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Abstract

The challenge this thesis aims to address is that of improving the efficiency of
deep learning on 3D tasks. We consider this problem from two angles. First
how we can improve the efficiency of operations on dense voxel grids. Then
second how recent improvements in representational efficiency can be leveraged
in computer vision pipelines.

The cubic growth in memory requirements for dense voxel grids means
consideration of computational complexity for 3D tasks is of much greater
importance than in 2D tasks. Whilst a variety of approaches to addressing
this issue are available, in our work we consider two related approaches: First
we consider quantisation, which presents a powerful approach to reducing both
the energy, computational, and memory requirements of deep networks. Our
work investigates how varying the level of quantisation in each of the layers
of a deep network can provide for greater memory savings than using the
same level throughout, whilst maintaining the same accuracy. Second, where
quantisation capable hardware is not available, particularly in power constrained
environments, simply reducing the overall size of a model can have greater
improvements to overall energy consumption than an equivalent reduction in
the amount of computation performed. We approach the problem of reducing
model sizes by compressing the weights of a network rather than altering its
structure. We examine this task through the lens of approximation, using
functional approximations like cosine and Chebyshev series to learn a compact
representation of the weights of a deep network.

Recent developments in the form of neural implicit representations (NIRs)
present an exciting new approach to improving the representational efficiency of
3D pipelines, considering what tasks are possible using a given representation,
rather than just the compute required. Our work examines how early NIR
works focused on the reconstruction task alone, hampering their use in later
tasks. We show how when training for reconstruction tasks alone, NIRs learn
representations that are unsuitable for semantic tasks. To address this, we
demonstrate that simple joint training for semantic tasks like classification is
sufficient to generate representations that are meaningful even for unseen semantic
tasks. Expanding on this work, we propose an approach to contextualise NIRs
that are trained for reconstruction alone avoiding any need to retrain the encoders.
This contextualising approach then permits training on larger unlabelled datasets
to provide improved reconstruction performance, before fine tuning on a labelled
dataset to achieve the required semantic capability.
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Introduction

Contents
1.1 Efficient Processing . . . . . . . . . . . . . . . . . . . . . 3

1.1.1 Quantisation . . . . . . . . . . . . . . . . . . . . . . . . 3
1.1.2 Weight Compression . . . . . . . . . . . . . . . . . . . . 4

1.2 Efficient Representations . . . . . . . . . . . . . . . . . . 5
1.2.1 Generalising NIRs . . . . . . . . . . . . . . . . . . . . . 7
1.2.2 Contextualising NIRs . . . . . . . . . . . . . . . . . . . 7

1.3 Thesis Structure . . . . . . . . . . . . . . . . . . . . . . . 9
1.4 Publications . . . . . . . . . . . . . . . . . . . . . . . . . . 9

Although the foundations of modern deep learning (DL) were laid down over

fifty years ago[1; 2], and the underlying mathematics even earlier[3], trends in

hardware development have only relatively recently enabled the development and

deployment of “super-human” [4] models. Modern hardware, in particular graphical

processing units (GPUs), possess millions of times more raw computational power

than the machines available when the early implementations were developed[5]. The

exponential decrease in the cost of floating point operations (FLOPs) have permitted

the development and deployment of models with massive computational[6; 7; 8] and

memory [9; 10] requirements. Despite this, the growth in computational capacity

provided by modern hardware is being out-stripped by the requirements of the

latest and most compute intensive [7; 10] methods. As a result, deploying these new

1
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approaches in data-centers is expensive, and deploying these latest advancements at

the “edge”1 is rarely feasible. Accordingly, there is significant interest in approaches

and methods to improve the efficiency of deep learning methods, both in large-scale

applications like data-centers and in smaller scale “edge” computing. Further,

recent developments in the availability and quality of consumer level augmented

reality (AR)/virtual reality (VR) hardware is gradually, but substantially, increasing

the demand for efficient approaches to applying DL to 3D data.

In this thesis, we aim to improve the efficiency of deep learning approaches for 3D

computer vision (CV) tasks. Approaching the problem from two different angles, we

consider first how the efficiency of existing approaches to processing 3D data in dense

voxel grid form can be improved, and next, how the introduction of neural implicit

representations (NIRs) into deep learning pipelines can improve their efficiency.

Dense voxel grids, whilst the natural extension of conventional pixel images, have

exorbitant cubic memory (and potentially computational) growth, meaning that

simple elevation of 2D methods into 3D, whilst often effective[11; 12], is (relative to

the 2D version) extremely expensive. Although one solution to this problem is to

use a representation of the 3D data that is not dense, i.e. point-clouds or triangular

meshes (hereafter simply referred to as just “meshes”), for many 3D tasks and

pipelines, there is either strong desire, or outright requirement (e.g. medical imaging),

that dense voxel grids are used to represent 3D data. In these cases, improving the

efficiency of 3D data processing is of significant value. Thus, in the first part of

this thesis, we consider how we can efficiently process 3D data, using methods like

quantisation and weight compression, which improve efficiency through reductions

in the energy and memory needed to process data through a given pipeline.

Where it is possible to use different representations of 3D data than dense voxel

grids, more avenues to improving efficiency become available. One such example is

the recent introduction of neural implicit representations (NIRs), which have opened

a new avenue to representing 3D data in an efficient manner. Providing a dense
1Edge computing refers to computing that happens at the edge of a network, closest to users,

thereby providing the lowest latency, but with an assumption that these devices will be more
compute constrained than larger devices at or in the network core.
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representation of shape and geometry, whilst maintaining memory efficiency compa-

rable to sparse representations like triangular meshes, NIRs store explicit geometry

in two parts: a compact encoding and a small decoding network. Information about

the stored structure can be extracted at any location in space by conditioning the

decoder network with the compact encoding and using the location as input. In the

second part of this thesis, we discuss and tackle the challenges of integrating these

new representations into existing common CV pipelines. Rather than considering

efficiency only in terms of bits and FLOPs, we consider how the representational

efficiency of NIRs can be improved, which is to say: what tasks can we perform

with the representation in its current form, and how can we improve this capacity?

We outline the problems that arise when integrating the current approaches into

existing pipelines, and present our approaches to resolving these problems, without

compromising the efficiency benefits provided over using classical representations.

1.1 Efficient Processing

Whilst dense voxel grids are far from the most efficient representation of common 3D

data, in cases where their use is unavoidable there are a number of avenues to improve

the efficiency of their use. A plethora of approaches exist that propose methods to

increase efficiency, however their focus is mainly on 2D tasks. Fortunately, lifting

2D techniques into 3D is usually a viable strategy, where memory limits permit,

and one which our work utilises. Our efforts in improving processing efficiency focus

on two areas: quantisation (section 2.1.4) and tensor compression (section 2.1.4).

1.1.1 Quantisation

In common implementations of deep learning methods, numerical values are

represented using a 32-bit floating point number (FP32) (typically IEEE754 [13]).

Commonly used in scientific computations, FP32 numbers express a specific subset

of the real numbers, but the level of precision they provide is often more than is

necessary [14]. As a result, half precision training (i.e. 16-bit floats) has become

increasingly common, but where even more efficiency is desirable, quantisation
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is able to further significantly reduce the number of bits used. Reducing the

number of bits needed to represent a value to 8, 4, or even 1 bit, quantisation

drastically reduces the memory required to store the values of the weights in a deep

network. Further, if the activations (i.e. the intermediate states passed between

layers in a deep network) are quantised as well, then with the use of specialised

hardware that can perform operations on these quantised values directly, it becomes

possible to achieve significant reductions in energy use per operation (compared

to the same operation in FP32).

Our work in Chapter 3 presents an approach to quantisation that provides

for increased efficiency over conventional quantisation methods, by varying the

level of quantisation (i.e. how many bits the values are quantised down to, also

referred to as bit-width) at each layer in the network. Automatically determining

optimal bit-widths for each layer in the network is in essence a neural architecture

search (NAS) problem (section 2.1.1), and by using a low dimensional parametric

function that describes the distribution of bit-widths in each layer of the network,

we are able to use bayesian optimization (BO) in conjunction with a multi-task

Gaussian process (GP) to convert the NAS problem into a hyperparameter search.

With this system, we are able to predict optimal quantisation schemes without

exhaustively searching the space.

Further, we demonstrate how this approach can be utilised in 3D pipelines,

including video classification, 3D segmentation, and NIRs. To the best of our knowl-

edge, no other work has investigated the application of quantisation to these tasks.

1.1.2 Weight Compression

Whilst quantisation can best provide its benefits when custom hardware is available,

tensor compression finds its value in edge (i.e. power constrained) environments.

In modern hardware, the energy demands of loading data from DRAM vastly

outweigh the costs of many arithmetic operations, in some cases by as much as

×1000 [15], whilst cache reads require substantially less. Therefore in energy

constrained environments, it is desirable for as much of the model as possible to
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fit in cache to minimise DRAM loads. Further, it is often desirable that devices

at the edge are as cheap as possible, which means that the custom hardware

usually needed to gain the most benefit from quantisation is not available. In these

settings, it becomes desirable to reduce the memory (and if possible computational)

requirements of deep learning pipelines. This is a large area of work, with a variety

of approaches, which we covered in more detail later (section 2.1), but an group

of approaches that can be applied regardless of a given pipeline’s architecture are

tensor decomposition and compression (section 2.1.5).

In Chapter 4, we present our work on compressing the weights of layers in

deep networks. By re-framing conventional discrete convolution on regular grids as

discrete convolution over continuous functions of space, we are able to describe the

weights of a convolutional neural network (CNN) layer’s filter as parametric functions.

Replacing the original parametric functions with functional approximations, such as

Cosine and Chebyshev series, we are able to reduce the number of values needed to

describe each layer of the network, with minimal reduction to the overall performance

of the network. Importantly, unlike other similar approaches to compressing kernel

weights, we aim to approximate the weights of a trained network. This means our

approach does not require training from scratch, and can instead be applied as

a post processing step requiring only a modicum of fine tuning. A lack of viable

comparisons mean the experiments presented address only 2D tasks, however, we

discuss the extension to 3D tasks and how trivially it can be conducted.

1.2 Efficient Representations

In 3D tasks where there is no need to use dense voxel grids, efficiency gains can

be achieved through the use of representations that store information in a sparse

manner. If we consider the environments we live in, often much of the total volume

of a given space is empty, therefore representing this information in a sparse manner

can lead to a substantial reduction in memory compared to dense representations.

As a result, much of the literature that tackles common computer vision tasks on



1. Introduction 6

3D data, uses representations other than dense voxel grids, such as point-clouds or

meshes, however, these sparse representations can have significant limitations.

Although one of the most commonly captured forms of 3D data, point-clouds

provide no surface information beyond what can be inferred from local context, and

meshes whilst providing the missing surface information, are difficult to capture

directly, and are usually constructed from other modalities.

One potential solution to these problems can be found in the recently proposed

approach of neural implicit representations (NIRs). Trading some computational

complexity for reduced spatial (memory) complexity, NIRs can represent 3D shapes

and scenes at lower memory costs [16] than sparse representations, whilst providing

continuous dense shape information. To achieve this, these approaches learn

continuous functions over space that describe the geometry of the shape or scene,

with the “neural” aspect of their naming arising from their implementation in the

form deep networks, typically encoding conditioned multi-layer perceptrons (MLPs).

Although NIRs are able to store 3D shapes and scenes more compactly than

comparable classical representations, this comes at an increased computational cost

when rendering/extracting an explicit structure. As these methods are relatively

new, little attention has been paid in the existing literature to common downstream

tasks like semantic segmentation (as is discussed in more detail both below and in

section 2.3.2), using NIRs for these tasks would require the extraction of an explicit

shape eliminating any efficiency benefit from their use.

Our work in the second part of this thesis considers if and how implicit

representations can be used in common tasks downstream of reconstruction, such

as classification and segmentation, without requiring explicit rendering/extraction.

Our work outlines approaches that can be used to improve the efficiency of common

3D pipelines by integrating implicit representations to provide memory savings,

whilst allowing more tasks to be performed with the same networks.
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1.2.1 Generalising NIRs

Although early NIR works[16; 17; 18] were quick to tout the admittedly impressive

capabilities of their approaches, the vast majority of the works considered only

how their approaches could be used for the task of geometric reconstruction (i.e.

generating a high fidelity point-cloud or mesh from the shape encoding). The

reconstruction abilities of the original approaches, and the improvements produced

by later works, present a compact representation of complex geometry, which is

is achieved in part by trading spatial (memory) complexity for computational

complexity. Importantly, the original works provided no insights into how or

whether their shape encodings might be directly integrated into semantic tasks

common in computer vision. If this integration is not possible, then performing

semantic tasks using NIRs would require extraction of explicit geometry that could

be used in existing pipelines, entirely defeating the benefits achieved from using

NIRs in the first place. Alternatively, new pipelines would need to be developed

that could operate directly on these shape encodings, but this would likely represent

a substantial duplication of work not to mention the uncertainty inherent in the

development of any new pipeline.

Our work in Chapter 5 begins with experiments into the semantic interpretability

of the shape encodings themselves. We found that the shape encodings that were

learnt for the reconstruction task displayed poor separability when used in semantic

tasks. This observation suggests that if NIRs are trained for reconstruction alone,

using them in existing pipelines would introduce the previously mentioned issues,

and eliminate any improvements to overall efficiency gained through their. The

remainder of our work then explores how a simple joint training scheme can entirely

alleviate this problem, paving a route for the use NIRs in common task pipelines

with a minimum of modification.

1.2.2 Contextualising NIRs

Whilst joint-training is a viable solution to permit the use of NIRs in common task

pipelines, such as classification or semantic segmentation, this approach can be
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extremely costly in terms of both training and data acquisition. Whereas cameras

that capture 2D images are ubiquitous and affordable, the same cannot currently

be said for 3D data. As a result, the availability and quantity of densely labelled

image data vastly outstrips that of 3D data (e.g. the COCO [19] dataset contains

over 200k labelled images where as ScanNet [20], the largest fully annotated indoor

3D dataset, contains only 1.5k labelled scenes).

Whilst the increasing availability of 3D sensors and systems that capture 3D

information2 will likely improve the availability of unlabelled 3D data that can

be used to train NIRs for the reconstruction task, labelling the 3D data will still

remain expensive. Therefore, in an ideal case, it would be possible to maintain the

separation between training for reconstruction tasks and semantic tasks, like with

most existing NIRs works, without compromising performance.

Chapter 6 details our work on enriching the shape encodings of NIRs for use in

semantic tasks. We show that, whilst shape encodings learnt from a reconstruction

task alone are insufficient for use in semantic tasks, the necessary information is still

preserved in some form within the encodings. Using a lightweight contextualising

network, we reveal the hidden semantic information forming a small contextualising

encoding. When combined with the shape encoding, this new contextualised

encoding is able to recover full performance in semantic tasks. We show that this

approach allows for models to be trained on large unlabelled datasets, and then

fine-tuned on smaller labelled datasets providing not only full semantic accuracy,

but increased reconstruction performance, when compared to an NIR trained only

on the smaller labelled dataset.

2Recent AR systems such as the Meta Quest Pro and Apple Vision Pro, whilst not containing
any explicitly 3D sensors, use a variety of techniques such as multi-view stereo [21] to infer 3D
data from 2D images in real time.
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1.3 Thesis Structure

This thesis is presented in an integrated3 format, with the bulk of most chapters

presented in the format in which they were published or submitted for publication.

In these cases, to aid the reader and present the thesis as a cohesive undertaking, we

have included an additional introduction and conclusion, as well as a highlighting

of the contributions from the paper.

Chapter 2 places the work we present in the wider context of the existing

research. In the previous section we explored the two angles from which we explore

efficiency improvements in deep networks: improving the efficiency with which data

is processed and stored, and exploring how the representational efficiency of NIRs

can be improved. As the remaining chapters of this thesis can be divided into these

two groupings, we separate the thesis into two parts.

Part I covers our work examining the efficient processing of 3D data, starting

with our work on non-uniform quantisation schemes in chapter 3, followed by our

work on compressing the weight tensors of deep networks in chapter 4.

Part II covers our work improving the representatonal efficiency of NIRs and

integrating them into deep learning pipelines and methods, first in chapter 5 with

our work exploring how the encodings of NIRs can be generalised to have meaning

in semantic tasks, and second in chapter 6 which explores our efforts to reveal

information hidden in the encodings, permitting their use in semantic tasks without

requiring expensive retraining.

Finally, we summarise and discuss the work presented in this thesis, gathering the

key insights and discussing potential avenues to explore based on the work presented.

1.4 Publications

• Marcelo Gennari do Nascimento, Theo W Costain, and Victor Adrian Prisacariu.

Finding non-uniform quantization schemes using multi-task gaussian processes.

In European Conference on Computer Vision, 2020
3https://www.mpls.ox.ac.uk/graduate-school/information-for-postgraduate-

research-students/submitting-your-thesis

https://www.mpls.ox.ac.uk/graduate-school/information-for-postgraduate-research-students/submitting-your-thesis
https://www.mpls.ox.ac.uk/graduate-school/information-for-postgraduate-research-students/submitting-your-thesis
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• Theo W Costain and Victor Adrian Prisacariu. Approximating continuous

convolutions for deep network compression. In British Machine Vision

Conference, 2022

• Theo W Costain and Victor Adrian Prisacariu. Towards generalising neu-

ral implicit representations. In European Conference on Computer Vision

Workshop, 2022

• Theo W Costain, Kejie Li, and Victor Adrian Prisacariu. Contextualising

implicit representations for semantic tasks. Submitted For Publication, 2023
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This chapter aims to provide context to the work presented in the remaining

chapters. In exploring the work that preceded ours, we hope to show both how the

ideas behind our work arose, and what our work adds to the existing literature.

Reflecting the division of the technical chapters of this thesis, the first section

covers works relevant to the first part of the thesis, and the second and third

sections cover the second part.

In the first section, we consider the efficiency of operations and models used in

deep learning. We explore how the interplay between the availability of software

and hardware drove varying approaches to improving the efficiency of deep learning.

11
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Starting with architectural design, we discuss how the size and complexity of models

was reduced. Then we turn to operational efficiency, starting with methods such as

pruning and knowledge distillation, before moving onto methods such as quantisation

(which has strong interplay with hardware considerations) and compression, which

are the respective focuses of chapter 3 and chapter 4.

In the second section, we turn to how better choices in representation of 3D data

can drive meaningful improvements in efficiency. We start with a brief consideration

on how moving from 2D data to 3D presents new and complex challenges in its

processing, as well as different popular approaches to processing 3D data in voxel

grid form. Continuing with a consideration of classical representations, we discuss

different approaches to the representation of 3D data and how these different

approaches manage the trade-offs required.

Finally, in the third section, we turn to new implicit representations, such as

neural radiance fields (NeRFs) and neural implicit representations (NIRs), and

discuss the improvements and shortcomings they present.

2.1 Improving the efficiency of operations and
models

There has been consistent interest in improving the efficiency of convolutional

neural networks (CNNs) since the relatively recent explosion of work spurred by

the publication of AlexNet [4]. Efforts to improve the efficiency of deep networks

have targeted every level of the “stack” from high level architectural design [26; 27],

to low level hardware design [28].

The rest of this section will cover efforts to improve efficiency through: the

architectural design of networks themselves (Section 2.1.1), the training of smaller

networks using the outputs of larger networks (knowledge distillation (KD), Sec-

tion 2.1.2), the removal of unnecessary parameters (pruning, Section 2.1.3), the

quantisation of weights and activations in the network (Section 2.1.4), and fi-

nally mathematical manipulations of the weights and kernels of network layers

(Section 2.1.5).
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2.1.1 Network Architecture

Whilst a substantial body of research has increased performance of deep networks

through careful handcrafted network design, there also exists an array of work which

has increased network efficiency in an automated fashion.

AlexNet [4] started the modern explosion in CNN work, but its structure was

not particularly efficient. Subsequent works, like ResNets [29] and VGG[30], began

to rapidly improve both the performance and efficiency of state of the art networks.

As the popularity of CNN based methods gained ground, more explicit focus was

given to the efficiency of these approaches. Early works like SqueezeNet [27], which

popularised the use of 1 × 1 convolutions, and MobileNets [26], which introduced

the idea of depth-wise convolution, achieved comparable performance to state-of-

the-art (SOTA) methods of the time but with a fraction of the total floating point

operations (FLOPs). Various other works [31; 32; 33; 34] employed a variety of

structures and techniques to further improve performance, whilst attempting to

minimise any increases in computational cost. However, all of these methods were

discovered through manual trial and error.

In contrast, the field of neural architecture search (NAS) seeks to discover

optimal1 architectures automatically. One of the earliest works [35] in this regard

used a recurrent neural network (RNN) trained using reinforcement learning (RL)

to predict network architectures for image classification and language modelling.

Although effective, this approach required monumental amounts of compute; Train-

ing the image classification network used 800 graphical processing units (GPUs)

for over 3 weeks2. Following this initial work, many approaches [35; 36; 37; 38]

favoured the same RL training, where a “controller” network manipulates some

underlying network structure.

Different to the RL approaches, methods have made use of gradient descent [39;

40], evolutionary algorithms (EA) [41], and bayesian optimization (BO) [42; 43].

Gradient descent based approaches use clever parametrisation to make the choice
1for a given goal, accuracy/performance or efficiency or a combination of the two
2https://openreview.net/forum?id=r1Ue8Hcxg, accessed April 2023

https://openreview.net/forum?id=r1Ue8Hcxg
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of network structure differentiable, allowing the structure to be optimised with

standard gradient descent.

Like RL, both EA and BO are common methods used for search in spaces with

large cardinality, and where the computation of gradients that would allow direct

optimisation are either infeasible, impractical, or impossible to compute.

EA are a class of search methods [44; 45; 46; 47] that effectively mimic Darwinian

natural selection[48]. Drawing from an initial pool of samples, rounds of crossover

and mutation followed by evaluation against a fitness criterion are performed,

following which only the “fittest” samples are preserved as input for the next round.

These approaches have a history of use in a variety of areas [49] before the recent

uses in NAS. A notable benefit of EA is that because a pool of samples is maintained

at all times, these method will often generate solutions with significantly different

structures [50], but similar performance. The main downside of EA methods is

that the fitness of each sample must be evaluated, which in the case of NAS likely

means training the network, a very costly procedure. Whilst approaches to limit

this cost have been proposed [51; 52], ultimately there is no free lunch[53], and

the reductions in cost induce error in the calculation of fitness.

BO methods present a classical and probabilistic approach to search. Assuming

a Gaussian process (GP) prior over the search space, they provide a rigorous balance

between exploration and exploitation of the search space. One of the key benefits

of BO over RL and EA is that by imposing the GP prior over the search space3, it

is able to be much more efficient per sample. Whilst their use is more popular in

the closely related problem of hyperparameter search [54; 55; 56; 57], the need to

invert a covariance matrix with O(n2) complexity given n samples can render their

use in high dimensional spaces extremely challenging. Because the dimensionality

of the search space for our work in chapter 3 is relatively small, we are able to

make use of BO in our method. A few other works [43; 58] have also made use

3Again though, there is no free lunch [53], so this prior assumption may reduce performance in
certain cases.
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of BO in NAS, both making significant strides by developing a distance measure

that can be applied to the structure of a neural network.

2.1.2 Knowledge Distillation

Although it is commonly observed that larger models exhibit better performance

on a given task [29; 59; 60], it is not readily apparent whether this is because the

larger network is more capable or because it is easier to train. Hinton et al. [61],

in their seminal work, developed the idea that it might be possible to use a large

trained model to aid in the teaching of a smaller model.

The core idea in the work was a re-imagining of what is learned by a deep

network: instead of viewing learning as discovering a set of weights and biases for

a particular architecture, they view learning as discovering a mapping from input

vectors to output vectors. Thus in the proposed student-teacher training paradigm4,

supervision is not just in the form of minimising the cross entropy between the

target label and the learned probits, but also minimising the cross entropy with

the soft targets produced by the teacher network.

This line of effort has yielded a number of methods for improving the efficiency

of deep networks. For example, Mirzadeh et al. [62] showed that there is a lower

bound to the size of student network a teacher can supervise, but that a progressive

teaching scheme involving intermediate “teacher-assistant” networks can eliminate

this problem. Romero et al. [63], showed that adding teacher supervision to

intermediate layers of the networks allowed for the training of deeper thin networks,

and Zhang et al. [64] showed that self-distillation can be used to improve the

performance of deep networks at essentially no cost.

2.1.3 Pruning

That knowledge distillation works, necessarily implies that there is substantial

redundancy, or "dead-weight", in many large deep networks. Rather than training

smaller networks like KD, which can be quite expensive, pruning attempts to
4For the case of classification tasks
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directly reduce or remove this dead-weight. How this pruning is achieved necessarily

produces a convenient dichotomy[65]: either you only remove specific parameters

of the network inducing sparsity, or you remove layers or filters from the network

wholesale not inducing sparsity.

Amongst the early works in the sparsity inducing vein is the seminal work

“Optimal Brain Damage” [66], which automatically removed individual parameters

in the network. Later works [14; 65] improved on this, particularly the latter work

which popularised the train, prune, re-train loop that is now common. Importantly,

Frankle and Carbin [67] and its follow-up work [68] demonstrate that it is possible to

prune a network before training, i.e. training only the pruned subnetwork, realising

the benefits to size reduction in training as well as inference.

The main drawback to methods that induce sparsity is that modern hardware

and software is not best suited to handling sparse operations (we will encounter

this problem again in section 2.2). Methods have been proposed to avoid this

problem, maintaining the density of a network or architecture by either removing

redundant channels [69; 70; 71], or entire layers[65].

Whilst the above methods tackle redundancy throughout the network, other

works have presented methods that achieve the same ends albeit focusing only on

the final layers of the networks, and in particular the classifier. These works[72; 73;

74; 75] observe that the final classifier layer of many deep networks is extraordinarily

parameter intensive and demonstrate that it’s possible to used fixed classifiers

significantly reducing the number of parameters in the network. The earliest work

to propose this approach was Hoffer et al. [72] who demonstrated that a network

using a fixed orthogonal projection matrix is able to achieve the same validation

error as a learned classifier. Further, they show that an easily generated Hadamard

matrix is sufficient, requiring less memory than the randomly generated projection

matrix. Subsequently, Pernici et al. [73] improve on the fixed classifier approach

using regular polytopes that make maximal use of the representation space.

Whilst the methods discussed in both this and the previous two section (knowl-

edge distillation, section 2.1.2) are not directly related to the work in this thesis,
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the underlying ideas about redundancy and excess complexity are an essential

and important part of both the inspiration for and the landscape in which our

work in chapter 4 exists.

2.1.4 Quantisation

If, as we have discussed so far, there is redundancy in the structure of networks and

in the parameters of the networks, then it stands to reason that there might be redun-

dancy in the numerical values of the parameters themselves. Quantisation presents

one approach, section 2.1.5 presents another, to exploiting this potential redundancy.

In the context of this thesis we use the term quantisation to refer to the process of

representing a number using fewer bits than the standard IEEE754 single precision

floating point [13]. Reducing the number of bits used to represent a value, although

reducing precision, also decreases the energy and space5required to perform the

calculation, allowing both efficiency and throughput to be improved.

Arguably, the simplest form of quantisation involves quantising only the weights

of a network [76; 77; 78; 79; 80; 81]. Whilst only useful for reducing the size of

the network in memory, the extent of compression possible without any loss in

performance is staggering. Early works such as Deep Compression [76] achieved

size reductions up to 35× in the case of AlexNet[4]. Later works, such as Rastegari

et al. [77], produced more aggressive quantisation, going as low as 1-bit with

no loss in accuracy.

Ideally, we would like to realise the benefits of quantisation in more areas than

simply storage, however the obvious next step, quantising inputs and activations,

creates a challenge. In order for automatic differentiation to be applied to a network,

every node in the computational graph must have a defined gradient [1]. The

quantisation operation, has gradients equal either to 0 or ∞ (at the transitions

between different values), and as such does not allow gradient information to

flow backwards through the network. Most quantisation methods take the same
5here we mean the die area of integrated silicon devices or field programmable gate arrays

(FPGAs)
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approach to resolving this problem, and use the relatively simple but effective straight

through estimator (STE) [82]. Simply put, the STE pretends that the forward pass

is an identity function, and therefore has a gradient of 1 everywhere. Although

quantisation can cause a reduction in accuracy, like Han et al. [14] from section 2.1.3,

fine-tuning the network after quantisation can allow much of the performance to

be recovered. In practice, limitations imposed by commonly available automatic

differentiation (AD) systems [83; 84] mean that training quantised networks is

somewhat more involved. Rather than maintaining a quantised network, the

network is stored in FP32 and quantised before each forward pass, and the STE

is applied in the backwards pass. A number of popular works have been trained

in this way [77; 80; 85; 86; 87].

Ultimately, the greatest energy savings can be realised by the application of

quantisation during training, however this introduces yet more complexity. As

training converges, the error that is back-propagated through the network reduces

and accordingly so do the gradients, which ultimately causes the gradients to

be rounded to zero. A variety of approaches have been successful in mitigating

this problem, including DoReFa-Net [85], which proposed stochastic rounding

(where values are rounded up or down), and SWALP [88], which averages to

suppress the quantisation errors.

2.1.5 Tensor Decomposition & Compression

Unlike quantisation, tensor decomosition and compression (TDC) exploits redun-

dancy not in individual values, but across groups of values. The simplest example

of this is separable convolutions, where provided specific conditions are met6, the

complexity of a convolution can be substantially reduced by breaking the application

of a single large kernel into the application of several kernels of lower dimensionality.

Whilst this technique has a long history of use in computer vision as a method

for increasing the efficiency of convolution operations, Rigamonti et al. [89] were
6In the case of 2D convolution, the condition is that the kernel matrix A ∈ Rn×m can be

expressed as A = BC where B ∈ Rn×1, C ∈ R1×m
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one of the first works to demonstrate that these separable filters might be learned

directly. Another related approach that was touched on in section 2.1.1 are the

depth-wise and point-wise convolutions introduced by Howard et al. [26], which

operate on a similar idea to that of conventional separable filters.

Subsequent works [90; 91; 92; 93; 94; 95; 96] made use of tensor decomposition

techniques from linear algebra, such as CP [97] and block term decomosition

(BTD) [98], to decompose the entire kernel tensor. These approaches, like separable

convolutions, allow not only for improvements to the speed at witch the operations

can be performed, but also reductions to the amount of memory required to

store the networks themselves.

Whilst much of the focus in the above methods is concerned with their im-

provements to network inference speed, an important aspect of these methods is

the reduction in parameter count, and therefore memory requirements, that they

provide. This aspect is what our work in chapter 4 focuses on, however, works that

solely focus on compression of kernel weights are less common.

Both Saldanha et al. [99] and Zamora et al. [100], propose a method to learn CNN

filters constrained by structural priors. Specifically, they learn a parametrisation of

Gaussian and Gaussian derivative filters using fractional calculus, learning filters

that require substantially fewer parameters than standard filters whilst maintaining

similar performance. Whilst effective, these two approaches share a major drawback

in that, as the space of kernels they can learn is substantially constrained, the

require training from scratch, a problem not present in our work.

2.2 The challenges of 3D data

Likely millions of person-years, if not more, have been expended in the storage,

capture, and representation of 2D information as pixel grids. Whilst there are

formats (e.g. SVG) that don’t use pixel grids, these are rarely if ever used to

represent real world 2D data. The existing tools and operations designed for pixel

grids combined with the availability of incredibly efficient compression techniques,
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mean there is very little need or desire to find more efficient representations

of/for pixel grids.

On the other hand, naïvely extending pixel grids into 3D (i.e. voxel grids) results

in a cubic, rather than quadratic, growth in both memory and computational

requirements. Consider that an image taken on the highest resolution widely

available camera sensor (200MP7) requires only 200 MB to be represented, but a 3D

grid with slices of the same resolution requires 9.86 TB. On top of the significant

memory requirements of dense voxel grids, even capturing 3D data in the first place

is a devilishly complex problem, and is an active topic of research beyond the scope

of this thesis. As a result, with the exception of medical scans, the use of dense

voxel grids in the literature is rare, and especially so for real world data.

To avoid this issue, the vast majority of methods used for 3D tasks opt instead

to use a different representation than dense 3D grids, of which we give an overview

in the next part of this section (Section 2.2.1). However, recent developments in

the literature have given rise to a new approach to representing 3D shape and

structure, namely implicit representations (IR). Alongside the closely related NeRFs

(Section 2.3.1), NIRs store 3D shape and structure as a learnt function representing

a signed or unsigned distance function8.

Relevant to the second part of this thesis, NIR are able to store high fidelity

representations with only a small amount of memory. These approaches represent

a promising alternative representation of 3D shape and structure which we cover

in the last part of this chapter (Section 2.3.2).

2.2.1 Classical Representations and Operations

Although extremely expensive in terms of memory/spatial complexity, dense voxel

grids represent the simplest form on which to perform operations. As the data is

heavily structured, and implicitly ordered, processing data represented this way

is very simple. In many cases, pipelines developed in 2D settings can be directly
7

https://semiconductor.samsung.com/image-sensor/mobile-image-sensor/isocell-hp3/, accessed April 2023
8Whilst some IR methods learn occupancy probabilities, there is virtually no difference to a

distance function followed by a sign operation.

https://semiconductor.samsung.com/image-sensor/mobile-image-sensor/isocell-hp3/
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applied, by simply expanding the number of spatial dimensions to be operated

on[11]. For dense 3D data such as video, this approach is very effective, however,

unlike with 3D data representing shapes, objects, and scenes, there is little to

no sparsity present in the data9.

Over time a number of different alternative approaches to dense grid representa-

tions have been developed. Where there is significant sparsity in the data, it becomes

possible to exploit this sparsity to drastically reduce the memory requirements to

store a given shape or scene. Most closely related to dense voxel grid representations

is the OcTree. Where the voxel grid has a fixed number of elements along each axis,

the octree stores 3D data as a hierarchical data structure, where each voxel (node)

can be subdivided into 8 smaller voxels. This approach allows for increased fidelity

only where signal/data is present. However, this approach eliminates much of the

ease that regular grids provide during processing, whilst still imposing structural

constraints. The tree structure of the data maintains some of the similarity between

data and memory locality, but loses many of the advantages that voxel grids inherit

from decades of optimisation in processing 2D grids. Accordingly, few methods

have attempted to make use of this representation of deep learning tasks[101; 102].

(a) Voxel Grid
(134 MB)

(b) Point Cloud
(12 MB)

(c) Mesh
(1.76 MB)

(d) Implicit
representation

(790 kB)

Figure 2.1: A comparison of the memory required to represent the same scene using
different representations. From left to right: a dense voxel grid at 5123 resolution, a
point-cloud with 1 million points, the original mesh from which the other representations
are derived, and an implicit representation using the method from [103].

9It would be reasonable to argue that for some cases, e.g. action recognition on video data,
only foreground elements may be relevant and could be segmented out producing sparse data.
However, unlike with 3D shapes and scenes, the background data may contain meaningful cues or
information, whereas sparsity in 3D shapes and scenes comes from truly empty space.
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One of the earliest alternative approaches, arising initially from the field of

computer graphics, is the polygon (most commonly triangular) mesh. Composed of

a series of vertices and edges, typically forming triangular faces, meshes represent a

compact representation of 3D shapes and scenes. Varying the size of the triangular

faces (larger in flatter areas and smaller in areas with higher curvature) meshes

can represent shapes with arbitrary and locally varying fidelity. However, these

efficiencies come at a cost during processing, as the spatial relationships are not

preserved in the structure of the data in memory to the same extent as they

are for dense voxel grids. Fortunately, as meshes are (in their simplest form) a

conventional mathematical graph, a variety of approaches can be utilised to process

them, from very classical graph based methods[104; 105; 106; 107; 108; 109; 110;

111; 112], to more modern approaches [113; 114; 115; 116; 117; 118; 119; 120].

On top of this, in the case of explicitly triangular meshes, methods have been

proposed to exploit the triangular structures to redefine both the convolution and

pooling operations, familiar from 2D settings, for meshes[121; 122]. One, if not

perhaps the main drawback of meshes is that it is not possible to directly/explicitly

capture them from real world sensors. Instead they must be generated from other

forms of captured data[123; 124].

Point-clouds represent the data format that is most commonly captured from

commodity 3D sensors. Simply a collection of points in 3D space, sometimes with

associated colour and or surface normal information, point-clouds trade all structural

information for an extremely compact representation. However, whilst humans

are often able to infer structural information from visualisations of point-clouds,

this task can be much more challenging for machine systems . Despite this, the

extreme ease with with point-clouds can be captured, means there exists a plethora

of approaches to deep learning on point-clouds. Two of the earliest and arguably

best known approaches are PointNet [125] & PointNet++ [126], which treat the

point-clouds as an order invariant set of feature vectors and process them using

multi-layer perceptrons (MLPs) and pooling operations (as well as distance based

grouping operations in the case of PointNet++). Various other approaches have
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been proposed, including a number of methods that attempt to explicitly mimic 2D

convolution in 3D[112; 114; 115; 120] as well as expanding and extending the ideas

of grouping and interpolation underpinning PointNet++[112; 115; 127]. Recently,

other works have explored the use of new transformer [128] architectures, applying

them to point clouds [129; 130; 131; 132].

Finally, one other common similar representation is sparse voxel grids Graham

et al. [133]; Choy et al. [134], however these representations arguably have more in

common with meshes than they do with voxel grids in terms of performing compu-

tations with them, sharing many of the same downsides and disadvantages, except

that they posses fixed density and preserve some structural/surface information10.

2.3 Implicit Representations

All the previously discussed representations encode 3D information in an explicit

manner (i.e. ignoring decompression and parsing, no computation is needed to

recover the information), however the alternative approach presented by implicit

representationss (IRs) have recently seen an explosion in interest. Opposed to

explicit representations, IRs store the 3D information in the form of a function

over space (and viewing direction in the case of NeRFs).

We suggest that there are two distinct families of IR methods, that whilst

sharing structural similarities, differ greatly in many areas such as training, aims,

and method. These families are neural radiance fields (NeRFs), and neural

implicit representations (NIRs). The first family tackle the problem of multi-

view reconstruction and novel-view synthesis, typically overfitting an MLP to a

single scene or object and using ray-tracing & rasterisation like approaches to extract

information from the representation. The other family, which the second part of

this thesis is concerned with, instead focuses purely on surface reconstruction,

and aims to learn a generalised function that can be conditioned to represent

multiple objects or scenes.
10Not withstanding resolution limitations associated with Nyquist sampling limits
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2.3.1 Neural Radiance Fields

The recent introduction of NeRFs [135] has lead to an explosion of research. This

groundbreaking work presented a step change in the task of novel-view synthesis.

Dependent on fourier features [136] for its ability to reconstruct high-frequency

signals, NeRF used a MLP to learn functions of colour and density over space,

which are then integrated along a view/ray to give the value of a particular pixel.

A broad range of papers[137; 138; 139; 140; 141; 142; 143; 144] then arose based

on this original foray, tackling an array of concerns from the original paper. Early

follow-on works extended or improved the capabilities of NeRFs: Martin-Brualla

et al. [137] provided extensions that allowed for training over sets of images with

varying illumination and occlusions, allowing for the reconstruction of famous global

landmarks from disparate collections of photos. Barron et al. [138] reduced the effect

of aliasing that occurred when sampling from a single ray (without the use of more

rays), by sampling from anti-aliased conically projected frustums. Whilst the original

NeRF was very slow to train, both PlenOctrees [139] and InstantNGP [140] proposed

methods to drastically speed up training, using OcTrees and multi-resolution hash

grids respectively. Where the original NeRF is over-fitted to a single image, both

IBR-Net [141] and CodeNeRF [142] respectively attempt to allow generalisation to

novel scenes using a “ray-transformer” that draws on source images at rendering

time, and latent coding to allow for generalisation.

Others have proposed the use of NeRFs in other tasks, such as pose estima-

tion [145; 146], semantic segmentation [147; 148; 149; 150; 151], or, more closely

related to the second part of the thesis as well as the next section, surface

reconstruction[152; 153; 154].

NeuS [152] and VolSDF [153] both suggest different methods that effectively

replace the volume density term from the original NeRF paper with some metric

related to the signed distance function of the shape at a given location in space,

allowing their method to reconstruct detailed shapes and surfaces from 2D images.
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2.3.2 Neural Implicit Representations

Neural implicit representations (NIRs) first rose to popularity from the simultaneous

work of Mescheder et al. [16], Park et al. [17], and Chen and Zhang [18]. All three

works propose the same general structure: an MLP that takes a (x, y, z) coordinate in

space and returns either the probability that the location is inside the shape [16; 18]

or the value of a signed distance function (SDF) at that location [17]. The key

advantage that these approaches provide, over conventional representations, is that

their memory growth requirements are not directly tied to the resolution of the data

they are storing. Rather, the resolution they are able to store is instead a function

of both their memory as well as their training and inference-time computational

budget. Therefore in using these methods, it becomes possible to trade off between

model size, training time, inference time, and output resolution, to achieve a desired

balance depending on the application.

Following the three initial methods, various methods were suggested to improve

on different aspects of NIRs. One group of methods sought to improve the fidelity

of NIRs and/or to broaden the types of training data NIRs could be trained with.

SAL [155] proposed a method that removes the need for signed ground truth

information when learning a signed distance function. NDF [156] instead learns an

unsigned distance function (UDF) allowing their method to learn non-watertight

shapes, mitigating wall thickness constraints in other methods. As well, they

proposed a gradient based rendering scheme for extracting the surface; required

because marching cubes cannot be applied directly to unsigned distance functions.

More recently, UDF based approaches have been increasingly popular in the recent

literature [157; 158; 159; 160; 161; 162]. Gropp et al. [163] introduced the eikonal

loss, which encourages the network to learn a unit norm gradient, like a metric

SDF, acting as geometric regularisation, improving both the smoothness as well

as the accuracy of the reconstructions. SIREN [103], similar to Tancik et al. [136],

presented a method that allows NIRs to better represent high frequency signals,

by replacing rectified linear units (ReLU) activations with sinusoidal activations

(along side a change to initialisation schemes required for the method to work).
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Separately, a collection of works observed that the size and scale of object

that could be reliably represented was limited when using a single vector as an

encoding (as in [16; 17; 18]). To alleviate this limitation, a range of methods that

altered the structure of the encodings were proposed. Arguably most well known

is Convolutional Occupancy Networks [164], which proposed to use a grid (2D

or 3D) of features that are interpolated between at a given location in space to

provide a specific encoding for that location in space. Other works proposed similar

approaches: Chibane et al. [165] proposed multi-resolution feature grids to better

capture local and fine grained details. Rather than interpolating the encodings,

Deep local shapes [166] and Jiang et al. [167] divide space into separate regions

learning a separate encoding for each region, as well as providing methods to ensure

consistency of the representations at the boundaries.

Whilst there has been much attention paid to the performance of NIRs for

reconstruction tasks, few works have considered tasks other than reconstruction [160;

168] let alone the more abstract idea of “downstream” tasks [169], which the second

part of this thesis considers.

One potential issue with NIRs not discussed in the literature is whether it is

possible to perform semantic tasks on the learnt encodings without extracting

an explicit representation. Whilst, both RangeUDF [160] and Kohli et al. [168]

consider semantic segmentation tasks alongside reconstruction tasks, the former

segmenting entire scenes and the latter considering only part segmentation of single

objects, our work in Chapter 5 argues that when NIRs are not trained for semantic

tasks alongside reconstruction, it is not necessarily possible to achieve satisfactory

semantic task performance without first extracting explicit geometry. Luigi et al.

[169] propose a method to extract semantic information from the weights of a NIR

to produce a single vector that is meaningful for later semantic tasks, however

their method operates on MLPs over-fitted to single objects rather than the more

common encoding conditioned decoder that is prevalent in the literature.
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3.1 Introduction

This chapter concerns our work on non-uniform quantisation schemes. The content

consists of the paper “Finding Non-Uniform Quantization Schemes using Multi-

Task Gaussian Processes”[22] (ECCV 2020), as well as further experiments and

discussion that expand the work into 3D settings.

The core idea arises from the observation[170; 171] that different layers in deep

networks may be responsible for different levels of abstraction, and accordingly,

require varying levels of fidelity for the network’s overall performance. However,

deciding the fidelity for each layer in the network, admits a hyperparameter
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search problem with exponential growth. Given these hyperparameters ultimately

determine the structure of the network, searching this space is in essence neural

architecture search (NAS).

In our work, we propose the use of bayesian optimization (BO) in combination

with a multi-task Gaussian process (GP) to search the space. To minimise the

dimensionality of the search space, we express the quantisation levels of each layer

in the network in terms of low dimension parametric functions (Bézier[172] and

Chebyshev[173] polynomials). In the paper, we focus on generic 2D networks, as is

common in the existing literature, where our experiments show the efficacy of this

approach across a range of networks and models. However, the methods we propose

apply equally well to 3D settings and tasks. As such, we include our extension

experiments that were not included in the original paper, exploring the application of

the method to 3D settings and tasks. Finally, we discuss the different trade-offs that

occur in 3D settings and accordingly the relevance of our method in these settings.

3.1.1 Contributions

• We re-cast the problem of NAS as hyperparameter search, by defining the

structure of the network in terms of a low dimensional parametric function.

• We propose the application of BO to this hyperparameter search using a GP

prior, to efficiently search the space.

• Through our experiments, we demonstrate the effectiveness of our approach,

including on large datasets and models such as ImageNet/ResNet50.

• Our additional experiments (not included in the original paper), demonstrate

that our approach performs equally well in higher dimensions.
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Abstract. We propose a novel method for neural network quantization
that casts the neural architecture search problem as one of hyperparame-
ter search to find non-uniform bit distributions throughout the layers of a
CNN. We perform the search assuming a Multi-Task Gaussian Processes
prior, which splits the problem to multiple tasks, each corresponding to
different number of training epochs, and explore the space by sampling
those configurations that yield maximum information. We then show that
with significantly lower precision in the last layers we achieve a minimal
loss of accuracy with appreciable memory savings. We test our findings
on the CIFAR10 and ImageNet datasets using the VGG, ResNet and
GoogLeNet architectures.

Keywords: Quantization · Bayesian Optimization · Gaussian Process

1 Introduction

The strategy of quantizing neural networks to achieve fast inference has been a
popular method of deploying neural networks in compute constrained environ-
ments. Its benefits include significant memory savings, improved computational
speed, and a decreased cost in the energy needed per inference. Many methods
have used this family of strategies, quantizing down to anywhere between 8-bits
and 2-bits, with little loss in accuracy [10,30]. It also bears noting that in most
of these methods, after quantizing to very low precisions (1 to 5 bits), retraining
is necessary to recover accuracy.

Recently, even though the quantization algorithms have significantly
improved, they have almost exclusively implicitly assumed that the best strat-
egy is to quantize all the layers uniformly with the same precision. However,
there are two main reasons to believe otherwise: i) we argue that as it has been
interpreted [17] that different layers extract different levels of features, it fol-
lows that different layers might require different levels of precision; ii) the idea
of quantization as an approximation to the floating point (FP) version of the

c© Springer Nature Switzerland AG 2020
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https://doi.org/10.1007/978-3-030-58520-4_23
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Fig. 1. Gaussian Process prediction for bit distribution in memory vs accuracy plot

network suggests that lower error in the early layers reduces the propagation of
errors down the whole network, minimizing any drop in accuracy. We believe
that as important as having a good quantization strategy, is to also have a good
strategy for the distribution of bits through the network, thereby eliminating
any redundant bits. The goal is then to find a configuration in a search space
that uses the least amount of bits and achieves the highest accuracy per bit used.

We cast this Neural Architecture Search (NAS) problem into the framework
of hyperparameter search, since the bit-width of each layer should ideally be
found automatically. As with many NAS approaches, measuring the accuracy of
a single configuration can take a considerable amount of time. To mitigate this
issue, we propose a two stage approach. First, we map the full search space into
a lower dimensional counterpart through a parameterised constraint function,
and second, we use a Multi-task Gaussian Process to predict the accuracy at
a higher epoch number from lower epoch numbers. This approach allows us to
reduce both the complexity of the search space as well as the time required
to determine the accuracy of a given configuration. Finally, as our Gaussian
Process based approach is suitable for probabalistic inference, we use Bayesian
Optimisation (BO) to explore and search the hyperparameter space of variable
bit-size configurations.

For the quantization of the network, we use the DSConv method [16]. It
achieves high accuracy without significant retraining, meaning the number of
epochs needed for full training, and implicitly, the requirement for prediction
power, is minimised.

To summarise, our main contributions are as follows:

1. we cast NAS as hyperparameter search, which we apply to the problem of
variable bit-size quantization;

2. we reduce the time needed to measure the accuracy of a proposed bit config-
uration considerably by using multi-task GPs to infer future accuracy from
current estimates;

3. we demonstrate performance across a broad range of configurations, described
by Bezier curves and Chebyshev series.
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The next sections are as follows: Sect. 2 shows previous work on quantization
and hyperparameter search. Section 3 elaborates on the methodology used for
search, including the constraint, exploration, and sampling procedures. Section
4 shows the results achieved on the CIFAR10 and ImageNet datasets using the
networks listed above. Section 5 draws a conclusion and considers insights from
the paper.

2 Related Work

Neural Architecture/Hyperparameter Search. One can consider finding bit dis-
tributions as a form of model selection [18], given its complexity and the limit
on the parameters that it accepts as a solution. Previous methods have predomi-
nantly used Reinforcement Learning (RL) and Evolutionary Algorithms (EA) to
model search, which is referred to in the literature as Neural Architecture Search.
Examples include NASNet [34], MNasNet [26], ReLeq-Net [6], HAQ [29], among
others [1,31] for RL and [13,15,24,33] for EA. Our work overlaps with these
papers only on the goal of finding an optimal strategy given a search space.

ReLeQ-Net and HAQ, to the best of our knowledge, are the only methods
whose aims are to find the optimal bit distribution through different layers of a
network, and are therefore the papers that overlap the most with our work. It is
notable that both of them use an RL based approach to search for optimal bit
distributions. However, HAQ is more focused on hardware specific optimization,
whereas both ours and ReLeQ-Net’s methods attempt to be Hardware-Agnostic.
Recently some work involving Bayesian Optimization (BO) for model architec-
ture selection has been carried out, with systems such as NASBOT [11]. One of
the reasons why BO has not been used for model selection has to do with how
unclear it is to find a measure of “distance” between two models, which is the
main problem that was addressed by NASBOT.

Alternatively, one can see determining bit distribution as finding hyperpa-
rameters to be tuned given a model, i.e. not different from finding the optimal
learning rates or weight decays. Historically, this has been tackled by BO tech-
niques. In neural networks specifically, this was popularized after the work of
[21], and followed by others [2,7,22,27]. As a result BO can be considered a
natural method for searching for optimum bit distribution configurations.

Quantization. Quantization strategies can be either trained from scratch or
derived from a pretrained network. The methods of [4,10,30,32] initialize their
networks from scratch. This ensures that there is no initial bias on the val-
ues of the parameters, and they can achieve the minimum difference in accuracy
when extremely low bit values are used (1-bit/2-bits) - a notable exception being
DoReFa-Net [32], which reportedly had slightly better results when quantizing
the network starting from a pretrained network. The methods of [8,14,16,28]
quantize the network starting from a pretrained network. These methods start
with a bias on the values of the parameters, which can limit how much they
recover from the lost accuracy. A benefit of these methods though is that they
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Fig. 2. Three examples of modified Chebyshev functions and their clamped versions.
The continuous lines represent the values of the modified Chebyshev functions as func-
tion of the layer, which is then converted into bitwidths whose values are represented
on the right hand axis. This is for two 8 layer VGG11s and a 20 layer ResNet cor-
responding to configurations 1) blue: 8,7,6,6,6,6,5,3 2) orange: 8,3,2,4,6,8,7,2 and 3)
green: 1,1,1,2,3,4,4,4,4,4,4,3,3,2,2,2,2,2,2,2 (Color figure online)

can be quickly fine-tuned over a few epochs re-achieving state-of-the-art results.
These methods are more interesting to us because of their quick deployment
cycle. It is worth noting that all of these methods use a uniform distribution of
precision, meaning that all layers are quantized to the same number of bits.

3 Method

Our method consists of three parts: constraining, exploring, and sampling the
search space. We first constrain the search space by assuming dependence
between adjacent bit numbers. We do this by drawing bit distributions from
a low-degree Polynomial (in the experiments we use a 2nd degree Bezier curve
and a 4th order Chebyshev series). Given a these distributions, we quantize
the network using the DSConv [16] method. We explore the space by placing a
Gaussian prior over the polynomial parameters, and sampling/retraining a set
of hyperparameters that gives the most information about the final payoff func-
tion. After exploring, we rank the configurations based on sampling the GP for
accuracy, and choose the ones that are the most appropriate for our end-use.
Each of these phases will be explained further in this section.

3.1 Constraining the Space

When trying to find the bits, from 1–8, for each layer, the search space will have
size of 8n, where n is the number of layers of the network. For a CNN of 50
layers, the search space will be 2150 ≈ 1045, which is a similar size to a game of
chess (≈1050). The size of this space makes an exhaustive search prohibitive.

Our method for constraining the search space relies on the use of parame-
terised functions. We model a function of degree n with a few parameters, which
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describe the search space. We then discretise the function, such that a bit con-
figuration of any layered size network can be sampled from a few parameteres
alone.

We use two parameterised functions to illustrate our solution:

– We define the Bezier function B(x;w) = wT φ(x) for x ∈ R,w ∈ Rd, 0 ≤
x ≤ 1, 0 ≤ wi ≤ 1 ∀i ∈ {i : i ∈ N+, i <= d}, where d is the degree of the
polynomial. The vector φ(x) is the feature vector of the Bezier curve i.e. for
Linear Bezier φ(x) = [1−x, x]T , for Quadratic Bezier φ(x) = [(1−x)2, 2(1−
x)x, x2]T , etc.

– We define the modified Chebysehv function T(x;w) = (w−0.5)T φd(x)+1
2

for x ∈ R,w ∈ Rd, −1 ≤ x ≤ 1, 0 ≤ wi ≤ 1 ∀i ∈ {i : i ∈
N+, i <= d}, where d is the degree of the polynomial. The vector φd(x)
is defined as [T0(x), T1(x), T2(x), . . . , Td−1(x)]T where T0(x) = 1, T1(x) =
x, and Tn+1(x) = 2xTn(x) − Tn−1(x)

The constraint function, g(t), is then a clamped and rounded version of the cho-
sen polynomial, p(t), such that the bits, b, for each layer generated are between
1 and 8, and bi ∈ N. We can define then g(t) = �CLAMP(8p(t)+1), 1, 8)�, where
�·� is the rounding function, and CLAMP(f, a, b) = min(max(f, a), b).

Figure 2 shows an example of a Chebyshev function and its clamped version.
The y-axis in the left indicate the value of the Chebyshev function for different
values of x. This is then clamped, rounded, and scaled such that it transforms
into a discontinuous line that represents the bit chosen for each layer of a CNN.
The bit value is indicated in the y-axis in the right.

By constraining the search space in this way, the minimization problem then
shifts as follows:

Näıve Approach

min
b

L(t;b),b ∈ Nn

s.t. 1 ≤ bi ≤ 8, ∀i ∈ {1, n}

Our Approach

min
w

L(t;w),w ∈ Rd

s.t. bi = g( i
n ), ∀i ∈ {1, n}

0 ≤ wj ≤ 1, ∀j ∈ {1, d}

(1)

where L is the loss function (to be introduced in Sect. 3.3).
The search then reduces to finding the parameters of the polynomial basis w,

which consequently define the bit distributions throughout the layers. The search
space is then continuous and compatible with GPs, and significantly reduced to
only d dimensions. Using this parameterisation, we are able to easily define a
distance metric between configurations to be used when calculating the kernel
function and predictive distribution from our Gaussian Process. So, with this
setup, the search space can be sufficiently explored in a timely manner.

Quantization Strategy. The method used for quantizing the CNN is DSConv.
This is because our aim is to minimize time taken during training, and
DSConv has consistently shown good accuracy properties in models, even before
retrained.
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Fig. 3. Quantization given variable bit-widths. Notice that the input is the image,
which is a uint8 tensor (normalization can be dumped into a KDS tensor [16]), so it
is not quantized. The quantization of activations is done before the convolution such
that the convolution can be done using the same precision.

Fig. 4. Multi-task Gaussian Process for inferring accuracy of quantized network. The
quantization function is a Bezier Linear with the first parameter set to 0.5 i.e. g(t; w1) =
0.5 + t(w1 − 0.5). For all figures, the x-axis is the value of w0, the left y-axis is the
accuracy on CIFAR10 of a toy CNN with 10 layers. The right y-axis (red line) shows
the model size for a given value of w0. The epoch correspondences for each task is [0,
1, 2, 15] respectively. After this exploration phase, the decision procedure is run on the
predictive distribution of Task 4. (Color figure online)

In this method, both the activations and the weights are quantized, such that
fast inference is possible. Each of the weight tensors are divided into blocks of size
B = 32 depthwise. Each block holds B integers and one FP32 multiplier value.
The integers are found by simply scaling each of the block from the original FP32

weight tensor by 2b−1

MAX(w) , and then flooring and cropping to range. The FP32

value is calculated by simply minimizing the L2 norm of the block with respect

to the original corresponding block: ξ =
∑B−1

i=0 wiwqi∑B−1
i=0 w2

qi

. The activation tensor is

quantized similarly, but using Block Floating Point (BFP) format in each of the
blocks instead.

In order to take advantage of the low bit multiplication speed, the activation
tensor and the weight tensor need to have the same precision. Figure 3 shows
how this is done. The activation tensor prior to a convolution layer is set to be
quantized to the same bit precision as that layer. The first convolution is not
quantized since the input image is already in uint8 format. Also note that we
quantize only the convolutional layers. The Fully Connected layers are all left in
the original FP32 precision for training.
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3.2 Exploring the Space

Next, we need a way of exploring the space in order to learn the accuracy of
the network given a limited set of w points. We propose a Multi-Task Gaus-
sian Process prior in the neural network, such that each task corresponds to
the estimation of the accuracy of the quantized network given w after a cer-
tain number of epochs, e.g. task 1 corresponds to 0 epochs, task 2 to 1 epoch,
task 3 to 2 epochs, task 4 to 15 epochs. Let there be m tasks, and a prior on
fl, l ∈ {0,m}, such that fl ∼ GP(μ(t), k(t, t′)). We also place a probability
distribution P(f0, f1, ...fm) over different tasks. Let y(t,l) = fl(t) + ε(t) be the
observation at hyperparameter value t for task l, and let ε(t) ∼ N (0, σ2; t) be
the observation noise, which is normally distributed. This defines independent
Gaussian Likelihoods y(t,l) ∼ N (fl, σ

2; t). From this model, observations y are
drawn, such that y = (y11, ..., ys1..., y12, ..., ys2, ..., y1m, ..., ysm), where yil is the
ith observation of the lth task [23].

We used the Intrinsic Correlation Model (ICM) of [5] and [3] for kernel cal-
culation (in our experiments we made use of the squared exponential kernel).
We can then define the mean and the correlation between tasks as:

〈fl(x)〉 = μl(x)

C(fl(x), fl′(x
′)) = kf (l, l′)kx(x, x′)

(2)

where kf and kx are positive semi definite functions, corresponding to the corre-
lation between functions and the correlation between inputs respectively. From
this it follows that the covariance is K = Kf ⊗ Kx, where ⊗ is the Kronecker
product, Kf is the matrix of correlations between the functions and Kx is the
matrix of correlations between the inputs. For a new set of data points x∗, the
mean prediction can then be calculated using the normal formula for the pre-
dictive distribution:

f(x∗) = μl(x∗) + (Kx∗)T Σ−1y

Σ = K + D ⊗ I
(3)

where D is an m × m diagonal matrix where the (l, l)th term is σ2
l .

Figure 4 shows an example of the Multi-Task setting with a 1D Bezier Curve
for ease of visualization. Each plot shows the predictive mean and variance for
each epoch after 14 data points have been collected, using the exploration algo-
rithm explained in Sect. 3.2. The idea is to predict what is the distribution of
the last task given inputs in earlier tasks.

Exploration Phase. In order to make decisions on what parameters to choose, we
need to explore the space to predict the accuracy of the last task. The exploration
phase for the multitask Gaussian Process follows the Low-Fidelity Search from
[23]. The idea is to find the values of x, l such that it gives us maximal information
I(y(x,l); fm| y) = H(y(x,l) | y) − H(y(x,l) | y, fm), where y is the observation
history, and (x, l) is the action to be performed. It is important to weight the
information by a measure of the cost that it takes to perform that operation.



390 M. Gennari do Nascimento et al.

So the exploration procedure chooses x, l that maximizes I(y(x,l); fm| y) per unit
cost. This means that the parameter that has the most information about the
payoff function will be picked.

Depending on the dataset and model chosen, the user can favour exploration
on one fidelity over the other by decreasing the cost λ of running that particular
task. Additionally, we set up a budget on the amount of time in unit cost or
number of architectures that we are willing to explore. The Exploration Phase
finishes when the Budget has been fully used. After this is finished, the user can
run their preferred method of ranking configurations using the posterior of the
trained GP.

3.3 Sampling the Space

The näıve goal is to find the highest accuracy per bit possible, which corresponds
to finding the minimum of the loss function L(t;w) = − y(t,m)∑n

i=1 bi
. However, there

is a trade-off that must be considered. A model, e.g. ResNet20, using a total of
40 bits and achieving 80% accuracy (ratio of 2%/bit) is arguably worse than a
model that uses 43 bits and achieves 85% accuracy (ratio of 1.97%/bit). The
goal is instead to find a decision procedure that takes into account the regret
of not using more bits based on a set of constraints. This relationship should
be linear instead of inversely proportional. A better strategy is to assume that
using 4-bits for all layers is the lowest uniform quantization scheme without
loss of accuracy. Each bit used less than this should be a reward, and each bit
used more than this should be a penalty, this is added (or subtracted) to the
accuracy to get an “effective accuracy”. We then define the effective accuracy as

E(a,b, n) = a−
∑n

i=1 bi−4n

k , where a is the accuracy of the original network, and k
is a constant of penalty per bit. Therefore, for k = 100 each bit used in addition
to the average of 4-bits incurs a penalty of 1% in the effective accuracy. The
reverse incurs a reward of 1% in the effective accuracy. The decision procedure
becomes then to minimize the negative effective accuracy, L = −E(a,b, n). Once
we have enough information about the GPs, we can rank configurations based
on their loss in order to pick the most relevant for us.

4 Experiments and Results

We tested our method in a variety of configurations, using versions of the original
VGG, ResNet, and GoogLeNet models, altered in order to take CIFAR10, and
ImageNet32 as input. For training CIFAR10 and ImageNet32, we used data
augmentation by cropping 32 × 32 image of the 4-pixel padded original. We
used a SGD optimiser with momentum of 0.9, and weight decay of 5 × 10−5.
The learning rate started as 10−1, and was divided by 10 after 150 and 250
epochs.

We ran the exploration procedure on ∼65 configurations for each network
using the multi-task algorithm outlined above. From these configurations, we
could then use the mean of the gaussian to draw estimates of the accuracy
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of many different quantization schemes. Using the decision outlined above, we
sorted the results by either accuracy, memory, or computational complexity, and
selected the points of interest for better visualization and intuition of what the
general trend of the found configurations are.

Results on Accuracy Using the CIFAR10 Dataset. Results on CIFAR10 and
ablation tests are displayed in Table 1. The configurations are color coded for
clarity, with red representing higher bit counts and green representing lower
bit counts. These configurations were selected based on the decision procedure
outlined above, using the Bezier Linear polynomials.

For comparison, we show 6 configurations of each network: the first and third
configurations were picked by our decision procedure; the second and fourth are
simply the inverse order of the first and third configurations; the fourth and fifth
rows use the traditional uniform distribution of bits for a fair comparison.

It is important to note that the decision to pick these configurations are based
on the estimate of the GP rather than on the actual Top-1 results. In order to
compare fairly, we also included the Top-1 score and standard deviation from 10
runs after properly training each of them for an additional 30 epochs using the
same hyperparameters and optimiser that were used to train their FP32 version.
We have also included a delta column which shows the difference between the
Top-1 estimate from the GP and the Top-1 after fine-tuning the network. It is
remarkable that most of the error in estimation is within 1%, which shows how
the GP was able to generalize and interpolate properly as expected.

It can be seen that in general, using more bits in earlier layers yields more
accurate, and lighter configurations. The higher accuracy can be explained
numerically, since higher bits are used in earlier layers, the error propagation
through the network is smaller. The lower memory usage is due to the fact that
later layers have a higher number of channels, and therefore using lower preci-
sion in those layers yield a massive difference in memory need. For VGG16, the
first configuration is both lighter, faster, and more accurate than using 3-bits
for all layers. This pattern is repeated for the deeper VGG19 too, where the
first configuration yielded superior results to the constant 3-bits for all layers,
and also for ResNet18 as well. This “rule of thumb” is somewhat weaker in the
GoogLeNet architecture though, even though there is still a clear correlation.

Results on Accuracy Using Chebyshev Series. In order to test robustness of the
method in relation to the choice of prior functions, we chose to use a Chebyshev
Series of fourth degree, which has a larger search space than the Bezier Linear
model. We have tested the model using the CIFAR10 dataset as well, and the
results are shown in Table 2.

As it can be seen, the 4th degree introduced more flexibility as to what bit
configurations the method is capable of finding. We found that with higher degree
of polynomials, the number of architectures to search should also increase. In
our experiments, we have searched for ∼150 configurations before finding good
results. The table shows the expected result that more bits at the beginning
compensate for the fewer bits at the end of the network. The ResNet-18 result
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Table 1. Results for many configurations on CIFAR10. VGG16 and VGG19 correspond
to the architectures introduced in [20]. ResNet18 is the architecture from [9], and the
GoogLeNet architecture is from [25]. The Configuration refers to the bit value for each
layer of a given model, from earlier layers in the left to later layers in the right. They
are color coded for clarity: red for higher bits and green for lower bits. It is important
to note that we quantize only the convolutional layers, which means that VGG16 has
13 values, VGG19 has 16 values, ResNet18 has 20 values, and GoogLeNet has 64.
Because of its size, the GoogLeNet values were represented by a subscript indicating
the number of times that a given bit-width is used. The column “Delta” refers to the
difference between the GP estimation of the Top1 accuracy and the actual mean Top1
accuracy (n = 10) after properly retraining that particular configuration.

CNN Configuration (bits per layer) Top 1 Estimate from GP Mean Top1 Std Delta # Bits Memory (in MB)

VGG16 32-bit Floating Point – 93.7% – – – 58.8

6 555 44 333 22 11 (95.5%) 93.7% 0.2% −1.8% 50 4.84

11 22 333 44 555 6 (91.3%) 87.7% 0.2% −3.6% 50 9.50

7 66 55 44 33 222 1 (92.1%) 93.7% 0.1% 1.6% 50 5.26

1 222 33 44 55 66 7 (90.1%) 91.5% 0.4% 1.4% 50 10.75

4444444444444 (93.3%) 93.8% 0.1% 0.5% 52 8.28

3333333333333 (92.9%) 93.5% 0.2% 0.6% 39 6.44

VGG19 32-bit Floating Point – 93.9% – – – 80.1

6 555 4444 333 222 11 (94.4%) 93.7% 0.1% −0.7% 54 6.95

11 222 333 4444 555 6 (91.6%) 89.6% 0.4% −2.0% 54 12.04

5 4444 33333 2222 11 (93.9%) 93.5% 0.1% −0.4% 46 6.14

11 2222 33333 4444 5 (90.3%) 88.4% 1.2% −0.9% 46 10.05

3333333333333333 (92.9%) 93.4% 0.2% 0.5% 48 8.76

2222222222222222 (92.1%) 92.2% 0.2% 0.1% 32 6.25

ResNet18 32-bit Floating Point – 95.4% – – – 44.6

666 5555 4444 3333 2222 1 (96.3%) 95.4% 0.1% −0.9% 75 3.72

1 2222 3333 4444 5555 666 (95.9%) 92.9% 0.3% −3.0% 75 8.00

44444444 3333333333 22 (95.3%) 95.3% 0.1% 0.0% 60 4.34

22 3333333333 44444444 (94.5%) 94.2% 0.2% −0.3% 66 6.08

33333333333333333333 (94.4%) 95.0% 0.1% 0.6% 60 4.90

22222222222222222222 (93.1%) 93.3% 0.5% 0.2% 40 3.49

GoogLeNet 32-bit Floating Point – 95.5% – – – 24.32

4 ×21 3 ×27 2 ×16 (94.7%) 95.3% 0.1% 0.6% 207 2.35

2 ×16 3 ×27 4 ×21 (94.6%) 94.2% 0.1% −0.4% 207 2.98

6 ×8 5 ×13 4 ×12 3 ×13 2 ×13 1 ×5 (95.8%) 95.3% 0.1% −0.5% 231 2.65

1 ×5 2 ×13 3 ×13 4 ×12 5 ×14 6 ×8 (94.7%) 90.5% 0.2% −4.2% 231 3.73

3 ×64 (94.7%) 95.1% 0.1% 0.4% 192 2.68

2 ×64 (93.4%) 93.5% 0.2% 0.1% 127 1.92

resembles the configuration found in Table 4, even though it found a configura-
tion that has more usage of 3-bits, but performs slightly worse. As also expected,
when the bit distribution is inverted in the network, it results in both higher
memory and lower accuracy.

The same behaviour is found with the VGGs, with the slight difference that
as VGG11 is too shallow, it requires more bits to recover the accuracy. VGG16
is considerably deeper, and therefore our algorithm was able to compress it more
significantly.

This results shows that our method can be used with a variety of basis. It is
worth bearing in mind that the GP processing capability requires the inversion of
a matrix, which is proportional to the degree of the polynomial chosen. Therefore
our method will only work in a timely manner when using fewer hyperparameters
to describe the function.
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Table 2. Results of method when using Chebyshev Polynomials of 4th degree.

Method Network Bitwidths Accuracy loss Memory (as a % of original)

Ours ResNet18 6 4 33 222 33333333 22 −0.6% 8.0%

22 33333333 222 33 4 6 −1.2% 11.5%

Ours VGG11 7 666 7 6 5 4 −0.1% 16.8%

4 5 6 7 666 7 −0.5% 19.7%

Ours VGG16 4 3 222 3333 22 11 −0.8% 6.3%

11 22 3333 222 3 4 −2.4% 8.3%

Results on Network Size. Figure 5 shows the result of the GP-estimated accu-
racy of different configurations by their model size. The solid purple line links
the uniform configurations, starting with all 1s and finishing with all 6s. There-
fore, any point that lies above that line is an interesting point, since it gives
better accuracy by using the same amount of memory of its uniform counter-
part. We have highlighted a number of different interesting configurations with
red stars and labelled them from A-M in order to better visualise what each
point represent.

As it can be seen in the figure, the choice of bit-usage throughout the network
plays an important role in both the accuracy and the memory usage. Even though
there is a clear trend that links model size and accuracy, there are a handful of
configurations which can perform well on both fronts. It can be seen that, in
general, points that are above the purple line are linearly decreasing with bit-
usage whereas the ones that are below the purple line are linearly increasing
with bit-usage.

The surprising result is that, in the CIFAR10 experiments, even though using
uniformly 1-bit for all layers achieves bad results, by just introducing a couple of
bits in the first three quarters of the network (such as in points A, C and F), the
memory increase is almost negligible, but the accuracy recovery is significant.
Adding bits at the end of the network however, achieves the opposite effect. It
can also be noticed that points A, C, E, and F, achieve better accuracy than
the uniformly 2s configuration whilst using 50% less memory. This is even more
evident in point E, in which we used up to 6 bits in the first layers, but still
achieved less memory usage due to the usage of 1-bit in the bigger kernels at the
end of the network.

In the ImageNet32 experiments, we also see some improvement, albeit less
dramatic than the CIFAR10 experiments. The overall massage is still the same,
as it can be seen in points H, J and L, for which adding bits in the first layers
has achieved good accuracy with small memory increases. It is still noteworthy
that even with a dataset as challenging as ImageNet32, due to its substantial
decrease of information when compared to the default ImageNet, the GP could
find good configurations without needing more datapoints. This shows that this
method can be robust to changes in dataset.
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Brief Comparison with ReLeQ. One of the other papers that touched in this
subject was ReLeQ [6]. As explained in the literature review section, they use
a reinforcement learning approach to find optimum bit-distributions over the
network. Whilst their quantization methodology varies greatly from that used
in this paper, it is worth comparing their results to ours. Their results for the
CIFAR10 dataset in two of the networks are shown in Table 3. It can be seen
that we achieve similar results for ResNet, though with different mean bits. Since
ReLeQ’s method does not use the same constraint as our method, it could find
more varied solutions. This is a limitation to our method which allows it to
find solutions to the network faster whilst using less computational power, but
reduces the freedom of choice.

Table 3. Comparison of our accuracy results with ReLeQ’s method [6] on CIFAR10.
The authors in [6] did not provide their models size in memory, so we estimated using
both our and the original author’s quantisation scheme to make a fair comparison.

Method Network Bitwidths Accuracy loss Model size (MB)

DSConv WRPNx1

ReLeQ [6] ResNet-20 8 22 3 222 3 2 333 222 3 2222 8 0.12% 3.88 3.25

Ours ResNet-20 666 5555 4444 3333 2222 1 0.1% 3.54 2.91

ReLeQ [6] VGG-11 8 5 8 5 6666 8 0.17% 6.86 6.61

Ours VGG-11 777 666 55 0.14% 6.35 5.42

ReLeQ [6] VGG-16 888 6 8 6 8 6 8 6 8 6 8 6 88 0.1% 13.32 12.54

Ours VGG16 6 555 44 333 22 11 0.1% 4.62 3.74

Results on ImageNet Using ResNet. For completeness, we have included some
of the results found by our algorithm on the more challenging ImageNet dataset
[19]. This was trained using an Adam Optimizer [12], with learning rate of 10−5.

Table 4 shows the results. As expected, the same pattern of decreasing preci-
sion downstream holds across datasets. Comparing these results with the results
from DSConv [16], we can see that a decreasing bit-width throughout the archi-
tecture, decreasing from 6 bits to 2, is superior to the “all 4s” and “all 3s”.

As with ReLeQ’s method, HAQ’s method has a weaker constraint on bit
distribution, which means it would be able to find configurations that our method
would not; However, even with our very strong constraint, we were still able to
find configurations that are competitive in memory requirements to those found
by HAQ. This shows the strength of the conclusion that later layers require lower
precision than earlier layers to maintain the same accuracy.
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Fig. 5. Scatter plot of the effect on accuracy versus model size of different bit config-
urations. The left three plots use the CIFAR10 dataset and the right three plots use
the ImageNet32 dataset. Note that this is the plot of the estimate as given by the
trained GP, and not the actual accuracy given proper training. The solid line refers
to the uniform configurations, starting with all 1s and ending with all 6s. Points A-M
highlight different configurations as shown in the text boxes. The string of numbers
shown refers to the bit size on each layer of the given network. Note that VGG11 has 8
convolutional layers, and therefore points A and B have only 8 numbers. This applies
to VGG16 (13 layers), VGG19 (16 layers), ResNet18 (20 layers), and ResNet34 (36
layers) as well.
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Table 4. Results of our method using the ImageNet dataset with the ResNet archi-
tecture.

Method # of Layers Bitwidths Acc. Loss Size (MB)

Ours 18 6 ×3 5 ×5 4 ×5 3 ×5 2 ×2 0.2% 4.89

DSConv [16] 18 4 0.0% 5.88

DSConv [16] 18 3 0.8% 4.55

Ours 50 6 ×6 5 ×15 4 ×14 3 ×15 2 ×3 0.6% 11.89

DSConv [16] 50 4 0.0% 14.54

DSConv [16] 50 3 0.9% 11.74

HAQ [29] 50 flexible 0.0% 12.14

5 Conclusion

In this paper, we demonstrate that a uniform distribution over bit-widths
throughout a CNN is likely not the most efficient way to quantize a neural
network. In order to demonstrate this, we used a Multi-Task Gaussian Process
prior over different training epochs, and a Bayesian Optimization exploration
procedure based on Information Maximization that estimated the accuracy of
different configurations.

We have observed that starting a CNN with higher bit-widths and decreas-
ing precision in later layers yield better accuracy and better memory usage than
the traditional uniformly distributed bit-width. This can be interpreted either
numerically (as in less error being propagate down the network), or can be
interpreted as the functionality of each layer in the network (earlier layers are
concerned with feature extraction and later layers are concerned with classifica-
tion).
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3.3 Extension to 3D Tasks

As discussed in chapter 2, applying deep networks to dense voxel grid representations

is extremely expensive. In tasks where dense voxel grids are used, quantisation

represents a meaningful approach to minimising cost in terms of both energy and

memory. Whilst the reductions in memory are useful, given general concerns

around energy usage and the climate impact of machine learning (ML) [174],

widespread deployment of deep models are likely to be increasingly concerned about

their energy consumption. As a result, the potentially substantial reductions in

energy consumption that quantisation offers, without meaningfully degrading the

performance of models, are likely to be of significant importance to industry.

The paper presented above focused entirely on tasks and networks in 2D,

as this is the focus of the existing literature as well as the source of methods

against which we can compare our work. In the rest of this section, we discuss

our further experiments applying the approach from the paper to a variety of 3D

tasks. We start with experiments on video classification, followed by experiments

on 3D classification and semantic segmentation, and finally experiments on implicit

representations of 3D shapes. Lastly, we discuss the realities of using quantisation to

improve the efficiency of deep learning on dense 3D grids, including the advantages,

disadvantages, and alternatives.

There are very few methods that propose the application of quantisation methods

to 3D tasks with the exception of Heinrich et al. [175] (based on [79]), the follow-up

work of Paschali et al. [176], and separately Sun et al. [177]. The first two works focus

on medical image segmentation, a setting in which the use of dense voxel grids cannot

be avoided. The third work, VideoIQ[177], takes a somewhat similar approach to the

work we presented in our paper, using non-uniform quantisation schemes, however

rather than having different bit-widths in the layers of the network, they use the

same bit-width throughout the whole network but use different bit-widths for each

frame/snippet [178] in the video. However, to the best of our knowledge, no other
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methods propose the use of quantisation for common (non-medical) computer vision

tasks, particularly semantic segmentation or implicit representation of 3D shapes.

3.3.1 Video Comprehension

The most natural extension of experiments in the paper to 3D settings is the task

of video action recognition, a close analogue to image classification.

18-layer ResNet 18-layer ResNet3D
Layer output size dimensions output size dimensions

1 112×112 7×7, 64, stride 2 3×7×7, 64, stride 1×2×2
3×3 max pool, stride 2

2 56×56
[

3×3, 64
3×3, 64

]
×2 L×56×56

[
3×3×3, 64
3×3×3, 64

]
×2

3 28×28
[

3×3, 128
3×3, 128

]
×2 L

2 ×28×28
[

3×3×3, 128
3×3×3, 128

]
×2

4 14×14
[

3×3, 256
3×3, 256

]
×2 L

4 ×14×14
[

3×3×3, 256
3×3×3, 256

]
×2

5 7×7
[

3×3, 512
3×3, 512

]
×2 L

8 ×7×7
[

3×3×3, 512
3×3×3, 512

]
×2

1×1 average pool, fc, softmax 1×1×1 st pool, fc, softmax

Table 3.1: A comparison of the architectures of 2D and 3D ResNet structures from He
et al. [29] and Tran et al. [11] respectively. “st pool” means spatiotemporal pooling, L
refers to video clip length.

Whilst an array of architectures for video comprehension have been proposed [179;

180; 181; 182; 183; 184], very few propose a fully 3D structure. One example of

a filly 3D architecture comes from the work of Tran et al. [11], who proposed a

number of different architectures for video comprehension based on the residual

architecture from [29]. For our experiments, we focus on the fully 3D convolution

based architecture (R3D), as the only method that consists solely of 3D convolutions,

rather than the spatio-temporally separable convolutions also proposed in their work.

Their fully 3D convolution based method simply lifts the well known ResNet-18

architecture into 3D by adding extra dimensions to each layer (see Table 3.1). We

conduct our evaluations against the Kinetics-400 [185] dataset, a popular and large

video action recognition dataset common in the literature.
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We show the results of applying non-uniform quantisation schemes to the R3D

network in Table 3.2, where we report the clip Top1 accuracy. As with the 2D

Table 3.2: Video action recognition experiments, reporting Top1 accuracy. The
exceptionally poor performance when quantised to 1 bit hampers non-uniform schemes’
performance compared to 2D and later 3D settings.

Configuration
(bits per layer) Top1 ∆ # Bits Memory

(in Mb)
32-bit Floating Point 51.5% – – 1060
88888888888888888 51.6% 0.1 136 265

66 555 4444 3333 2222 50.1% -1.4 63 77.2
5555555 4444444 333 51.2% -0.3 72 113
44444444444444444 51.3% -0.2 68 133
4444444444 3333333 51.0% -0.5 61 102

44444 333333 2222 11 44.22% -7.28 48 57.3
33333333333 444444 50.8% -0.7 57 128
33333333333333333 50.4% -1.1 51 99.5
22222222222222222 46.4% -5.1 34 66.3

2222 3333 4444 555 66 49.4% -2.1 63 172
11111111111111111 5.0% -46.5 17 33.2

experiments from the paper, we find that non-uniform schemes are able to maintain

the same overall accuracy as uniform schemes, whilst further reducing the overall

memory footprint of the network. However, we note that the effect is much less

pronounced than in the 2D case. We suggest this may be due to the unusually poor

performance when the network is entirely quantised to 1 bit uniformly, meaning

that quantising much below 4 bits significantly degrades performance below what

we might expect from our other experiments. By way of comparison, in the 2D case,

quantising the weights of ResNet-18 down to 1 bit uniformly reduces performance

from 95.4% down to 61.2%. This drop, though steep, is both perceptually and

ratio-wise a smaller drop than in the 3D case. This suggests that the final few layers

of the network might be the most significant to the overall performance, which is

to be expected given the last layers have the largest temporal scope, and therefore

are vital in aggregating information over the temporal dimension. As a result, it

appears that given the inability to quantise later layers as agressively than in the
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3D case, it may be that for this model, the optimal scheme is barely non-uniform,

with only the last few layers quantised with a lower bit-width than the other layers.

3.3.2 3D Semantic Tasks

Classification and semantic segmentation are extremely common tasks in 3D

understanding. In 3D settings, the increased cost of capturing data (compared to

2D), means that classification tasks are overwhelmingly limited to the object level,

rather than scene level. The smaller scale that object level 3D tasks require means

that low resolution 3D grids (i.e. 323 or 643) are likely sufficient to capture object

level details, whereas the same resolutions would be far too small to capture the

necessary details of scene scale data. Despite this, only a small number of methods

used 3D convolutions on voxel grids for these tasks. Some early methods include

VoxNet [186], which consists of two 3D convolutional layers (reducing from 323 to 63)

followed by two linear layers, and ShapeNet [12], which consists of 3 convolutional

layers (323 → 23) and three linear layers. We apply our method to these two networks

and evaluate them on the ModelNet40 [12] dataset. The results of quantising these

methods are shown in Table 3.3, where we use the Top1 accuracy metric.

As with the 2D experiments, we see the same substantial reduction in memory

requirements with minimal reduction in accuracy, and the further reduction gained

from non-uniform schemes. However, the models used in these experiments are

extremely small, and likewise the dataset. To better explore the method in these

settings, we turn to larger models trained on larger and more challenging datasets.

Larger 3D tasks requiring deeper networks are more commonly applied to

semantic segmentation tasks, however very few methods operate directly on 3D

voxel grids. One of the few examples that do is 3DMV [187]. They propose a

method that integrates a 3D occupancy grid, alongside RGB-D frames (using

a back projection module, to project the 2D features into the 3D volume), to

perform semantic segmentation. In our experiments, we focus only on the purely

3D pipeline. Importantly, rather than ingesting scenes whole, they apply a sliding

window method over 31 × 31 × 62 volumes, classifying only the center column
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of a given volume. Like the original work, we evaluate our experiments on the

ScanNet [20] dataset, and the results are shown in Table 3.4. For these experiments,

we use the same Top1 accuracy metric as before.

Table 3.3: Experiments on ModelNet40 with simple networks. Voxnet is the network
from Maturana and Scherer [186]. ShapeNets is the network from Wu et al. [12]. We
report Top1 accuracy (higher is better). Even in these simple networks, non-uniform
schemes are able to provide meaningful improvement.

CNN Configuration
(bits per layer) Top1 ∆ # Bits Memory

(in Kb)

VoxNet

32-bit Floating Point 81.7% – – 1,013
88 81.7% 0.0% 16 253
77 81.7% 0.0% 14 222
7 1 80.2% -1.5% 8 56
44 81.6% -0.1% 8 126
5 1 81.4% -0.3% 6 71
11 80.2% -1.5% 2 32

ShapeNets

32-bit Floating Point 78.8% – – 198,824
888 79.0% 0.2% 24 49,706
777 79.1% 0.3% 21 43,493

6 4 2 78.6% -0.2% 12 14,388
444 79.1% 0.3% 12 24,852

4 3 1 77.8% -1.0% 8 8,164
111 77.1% -0.7% 3 6,213

Whilst we observe the same expected pattern here as in previous experiments,

we suggest this is not necessarily as obvious as it would be in the case of image/video

input. In the case of RGB image or video input, any pixel/voxel takes a value in

R3×255, whereas in our 3D experiments (both classification and segmentation), the

input space is much smaller ({0, 1} for classification and {−1, 0, 1} for segmentation).

Accordingly, we might have expected to see less need for higher bit-widths in

earlier layers of the network, and more need in later layers. This is somewhat

shown by the configurations 444 555 666 77 and 888 777 666 55 , where there is

no difference in performance regardless of the direction of bit-width, but this

is counterbalanced against 111 222 333 44 vs. 44 333 222 111 , where the latter

achieves better performance with lower memory.
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Table 3.4: 3DMV [187] Results. We report Top1 accuracy (higher is better), across a
variety of configurations

Configuration
(bits per layer) OA ∆ # Bits Memory

(in Mb)
32-bit Floating Point 71.8% – – 13.2

88888888888 71.7 % -0.1 88 3.31
888 777 666 55 71.7 % -0.1 73 2.57
77 333 222 111 69.5 % -2.3 41 1.14
444 555 666 77 71.7 % -0.1 59 2.39
555 444 333 22 71.2 % -0.6 40 1.33
44444444444 71.1 % -0.7 44 1.66

44 333 222 111 69.2 % -2.6 26 0.897
444 33333333 71.1 % -0.7 36 1.25

666 555 444 33 71.6 % -0.2 51 1.75
333 444 555 66 71.0 % -0.8 48 1.98
33333333333 71.1 % -0.7 33 1.24

222 333333 44 70.1 % -1.1 32 1.24
22222222222 69.6 % -2.2 22 0.828

111 222 333 44 65.6 % -6.2 26 1.15
11111111111 47.3 % -24.5 11 0.414

3.3.3 Implicit Representations

A more recent evolution in the literature, implicit representationss (IRs) aim to

express the shape and structure of a 3D surface as a learnt function. We have

discussed these in more detail in chapter 2, and will again in part II, however we

give a brief overview here to aid the reader.

Generally, IRs are composed from two parts: an encoder that captures and

transforms shape information from a conventional representation (e.g. point-cloud,

mesh, voxel grid etc.) into a compact vector or set of vectors, and an implicit

function (almost universally an multi-layer perceptron (MLP)) that takes both the

encoded vector and a query position in space and returns some metric description of

the represented shape, typically occupancy probability or signed/unsigned distance

to the nearest surface.

For our experiments, we use the method proposed by Chibane et al. [156], NDF,

as this method represents the state-of-the-art (SOTA) performance on room scale

neural implicit representation (NIR) performance. Their work uses a hierarchical
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multi-resolution convolutional neural network (CNN) to encode the input shape at

multiple feature resolutions, and then in the decoder, interpolates these features at

the query position to condition the implicit function. Unlike most prior methods,

their method learns unsigned distance functions, which allow their method to better

represent non-watertight surfaces, removes the need for extensive pre-processing

on the training data to ensure watertight shapes, and eliminates the overly thick

walls learnt by other methods.

The results of applying non-uniform quantisation schemes to the encoder network

are presented in Table 3.5. The metric used is the L2 Chamfer Distance, for which

a lower number is better.

Table 3.5: Implicit representation experiments, CL2 (L2 norm chamfer distance, lower
is better) is the average of (n = 3) runs. The previous pattern of decreasing bitwidths
through the layers is reversed here, with more bits at the start and fewer at the end
appearing optimal.

Configuration
(bits per layer) CL2 (↓, 10−4) ∆ # Bits Memory

(in Mb)
32-bit Floating Point 1.7048 – – 84.5

88888888888 1.7169 -0.012 88 21.1
888 777 666 55 1.6583 0.047 73 15.4
777 666 555 44 1.7191 -0.014 62 12.8
666 555 444 33 1.7188 -0.014 51 10.1
555 666 777 88 1.7093 -0.005 70 18.9
55555555555 1.7841 -0.079 55 13.2

555 444 333 22 1.7364 -0.032 40 7.51
444 555 666 77 1.7112 -0.006 59 16.3
444444 88888 1.6935 0.011 64 19.4

222 444 666 88 1.6688 0.036 52 16.7
222 333 444 55 1.7332 -0.028 37 11.0
22222222222 1.7621 -0.057 22 5.28

111 222 333 44 1.7382 -0.033 26 8.34
11111111111 1.8671 -0.162 11 2.64

There is some volatility inherent in the results, given that the evaluation

procedure for their method is unavoidably non-deterministic, however, the same

overall trend can just be seen in the results. Notably, because of the multi-

resolution/hierarchical nature of the shape encodings, the optimal direction of
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bit-width change is reversed, with fewer bits needed at earlier scales representing

coarse features, and more bits needed at later scales which represent more fine-

grained details. Of note, because we quantise both the weights of layers as well as the

activations, we benefit from free compression of the encodings as well as the encoder

network. Given a major reason for the importance of IR is efficient representation of

shapes, further increasing this efficiency as a side effect of improving the encoder’s

efficiency is extremely fortuitous.

3.3.4 Discussion

Whilst our method performs well in 3D settings, except in cases where full 3D

convolutions on dense voxel grids are the only available choice, quantisation is

likely not the best tool to improve efficiency, and other approaches to processing

the data are much more likely to provide substantial efficiency improvements,

though in many cases it may be possible to apply quantisation on top of these

other alternative approaches. Practically, quantisation can only provide linear

improvements to efficiency, whereas alternative methods and representations are

able to mitigate the otherwise cubic growth.

Accordingly, whilst quantisation represents a meaningful method to reduce energy

and memory requirements, by and large the literature has taken a different approach,

favouring the use of differing representations that rely on different operations to 3D

convolutions, rather than schemes that directly optimise 3D convolutions.

Despite this, it is quite possible that different quantization scheme than what we

use in our experiments could be applied alongside our bayesian optimization (BO)

based neural architecture search (NAS) to improve the efficiency of methods that

do not rely on convolutional operations, but we suggest that this is beyond the

scope of this chapter.

3.4 Conclusion

In this chapter we presented our work Finding Non-Uniform Quantization Schemes

using Multi-Task Gaussian Processes, a method for automatically discovering optimal
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non-uniform quantisation schemes in deep networks. By describing the quantisation

scheme of a network in terms of a low dimensional parametric function, we are able

to cast NAS as hyperparameter search. This allows the use of a multi-task Gaussian

process (GP) to efficiently explore the configuration space by choosing samples that

maximise information gain, before using the trained GP to find optimal (subject

to a chosen metric) configurations.

Our method provides an effective and efficient approach to further improving the

benefits of quantisation, agnostic to the particular method used. We find that by

gradually decreasing the fidelity of successive layers in a deep network, it is possible

to reduce the memory footprint of a deep network beyond what is possible with

uniform quantisation schemes alone, and our extension experiments demonstrate

that techniques can be extended to 3D tasks.
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4.1 Introduction

Whilst quantisation presents a viable approach to reducing the memory requirements

of deep networks, in order to achieve the reduction in computational and energy

requirements, non-standard hardware is usually needed. Although the general

availability of this hardware is increasing, for example recent generations of NVIDIA

graphical processing units (GPUs) provide support for operations on 1, 4, and 8

bit integers, these hardware operations are less common in compute constrained

and edge settings. As previously mentioned [15; 76] (Section 1.1.2), in compute

constrained (edge) environments minimising model size, thereby increasing cache

occupancy of the model itself, will likely see better efficiency benefits than reducing

56
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the total number of operations, or using lower energy operations.

To this end, we present our work on deep network compression: Approximating

Continuous Convolutions for Deep Network Compression. We propose to compress

the weight kernels of deep networks by approximating the values of the weights

using functional approximations like the Chebyshev and Cosine series. Considering

the values in discrete convolution as point samples from continuous functions over

space, we are able to compute an approximation to the piecewise linear function

representing the original values, in the form of our kernel functions. Unlike other

similar compression methods, our approach does not require training from scratch

and can be applied as a post-processing step after training, needing only a small

amount of fine-tuning. Further, we demonstrate our method is complimentary to

quantisation, which can be applied to the parameters of our approximating kernel

functions, allowing for further reduction in memory size.

Whilst the work presented in the paper is primarily concerned with 2D networks

and tasks, as we touch upon in the coming method section, the underlying

mathematics are trivially extensible to 3 dimensions and higher. However given

a lack of literature with which to compare, we did not feel an exploration of 3D

methods and network would benefit the paper.

4.1.1 Contributions

• We propose ApproxConv, an approach to compress the weights of a deep

network using approximation.

• We present a framework that allows our approach to be applied as a post

processing step avoiding the need to train the network from scratch.

• Through experimental evaluation, we demonstrate the effectiveness of our

approach, validating its formulation, and further, we demonstrate its com-

patibility with other approaches such as quantisation that can be leveraged

together to further decrease the memory requirements.
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Abstract
We present ApproxConv, a novel method for compressing the layers of a convolu-

tional neural network. Reframing conventional discrete convolution as continuous con-
volution of parametrised functions over space, we use functional approximations to cap-
ture the essential structures of CNN filters with fewer parameters than conventional op-
erations. Our method is able to reduce the size of trained CNN layers requiring only a
small amount of fine-tuning. We show that our method is able to compress existing deep
network models by half whilst losing only 1.86% accuracy. Further, we demonstrate that
our method is compatible with other compression methods like quantisation allowing for
further reductions in model size.

1 Introduction

Figure 1: Our method compresses net-
work filter weights, by approximating
them using cosine and Chebyshev series.

Deep vision models have demonstrated out-
standing performance across a range of prob-
lems from semantic segmentation of microscopy
images[33], to object detection for nature con-
servation efforts[31]. In many cases, there is
strong desire to apply these methods in compute
constrained environments, i.e. mobile devices,
and as a result the desire for space and compute
efficient CNN models is as strong as ever.

Despite this, recent works[4, 7] have seen
explosive growth in parameter count for highly
performant models, and there is no reason to ex-
pect this trend to abate soon[3].

Approaches to reduce the size and com-
pute requirements of deep models have been
the focus of significant attention. A number of
works have proposed models designed explic-
itly for efficiency[19, 21, 44], and other efforts to improve the efficiency of deep mod-
els have included methods such as low-rank factorisation[23], knowledge distillation[18],
quantisation[45], and network pruning[11, 25].

© 2022. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
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In this work, we propose to use functional approximations to reduce the number of pa-
rameters required to fully describe a CNN layer’s filters. We re-cast conventional discrete
convolution on grids as discrete convolution on parametrised continuous functions of space.
In this way, we are able to replace the kernel weight tensor with an approximating function
that is able to exploit the structures commonly found in CNN filters. Specifically, we make
use of cosine and Chebyshev series that are able to preserve the low frequency informa-
tion that allows the networks to function, whilst minimising the effects of high frequency
information that are often exploited by adversarial attacks[46]. Our proposed method is par-
ticularly effective for larger kernel sizes, which despite falling out of favour in earlier deep
CNN work[16, 37], have recently seen a resurgence[26].

In our experiments, we show that our method is able to significantly reduce the number of
parameters in a variety of models, and unlike comparable methods[35, 41] is able to achieve
this with only a limited amount of fine-tuning. Further, we demonstrate that our approach is
complementary to other network size reduction methods such as quantisation. Compliment-
ing our method with other approaches, we are able to increase the overall reduction in total
model size with minimal further impact on accuracy.

In summary, the contributions of this work are as follows:

• A novel method to approximate kernel weights using functional approximations based
on cosine and Chebyshev series.

• A framework that allows this method to be used without completely retraining models
from scratch.

In the rest of the paper, we discuss works related and relevant to our method(Section 2),
our methodology (Section 3), our experiments and results (Section 4), before a final a dis-
cussion and the conclusion of the work (Section 5).

2 Related Work

A number of works[20, 21, 44] have attempted to reduce the size of models by designing
networks with efficiency in mind, such as MobileNets[19] which introduced depthwise con-
volutions.

Quantisation methods[8, 15, 30, 38, 45] have seen great success in reducing the memory
footprints of deep models. Quantising 32-bit floating point numbers down to 8, 4 or even
as low as 1 bit, these methods are able to drastically reduce the memory footprint of deep
models. Other works[9, 12, 40] demonstrated that non-uniform quantisation schemes, where
different layers of the network can be quantised to different numbers of bits, can further
reduce the size of the model without compromising accuracy. These non-uniform schemes
influence some of our experiments, where we employ a similar approach.

Knowledge distillation methods[18, 29, 32, 42], typically use larger (teacher) models to
guide the training of smaller (student) ones, often allowing the student models to achieve
performance parity despite their smaller size.

Network pruning methods[1, 14, 25, 27] attempt to discover redundant parameters in
deep networks. Having identified these parameters, they can then be removed either individ-
ually, yielding sparse networks, or as a group, sometimes removing whole filters or channels.
Seminal works, like [11, 28], demonstrate that it can be possible to prune networks before
training, realising the size reduction benefits for training as well as inference.
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Low rank factorisation methods[6, 23, 34, 43] reduce both the total number of parameters
in CNN layers, as well as the number of FLOPs required to compute the outputs of the layer.
Using a variety of methods, these approaches decompose the weight tensors of layers into
a series of smaller tensors. These smaller tensors can then be convolved with the inputs
sequentially (in a fashion similar to separable filters from classical methods), yielding an
approximation of the original output.

Both methods learn parametrised functions over space, however rather than generalised
approximations, they make use of gaussian and gaussian derivative functions. Zamora et al.
[41] learns only simple classical image filters (e.g. Sobel filter) and Saldanha et al. [35]
attempt to replicate Jacobsen et al. [22] using fewer parameters. Using fractional calculus,
they are able to efficiently parametrise a family of gaussian and gaussian-derivative functions
using only 3[35] and 6[41] parameters per filter. While this approach allows for significant
parameter savings, in comparison to our proposed method, the shape of kernels that can
be learnt is substantially limited. As a result, whereas their methods require training from
scratch, our approach can be applied to pre-trained models, .

In 3D settings, dense regular grid structures are too memory intensive and so receive
little attention. Instead, much of the effort focuses on irregular data structures like point-
clouds or meshes. In these settings it becomes desirable to have a kernel function that can
vary continuously over 3D space. Similar to our method, SplineCNN[10] uses b-Splines to
generate a continuous function over space. FlexConv[13] learns a kernel weight function
based on the distance between sampled point locations and a hyperplane. Simonovsky and
Komodakis [36] use shared MLPs with edge information as input to define the kernel weight
functions.

3 Method
We begin by covering the general form of continuous convolution and how this formula-
tion can allow for network compression. Next we outline how we come to our choice of
approximation functions, before finally discussing how we apply our method to pre-trained
networks.

3.1 Continuous Convolution
In general, discrete n-dimensional convolution can be expressed in the form

x′i j =
k

∑
a=−k

k

∑
j=−k

x(i−a)( j−b)×w(i−a)( j−b) (1)

where k is the size of the convolutional kernel, x the input features, and w, the kernel. If
we replace the discrete grid in the above equation with set of locations sampled from a
continuous function over space, we can re-write the above equation as

x′(pi) = ∑
p j∈Nk(pi)

x(p j)×w(p j) (2)

where p ∈ Rn, and p is drawn from P ∈ Rn×l , x : Rn 7→ Rd , and w : Rn 7→ Rd . Further,
Nk(pi) represents a function that returns the k neighbouring points of pi including pi itself.
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To recover simple 2D convolution with a 3× 3 kernel, we can simply let p be the set of
2-vectors [(−1,−1),(−1,0),(−1,1), · · · ].

This formulation has two key advantages: i) The same convolutional operation can be
used on both regular nD grids, and on arbitrary nD structures (e.g. point-clouds or meshes)
over which we can define a neighbourhood function N ; ii) Replacing the tensor w with a
carefully chosen function w(·), we can reduce the memory requirements of 2D convolutional
layers by exploiting the structures present in the tensors.

3.2 Network Compression

Our work is concerned with the second of the two advantages above: that a judicious choice
of w(·) can permit parameter savings. As has been shown by other works[25, 28] deep
networks often contain significant amounts of redundant information, and often filters that
contain low-frequency information. Accordingly, it is often possible to substantially reduce
the size of a model by removing redundant parameters[14, 17] or preserving only relatively
low-frequency structures[35].

The choice of function w(·) is primarily constrained by the number of parameters it re-
quires. As discussed previously, methods like FracSRF[35] and Fractional Filters[41] choose
efficiently parametrised gaussian and gaussian-derivatives as w(·). But these functions are
not able to approximate arbitrary functions.

Separate to these approaches, the field of functional approximation has been of interest
for over a century[39], motivated by applications ranging from solving PDEs to numerical
integration. As a result a significant body of work is concerned with using various orthog-
onal basis functions for approximations. From this corpus, we use two common families
of functions to allow our method to learn arbitrary kernel functions: cosine and Chebyshev
series.

3.3 Cosine and Chebyshev Series

Cosine and Chebyshev series are able to approximate any periodic function that satisfies
specific boundary conditions and the Dirichlet conditions. These conditions require that
the function: i) is absolutely integrable; ii) is of bounded variation; iii) has a finite number
of non-infinite discontinuities. As any discrete weight kernel can be fully described by a
piecewise linear function, it is trivial to demonstrate1 that this piecewise function satisfies
the above conditions. Further, the requirement that the function be periodic (in the case of the
cosine series) can be trivially satisfied by repeating the function at the boundaries, although
careful choice of boundary conditions and approximation interval is necessary.

Although the Fourier series is generally more well known than the cosine series, exten-
sions of the Fourier series to higher dimensions introduces a number of "cross terms" that
grow in complexity as the number of dimensions increases. An alternative is to use the sine
or cosine series, which are equivalent to the fourier series under certain conditions. Specif-
ically, for an even function, the coefficients of the sine terms go to zero leaving only cosine
terms, and vice versa for odd functions. By shifting the center of our approximation interval,
it is possible to coerce the function to behave as an even or odd function. The advantages of
the sine and cosine forms is that their extensions into higher dimensions are trivial and, for

1We leave a complete proof as an exercise for the reader
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x ∈ Rn with N harmonics, take the following (for cosine) form

ŵ(x) =
N

∑
i0=0

· · ·
N

∑
in=0

ai0···in cos(i0x) · · ·cos(iny) (3)

The choice of cosine over sine is motivated by concerns over boundary conditions.
Specifically, for cosine series the boundary conditions require/enforce symmetric periodic
repetition which minimises the potential for discontinuity at the boundary.

In our experiments, we also make use of the Chebyshev series as it is closely related to
the cosine series through the definition that Tn(cos(x)) = cos(nx), which conveniently yields
a very similar expression to eq. (3)

ŵ(x) =
N

∑
i0=0

· · ·
N

∑
in=0

ai0···inTi0(x0) · · ·Tin(xM) (4)

where Tn is the nth Chebyshev polynomial of the first kind, and x ∈ RM . The Chebyshev
series can have faster "convergence" (i.e. better approximation with fewer terms) than the
trigonometric series in eq. (3).

To achieve compression for a Cout,Cin,K ×K kernel, we choose ŵ to be a 2D cosine or
Chebyshev series with N “harmonics”or “orders”, where N ≤ K. Replacing a 3× 3 kernel,
with a series 2 harmonics leads to an over 50% reduction in parameters. Our experiment
show however, that 2 harmonics can be insufficient to properly approximate a 3×3 kernel.
However, for 7×7 kernels, which have seen a resurgence in recent work[26], the increased
number of harmonics permitted whilst still maintaining a reduction in parameters, can allow
for much better compression depending on the complexity of the filters in question. In our
experiments, we refer to replacing the kernel weights with a cosine series as CosConv, and
ChebConv when using a Chebyshev series.

Whilst it is not necessary to use the same number of harmonics in the x and y directions,
doing so significantly increases the hyperparameter space to be evaluated for our method. As
we are not aware of any popular or common methods that make use of anisotropic kernels,
we do not investigate differing spatial harmonics in this work. However, with an appropriate
search method, anisotropic harmonics might permit further increases in memory savings.

Also not investigated is another possibility for reducing parameter count using our method,
through variable harmonics for each filter. Although, as above, this is essentially a problem
of hyperparameter/architecture search and is outside the scope of this work.

3.4 Finding Weights
Depending on the number of harmonics used in the approximating function, there may exist
a closed form solution to find the approximation. In the case of the cosine series, this takes
the form of the discrete cosine transform. Whilst a closed form solution exists, as we aim
to use fewer harmonics than kernel parameters, the solution is overdefined. In our early
experiments we found that the solutions found using a closed form solution performed worse
during the subsequent fine tuning than those found using simple iterative gradient descent,
and as a result we chose to use the gradient descent method to find the values.

L=
1

K2

K

∑
i, j=0

(wi j − ŵ(pi j))
2 (5)
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In conventional numerical approximation, the choice of “sample points” pi j is extremely
important[39]. Normally, performing approximation using Chebyshev polynomials requires
careful choice of sample points2 to avoid Runge’s phenomenon, where approximation error
at the ends of the interval increases with the number of harmonics[39]. However, in our case,
as we only care about the value of the approximation at the individual sample points, we can
safely ignore this phenomenon.

In our experiments, we found that the Chebyshev series was significantly more sensitive
to the initialisation of the weights before the initial approximation. For ChebConv, we found
the best results were achieved by setting the weights of the “DC” harmonics to the mean
of the kernel weights for each filter, and the weights of all higher harmonics are set to 0.
Conversely, we found CosConv is less sensitive to the initial choice of weights, and that
sampling weights from N (0, 1

CinK2 ) was sufficient. In both cases, we suspect that there is
likely a better motivated initialisation scheme, but we leave this for future work. However
for CosConv, we do not expect a better initialisation will improve performance.

4 Experiments & Results
Following this initial approximation, we fine-tune the network for a small number of epochs.
This allows the network to correct for any small approximation errors that the initial approx-
imation of weights might have caused. In all our experiments, we fine-tune the networks for
5 epochs. Specific details of training schedules, and the datasets used, are presented in the
supplementary material.

4.1 CIFAR

ResNet-20 ResNet-32

Layer Pre Top 1 Post Top 1 ∆ Pre Top 1 Post Top 1 ∆ # Params ∆ %

Conv2D - 91.73 - - 92.78 - 0.46M 0.0

Fractional[41] 91.25 91.29 0.04 - - - - -
FracSRF[35] - - - 92.28 91.60 -1.18 0.16M 34.00

FracSRF† 10.00 38.08 -53.65 9.82 37.91 -54.87 0.15M 33.43

C
os

C
on

v

3,3,3,2 87.22 90.75 -0.98 87.74 91.51 -1.27 0.27M 57.74
3,3,2,2 51.43 89.55 -2.18 75.62 90.99 -1.79 0.22M 47.35
3,2,2,2 21.16 86.99 -4.74 16.52 88.4 -4.38 0.21M 44.57
2,2,2,3 39.63 86.87 -4.86 20.92 88.64 -4.14 0.40M 86.65
2,2,2,2 17.55 85.98 -5.75 15.39 87.87 -4.91 0.21M 44.48

C
he

bC
on

v 3,3,3,2 87.22 90.76 -0.97 87.74 91.48 -1.30 0.27M 57.74
3,3,2,2 51.43 89.83 -1.90 75.62 91.16 -1.62 0.22M 47.35
3,2,2,2 21.16 87.79 -3.94 16.52 88.48 -4.30 0.21M 44.57
2,2,2,3 23.63 87.95 -3.78 20.92 89.26 -3.52 0.40M 86.65
2,2,2,2 17.55 86.66 -5.07 15.39 88.16 -4.62 0.21M 44.48

Table 1: Results showing the application of our method to the ResNet-20 and ResNet-32
models on CIFAR10. The sequence of numbers for the CosConv and ChebConv rows denote
the number of “harmonics” for each of the blocks in the network. † indicates using our
regression and retraining approach.

2For Chebyshev series, the Chebyshev-Gauss-Lobatto points. For cosine series, equispaced points.
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Figure 2: Filters from the ConvNeXt and ResNet networks compressed using our method.
Left: Original Kernel, Right (in columns): Compressed version of this kernel using CosConv
with 6, 5, and 4 orders/harmonics respectively.

We first conduct experiments on CIFAR-10[24] to validate our method. We use the
smaller ResNet-20 and ResNet-32 networks from He et al. [16]. These models consist of
4 “blocks” of filters, with different numbers of channels for each block. The results of our
experiments are presented in table 1. The sequence of numbers in the layer column next to
the CosConv and ChebConv labels represent the number of harmonics used for the layers in
each block. The columns show the accuracy after the initial approximation (Pre Top 1), and
the accuracy after 5 epochs of fine tuning. The ∆ columns show: i) the difference in Top 1
accuracy between the method/configuration and the baseline 2D convolution; ii) the percent-
age change in number of parameters. Our method is able to reduce the size of ResNet-20
by 42% losing only 1% accuracy. For both the 20 and 32 variants, the final block contains
the majority of the parameters because of the larger channel dimension. Accordingly, reduc-
ing the number of parameters of this final block alone has more of an effect on the overall
number of parameters than all of the other blocks combined (see ∆% for 2,2,2,2 v.s. 2,2,2,3).
Whilst not designed to approximate previously learned filters, we investigate applying our
“regression and re-training” approach to both Fractional Filters[41] as well as FracSRF[35].
FracSRF was not able to approximate the kernels initially, but was able to recover some of
the accuracy during fine-tuning. We found that Fractional Filters were not able to approx-
imate the kernels to any degree even after fine tuning, and the results were no better than
random guessing (10% Top 1).

4.2 ImageNet
We conduct further experiments on the ImageNet[5] dataset. These experiments use both the
ResNet-18[16] and ConvNeXt-T[26] models. The results of our experiments on ResNet-18
are presented in table 2. We see that our method is able to reduce the size of the model, with
a modest cost to accuracy. Again, like ResNet-20 and ResNet-32, the structure of ResNet-18
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CosConv ChebConv

Config Pre Top 1 Post Top 1 ∆ % Pre Top 1 Post Top 1 ∆ % # Params. ∆ %

Conv2D - 69.76 0.0 - 69.76 0.0 11.68M 0.0

6,3,3,3,3 69.46 70.19 0.43 69.32 70.11 0.35 11.68M 99.98
6,3,3,3,2 64.33 68.97 -0.79 64.11 68.62 -1.14 7.09M 60.70
6,3,3,2,2 56.59 67.90 -1.86 56.35 67.23 -2.53 5.94M 50.88
6,3,2,2,2 14.56 66.89 -2.87 14.68 65.63 -4.13 5.66M 48.43
5,3,3,3,3 66.71 69.80 0.04 65.79 69.74 -0.02 10.99M 94.10
5,3,3,3,2 60.81 68.53 -1.23 59.71 68.15 -1.61 7.09M 60.68
5,3,3,2,2 51.92 67.48 -2.28 13.58 65.44 -4.32 5.94M 50.86
4,3,3,3,2 56.21 68.05 -1.71 54.37 67.34 -2.42 7.09M 60.67
4,3,3,2,2 45.99 66.84 -2.92 11.35 64.66 -5.1 5.94M 50.85

Table 2: Results showing the application of our method to ResNet-18 on the ImageNet
dataset. The sequence of numbers for the CosConv and ChebConv rows denote the number
of “harmonics” for each of the blocks in the network.

Pre Top 1 Post Top 1 ∆ % # Comp. Params. ∆ %

Conv2D - 82.10 0.33M 0.0

7×3, 7×3, 7×9, 6×3, 80.27 81.19 -0.91 0.30M 90.90
7×3, 7×3, 7×4, 6×5, 6×3 79.10 80.87 -1.23 0.27M 83.32

7×3, 7×3, 6×9, 6×3 70.10 79.94 -2.16 0.25M 77.25
7×3, 6×3, 6×9, 6×3 49.60 79.44 -2.66 0.25M 74.98
7×3, 7×3, 5×9, 5×3 62.40 79.28 -2.82 0.19M 58.01
7×3, 7×3, 5×9, 4×3 57.67 78.39 -3.71 0.17M 51.71
7×3, 7×3, 4×9, 4×3 20.30 75.94 -6.16 0.14M 42.26
6×3, 6×3, 6×9, 6×3 24.75 76.26 -5.84 0.24M 73.84
5×3, 5×3, 5×9, 5×3 14.94 77.29 -4.81 0.17M 51.71

Table 3: Results showing our method (CosConv) used on the 7× 7 depth-wise filters from
ConvNeXt, showing the accuracy after the initial approximation and then after fine tuning
for 5 epochs. Comp. Params. (Compressible Parameters) shows the number of parameters
making up the 7×7 convolutions in the network.

CosConv ChebConv

bits Config Top1 Quant. Top1 Delta Top1 Quant. Top1 Delta # Params Model size (MB)

32 Conv2D 69.76 69.76 0.0 69.76 69.76 0.0 11.68M 46.7

8 Conv2D 69.76 69.74 -0.02 69.76 69.74 -0.02 11.68M 23.4
8 6,3,3,3,2 68.97 68.12 -0.85 67.23 67.39 0.16 7.09M 14.2
8 6,3,3,2,2 67.90 65.23 -2.67 65.63 65.20 -0.43 5.94M 11.9
8 5,3,3,3,2 68.53 67.56 -0.97 68.15 66.80 -1.35 7.09M 14.2
8 5,3,3,2,2 67.48 64.69 -2.79 65.44 64.47 -0.97 5.94M 11.9

4 Conv2D 69.76 69.28 -0.48 69.76 69.28 -0.48 11.68M 17.5
4 6,3,3,3,2 68.97 66.70 -2.27 67.23 66.50 -0.73 7.09M 10.6
4 6,3,3,2,2 67.90 64.10 -3.80 65.63 63.88 -1.75 5.94M 8.9
4 5,3,3,3,2 68.53 66.38 -2.15 68.15 65.30 -2.85 7.09M 10.6
4 5,3,3,2,2 67.48 62.76 -4.72 65.44 63.10 -2.34 5.94M 8.9

Table 4: Results showing how our method applied to ResNet-18 on the ImageNet dataset
performs under quantisation.
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has increasing parameter counts through the blocks, and that compressing the final layers of
the network provides outsize reduction in parameter count. Although the top configuration
reduces the number of parameters in the first layer by 30% with no loss in Top 1 accuracy,
the distribution of parameters in the network mean this has a barely noticeable effect on the
overall parameter count (0.02%). However, decreasing the order further (config 5,3,3,3,3),
reduces the number of parameters in the first layer by ≈50% with no loss to Top 1 accuracy,
but still only resulting in a 6% reduction in model size. The deficiencies in the initialization
of the ChebConv layers is more apparent here, where the same configuration loses more
accuracy than an equivalent CosConv.

Figure 2 shows two filters from the first layer of ResNet-18 and one from the ConvNeXt-
T model. We show CosConv approximations of various orders, as well as the L2 error be-
tween the approximation and the original kernel. Whilst our method is less able to recreate
the strong discontinuities found in the depth-wise ConvNeXt kernels than the less discontin-
uous ResNet filters, our method is able to preserve much of the filter’s structure.

To better investigate the capability of our method to reduce the parameter counts of lay-
ers with a larger kernel size, we evaluate our method on the 7× 7 depthwise kernels that
are present throughout the network, and present these results in table 3. Because the vast
majority of the parameters in ConvNeXt pertain to operations are either pointwise/linear
operations, or 2× 2 downsampling kernels for which our method cannot be meaningfully
applied, we consider only the “compressible parameters” which are the parameters of the
7× 7 depth wise convolutions. The results show that our method is able to compress the
applicable layers of the network by 42% with a 2.8% loss in Top 1 accuracy. We suspect that
the impact of our method on ConvNeXt is not as strong as on ResNet-18, because ConvNeXt
contains significantly more discontinuous kernels.

4.3 Quantization
To show that our method can complement other existing methods for reducing the size of
deep models, we perform experiments to show the application of our method in tandem
with quantisation. We use a basic quantisation scheme and apply it on top of our method,
quantizing the parameters of our kernel functions, as well as the activations of the network.
Further details of the setup for these experiments are presented in the supplementary mate-
rial. Table 4 shows our experiments quantising ResNet-18 as well as applying our method.
The ‘Top 1’ column shows the performance of the unquantised configuration, and ‘Quant.
Top1’ shows the results after fine-tuning, applying both our method and quantisation. The
results show that a further 3-4× reduction in model size, compared to unquantised models
(40% reduction compared to quantised conventional convolution), is achieved with a 0.37%
reduction in accuracy.

5 Conclusion
In summary, we have presented a novel method to reduce the number of parameters required
to represent a conventional 2D convolution. Using functional approximations in the form of
cosine and Chebyshev series, we are able to represent the weights of a kernel using fewer
parameters. We outline an approach to learn an initial set of weights based on pre-trained
models that can be further refined through a small amount of fine-tuning. Through experi-
ments, we demonstrated that our method is able to reduce the size of common deep vision
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models by as much as ∼ 50% with a minor reduction in accuracy, as well as the compatibility
between our method and quantisation.

In future work, we hope to examine how anisotropic and variable numbers of harmonics
per filter might improve the compression.
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A Datasets
We use two common datasets in our experiments: CIFAR-10[24] and ImageNet[5].

CIFAR-10 consists 50,000 training images and 10,000 validation images, distributed
across 10 categories. During fine-tuning, images are randomly cropped to 32 × 32, ran-
domly horizontally flipped and normalised. During validation/testing images are normalised
identically to training.

The much larger ImageNet dataset consists of 1.28M training images and 50,000 vali-
dation images across 1000 categories. During fine-tuning, images are randomly cropped to
224× 224, randomly horizontally flipped and normalised. At test time, images are center
cropped to the same size, and normalised identically to training.

B Training Schedules
For ResNet-20, ResNet-32, and ResNet-18 we fine-tune using an SGD optimiser with the
learning rate set to 1×10−4, a momentum of 0.9, and weight decay of 5×10−4. We reduce
the learning rate by a factor of 10 after 3 iterations, although this had marginal impact on the
final validation error.

For ConvNeXt-T, we fine-tune with with the same optimiser as above, but with the learn-
ing rate set to 5×10−5. We also do not use any of the data augmentations from the paper[26],
except for Stochastic Depth[20].

C Quantisation
For our quantisation we make use of the BFP quantisation scheme from [8, 30, 38], with a
block size of 1. We quantize both weights and activations. In the backwards pass, we use the
straight through estimator[2] to calculate the gradients. We use 7 bits for the exponent in all
configurations, and quantize all weights and activations to the same number of bits.

D Further Kernel Visualisations
Figure 3, fig. 4, and fig. 5 show more visualisations of kernel functions compressed using
our method. Figure 3 shows the same kernels as Figure 2. in the main paper, but using
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ChebConv rather than CosConv. The remaining two figures show visualisations of further
kernels using CosConv (fig. 4) and ChebConv (fig. 5)
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Figure 3: Filters from the ConvNeXt and ResNet networks compressed using our method.
Left: Original Kernel, Right (in columns): Compressed version of this kernel using Cheb-
Conv with 6, 5, and 4 orders/harmonics respectively.
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Figure 4: Filters from the ConvNeXt and ResNet networks compressed using our method.
Left: Original Kernel, Right (in columns): Compressed version of this kernel using CosConv
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Figure 5: Filters from the ConvNeXt and ResNet networks compressed using our method.
Left: Original Kernel, Right (in columns): Compressed version of this kernel using Cheb-
Conv with 6, 5, and 4 orders/harmonics respectively.
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4.3 Conclusion

With this chapter, we have presented our work Approximating Continuous Con-

volutions for Deep Network Compression that tackles the problem of compressing

the weight tensors of a deep network. By considering the values of the weights

as piecewise linear functions over space, we are able to approximate them using

Cosine and Chebyshev series. In this way, we are able to apply the approximation

after the network has been trained, requiring only a small amount of fine-tuning

after application to recover full performance.

We test our method on the ResNet[29] and ConvNext[59] architectures, demon-

strating the capability of our method to reduce the size of models by as much as

half with minimal impact on accuracy. Further, we demonstrate that our method

is compatible with other compression approaches like quantisation.

Whilst other tensor decomposition approaches are able to reduce the total number

of operations used during inference on top of reducing model size, compared to other

compression only approaches, our method is substantially easier and faster to apply.
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5.1 Introduction

Implicit representations present and exciting new approach to the representation

of 3D shapes and scenes. Encoding structure and shape information as a function

over space, rather than explicit representations like point-clouds or meshes, they

are able to capture complex geometry at arbitrary resolutions with a much smaller

memory footprint than conventional representations. Whilst the efficiency of neural

implicit representations (NIRs) has been established by others [16; 17; 164], we

suggest that implicit representations present a different possible direction from

which to consider efficiency. With implicit representations, we suggest that here we

can consider the representational efficiency of the approaches, rather than simply

78



5. Towards Generalising Neural Implicit Representations 79

considering the efficiency of bits and floating point operations (FLOPs). From

this point of view, we consider not just how something is represented, but what

can be done with it in its current form.

Our work Towards Generalising Neural Implicit Representations, which we

present in this chapter, investigates how and if implicit representations can be

integrated into semantic task pipelines common in computer vision, and was one of

the first works to investigate the use of NIRs in semantic pipelines. We show that

when trained for reconstruction tasks alone, the shape encodings learnt by NIRs

provide insufficient information to perform common semantic tasks like classification

and segmentation. However, we argue that training for even a single semantic task

alongside reconstruction tasks admits shape encodings that recover full performance

on both reconstruction and the semantic tasks, and importantly these encodings

maintain this performance in later “unseen” tasks.

5.1.1 Contributions

• We investigate the use of NIRs on a number of common computer vision tasks,

and show that when trained for reconstruction tasks alone, the encodings

learnt provide insufficient information to perform satisfactorily in semantic

tasks.

• We demonstrate that the addition of a simple semantic task alongside re-

construction in a joint training fashion, is able to substantially improve

performance on new tasks without compromising reconstruction performance.
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Abstract. Neural implicit representations have shown substantial im-
provements in efficiently storing 3D data, when compared to conventional
formats. However, the focus of existing work has mainly been on stor-
age and subsequent reconstruction. In this work, we show that training
neural representations for reconstruction tasks alongside conventional
tasks can produce more general encodings that admit equal quality re-
constructions to single task training, whilst improving results on con-
ventional tasks when compared to single task encodings. We reformu-
late the semantic segmentation task, creating a more representative task
for implicit representation contexts, and through multi-task experiments
on reconstruction, classification, and segmentation, show our approach
learns feature rich encodings that admit equal performance for each task.
Further, through hold-out experiments, we show that adding semantic
supervision when training implicit encoders can significantly improve
performance on later unseen tasks, without requiring encoder retraining.

1 Introduction

Fig. 1. Through multi-task training, im-
plicit representations can be enriched cre-
ating a more general representation of a
shape or object, and allowing for their use
in a number of tasks rather than recon-
struction alone.

Implicit neural representations have
garnered significant interest recently
for their ability to reconstruct complex
3D structures and shapes. The appeal
of these methods stems from a num-
ber of useful properties they possess for
both reconstructing 3D shapes, as well
as storing them efficiently. By learning
to reconstruct the shapes, networks are
able to encode and use a rich set of
priors over the 3D domain to improve
the quality of the reconstructions over
what can be achieved with classical
methods[24, 27]. Efficiency in storage
is achieved by decoupling the encoding
from the input and output modality so,
unlike voxel based representation, the
storage requirements do not grow cubically with the output resolution. Further,
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implicit representations do not suffer from the limitations of mesh and point-
cloud based representations, where the quality of the reconstruction is typically
limited by the output size constraints of a single feed forward pass[24].

Conditioning a “decoder” network on an encoded representation of the in-
put data, neural representations query the network at sample point locations
for occupancy or distance function information. This approach allows for recon-
structions to be generated with arbitrary resolutions at run-time[24].

Whilst these properties are impressive, we argue that further useful proper-
ties have been left on the table. In many of the works making use of implicit
methods, training is performed with the loss function targeted only at recon-
struction accuracy. This approach, whilst clearly effective, misses a significant
potential benefit. We argue that using a multi task loss, including loss terms re-
lated to common tasks such as classification, produces encodings that are equally
effective for reconstruction, but that still provide a richer set of features for use
in other downstream tasks. We suggest that in applications such as augmented
reality, where efficient representations are very useful, the ability to encode more
than just shape information into the representation is likely to be useful.

Whilst a number of works have produced impressive and high quality recon-
structions using a number of different approaches, there is a general aim in the
design neural network encoders to produce features that have meaningful uses
beyond a single task. However, we observe that this aim has not yet translated to
implicit representation works. Many practical applications of implicit represen-
tations to real world problems would benefit from the ability to perform multiple
tasks using the same stored data, rather than having to render and re-encode
before performing other downstream tasks.

In this paper, we examine the generation of more descriptive neural repre-
sentation encodings. Through experiments, we show that encodings generated
purely for reconstruction can produce poor results on other tasks. We demon-
strate the expected result that the encodings used in neural representations can
be trained to develop properties useful for other tasks common in computer vi-
sion, without any appreciable reduction in reconstruction performance. We then
detail surprising results in our hold-out experiments, showing that training en-
codings on even a single semantic task significantly improves performance on
later held out tasks. We also argue that the conventional 3D semantic segmen-
tation task does not translate well to implicit representations, where the object
being reconstructed is not or cannot be operated on directly. To address this,
we propose, among other experiments, a re-formulation of the semantic segmen-
tation task that is a more representative formulation when applied to implicit
representations.

In summary, the key contributions of this paper are

– Investigation of the use of implicit encodings on a number of common com-
puter vision tasks (in a multi-task setting), showing improved performance in
these tasks when compared to reconstruction-only encodings, without com-
promising reconstruction accuracy.
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– Showing that the addition of a simple semantic task alongside reconstruction
is able to substantially improve performance on new tasks, without requiring
retraining of the encoder. For example, we show training an encoder for both
reconstruction and classification significantly improves later segmentation
results.

– A re-formulation of the semantic segmentation task, that is more represen-
tative of a real world task in the context of implicit representations.

2 Related Work

Implicit (or Neural) representations have been the subject of much recent work.
Early works focused on single objects[24, 35, 32, 27, 25, 11, 2, 12, 30, 41, 5],
encoding either image or point-cloud input into a feature vector, which is used
to condition a decoder network. These decoder networks typically come in one
of two forms: concatenation/biasing or hyper-networks. In concatenation based
conditioning ([10] argue that biasing and concatenation are analogous), the en-
coding is concatenated with the point being queried and then passed through the
network. In hyper-networks, the encodings are passed through a small network,
whose outputs are the weights used in the network that predicts the value for a
given query point. The outputs of these decoders can typically be divided into
two categories, namely occupancy generating or signed distance function (SDF)
generating1.

Early works such as [35, 27, 24, 5] showed that simple MLP networks were
capable of representing complex distance functions and occupancy functions. [27]
(DeepSDF) also detailed the use of auto-decoders to estimate optimal encodings
for a given input, using a fixed decoder and simple backpropagation. [24] (Occu-
pancy Networks) demonstrated the alternative occupancy paradigm for implicit
representations, as well as proposing a procedure to extract high quality meshes
in an efficient manner from the implicit representation, using an octree like ap-
proach. Concurrently, [5] (IM-Net), also using the occupancy paradigm, showed
impressive results for single view reconstruction, as well as both 2D and 3D shape
generation. [25] learn level sets to represent shapes. Similarly, [2] (SAL), used
unsigned function priors to train a signed distance function. [30] combine both
explicit atlas based reconstruction and implicit neural reconstruction, enforcing
consistency between the two methods.

Later works investigated representing larger scenes[3, 28]. Many of these
methods did not expand the size of the area described by a given embedding,
instead proposing methods to recover encodings for a small local region where
an implicit representation can then extract local shape information. [28] (Convo-
lutional Occupancy Networks) interpolated between encoded points in a volume

1 Arguably occupancy networks are simply SDF networks with the sign function ap-
plied to their output, however this ignores the increased complexity in regressing
SDF values rather than simply their sign. We discuss this point in more detail in
Sec. 3.1
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or plane, to generate the conditioning vector for a occupancy network in a re-
gion around the encoded point. [6] took a similar approach, adding also multiple
resolutions of encoded volumes. A separate group of works[17, 3, 38] all took a
slightly different approach from above and divided the scene into regions, gen-
erating a small encoding for each region. Both [17] and [3] made use of a grid of
small local encodings, whereas [38] made use of a number of oriented spherical
patches of differing radii each with an encoding.

Further improvements to implicit representations in general were proposed
by [33] and [36] showing that adding higher frequency information to simple net-
works drastically improved their ability to generate high quality reconstructions.
[9] proposed a curriculum based learning approach for implicit representations,
improving reconstruction quality of complex local details.

Other works have used implicit representations for a number of other tasks,
most notably novel view synthesis[21, 26, 34, 43].

There have also been a number of works considering the application of multi-
task approaches to 3D problems[29, 19, 14, 20]. Multi-task learning has enabled
improvements where tasks are related or closely coupled, such as semantic and
instance segmentation[19, 29]. As well, [14] made use of a multi-task setup in
unsupervised training to learn a useful embedding space for 3D point-cloud in-
puts.

Latent representations have been used to bridge the gap between point-cloud
and volumetric representations[23], whilst others have sought to learn directly
on meshes rather than point clouds or voxel grids[13, 16].

The concurrent work of [43] examines a similar use of implicit representa-
tions in a multi-view synthesis setting (based on [21]). Their work showed that
the addition of geometric information can improve robustness in the semantic
task, achieving strong performance in noisy environments while being able to
achieve remarkable accuracy with little semantic supervision. [18] also examine
semantics in a multi-view setting, using [35] for the internal representation. Their
method also demonstrates the close relationship between appearance, geometry,
and semantics, being able to synthesise novel appearance views from semantic
images and vice versa.

3 Tasks

In this section, we first cover the principles of implicit representations. We then
describe the other tasks we consider, including our variation to the normal task
of segmentation that we use in our experiments, for a fairer representation of
the segmentation task in implicit contexts.

3.1 Implicit Representation

Neural implicit representations attempt to estimate the function describing the
surface of a given object. A common formulation is to map from a point in
space, p ∈ R3, to the smallest signed distance between the point and the outer



Towards Generalising Neural Implicit Representations 5

𝒑0…𝒑𝑛

Occupancy

Decoder

ClassifierInput Encoder

Encoding

Points

Segmentation

Decoder

Reconstruction

Segmentation

Class

Fig. 2. An overview of our network architecture. The network takes as input either
images or point-clouds, generating an encoding from them. This encoding can then be
used in a number of ways. For classification, the encoding is passed directly into a simple
classifier. For segmentation and reconstruction, the encoding is used to condition the
decoder networks. The decoder networks take a number of points as input and returns
for each point either, the probability that that point lies inside the encoded shape, or
semantic label probabilities.

face of a surface, i.e. a SDF. This gives rise to an expression[27, 41] of the form
s : R3 → R. Another common formulation is to estimate the probability that
a given point lies within the object (i.e. probability of occupancy), rather than
regressing the SDF directly. This gives a function[24] of the form o : R3 → {0, 1}.
However, we note the following relationship

o = σ(−s) > τ (1)

where τ is a threshold parameter, and σ is a sigmoid function. This relationship
suggests that the occupancy function is a simplified version of the SDF, moving
the problem from a regression context and into a classification context. Further,
this reformulation suggests that where the extra information provided by the
SDF (but not the occupancy function) such as the surface normal (given as, ∂s

∂p ,

the spatial gradient of the SDF[27]) is not needed, the occupancy function is
likely to be easier to learn. If this is true, we suggest this is the result of the
occupancy network only needing to learn a decision boundary over R3 rather
than having to learn both the boundary and then regress a points distance from
it. In addition, we note that DeepSDF applies clamping to its loss function, such
that points away from the surface do not impact the loss. Further, DeepSDF
does not enforce the Eikonal constraint2 like other works[25, 12]. Accordingly
the network is mainly learning the zero crossing point of the SDF rather than a
metric SDF.

This then implies that differences between Occupancy Networks and DeepSDF
lie mostly in the training and design of the two networks, and not in the func-
tions they embed. For this reason, we believe that although the evaluation in this
paper is conducted soley on Occupancy Networks, the results should also apply

2 A requirement for a “true” SDF
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to DeepSDF based encodings. Given this, and the simplicity of the method, we
chose to use the formulation of Occupancy Networks[24] for our experiments.

3.2 Other Tasks

The conventional 3D segmentation task as explored in a number of papers[31, 40]
typically involves predicting a semantic label for each point in an given input
point-cloud. However, in the context of implicit representations, this task loses
much of its meaning, as we want to learn semantic information at locations not
in the input pointcloud. This of particular concern when the input is a degraded
and noisy point-cloud (Sec. 4). As we are considering the occupancy of a given
spatial location, it makes more sense to consider the task as determining the
semantic label of regions within the shape.

Hence, given a mesh X , for each vertex x ∈ X with a semantic label cx, the
semantic class of any location p ∈ R3∩X lying inside the mesh, has the semantic
class of the nearest vertex of X .

cp = cz where z = argmin
x

||p− x||2

This scheme has the same effect as producing a Voronoi partitioning of the
space inside the mesh. Points that lie outside the mesh, are considered to be
background and therefore have no valid semantic class. The segmentation task
then becomes predicting the label of a point inside the shape according to the
nearest neighbour assignment. During both training and inference, we evaluate
the semantic label task at the same locations as the reconstruction task.

As well as segmentation, we also investigate the performance of our approach
in the task of classification. Unlike the segmentation task which requires the im-
plicit code to encode information about the properties of spatial regions (simi-
larly also with the reconstruction task), classification requires that the encodings
allow simple classification networks to discriminate between them. Later exper-
iments (Sec. 5.2 & Sec. 5.3), show that the requirements classification has for
the encodings are noticeably different to reconstruction.

Our results show that implicit representations can be encouraged to be more
representative of objects, rather than merely encoding their shape. We focus on
two particular tasks that are common tasks, but expect that generalising the
encodings over further tasks is likely to also be possible.

4 Experiments

The experiments are divided into three parts. First we consider the original
dataset from [24], establishing a baseline and some preliminary experiments in-
volving reconstruction and classification. Next we examine a more challenging
classification task, before turning finally to a semantic segmentation task.

An overview of our network architecture is shown in Fig. 2. Specific details of
the architecture for each experiment are outlined in Sec. 4.2. The loss functions
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used depends on the task. For the reconstruction loss, Lrec, we use binary cross
entropy as in[24]. Both classification, Lcls, and segmentation, Lseg, use the cross
entropy loss. In the multi task settings, the losses are combined in a weighted
linear fashion as Ltot = Lrec + λcls × Lcls + λseg × Lseg. For all experiments
λcls = λseg = 1.0. We use an ADAM optimiser with learning rate of 10−4.
Training takes approximately 4 days on a NVIDIA GeForce GTX 1080Ti.

4.1 Datasets

We perform our experiments on a number of datasets. The original dataset (here-
after Choy) from [24] is the subset of ShapeNetCore[4] from [7]. We also make use
of ModelNet40[39] for further classification experiments and ShapeNetPart[42]
for our segmentation experiments. Data pre-processing was accelerated with
GNU Parallel[37].

We limit our experiments to datasets with similar properties to those used in
[24], as we are not seeking to validate the specific implicit representation format
we are using, rather the benefits of more feature rich encodings. This means that
we do not consider larger scale datasets such as Stanford3D[1] that our chosen
method might struggle with. We leave this to future experiments with other
methods such as [28] or [3] that are better able to reconstruct larger scenes.

For all experiments, the properties of the inputs remain constant. For point-
clouds we sample 300 points from the ground truth point-cloud, and apply noise
using a Gaussian distribution with zero mean and standard deviation 0.05 to
the sampled point clouds, identically to [24]. For images we crop and resize the
images identically to [24].

Choy / ShapeNetCore The dataset used in [24] from which our work builds
on, uses the renderings and voxelisations[7] of a subset of the ShapeNetCore[4]
dataset. We use the rendered images to train the image based encoder in later
experiments. The fully processed dataset was provided by [24] as part of their
publication. Briefly, meshes are loaded and a large number of depth images are
rendered. These depth images are fused to form a watertight mesh from which
points and their corresponding occupancy value can be sampled. Although the
occupancy samples are not provided as part of the dataset in[7], to reduce ambi-
guity we will refer to the dataset from [24] as the Choy dataset throughout this
paper. The dataset consists of 30,648 training meshes, 4,358 validation meshes
and 3,738 test meshes across 13 object categories.

We use the Choy dataset both for our baseline experiments, as well as some
preliminary classification experiments. Our experiments with this dataset are
outlined in Sec. 5.1.

ModelNet40 For further classification experiments, we make use of the Model-
Net40[39] dataset. As rendered images were not readily available, we rendered
images using Pyrender[22] in the same fashion as [7], choosing 24 viewpoints with
constant radius and altitude, but random azimuth. The occupancy samples are
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generated with the code provided by [24]. The dataset consists of 9,843 training
meshes and 2,468 testing meshes across 40 object categories. Our experiments
with this dataset are outlined in Sec. 5.2.

ShapeNetPart For our semantic segmentation experiments, we make use of
the dataset from [42], which we refer to as ShapeNetPart. Again the occupancy
samples were generated using the code from [24]. Semantic labels were assigned
to the occupancy samples using the procedure outlined in Sec. 3.2 from the
ground truth semantic labels in[42]. The dataset consists of 12,121 training,
1,854 validation, and 2,858 testing meshes following the corresponding splits
from ShapeNetCore. Our experiments with this dataset are outlined in Sec. 5.3.

4.2 Architecture

Our network takes either point-clouds or images as input to the encoder. In all
the experiments, we use the same two encoders: one for point-cloud input, and
another for image input.

Point-cloud input We use the same variation on the original network from
[31] as [24]. In this formulation, the fully connected (FC) layers normally present
in the original network are replaced by residual FC blocks[15]. During training
the network samples 300 points from the input point cloud and applies Gaussian
noise (σ = 0.005) before passing these into the encoder (identically to [24]).

Image input We use a pre-trained ResNet-18[15], followed by a linear layer to
reduce the output dimension following [24].

The encoded features are then passed to a decoder. For decoding point lo-
cations into either occupancy values or semantic labels we use one or more of
the following, depending on the task(s). For classification, the encoding is passed
directly to the classifier.

Task Decoders Occupancy Decoder This is the same decoder used in
[24]. The network takes a number of points p0,p1, . . . ,pn as input and uses
conditional batchnorms[8], which take the encoding as their input, to condition
the network.
Classifier A simple 2 layer MLP, that takes the encoding directly as input
and returns class probabilities.
Segmentation Decoder The same network as the occupancy decoder but
with a larger output channel dimension.
Parallel Segmentation and Occupancy Decoders This is the configura-
tion shown in Fig. 2, in which the segmentation and occupancy decoders operate
in parallel.
Joint Segmentation and Occupancy Decoder Also the same network as
the occupancy decoder, however rather than two separate networks for each task,
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Recon. Class.

IOU ↑ Chamfer L1 ↓ Accuracy ↑
ONet baseline 0.78 0.0081 –

Classification baseline – – 0.92
Classification w/ ONet encoder – – 0.80
Joint Classification & ONet 0.77 0.0084 0.92

Table 2. Experiments on the Choy dataset with point-cloud input, showing shape
IOU, Chamfer L1, and classification accuracy. For “Classification w/ ONet encoder”
the encoder is pre-trained on the ONet baseline, fixed, and only the classification
decoder trained.

the same network performs both tasks simultaneously. The output is then sliced
along the channel dimension to yield two tensors, one containing the occupancy
probability, the other containing the semantic label probabilities.

4.3 Encoder Baselines

(a) Classification on ModelNet40

Accuracy

PointNet[31] 87.1
ONet Encoder + Classifier 85.9

(b) Segmentation on ShapeNetPart

mIOU

PointNet[31] 83.7
ONet Encoder + Segmentation Decoder 83.0

Table 1. Encoder comparison baselines.

To fairly compare later experiments
to Occupancy Networks, we use the
encoders from the original paper
throughout. To provide comparisons
between our tasks and conventional
tasks on point clouds, we run two
small experiments to show how the en-
coder (a modified PointNet) from Oc-
cupancy Networks performs compared
to a baseline PointNet[31]. These ex-
periments are shown in Table 1, using
results directly from [31]. For classifi-
cation on ModelNet40, the network receives 1024 input points perturbed by
Gaussian noise with zero mean and 0.02 standard deviation, as in [31]. For seg-
mentation on ShapeNetPart, the network receives 2048 points as input to the
encoder, and the input is also used as the query points (p0 . . . pn in Fig. 2).
We note that for these experiments the network receives at least 3x more input
points, with less additive noise, than in later experiments.

5 Results

5.1 Choy Experiments

We begin with the dataset from [24]. Our experiments with point-cloud input
are shown in Table 2. Given the small number of classes and fairly distinct visual
properties of the classes in this dataset, the high accuracy in classification is not
unexpected, even with the reduced quality of the input point-clouds. To evaluate
the classification performance of the baseline encoder, we fix its parameters
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Recon. Class.

IOU ↑ Chamfer L1 ↓ Accuracy ↑
ONet baseline ( 0.58 / 0.57 ) ( 0.021 / 0.021 ) –

Classification baseline – – ( 0.92 / – )
Classification w/ ONet encoder – – ( – / 0.63 )
Joint Classification & ONet ( 0.59 / 0.57 ) ( 0.020 / 0.023 ) ( 0.92 / 0.91 )

Table 3. Experiments on the Choy dataset with image input, showing shape IOU,
Chamfer L1, and classification accuracy. Values in brackets: left with ResNet pre-
training, right without.

Recon. Class.

IOU ↑ Chamfer L1 ↓ Accuracy ↑
ONet baseline 0.73 0.011 –

Classification baseline – – 0.82
Classification w/ ONet encoder – – 0.57
Joint Classification & ONet 0.70 0.012 0.82

Table 4. Experiments on the ModelNet40 dataset with point-cloud input, showing
shape IOU, Chamfer L1, and classification accuracy.

and train a simple 2 layer MLP classifier to operate on its output encodings.
Classification on this fixed encoder shows a substantial reduction in accuracy
compared to the jointly trained case, i.e. where the encoder is not fixed. Notably
in this joint training scenario, full accuracy in both tasks is recovered.

Our experiments with image input are shown in Table 3. The results are sim-
ilar to the point-cloud experiments. As discussed in [24], the lower performance
in reconstruction for the ONet can potentially be attributed to occlusion. We
also train the baseline from scratch without ResNet pre-training. Without pre-
training the same “Classification w/ONet encoder” experiment shows a similar
result to the point-cloud experiment where the network performs poorly on the
classification task, as the network is not encouraged to generate features mean-
ingful to other tasks. Further, without pre-training, the network was significantly
less stable, and convergence was slower. The joint training result shows that the
encoding is capable of performing both tasks without loss of accuracy.

5.2 ModelNet40 Experiments

To better evaluate the classification performance, as well as the shortcomings of
the reconstruction encodings in classification, we run the same experiments as
in Sec. 5.1 on ModelNet40, a more conventional 3D classification benchmark.

Our experiments with point-cloud input are shown in Table 4. The results
follow a similar pattern to the point-cloud results from the Choy dataset. As we
expected, when we train the classifier using the fixed encoder from the recon-
struction task, the classification performance is poor. This reduction in perfor-
mance is much more severe than on the Choy dataset, but is consistent with the
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Recon. Class.

IOU ↑ Chamfer L1 ↓ Accuracy ↑
ONet baseline ( 0.54 / 0.49 ) ( 0.034 / 0.038 ) –

Classification baseline – – (0.85 / – )
Classification w/ ONet encoder – – ( – / 0.51)
Joint Classification & ONet ( 0.51 / 0.48 ) ( 0.036 / 0.042 ) ( 0.84 / 0.81 )

Table 5. Experiments on the ModelNet40 dataset with image input, showing shape
IOU, Chamfer L1, and classification accuracy. Values in brackets: left with ResNet
pre-training, right without.

increased difficulty shown by the lower accuracy figure on the classification base-
line. However, this performance loss is completely recovered in the joint training,
with only a minor decrease in reconstruction performance.

Our experiments with image input are shown in in Table 5. Here we see that
the joint training is able to recover much of the performance on either of the
single tasks. Again, the experiments without pre-training show similar trends
to the fixed encoder point-cloud experiments, where the classifier struggles with
the ONet encoder, but full accuracy is recovered in joint training. We suspect
the lower performance of the non-pre-trained networks can be attributed to the
more varied nature of ModelNet40.

We also suggest that the reduction in performance for the joint task IOU in
Tables 4 & 5 is more a result of specifics of the IOU metric than a meaningful
reduction in performance. This can be seen from Table 3 where the Chamfer L1
loss is reduced by the same amount, but the IOU performance is less affected
than in Tables 4 & 5.

5.3 ShapeNetPart Experiments

Our metric for the segmentation task is mean average Intersection over Union
(mIOU). Points are sampled within the shape and assigned semantic labels by
the decoder. The same sample points are used for both segmentation and recon-
struction. Whilst in a real world scenario points would be sampled both inside
and outside the shape, we wish to assess the performance of the segmentation
decoder independently of the reconstruction performance, and so only consider
points inside the shape. The IOU is computed for each part of the shape, and
averaged to give a shape IOU. If there are no ground truth points for a given
part (e.g . ‘armrest’ is a part of the chair class, but several chair instances do
not have armrests), the part is automatically assigned an IOU of 1. We can then
compute mIOU as the average of the shape IOUs. At inference time, points are
sampled randomly from a padded bounding box of the ground truth object, as
in [24].

We evaluate two different part segmentation decoders: the joint decoder
where one decoder produces both segmentation and reconstruction at the same
time, and the parallel decoder (the configuration shown in Fig. 2) where two
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Recon. Seg. Class.

IOU ↑ Chamfer L1 ↓ mIOU ↑ Accuracy ↑

ONet baseline 0.69 0.010 – –

Classification baseline – – – 0.95

Segmentation baseline – – 0.53 –

Joint Segmentation
& ONet

0.70 0.0098 0.50 –

Joint Segmentation
& Classification & ONet

0.72 0.0086 0.50 0.95

Parallel Segmentation
& ONet

0.68 0.011 0.53 –

Parallel Segmentation
& Classification & ONet

0.70 0.0095 0.53 0.95

Table 6. Experiments on the ShapeNetPart dataset with pointcloud input, showing
shape IOU, Chamfer L1, segmentation mIOU, and classification accuracy.

similar decoders handle segmentation and reconstruction respectively. A more
detailed explanation is presented in Sec 4.2.

Fig. 3. Qualitative joint reconstruc-
tion and segmentation results on the
ShapeNetPart[42] dataset, showing and
example from the car (top) and chair
(bottom) classes. Right shows a Joint
segmentation & classification & ONet
reconstructed mesh coloured with se-
mantic class labels. Left shows the same
reconstruction with ground truth labels.

Table 6 shows the reconstruction
accuracy, mIOU, and classification ac-
curacy of our different experiments on
the ShapeNetPart dataset. The results
show little to no accuracy being lost in
any of the tasks for the jointly trained
settings. In the reconstruction task,
the network is attempting to learn
an encoding that represents the shape
properties of a given region of space,
such as the curvature and boundaries.
These properties are likely also useful
for the task of segmentation, i.e. the
semantic class probabilities are poten-
tially somewhat dependant on proper-
ties like local curvature.

Table 7 shows the per-class seg-
mentation results for the baseline, joint
training, and the reconstruction IOU
for the baseline. These results show
that the parallel architecture is su-
perior to the joint architecture, and
suggest that, although these particular
tasks are well correlated at the encod-
ing level, they may be less well corre-
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Mean

Reconstruction IOU ✓ 0.75 0.71 0.56 0.8 0.70 0.56 0.75 0.7 0.54 0.81 0.53 0.76 0.75 0.73 0.68 0.70 0.69

Seg. Only ✓ 0.59 0.46 0.45 0.52 0.63 0.31 0.68 0.55 0.52 0.59 0.53 0.58 0.59 0.39 0.51 0.57 0.53

Joint Decoder
✓ ✓ 0.55 0.45 0.40 0.51 0.62 0.30 0.66 0.53 0.49 0.59 0.47 0.53 0.56 0.30 0.47 0.56 0.50

✓ ✓ ✓ 0.55 0.42 0.38 0.49 0.62 0.32 0.66 0.54 0.49 0.59 0.45 0.55 0.56 0.3 0.46 0.56 0.50

Parallel Decoders
✓ ✓ 0.59 0.50 0.45 0.53 0.63 0.33 0.68 0.56 0.52 0.59 0.53 0.58 0.60 0.39 0.50 0.57 0.53

✓ ✓ ✓ 0.59 0.51 0.42 0.53 0.63 0.34 0.68 0.55 0.53 0.60 0.55 0.57 0.58 0.38 0.50 0.57 0.53

Table 7. Experiments on the ShapeNetPart dataset with point-cloud input, detailing
per class results, showing segmentation mIOU. Note the first row is reconstruction
IOU.

lated within the decoder. The poor performance on some of the classes such
as rocket and headphones may be explained by the thin sections in parts of
those objects. Because the network samples points within the shapes randomly,
thin sections like the fins(rocket), cable(earphones), or handlebar(motorbike) are
likely to be undersampled and therefore have poor performance at inference time.
As well as this imbalance, there is also significant imbalance in the number of
models in certain categories, which can negatively affect accuracy at inference
time. This is reflected in the higher mIOU scores (across all the experiments),
for the classes with more shapes.

Fig. 3 shows selected qualitative joint reconstruction & segmentation results.

5.4 Hold-out Experiments

Table 8 outlines our hold-out experiments, in which we aim to show the task
generalisation of the network. In these experiments, we train the encoder and re-
construction decoder alongside either the segmentation decoder or the classifier.
These weights are then frozen and the remaining decoder is trained.

As the above results show, an encoder trained for reconstruction alone learns
features that encode shape information well. However the results suggest that
shape information alone is not sufficient information for either segmentation
or classification where significant accuracy is recovered for both tasks in the
joint setting. Table 8 shows a particularly interesting result in that the joint
training obtains similar results regardless of whether classification or segmen-
tation was used alongside reconstruction to train the encoder. We suggest the
following explanation for this behaviour: the reconstruction task teaches geomet-
ric information to the network, but not necessarily any semantic information.
Both segmentation and classification are able to provide sufficient semantic in-
formation that, when combined with the geometric information, give sufficient
capability for new tasks that require semantic and/or geometric information.
To support this we point out that training for classification and reconstruction,
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Recon. Seg. Class.

IOU ↑ mIOU ↑ Accuracy ↑

Classification w/ ONet encoder – – 0.89

Segmentation
w/ ONet encoder

– 0.48 –

Multi Task
w/ Seg & ONet encoder

0.70 0.53 0.95

Multi Task
w/ Classification & ONet encoder

0.70 0.53 0.96

Table 8. Hold-out experiments on the ShapeNetPart dataset with point-cloud input,
showing shape IOU, segmentation mIOU, and classification accuracy.

despite providing no further point specific information than reconstruction only,
still improves the point specific segmentation task by 5%. Furthermore, training
the encoder for segmentation and reconstruction, despite providing no explicit
class information, allows the network to recover the full accuracy on the later
classification task, giving a performance improvement of 6%. We note that, given
this dataset is a fairly simple and quite biased as a classification task, an im-
provement of this amount suggests noticeably degraded performance (for the
reconstruction-only encoder) on this task.

6 Conclusion

In this paper we have discussed generalising the encodings used by implicit rep-
resentations to a broader range of tasks. We discuss the current narrow focus
of implicit representations, and the potential issues this raises for applications
of implicit representations in the real world. We introduced a modified formu-
lation of the conventional segmentation task that is more applicable to implicit
contexts, and detail an appropriate network to use for this new formulation.
We show that as currently used, implicit encodings struggle to match the per-
formance of the original data they aim to replace on common computer vision
tasks, such as classification or part segmentation. We choose two common tasks
and demonstrate that through multi-task training, we can enrich the encodings,
achieving strong performance across the tasks without any loss in reconstruction
accuracy. Through hold-out experiments, we showed improved performance on
unseen tasks, when compared to single task training, without needing to retrain
the encoder.
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5.3 Conclusion

This chapter considered our work Towards Generalising Neural Implicit Represen-

tations. We suggest that our experiments identify a crucial flaw in common uses

of NIRs and demonstrate a simple approach to its mitigation.

We demonstrated that when NIRs are trained for reconstruction tasks only, the

shape encodings they learn do not provide enough semantic information for use in

later semantic tasks. However, we show that the addition of just a single semantic

task alongside reconstruction tasks during training admits encodings that recover

full performance (when compared to the relevant baseline), and even maintain this

performance when used for “unseen” semantic tasks.



6
Contextualising Implicit Representations

for Semantic Tasks

Contents
6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . 99

6.1.1 Contributions . . . . . . . . . . . . . . . . . . . . . . . . 100
6.2 Publication . . . . . . . . . . . . . . . . . . . . . . . . . . 100
6.3 Conclusion . . . . . . . . . . . . . . . . . . . . . . . . . . 113

6.1 Introduction

Whereas in the previous chapter we outlined the shortcomings of neural implicit

representations (NIRs) when trained for reconstruction tasks alone, the joint training

solution proposed is less than ideal. We demonstrated that joint training could

resolve these shortcomings, but this solution is relatively expensive and ideally, given

the shape encodings ought to contain all the information necessary for semantic

tasks, we would like to extract this information without needing to alter how

the encodings are generated. Further, given that densely labelling 3D data is

extremely expensive, having to provide dense labels for all of the training data

may be prohibitively expensive.
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To address this, we present our work Contextualising Implicit Representations

for Semantic Tasks, which removes the need for joint training when using NIRs

for semantic tasks. We achieve this using our lightweight contextualising module,

which is trained separately to the shape encoder, and extracts meaningful semantic

information hidden in the shape encodings, producing a “context” encoding that

can be combined with the original shape encoding to provide full performance in

semantic tasks. With our approach, it becomes possible to train NIRs on large

unlabelled datasets to provide superior reconstruction performance, and then apply

this learnt encoder to smaller labelled datasets without the need for potentially

costly retraining of the shape encoder.

6.1.1 Contributions

• We present our simple lightweight contextualising module that reveals the

meaningful semantic information hidden in shape encodings when they are

learnt from reconstruction tasks alone.

• Using this new module, in contrast to existing works, we are able to separate

training of reconstruction and semantic tasks.

• This separation not only allows us to avoid potentially expensive retraining of

the encoder, but importantly allows us to train on large unlabelled datasets,

to drive high quality general reconstruction, before training the lightweight

contextualising module on smaller unlabelled datasets.

• We validate both the effectiveness as well as the formulation of our method on

experiments on the ScanNet [20], 2D-3D-S [188], and SceneNN [189] datasets.
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Abstract

Prior works have demonstrated that implicit representa-
tions trained only for reconstruction tasks typically generate
encodings that are not useful for semantic tasks. In this work,
we propose a method that contextualises the encodings of
implicit representations, enabling their use in downstream
tasks (e.g. semantic segmentation), without requiring access
to the original training data or encoding network. Using
an implicit representation trained for a reconstruction task
alone, our contextualising module takes an encoding trained
for reconstruction only and reveals meaningful semantic
information that is hidden in the encodings, without compro-
mising the reconstruction performance. With our proposed
module, it becomes possible to pre-train implicit represen-
tations on larger datasets, improving their reconstruction
performance compared to training on only a smaller labelled
dataset, whilst maintaining their segmentation performance
on the labelled dataset. Importantly, our method allows
for future foundation implicit representation models to be
fine-tuned on unseen tasks, without retraining the encoder.

1. Introduction

The explosion of interest in augmented reality in recent years
has spurred a renewed search for more efficient representa-
tions of 3D data. Whilst point-clouds, meshes, and various
other representations have been proposed over the years, the
recent introduction of implicit representations like NeRF and
DeepSDF have reignited interest in the representation rather
than the processing of the data.

Opposed to “classical” representations that discretise the
underlying structure, implicit representations (IRs) learn a

continuous function over 3D space. IRs are able to represent
the structure at arbitrary resolutions, trading spatial com-
plexity for time complexity required to extract the structure
from the representation. In the most current approaches, an
encoder takes input in one or more modalities producing an
encoding that is used to condition an MLP that composes
the function. Early works, such as DeepSDF [35] and Occu-
pancy Networks [31], learned functions that separated space
into “inside” and “outside” regions, however, this ensured
that the network could only learn closed surfaces. Subse-
quently, methods were proposed that resolved this limitation
by learning an unsigned distance function (UDF), where the
surface of the object lies on the zero level set of the function.
More work followed, and improved on various aspects of
these approaches including training ambiguities [55, 59] and
extraction/rendering [59] (further discussion in Sec. 2), but
despite this, relatively little attention was given to applica-
tions of these approaches in conventional pipelines, such as
semantic segmentation or classification.

Foundation models, i.e. large pre-trained generalist net-
works and models (e.g. [16, 34]), that are trained on vast
amounts of data, allowing adaptation to a variety of down-
stream tasks, are increasingly an essential building block
in deep learning pipelines. It is not impossible that (as is
already beginning to happen [34]) foundation like IR en-
coders may not be feasible or possible for most users to
train from scratch, or even fine-tune encoding network, es-
pecially when the original training data is available (as is
increasingly less common). Given Costain and Prisacariu
[8] demonstrated that, when trained for reconstruction tasks
only, IRs learn encodings that are not necessarily meaningful
for semantic tasks. Accordingly, without the ability to train
(or fine-tune) the encoder with semantic supervision [50],
the performance on semantic tasks, using these encodings is



likely to be unsatisfactory.
To address this problem, we propose a novel method to

contextualise the encodings learnt by networks supervised
on reconstruction tasks alone, even when the original recon-
struction training data (i.e. ground truth distance function
information) is not available. Basing our experiments on the
approach of Wang et al. [50], we show the semantic limita-
tions of encodings generated by training on reconstruction
tasks alone. Then we propose our lightweight contextual-
ising module that takes the learnt encoding and produces a
small additional context encoding. This context encoding
can then be combined with the existing encoding allowing
the network to completely recover performance on the se-
mantic tasks.

By separating the geometric tasks from the semantic tasks,
our approach allows the geometric pipeline to be trained on
much cheaper to produce datasets where complete semantic
labels are not available, before our contextualising module is
applied to a smaller fully labelled dataset enabling semantic
segmentation alongside reconstruction. Rather than complex
approaches [26], our method presents a simple, but effective
and performant approach that address a major shortfall in
existing implicit representation approaches.

Our key contributions are:
• Our contextualising module which reveals hidden semantic

information contained in the feature encodings of IR.
• A novel and simple approach to train existing implicit

representations for unseen semantic tasks without access
to the original training data.
In the rest of this paper we cover: relevant existing works

in the literature Section 2, our method and contextualising
module Section 3, details of our experimental setup Sec-
tion 4, the results of our experiments Section 5, and finally
the limitations of our approach Section 6.

2. Related Work
Early IR works [2, 5, 13, 31, 32, 35, 38] focused mainly
on reconstructing single objects. Both Occupancy Net-
works [31] and IM-Net [5], learn a function mapping from
points in space to the probability that point lies within the
object to be reconstructed. Occupancy Networks further
proposed a hierarchical, octree based, extraction method
to efficiently extract the mesh. In contrast, DeepSDF [35]
learns a function mapping from space to a signed distance
function. Although they proposed an encoder-decoder struc-
ture, they also introduced an auto-decoder structure, where
the representation encoding is found by freezing decoder and
optimising the encoding/embedding. Scene Representation
Networks (SRN) [44] proposed a “Neural Renderer” module,
which maps from 3D world coordinates to a feature represen-
tation of the scene at that location. Sign Agnostic Learning
(SAL) [2] proposed to remove the need for signed ground
truth information, whilst still learning a signed distance func-

tion. Crucial to this effort is an initialisation scheme that
the initial level set was approximately a sphere of some cho-
sen radius. Gropp et al. [13] introduce the Eikonal Loss
term amongst other improvements to the loss function from
SAL [2]. These new terms encourage the representation to
develop a unit norm gradient, like a metric SDF, and acts as
a geometric regularisation over the learned function, improv-
ing smoothness and accuracy of the reconstructions. Later
methods [29] include approaches to better allow networks to
represent high frequency information [45, 46], the former of
which is vital to the performance of NeRFs [4, 30, 33].

These early works focused on single object reconstruc-
tion, with typically a single encoding or embedding per
object. This limits the scale of objects these representations
could represent, a concern later works proposed several so-
lutions to. Many works arrived at a similar solution to this
problem, using either planes [37] or grids [3, 6, 21, 37],
to improve both the scale and detail of the reconstructions.
Convolutional Occupancy Networks [37] make use of planes
or grids of features, and IF-Net [6] learns learns a hierarchy
of multi-scale features, both interpolating between these fea-
tures at queried locations to predict occupancy probabilities
and signed distance function respectively. Rather than in-
terpolating features, Deep Local Shapes [3] and Jiang et al.
[21], learn a grid of encodings, dividing scenes into small
simple geometric shapes.

All the above methods share a common trait in sepa-
rating space into inside vs. outside, however in the case
where watertight meshes are not available (as is the case
for common 3D Datasets [1, 9, 19]) training is not possible
without complicated pre-processing, or learning overly thick
walls. Chibane et al. [7] addressed this issue by learning
an UDF as well as proposing a gradient based rendering
scheme to extract the surface, a requirement given Marching
Cubes [28] cannot be applied to UDFs. Various works fol-
lowed in this vein [14, 47, 50, 55, 56, 59]. Notably, Guillard
et al. [14], Zhou et al. [59] who independently proposed an
approach to significantly improve the extraction/rendering
of UDFs, by modifying Marching Cubes to look for diverg-
ing gradients rather than zero crossings allowing its use on
UDFs.

A number of works have considered semantic tasks
alongside NeRFs [24, 49, 51, 54, 58], however far fewer
works [8, 23, 29, 50] consider semantic tasks alongside IRs.
Costain and Prisacariu [8] argued that training IRs on ge-
ometric tasks alone produce encodings that are poor for
semantic tasks. However, Luigi et al. [29] show that these
encodings still contain the semantic information, and that it
is possible to transform these encodings into a form that are
more meaningful for semantic tasks. We leverage this insight
in designing our contextualising module. Wang et al. [50],
as well as proposing a UDF based IR, train a “surface-aware”
segmentation branch alongside the UDF.



As a fundamental problem in computer vision, a vast
array of works [10, 12, 15, 17, 18, 20, 25, 27, 39–43, 48, 52,
53, 57] have tackled semantic segmentation of point clouds,
however a detailed discussion of these methods falls outside
the scope of this work.

3. Method
Implicit representations seek to learn a functional mapping,
f , from a query point, q ∈ R3, in space to the distance
from that query point to the nearest point on the surface
being represented. In this work we consider UDFs, further
constraining f : q ∈ R3 7→ R+

0 . In this work, we use
UDFs, as these are the currently preferred way to represent
non watertight scenes, however, this should not affect the
generality of the approach, and should a dataset containing
large watertight scenes be released, we expect our method
should also apply. This function is typically implemented
as a simple MLP, but to avoid overfitting the MLP to every
surface to be represented, it is often desirable to condition the
function on some global [31, 35] or local [7, 50] encoding of
shape, giving f : q ∈ R3, E ∈ Rd 7→ R+

0 , where E is some
encoding vector and d its dimension.

As the only method that performs semantic tasks along-
side learning implicit representations for large scenes, we
use the RangeUDF method proposed by Wang et al. [50] as
our baseline for our work. Their approach takes a sparse
input point-cloud P ∈ RN×3, where N is the number of
points, and uses an encoder to learn some encoded features,
Eg ∈ RN×d. These encoded features are then passed to
the decoder(s), alongside a set of query points Q ∈ RM×3

(where M is the number of query points). KNN is used to
collect the K nearest encoding vectors for each query point
q ∈ Q, which are then combined using a simple attention
module. These combined features, alongside the correspond-
ing query point, are then fed into the UDF and semantic
segmentation modules.

3.1. The Problem

A common pipeline in computer vision tasks is to take a pre-
trained model, that produces meaningful features for a given
task, and either fine-tune it, or use the generated features
as input to another module that performs some desired task.
The arc of research so far has resulted in this pre-training
often [16] taking the form of classification tasks on extremely
large datasets [11], ensuring these pre-trained models learn
features that are semantically meaningful.

On the other hand, IR methods have arisen to tackle a
different challenge: the representation of 3D shape and struc-
ture. Typically, this is in service of reducing the memory
required to represent a given scene or object at high resolu-
tions [31, 35, 37], compared to other conventional represen-
tations such as point-clouds, meshes, or voxel grids. Whilst
much of the research on implicit representations to date has

focused on the reconstruction task alone, there has been little
consideration of how IRs might be used to replace conven-
tional representations in existing pipelines, such as perform-
ing classification or segmentation, and other works [8] have
shown that encodings learnt for reconstruction alone can
provide insufficient information for semantic tasks.

When training the encodings that condition a UDF, the
desire is for the network to learn some set of encodings E
that holistically represent local structural information about
the underlying shape. Our experiments at the beginning
of Sec. 5, confirm [8] that the encodings, Eg, learnt when
training the UDF for geometric reconstruction alone, show
poor separability in semantic space (Fig. 2a). Whilst this
can obviously be addressed by training for both semantic
and reconstruction tasks jointly [8, 50], it is trivial to imag-
ine scenarios where it is extremely desirable to be able to
fine-tune on semantic tasks, without requiring either access
to the original training data (original training data may not
be publicly available), or having to potentially expensively
retrain the entire pipeline. To address this, our contextualis-
ing module allows for the effective training of segmentation
despite fixing the encoder/encodings. It also bears noting
that whilst it is possible to exhaustively render/extract each
scene from the encoding and UDF, and use this to re-create
the training data, current implicit representation methods are
far from perfect, and so taking this approach would almost
certainly compound errors (akin to repeated photocopying
of a paper document), not to mention the substantial cost of
labelling the extracted scenes. Our proposed method avoids
this entire problem, with a simple process.

3.2. Contextualising Module

The results of Zhou et al. [59] suggest that although not
necessarily in present in a separable form, the semantic infor-
mation is still present in the representation. Accordingly, we
propose our simple contextualising module, which produces
compact context features that carry substantial semantic in-
formation (Fig. 2b), that when combined with the original
encoded features, produces features useful for semantic seg-
mentation as well as reconstruction. An overview of our
method is presented in Fig. 1.

Taking the encoded features, our module uses a small
encoder-decoder UNet-like network, specifically PointTrans-
former [57], to re-capture semantic information present in
the encoding. Important to its function is the contextualising
modules ability to consider wider shape context, than either
the UDF or segmentation decoder, which has repeatedly been
shown as vital to capturing semantic information [39, 40].
This re-capturing of a wider scene context gives rise to the
naming of our module. This is achieved through the Point-
Transformer’s downsampling, interpolation, and upsampling
performed across 5 different scales (similar to [40]).

The formulation of RangeUDF [50] which predicts the
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Figure 1. Our proposed contextualising module (light grey box) allows already trained implicit representations, to be fine-tuned (training
only elements inside the dotted line) on semantic tasks without the need for the original training data. Learning a compact contextualising
vector which is concatenated with the original encoding, our module allows full semantic performance to be recovered from encoders trained
only on reconstruction tasks.
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Figure 2. t-SNE embeddings of the features of an encoding of a particular scene. The features trained for geomery tasks only, show poor
separability according to semantic label. Our proposed contextualising module produces context features that are clearly more separable,
and become even more so when combined with the existing features. Figure best viewed in colour.

semantic class, si ∈ RC where C is the number of classes,
of a given point qi ∈ Q as

si = fsem(qi|Eg) (1)

Instead, our contextualising module, fctx, takes the fixed
encoded features (trained on only the reconstruction task),
Eg ∈ RM×d, and predicts a set of context features, Ec ∈
RM×l. We then concatenate the context features with the
original encoded features to give the semantic features, Es ∈
RM×(d+l), which we feed into the segmentation module
alongside the query points, giving instead

si = fsem(qi|Eg ⊕ fctx(Eg)) = fsem(qi|Es) (2)

where ⊕ represents concatenation in the feature dimension.
Despite the simplicity of our contextualising module and

its implementation, our results demonstrate the performance
improvements it provides to the semantic task are substantial.

Our contextualising module is implemented as a substan-
tially shrunk version of the PointTransformer, reducing the
number of parameters from roughly 7.8 million to around
379,000. This is achieved through a reduction of the num-
ber of channels at each scale from [32, 64, 128, 256, 512] to
[32, 32, 64, 64, 128] and reducing the number of “blocks” at
each scale to 1.

During training, we use the L1 loss, with the same clamp-
ing as Chibane et al. [7], for supervising the reconstruction
task, and the standard cross entropy loss for the segmen-
tation task. Our method focuses on mainly on separately
training each task, in which case, our loss contains only a
single objective, avoiding the need to balance loss terms
entirely. However, in the case of the joint training base-
line, following [50] we use the uncertainty loss [22] to avoid
manually tuning loss weightings between the semantic and
reconstruction tasks.



4. Experiments

In this section, we cover details of the datasets and metrics
used in our experiments, as well as the relevant details of
our implementations and the resources used to perform our
experiments.

4.1. Datasets & Metrics

We train and evaluate our method on three datasets: Scan-
Net [9], SceneNN [19], and 2D-3D-S [1], all three of which
are captured using RGB-D cameras.

ScanNet The ScanNet dataset consists of 1613 scans of
real-world rooms. The data is split into 1201 scans for train-
ing and 312 scans for validation with a further 100 scans
held out for online benchmarks. Following Wang et al. [50],
we use the validation set for testing as ground truth anno-
tations for the test set are not publicly available. Semantic
labels are provided for 40 classes, however following other
methods [18, 27, 39, 40, 48, 50, 52], we train and test on
only the 20 class subset used in the online benchmark.

2D-3D-S The 2D-3D-S dataset consists of 6 very large-
scale indoor scans, capturing rooms, hallways and other
educational and office like environments using an RGB-D
The data is divided into a total of 271 rooms, divided into 6
“Areas” based on the scan they are contained in. Area 5 is
split into two scans without a provided registration between
them, preventing their use in the data preparation pipeline
described below. Following Wang et al. [50], we use Areas
1-4 for training and Area 6 for testing. The semantic labels
are provided for 13 classes.

SceneNN The SceneNN dataset consists of 76 indoor
scans divided into 56 scenes for training and 20 scenes for
testing [20]. Semantic labels are provided for the same 40
classes as ScanNet, where again we use the 20 class subset.

4.1.1 Data Preparation

We follow the same processing steps as Chibane et al. [7],
normalising each scene’s mesh to a unit cube, and sampling
10k surface points (for the encoder input) and 100k off sur-
face points for which we compute the distance to the closest
point on the surface.

4.1.2 Metrics

When evaluating the reconstruction tasks, we use the stan-
dard Chamfer L1 & L2 distance measures (lower is better) as
well as the F1-δ and F1-2δ score (higher is better). All CD-
L1 values are reported ×10−2 and CD-L2 values ×10−4,
and we set δ = 0.005. For the segmentation task, we use
mean Intersection-over-Union (higher is better) as well as
mean F1-δ, which is calculated by determining the per-class
F1-δ score then averaging over the classes.

Whilst we report both mF1-δ and mIOU for the semantic
tasks, we suggest that more attention should be paid to the
mF1-δ, as it better captures performance in the join task
given that the IOU metric does not consider reconstruction
performance at all. And the more extreme class imbalance
present in the smaller SceneNN dataset can lead to greater
instability and noise in this metric during evaluation.

At test time, like others [7, 50], we extract a mesh from
the implicit representation, as well as semantic labels for
100k points on the surface of that mesh. We then compute the
chamfer and F metrics against 100k points sampled directly
from the ground truth meshes.

4.2. Implementation Details

We implement our work in PyTorch [36], and perform our
experiments on 3 Nvidia RTX6000 GPUs and an Intel Xenon
Gold 6226R CPU. We use the Adam optimiser with default
parameters and a learning rate of 10−3 for all experiments,
we use a batch size of 12, and set the dimension of the context
features to 4. During training, we feed 10,240 points into
the encoder, and 50k points to the UDF and segmentation
decoder. For experiments on ScanNet, we train the model
for 500 epochs. For both 2D-3D-S and SceneNN, we train
for 1k epochs.

For the encoder network, we use the PointTrans-
former [57] network. To drastically speed up the evaluation
of our experiments, we use the surface extraction algorithm
from Zhou et al. [59] rather than Algorithm 1 from Chibane
et al. [7].

5. Results
Comparing reconstruction-only trained features with our
contextualised features We start with our experiments
confirming that the findings of [8] apply to larger implicit
representations. For our baseline, given no source code is
publicly available, we use our implementation (Sec. 4.2) of
RangeUDF [50] (the current SOTA method for joint recon-
struction and segmentation), jointly training reconstruction
alongside segmentation, as in the original paper. To confirm
the findings, we train only the encoder network and UDF on
the reconstruction task for a given dataset (2nd row Tabs. 1a
to 1c), which we refer to as "Geometric Only". Then, freez-
ing the encoder network and UDF (with these reconstruction
only features), we train the segmentation decoder on the
semantic labels of the same dataset, using the frozen encod-
ings (3rd row Tabs. 1a to 1c), which we refer to as "Frozen
Encoder". Its clear from the mIOU and mF1 scores that the
frozen encodings are insufficient for reasonable quality seg-
mentation results, with the frozen encodings giving less than
half the performance of the baseline jointly trained model in
the case of ScanNet. We also again train the segmentation
decoder on the semantic labels, but provide no geometric
supervision and do not freeze the encoder (4th row Tabs. 1a



L1 (↓) F1-δ (↑) mF1-δ (↑) mIOU (↑)
Baseline 0.321 0.861 0.662 0.724
Geometric Only 0.302 0.884 - -
Frozen Encoder 0.298 0.888 0.280 0.296
Unfrozen Encoder 0.768 0.506 0.587 0.744
Context Features 0.297 0.889 0.640 0.694

(a) ScanNet

L1 (↓) F1-δ (↑) mF1-δ (↑) mIOU (↑)
Baseline 0.859 0.603 0.604 0.692
Geometric Only 0.832 0.633 - -
Frozen Encoder 0.864 0.624 0.575 0.600
Unfrozen Encoder 1.18 0.430 0.532 0.657
Context Features 0.865 0.629 0.608 0.681

(b) SceneNN

L1 (↓) F1-δ (↑) mF1-δ (↑) mIOU (↑)
Baseline 0.364 0.819 0.695 0.727
Geometric Only 0.389 0.822 - -
Frozen Encoder 0.358 0.837 0.458 0.435
Unfrozen Encoder 0.971 0.31 0.359 0.734
Context Features 0.357 0.838 0.684 0.700

(c) 2D-3D-S

Table 1. Comparison of semantic segmentation and geometric re-
construction, on three datasets. The rows from top to bottom: joint
training baseline, geometry reconstruction supervision only, se-
mantic training on frozen encodings from geometry only, semantic
training on frozen encodings with our contextualising module.

to 1c), referred to as "Unfrozen Encoder". Whilst obviously
unfair, this experiment demonstrates that although, as you
would expect, semantic performance can be recovered, sig-
nificant reconstruction capability is forgotten in the process.

Finally, we train the segmentation decoder with the frozen
encodings combined with the context features produced by
our contextualising module (5th row Tabs. 1a to 1c), which
we refer to as "Context Features". The mIOU and mF1
scores show that our contextualising module allows nearly
full performance on the segmentation task to be recovered.

Qualitative results are shown in Fig. 3, where the mid-
dle left shows the baseline results, and middle right shows
the frozen encoder results, and the far right shows the re-
sults using the context features. Whilst bulk areas are easily
segmented with the frozen encodings, there is significant
confusion and error with smaller objects, and structurally
similar surfaces are misclassified (e.g. in the 2nd row, the
orange beam in the left corner and yellow blinds on the back
wall are entirely missed by the fixed encoding).

Cross Training & Validation One of the key advantages
of our method is that it allows for the separation of training
for reconstruction tasks and semantic tasks without compro-

L1 (↓) F1-δ (↑) mF1-δ (↑) mIOU (↑)
ScanNet Labels 0.297 0.889 0.639 0.694
SceneNN Labels 0.344 0.836 0.584 0.621
Stanford Labels 0.328 0.861 0.692 0.693

(a) ScanNet trained geometric features

L1 (↓) F1-δ (↑) mF1-δ (↑) mIOU (↑)
ScanNet Labels 0.781 0.681 0.563 0.65
SceneNN Labels 0.793 0.631 0.562 0.648
Stanford Labels 0.740 0.626 0.5578 0.679

(b) SceneNN trained geometric features

L1 (↓) F1-δ (↑) mF1-δ (↑) mIOU (↑)
ScanNet Labels 0.357 0.852 0.623 0.690
SceneNN Labels 0.379 0.806 0.611 0.648
Stanford Labels 0.357 0.838 0.684 0.700

(c) 2D-3D-S trained geometric features

L1 (↓) F1-δ (↑) mF1-δ (↑) mIOU (↑)
ScanNet Labels 0.299 0.887 0.634 0.690
SceneNN Labels 0.343 0.837 0.593 0.631
Stanford Labels 0.325 0.863 0.728 0.729

(d) Triad trained geometric features

Table 2. Cross training and validation using our contextualising
module. For each table, we use the fixed feature encodings trained
on reconstruction only for one dataset, and then train for segmena-
tion with our contextualising module on each of the datasets. Triad
represents the amalgamation of all three of the datasets.

mising on the performance of either. To evaluate this, we
cross-train fixed reconstruction-only trained feature encod-
ings (geometric only) with our contextualising module on
each of the datasets (i.e. We train for reconstruction only on
ScanNet and then for semantics on etc.).

We also train an additional set of fixed encodings on the
amalgamation of the three datasets, which we refer to as the
Triad dataset. To preserve train-test splits, the train split for
Triad is sum of the three training splits, and likewise for the
validation splits.

Our results in Tab. 2, specifically the mF1-δ score (which
best describe the joint task performance), demonstrate that
our method not only allows cross training between different
datasets for reconstruction and semantic tasks, but impor-
tantly, our results in the 2nd and 3rd rows in Tab. 2d show
that by leveraging the ability to train for reconstruction on
larger datasets and then then semantics on a different smaller
dataset, we can maintain the same semantic performance as
a jointly trained baseline, whilst improving the quality of the
reconstructions generated.

Whilst the triad dataset provides meaningful improve-
ment to the semantic results (when the geometric features
trained on the Triad are used to train the contextualising mod-



Figure 3. Qualitative comparison of segmentation and reconstruction on the ScanNet dataset. From left to right: Ground truth (semantics
and geometry), jointly trained geometry and segmentation, segmentation training on frozen encodings, and finally segmentation training on
frozen encodings using our contextualising module. The frozen encodings trained only for reconstruction seriously inhibit the network’s
performance on segmentation, misclassifying small objects, and entirely missing structurally similar classes (e.g. yellow curtain on back
wall in 2nd row.)

ule on both the SceneNN and Stanford datasets) the same
improvement is not seen for the results on ScanNet. We
suggest that this arises from the relative sizes of the datasets,
as the Triad dataset os only 30% larger than ScanNet, but is
over ×5 larger than the Stanford dataset and over ×27 larger
than SceneNN. As a result, whilst this means that a much
broader feature space may be learned on the triad dataset
compared to Stanford or SceneNN, on ScanNet this new
feature space is arguably not meaningfully larger.

5.1. Ablations

To validate our design of the contextualising module and
its compactness, we perform ablation experiments on the
structure of both our contextualising module, as well as the
context features we generate. For our ablation experiments,
we use the 2D-3D-S dataset, all parameters are kept the same
as in the above experiments except for the modifications
described below.

In our experiments (Tab. 3), we evaluate the following:

mF1-δ (↑) mF1-2δ (↑)
MLP Context Module 0.490 0.568
Shallower network (3 scales) 0.644 0.745

More blocks 0.669 0.768
More channels 0.662 0.763
More blocks & channels 0.664 0.765

l = 2 0.606 0.706
l = 1 0.566 0.662

Ours 0.664 0.763

Table 3. Results of our ablation experiments on the 2D-3D-S
dataset. For the experiments using more blocks we increase
the number of blocks from [1, 1, 1, 1, 1] to [1, 2, 3, 5, 2]. For
the experiments using more channels, we increase the number
of channels at each resolution scale from [32, 32, 64, 64, 128] to
[32, 64, 128, 256, 512]. l refers to the dimension of the context
feature.



Contextual information To confirm that information from
across the whole feature encodings for a given shape is vital
to our contextualising module, rather than individual feature
vectors, we implement our contextualising module as an
MLP first, and second as a shallower version of the Point-
Transformer normally used. Our results show that the MLP
provides little to no advantage over the raw fixed encodings,
and that whilst the shallower PointTransformer recovers
some of the performance, there is still a gap in performance
compared to the baseline. These results demonstrate the
importance of capturing contextual information across the
whole encoding in our proposed module, and that simple
re-projection of the fixed encodings is insufficient.

Compactness To show that our contextualising module is
as compact as possible whilst maintaining performance, we
evaluate the effects of increasing the size of the contextual-
ising module, either by increasing the number of blocks at
each scale, or by increasing the number of channels at each
scale, or both simultaneously. Whilst these provide very
marginal increase to performance, they both (particularly
increasing the number of blocks) substantially increase the
number of parameters in the contextualising module. We
also demonstrate that further reducing the dimension of the
context features below 4 harms the performance of the con-
textualising module. However, this specific parametrisation
applies only to the datasets we use, and may be different for
more complex or simpler datasets.

6. Limitations

Although Initial convergence of semantic segmentation per-
formance when training the context module is faster than the
joint training baseline, 90% of the performance with 17%
of the training time, full convergence is not materially faster
than the baseline. We suspect, however, this slowness arises
from the segmentation module proposed in Wang et al. [50],
as training the encoder used to generate the encoded features
on a simple segmentation task converges substantially faster.

Ultimately, the main limitation of our approach is that it
requires labelled data to train the semantic branch. However,
as our approach separates the training of the reconstruction
and semantic tasks, it is theoretically possible to extract
meshes from the decoders at a coarse scale, and then man-
ually label them to train the network for semantic tasks.
There are also a number of weaknesses that arise from the
design original RangeUDF [50], however these improve-
ments would not necessarily represent any novelty, rather
incremental improvements that would improve numerical
performance, such as replacing their scalar attention module
with vector attention or adding positional encoding [46] to
the decoders.

7. Conclusion
In this work, we propose a novel approach to training im-
plicit representations for downstream semantic tasks without
needing access to the original training data or retraining the
encoding network. We introduce our contextualising module
that reveals hidden semantic information contained in the
encodings of implicit representations trained only for geo-
metric tasks. We demonstrate our contextualising module
on the task of semantic segmentation and show that without
it, the encoded features learnt by implicit representations for
geometric tasks alone lack sufficient separability to provide
meaningful results. Finally, we show that using our module,
it becomes possible to leverage larger unlabelled datasets
to pre-train implicit representations and then fine-tune on
smaller labelled semantic datasets, achieving higher recon-
struction performance than would be possible with only the
smaller labelled datasets.
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6.3 Conclusion

In this chapter, we have presented our work Contextualising Implicit Represen-

tations for Semantic Tasks, which seeks to provide an approach to use implicit

representations for semantic tasks without having to re-train the shape encodings.

We proposed a lightweight contextualising module that extracts meaningful

semantic clues hidden in shape encodings learnt on reconstruction tasks alone,

and use this module to allow for learning of semantic tasks without the need to

retrain the shape encodings or encoder.

Our approach and design is validated by our experiments on the ScanNet [20],

2D-3D-S [188], and SceneNN [189] datasets, and further, with our experiments on

our “Triad” dataset, we demonstrate how our method can be used to train NIRs

on large unlabelled datasets to gain superior reconstruction performance, before

using our method to apply them to semantic tasks.



7
Conclusion

In each chapter where we have presented our work, we have finished with a conclusion

that summarises the key points and achievements of our work. With this final

chapter, we will again briefly cover the accomplishments of each chapter, but

focus on a broader discussion of the work including a discussion of avenues for

future exploration.

7.1 Achievements and Future Work

Non-Uniform Quantisation Schemes In Chapter 3, we proposed an approach

to automatically discovering optimal non-uniform quantisation schemes for deep

networks using using a bayesian optimization (BO) based neural architecture

search (NAS), which provides for a more sample efficient search than comparable

reinforcement learning (RL) methods. Using parametric functions to describe the

quantisation schemes, we simplify the search space, and make use of Multi-Task

Gaussian processs (GPs) to predict the performance of a given scheme, minimising

the amount of searching/exploration. Our method is able to find non-uniform

schemes that are as performant as uniform schemes whilst using less memory, and

we demonstrate this on experiments in both 2D (as is common in the literature)

as well as 3D settings.

114
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The work presented is motivated by the efficiency improvements to both memory

and energy that are possible when hardware capable of performing quantised

computations is available, and further, by observations from others that the overall

accuracy of a deep network is more dependent on some layers than on others.

Although effective, there are some limitations to our method. In comparison to

training times of common deep networks, sampling from the GP is very quick, but

on smaller networks and datasets, sampling can become the dominant time sink in

our implementation. Further, the choice about how many samples the GP should

take before predicting optimal configurations is manually set, and the number of

samples required may vary substantially between network architectures.

Turning to future work, the use of transformers [128] is increasingly popular in

both 2D and 3D settings, and most of the state-of-the-art (SOTA) methods [129;

130; 131] on common 3D tasks have exploited them. In the case of 3D tasks,

the cubic memory growth means that dense voxel grids have seen little interest,

and instead most work has focused on other representations (i.e. point-clouds and

meshes), to which transformers can readily be applied. Given that transformer

architectures typically consist of deeply stacked repetitions of the same building

block, they should be well suited for exploration using our method, provided a

suitable quantisation method can be found.

Weight Compression by Approximation With Chapter 4, we demonstrated

how through the use of functional approximations like cosine and Chebyshev series,

the values of a deep network layer’s weights can be compressed, reducing the memory

footprint. We motivated this by discussion of the importance of model memory size

to energy consumption in compute constrained environments, where quantisation

hardware is less likely to be available, and demonstrated the effectiveness of our

approach on a variety of networks, both old [29] and new [59].

The main limitation of our method is that its effectiveness is closely related to

both the “size” of the kernels in the network, as well as the distribution of learnt

parameters, i.e. it is less effective when one weight in a filter is substantially
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larger than the others (as is the case for many layers in the ConvNeXt [59]

networks we investigated).

In the method as presented, we use the same number of “harmonics” for

every filter in the kernel. One possible avenue for future work, would be to

explore the possibility of using a different number of harmonics for different

filters in the same kernel. Whilst this would substantially increase the number

of hyperparameters needed to fully tune the method, it might be possible to

automate this by formulating a cost function that trades off between the reduction

in memory, and the approximation error between the series function and the original

weights. Further, in the same vein as the above, the approximations learnt are

isotropic, however, we observed there are many kernels that contain much of their

variance along a single axis. Therefore further improvements might be found by

allowing the use of anisoropic approximations (i.e. more harmonics/resolution

along the x axis than along the y).

Generalising NIR Shape Encodings Chapter 5 covered our work on investigat-

ing the generalisation of shape encodings learnt by neural implicit representations

(NIRs). Whilst NIRs present an exciting new avenue to improving the efficiency

of deep learning piplines for 3D tasks given their superior efficiency compared to

conventional representations, we demonstrated the shortcomings of training NIRs

on reconstruction tasks alone, in that the shape encodings learnt provide insufficient

information for use in semantic tasks. Our experiments show that this shortfall

can be addressed by simple join training, and that further, these new more general

encodings contain sufficient information to be meaningful for later “unseen” tasks.

As this work was of a more investigative nature, the limitations and future

work align very closely. The work we presented in Chapter 6 addresses one of the

limitations of this work by removing the need for re-training of the encoder, but

other potential follow up works would likely include an investigation confirming the

trends in this work apply to other NIR formulations, like DeepSDF [17] and others.

Further, the inclusion of more downstream tasks might be of interest, however,
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given our understanding of the availability of datasets, tasks, and baselines, it is

not clear what these tasks might, cloud, or ought to be.

Contextualising Shape Encodings Finally, we outlined our work on contex-

tualising the shape encodings of NIRs for use in semantic tasks in Chapter 6. We

proposed a lightweight contextualising module that reveals hidden semantic informa-

tion in the encodings learnt by NIRs on reconstruction tasks alone. Combining the

compact context encoding generated with the original shape encoding, our method

is able to provide substantially superior semantic task performance than the shape

encoding alone. Additionally, using the contextualising module, our method allows

for training on large unlabelled datasets, before fine-tuning on a labelled dataset for

a given semantic tasks. This procedure admits superior reconstruction performance,

compared to training on the labelled dataset alone, without compromising semantic

task performance, whilst minimising data acquisition costs.

Ultimately, the main limitation of this work is the persistence of the need for

semantic labelled data. Future work might investigate whether similar contextualis-

ing can be achieved through the use of self supervised tasks [190], such that the

context encodings are meaningful in semantic tasks without needing labelled data.
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