CM3203: PROJECT PLAN - ONE SEMESTER INDIVIDUAL PROJECT - 40 CREDITS 1

Methods for Exploring the Search Space of
Image Dataset Augmentation Policies

Daniel Harborne School of Computer Science
Student Cardiff University

David Marshall Cardiff, UK

Supervisor

Kirill Sidorov

Moderator

1 Project Description

In the field of image classification, approaches using Deep Learning have become the stan-
dard for achieving state of the art performance [4, 14]. These algorithms “learn” how to
perform their tasks rather than being explicitly programmed and in order to be effective,
they often require large volumes of task-relevant examples in the form of labeled training
data [13]. This poses two main problems. Firstly, performing the manual labelling of train-
ing images takes the commitment of a large number of human hours. Secondly, in many
domains, rare edge cases exist which are hard to collect examples of. This ultimately means
that even when all the collected images are labelled, these edge cases still prove to cause
problems for the Deep Learning models performing the classification.

One approach to mitigate this issue is to use image augmentation [13, 18, 20] which pro-
duces “new” training images using image operations such as transformation, contrast change
and mirroring. If this process is applied to already labelled images, the new images can be
automatically labeled with the same label as the originals. Though it is widely recognized
as being beneficial, there is a lack of studies that have explored developing best practises for
image augmentation. Many state of the art developments to Deep Learning techniques have
been achieved with augmentation as part of their training pipeline but the strategy used was
developed manually through trial and error. As stated in [8], the Deep Learning training pro-
cess would benefit if the selection of effective augmentation strategies could be automated.

This is the motivation behind the recent paper from Google [2], which explicitly outlines
a possible search space of image augmentation techniques. In addition, the paper details an
algorithm for automatically trialing samples of augmentations from this space on a sub-set of
a dataset in order to find effective strategies to utilize in the final training on the full dataset.
Although, the paper itself states that the search algorithm they propose (AutoAugment) may
likely be improved upon, it already helped train models to beyond state of the art performance
on many well established image classification challenge datasets such as CIFAR10 [10] and
ImageNet [3]. Although improvements to Deep Learning model architecture and techniques
has been explored regularly within the literature [5, 6, 7, 14, 15, 16, 17, 19, 22], the gains
seen by this pursuit are shrinking [2] and so pursuit of successful augmentation strategies
appears to be a promising path for improvements.
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This project aims to contribute to this effort in two ways. Primarily, the aim is to pro-
vide a publicly available implementation of the AutoAugment algorithm proposed in [2].
Secondly, the project aims to explore possible adaptations of AutoAugment as well as alter-
native approaches in order to improve on its ability to recommend augmentation strategies.
If the search for improvement is successful, the findings will be written up as a research
paper and submitted to a suitable venue.

2 Project Aims and Objectives

This project has two aims (as outlined in 2.1 and 2.2). The first, implementing and open
sourcing an implementation of the AutoAugment algorithm, will be the focus of the project
and the main deliverable. The project will be considered a success if the requirements of the
first objective are met. However, if time allows, the second objective will be pursued. The
potential also exists to explore the second objective outside the time frame of the project in
the future.

2.1 Implementing AutoAugment Algorithm

Core Requirements:
e Accurately reproduce the strategy documented in the paper [2].

e Develop the algorithm as a toolbox which can be applied to any dataset that adheres
to some supplied minimal formatting and organizational criteria.

e Input and output signature of the toolbox allows for integration within TensorFlow'
training pipelines.

e Publish the toolbox on GitHub? as open source with necessary documentation to allow

the community to easily make use of it in future research and production applications.

2.2 Improving upon AutoAugment

Core Requirements:
e Explore possible strategies that could improve upon AutoAugment.

e For each strategy explored, produce results that conclude whether it provides an im-
provement to AutoAugment.

e If significant results are produced, write the findings up as a paper and publish to a
suitable venue.

o Briefly outline and document any unexplored strategies that have potential for improv-
ing upon AutoAugment as future work.

Uhttps://www.tensorflow.org/
Zhttps://github.com/
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3 Work Plan

In this section, the tasks to be performed during the project will be outlined with details
about what they involve. To begin, in this section, some general justification for the structure
of the work plan are outlined. In section 3.1, task specific considerations are provided .
These decisions have been developed from consideration to minimizing the risks as outlined
in section 3.2.

Due to the time constraints of the project and the nature of training deep learning models,
it’s important to structure the workload such that training of models can begin as soon as
possible and be parallelized with other tasks.

In addition, the AutoAugment algorithm includes the need for training many models, as
such some baseline timings for training a single model needs to be established so a calcula-
tion can be produced for how long running the algorithm could take once implemented.

Finally, as the implementation of AutoAugment is the priority, the work plan has been
structured to allow for a large amount of slack time for the implementation in case it runs
over estimate. If used, this comes at the cost of having to push back or abandon the objective
of publishing an improvement to the AutoAugment algorithm (as seen in the Gantt chart in
3.2.3.

3.1 Individual Work Items

1. Dataset Collection and Curation
In this stage, datasets that will be required for the project will be downloaded. In
addition, smaller subsets of some datasets will be curated for use during development.
Some datasets (ImageNet and SVHN [12]) won’t be needed until the testing of an
extension to AutoAugment or a novel approach is developed and thus these are given
a high amount of slack time.

2. Testing Computation Time with Provided Google Codebase

This stage focuses on providing a baseline time for training a single instance of the
model used in the AutoAugment paper (Wide-ResNet-28-10 [21]) across a range of
available resources. In addition, the time will be measured when training a model on a
simpler dataset (MNIST [11]). This will allow for suitable contingencies to be put in
place if the training time for CIFAR10 on the computational resources available looks
to be too long that using CIFARI10 creates the risk of not completing the project in
time.

3. Implement AutoAugment
Notably, for the actual task of implementing AutoAugment, time has been allocated
to allow for the knowledge acquisition needed to implement the AutoAugment algo-
rithm. It is also worth noting that implementation is currently scheduled to first take
place using the MNIST dataset which will allow for quicker model training during
development. After the implementation is complete, the results can be generated for
CIFAR10 (which can run in parallel to other tasks).
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4. Improve on AutoAugment

For this task, a number of possible augmentation policy selection strategies are out-
lined with time allocated to explore them and generate results. Systematic search has
been targeted first because the algorithm to perform a systematic search should be
simple to develop but will take a long time to run. As such, starting the results gener-
ation as soon as possible allows for other techniques to be explored in parallel. Two
approaches that build directly from AutoAugment have been allocated time to explore
as these shouldn’t be too time consuming to produce once the implementation of the
original AutoAugment is in place. Genetic algorithms is listed within this task but not
currently allocated time. Whilst it does seem like a strategy with potential (as stated
by [2]) it seems like the strategy from the list that will be the most time consuming to
implement and as such, poses the highest risk to explore. It is still listed as an option
as it could become viable if the time estimated to make progress on other tasks has
been overestimated.

. Write Up

This task represents two sub tasks of writing up the work performed. Firstly, if results
from novel strategies have shown to be significant, a paper can be written up within
the project. Completing the paper within the project’s time frame gives the benefit
of being a strong outcome of the project and also allows for the paper to be targeted
towards BMVC 2019 a very suitable venue for such a paper. It is worth noting that
this paper could also be undertaken outside the scope of the project in the future. In
which case, this time can be used to provide slack time for previous tasks. Finally,
the project must be written up and submitted by 10th May and suitable time has been
allocated to write drafts and final versions of the project report.
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3.2 Risk Analysis
3.2.1 Risk Table

Risk Likelihood| Impact to Minimize Risk
Computation power is nsuffient or the aigorithm s too - Early assessment of computational time (Task 1and 2)
complex such that the aims of the project aren't achievable - Plan in place to first implement the algorithm using smaller , less complex dataset (Task 3.2).
in allocated time frame. (The iikelihood and impact are both | High Large |- Prioritizing a deliverable implementation first, innovation second (Task 3 vs Task 4). This greatly reduces the level of this type of risk
HighiLarge only when considering all objectives, which (from High to Low - As seen in Risk 3).
include multple attempts at innovating upon AutoAugment.) ing innovations in an order that prioritizes the ones easiest to explore as the project code base develops (Task 4).
(Current knowledge required (TensorFlow, Reinforcement g the background reading and implementation requiring unfamiliar concepts early in order to leave time to react to any
Learning) andor the time it takes to achieve the true level | Low | Moderate . !
of knowtadge recuired s underestimated, underestimate in the time required. (Task 3.1 and 3.2).
Project fais to produce an output that can be submitted.
For example, if work focuses on innovation only and the Low Large |- AS With Risk 1, focus is to be placed on an implementation of AutoAugment using a less complex and sizeable dataset in order to
end resus is purely a non-functional code base with no 88 | minimize the time to a working solution.
contribution.
- Literature review will be periodically carried out to identify new innovations.
- The primary objective of the project is to focus on an implementation of AutoAugment which wil stll maintain value even with
notable innovations being published.
New publications supersedes the work being pursued Lo Modrate
P P als il - The scenario of a paper being published that supersedes AutoAugment in every metric and that publishes it's code as a useable tool
box would damage the usefulness of the project. This scenario i difficult to avoid and it's likelihood is somewhat reduced by the short
timescale of the project.
- Google have published a codebase for their paper already which does not include the AutoAugment algorithm . This makes it less
e AutoAugmOnt codeb oased pubict likely that they will release the full code for the algorithm itself.
e, eIt codehese,'s reasec PUDGY. EMOVING| ), Large |- Google have also published blog posts about the work which also seems like an opportune time to publish the code for the algorithm
the need to re-implement the algorithm from the paper. ,
itself (which did not happen).
- Like Risk 4, it is difficult to fully mitigate this risk but the short timescale of the project does help.
:_""-’ P“"‘:":‘Q_ ’9_5“"56;31 "E:‘:' n. “‘s :‘E’P’:ac" s oward - Results will be generated as early as possible to allow for close inspection and review before looking to write them up.
e Ivalca them. 1 s Rappets 10Wad® | Medium | Moderate |- Careful checking of the code, including test cases where appropriate can be used to ensure that the code is behaving as expected and
the end of the project then there may not be suffcient time Sy .
to resolve the flaw and reproduce resuts. the results generated are accurate.
- The paper has been peer reviewed and as such has already been through a scrutiny process.
The paper the project is based on (or an aspect of ) is - mall | Inthe scenario that a flaw i discovered, i likely wor' completely nvalidate the produced AutoAugment implementation and it may
d

shown to be flawed.

need small modifications. Depending on the time remaining when this happened, the modifications could be carried out during the
project or outlined as future work.

Figure 1: Risks table showing notable project risks that should be considered and mitigated

against.

3.2.2 Risk Matrix

Scale of Impact

Moderate

(3), (5)

(2),(4)

™

Figure 2: Risks matrix[9] for assessing overall risk of project.
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3.2.3 Gantt Chart

04/02 |

29/04 |

10/05 |

Start | End | Slack Wl w2 W3 W4 W5 W6 W7 W8 W9 W10 Wil EASTER w12 EXAM PERIOD
ID Task Date | Date | Date | 28/01j04/02 11/02 18/02 25/02 04/03 11/03 18/03 25/03 01/04 08/04 15/04 22/04]29/04 06/05§13/05 20/05 27/05 03/06 10/06!
1 Dataset Collection and Curation 28-Jan | 10-Feb |25-Mar
1.1 Download Datasets 28-Jan | 10-Feb |25-Mar
111 MNIST 28-Jan | 03-Feb
1.1.2 CIFAR-10 28-Jan | 03-Feb
1.1.3 ImageNet 28-Jan | 10-Feb | 25-Mar
1.1.4 SVHN 28-Jan | 10-Feb | 25-Mar
1.2 Curate and Reduce Datasets to Workable Size 28-Jan | 10-Feb |25-Mar
1.2.1 MNIST 28-Jan | 03-Feb
122 CIFAR-10 28-Jan | 03-Feb
1.2.3 "CIFAR-10 Reduced" (from paper) 28-Jan | 10-Feb | 25-Mar
2 Testing Computation Time with Provided Google Code Base 28-Jan | 10-Feb
2.1 Tests on Local Machine 28-Jan | 03-Feb
2.1.1 Train model using reduced CIFAR10 28-Jan | 03-Feb
2.1.2 Tran model using full CIFAR10 28-Jan | 03-Feb
2.2 Tests on Cloud Computing 28-Jan | 03-Feb
2.2.1 Train model using reduced CIFAR10 28-Jan | 03-Feb
2.2.2] Tran model using full CIFAR10 28-Jan | 03-Feb
2.3 Test on Local Machine Using MINIST 28-Jan | 10-Feb
2 .3.1 Adapt codebase to use different dataset 28-Jan | 10-Feb
2.3.2 Train model using reduced MNIST 28-Jan | 10-Feb
2 .3.3 Train model using full MNIST 28-Jan | 10-Feb
3 Implement AutoAugment 04-Feb | 10-Mar | 07-Apr
3.1 Reinforcement Learning Knowledge Gathering 04-Feb | 10-Feb
3.2 AutoAugment Using Reduced MNIST 04-Feb | 24-Feb | 07-Apr
32.1 Implementation 04-Feb | 17-Feb | 07-Apr
3.2.2 Generate Results 18-Feb | 24-Feb | 07-Apr
33 AutoAugment Using Reduced CIFAR10
3.3.1 Generate Results 25-Feb | 10-Mar | 07-Apr
4 Improve On AutoAugment 25-Feb | 31-Mar
4.1 Systematic Search 25-Feb | 10-Mar
4.1.1] Implementation 25-Feb | 10-Mar
4.1.2] Results Generation 11-Mar| 31-Mar
4.2 A.A. on a further reduced dataset 11-Mar| 24-Mar
43 Consecutive A.A. 25-Mar | 31-Mar
4.4 Genetic Algorithm - -
5 Write Up 01-Apr | 10-May
5.1 Paper Submission 01-Apr | 15-Apr
5.1.1] Paper Draft 01-Apr | 14-Apr
5.1.2] Paper Final 15-Apr | 15-Apr
5.2 Project Submission 15-Apr | 10-May
5.2.1 Project Draft 15-Apr | 05-May
5.2 .2 Project Final 06-May| 10-May
f Project Plan Dea BMVC Call Deadline  Project Dea
Milestones

Figure 3: Gantt chart [1] showing tasks (left), the time allocated for them (blue bars), their slack (grey bars) and milestones (red lines).
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