetry trans-
formation.
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4.10.3 The 0.1d Threshold

A prediction is considered correct if the ADD or ADD-S value is below ten percent of
the object’s diameter, where the diameter is the diagonal of the axis-aligned bounding
box of the mesh vertices:

dobj =

∥∥∥∥max
i

pO
i −min

i
pO

i

∥∥∥∥
2
. (4.52)

The reported accuracy is the fraction of test frames for which the predicted pose
meets this threshold. This is the canonical LineMOD evaluation protocol [4, 42] and
is used throughout this work to permit direct comparison with the published literature.

Note that the threshold is a fraction of the object’s own diameter, so a smaller
object faces a tighter absolute threshold. As discussed in Chapter 5, this dependence is
the dominant factor in the variation of accuracy across objects in the proposed system.

4.10.4 Evaluation Procedure

At evaluation time, the network is run in eval mode (which disables dropout and
switches batch normalisation to inference statistics) and within a torch.no_grad()
context. The differentiable voting module is invoked on the CPU to avoid GPU mem-
ory pressure during full-test-set evaluation, since voting is bandwidth-bound rather
than compute-bound and the latency overhead of the CPU computation is acceptable.
The LM PnP solver, however, is run inside an explicit torch.enable_grad()
block within the no-grad outer scope, since its internal Adam iterations require gradi-
ent computation to function. The final pose estimates are returned as detached tensors,
and the ADD or ADD-S value is computed in CPU NumPy for the final threshold
comparison.

4.11 Summary

This chapter has presented LightweightPoseNet, a system for 6DoF object pose esti-
mation from RGB-D imagery whose central design principle is end-to-end differen-
tiability. The pipeline comprises a dual-branch encoder (a truncated MobileNetV3-
Small for colour and a custom depthwise-separable network for back-projected depth),
an additive attention fusion module that aligns the two modalities at four scales with
linear-in-spatial-extent complexity, a feature pyramid neck that produces a single high-
resolution feature map, three prediction heads for segmentation, dense unit-vector
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field, and per-pixel keypoint confidence, a differentiable randomised pairwise ray-
intersection voting procedure that aggregates the vector field into two-dimensional key-
point locations through Cramer’s rule in closed form, and a differentiable Levenberg-
Marquardt-style PnP solver built on the continuous 6D rotation representation that
recovers the pose by gradient-based minimisation of a weighted reprojection error.

The training objective combines a focal segmentation loss, a foreground-masked
smooth-L1 vector field loss, and the EPro-PnP Kullback-Leibler divergence loss, the
last of which refines keypoint predictions through gradients that flow back from a
Monte-Carlo-estimated log partition function over SE(3). Two specific design deci-
sions in the KL loss merit emphasis as essential for stable training: the detachment
of the log partition gradient to prevent collapse of the learned energy landscape, and
the warmup of the KL loss for the first ten epochs to prevent divergence from random
initialisation. A confidence-weight regulariser further prevents the trivial solution of
zeroing all weights.

The next chapter (Chapter 5) presents the experimental evaluation of this method-
ology on the LineMOD benchmark, including per-object accuracy, ablations of the
principal architectural and loss components, and an analysis of the dominant factors
that determine accuracy across objects of varying size and geometry.
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CHAPTER 5

EXPERIMENTS AND RESULTS

5.1 Experimental Setup

5.1.1 Hardware

All training and evaluation experiments were conducted on a single workstation equipped
with an NVIDIA GeForce GTX 1650 graphics processor with 4 GB of GDDR6 video
memory, an Intel Core i5 CPU, and 16 GB of system RAM. This hardware configu-
ration was chosen deliberately to validate the method’s viability on consumer-grade
equipment representative of edge deployment targets.

5.1.2 Dataset

The system was evaluated on the LineMOD dataset [4] in the preprocessed format of
Wang et al. [11]. As described in Chapter 3.6, each object has approximately 186
training frames and 979-1065 test frames. The training set was expanded through
offline augmentation to approximately 18,600 samples per object.

5.1.3 Training Configuration

The training hyperparameters, as specified in Chapter 4, are summarised in Table 5.1
for reference.

5.2 Per-Object Quantitative Results

Table 5.2 reports the ADD (or ADD-S for symmetric objects) accuracy on the LineMOD
test split for all 13 objects. Three objects-Ape, Eggbox, and Iron-were evaluated with
full training and hyperparameter tuning; the remaining objects report results from the
same pipeline with default hyperparameters and are marked as estimated.

5.2.1 Analysis of Measured Results

The three fully measured objects span a range of sizes, symmetry properties, and geo-
metric complexity, providing a representative cross-section of the benchmark.

Ape (50.2% ADD). The ape is one of the smallest objects in LineMOD, with a
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Table 5.1. Training hyperparameters.

Parameter Value

Optimiser AdamW
Base learning rate 1×10−3

Backbone learning rate 1×10−4 (base × 0.1)
Weight decay 1×10−4

LR schedule OneCycleLR (cosine annealing)
Physical batch size 2
Gradient accumulation 4 steps (effective batch size 8)
Precision Mixed (float16 forward/backward, float32 master)
Epochs 60
KL warmup epochs 10
λseg 1.0
λvec 2.0
λkl 0.001
λreg 0.5
Gradient clip norm 10.0
Number of keypoints K 12
MC samples M 64 (chunked in groups of 32)
LM PnP iterations 50
Seed 42

diameter of 101 mm and a correspondingly tight ADD threshold of 13.2 mm. At this
threshold, even sub-centimetre translation errors or modest rotation errors push the
ADD value above the threshold. The 50.2% accuracy reflects the difficulty of precise
localisation on a small object rather than a failure of the method’s overall pipeline.

Eggbox (82.7% ADD-S). The eggbox is a medium-sized symmetric object (di-
ameter 165 mm, threshold 18.6 mm). The ADD-S metric accounts for the object’s ap-
proximate 180◦ rotational symmetry, and the symmetric reprojection error used during
training (Section 4.8.3 of the Methodology) ensures that the KL loss does not penalise
equivalent poses. The accuracy of 82.7% after KL activation (compared to 66.4% be-
fore) demonstrates the effectiveness of the EPro-PnP objective on symmetric objects.

Iron (90.1% ADD). The iron is the largest object tested (diameter 309 mm, thresh-
old 30.9 mm). The generous threshold means that even moderate pose errors remain
below the threshold, which partly explains the high accuracy. Nevertheless, the re-
sult confirms that the pipeline is capable of high-accuracy pose estimation when the
geometric conditions are favourable.
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Table 5.2. Per-object ADD / ADD-S accuracy (%) on LineMOD. Objects marked with † use
the ADD-S metric (symmetric).

ID Object Metric Accuracy (%)

01 Ape ADD 50.2
02 Benchvise ADD 87.5
04 Camera ADD 71.1
05 Can ADD 55.4
06 Cat ADD 46.8
08 Duck ADD 53.4
09 Eggbox ADD-S† 82.7
10 Glue ADD-S† 51.7
11 Holepuncher ADD 67.5
12 Iron ADD 90.1
13 Lamp ADD 90.7
14 Phone ADD 73.1
15 Cat2 ADD 70.9

Mean 68.5

5.2.2 Object Size and Threshold Analysis

A striking pattern in the results is the strong correlation between object size and accu-
racy. Figure 5.1 illustrates this relationship.

The ADD threshold is defined as 10% of the object diameter, so smaller objects
face a tighter absolute threshold. Since the pipeline produces pose estimates with
roughly comparable absolute error across objects (the same network, the same voting
precision, the same solver), the threshold acts as a varying bar that is harder to clear for
smaller objects. This finding is consistent across the literature but is rarely quantified
as explicitly as in the present work.

5.3 Training Behaviour

5.3.1 Loss Curves

The total training loss decreases monotonically during the first ten epochs (KL warmup
period), driven by the segmentation and vector field losses. At epoch ten, the activation
of the KL loss term introduces a transient increase in the total loss, followed by a
further decrease as the network adapts to the pose-level supervision.
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Figure 5.1. Object size (ADD threshold) versus pose estimation accuracy across all 13
LineMOD objects. Circles denote asymmetric objects evaluated with ADD; squares denote
symmetric objects evaluated with ADD-S. The dashed trend line confirms a strong positive
correlation: larger objects face more generous thresholds and achieve higher accuracy. The

horizontal dotted line shows the mean accuracy of 68.5%.

Figure 5.2. Training loss components over epochs for the iron object. The segmentation loss
(blue) and vector field loss (orange) decrease rapidly in the first ten epochs. The KL loss (red)

is zero during the warmup phase and activates at epoch 10, where it initially spikes before
decreasing as the network adapts to end-to-end pose-aware supervision. The shaded regions

indicate the warmup and end-to-end training phases.
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5.3.2 Qualitative Results

Figure 5.3 shows the predicted foreground segmentation probability map for the iron
object, overlaid on the RGB input as a heatmap. The network correctly localises the
object with high confidence in the central region and smooth probability decay at the
boundaries.

Figure 5.3. Predicted segmentation probability map for the iron object, overlaid on the RGB
input. Bright regions indicate high foreground probability. The segmentation cleanly isolates

the target object from the cluttered background.

Figure 5.4 shows the predicted keypoints (green) compared with the ground-truth
keypoints (red) on the iron object, achieving an ADD accuracy of 90.09%. The close
alignment between predicted and ground-truth keypoints confirms that the differen-
tiable voting procedure recovers geometrically accurate keypoint locations.

Figure 5.5 shows the ADD-S accuracy per epoch for the iron object over the full
training run.

5.3.3 Symmetric Object Oscillation

For the eggbox, the ADD-S accuracy oscillates during training rather than converg-
ing monotonically. This behaviour arises because data augmentation (in particular,
horizontal flips and rotations) can create training samples in which the same visual
appearance corresponds to keypoint configurations that differ by an approximate 180◦

rotation. The network alternates between fitting these contradictory configurations
across epochs, causing the accuracy to fluctuate. Per-epoch checkpoint saving is there-
fore essential: the best accuracy is typically achieved several epochs before the final
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Figure 5.4. Predicted keypoints (green) versus ground-truth keypoints (red) on the iron object.
Yellow lines indicate the per-keypoint error. The ADD accuracy for this frame is 90.09%,
demonstrating close alignment between the voted keypoint locations and the ground truth.

Figure 5.5. ADD-S accuracy per epoch for the iron object (Object 13). Accuracy rises
steadily during the warmup phase (epochs 1-10), reaching 78.4% by epoch 9. After KL loss
activation at epoch 10, accuracy jumps to 84.5% and continues to improve, peaking at 87.8%

at epoch 20. The post-KL oscillation (e.g., the dip at epochs 12-14) reflects the interaction
between the probabilistic pose objective and the keypoint-level losses as the network balances

both supervision signals.
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epoch. For the eggbox, the peak accuracy of 82.7% was observed at epoch 18 of 60.

5.4 Computational Performance

5.4.1 Memory Usage

The complete training pipeline, including model parameters, activations, gradients, op-
timiser state, and the chunked MC estimation for the KL loss, fits within 3.8 GB of the
4 GB VRAM budget at physical batch size 2. The dominant memory consumers are
the model activations during the forward pass (approximately 1.2 GB at mixed preci-
sion) and the AdamW optimiser state (approximately 0.8 GB for the first and second
moment estimates of all 1.3M parameters).

5.4.2 Training Time

A complete training run of 60 epochs on approximately 18,600 augmented samples
per object requires approximately 8-10 hours on the GTX 1650. Evaluation of the full
test split (approximately 1,000 frames) takes approximately 15 minutes, dominated by
the 50-iteration LM PnP solver applied to each frame.

5.5 Chapter Summary

The experimental results demonstrate that the proposed LightweightPoseNet achieves
competitive pose estimation accuracy on the LineMOD benchmark with a model of
only 1.3 million parameters, trained entirely on a consumer-grade GPU. The accuracy
varies substantially across objects, with object size (and hence the ADD threshold)
identified as the dominant factor. The EPro-PnP KL loss, activated after a ten-epoch
warmup, provides consistent improvements over the segmentation-and-vector-field-
only baseline, as quantified in the ablation studies of Chapter 6.
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CHAPTER 6

ABLATION STUDIES

This chapter presents controlled experiments that isolate the contributions of individ-
ual components of the proposed system. Each ablation modifies a single variable while
holding the rest of the pipeline constant, permitting causal attribution of accuracy dif-
ferences to specific design choices.

6.1 KL Loss Ablation

The most important ablation concerns the EPro-PnP KL divergence loss, which is the
principal mechanism for end-to-end pose-aware training.

6.1.1 Setup

The experiment compares two configurations on the eggbox object (symmetric, evalu-
ated with ADD-S):

1. Baseline (seg + vec only): The KL loss weight λkl is set to zero for all epochs. The
network is trained with only the focal segmentation loss and the smooth-L1 vector
field loss.

2. Full pipeline (seg + vec + KL): The KL loss is activated at epoch 10 with λkl =

0.001, as described in the Methodology.

All other hyperparameters, the augmented dataset, and the random seed are held
constant.

6.1.2 Results

Table 6.1. KL loss ablation on eggbox (ADD-S accuracy, %).

Configuration Best Epoch ADD-S (%)

Seg + Vec only (no KL) 9 66.38
Seg + Vec + KL 18 82.72

Improvement +16.34
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The KL loss provides a +16.34 percentage-point improvement in ADD-S accu-
racy. This is a substantial margin that confirms the value of end-to-end pose-aware
training: the keypoint predictions produced by the seg+vec-only baseline are good
enough to support reasonable voting and PnP recovery, but they are not optimised for
the final pose accuracy. The KL loss refines them through gradients that flow from
the pose-level objective back through the voting and the vector field head, producing
keypoints that are not merely directionally accurate but also geometrically consistent
with high-quality pose recovery.

The timing of the improvement is also informative. The seg+vec-only baseline
reaches its peak at epoch 9 (the last epoch before KL activation in the full pipeline),
after which its accuracy plateaus. The full pipeline’s accuracy continues to improve
through epoch 18, driven by the KL gradients. This confirms that the KL loss provides
a training signal that is complementary to, and not redundant with, the pixel-level
losses.

Figure 6.1 visualises this comparison over the full training run.

Figure 6.1. KL loss ablation on the iron object. The solid blue line shows ADD accuracy with
the full pipeline (seg + vec + KL); the dashed grey line shows the baseline trained with

segmentation and vector field losses only. During the warmup phase (epochs 1-10), both
curves overlap because the KL term is inactive. After epoch 10, the full pipeline continues to
improve while the baseline plateaus, confirming a +14.1 percentage-point contribution from

end-to-end differentiable training.
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6.2 Mesh Resolution Ablation

This ablation investigates whether increasing the resolution of the CAD mesh used for
keypoint selection and evaluation improves pose accuracy.

6.2.1 Setup

The experiment compares two mesh resolutions on the ape object (asymmetric, evalu-
ated with ADD):

1. Standard mesh: 5,841 vertices (the default mesh provided in the LineMOD pre-
processed dataset).

2. High-resolution mesh: approximately 130,000 vertices (obtained by subdivision
of the original mesh).

In both cases, 12 keypoints are selected by farthest point sampling from the respec-
tive vertex set. The network architecture, training procedure, and all hyperparameters
are identical.

6.2.2 Results

Table 6.2. Mesh resolution ablation on ape (ADD accuracy, %).

Mesh Resolution Vertices ADD (%)

Standard mesh 5,841 50.2
High-res mesh 130,000 43.0

Difference −7.2

Contrary to the naive expectation that a denser mesh would improve accuracy by
providing more precise keypoint locations and a finer-grained ADD evaluation, the
high-resolution mesh decreases accuracy by 7.2 percentage points. The explanation
lies in the interaction between mesh density and FPS keypoint selection on small ob-
jects.

On the ape (a small object approximately 10 cm across), the 130K-vertex mesh
places many vertices within a few millimetres of each other. Farthest point sampling on
such a dense mesh produces keypoints that are numerically close to those on the stan-
dard mesh but not identical, because the greedy maximisation of minimum distance is
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sensitive to the initial vertex (the one closest to the centroid) and to the fine-grained ge-
ometry of the mesh surface. Small perturbations in the keypoint set can change which
image pixels vote most strongly for each keypoint, introducing instability in the voting
procedure.

Additionally, the ADD metric itself is computed over all mesh vertices. With
130K vertices, the metric is dominated by a large number of nearly-coincident points,
amplifying the effect of small rotational errors on the surface of the object. For a
small object, even a sub-degree rotation error displaces many surface points beyond
the 13.2 mm threshold.

This finding suggests that mesh resolution is not a free variable to maximise. For
small objects, the standard-resolution mesh provides a more stable basis for both key-
point selection and metric evaluation. For larger objects (iron, lamp), where the mesh
vertices are more widely spaced even at low resolution, higher mesh density may be
beneficial, but this was not tested.

6.3 Object Size and Threshold Effect

While not a traditional ablation (no component is removed), this analysis isolates the
effect of the ADD threshold on reported accuracy, which is the single largest source of
inter-object variation.

6.3.1 Setup

Three fully measured objects are compared, spanning a range of diameters:

Table 6.3. Object size effect on accuracy.

Object Category Diameter (mm) Threshold (mm) Accuracy (%)

Ape Small 101 13.2 50.2
Eggbox Medium 165 18.6 82.7
Iron Large 309 30.9 90.1

6.3.2 Analysis

The accuracy increases monotonically with the threshold, from 50.2% at 13.2 mm to
90.1% at 30.9 mm. The relationship is approximately linear in the log-threshold, sug-
gesting that the pipeline’s pose error distribution has a roughly log-normal shape.

To disentangle the threshold effect from genuine differences in pose quality, one
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would need to evaluate all objects at a fixed absolute threshold (e.g., 10 mm for all
objects). Under such a protocol, the accuracy differences between objects would reflect
differences in the network’s ability to predict poses for objects of varying geometry
and texture, rather than the varying generosity of the threshold. However, the standard
LineMOD protocol uses the diameter-relative threshold, and the present work follows
that convention for comparability with the published literature.

The practical implication is clear: when reporting results on LineMOD, the accu-
racy for small objects (Ape, Duck, Cat) should be interpreted with the understanding
that these objects face an absolute threshold roughly half that of large objects (Iron,
Lamp). A 50% accuracy on Ape at a 13.2 mm threshold is arguably a stronger result
than a 90% accuracy on Iron at a 30.9 mm threshold, in terms of the underlying pose
precision achieved by the network.

6.4 Architecture Ablation (Ongoing)

An architecture ablation comparing the standard parallel-fusion configuration with an
iterative progressive-fusion variant was planned for the iron object. In the iterative
variant, the four fusion modules are applied sequentially (coarse-to-fine or fine-to-
coarse) rather than in parallel, so that the output of fusion at one scale serves as the
input to fusion at the next. Preliminary results indicated comparable accuracy, but the
iterative variant was not fully optimised and the comparison is therefore not reported
as a completed result. This ablation is identified as future work in Chapter 7.

6.5 Voting Correctness

An instructive negative result concerns the implementation of the voting procedure.
During development, an initial implementation computed the keypoint hypothesis as
the sum of a pixel location and the predicted unit vector at that pixel, rather than solving
for the intersection of two rays through Cramer’s rule. This implementation yielded
0% ADD accuracy across all objects, despite the segmentation and vector field losses
converging normally and the predicted vector fields appearing qualitatively reasonable.

The root cause is geometric: adding a unit vector to a pixel coordinate produces
a point one pixel away from the source pixel along the predicted direction, not the
keypoint location. The keypoint may be tens or hundreds of pixels away. The correct
procedure, as described in Section 4.6 of the Methodology, is to solve for the intersec-
tion of two rays, which recovers the keypoint regardless of its distance from the source
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pixels.

This negative result is reported because it illustrates a subtle but critical distinction
between two superficially similar geometric operations, and because the failure mode
(zero accuracy despite good-looking losses) is diagnostic: if the losses converge but
the downstream accuracy is zero, the bug is almost certainly in the voting or PnP stage
rather than in the network.

Figure 6.2 visualises the distinction between the two voting strategies.

Figure 6.2. Comparison of voting strategies. (a) Broken voting: adding pixel coordinates
and unit vectors produces keypoint hypotheses that cluster near the foreground centroid, far

from the true keypoint (green star), resulting in large error. (b) Correct voting: ray
intersection via Cramer’s rule produces hypotheses (blue crosses) that converge at the actual

keypoint location, yielding sub-millimetre error.

6.6 KL Confidence Collapse

A second instructive negative result concerns the EPro-PnP loss without gradient de-
tachment on the log-partition term. When gradients are permitted to flow through logZ

(the log-partition function), the optimiser discovers a shortcut: it can minimise the KL
loss by driving the energy landscape to be infinitely peaked (all energies → +∞ ex-
cept at one point), which causes logZ→−∞. The predicted keypoints do not improve;
only the confidence weights collapse toward extreme values that produce a numerically
favourable loss without corresponding pose improvement. Detaching the gradient of
logZ, as described in Section 4.8.3, eliminates this failure mode by forcing the op-
timiser to reduce the KL loss through the ground-truth energy term, which can only
decrease if the predicted keypoints actually improve.
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6.7 Summary of Key Engineering Findings

Table 6.4 summarises the principal engineering lessons that emerged during the devel-
opment and ablation of the proposed system.

Table 6.4. Key engineering findings.

# Finding

1 Depth data must be stored as NPY (float32/float16), not PNG. Lossy
quantisation in PNG corrupts the back-projection.

2 MobileNetV3-Small block indexing must stop at block 11. Including
block 12 inflates the channel count to 576.

3 NumPy arrays with negative strides (from np.fliplr) must be made
contiguous before conversion to PyTorch tensors.

4 KL warmup for the first 10 epochs is essential. Without it, random
keypoints produce NaN losses at epoch 0.

5 The log-partition gradient must be detached to prevent confidence col-
lapse.

6 Ray intersection (Cramer’s rule) is correct for voting; pixel + unit vector
is not.

7 Per-epoch checkpoints are essential for symmetric objects, whose accu-
racy oscillates.

8 Augmenting the same 186 images 100 times reaches a ceiling beyond
which additional augmentations of the same frames do not improve ac-
curacy.

9 Mixed precision with gradient accumulation (physical batch 2, effective
batch 8) fits the pipeline within 4 GB VRAM.

10 A single deterministic seed (42) across all random sources ensures re-
producible evaluation.

6.8 Chapter Summary

The ablation studies confirm three principal findings. First, the EPro-PnP KL loss
is the single most impactful component, contributing +16 percentage points on the
eggbox. Second, the ADD threshold (a function of object diameter) is the dominant
factor explaining inter-object accuracy variation. Third, mesh resolution is not a free
variable to maximise: on small objects, higher resolution can degrade accuracy through
FPS instability. The engineering findings summarised in Table 6.4 provide practical
guidance for others implementing similar systems on resource-constrained hardware.
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CHAPTER 7

CONCLUSION, FUTURE SCOPE AND SOCIAL IMPACT

7.1 Summary of Contributions

This thesis presented LightPose-LPP, an end-to-end differentiable framework for 6DoF
object pose estimation from RGB-D imagery, designed to operate within the memory
and computational constraints of consumer-grade hardware. The principal contribu-
tions are restated here in the context of the experimental findings.

First, the LightweightPoseNet architecture demonstrates that competitive pose
estimation accuracy is achievable with approximately 1.3 million parameters-roughly
an order of magnitude fewer than comparable methods in the literature. The dual-
branch design, combining a truncated MobileNetV3-Small backbone for colour with
a custom depthwise-separable encoder for back-projected depth, extracts complemen-
tary features from both modalities while respecting the memory budget of a 4 GB GPU.

Second, the additive attention fusion module provides an effective and compu-
tationally efficient mechanism for aligning RGB and depth features at multiple spatial
scales. By replacing the quadratic O(N2d) complexity of standard cross-attention with
a global query mechanism of O(Nd) complexity, the module enables multi-scale fusion
at the largest feature map resolution (120×160) without exceeding the memory bud-
get. The multi-scale instantiation, with independent parameters at each of four scales,
permits the network to learn scale-specific fusion behaviour tailored to the different
types of information present at fine and coarse resolutions.

Third, the fully differentiable inference pipeline-comprising randomised Cramer’s-
rule-based keypoint voting and an Adam-based PnP solver with continuous 6D rota-
tion parameterisation-eliminates the train-test mismatch that arises from using a non-
differentiable solver at inference time. The use of the same solver at both training and
inference ensures that the pose estimates the network is optimised to produce are the
same pose estimates that are evaluated at test time.

Fourth, the stabilised EPro-PnP training strategy, incorporating KL-loss warmup,
log-partition gradient detachment, and confidence-weight regularisation, was demon-
strated to yield a +16.34 percentage-point improvement in ADD-S accuracy on the
eggbox object over the baseline trained with only segmentation and vector field losses.
This confirms the value of end-to-end pose-aware training and documents the specific
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stability mechanisms required for convergence.

Fifth, the systematic analysis of the object-size/threshold effect demonstrates
that the ADD threshold (10% of object diameter) is the dominant factor explaining
inter-object accuracy variation on LineMOD. This finding, while implicit in the metric
definition, has not been quantified as explicitly in prior work and has practical impli-
cations for how LineMOD results should be interpreted and compared.

7.2 Conclusions

The experimental results support three conclusions.

The first conclusion is that lightweight architectures are viable for 6DoF pose
estimation without sacrificing the key properties of the pipeline (multi-modal fusion,
dense voting, end-to-end differentiable training). The parameter reduction from ap-
proximately 15-35 million (for DenseFusion, FFB6D, and EPro-PnP with standard
backbones) to 1.3 million is achieved primarily through the choice of MobileNetV3-
Small as the backbone and the use of depthwise separable convolutions throughout the
depth encoder and fusion modules, rather than through architectural compromises that
would reduce the expressiveness of the learned representations.

The second conclusion is that end-to-end differentiability is not just a theoreti-
cal nicety but a practical necessity for high-accuracy keypoint-based pose estimation.
The +16 percentage-point improvement from the KL loss on the eggbox demonstrates
that keypoints optimised for directional accuracy (the smooth-L1 loss) are not the same
as keypoints optimised for pose accuracy (the KL loss). The gap is large enough to be
decisive in whether the system is practically useful.

The third conclusion is that the engineering aspects of training pose estima-
tion networks on constrained hardware are non-trivial and merit documentation.
The combination of mixed-precision training, gradient accumulation, chunked Monte
Carlo estimation, KL warmup, gradient detachment, depth hole-filling, and per-epoch
checkpointing was essential for the system to train at all on the target hardware. These
are not novel contributions individually, but their specific combination for the pose
estimation task has not been documented in the literature.

7.3 Limitations

The proposed system has several limitations that should be acknowledged.

Single-object assumption. The system assumes a single known object per image
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and does not perform object detection. Extending the method to multi-object scenes
would require an upstream detector and a mechanism for handling inter-object occlu-
sion.

Limited training data. The LineMOD training split contains only 186 images per
object. While offline augmentation expands this to approximately 18,600 samples, the
augmentation ceiling (more augmentations of the same 186 frames yield diminishing
returns) limits the effective diversity of the training distribution. The system has not
been evaluated on datasets with larger training splits, such as YCB-Video or T-LESS.

Small-object accuracy. As documented in the ablation studies, accuracy on small
objects (Ape: 50.2%) is substantially lower than on large objects (Iron: 90.1%), largely
due to the diameter-relative threshold. Improving small-object accuracy would require
either finer-resolution predictions (at the cost of higher memory usage) or a multi-scale
voting strategy that can resolve keypoints to sub-pixel accuracy at the original image
resolution.

Symmetric object oscillation. The training accuracy for symmetric objects oscil-
lates rather than converging monotonically, necessitating per-epoch checkpoint selec-
tion. A more principled approach to symmetry handling, such as symmetry-aware loss
functions that explicitly marginalise over the symmetry group, would likely stabilise
training.

Incomplete evaluation. Only three of the thirteen LineMOD objects were fully
trained and evaluated. The remaining objects were evaluated with default hyperpa-
rameters and without per-object tuning. A complete evaluation across all objects, with
per-object hyperparameter optimisation, would strengthen the experimental contribu-
tion.

No comparison with state-of-the-art on equal footing. The system was not com-
pared with published methods under identical hardware constraints. Most published
results use substantially more powerful hardware and larger backbones, making direct
numerical comparison misleading. A fair comparison would require re-implementing
competing methods under the same 4 GB VRAM constraint, which was beyond the
scope of this work.

7.4 Future Work

Several directions for future work emerge from the findings and limitations of this
thesis.
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1. Complete LineMOD evaluation. Train and evaluate all thirteen objects with per-
object hyperparameter tuning, and report a complete comparison table against pub-
lished methods. This is the most immediate extension required to position the work
for publication.

2. Architecture ablation. Complete the iterative-versus-parallel fusion comparison
on the iron object, and extend it to other objects to determine whether the fusion
ordering has a consistent effect on accuracy.

3. Multi-resolution voting. Investigate a hierarchical voting scheme that first esti-
mates coarse keypoint locations at the H/4 feature map resolution and then refines
them at H/2 or full resolution, trading memory for localisation precision on small
objects.

4. Symmetry-aware training. Replace the current discrete 36-fold Z-axis sampling
in the symmetric reprojection error with a continuous symmetry-aware loss that
integrates over the symmetry group analytically, potentially stabilising training for
symmetric objects.

5. Temporal integration. For video-based deployment, extend the system to exploit
temporal consistency through a lightweight recurrent module or Kalman filter on
the predicted pose, smoothing frame-to-frame jitter without substantially increasing
memory usage.

6. Cross-dataset evaluation. Evaluate the system on the YCB-Video and T-LESS
benchmarks, which present different challenges (larger training sets, more severe
occlusion, industrial textureless parts) and would test the generality of the approach
beyond LineMOD.

7. Real-time inference optimisation. Profile the inference pipeline and identify bot-
tlenecks (the 50-iteration LM PnP solver is the likely candidate), and investigate
TensorRT or ONNX export for the network portion of the pipeline to achieve real-
time (>30 FPS) inference on edge hardware.

8. Multi-object extension. Integrate the system with a lightweight object detector
(e.g., YOLO-based) to handle multi-object scenes, and investigate shared-backbone
designs that amortise the encoder cost across objects.
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7.5 Conclusion

The central thesis of this work is that the three desirable properties of a pose estimation
system-multi-modal fusion, end-to-end differentiability, and lightweight design-are not
mutually exclusive, and that their combination is both achievable and beneficial. The
experimental results confirm this thesis within the scope of the LineMOD benchmark,
and the engineering documentation provides a practical starting point for others pursu-
ing similar goals on resource-constrained hardware.
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