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Abstract

Deep learning technologies have demonstrated immense capabilities in numerous domains.

In the current landscape, deep learning technologies play a key role in the success of modern busi-

nesses. However, adoption of deep learning technologies has a substantial amount of untouched

potential. The cost of developing custom deep learning solutions for unique business problems

is a major inhibitor to far-reaching adoption of deep learning technologies. We recognize that the

monolithic nature prevalent in today’s deep learning applications stands in the way of efficient

and cost effective customized deep learning solution development. Taking a modular approach

for deep learning solution development can yield a number of advantages that ultimately helps

to make deep learning solutions more accessible and widespread.

This dissertation explores the benefits and trade-offs of developing deep learning solutions

taking a modular approach as opposed to taking widespread monolithic approaches while address-

ing key challenges of modular deep learning solution development. Towards this end, we conduct



experiments by implementing modular and monolithic solutions for representative deep learning

problems and evaluate them in terms of accuracy, latency, reusability and maintainability. Our

experiments show that modular solutions can be comparable to monolithic solutions in terms of

accuracy while offering much desired benefits of modular solutions. However, the modular solu-

tions often show higher latency compared to monolithic solutions. In our experiments, we show

that this challenge can be mitigated by utilizing a black-box knowledge distillation approach. Fur-

thermore, we propose a knowledge graph-based machine learning service description framework

that further augment the benefits of modular machine learning solutions primarily by enhancing

reusability and composability of existing machine learning modules. Finally, we propose a novel

approach to develop supervised deep learning models in a modular manner enabling a number

of solution engineering advantages that includes module reusability, module updates and replace-

ment, transparency, debuggability and domain expert intervention for performance optimization

while maintaining comparable accuracy and efficiency characteristics to the baseline models.

Index words: Machine Learning, Modularity, Machine Learning Solution Engineering,

Machine Learning Systems
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Chapter 1

Introduction1

Machine learning (ML) has gained significant attention over the past years and ML technologies

have become a part of many organizational workflows and day to day tasks of individuals. Big tech

companies and academic entities are taking the lead in developing cutting edge ML technologies

that push the boundaries of what ML can accomplish. Cutting edge computer vision and language

modeling technologies provide a good example for this.

Beyond the heightened attention, existing applications and large scale organization and aca-

demic driven developments, there is a significant amount of untouched potential to ML. We

believe that this potential lies in ground level application domains that are usually away from

the mainstream attention. Consider the organizations that operate in non-tech focused business

domains. These can include educational and research institutes, healthcare facilities, transporta-

tion units and government organizations. These organizations have a number of workflows that

can be improved using ML technologies. Depending on the scale, these organizations are more
1Parts of this chapter appears in Menik and Ramaswamy, 2023
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likely to have a traditional information technology and software engineering staff to fulfill the tech

requirements. However, these organizations may not have the budgets, resources and expertise

to focus on producing custom ML solutions for their workflows.

Making cutting edge technologies accessible to a wider range of organizations and different

organizational levels and individuals that operate in a wide range of domains is one of the ma-

jor challenges that ML as a field face today. Enabling wide scale adoption of ML technologies

has the potential of achieving the next level of business process optimizations, service quality

improvements and user experiences. As an example, today’s high level decision makers of large

organizations already use machine learning technologies intensively in their decision making pro-

cesses. However, it raises the question that how much of these technologies are practical and

cost efficient to be implemented for the use of lower levels of the organizational hierarchy. As

another more concrete example, a large scale organization may implement a cutting edge ma-

chine learning solution to filter resumes in their hiring process. However, it is not practical for a

much smaller scale organization to access such technologies to implement a similar system that

matches their own bespoke business requirements. Recurring motif here is that, when making

machine learning technologies more accessible, 1/ cutting edge technologies should be accessible

to a wider audience through means that are easy to grasp 2/ it should be possible to implement

customized machine learning solutions that match business requirements at a lower cost. We

believe that further improving software engineering practices in machine learning solution devel-

opment, especially focusing on deep learning approaches, is an effective starting point to address

the aforementioned challenges.
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Today’s prevalent deep learning solutions are monolithic. These solutions are mostly large

black boxes that produce the right answer to a given problem when fed with a large amount of

relevant data. Major influence for this trend is coming from end to end deep learning technologies.

Unlike traditional ML methods that involve time consuming and labor intensive feature engineer-

ing steps, end to end machine learning attempts use a larger single model that aims to learn all

intermediate steps required to solve the problem at hand without needing much hand engineering

during the learning process. This is usually achieved by employing large parameterized models

that can take advantage of large amounts of training data. This way of developing ML solutions

significantly cut down the human effort needed to implement ML solutions that produce impres-

sive results for a variety of ML problems. However, this approach of developing ML solutions

has a set of key disadvantages as well. They became especially apparent when developing ML

solutions outside of cutting edge tech focused organizations.

Monolithic ML 

Model

ML
Module

ML
Module

ML
Module

ML
Module

ML
Module

ML
Module

ML
Module

ML
Module

ML
Module

ML
Module

ML
Module

ML
Module

ML
Module

ML
Module

ML
Module

Developing solutions using ML Modules
from an eco-system

≈

Developing end to end
monolithic models

Figure 1.1: Visualization of monolithic ML solution development in comparison to modular ML
solution development in an echo-system. In the modular solution development paradigm, ML
modules are reused to develop different solutions by different users enabling enhanced accessibility
to technologies.
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One of the key limitations of prevalent end to end machine learning solutions is the lack of

modularity. This results in a number of other critical engineering challenges. Usually one mono-

lithic solution is only applicable to one specific problem. With that combined with the inability to

break down the solution into semantically meaningful and more generally applicable submodules,

the effort that went into a monolithic system can not be easily reused in other contexts. Also, it is

not possible to replace parts of the system as new technologies are introduced with improved per-

formance characteristics. Further, the solutions usually have to rely on datasets that are specifically

focused on the problem at hand.

Traditionally engineering practices encourage modular solutions to overcome the aforemen-

tioned challenges and develop more maintainable and cost efficient solutions. We believe that

encouraging modularity in deep learning solutions can bring a number of advantages to deep

learning solution development that other more traditional engineering domains already experi-

ence. Fig. 1.1 shows a visual representation of monolithic ML solution development in comparison

to modular ML solution development.

As an initial step towards promoting software engineering practices by focusing on modular-

ity, we explore the cost benefit trade-offs of solving machine learning problems in a multi stage

modular way in comparison to solving them with a conventional monolithic deep learning so-

lution. We perform this analysis by implementing deep learning solutions in two ways for three

representative problems. For each problem, one solution is developed taking a monolithic ap-

proach. The other solution is developed taking a modular approach. Then, we evaluate the two

approaches quantitatively and qualitatively to analyze the trade-offs of each approach and address

key challenges. Next we focus on addressing the challenge of publishing, discovering, reusing and
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composing machine learning modules by introducing a framework for describing machine learn-

ing modules using knowledge graphs that can be used as a key component of machine learning

as a service paradigm. Finally, we propose a new approach for enabling modularity in supervised

deep learning solutions that enable benefits of modularity that we explored throughout this work

and experimentally study the capabilities of the proposed approach.

1.1 Challenges of Modular Deep Learning

Modularizing deep learning models offers significant benefits in terms of solution engineering.

However, there are several key challenges associated with modular deep learning. In a modular

deep learning system, the modules play a key role in the solution. Because of that it is crucial for a

modular deep learning system to have a rich ecosystem of modules as depicted in fig. 1.1. In such

an ecosystem, modular deep learning systems should have a way of module discovery, reuse and

composition. These capabilities depend on having a robust module description framework that is

capable of specifying important aspects of deep learning modules. Further, modular deep learning

solutions should have comparable performance characteristics to the conventional monolithic

deep learning solutions while delivering the benefits of modularity. This is challenging since mod-

ularity is another constraint on the solution design that limits solution design space. The effect of

this limitation should be addressed by studying the trade-offs between modular and monolithic

deep learning solutions and offering solutions to mitigate potential downsides of modular deep

learning. In addition to that, transparency and maintainability are two major expectations of mod-

ular deep learning solutions. In order to facilitate this, it is important for modular deep learning
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solutions to incorporate high level semantic meaning to the modular substructure of the solution.

With that, the modular deep learning solutions should provision enhanced troubleshooting and

module maintenance at the level of individual modules while ensuring the overall performance

characteristics of the solutions.

1.2 Research Objectives and Contributions

The principal objective of this dissertation is to explore the capacity of modularity to address

solution engineering challenges that arise in the development of deep learning solutions. Further,

this dissertation aims to address the primary challenges that were previously mentioned regarding

employing modularity in deep learning solution development. Towards this end this dissertation

presents the following key contributions.

• Highlighting the need for modularity in deep learning by drawing attention to the advan-

tages of modularity in deep learning solution development compared to conventional deep

learning approaches.

• Highlighting the broader impact of modular deep learning solutions by emphasizing the

role of modularity for the accessibility and wide scale adoption of the technology.

• Conducting empirical studies to analyze the trade-offs of modular deep learning solution

development compared to conventional monolithic deep learning solution development.
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• Identifying high-level semantic meaning, module discovery, composition and performance

overhead as key challenges of modular deep learning through experimental analysis using

case studies.

• Proposing a framework to describe machine learning modules using knowledge graphs to

improve publishing, discovery, reusability and composition enabling high level semantics

for existing machine learning modules.

• Proposing a novel approach to develop modular deep learning solutions for supervised

machine learning problems using soft-switches to enable high level semantic meaning for

the components used in the deep learning model, enable reusability and composition and

enhance transparency and maintainability.

• Conducting empirical studies on the proposed modular deep learning model development

approach with benchmark datasets and analyzing the effectiveness of the approach.

1.3 Dissertation Organization

The rest of the dissertation is divided into the following chapters. Chapter 2 presents relevant

background material and related work. Chapter 3 focuses on benefits and trade-offs of modu-

lar deep learning solutions. In this chapter we identify the major latency drawback of modular

solutions and address them using black box knowledge distillation. In chapter 4 we propose a

knowledge graph based machine learning solutions description framework that enhances pub-

lishing, discovery, reuse and composition of machine learning services as a main component of

machine learning as a service paradigm. Chapter 5 presents a modular deep learning architecture
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that uses a soft switch to enable semantic modularity in supervised machine learning problems.

The dissertation concludes in chapter 6 with a summary of the dissertation and directions for

future work.
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Chapter 2

Background and Related Work1

This chapter aims to set the context for modular deep learning solution engineering by providing

background information. It explores the concepts of modular deep learning and deep learning

model development while focusing on reusability and composability of deep learning modules.

Additionally, the chapter provides an overview of existing work in this field. This chapter provides

a foundation for the forthcoming chapters that discusses the proposed approaches on modular

deep learning solution engineering.

2.1 Software Systems Engineering

The concept of modularity takes center stage in software engineering and it spans from conven-

tional software solutions that sit on a local machine to distributed web services and relatively

newer evolutions of them such as microservices architectures. Early work such as Parnas, 1979

promoted the discussions of modularity in software programs and introduced practices that en-
1Parts of this chapter appears in Menik and Ramaswamy, 2021, 2023
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hance software engineering in general. Beyond such literature, a large portion of engineering

practices around modularity in software engineering come from trial and error driven hands-on

experience developing systems in the industry and academia over the years. In the context of

web services, service oriented architectures (SOA) Papazoglou and Van Den Heuvel, 2007 have

emerged as a form of high level modularity. In this paradigm, large scale software systems are

organized into services where individual services can be independently developed, deployed and

consumed. This paradigm promotes reusability and composition at an industry scale. The mi-

croservices architectures Jamshidi et al., 2018 can be seen as a more fine grained version of service

oriented architectures. Microservices architecture promotes further breaking down large soft-

ware systems into smaller more manageable components that can be independently developed,

deployed and scaled as needed. With the success and large-scale adoption of these paradigms, a

number of other major concerns such as interoperability, service discovery, composition definition

and deployment concerns and effective solutions for them have emerged over time. The concerns

and solutions around these paradigms are conceptually valid for machine learning solutions at

a high level. However, the concrete ways to effectively apply them and the effectiveness of such

applications in the context of machine learning, especially deep learning, needs further research.

2.2 Modular Deep Learning

Current prominent deep learning approaches are monolithic. They are black boxes with no se-

mantically meaningful substructure. The substructure that these models have are too low level

to associate any high level meaning. Consider widely adopted computer vision deep learning ar-
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chitectures such as ResNet He et al., 2016, DenseNet Huang et al., 2017 or U-Net Ronneberger

et al., 2015. These models are composed of low level primitives such as convolutions, pooling

units, linear units, activation functions etc. Beyond that these architectures also have repeating

structures that run from input to the output. However, it is difficult to point out to different

parts of the model and point out what high level function that part is responsible for. Same applies

to recent transformer architectures Devlin et al., 2018; Touvron et al., 2021; Vaswani et al., 2017;

Yang et al., 2019. Regardless of this general lack of modularity there are several lines of existing

work that introduces modularity and substructure to deep learning models.

There have been attempts to break pre-trained neural networks into a set of modules based

on the learned weights. Ultimate goal of this is to find semantic modules within a learned neural

network. Csordas et. al. Csordás et al., 2021 have attempted to do this by learning weight masks

to identify subnetworks for target tasks. They were able to find some specialized subnetworks

in trained neural networks with some other interesting insights. However, to the best of our

knowledge, these works have so far not been able to find strong semantically meaningful modules

within learned monolithic neural networks that can be reused in other contexts.

Ensemble learning methods Sagi and Rokach, 2018 has a sense of modularity. An ensemble

model is not a single monolithic unit. Ensemble methods like bagging, stacking and boosting

combine several machine learning models to create a more robust single solution. In these meth-

ods each model in the ensemble will be specialized in one aspect of the whole problem. These

specialized parts together create a better final solution to the overall machine learning problem.

However, the modules in ensemble models are usually not reusable in other systems since they

are specialized to a given specific ensemble that solves one problem. Another line of work that
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attempts to incorporate modularity in deep learning is routing networks Cases et al., 2019. Mod-

ular question answering approach proposed by Jacobs Andreas et al., 2016 is another example for

similar work. This line of work mainly tries to learn a set of modules and a controller to compose

these modules to solve problems. This learning process is usually done in an end to end fashion.

Even though these approaches have shown good performance in the problems that the model was

trained to, the modules have not shown to be much useful outside of the problem in concern.

Therefore, routing networks, in their current state, are not yet capable of addressing the problems

that we discussed earlier.

Transfer learning techniques Zhuang et al., 2020 allow machine learning model developers

to train customized solutions with less amount of training data by fine tuning an already existing

machine learning model that is usually pre-trained with a large dataset. Transfer learning has

shown to be very effective when an already existing model is similar to the target task. There are

few downsides to transfer learning approaches. First, the model developers usually have to be

knowledgeable about the pre-existing model internals in order to be able to modify it to match

the target machine learning problem. The modified model has to be retrained with new training

data that better represent the new machine learning problem. This is different from traditional

software engineering modules that attempt to expose a clean interface to the users by hiding the

module internals. When it comes to making machine learning technologies more accessible to a

wider audience, transfer learning techniques should be further improved to enable a more ready

to use modularity that minimizes the chances of developers having to work with the internals of

complex network architecture.
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2.3 Deep Learning Model Engineering

The most fundamental form of developing deep learning models is to start with primitive deep

learning operators and develop an architecture from the scratch to process the desired input

and produce a representation of the desired output. Then the model has to be trained with an

appropriate dataset with a suitable loss function and an optimization algorithm. However, this

way of developing a deep learning model is very complex and costly in terms of time and other

resources since there is a very large number of decisions to be made to develop a successful model

this way. These decisions range from selecting the right primitives and combining them in the

right way to selecting suitable loss functions and optimization algorithms to selecting proper

hyper parameters. Some of this burden can be eased by using one of many APIs and libraries like

Keras Chollet et al., 2015 and Mllib Meng et al., 2016 for developing deep learning models with

implementations for a large number of primitive operators. These APIs and libraries provide

high level abstractions for primitives and provide various integration capabilities. However, these

libraries do not address the concern of semantically meaningful substructure of resulting models.

Beyond this there are several other prominent resources and approaches that can be used to develop

deep learning models.

ML model and dataset repositories such as OpenML Vanschoren et al., 2013 and Google

AI Hub “AI Hub | Google Cloud”, 2020 and related search engines attempt to promote reusing

existing ML models and datasets. However, many of these solutions are limited by simple keyword

based search mechanisms and lack of descriptions about the models and datasets.
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Cloud based ML platforms like Google AI Platform “AI Platform | Google Cloud”, 2020

eliminates a considerable amount of systems related concerns from the users. But these solutions

have not adequately eliminated ML related complexities from the users. On the other hand, ready

to use web based ML services are not sufficiently flexible to be used in many real world use cases.

ML model specification approaches such as ONNX Bai et al., 2019 and ML-Schema Publio et

al., 2018 focuses on promoting reusability and composability of ML models by describing various

aspects of ML models. However, these solutions are overly complex or do not cover all major

aspects that are discussed in this paper. Several works in model selection and meta learning Nural

et al., 2017; Vanschoren, 2018 also attempt to describe ML models. But these solutions are more

focused on the model selection aspects rather than model description. Another limitation in some

of the previous work is that they are more focused on the low level features of the models and

data sets Vanschoren, 2018. They do not emphasize high level semantic information regarding the

models that are important for domain experts. Further, some of these works are dated and they

have not accounted for the advances in deep learning.

Several industrial solutions have used simple and less formal machine learning module descrip-

tion methods. Google AI Hub “AI Hub | Google Cloud”, 2021 and similar industrial solutions

use simple sets of key values to describe modules. These descriptions expose some level of module

semantics. Commonly used keys include category that describes the type of the module ie: Ten-

sorFlow module etc., publisher, input data type, machine learning techniques that have values to

describe the machine learning techniques used in the module ie: convolutional neural networks,

transfer learning, embeddings, etc. This key value information is used for searching and infor-

mation providing purposes. In addition to the key value information they also provide a textual
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description of the important information such as an overview and a brief guidance on how to use

the module. The advantage of using simple key values is that they are easy to be added to machine

learning modules at scale. Further, the systems that are required to process the key values as an

example for searching are also less complex.

Authors of AIMMX Tsay et al., 2020 argue that development of artificial intelligence solu-

tions is currently a fairly ad-hoc process even though most of the developments are done using

general software engineering tools. The authors point out that the lack of information about

machine learning components is hindering getting insights into the state of the art artificial intel-

ligence developments in order to solve the aforementioned issue. With this argument, Tsay et al.

introduces AIMMX Tsay et al., 2020 a tool that can be used to automatically extract metadata

from machine learning software repositories. As a part of this solution authors have extracted a

large number of machine learning related software repositories through sources like Model Zoos,

arXive papers and state of the art papers. Then, the software repositories are processed to extract

model meta data such as the name, references, associated datasets, machine learning frameworks,

the associated domain of the machine learning model and other information. Later the authors

have produced human readable and machine processable metadata for the machine learning mod-

els in the repositories. Further, the authors have shown some of the use cases of the extracted

metadata. Metadata that was extracted by AIMMX contains semantic information about models.

In addition to that since the extraction is automatic the process can be performed at scale to cover

a large number of machine learning components. However, the metadata extracted by AIMMX

is not sufficient to improve discoverability and reusability of existing machine learning models.
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When it comes to complex machine learning models used in difficult problem domains, man-

ual architecture design and hyper-parameter tuning is becoming increasingly infeasible. Recent

developments in automated machine learning (AutoML) attempts to solve this challenge by au-

tomating the development of ML models by automatically generating neural architectures and

tuning hyper-parameters with the objective of achieving optimal performance for a given problem.

AutoML addresses neural architecture search and hyper parameter tuning problems by taking a

systematic search approach. AutoML uses approaches like grid search Bergstra and Bengio, 2012;

Komer et al., 2014; Lin and Zhang, 2013, randomized search L. Li and Talwalkar, 2020; L. Li

et al., 2017, bayesian optimization, gradient descent methods Liu et al., 2018; Maclaurin et al.,

2015, reinforcement learning methods Wu et al., 2016; Zoph and Le, 2017, evolutionary meth-

ods Stanley and Miikkulainen, 2002; Suganuma et al., 2018; Xie and Yuille, 2017 to perform the

search and optimize the model architecture and the hyper parameters. These autoML approaches

have shown to produce very successful outcomes over the years. However, these techniques are

often very resource intensive and costly to be employed in domain applications. Further these

solutions do not provide a clear path towards deep learning models with semantically meaningful

substructure.

2.3.1 Machine Learning Component Discovery

Discoverability is a key enabler of reuse of existing components when developing deep learning

models. Web service discovery is a close relative to machine learning service discovery. In the web

services domain, services are described, discovered and accessed using technologies and associated

open standards like XML, WSDL, UDDI, SOAP, REST, and HTTP. These technologies and
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standards are widely used in real world settings. There are many instances that machine learning

services are implemented and served behind aforementioned web service infrastructures. Azure

cognitive services Machiraju and Modi, 2018 is a widely used industrial example for a set of ready

to use machine learning inference services behind a web service infrastructure. These types of ma-

chine learning services are easy to use and harness the benefits of traditional web services including

discoverability. These services can be published in web service registries as traditional web services

and can be discovered by the consumers. However, one major disadvantage of these services is

that there are only a limited number of such services available for a set of common machine learn-

ing problems such as basic language, vision and speech tasks. It is not realistic to expect service

providers to have services for all possible requirements of different users. Therefore, these services

fail to effectively serve custom machine learning solution needs of domain experts.

Another popular method that is ready to use machine learning solutions are available in repos-

itories with search capabilities. OpenML Vanschoren et al., 2013 is an open platform that enables

sharing machine learning models, pipelines and datasets. Open ML contains a number of machine

learning models associated with datasets and their performance results. This makes it possible for

practitioners to compare models and reuse the ones that fit the needs. Open ML has integrations

for popular machine learning frameworks to make sharing and reuse seamless. Google AI Hub

“AI Hub | Google Cloud”, 2021 is a commercial repository that contains machine learning mod-

els that are trained and untrained. These machine learning models can be used by loading the

models into projects as they are or by retraining. ModelZoo “Model Zoo - Deep learning code

and pretrained models for transfer learning, educational purposes, and more”, 2020, ModelDB

Vartak et al., 2016 and DLHub Chard et al., 2019 are similar machine learning model reposito-
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ries that provide a central hub to discover existing machine learning models for various projects.

Most of these repositories do not have comprehensive descriptions of machine learning models

making reusing difficult. Further, since these models are available as raw modules that are specific

to certain machine learning frameworks there are several prerequisites including the expertise in

the required technology that limits reusability. These concerns add additional constraints to the

discovery process limiting the usability that are not existent in traditional web service discovery.

Most of the machine learning model repositories have simple textual search mechanisms. These

do not support performing effective advanced searches to locate specific machine learning models

for use cases in different domains.

Most of the popular machine learning frameworks are bundled with a set of commonly used

machine learning models and datasets. As an example Keras Chollet et al., 2015 provides a set of

popular machine learning models readily usable within the framework. It has a number of models

such as NASNetLarge and InceptionResNetV2 with and without training parameters. With the

models corresponding datasets are also often available. These frameworks enable a type of model

discoverability in machine learning projects. Some machine learning frameworks have automatic

model selection capabilities. As an example the Scikit-Learn Pedregosa et al., 2011 provides tools

that support model selection such as cross validation and various configuration search methods.

These tools can be utilized along with available existing models to find the best performing model

for the problem at hand. Even though these solutions are very effective in practice, they need

technical expertise in machine learning that many domain experts do not have. Further, the

number of existing models that are available in machine learning frameworks are very limited.
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There are attempts of crawling existing machine learning component repositories and extract-

ing meta information out of the components to create catalogs of machine learning components

to enable discoverability and reuse. These tools have the capability of scanning multiple sources

from different component providers. Further, these solutions have the capacity of indexing a large

number of machine learning models at scale. AIMMX Tsay et al., 2020 is an implementation of

this approach. AIMMX has a web application view similar to Google AI hub “AI Hub | Google

Cloud”, 2021 to search and explore existing machine learning models crawled by the tool. One

limitation of these tools lie in the metadata extractors. There is a number of important metadata

information that is hard to extract from component repositories without explicit information.

The lack of information in extracted models limits the effectiveness of the approach in discovery

and reusability of existing machine learning models.
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Chapter 3

Modular Machine Learning

Solution Development:

Benefits and Trade-offs1

3.1 Modularity in Machine Learning

Modularity is a familiar approach when solving complex problems in many domains. It simplifies

the problem solving process by breaking down a complex problem into more manageable subparts.

After breaking the problem into subproblems the subproblems can be solved independently. This

process brings a number of advantages to the solution engineering process. The goal of making

ML solutions modular is to enable these advantages to ML solution engineering.
1Major parts of this chapter appears in Menik and Ramaswamy, 2023
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Combinatorial generalization is one of the main advantages of modular ML models. In

general an ML model that is trained for a specific problem is only useful for that specific problem.

Therefore the monolithic models that can not be broken down into submodules are not usable

outside of the problem that it intends to solve. On the other hand modular ML models are

composed of more than one ML model that each model solves a sub problem of the original

problem. This allows parts of the modular ML models to be reused in different contexts beyond

the original problem. This enables mixing and matching modules to create new unique models to

solve different problems. This helps to minimize the chances of having to start from the scratch

when developing unique solutions. On the other hand, when using end to end learning methods

that learn a monolithic model, very often, each new problem is a unique problem that has to be

solved starting from fundamental technologies.

The same is true for datasets that are used to train ML models. Training monolithic models

require a dataset specific for the intended problem that each datapoint maps a specific input type

to a specific target type with other required characteristics. Such a dataset is only useful to train

a model similar to the original problem. In comparison, modular ML models are a composition

of submodules where each model is trained with a dataset that matches the subproblem. At the

same time, the process of breaking down a larger problem into subproblems usually results in

subproblems that are simpler and more general. Therefore, within a development ecosystem,

modular ML solutions increase the chances of reusing datasets to solve different problems.

Domain expert intervention to simplify the learning process by incorporating domain

knowledge when developing solutions. One of the ways to do this is by decomposing the problem

in a way that the resulting subproblems are more data efficient and simpler to learn. As a simple
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example, think about a multi-digit classification problem. In this case, a domain expert may break

down the problem to detect each digit individually using a simpler model and later aggregate

the classification results to find the classification for the original multi digit input. This simple

decomposition made the subproblem simpler as well as more data efficient while increasing the

amount of data points per classification class. In traditional software engineering modularity al-

lows engineering teams to divide work across individuals or specialized teams. This minimizes the

development overhead by assigning units of work with cross-cutting concerns to one individual

or one team. In this process a module boundary can define a unit of work that can be assigned

to an individual or a team. In addition to that this helps to reduce dependencies among units of

work and parallelize the development process.

Performance tuning ability is higher with modular ML models. Modularity enables break-

ing down a problem into subproblems and addressing them separately. Since subproblems tend to

be more general than the overall high level problem, finding technologies and existing solutions for

the subproblems is likely to be easier. This enables more options for solution developers to make

performance trade-offs at the subproblem level. Further, modularity makes it easier to do incre-

mental improvements to solutions. Individual modules in modular systems can be replaced with

different modules with the same functionality but with different characteristics. As an example,

one may trade off accuracy for faster performance at one subproblem of the modular solution to

meet a business requirement at hand. With monolithic solutions, making performance trade-offs

usually require replacing the whole model with a one that has the required characteristics.

Maintainability of modular ML models is higher compared to monolithic ML models. Since

the submodules of modular ML models can be replaced with different models with the same
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functionality, newer or improved technologies emerge, submodules can be upgraded without

requiring major changes to the entire solution. In addition to that, since modular models are

a composition of semantically meaningful models, they are more human understandable. This

opens up more opportunities to verify and monitor modular models. This simplifies the process

of isolating issues and troubleshooting.

Economies of scale effect can be harnessed better with modular ML models from a devel-

opment ecosystem perspective. Since modular ML models can take better advantage of existing

ML modules by reusing them to create different higher level solutions, the modules that are more

commonly reused in many problems get a higher demand from the development community. As

a result of this, more demanding modules are likely to be further improved within the ecosystem

due to the economies of scale effect and these improvements can be exploited by the downstream

solutions. On the other hand, in end to end ML, this effect is relatively less prominent since the

learned solutions are monolithic and specialized to individual problems making them less usable

in other contexts.

3.2 Case Studies

As discussed before, we will be using three example problems in order to empirically highlight the

benefits and trade-offs of modular and monolithic machine learning solutions. First example prob-

lem is a text based sentiment analysis. The other two problems are a satellite image classification

problem and a near infrared (NIR) field prediction problem.
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3.2.1 Text based Sentiment Analysis

Text based sentiment analysis is useful in a number of business contexts. For instance, businesses

use sentiment analysis to understand consumer sentiment towards their brand and the products.

In today’s internet based global market setting, analyzing the sentiment of a text in a given language

is important for many business organizations. In this section we are using this problem as a proxy

to study the trade-offs of monolithic and modular machine learning solutions.

Deep learning technologies have demonstrated state of the art performance in sentiment anal-

ysis tasks. Current prevalent deep learning based models are monolithic in nature Devlin et al.,

2019; Tan and Le, 2019. Monolithic deep learning solutions for sentiment analysis train machine

learning models end to end to predict the sentiment of a text from a given source language. More

modular solution for sentiment analysis is to develop the solution using two modules that solve

the problem in two intuitive stages. The first stage is to translate the source language text to a

suitable target language. The second stage is to analyze the sentiment of the translated text. This

approach enables the opportunity to train a sentiment analysis model for a language with a larger

and more representative sentiment analysis dataset or to find a sentiment analysis model already

trained for a specific language that demonstrates higher performance characteristics. In this sec-

tion we will be implementing two sentiment analysis solutions one monolithic and one modular

as described before and compare the advantages and disadvantages of the two approaches.

This experiment is performed with a Spanish sentiment analysis problem. Off the shelf pre-

trained language models are used to implement the monolithic solution and the two stage modular

solution for this problem. The monolithic version of the experiment is conducted using an exist-
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ing BERT based pretrained multilingual sentiment analysis model Wolf et al., 2019. The model

is already trained with 150k English, 80k Dutch, 137k German, 140k French, 72k Italian and 50k

Spanish sentiment analysis data points. The model predicts the sentiment of the input text in a

1 to 5 scale where 1 is the least positive and 5 is the most positive sentiment. The first stage of the

modular version is implemented with an existing pretrained spanish to english translation model

Tiedemann, 2020; Wolf et al., 2019. The second stage uses the same sentiment analysis model

that is used in the monolithic version. Further, the monolithic solution and the modular solution

were distilled Hinton et al., 2015 into a smaller model to see the performance characteristics of the

distilled solutions in comparison. At a high level, the distillation process is analogous to program

compilation in software development. In software development, the result of compilation is an

object that runs much faster during deployment. However, the compiled object is less meaningful

to humans compared to the program written using a high level programming language. Similarly,

in the case of a modular ML solution, the distillation results in a faster solution but compromises

the explainability that is present in the modular solution. Distillation is performed with a smaller

convolutional architecture as the student network in both monolithic and modular cases. Input to

this model is an integer sequence that was created using a word dictionary that contains a unique

index for each word in the corpus. Inputs to the student models are truncated to a maximum

length of 500 words and padded appropriately if a sequence is short. The architecture of the

distillation student network is shown in fig. 3.1. The distillation is done by considering the teacher

model as a blac kbox to keep the process more generally applicable. In the distillation process the

student is trained to imitate the teacher by minimizing the cross entropy loss between the teacher
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Figure 3.1: Architecture of the sentiment analysis student model.

model’s output and the student model’s output. This distillation process does not require any

labeled data points. It only needs unlabeled text from the input language.

Fig. 3.2 shows a diagram of the monolithic and the modular solutions used in the experiment

with their distilled counterparts.

Figure 3.2: Monolithic (left) vs modular (right) sentiment analysis models and the models distilled
from them.

Performance characteristics of these models are compared using the test set of the spanish

portion of the amazon multilingual product review sentiment dataset Keung et al., 2020. This

contains 30000 sentiment analysis data points. Each datapoint has spanish product review text

and a 1 to 5 star rating that correspond to the product review text.
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3.2.2 Satellite Image Classification and NIR prediction

Satellite image based remote sensing is useful in a number of real world applications such as land

survey, surveillance, traffic monitoring etc. In this section we are studying the trade-offs between

modular vs monolithic ML solutions using a satellite image classification problem. In this problem

we are classifying cloudy satellite images based on the EuroSAT dataset Helber et al., 2019 into

10 classes of land use and land cover. We will be implementing one monolithic model and two

modular models for this classification problem. Performance of these three models will then be

evaluated based on accuracy and latency. The accuracy of the solutions are also compared with a

large percentage of weight pruning. Further, we evaluate the performance of models distilled from

the monolithic and two modular models. Next, we reuse a module from the modular classification

solutions to predict the near infrared (NIR) band of the EuroSAT based cloudy satellite images.

This modular NIR band prediction model is compared with a monolithic model for the same

task. Unlike in the previous example, in this example we are training custom ML models for the

problem.

EuroSAT dataset has a red green blue (RGB) version and a 13 band version. For our experi-

ments, we use the RGB and NIR bands in the EuroSAT dataset. EuroSAT dataset only contains

clear satellite images without obstructions. We alter this dataset by adding a cloud overlay to the

RGB bands using the approach proposed by Kenji et al. Enomoto et al., 2017. Fig. 3.3 shows a

sample of the altered EuroSAT dataset. Added clouds makes the dataset more challenging for

prediction tasks compared to the original EuroSAT dataset. Since we want to represent the low

labeled data regime that is commonly seen in real world industrial application domains, we use
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Figure 3.3: EuroSAT data points before (top row) and after (bottom row) adding cloud layers.

only a 20% of the EuroSAT labeled data to train, validate and test the models for the classification

and NIR band prediction tasks. In the case of the classification task we use the cloudy RGB image

as the input and the corresponding classification label as the target. In the case of NIR prediction,

the cloudy RGB image is used as the input and the corresponding NIR band is used as the target.

The rest of the data that is not used for the classification and NIR prediction is used to train,

validate and test the cloud removal module that is used in the modular models. It should be noted

that this training step does not utilize the labels from the original EuroSAT dataset. This cloud

removal dataset has the RGB images with the cloud overlay as the input and the corresponding

cloud free RGB images as the target. Such an unlabeled dataset is relatively easy to acquire in

larger quantities in practice in the real world as well since it does not involve manual data labeling.

Our monolithic classification model is trained end to end, validated and tested using the clas-

sification split of the cloudy satellite images. The network architecture used in the monolithic

model is shown in fig. 3.4. This architecture downsamples the feature maps while increasing

the number of channels as the layers progress from input to the output. In the final layers the
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output of the convolutional layers are flattened and sent through dense layers to do the classifi-

cation. Dropouts are used before the features are fed to the dense units. The modular versions

Figure 3.4: Architecture of the satellite image classification model.

perform the classification in two stages. The first stage performs cloud removal. Cloud removal is

performed using the encoder decoder network architecture that is shown in fig. 3.5. First part of

this architecture, the encoder part, downsamples the feature maps using 6 downsampling blocks.

Each downsampling block has a convolutional layer, batch normalization layer and a leaky relu

activation. The first downsampling block does not have batch normalization. Each downsam-

pling block from input to output reduces the feature map size while increasing the number of

channels. The second part of the architecture, the decoder part, upsamples the feature maps that

are downsampled by the decoder using four upsampling blocks. Each upsampling block has a

convolutional transpose layer, dropout layer and a relu activation layer. The first upsampling

block does not have a dropout layer. Each upsampling layer from input to output increases the

width and the height of feature maps while reducing the number of channels. As shown in the ar-

chitecture figure, skip connections are used from the downsampling blocks to upsampling blocks

with a mirror-like correspondence to incorporate low level features to the latter upsampling layers.
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Finally the output of the upsampling layers are sent through another convolutional transpose

layer with three channels and a sigmoid activation function. This architecture is adapted from

the U-net Ronneberger et al., 2015 and pix2pix Isola et al., 2017 architectures. The second stage

Figure 3.5: Encoder decoder architecture of the cloud removal model.

performs classification on the cloud removed images. In the first modular solution the classifier

is trained using the output of the cloud removal module. This modular version represents the

case where the classification data available for training is cloudy. We will be calling this solution

modular (I). In the second modular version the classifier is trained using cloud free satellite images.

This modular version represents the case where the classification data available for training are

cloud free. We will be calling this solution modular (II). This corresponds to making a barebone

pretrained satellite image classification module to be published in a model repository to be used

by others. All classifiers have the same network architecture shown in fig. 3.4 and they are trained

using the classification data split that was discussed before. The cloud removal module is trained

with the remaining data split that was described before. The output of the cloud removal module

is shown in fig. 3.6. Further, three distilled models are trained from each monolithic, modular (I)
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Figure 3.6: Output (bottom row) of the cloud removal module when it is fed with cloudy data
(top row).

and modular (II) solutions. Distillation is done by using the same approach that was used in the

sentiment analysis case. However, before the distillation, student models that correspond to the

monolithic solution and the modular (I) version are pre-trained with the available labeled cloudy

classification data. Student model of the modular (II) version is not pretrained this way because

it represents the case where cloudy labeled classification data is not available.

3.3 Trade-offs of Modularity

In this section we will use the solutions we developed for the three example problems to compare

and contrast the trade-offs between monolithic and modular solutions.
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3.3.1 Accuracy

This section compares the accuracy of the monolithic and modular solutions using solutions

developed for the sentiment analysis and satellite image classification problems.

Sentiment Analysis

For the sentiment analysis case, the spanish product review test set from the amazon multilingual

product review sentiment dataset is used to compare the accuracy of the two original monolithic

and modular solutions and the two distilled versions of the solution. In this experiment we use

a one-off accuracy measure to quantify the performance. Here we consider a prediction of the

model as correct if the predicted star rating is exact or off by only one. If not, we consider the

prediction as incorrect. We believe that this measure is more realistic because there is no universally

agreeable star rating for a given review text. The results of this experiment are shown in fig. 3.7.

Figure 3.7: Sentiment analysis accuracy of monolithic and modular solutions including their
distilled versions.

The results in fig. 3.7 shows that the original monolithic solution has less than 1 percent-

age point higher accuracy over the original modular solution. The solution distilled from the
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monolithic solution is less than 2 percentage points lower in accuracy compared to the original

monolithic solution. The model distilled from the modular solution is less than 1 percentage

point lower compared to the original modular solution. The model distilled from the modular

version has 0.3% higher accuracy compared to the model distilled from the monolithic solution.

The results show that modular solutions can be comparable in terms of accuracy to monolithic

solutions.

Satellite Image Classification

The test split of the EuroSAT dataset is used to measure the accuracy of the models and the results

are shown in fig. 3.8.

Figure 3.8: Cloudy satellite image classification accuracy of monolithic and modular solutions
including their distilled versions.

The results in fig. 3.8 shows that the modular (I) solution that was trained with cloudy labeled

data with the added cloud removal module performs the best out of the three solutions. It has been

able to achieve 11.34% accuracy improvement over the monolithic solution when comparing the
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original non-distilled solutions. When comparing the distilled solutions, the modular (I) solution

was able to achieve 10% accuracy improvement over the corresponding monolithic solution. This

accuracy improvement can be attributed to the cloud removal module in the modular version that

was capable of utilizing low cost unlabeled data. Modular (II) solution in which the classification

module is trained with clean data has the lowest accuracy. However, this solution attains its

accuracy level without using any labeled data points from its target problem, cloudy satellite

image classification.

3.3.2 Latency

This section compares the latency of the monolithic and modular solutions using solutions devel-

oped for the sentiment analysis and satellite image classification problems.

Sentiment Analysis

The spanish product review test set of the amazon review dataset is used to compare the latency of

the two original monolithic and modular solutions and the two distilled versions of the solution.

In this experiment we measure the time it takes for each model to process the 30000 test data

points. The results are shown in fig. 3.9. The experiments are conducted on a machine with

Intel(R) Xeon(R) CPU @ 2.20GHz, 13298580 kB of RAM and a Tesla P100 16280MiB GPU.

The results in fig. 3.9 shows that the original modular solution is much slower compared to the

original monolithic solution. This performance drop is mainly due to the translation model used

in the first stage of the modular solution. However, the solutions distilled from each of the original

solutions are much faster as we can expect. These results suggest that developing modular solutions

34



Figure 3.9: Sentiment analysis latency of monolithic and modular solutions including their dis-
tilled versions.

and distilling them into smaller models can result in efficient solutions with minor accuracy trade-

offs. The additional benefit of this approach is that the modular solution development provides

a number of engineering advantages as discussed in the introduction section.

Satellite Image Classification

To compare the latency of the monolithic and modular solutions, the time that each solution

takes to process 56700 data points is measured. The same is done with the distilled solutions. The

latency measurements for each solution is taken on a machine with Intel(R) Xeon(R) CPU @

2.20GHz, 13298580 kB of RAM and a Tesla P100 16280MiB GPU. The results are shown in fig.

3.10.

The latency results in fig. 3.10 shows that the non-distilled monolithic solution took 63.83%

less time compared to the fastest modular solution to process the data load. However, distilled

versions have been able to address this issue by achieving low latencies comparable to the mono-
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Figure 3.10: Cloudy satellite image classification latency (lower the better) of monolithic and
modular solutions with the respective distilled versions.

lithic version, still having better accuracy than the monolithic version in the case of modular (II)

solution.

3.3.3 Reusability

In this section we are testing whether an ML module that was used in one problem can be used

in another problem. This is different from general transfer learning where base layers of a larger

model are transferred to a similar task. Here we are reusing a semantically meaningful ML module

in a different problem.

After the classification comparison, the cloud removal module is reused in a different task

to evaluate the reusability of the module. In this task the RGB bands of the cloudy EuroSAT

dataset are used to predict the NIR band for the image. Two monolithic and modular solutions

are implemented for this task. The monolithic solution is trained end to end on the cloudy RGB
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images. Monolithic model uses an encoder decoder network architecture similar to the one used

in the cloud removal module but with a single output channel. The modular version predicts

the NIR band in two stages. The first stage removes the clouds from training data by reusing the

cloud removal module that was trained during the previous classification task. The second stage

uses the output of the cloud removal module to predict the NIR band. Model used in the second

stage uses the same network architecture used in the monolithic version. Two distilled models

are created in this case as well using the monolithic and modular versions of the solution. Both

modular and monolithic versions of the solutions are trained using the NIR prediction training

data split that was explained before. The distillation was performed following the same process

used for distilling the monolithic and modular (I) classification models. However, in this case

the distilled models are pre trained with the NIR prediction dataset before the distillation. After

the training and distillation steps, test split of the NIR prediction dataset is used to measure the

accuracy of each solution. The results of this experiment are shown in fig. 3.11. The latency of

each solution is measured for processing 56700 data points using each version of the solution

on a machine with Intel(R) Xeon(R) CPU @ 2.20GHz, 13298580 kB of RAM and a Tesla P100

16280MiB GPU. The latency results are shown in fig. 3.12.

The results in fig. 3.11 and 3.12 resembles the pattern we observed in the classification case with

monolithic and modular (I) solutions. The modular solution has higher performance in terms of

accuracy/error. However, it has higher latency compared to the monolithic version as one would

expect. The solution distilled from the modular model has lower error compared to the both

original monolithic solution and the solution distilled from the monolithic solution while having

comparable latency values.

37



Figure 3.11: Mean squared error (lower the better) of monolithic and modular NIR prediction
solutions including their distilled versions.

Figure 3.12: Latency (lower the better) of monolithic and modular NIR prediction solutions with
the respective distilled versions.

3.3.4 Maintainability

In this section, we empirically highlight the trade-offs of the monolithic and the modular solu-

tions with respect to maintainability as the requirements change. We will be considering a case

where the requirements of the model change to handle noisy images in the cloudy satellite image

classification problem.
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In this experiment, we modify the classification dataset that we used before by adding gaussian

noise to the RGB channels to represent noisy satellite images with cloud cover. Fig. 3.13 shows

the images after adding noise. Then the noisy data is fed to the previously trained monolithic

Figure 3.13: Cloudy EuroSAT data points after adding gaussian noise.

classification model and the modular (I) classification model and the classification accuracy is mea-

sured using a held out test set. Additionally, we create an improved modular solution by updating

the cloud removal module of the modular (I) solution. The cloud removal module is updated

by training it with unlabeled noisy cloud images. This improvement makes the cloud removal

module robust to noise. In the improved modular solution, the classification module remains

to be the same module used in the original modular (I) solution. The accuracy of the improved

modular solution is measured with the same noisy held out test data. Accuracy of each model is

shown in fig. 3.14. As shown in the results in fig. 3.14, both monolithic and modular (I) solutions

Figure 3.14: Classification accuracy for noisy satellite images with cloud cover.

significantly drop in accuracy when fed with noisy images. However, the modular (I) solution has

the capacity to replace modules with improved ones. By replacing the cloud removal module with
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an updated noise robust cloud removal module, the improved modular solution could achieve

around 2 times higher accuracy compared to the original modular (I) solution. It should be noted

that this accuracy gain was achieved without making any changes to the classification module

and by only using noisy unlabeled data. The monolithic solution can not be improved this way

using unlabeled data. Improving the monolithic solution needs labeled data that are usually labor

intensive to produce.

3.4 Chapter Summary

In this work, while acknowledging the immense potential and positive impact of current deep

learning technologies, we discussed the challenges and limitations of widespread monolithic deep

learning technologies with respect to systems engineering concerns especially when it comes to

wider adoption of these technologies in diverse organizations. We pointed out semantic modular-

ity in machine learning as an interesting avenue to address a number of problems in this regard.

Next, as a first step, we used three example problems to explore the benefits and trade-offs between

developing machine learning solutions in a monolithic way and developing them in a multi-stage

modular way. The experiments showed how modular solutions can reuse existing pretrained

models and exploit more data to achieve higher accuracy and overcome data limitations in ways

that monolithic solutions do not permit. Further, we used black box knowledge distillation to

overcome the performance challenges that modular solutions can have and showed the impact of

accuracy and latency in comparison to original monolithic and modular solutions. The experi-

mental results in this work suggest that it is very interesting to further investigate the potential of
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multi stage modular machine learning solution development in contrast to widespread monolithic

end to end machine learning solution development.

41



Chapter 4

Towards Knowledge

Graph-Enabled Machine

Learning Service Description

Framework1

4.1 Introduction

Developing a robust ML pipeline for any given application not only requires intricate knowledge

about the domain but also significant expertise in the ML field. Building and managing effec-

tive ML-based solutions demands significant experience in various aspects such as (1) choosing

appropriate ML technique (e.g., random forest, support vector machine, convolutional neural
1Major parts of this chapter appears in Menik and Ramaswamy, 2021
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networks, etc.) and associated architecture (number of trees, number of layers, interconnection

patterns, etc.), (2) finding and/or creating high quality training datasets, (3) feature engineering and

hyper-parameter tuning, (4) deploying ML models on target computing infrastructures (cloud,

cloudlets, end-devices, etc.) and (5) continuously managing and tuning the deployed services. Un-

fortunately, many domain experts often do not have this level of ML expertise, which has hitherto

impeded wider adoption of ML in complex but important domains. Rapid advancement of the

ML field has further aggravated this problem. Difficulty of converting work present in research lit-

erature into real world solutions due to the uniqueness of real world problems and reproducibility

issues caused by missing descriptions also intensify the problem.

Machine Learning as a Service (MLAAS) seeks to address the above issue by enabling ML

experts to expose ML functionalities as services which can then be shared, discovered, reused and

integrated to create domain specific ML-driven applications Kim et al., 2018; Ribeiro et al., 2015;

Soifer et al., 2019 by domain experts with limited ML background. Figure 4.1 shows an example of

reusing and integrating ML services (OCR and Skew Correction) in two different ML application

pipelines.

A robust and flexible ML service description that expresses the semantics of ML services 1 is

critically important for designing efficacious search, composition, and reuse of ML services in

MLAAS paradigm. ML model description framework provides a means for describing important

information about ML models at the right abstraction level with embedded semantic information.

By formalizing the manner in which ML services are described, it establishes consensus among

practitioners, and it enables effective automation of search and discovery of ML services. These
1We use the term ML service in this paper to refer to ML models created and/or trained by ML experts in order

to be used by others.
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descriptions can be harnessed for building automated tools for checking the compatibility of

individual services in a complex ML pipeline.

The overall objective of our research is to design a comprehensive description framework for

ML services. Our approach aims to harness knowledge graphs (KGs) for ML service description.

KGs are semantic-rich knowledge-based structures that organize entities, their properties, and

their interrelationships in the form of large networks or graphs Paulheim, 2016. The contributions

of this paper are as follows. 1. We present a requirements study of ML services that highlights the

core properties of ML services that need to be incorporated in the description framework. 2. Based

on the above requirements analysis, we lay out our vision of a novel five-dimensional KG-enabled

ML service description framework with a specification template for each dimension. 3. We intro-

duce unique conceptual formulations and novel variants of existing paradigms for supporting

more cogent representation of the characteristics, constraints and inter-relationships of ML ser-

vices. 4. We will be pointing out a number of interesting research directions and opportunities

that stem from this paper.

Pre Processing Skew Correction OCR TranslationPaper 
document

Target language
 text

Pre Processing Number plate
detection Skew Correction OCRTraffic surveillance

Frame
Numberplate

Text

Figure 4.1: Two different ML pipelines that reuse an ML service.

4.2 Requirements Study

In this section we explore what aspects of ML services that need to be specified in order to enable

various MLAAS functionalities. We have identified 5 major aspects that should be there in the
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ML services description. 1. Task Description: This is a concise semantically annotated human

readable description of the task that the ML service can perform. This enables domain experts to

quickly understand the functionality of an ML service without expertise in ML. 2. Input-Output

(I-O) Description: This aspect specifies the syntax and the semantics of the I-O formats of the

ML service. This describes requirements, restrictions and constraints of the I-O of the ML service.

As an example, an ML service that extracts land cover information from satellite images may re-

quire the input images to be of certain resolution or higher in RGB format and each pixel should

represent a geographical area not more than 30m2. Similar restrictions and constraints are applica-

ble to the output as well. This aspect of the description is important for checking the compatibility

of an ML service to a real world problem/dataset. I-O description also helps composition and

verification of ML pipelines using automated tools. 3. ML Model Architecture Description:

This aspect contains information regarding an ML model itself. This includes the type of the ML

model (e.g., random forest, SVM, Transformer, etc.) and the structural information of the ML

model (e.g., components and their structure of a deep learning model, interconnections among

components). Level of details to expose in this part of the description is up to the developer of

the ML service depending on their business model etc. This aspect of the description helps users

with expertise make more informed decisions when selecting ML services. Depending on the

amount of information present this aspect of the description can enable platform independent

code generation for ML services as well. 4. Dataset and Training Description: Dataset and

the process of training have a major impact on the performance of a given ML model. Thus, this

aspect describes the properties of the dataset that is used to train the ML service as well as the

process used for training the ML model in concern. Users need this information to identify if a
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given ML service is suitable for their situation. Also, this information is helpful when retraining

the ML service with a different dataset if needed. 5. Performance Description: ML service users

need an upfront indication of how a given ML service will perform on a given task. Thus, this

aspect provides the information on the performance characteristics of the ML service. We identify

two parts in this aspect of the description – (a) accuracy description that expresses how good the

ML service is at a task. This includes accuracy percentage, precision, recall etc as well as evaluation

protocol such as the number of folds, number of runs and the datasets used for accuracy evalu-

ation. (b) efficiency description that reports characteristics of the model that capture aspects

such as resource requirements/consumption, expected service throughput, expected latency etc.

This information can be given as analytical models or as reports on evaluation runs with hard-

ware and software configuration details. These aspects of the ML models are important for the

consumers to decide if a given ML service is practical for a problem at hand with the resource and

requirement constraints.

4.3 KG-Enabled ML Service Description Framework

In this section we present our KG-Enabled Machine Learning Service Description Framework.

This framework describes the ML services in the form of a knowledge graph (ML-KG) that reuses

concepts from existing knowledge graphs. Figure 4.2 shows the high level overview of an MLAAS

platform that utilizes ML-KG. This platform enables, 1. ML service publishing, semantic search-

ing/discovery and ML services composition. 2. ML model analytics capabilities utilizing the knowl-

edge in ML-KG.
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Figure 4.2: Overview of an MLAAS platform based on ML-KG.

4.3.1 Task Description

Task description is a brief natural language description of the main task that the ML service can

perform. The keywords of the task description should be annotated with the entities in ML-

KG. This has three main utilities. 1. Annotated description enables advanced semantic search

capabilities. As an example annotations can be used to suggest similar ML services when exact

matches are not available. e.g., If matching ML service is not available for the search "predict

political bias of tweets" a system can use the annotations to find the relationship between tweets and

text in ML-KG and suggest ML models that can predict the political bias of text. 2. Annotations in

the description can be used to classify ML services into high level categories using the hierarchical

relationships among the entities in ML-KG. Users can explore these categories in a drill down

fashion to discover ML services. 3. When non-experts encounter unfamiliar terms, the annotations

can help to locate the corresponding entity in ML-KG and learn more about it.
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4.3.2 Input-Output (I-O) Description

Input to the ML service and the output of it should be described in terms of the syntax and the

semantics. The syntax refers to the data structural descriptions (data formats and related con-

straints) of the input and output instances of the ML services. Semantics refers to the meaningful

concepts, their relationships and constraints that are represented by the data structures. A de-

scription of these two sub-aspects of an input or an output instance of an ML service is referred

to as an I-O type. All I-O instances of an ML service should comply with the I-O types. An ML

service can be considered as a mapping from an input type to an output type. The I-O aspect

of ML-KG is modeled by reusing the concepts present in existing knowledge graphs as shown

in figure 4.3. This has three layers of information. 1. Entities and relationships in existing KGs.

2. I-O Types created based on existing KGs. 3. I-O aspect of ML services as mappings from input

types to output types.

Existing Knowledge
Graphs

Input/Output Types
ML services as Mappings

Between I-O Types

p3

p5

p2

p1

E1

E3
E4

E2

E5 T3

T2

T4
T5

T6

T1
T3

T2

T4
T5

T6

T1
m1

m2

m3

m4

Figure 4.3: I-O aspect of ML-KG is constructed with three layers of information.

With the I-O aspect of ML-KG, ML service searching and composition can be posed as a path

finding problem between I-O type entities in the graph. Here, when looking up an ML service

for a problem, the input and the output of the problem should be described similarly to ML

48



service I-O types. Then, most related I-O type entities should be located in ML-KG and paths

between them should be searched. There are 4 cases for this search result. 1. If the resulting path

has a length of 1, an exactly matching ML service is available. 2. If the path length is greater than

1, several ML services have to be composed to create a solution. 3. If there are no paths between

the located I-O types, the input and output constraints can be relaxed to find more I-O types

and then look for paths among them. 4. If the I-O types can not be located in ML-KG, again the

search constraints can be relaxed hoping to match more I-O types.

4.3.3 ML Model Architecture Description

In ML-KG, internal architectural details of the ML model of an ML service should be described

in different levels of details. These levels of details correspond to the component composition

hierarchy of an ML model. Highest level of details include relationships and categorizations in

ML model level in a more abstract way. Lower levels contain details of basic components used in

the ML model architectures. Figure 4.4 shows a partial visualization of the representation of in-

ternal details of ML models in ML-KG using a compound graph that has inclusion relationships.

Internal details are represented in a hierarchical fashion that layers from top to bottom contain

higher level details to lower level details. This aspect of the description serves several purposes.

1. Searching ML models with certain properties using subgraph matching queries. e.g., find all

models with LSTM cells. 2. Generating the implementations for the ML models using the de-

scriptions when sufficient information is present for a given ML model. 3. Depicting ML models

with the assistance of tools for educational and communication purposes. 4. Using as a database

of basic ML components that can be used in new ML models by the experts.
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Figure 4.4: Partial visualization of the representation of internal architectural details of ML models
in ML-KG.

4.3.4 Dataset and Training Description

Dataset makes a major impact on the performance of any ML solution. We will be focusing on

statistical properties and the semantic and syntactic types of the datasets 2. Most of the common

statistical properties pertaining to datasets can be specified as numerical and categorical dataset

properties of ML services in ML-KG. Semantic and syntactic type information of the data points

in the dataset can be specified in a way very similar to the I-O type descriptions. The rest of

the training description includes applicable training algorithms and hyper-parameters of the ML

model as further dataset properties of ML services in ML-KG.
2There are a number of other properties in datasets that could contribute to the differences in the performance

directly or indirectly. Some of these are very challenging to be described under a general formalization.

50



4.3.5 Performance Description

As discussed in the requirements study section, the performance description contains accuracy

related and efficiency related performance metrics. These metrics can be standard or results of

custom experiments and evaluations. The standard metrics can be associated with ML services

as properties similar to the way discussed in the previous section. Custom metrics can also be

associated with ML services with custom properties and sub graphs.

4.4 Chapter Summary

Machine learning as a service (MLAAS) has the potential to propel development and proliferation

of innovative ML-driven applications in many important domains including agriculture, health

and smart communities. For the MLAAS paradigm to be effective, it is imperative to build a

robust, flexible and extensible ML services description framework. Towards this end, this paper

presented an approach that harnesses the semantic-richness of knowledge graphs (KGs) for ML

service description. We presented a unique five dimensional, KG-enabled service description

framework that incorporates structures for specifying salient properties of ML services such as

ML task description, input-output description, ML model architecture, dataset and training

description and their performance characteristics.
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Chapter 5

Modular Deep Learning with

Softswitches

Currently there are several prominent ways of developing deep learning models. One is to create

a custom deep learning architecture by composing several of many deep learning operators like

convolutions, fully connected layers, batch norms etc. Another prominent way of developing

a deep learning model is to make use of transfer learning approaches Zhuang et al., 2020. This

can either be done by borrowing an existing architecture and training from the beginning or by

borrowing a suitable set of pretrained base layers and customizing the model by adding additional

operators and fine tuning the model by training it on a problem specific dataset. The first approach

does not utilize existing work beyond the basic deep learning operators. The transfer learning

approaches start building the new model on top of existing work. However, the way transfer

learning reuses existing work is not a seamless process. In the first version of transfer learning that

was mentioned above, the developers have to find an existing model architecture that best suits the
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problem at hand and train a model from the ground up. In the second version of transfer learning,

the developers have to find a set of base layers with a suitable architecture that was trained with a

similar suitable dataset that matches the current problem. Finding such an architecture or a set

of matching pretrained base layers is a trial and error process. This process is different and more

challenging compared to how component reuse works in conventional software engineering.

As an alternative to the prevalent methods of developing deep learning models, we introduce

a compositional modular deep learning architecture that results in a final model that contains

modules with high level semantic meaning. These modules can later be reused as meaningful

pretrained high level components to solve different problems in a way closer to how component

reuse works in conventional software engineering. This architecture enables reusability of pre-

trained neural networks in a more fine grained and ready to use manner while enabling benefits

of modularity that includes ability to update modules, replace modules with different character-

istics. Further, this architecture is more transparent leading to improved debuggability compared

to conventional monolithic deep learning models due to the semantic substructure. This architec-

ture also enables the ability of domain expert intervention to improve model performance, more

flexible and scalable distributed deployment abilities.

This architecture uses a module that we call a softswitch to compose a set of smaller neural

network modules to develop a model for a higher level solution. The softswitch and the set of

modules works with a representation produced by an encoder module that was trained in a self

supervised manner and has a matching decoder that enables more model inspection and debug-

ging abilities. We conduct a number of experiments with several benchmark datasets using the

proposed architecture. The experimental results show that this architecture has the ability to
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bring benefits of modularity to supervised classification problems with minimal trade-offs and

comparable performance characteristics.

5.1 Modular Architecture with Softswitches

The proposed architecture has three main parts. First part of the architecture has an encoder

module. This encoder module takes the input and produces an interpretable representation for

the input. In this process, the encoder compresses the input instances to a more manageable

representation. This helps to minimize the size of the overall modular architecture. The output

produced by the encoder is provided as the input to the softswitch and a set of modules as shown

in fig. 5.1. The output of the softswitch and the set of modules are used to produce the final

output of the overall model.

Encoder

Module 1

Module 2

Module N

...

Softswitch

.

In
pu

t

O
ut
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t

Figure 5.1: Proposed high level architecture that promotes modularity.

5.1.1 Input Encoder

In this architecture the encoder is a pretrained model that accommodates the universe of discourse

for potential inputs for any module configuration that comes after the encoder. With this, the
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encoder is intended to be a general component that is usable in different problem settings. The

encoder is trained in a self supervised manner with unlabeled data that are less costly and easy to

obtain. These type of universe of discourse models that are trained in a self-supervised manner

with large amounts of unlabeled data are common in today’s world with the advent of large

language models and other self-supervised image processing models. However, the encoder that

we use in this work is different from them because the universe of discourse for the models that

we are interested in this work are generally smaller in comparison.

In our experiments we train an autoencoder architecture with both encoder and the decoder

parts and later remove the decoder part to create the encoder model. The removed decoder model

is kept aside for later use for transparency and debuggability of the final composed architecture

that will be created with the encoder module. The autoencoder architecture that was used with the

MNIST dataset in our experiments is shown in fig 5.2. In this case, the autoencoder architecture

was created as a convolutional neural network. In fig 5.2, the left part of the image shows the

encoder and the right part of the image shows the decoder.

Input (32, 32, 1)

Conv2D + Relu (32, 32, 16)

Maxpool2D (16, 16, 16)

Conv2D + Relu (16, 16, 8)

Maxpool2D (8, 8, 8)

Conv2D + Relu (8, 8, 4)

Maxpool2D (4, 4, 4)

Conv2D Transpose + Relu (8, 8, 4)

Input (4, 4, 4)

Conv2D Transpose + Relu (16, 16, 8)

Conv2D Transpose + Relu (32, 32, 16)

Conv2D Transpose + Sigmoid (32, 32, 1)

Output (32, 32, 1)

Figure 5.2: Autoencoder architecture that is used to train the encoder for MNIST dataset.
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5.1.2 Softswitch Component

This component is similar to another classifier that learns to select the right module to minimize

the loss function of the overall problem. The softswitch takes the encoder output as the input

and produces a probability distribution using a softmax to select the right module to perform

the classification. Softswitch learns from the dataset of the overall problem. Fig.5.3 shows the

architecture of the softswitch that was used in one of the MNIST dataset experiments. The

softswitch architecture shown here is able to compose two modules.
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Figure 5.3: Softswitch architecture that is used for an MNIST composition.

5.1.3 Modules

Each module in the architecture is responsible for handling a subset of the classes in the overall

problem. Each module takes the output of the encoder to produce the output of the subset of

the classes that the module is responsible for. The architecture of the individual modules depends

on the problem at hand. As an example the MNIST experiments presented in a later section use

the dense architecture shown in fig. 5.4 for the modules. The module shown here is specialized

in two classes.
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Figure 5.4: The architecture of each module that was used for an MNIST composition.

5.1.4 Model Output

The output of the overall model is the output of all modules weighted by the module selection

probabilities that are predicted by the softswitch. This arrangement provides a direct path for

the gradients to propagate to the softswitch and the modules during the training phase while

enabling an uninterrupted direct connection from the encoder to the module inputs. Having an

unmodified connection from the encoder to the modules is important for enabling module reuse.

5.2 Engineering Concerns

5.2.1 Module Reuse

The proposed architecture works by dividing the problem into a set of submodules with clear

high level semantic meaning. These modules can be reused in other problems/models without any

retraining or with minimal fine tuning. The modules for the new problem/model can come from

more than one existing model as long as they are all based on the same encoder or a compatible

encoder. When modules are reused the softswitch has to be trained to compose the modules
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to solve the new problem. During the training time, this is done by freezing the weights of the

encoder and the modules and leaving the weights of the softswitch open for changes. This training

is done with the dataset that is available for the overall problem. See fig. 5.5 for a representation

of this process. Here the module 1 from problem 1 and module 4 from problem 2 are reused to

produce a solution for problem 3. See 5.2.5 for a discussion about module coupling and updating

the encoder to handle a bigger scope when reusing modules.
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Figure 5.5: Visualization of reusing modules from two existing solutions to create a new solution.

5.2.2 Module Updates

Modules with high level meaning in the proposed architecture allows replacing modules with

different characteristics without having to update the complete model. This is an important

requirement in conventional software engineering. In conventional software engineering, sepa-

ration of concerns, loose coupling and high cohesion are very important to manage complexity

and improve maintainability. Following the same principles, the proposed architecture allows

updating specific individual modules by freezing the weights of other modules as updates become

necessary for different high level concerns. Further, the modules can also be replaced with other

compatible pre-trained modules that are trained to work with the same encoder. See 5.2.5 for a

discussion about module coupling.
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5.2.3 Domain Expert Intervention

The way that the modules are broken down to solve the problem affects the engineering concerns

and the performance characteristics of the overall solution. One can argue that this introduces an

additional level of complexity to model development. However, the decisions one has to make

here are more high level compared to low level model fine tuning decisions one typically has to

make when developing deep learning models. Further, the resulting modules are reusable in

other contexts. Being able to modularize the solution in different ways provides an additional

dimension of flexibility when developing solutions. The module breakdown can be done in two

ways. One is to subjectively decide the best separation of concerns for the modules using one’s

domain expertise. The other is to analytically decide the scope of each module. As an example,

unsupervised clustering can be used to identify the clusters in the representation domain. Then

the clusters that are close in proximity can be handled by separate modules.

5.2.4 Transparency

In conventional deep learning models a number of low level operators like linear units and are

tightly connected to create a large network. These networks do not have a semantically meaningful

substructure. Regardless of that there have been a number of attempts to interpret the mechanics

and the decision making process of prevalent deep learning models Fan et al., 2021. However, the

intrinsic monolithic nature of conventional models impacts the effectiveness of interpretability

when it comes to explaining the mechanics of the model. Conversely, the proposed architecture

has high level modules that specialize in subproblems of the overall problem. This introduces
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semantic substructure to the model. This makes it possible to trace the path of input instances

and explain the process that leads to the output of each input instance in a straightforward way.

Further, the parts of the network have specific responsibilities associated with them. This enables

troubleshooting similar to a conventional software solution in a modular way. Individual compo-

nents in the network can be verified on their own and map issues to specific modules in order to

solve them. As an example if a specific input is not producing the expected outcome, the first point

to check could be the encoder in order to verify if the encoder produces a good representation

as expected. This can be done by using the pre-trained decoder component of the autoencoder

that the encoder was derived from. The next point to check could be the softswitch to examine

if it chooses the correct module to produce the output for the given input. This can be done by

examining the probability distribution of the softswitch for the given input. Finally the module

that is responsible for the given input could be inspected to determine if it is producing the correct

output for the given input instance. After the issues are mapped to specific components in the

model, they can be resolved by updating the right component independently while the other parts

of the model remain intact.

5.2.5 Encoder Updates

As discussed before the encoder is expected to be able to handle the universe of discourse for the

set of problems that the encoder supports. See section 5.1.1 for more details on the encoder. The

robustness of the encoder is crucial for the entire architecture because all the other components

rely on the representation generated by the encoder. The softswitch and the set of modules use the

output of the encoder for training and inference. This creates a coupling between the encoder and
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the other components and this makes updating the encoder challenging. Updating the encoder

with new training data can alter the representation for currently supported input instances and

break the coupling between the encoder and the other modules leading to lower performance

of the overall model. However, this problem can be mitigated by regularizing the output of the

encoder with the existing representations that the encoder produces during the training process

of updating the encoder.

5.3 Experimental Evaluation

We performed experiments with the proposed architecture using MNIST Deng, 2012 and Fashion-

MNIST Xiao et al., 2017 datasets. Table 5.1 shows information about the datasets and the sizes of

training, validation and testing splits used throughout the experiments. During the experiments

the encoder module of each modular solution is pre-trained with the training data split without

using any labels in a self supervised manner. The encoder is trained with an autoencoder with a

bottleneck to reconstruct the input using mean squared error as the loss function.

Table 5.1: Dataset information
Information MNIST Fashion-MNIST
Classes 10 10
Datapoints 70,000 70,000
Training % 71% 71%
Validation % 15% 15%
Testing % 14% 14%

ResNet He et al., 2016 and a CNN architecture is used as the baseline in our experiments.

None of these architectures are modular according to our definition. However, since these are

widely used architectures with very good performance characteristics, they serve as a baseline to
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understand where the proposed modular architecture lands in terms of performance characteris-

tics. For the ResNet architecture we use the Keras implementation of ResNet Chollet et al., 2015.

The other baseline CNN architecture we used has a convolutional base and a set of dense units

connected to it to perform classification. The architecture that we used here is the best performer

in terms of accuracy for the datasets we used out of 10 similarly sized architectures that we cre-

ated. During each experiment, the baseline models are trained with the same amount of data as

the other models with early stopping enabled. Early stopping has a tolerance of maximum three

continuous epochs of higher loss than previous loss on the validation split. Training is stopped if

the threshold exceeds and the best performing version out of model out of the epochs so far are

taken for the experiment results.

5.3.1 Accuracy

Accuracy of the proposed architecture is evaluated by creating modular architectures with vary-

ing number of module counts and varying amounts of module scopes. Further, the accuracy is

separately evaluated in the case where modules are trained from the beginning and in the case

where modules are reused from existing solutions.

Evaluation of modules trained from the beginning for a given problem is conducted by creat-

ing three modular configurations. We name these three configurations composition 1, composi-

tion 2 and composition 3. Composition 1 uses two modules in the compositions. Composition 2

uses 3 modules and composition 3 uses 5 modules. Each composition divides the class space into

equal partitions such that each module gets a partition to specialize in. Remaining classes after

dividing the class space into equally sized partitions are ignored. Individual classes that are in each
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partition are decided randomly. Each composition is trained with random class assignments to

each module as explained for 3 times. For each time, the baseline models are also trained for the

same class space and the same amount of data. The average accuracy values of each composition

on a held out test set are reported in fig 5.6 and fig. 5.7. The accuracy results indicate that the mod-

ular solutions have comparable accuracy to the baseline solutions. Further, the accuracy values

remain comparable regardless of the number of modules and the specialization of the modules.

MINIST module 
training 

(Composition 1)

MINIST module 
training 

(Composition 2)

MINIST module 
training 

(Composition 3)

0.00 0.25 0.50 0.75 1.00

Modular ResNet Convetional CNN

Figure 5.6: The accuracy of modular solutions when modules are trained for the problem com-
pared to ResNet and CNN baselines with MNIST.

Evaluation of module reuse is performed by reusing the modules trained in the module train-

ing experiment to create different modular compositions. For this purpose, we create three other

module compositions: composition 1, composition 2 and composition 3. Each of these compo-

sitions are created by reusing two to three modules trained in the module training experiment.

Composition 1 in this experiment reuses one module from composition 2 and two modules from

composition 3 from the module training experiment. Composition 2 of this experiment uses the
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Figure 5.7: The accuracy of modular solutions when modules are trained for the problem com-
pared to ResNet and CNN baselines with fashion-MNIST.

same structure as composition 1 in this experiment but with different molecules from the module

training experiment. Both composition 1 and composition 2 in this experiment have modules

with roughly equal scope, each module is responsible for two to three classes from the class space.

Composition 3 in this experiment uses one module from composition 1 and one module from

composition 3 from the module training experiment. Since composition 1 in the module training

experiment has just two modules and composition 3 in the training experiment has 5 modules,

The scope of modules in the two compositions are different. One module is responsible for five

classes and the other is responsible for two classes. This results in a composition with an unbal-

anced scope for composition 3 in this experiment. This gives us an opportunity to see if the scope

imbalance affects the effectiveness of the overall modular solution. The three compositions that

are created by reusing the modules from the module training experiment are trained along with
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the ResNet and CNN baseline models using the same amount of appropriate data. It should

be noted that the weights of the reused modules were kept intact in the modular solutions and

are not updated during the training. The experiment is performed 3 times with different module

assignments with non-overlapping scope while preserving the composition structure that was dis-

cussed before and the average test accuracy is reported in fig. 5.8 and fig. 5.9. The results indicate

that the modular solution can reuse modules without updating their weights and still achieve a

comparable accuracy to the monolithic solutions. Further, accuracy of the modular solutions are

not impacted by the imbalance of the scope of the modules that are reused in the solution.

MINIST modular 
training 

(Composition 1)

MINIST modular 
training 

(Composition 2)

MINIST modular 
training 

(Composition 3)

0.00 0.25 0.50 0.75 1.00

Modular ResNet Conventional CNN

Figure 5.8: The accuracy of modular solutions when modules are reused as they are compared to
ResNet and CNN baseline with MNIST.

5.3.2 Efficiency

The proposed modular architecture can be used to develop solutions by either training modules

from the beginning or by reusing suitable modules from existing solutions. Fig. 5.10 shows the
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Figure 5.9: The accuracy of modular solutions when modules are reused as they are compared to
ResNet and CNN baseline with Fashion-MNIST.

number of parameters that are trained with labeled data in the case where all modules are trained

from the beginning in comparison to the case where all modules are reused from existing solutions.

For this, we use the composition 1, composition 2 and composition 3 that was used in the module

training experiment. The same compositions were recreated by reusing all of the modules to

calculate the number of parameters trained with labeled data when all modules are reused without

retraining them. It should be noted that the corresponding compositions that are created by

training modules from the beginning and by reusing modules have comparable accuracy levels.

The results from the fig. 5.10 indicate that reusing modules significantly cut down the number of

parameters trained while achieving similar levels of accuracy.

The inference latency of the proposed architecture is measured by using the three composi-

tions described in the module training experiments along with the ResNet and the other CNN
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Figure 5.10: Number of parameters trained for a given modular composition when all modules
are trained compared to when all modules are reused.

models. For this experiment, each module was used to predict 1500 batches of data with a batch

size of 32. Then the time spent to complete all predictions is measured in seconds. The experiment

is performed 7 times for each model and the average time spent is reported in fig. 5.11. The latency

measurements for each solution is taken on a machine with Intel(R) Xeon(R) CPU @ 2.20GHz,

13298580 kB of RAM and a Tesla P100 16280MiB GPU. The results indicate that the proposed

modular architecture has comparable latency to the baseline solutions while taking significantly

less time for prediction compared to the baseline ResNet implementation.

MINIST module 
training (Comp. 1)

MINIST module 
training (Comp. 2)

MINIST module 
training (Comp. 3)

ResNet

Conventional CNN

0 2 4 6 8 10 12

Figure 5.11: Inference time spent by the modular solutions compared to the baseline models.
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Chapter 6

Summary and Future Work

This dissertation explored modularity in machine learning particularly focusing on deep learn-

ing models and studied the benefits of modularity in machine learning with regards to solution

engineering. In essence the aim of this research is to reduce the burden of machine learning

model development, deployment and maintenance by introducing modularity to machine learn-

ing solutions and make the technologies more accessible to a wider audience and a wider range of

applications.

This work explored the solution engineering limitations of prevalent monolithic machine

learning models and pointed out how these limitations can be addressed through modular ma-

chine learning solutions. The study also provided experimental evidence on how modular so-

lutions can bring in a number of solution engineering advantages and data advantages while

maintaining comparable core performance characteristics such as accuracy and latency in compar-

ison to monolithic solutions. The findings emphasized the potential of modular machine learning

solutions and highlighted further research that leads to broader adoption.
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Furthermore, we have investigated the concept of machine learning as a service (MLAAS) and

the need for a semantic-rich and flexible ML service description framework. By leveraging knowl-

edge graphs (KGs), we have proposed a novel five-dimensional KG-enabled ML service description

framework that incorporates major aspects of ML services. This framework provides a semantic

approach to describe ML tasks, input-output specifications, model architectures, datasets and

training details and performance characteristics. Such a framework is crucial for the realization

of a modular machine learning ecosystem that democratizes AI and facilitates the publishing,

searching, composing, and deploying of ML models.

Finally, we explored a new approach to develop deep learning models that results in models

that contain semantically meaningful sub-structure with high-level meaning as opposed to the low

level substructure that is present in prevalent deep learning models. The proposed architecture

enabled a number of solution engineering advantages that includes module reusability, module

updates and replacement, transparency, debuggability and domain expert intervention for perfor-

mance optimization while maintaining comparable accuracy and efficiency characteristics to the

baseline models.

Overall, this research highlights the significance of modular machine learning solutions and

the importance of incorporating modularity and semantically meaningful sub-structure in ma-

chine learning models. The findings of this dissertation contribute to machine learning solution

engineering and machine learning operations. It is our hope that this work will inspire further

research and development in the pursuit of more cost effective, approachable, accessible and intu-

itive machine learning solutions and engineering methods.
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6.1 Open Challenges and Future Work

6.1.1 Modular Machine Learning

Modularity in ML has a number of advantages. We discussed them in detail qualitatively and

quantitatively. However, modular ML has several main open challenges when it comes to devel-

oping effective modular ML models.

Breaking down the original problem into a set of subproblems is not always feasible. Some

problems do not have semantically meaningful subproblems. In these cases we have to consider

the problem as an atomic unit and utilize end to end learning methods. After that the trained

model has the potential to be used in a future Modular ML model.

In situations where new models have to be trained to solve subproblems, finding datasets

for them can sometimes be challenging. This issue can be mitigated by performing the problem

decomposition to match data that is available. In this case, the trade-offs of different problem

decompositions should be further studied. Further, synthetic data can be helpful to fill some of

the data gaps.

In some cases, module compositions may not perform in synergy as expected. Sometimes even

if the individual models perform well, when they are composed together to solve a larger problem,

the performance can be unexpectedly low. This can happen due to various incompatibilities

among submodules. Studies on ML adversarial attacks may be able to shed some light in this

regard. Further understanding the reasons for such failures and methods is important to make

modular ML applicable in a wider array of problems.
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Lack of feature rich repositories to publish and search ML models and datasets is another

challenge to using modular ML in practice. Existing systems for publishing and searching ML

models do not provide sufficient metadata and semantically meaningful search capabilities to look

for models and datasets that can satisfy specific requirements. More advanced ML models and

data repositories with semantic search capabilities and metadata support should be developed to

make modular ML practical.

Addressing these challenges through future work is key to reaping the benefits of modular

machine learning.

6.1.2 Machine Learning Module Description

We identify several future research works when it comes to describing machine learning mod-

ules/services using knowledge graphs. 1. Availability of a large number of existing ML models

is key to the success of the ML description KG. Thus, scalable methods should be explored to

rapidly grow ML-KG. 2. Further studies should be conducted to introduce sophisticated methods

to describe semantic types and determine the degree of similarity between types since it is crucial

for the ML service search/discovery, composition and related tools. 3. Methods that can predict the

performance characteristics of ML service pipelines from the properties of individual ML services

that are used to build the pipelines should be studied to be able to effectively compare the search

results that are derived from ML-KG. 4. When ML-KG is populated with a large number of ML

services, it becomes a large knowledge base of structured information on ML models. Ways to

exploit this knowledge using data analytics techniques for the further advancement of ML theory

and applications should be studied.
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6.1.3 Large Language Models

Recent advancements in large language models are revolutionizing the field of machine learning

and artificial intelligence. They are showing remarkable emergent capabilities in handling wide

array of general intelligent tasks Wei et al., 2022 such as generating human-like text, writing poetry,

summarizing text, generating programs given a description, predicting the output of a function

given a description with an appropriate prompt. These capabilities enable unprecedented au-

tomations across various domains. However, a majority of large language models are monolithic.

They do not have the semantically meaningful substructure that we explored in this dissertation.

Because of this, despite the remarkable potential of these models, they still have the limitations of

lack of modularity that we discussed in the previous chapters. Yet, these generative models can be

a meaningful sub-part of a higher level modular solution. Since the language models can be fine-

tuned or prompt engineered to imitate arbitrary functions, it is possible to decompose a high level

solution into a set of sub-modules and define the communication protocols for the sub-modules.

Then, the sub-modules can be created using large language models to follow the defined commu-

nication protocol through fine-tuning and/or prompt engineering. By doing this, we can enable

partial transparency to complex solutions via the interfaces that the sub-modules interact with

even in a case where the entire solution is developed using generative black box models. The solu-

tions created this way resemble solutions that are developed following the microservices paradigm.

This is very interesting because this approach has the potential to emulate complex systems with

little to no code. Furthermore, the level of abstraction for sub-modules can be adjusted as per

design requirements. If sub-modules are made more concrete (lower level), the final solution will
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likely be more interpretable. However, this could increase both runtime and development time

overheads. On the other hand, increasing the level of abstraction (making sub-modules higher

level) likely leads to the opposite outcome: less interpretability, but potentially decreased runtime

and development time overheads. Given the potential of this approach, it is interesting to further

study the role of large language models in modular deep learning.
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