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Neural Networks have been widely adopted in signal processing applications and

systems. Due to the application scenarios enabled by the portability and increasing

computational capabilities associated with embedded processing platforms, such plat-

forms are of increasing interest for deploying signal processing systems with neural net-

works. However, unlike high-performance computing platforms, which are suitable for

computationally-intensive neural-network-equipped systems, embedded platforms are of-

ten characterized by tight resource constraints. These constraints necessitate new types of

optimization and trade-off analysis in the complex design spaces associated with neural

network implementation. Resource constraints also become a major concern in the sim-

ulation of spiking neural networks (SNNs) on commodity-off-the-shelf (COTS) desktop

or laptop computing platforms. Such simulation capability opens up much greater ac-

cess to accurate SNN simulation, which is conventionally carried out on supercomputers

or specialized hardware. This thesis focuses on developing novel models and methods



for efficient simulation and implementation of neural networks on resource-constrained

platforms.

First, we present a novel approach for simulating Spiking Neural Networks (SNNs)

that is based on timed dataflow graphs. Whereas conventional SNN simulators compute

changes in spiking neuron variables at each time step, the proposed simulation approach

focuses on evaluating spike timings. This focus on evaluating when a dataflow actor

(spiking neuron) reaches a new spike contributes to making spike evaluation an event-

driven computation. The resulting event-driven simulation approach avoids unnecessary

computations at time steps that lie between spiking events. This optimization is achieved

while avoiding the large overheads associated with lookup tables that are incurred in ex-

isting event-driven approaches. Our results show identical spiking behavior compared to

simulation using a conventional (time-based) simulator while providing significant im-

provement in execution time. Furthermore, the simulation of the event-driven approach

is achieved on a low cost, COTS computer, whereas most SNN simulators have focused

on supercomputer scale platforms or specialized hardware, as described above.

Secondly, this thesis also investigates the implementation of deep neural networks

(deep convolutional neural networks in particular) on resource-constrained platforms.

This study is carried out in the context of hyperspectral image processing, which has

attracted increasing research interest in recent years, due in part to the high spectral res-

olution of hyperspectral images together with the emergence of deep neural networks

(DNNs) as a promising class of methods for analysis of hyperspectral images. An im-

portant challenge in realizing the full potential of hyperspectral imaging technology is

the problem of deploying image analysis capabilities on resource-constrained platforms,



such as unmanned aerial vehicles (UAVs) and mobile computing platforms. In this the-

sis, we develop a novel approach for designing DNNs for hyperspectral image processing

that are targeted to resource-constrained platforms. Our approach involves optimizing the

design of a single DNN for operation across a variable number of spectral bands. DNNs

that are developed in this way can then be adapted dynamically based on the availabil-

ity of resources and real-time performance constraints. The proposed approach supports

the Dynamic Data Driven Application Systems (DDDAS) paradigm as an integrated part

of the design and training process to enable dynamic-data driven adaptation of the DNN

structure — that is, the set of computational modules and connections that are active when

the DNN operates. We demonstrate the effectiveness of the proposed class of adaptive and

scalable DNNs through experiments using publicly available remote sensing datasets.

Deep Neural Networks (DNNs) are adopted in numerous application areas of signal

and information processing with Convolutional Neural Networks (CNNs) being a partic-

ularly popular class of DNNs. Many machine learning (ML) frameworks have evolved

for design and training of CNN models, and similarly, a wide variety of target platforms,

ranging from mobile and resource-constrained platforms to desktop and more powerful

platforms, are used to deploy CNN-equipped applications. To help designers navigate the

complex design spaces involved in deploying CNN models derived from ML frameworks

on alternative processing platforms, retargetable methods for implementing CNN models

are of increasing interest.

In this thesis, we present a novel software tool, called the Lightweight-dataflow-

based CNN Inference Package (LCIP), for retargetable, optimized CNN inference on dif-

ferent hardware platforms (e.g., x86 and ARM CPUs, and GPUs). In LCIP, source code



for CNN operators (convolution, pooling, etc.) derived from ML frameworks is wrapped

within dataflow actors. The resulting coarse grain dataflow models are then optimized us-

ing the retargetable LCIP runtime engine, which employs higher-level dataflow analysis

and orchestration that is complementary to the intra-operator performance optimizations

provided by the ML framework and the back-end development tools of the target plat-

form. Additionally, LCIP enables heterogeneous and distributed edge inference of CNNs

by offloading part of the CNN to additional devices, such as onboard GPU or network

devices. Our experimental results show that LCIP provides significant improvements in

inference throughput on commonly-used CNN architectures, and the improvement is con-

sistent across desktop and resource-constrained platforms.

Lastly, image classification is an essential challenge for many types of autonomous

and smart systems. With advances in Convolutional Neural Networks (CNNs), the accu-

racy of image classification systems has been dramatically improved. However, due to

the escalating complexity of state-of-the-art CNN solutions, significant challenges arise

in implementing real-time image classification applications on resource-constrained plat-

forms. The framework of elastic neural networks has been proposed to address trade-offs

between classification accuracy and real-time performance by leveraging intermediate

early-exits placed in deep CNNs and allowing systems to switch among multiple candi-

date outputs, while switching off inference layers that are not used by the selected output.

In this thesis, we propose a novel approach for configuring early-exit points when con-

verting a deep CNN into an elastic neural network. The proposed approach is designed to

systematically optimize the quality and diversity of the alternative CNN operating points

that are provided by the derived elastic networks. We demonstrate the utility of the pro-



posed elastic neural network approach on the CIFAR-100 dataset.
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Chapter 1

Introduction

Neural networks have been an important topic studied by many researchers as an

alternative to other machine learning methods, largely due to the superior performance

introduced by neural-network-based methods in many important application areas, such

as application areas in computer vision. As neural networks become more widely adopted

in many signal and information processing systems, the complexity of state-of-the-art

neural network models also grows [1]. The increased complexity of neural networks has

helped to drive advances in increasingly powerful processor technology, such as multicore

processors, graphics processing units (GPUs), and tensor processing units (TPUs) [2],

which can be used for more efficient execution of neural networks.

While much of the advances in processor technology for neural network imple-

mentation have been oriented towards high performance computer systems, there is also

significant interest in processors that help to deploy neural network models at the net-

work edge, where platforms typically have strict constraints in terms of processing re-

sources, memory requirements and energy consumption. Compared to high-performance

computing platforms, platforms for edge computing are more energy efficient and com-

pact in size. The platforms are typically equipped with multicore CPUs and GPUs that

are significantly smaller in scale and less powerful in terms of computational capability

— compared to high-performance platforms — and much less demanding in terms of
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power consumption. Edge-based platforms may also include hardware accelerators that

are streamlined for resource-constrained machine learning.

Efficient operation under strict resource constraints is also relevant in simulation of

neural networks — in particular, for simulation of spiking neural networks (SNNs) on

commodity-off-the-shelf (COTS) desktop or laptop computing platforms. Conventional

SNN simulators are targeted to supercomputers, very large scale computing servers, or

expensive hardware accelerators. The ability to simulate SNNs on COTS computing plat-

forms opens up much greater access to accurate SNN simulation, and has the potential to

increase the variety of ways in which SNNs are studied and applied in neuroscience and

neuromorphic computing.

Deploying neural networks on resource-constrained platforms, including both sim-

ulation and implementation of neural networks, involves complex design spaces associ-

ated with the mapping of the networks onto the platforms and the configuration of the

networks. These design spaces must be navigated effectively to achieve high-quality

trade-offs among key design objectives, including energy efficiency, execution time, and

inference or simulation accuracy [3, 4].

In this thesis, we present four research contributions that pertain to the efficient sim-

ulation and implementation of neural networks on resource-constrained platforms: (1) a

new approach to simulating spiking neural networks (SNNs) with timed dataflow graphs,

including the development of a novel simulation tool called LDSS (Lightweight Dataflow

SNN Simulator); (2) a method for dynamic, data-driven hyperspectral image classifica-

tion on resource-constrained platforms; (3) LCIP, the Lightweight-dataflow-based CNN

(convolutional neural network) Inference Package for retargetable, optimized CNN in-
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ference on different hardware platforms; and (4) a novel approach for configuring and

selecting early-exit points in a deep CNN modeled as an elastic neural network.

The first contribution focuses on developing a new simulation methodology for

SNNs that is based on timed dataflow modeling. The new methodology enables effi-

cient event-driven SNN simulation, and facilitates the simulation of complex SNNs on

commercial-off-the-shelf (COTS) computing platforms.

The second contribution focuses on the efficient implementation of neural networks

on resource-constrained platforms — in particular, on deploying neural networks on such

platforms with adaptive runtime performance and topology. Resource-constrained, adap-

tive implementation is studied in the context of hyperspectral image classification, which

is an area that has attracted great interest in recent years for new neural-network-based

methods. The proposed system design for hyperspectral image classification allows for

adaptation across different system throughput and accuracy targets, while being amenable

to deployment on resource-constrained processing devices.

The third contribution centers around LCIP, which provides an integrated approach

to resourceability, efficiency, retargetability, and configurability in edge-based CNN in-

ference. LCIP helps to bridge the gap between dataflow modeling and machine learning

(ML) inference frameworks, allowing flexible high-level graph scheduling on resource-

constrained devices. LCIP adapts dataflow methods to different platforms and libraries

based on designer specifications.

The fourth contribution helps system designers to explore multi-objective design

spaces for deep CNN (DCNN) inference optimization. By equipping DCNNs with mul-

tiple exit points, elastic neural networks allow for alternative trade-offs among multiple
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performance metrics. In this contribution, we build upon prior work on elastic neural net-

works. The key novelty in our contribution lies in systematically incorporating concepts

of multi-objective optimization and Pareto diversity into system design for elastic neural

networks.

The remainder of this thesis is organized as follows. Chapter 2 introduces the pro-

posed LDSS software framework for efficient simulation of SNNs. Chapter 3 introduces

our dynamic, data-driven hyperspectral image classification system targeted to resource-

constrained platforms. Chapter 4 presents the the Lightweight-dataflow-based CNN Infer-

ence Package (LCIP), and Chapter 5 presents our multi-objective framework for selecting

early exit points in elastic neural network structures for DCNNs. The contributions of the

thesis are summarized and directions for future work are discussed in Chapter 6.
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Chapter 2

LDSS for Simulating Spiking Neural Networks with Timed Dataflow

Graphs

In this chapter, we focus on introducing LDSS, the Lightweight Dataflow SNN

Simulator, a simulator designed specifically for efficient Spiking Neural Network (SNN)

simulation. We begin by providing background information on SNN simulation and dis-

cussing two commonly used simulation approaches: time-driven and event-driven. We

then delve into the design and development of LDSS, with a particular emphasis on its

event-driven SNN simulation capabilities. Through a series of experiments, we demon-

strate the effectiveness and efficiency of LDSS compared to a suitably-formulated time-

driven baseline.

Material in this chapter was published in partial, preliminary form in [5].

2.1 Introduction

The simulation of biological computation with Spiking Neural Networks (SNNs)

has recently gotten attention for saving energy during computation [6, 7]. SNNs are often

used in computational neuroscience for modeling biological behavior comparable to in-

vitro or in-vivo experiments. In recent years, SNNs have also been applied to circuits and

systems for machine learning.

In this chapter, we propose a novel event-driven approach for simulating SNNs, and
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we present a prototype simulator called LDSS (Lightweight Dataflow SNN Simulator),

which demonstrates this approach. LDSS is developed using the Lightweight Dataflow

Environment (LIDE) [8], which is a tool for dataflow-based design of signal processing

systems.

The simulation approach used in LDSS involves a finite-element evaluation to pre-

dict the next time a given neuron fires a spike. This type of prediction is used to make the

computation of spikings in the network event-driven instead of time-driven. Such event-

driven computation is enabled by the design of SNNs as dataflow graphs, where each

actor (vertex) of a graph represents a spiking neuron and encapsulates computation that

predicts the next firing time of the neuron given its current state. In addition to improv-

ing simulation speed through event-driven simulation, the dataflow-based formulation of

the proposed simulation approach facilitates retargetability across diverse hardware plat-

forms, such as CPU, FPGA, or GPU platforms, or their hybrid combinations.

The rest of this chapter is organized as follows. After a brief state of the art on SNN

simulation and simulators making usage of dataflow engines (Section 2.2), we present

the background of neuron models and dataflow framework used for the realization of

our simulator in Section 2.3. Implementation details of our simulator are described in

Section 2.4 followed by a comparison with a sequential version of the same simulation

written in C (Section 2.5). Section 2.7 provides our initial conclusion on developing a

SNN simulator with a dataflow approach as well as our plan for future directions.
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2.2 Related Work

Various SNN simulators exist (e.g., see NEURON [9], NEST [10], Brian [11, 12]).

Each simulator has its own specificity and purpose, but generally, they have evolved into

providing an abstraction layer for computational neuroscientists to focus mainly on the

specifications of their simulations, may it be at the molecular level or for the description

of a large population of highly interconnected neurons.

SNN simulators are developed following two different approaches: time-driven or

event-driven simulation, with time-driven approaches being more common. The prefer-

ence for time-driven approaches stems in part from the slower speed of existing event-

driven SNN simulators. This slow speed results from extensive use in existing event-

driven simulators of pre-compiled lookup tables [13], where the dimensionality of the

tables and the frequency of their access become bottlenecks. As a result, time-driven ap-

proaches outperform conventional event-driven approaches for complex networks [13].

The main contribution of this chapter is to introduce a new approach to event-driven

SNN simulation that is based on dataflow modeling, and event-prediction functions that

are encapsulated within dataflow actors. The proposed approach is shown to outperform

time-driven simulation, with the performance gap increasing as the size of the network

increases. Rather than seeking to introduce a new tool in the large space of existing

SNN tools, our primary contribution is to introduce new insight into the trade-off between

event- and time-driven simulation, which may in turn contribute to the improvement of

existing tools or development of new ones.

There are only few prior developments to our best knowledge that focus on design-
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ing and simulating SNNs with dataflow techniques. The NeuroFlow framework, which

uses a proprietary dataflow engine as the hardware platform, is a noticeable example

following this direction [14]. In contrast to NeuroFlow, our work applies dataflow as

a programming model while imposing no constraints on the hardware platform. This

facilitates retargetability to diverse platforms (e.g., single-core, multicore, or FPGA plat-

forms), as described in Section 2.1. Moreover, the approach we propose in this chapter

is entirely based on event-driven computation, whereas the NeuroFlow design computes

internal parameter variations of each neuron of the network using a time-driven approach.

2.3 Background

2.3.1 Spiking Neuron Model

For the development of LDSS, we apply Izhikevich’s simple model of spiking neu-

rons [15] to simulate neurons in networks that are represented in LDSS. Izhikevich’s

model is selected as a first model for incorporation into LDSS because the model com-

bines biological realism with computational simplicity. However, the main ideas of LDSS

can be applied to any model of choice, such as AdEx [16] or Leaky Integrate-and-Fire.

A synaptic connection is often modeled as a weight wi j randomly generated between

two neurons i and j with the connection going from neuron i (pre-synaptic) to neuron j

(post-synaptic). When the pre-synaptic neuron is excitatory, the weight wi j is normalized

to the range [0, 0.5]. Similarly, if the pre-synaptic neuron is inhibitory, wi j ∈ [−1, 0].

A network composed of such random constant synaptic weights for all its synap-

tic connections defines the class of pulse-coupled neural networks (PCNNs). In PCNNs,
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synaptic connections are fixed at the initialization of the network and weights remain

constant throughout the simulation. The simulation experiments presented in this chap-

ter are based on this type of synaptic connectivity in order to present the validity of our

dataflow-based and event-driven simulation approach with comparison to a reference se-

quential, time-driven C-language version.

Other models of synaptic connections exhibiting short-term [17] and long-term

plasticity [18] exist in the literature. These are not within the scope of this chapter and

will be subjects of future work in the development of LDSS.

2.3.2 Dataflow Modeling

Dataflow-based design models of signal and information processing systems are di-

rected graph models in which graph vertices, called actors, represent computational mod-

ules, and each edge represents the communication of data from the output of one module

to the input of another. A recent study illustrating the utility of dataflow techniques in

the context of AI circuits and systems is presented by Li et al. [19]. In LDSS, each actor

corresponds to an individual neuron, and encapsulates the computations that are used to

simulate the behavior of the neuron. A dataflow edge e = (u, v) in LDSS correspond

to synaptic connections between pairs of neurons with the source and sink vertices of e

correspond to the pre-synaptic µ(u) and post-synaptic µ(v) neurons respectively. Here,

for a given LDSS actor x, we use µ(x) to denote the neuron that is represented by x. For

detailed background on dataflow-based modeling of signal and information processing

systems, we refer the reader to [20, 21].
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For implementation of dataflow graphs in LDSS, we employ the Lightweight

Dataflow Environment (LIDE) [8]. LIDE includes application programming interfaces

(APIs) for developing actors and edges in signal processing dataflow graphs. The APIs

are not language-specific; instead, they are defined in terms of fundamental dataflow prin-

ciples. In LDSS, we employ LIDE-C, which is based on C-language implementations of

the LIDE APIs, and τLIDE, which extends LIDE-C with capabilities for timed simula-

tion [22].

τLIDE [22] is a time-extended version of LIDE. While pure dataflow models of

computation are untimed models with no built-in concept of time or time stamps, τLIDE

incorporates the notion of a global time clock, and associates functions or constant values

for estimating the time that is elapsed (within the “modeling universe” that is being simu-

lated) when actors execute. Thus, τLIDE provides a tool for implementing and simulating

dataflow-based system models in which the progression of time is an important aspect.

The integrated support for time in τLIDE is important for simulating SNNs because of,

for example, the dependence on time in Eq. 2.1 and Eq. 2.2 [15].


dv
dt
= 0.04v2 + 5v + 140 − u + I

du
dt
= a(bv − u)

(2.1)

if v ≥ vpeak then,


v = c

u = u + d

(2.2)

Here, the membrane potential v represents the voltage across the neuronal mem-

brane, while the membrane recovery variable u interacts with v to model sub-threshold
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dynamics. The membrane time constant a controls the decay rate of the membrane po-

tential, determining how quickly the neuron returns to its resting potential after spiking.

The membrane sensitivity b influences the responsiveness of the membrane potential to

input currents. When a spike occurs, the membrane potential and recovery variable are

reset to the values defined by the membrane reset potential c and recovery variable reset

d, respectively. Lastly, the input current I represents the total input current received by

the neuron, incorporating synaptic inputs, external inputs, and intrinsic currents.

2.4 Modeling and Simulation of SNNs in LDSS

In LDSS, each dataflow actor corresponds to an individual neuron, and encapsulates

the computations that are used to simulate the behavior of the neuron. The actor models

of neurons are based on Izhikevich’s model, as implied in Section 2.3.1. Dataflow edges

in LDSS correspond to synaptic connections between pairs of neurons. Given an edge e in

an LDSS dataflow graph, the source and sink vertices of e correspond to the pre-synaptic

and post-synaptic neurons associated with the connection modeled by e.

During the simulation of a system model in τLIDE, the current value of the global

time clock of τLIDE is referred to as the global dataflow time (GDT). In co-simulation

contexts where τLIDE is interfaced with one or more cooperating simulators, the GDT is

easily distinguished from any clocks that are associated with those simulators. In LDSS,

however, no cosimulation is involved since τLIDE is sufficient for implementing all of

the required simulation functionality.

LDSS can be viewed as a package of SNN-specific actors and utilities that we have
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developed for simulating and experimenting with SNNs in τLIDE. The utilities in LDSS

include functions for automatically generating SNN models of arbitrary size using ran-

domization techniques, and for reading SNN models from input files. This latter feature

is useful to experiment with models that are generated by other SNN experimentation

tools. LDSS can readily be extended with libraries that support other models for spiking

neurons (beyond Izhikevich’s model [15]).

The dataflow graph of an SNN model in LDSS generally consists of actors that rep-

resent both excitatory neurons and inhibitory neurons. Excitatory and inhibitory neurons

in LDSS are modeled as instances of two different actor types. In the SNN models studied

in our experiments, the ratio of excitatory neurons to inhibitory neurons is 4:1.

Fig. 2.1 illustrates an example of a simple dataflow graph representation of an SNN

in LDSS. This example involves a network of five neurons, with 4 of them (E1, E2, E3, E4)

being excitatory neurons and one of them (I1) being an inhibitory neuron. The edges in

Fig. 2.1 model synaptic connections between neurons. In particular, a dataflow edge

(X,Y) in LDSS represents a synaptic connection between µ(X) and µ(Y), where µ(X) is

the pre-synaptic neuron and µ(Y) is the post-synaptic neuron. Here, for a given LDSS

actor X, we use µ(X) to denote the neuron that is represented by X. The numbers next to

the edges shown in Fig. 2.1 show the weights of the corresponding synaptic connections

(see Section 2.3.1).

Suppose that G is a dataflow graph that models an SNN in LDSS, and that N is an

actor in G. The actor N has an associated execution time estimation function, which is

denoted by θN , and computes the predicted time of the next spike that is to be generated

by µ(N) based on the current state of µ(N). If no spiking event is predicted based on the

12



Figure 2.1: An example of an SNN dataflow graph in LDSS.
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current neuron state, then θN returns∞. This estimation function performs a finite element

simulation based on Izhikevich’s model whenever the actor N executes. The execution

of N in turn is driven by the arrival of spikes at the inputs of N that have been generated

from predecessor neurons. More specifically, the arrival of a spike at time t at any input

of N initiates an execution of θN , which in turn may produce a predicted spiking time

pN(t) > t. The magnitude of current associated with a spike is represented as a dataflow

token. In this context, the term “token” is the generic term for a quantum of information

that is communicated across a dataflow edge.

Each synapse is modeled with a fixed propagation delay δ, which is the same for all

synapses. Thus, if a neuron µ(A) generates a spike on dataflow edge e at time t1, then the

spike will arrive at the input of B at time t2 = t1 + δ, where B is the sink actor of e. LDSS

can readily be extended with more complex propagation delay models, which represents

a useful direction for future work.

At any given value ta of simulated time, a neuron µ(N) can have at most one pre-

dicted future spike that is pending to be processed by LDSS at some time tb > ta, where

tb has been determined by θN . Such a predicted spike is maintained as a pending event

Yb within the event list of LDSS. However, if µ(N) already has such a predicted future

spike that is pending, and a new spike arrives on an input of N at some time tc within

the interval [ta, tb), then the previously scheduled spiking event is de-scheduled (removed

from the simulator event list), and (following the rules described above for initiating an

execution of N), θN is invoked to determine whether or not a new spiking event is pre-

dicted, and to compute a new predicted spiking time pN(tc) if such an event is predicted.

If the invocation of θN results in a new predicted spiking time, then the new spiking event
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is scheduled to occur at pN(tc).

More specifically, if the incoming spike is from an excitatory neuron, then a new

spiking event will be predicted, and based on properties of the underlying spiking neuron

model, we will have pN(tc) < tb. On the other hand, if the incoming spike is from an

inhibitory neuron, then a new spike may or may not be predicted, depending on whether

the neuron’s membrane potential is lowered below vpeak. If a new spike is predicted, then

the predicted time will satisfy pN(tc) > tb.

Neuron µ(N) generates a spike when the membrane potential vµ(N) reaches its peak

value vpeak, as defined by Izhikevich’s model [15]. The timing of this physical behavior is

what is modeled by θN . When µ(N) generates a spike at some time t, the actor N produces

a token that represents the spike on all of the m output edges of N in the dataflow graph.

2.5 Experiments

We evaluated LDSS by using it to model and simulate randomly-generated SNNs

with varying numbers of neurons Q. Specifically, we experimented with 7 randomly-

generated SNNs Γ1,Γ2, . . . ,Γ7 containing Q = 1,000, 5,000, 10,000, 15,000, 20,000,

25,000, 30,000 neurons, respectively. For each of these SNNs, 80% of the neurons were

randomly selected to be excitatory neurons, and the remaining 20% were inhibitory.

2.5.1 Random SNN Generation

We applied a random SNN generation approach proposed by Izhikevich [15]. In

this approach, the edges and edge weights are derived from a randomly-generated Q × Q
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matrix W of floating point values. Each neuron µ has a unique index I(µ) ∈ {1, 2, . . . ,Q},

which is used to index the rows and columns of W. Each network Γi is simulated 3 times

using the baseline simulator (see Section 2.5.2), and simulated 3 times using LDSS with

the exact same Γi.

The diagonal elements of W are all set to 0. Each off-diagonal element Wi, j (i ̸= j)

is derived from a uniform distribution within a finite interval [w1,w2]. The endpoints of

this interval differ depending on whether ni is excitatory or inhibitory, where ni represents

the neuron associated with neuron index i (that is, i = I(ni)). If ni is inhibitory, then we

use w1 = −1,w2 = 0, otherwise, we use w1 = 0,w2 = 0.5. For each ordered pair (ni, n j)

of distinct neurons, we interpret ni to be a predecessor of n j if abs(Wi, j) ≥ 0.1, where abs

represents the absolute value function. Furthermore, if ni is a predecessor of n j, then the

weight of the corresponding synapse is set to Wi, j.

2.5.2 Baseline Simulator

As mentioned in Section 2.3, we evaluate LDSS by comparing its simulation output

and execution time performance with a sequential, C-language implementation of SNN

simulation based on Izhikevich’s model [15], which is the same model used for LDSS,

as described in Section 2.4. We refer to this sequential simulator implementation in the

remainder of this chapter as the baseline simulator. As its name implies, we developed

the baseline simulator to provide a reference point — using the same implementation

language and spiking neuron model — for evaluating the dataflow-based and event-driven

SNN simulation methods presented in this chapter.
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The baseline simulator uses a conventional, time-driven simulator design. It does

not employ dataflow concepts or event-driven simulation techniques, which are key fea-

tures of LDSS. Our simulation experiments were designed carefully to use the same un-

derlying neuron and synapse models so that the dataflow- and event-driven simulation

approach of LDSS could be functionally validated, and its performance effects isolated.

This experimental approach supports the primary aim of this chapter: to demonstrate the

utility of the proposed new approach to integrating dataflow modeling and event-driven

simulation for SNNs.

2.5.3 Functional Validation

To test the validity of simulation results produced by LDSS, we simulate each of the

7 randomly-generated, Q-neuron SNNs Γ1,Γ2, . . . ,Γ7 using both the baseline simulator

and LDSS. We simulate each network for 1,000 milliseconds (ms) of simulated time. The

noise component of each neuron’s background current is simulated as thalamic input,

similarly as in [15]. The noise component is randomly updated at each simulated time

step in the baseline simulator. In LDSS, the noise component values can be generated

randomly or imported from a file. The latter option is useful when comparing output

results with another simulator. For functional validation of LDSS, we import the noise

components for the background currents of all neurons from a file that is exported from

the baseline simulator to contain all of the randomly-generated noise component values.

This allows both simulators to operate with exactly the same noise signals. For excitatory

neurons, the background current noise component is uniformly distributed in the interval
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Figure 2.2: Execution time for variable network size Q.

[0,5] pico-Amperes (pA), and for inhibitory neurons, it is uniformly distributed in [0,4]

pA.

We compare the simulated results in terms of the average spiking frequency over

all of the neurons in a given network. In each comparison, we use the same network

Γi for both the baseline simulator and LDSS. The results of these experiments show no

discrepancy between the two simulators: for Γ1,Γ2, . . . ,Γn, both simulators report the

same average spiking frequencies — (4.91×10−3, 5.22×10−2, 0.12, 0.14, 0.17, 0.21, 0.22),

respectively. The units of the spiking frequency values reported here are kHz — e.g., a

value of 0.12 corresponds to 120 Hz.
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2.5.4 Performance Comparison

We also compared the execution time between LDSS and the baseline simulator,

again using the same set of 7 randomly-generated SNNs. All simulations were executed

on the same computer, which was equipped with an Intel Core i5-8259U CPU and 16GB

of RAM. The simulations were each carried out through 1 second of simulated time.

The execution time results are shown in Fig. 2.2. The horizontal axis corresponds to

the network size Q, and the vertical axis corresponds to the measured execution time in

seconds. The results illustrate that LDSS consistently outperforms the baseline simulator,

with the amount of speedup increasing with the network size.

Detailed statistics associated with the results in Fig. 2.2 are shown in Table 2.1.

Each row corresponds to one of the two simulators (Baseline or LDSS) applied to an SNN

model with a given network size (Q). The values for the mean, minimum, maximum and

standard deviation (S.D.) are all reported in seconds. The speed improvement over the 7

test networks ranges from 44.45% to 68.59% with LDSS performing increasingly better

compared to the baseline as Q increases.

Moreover, the use of dataflow techniques in the design of LDSS facilitates acceler-

ation using multicore processors or other types of parallel computing devices. Investigat-

ing additional performance improvements provided through such acceleration is a useful

direction for future work.

We also compared the execution time between the baseline simulator and LDSS

for a fixed network size and different amounts of simulated time. For this experiment,

the network size was fixed at Q = 1,000, and the simulated time was varied across the
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Table 2.1: Execution time comparison between the baseline simulator and LDSS for dif-
ferent network sizes.

Simulator, Netw. Size Mean Minimum Maximum S.D.
Baseline, Q = 1, 000 6.13 6.06 6.27 0.12
LDSS, Q = 1, 000 3.41 3.27 3.48 0.12
Baseline, Q = 5, 000 310.04 302.86 317.09 7.11
LDSS, Q = 5, 000 127.22 126.98 127.46 0.24
Baseline, Q = 10, 000 1,313.36 1,285.01 1,335.58 25.84
LDSS, Q = 10, 000 502.00 494.55 507.02 6.58
Baseline, Q = 15, 000 3,190.28 3,184.49 3,193.27 5.02
LDSS, Q = 15, 000 1,125.43 1,109.01 1,133.65 14.22
Baseline, Q = 20, 000 5,742.75 5,654.09 5,889.29 127.84
LDSS, Q = 20, 000 2,008.45 1,977.66 2,023.89 26.67
Baseline, Q = 25, 000 9,703.44 9,617.40 9,752.64 74.77
LDSS, Q = 25, 000 3,149.80 3,104.47 3,173.70 39.27
Baseline, Q = 30, 000 14,628.38 14,505.39 14,721.99 111.24
LDSS, Q = 30, 000 4,594.30 4,528.15 4,631.99 57.47

sequence T = (1,000, 2,000, . . . , 30,000), with units in milliseconds (ms). The resulting

execution time comparison is shown in Fig. 2.3. Each experiment is repeated 3 times, and

the reported result is the average execution time across the 3 repetitions.

The maximum standard deviation for the baseline simulator is 7.09 and the mini-

mum standard deviation is 0.31. For LDSS, the maximum and minimum standard devia-

tions are 4.69 and 0.09, respectively.

The results from Fig. 2.3 show that the relationship between execution time and

simulated time is close to linear for both the baseline and LDSS simulators, with LDSS

outperforming the baseline simulator by a minimum of 16.16% and maximum of 39.32%

in terms of execution time.
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Figure 2.3: Performance comparison for different amounts of simulated time.
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2.6 Additional Results

In this section, we present additional experimental results to provide more context

into our comparison between LDSS and the baseline time-driven simulator.

The results presented in this section pertain to an experiment in which we generated

neuron-spiking raster plots using LDSS and the baseline simulator. Figure. 2.4 and Fig-

ure. 2.5 summarize results from this experiment for the network having size Q = 1,000

and simulated time between 1,000 and 2,000 milliseconds (ms). In particular, Figure. 2.4

shows the neuron spiking raster plot obtained from the baseline simulator, and Figure. 2.5

shows the raster plot generated by LDSS. Each + in the raster plots represents the firing

of a specific neuron (identified by the y coordinate) at a specific time (identified by the x

coordinate).

2.7 Summary

In this chapter, we have presented a dataflow-based, event-driven approach for mod-

eling and simulating spiking neural networks (SNNs), and we have prototyped this ap-

proach by developing a new simulation tool called the Lightweight Dataflow SNN Simu-

lator (LDSS). Useful features of the proposed new simulation approach include improved

simulation speed, enabled by the event-driven operation; design flexibility in that the

simulation is not limited to a specific spiking neuron model or network topology; and re-

targetability across different hardware platforms and implementation languages, enabled

by the rigorous use of dataflow modeling concepts. Interesting directions for future work

include developing multi-threaded or GPU-accelerated versions of LDSS for further sim-
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Figure 2.4: Neuron-spiking raster plot resulting from the baseline simulator Q = 1000.
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Figure 2.5: Neuron-spiking raster plot resulting from LDSS with Q = 1000.
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ulation speedup, and adaptation of other SNN simulators using models and methods from

the proposed simulation approach.
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Chapter 3

Dynamic, Data-Driven Hyperspectral Image Classification on

Resource-Constrained Platforms

In Chapter 2, we explored LDSS, an efficient Spiking Neural Network (SNN) sim-

ulator. In this chapter, our focus shifts to introducing a novel method for resource-

constrained image-analysis implementation known as VBIC (Variable Band Image Clas-

sification). VBIC addresses the challenge of high complexity present in Hyperspectral

Images (HSI), particularly in the spectral dimension, as well as the neural networks em-

ployed for classification purposes. The implementation of VBIC offers dynamic config-

urability within the Convolutional Neural Network (CNN) topology, enabling support for

HSI inputs with varying degrees of spectral complexity.

Material in this chapter was published in partial, preliminary form in [23].

3.1 Introduction

Hyperspectral image processing (HSIP) applications are becoming increasingly

common in important application areas such as surveillance [24], medical diagnos-

tics [25], forensics [26], and remote sensing [27]. The utility of HSIP in these fields

stems from the high levels of spectral diversity and spectral resolution that hyperspectral

images provide compared to conventional image acquisition approaches (e.g., see [28]).

An HSIP application of fundamental importance is the problem of image classification,
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which involves mapping each pixel into a set of pre-determined classes. In recent years,

deep neural networks (DNNs) have been shown to be useful for accurate image classi-

fication in HSIP applications [29]. Prior work on HSIP system design has focused on

systems with loose resource constraints or without strong emphasis on data-driven adap-

tivity (e.g., see [30] [31]). However, the computational complexity of DNNs together

with the large amounts of data involved in HSIP applications makes the deployment of

DNNs in resource-constrained scenarios a challenging problem.

The capability for data-driven, real-time processing of hyperspectral image classi-

fication on resource-constrained platforms opens up the potential for many novel appli-

cations. In this chapter, we introduce a novel framework for hyperspectral image clas-

sification that integrates adaptive DNN-based image analysis with real-time, resource-

constrained processing.

Our approach involves optimizing the design of a single DNN for operation across

a variable number of spectral bands. DNNs that are developed in this way can then be

adapted dynamically based on the availability of resources and time-varying constraints

on real-time performance. The proposed approach allows the deployed DNN configura-

tion to be varied at run time to maximize hyperspectral image analysis accuracy subject

to operational requirements that may vary dynamically, and may be unknown at design

time. We demonstrate the effectiveness of the proposed class of adaptive and scalable

DNNs through experiments using publicly available remote sensing datasets.

This work helps to advance the application of Dynamic Data Driven Applications

Systems (DDDAS) by providing new methods for encapsulating a range of HSIP con-

figurations, with alternative trade-offs between complexity and image analysis accuracy,
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within a single DNN model. The single model can be deployed onto a resource con-

strained platform and used to adapt system operation based on dynamically changing op-

erational requirements — e.g., based on changes in urgency due to information extracted

from recently-acquired imaging data.

3.2 Related Work

Hyperspectral image classification (HIC) is an important application in HSIP. It is

applied, for example, in the area of remote sensing, where different types of land features

need to be recognized and categorized. Most studies on HIC focus on maximizing classi-

fication accuracy. A common theme in recent works on HIC is the application of DNNs.

Many of these recent works have reported very high accuracy when applying DNNs to

HIC problems in remote sensing (e.g., see [32, 33, 34, 35]). However, these works often

focus on accuracy without taking into account stringent resource constraints or real-time

performance.

On the other hand, a number of studies have investigated real-time HIC. For exam-

ple, Madroñal et al. developed a real-time HIC implementation on a high-performance

computing platform called the Massively Parallel Processor Array (MPPA) [30]. Their

approach utilized Support Vector Machine (SVM) methods for the classification pro-

cess. Wu et al. proposed an approach called logistic regression via variable splitting

and augmented Lagrangian (LORSAL) for GPU-based, real-time HIC [36]. Sharma et

al. proposed a real-time DNN-based approach for face recognition from hyperspectral

images [37].
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Compared to the related work summarized above, the HIC method presented in this

chapter is novel in its joint support for resource-constrained deployment, and scalable

execution. Moreover our framework is based on DNN techniques, which have potential

for very high accuracy HIC. Here, by scalable, we mean that trade-offs among accuracy,

resource requirements, and real-time performance can be adapted flexibly and efficiently

at run-time to match the configuration of the system to time-varying operational require-

ments.

3.3 Approach

The proposed system for HIC is designed to adaptively configure system complex-

ity to maximize classification accuracy subject to constraints on real-time performance.

The system is designed using a convolutional neural network (CNN) structure that ac-

cepts as input a variable number of hyperspectral input channels from among the com-

plete set of channels S that is available from a given hyperspectral sensing subsystem.

The elements of S are provided as input to the HIC system as an ordered list of chan-

nels S = {C1,C2, . . . ,Cm}, where m is the total number of available channels. The vari-

able number of channels to use at run-time is selected from a set of predefined options

Ω = {n1, n2, . . . , nk}, where k ∈ {1, 2, . . . ,m}, and 1 ≤ n1 < n2 < . . . < nk ≤ m. In our

experiments, we use k = 4, n1 = 30, n2 = 60, n3 = 90, and n4 = m.

At run-time (during inference), an integer-valued input nc ∈ Ω is provided to the

HIC system to indicate which band-subset option is selected for image classification. The

value of nc gives the number of input channels that is to be used to classify image pixels;
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the value of nc can be varied dynamically by the system in which the CNN is embedded.

More specifically, the set of channels used for classification is κ = {Ci | 1 ≤ i ≤ nc}.

By definition of κ, the ordering C1,C2, . . . ,Cm can be viewed as a priority list with

lower-index channels having higher priority for inclusion in the inference process com-

pared to higher-index channels. The priority list can be constructed using arbitrary meth-

ods for prioritizing hyperspectral imaging channels; in the experiments developed in this

chapter, we apply the prioritization methods developed by Li et al. The prioritization

methods were developed initially for multispectral video [38], and then extended to hy-

perspectral video [39].

We refer to our proposed approach as Variable Band Image Classification (VBIC).

Our development of VBIC builds upon LDspectral, which was originally developed as

a software tool for design optimization of dynamic, data-driven multispectral image pro-

cessing systems [40], and has been extended more recently with support for hyperspectral

image processing [39]. LDspectral in turn applies Lightweight Dataflow (LD), which is a

compact set of application programming interfaces and associated libraries for dataflow-

based design and implementation of embedded signal and information processing sys-

tems [41].

The CNN architecture for VBIC is illustrated in Figure. 3.1. The network is based

on an HIC network proposed in [35]. In this work, we adapt the network of [35] to

incorporate the novel capability of being able to operate on a variable number of spectral

bands. We would like to emphasize that the adaptation approach that we develop in this

chapter is not specific to the network of [35]. Instead, our approach can be viewed as a

general methodology for adapting fixed-band-set CNNs for HIC into variable-band-subset
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Figure 3.1: An illustration of the CNN architecture for VBIC.

form.

In Figure. 3.1, each block whose label starts with “V” represents a convolutional

block. More precisely, each V[a][b] represents (2k + 2) convolutional blocks in the net-

work performs a 3-D convolution. Each block labeled ReLu is a rectified linear unit, each

Sum block performs the addition of results from the previous network stage, and the FC

block is a fully connected layer. The dotted edges in Figure. 3.1 (e.g., the edge from the

first ReLu block to V[2][2]) are connections that may or may not be active at run-time

depending on how many bands the network is configured to execute (i.e., depending on

the value of nc) at that time. We refer to these connections as dynamic connections.

We refer to the subsystem consisting of V[2][1],V[2][2], . . . ,V[2][k] as the first

stacked layer, and similarly, we refer to the subsystem consisting of V[3][1], V[3][2], . . .,

V[3][k] as the second stacked layer. For integers x ∈ {2, 3}, and y ∈ [1, k], we use a minor

abuse of notation to denote the set of convolutional blocks {V[x][1],V[x][2], . . . ,V[x][y]}

by V[x][1 : y].

The input to the VBIC network is a three-dimensional tensor T (p) with size M×M×

nc. The tensor T (p) is used to classify a single image pixel p from a given hyperspectral

image frame H. The tensor is referred to as the patch associated with p. The parameter
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M is an odd integer that is fixed at design time, and is less than (typically much less than)

the number of rows and number of columns in a single hyperspectral image frame. In

our experiments, we use M = 7. The patch associated with p consists of all of the nc

selected spectral bands for pixel p and its neighbors within the M × M window within

H that is centered at p. If p is at or sufficiently close to the boundary of H, the patch

is zero-padded to produce a tensor of the required size M × M × nc. A complete image

frame H is classified by iteratively invoking the VBIC network on T (p) for all pixels p

in H. The output of the VBIC network for a given tensor T (p) is a classification label

for p together with a probability value, which indicates the level of confidence in the

classification result.

Unique features of VBIC include: (1) nc, the size of the third dimension of T (p),

can be varied dynamically, and (2) the network is trained deliberately to handle such a

variable number of spectral bands in the classifier input.

We have developed a novel algorithm for VBIC training. The algorithm is shown

in Algorithm 1, which provides a pseudocode sketch of the training process for VBIC.

The function initialTraining takes as arguments an untrained VBIC network Γ with the

structure illustrated in Figure. 3.1, a positive integer n, a labeled training dataset T , and

a number of epochs E for training. The function configures Γ by deactivating all of the

dynamic connections so that the only blocks V[2][1] and V[3][1] are active in the two

stacked layers. The remaining stacked layer blocks are ignored in the training process for

this function. The resulting configuration of Γ is then trained for E epochs using T . Only

the first n channels (the highest priority n channels) of T are used in the training process.

The function furtherTraining takes as arguments a partially-trained VBIC network
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Algorithm 1: A pseudocode sketch of the training process for VBIC.
input : Γ: A DNN network of the form illustrated in Figure. 3.1.
input : k: The number of band-subset options.
input : Ω = {n1, n2, . . . , nk}: the number of bands in each band-subset option.
input : T : the labeled hyperspectral image dataset that is to be used for

training.
input : {C1,C2, . . . ,Cm}: the priority list of spectral bands.
param: E: the number of training epochs in each training iteration.
output: WeightsΓ: the weights of the network Γ are trained as a side effect of

this function.
Procedure VBIC-training Γ, k, Ω, T , {C1,C2, . . . ,Cm}

channelCount = n1;
initialTraining(Γ, channelCount,T, E);
for i = 2, 3, . . . , k do

channelCount = channelCount + ni;
furtherTraining(Γ, i, channelCount,T, E);

end
return WeightsΓ

end

Γ that has been produced by the previous iteration of the overall VBIC training process.

The function arguments also include an integer i ∈ [2, k], an integer n ∈ [1,m] (recall

that m is the total number of available hyperspectral channels), and as used in function

initialTraining, a training dataset and number of epochs specification.

The function furtherTraining configures Γ by activating the stacked layer blocks

V[2][1 : i] and V[3][1 : i] while deactivating all of the other stacked layer blocks. The

function activates only those dynamic connections that are incident to activated blocks.

In the resulting network, the stacked layer blocks V[2][1 : i − 1] and V[3][1 : i − 1]

have weights that have been trained from preceding iterations of the enclosing training

process. These existing weights are “frozen” along with the existing (pre-trained) weights

of V[4][1]. Thus, the training process of function furtherTraining is configured to train

only the weights of V[1][1], V[2][i], V[3][i], and the fully connected layer FC. Based on
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this configuration of frozen and non-frozen (to-be-trained) weights, the function carries

out a training process with the given number of epochs and given training dataset. Only

the first n channels of T (as specified by the third function argument) are used in the

training process. The network Γ— in particular, its set of trained weights — is updated

as a side effect of this function.

An important aspect of Algorithm 1 is the freezing of weights in stacked layer

blocks V[2][1 : i − 1] and V[3][1 : i − 1] in each iteration i = 2, 3, . . . of the for loop,

as enforced by function furtherTraining. This enables evolution of a single network that

is capable of handling all of the pre-defined band subset options. Encapsulation of all

of the options within a single DNN model is especially important in resource-constrained

deployment scenarios, where there may be insufficient storage space available for multiple

DNN models.

As the band subset option index j increases from 1 to k, the system accuracy can

be expected to increase, while the processing complexity (and hence the execution time

and energy consumption) also increases. The novel approach to designing and training

the VBIC system provides systematic optimization of this trade-off between image clas-

sification accuracy and processing complexity, and encapsulation of the result compactly

within a single DNN model.

3.4 Experiments

We demonstrate the proposed VBIC approach through experiments on an Android

mobile phone (OnePlus 7 pro), which we use as a platform for prototyping resource-
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constrained image processing applications. In the experiments, we provide hyperspectral

image input to the platform through flash storage. The platform is equipped with an 8-core

Qualcomm Snapdragon 855 CPU, 12 GB of RAM, and 256 GB storage.

We evaluate our VBIC-based Android implementation using two commonly used

datasets in remote sensing: Indian Pines and Pavia University. The Indian Pines dataset

has 145 × 145 pixels and 224 spectral bands with wavelengths ranging from 400–2500

nanometers(nm) [42]. The pixels are categorized into 16 classes. The Pavia University

dataset has 610× 610 pixels classified into 9 classes, and 103 spectral bands with spectral

coverage spanning 430–860 nm.

The training process for VBIC (Algorithm 1) is implemented using PyTorch. Net-

work training is performed using patch size parameter M = 7 (see Section 3.3), batch

size of 40, learning rate of 0.1, weight decay of 0.01 for all layers, and number of epochs

E = 100. The optimizer employed is AdaGrad [43]. Each of the two datasets investigated

is partitioned into a training set and testing set. Each training and testing set contains 80%

and 20% of the pixels of the associated dataset, respectively. Moreover, the partitioning is

performed so that for each pixel class, 80% of the pixels in that class are in the training set

and the other 20% are in the testing set. As stated in Section 3.3, we use k = 4, n1 = 30,

n2 = 60, n3 = 90, and n4 = m in our experiments.

Figure 3.2, 3.3, 3.4, and 3.5 illustrate the model size and overall accuracy for dif-

ferent nc under two datasets used. Figure 3.2, 3.3, 3.4, and 3.5 show the model size and

overall accuracy (testing accuracy across all pixel classes) for the VBIC system under the

four different values for nc ∈ Ω. Here, by the model size, we mean the number of train-

able parameters that is required in the network (excluding any parameters associated with
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Figure 3.2: Model size for VBIC under different number of nc with Pavia University
dataset.

Figure 3.3: Model size for VBIC under different number of nc with Indian Pines dataset.
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Figure 3.4: Overall accuracy comparison for VBIC under different number of nc with
Pavia University dataset.

Figure 3.5: Overall accuracy comparison for VBIC under different number of nc with
Indian Pines dataset.
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non-activated blocks). Note that only the model size associated with n4 is relevant in as-

sessing the overall model size since all of the models are supported in the VBIC system.

However, the model sizes for different values of nc provide insight into the underlying

range of trade-offs provided between model complexity and accuracy. The row labeled

“Maximum” represents nc = m, where m = 224 and m = 103 for the Indian Pines and

Pavia University datasets, respectively.

Table 3.1: Model size and accuracy.

Pavia University Dataset Indian Pines Dataset
nc Model size Overall accuracy Model size Overall accuracy
30 18,042 88.01% 27,009 76.98%
60 45,210 93.64% 72,097 92.83%
90 73,402 95.58% 118,209 95.66%

Maximum 89,306 95.55% 284,897 96.88%

We also measure the processing throughput and peak memory consumption (peak

mem) of the VBIC system as it performs classification. The results are shown in Table 3.2.

Each throughput value given in the table is derived by averaging over 20 repetitions of an

experiment with the associated dataset and nc value. The standard deviations computed

for these 20 trials are listed in the column labeled “Std dev”. The units for throughput

are pixel classifications per second (PC/s). As shown in both Figure 3.6 and 3.7, the

throughput of VBIC decreases as nc increases, and the peak memory usage increases as

nc increases as in Figure 3.8 and 3.9, accordingly.

Table 3.2: Processing throughput and peak memory consumption.

Pavia University Dataset Indian Pines Dataset
nc Throughput (PC/s) Std dev (PC/s) Peak mem (MB) Throughput (PC/s) Std dev (PC/s) Peak mem (MB)
30 35,384.86 360.64 219 34,408.78 3,178.63 181
60 21,093.52 7.57 238 19,588.24 331.73 198
90 10,112.62 121.03 291 9,660.84 77.42 254

Maximum 6,888.42 47.04 374 4,803.96 102.41 338
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Figure 3.6: Throughput comparison for VBIC under different number of nc with Pavia
University dataset.

Figure 3.7: Throughput comparison for VBIC under different number of nc with Indian
Pines dataset.
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Figure 3.8: Peak memory usage comparison for VBIC under different number of nc with
Pavia University dataset.

Figure 3.9: Peak memory usage comparison for VBIC under different number of nc with
Indian Pines dataset.
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Together, the results in Table 3.1 and Table 3.2 demonstrate the effectiveness of

the VBIC approach in practical classification scenarios. The results provide an example

of the novel range of performance/accuracy trade-offs that can be deployed using VBIC.

Moreover, the results demonstrate that large increases in throughput can be achieved with

relatively small reduction in accuracy.

3.5 Additional Results

In this section, we provide additional experimental results to provide more context

into the effectiveness of VBIC on a wider range of HSI datasets.

3.5.1 HSI Datasets

VBIC framework is further evaluated using commonly available public datasets.

These datasets include: Indian Pines [42], Pavia University, Pavia Center, and Botswana.

For all the datasets listed here, we use 80% of the pixels for training, and the remaining

20% for testing. The split is performed so that for each class, 80% of the pixels are in the

training dataset and the remaining 20% are in the testing dataset. Among the pixels in the

training dataset, we use 10% for validation, which involves optimizing hyperparameters

related to the loss function and learning rate. For training, we use a batch size of 40, a

learning rate of 0.01, a weight decay of 0.01, and an epoch count of 150. AdaGrad is used

for the optimizer, and dropout is used for regularization. Additionally, flip augmentation

is adopted to increase the amount of available training data.
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Table 3.3: Pixel distribution for Indian Pines dataset with respect to each class.

Class No. Class Name Samples
1 Alfalfa 46
2 Corn-notill 1428
3 Corn-mintill 830
4 Corn 237
5 Grass-pasture 483
6 Grass-trees 730
7 Grass-pasture-mowed 28
8 Hay-windrowed 478
9 Oats 20
10 Soybean-notill 972
11 Soybean-mintill 2455
12 Soybean-clean 593
13 Wheat 205
14 Woods 1265
15 Buildings-Grass-Trees-Drives 386
16 Stone-Steel-Towers 93

3.5.1.1 Indian Pines

The Indian Pines dataset contains 145 × 145 pixels with 224 spectral bands. As

suggested in [44], we discard the water absorption bands, which results in a modified

dataset consisting of 200 bands. Each pixel in the dataset is categorized into 16 classes.

The detailed distribution of pixels in the dataset can be found in Table 3.3. The Indian

Pines dataset is illustrated as in Figure. 3.10 and 3.11

3.5.1.2 Pavia University and Center

The Pavia University and Pavia Center datasets are two datasets captured by flight

over the town of Pavia in northern Italy. The Pavia University dataset has 103 spec-

tral bands, while Pavia Center dataset has 102 spectral bands after 12 and 13 bands are

removed due to noise, respectively [45]. The Pavia University dataset has a spatial di-
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Figure 3.10: An illustration of the Indian Pines dataset in RGB representation.
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Figure 3.11: Ground truth information of the 16 classes in the Indian Pines dataset.
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Table 3.4: Pixel distribution for Pavia University dataset with respect to each class.

Class No. Class Name Samples
1 Asphalt 6631
2 Meadows 18649
3 Gravel 2099
4 Trees 3064
5 Painted metal sheets 1345
6 Bare Soil 5029
7 Bitumen 1330
8 Self-Blocking Bricks 3682
9 Shadows 947

Table 3.5: Pixel distribution for Pavia Center dataset with respect to each class.

Class No. Class Name Samples
1 Water 824
2 Trees 820
3 Asphalt 816
4 Self-Blocking Bricks 808
5 Bitumen 808
6 Tiles 1260
7 Shadows 476
8 Meadows 824
9 Bare Soil 820

mension of 340 x 610 pixels. The Pavia Center dataset has a spatial dimension of 715 x

1096 pixels, and the center stripe of 381 pixels wide is removed from the original dataset,

due to little to no information presented. Both datasets contain 9 classes of area. De-

tailed distributions of pixels in these two datasets can be found in Table 3.4 and Table 3.5.

The Pavia University dataset is illustrated in Figure. 3.12 and Figure. 3.13, and the Pavia

Center dataset is illustrated in Figure. 3.14 and Figure. 3.15.

3.5.1.3 Botswana

The Botswana hyperspectral dataset was captured by the NASA EO-1 satellite over

the Okavango Delta, Botswana in 2001–2004. The original version of the dataset contains
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Figure 3.12: An illustration of the Pavia University dataset in RGB representation.
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Figure 3.13: Ground truth information of the 9 classes in the Pavia University dataset.
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Figure 3.14: An illustration of the Pavia Center dataset in RGB representation.
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Figure 3.15: Ground truth information of the 9 classes in the Pavia Center dataset.
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Table 3.6: Pixel distribution for Botswana dataset with respect to each class.

Class No. Class Name Samples
1 Water 270
2 Hippo Grass 101
3 Floodplain Grasses 1 251
4 Floodplain Grasses 2 215
5 Reeds 1 269
6 Riparian 269
7 Firescar 2 259
8 Island interior 203
9 Acacia woodlands 314

10 Acacia shrublands 248
11 Acacia grasslands 305
12 Short mopane 181
13 Mixed mopane 268
14 Exposed soils 95

Figure 3.16: An illustration of the Botswana dataset in RGB representation.

1496 × 256 pixels with 242 spectral bands [46]. From the original version, 97 out of the

242 spectral bands are removed to eliminate effects of water absorption [47]. The dataset

that we use in our experiments is the resulting dataset after removal of the 97 bands. The

detailed distribution of pixels in the dataset can be found in Table 3.6. The Botswana

dataset is illustrated in Figure. 3.16 and Figure. 3.17.

Figure 3.17: Ground truth information of the 14 classes in the Botswana dataset.

50



3.5.2 Experimental Setup

Except where specified otherwise, we repeat each experiment 50 times and report

the average values across the 50 trials. As a resource-constrained platform on which to

evaluate VBIC, we use the same Android mobile phone (OnePlus 7 Pro) from previous

experiments. We use the PyTorch (Version 1.9) machine learning library for network

implementation and training.

3.5.3 Results

Since the results for the Indian Pines and Pavia University datasets have been pre-

sented in Section 3.4, the rest of this section will focus on experimental results using the

Pavia Center and Botswana datasets.

Table 3.7 presents the relationship between model size and classification accuracy.

As depicted in the training scheme described in Algorithm 1, the model size increases

with higher values of nc, representing the number of usable spectral bands associated

with the HSI dataset. The candidate values of nc used in the experiments include 30,

60, 90, and Maximum, which represents the maximum number of usable spectral bands.

Consistent with the results obtained from the Indian Pines and Pavia University datasets,

increasing the value of nc leads to larger model sizes and generally improved accuracy for

VBIC, as demonstrated in Table 3.7 for the Pavia Center and Botswana datasets.

Moreover, the throughput, as shown in Table 3.8, Figure. 3.18, and Figure. 3.19, and

the peak memory usage, as illustrated in Table 3.9, Figure. 3.20, and Figure. 3.21, follow

similar trends as discussed in Section 3.4. These findings further support the conclusion
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Table 3.7: Model size and accuracy on the Pavia Center and Botswana hyperspectral
image datasets.

Pavia Center Botswana
nc Model size Accuracy Model size Accuracy
30 18,042 87.84% 24,447 88.92%
60 45,210 95.08% 64,415 96.54%
90 73,402 96.31% 105,407 97.79%

Maximum 89,306 98.18% 180,191 99.85%

Table 3.8: Processing throughput on the Pavia Center and Botswana hyperspectral image
datasets.

Pavia Center Botswana
nc Average Throughput (PC/s) Standard Deviation Average Throughput (PC/s) Standard Deviation
30 52,328.08 518.27 51,093.28 435.06
60 16,205.28 83.62 16,381.68 152.7
90 9,611.84 67.33 9,643.2 63.51

Maximum 5,327.28 69.85 4,100.32 32.21

that VBIC exhibits runtime adaptiveness under different numbers of selected bands nc,

allowing for a systematic trade-off between runtime performance metrics and accuracy.

Table 3.9: Peak memory consumption on the Pavia Center and Botswana hyperspectral
image datasets.

Pavia Center Botswana
nc Peak memory usage (MB) Peak memory usage (MB)
30 459 340
60 479 394
90 593 423

Maximum 609 470
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Figure 3.18: Throughput comparison for VBIC under different values of nc with the Pavia
Center dataset.
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Figure 3.19: Throughput comparison for VBIC under different values of nc with the
Botswana dataset.
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Figure 3.20: Peak memory usage comparison for VBIC under different values of nc with
the Pavia Center dataset.
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Figure 3.21: Peak memory usage comparison for VBIC under different values of nc with
the Botswana dataset.
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3.6 Summary

In this chapter, we have developed a framework for hyperspectral image classifica-

tion called Variable Band Image Classification (VBIC). VBIC integrates adaptive DNN-

based image analysis with real-time, resource-constrained processing. The framework

provides novel DDDAS capabilities by enabling dynamic self-adaptation of the deployed

DNN configuration to maximize hyperspectral image analysis accuracy subject to op-

erational requirements that may vary dynamically. We have demonstrated the utility of

VBIC through an implementation on an Android platform, and experiments using rele-

vant datasets. Useful directions for future work include exploration of VBIC implementa-

tions on embedded GPUs and neural network accelerators, and investigation of systematic

methods for selecting the set of options for band subset sizes.

55



Chapter 4

LCIP: A Retargetable Framework for Optimized CNN Inference

In Chapter 3 we presented VBIC, a novel implementation designed for hyperspec-

tral image (HSI) classification tasks. In this chapter, our focus shifts to the design of

a software tool that specifically addresses four general issues related to Convolutional

Neural Network (CNN) based inference on resource-constrained platforms: retargetabil-

ity, resourceability, efficiency, and configurability. In this chapter, we present a software

package, named LCIP, that addresses these four aspects of CNN implementation in an

integrated manner. LCIP facilitates enhanced design processes for deploying CNNs on

resource-constrained platforms.

Material in this chapter was published in partial, preliminary form in [48].

4.1 Introduction

Deep neural networks (DNNs) are ubiquitous in deployment of embedded signal

and information processing systems for many challenging applications. Deep configura-

tions of convolutional neural networks (CNNs) in particular have been used very widely

in recent years and continue to be of increasing interest. However, along with advances

in DNN methods comes an interest in applying DNNs to increasingly complex problems

that are deployed at the network edge, where availability of computational resources and

energy budgets are limited. Motivated by these trends, we develop in this chapter a novel
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software tool, called the Lightweight-dataflow-based CNN Inference Package (LCIP), for

streamlining deep CNN implementation. LCIP is designed to address the challenges of

deploying highly complex CNN inference systems on resource constrained platforms.

While we demonstrate LCIP using networks for image classification, LCIP provides a

general framework that can be applied to other types of CNN applications as well.

Because of the high computational complexity introduced by the convolution oper-

ation, the key operation in CNNs, developing and deploying state-of-the-art CNN models

at the network edge is challenging. Moreover, the design spaces involved in edge-based

CNN deployment are very complex, and call for systematic approaches to enable rapid

evaluation of alternative design configurations. These design spaces include diverse fac-

tors such as network architecture (topology) selection, processing device selection, and

scheduling configurations for orchestrating network execution on parallel hardware. A

major objective of LCIP is to facilitate design space exploration of resource-constrained

CNN implementation through systematic methods that are based on dataflow techniques.

By enabling more efficient design space exploration and operating at a high level

of abstraction, LCIP contributes to improving the system design workflow, and allows

designers to dedicate more focus towards the development of use cases and applications

without being distracted by low-level particularities (e.g., different application program-

ming interfaces, build tools, etc.) imposed by the machine learning (ML) frameworks

that the CNNs are designed and trained with. Related work on improving inference im-

plementation for DNNs includes Apache TVM [49], a DNN inference engine that applies

platform-specific optimization to pre-trained networks, as well as the approach for CNN

inference on embedded CPUs-GPU multiprocessor systems-on-chip (MPSoCs) proposed
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Figure 4.1: Overview of LCIP.

in [50].

In this chapter, we present a novel software tool, called the Lightweight-dataflow-

based CNN Inference Package (LCIP), which addresses the following issues of edge-

based CNN implementation in an integrated manner: retargetability, resourceability, ef-

ficiency, and configurability. Figure. 4.1 provides a hierarchical overview of LCIP, and

how it interacts with libraries, hardware, and other machine learning frameworks.

Here, by retargetability, we mean the ability to efficiently implement designs on dif-

ferent types of processing platforms. Retargetability in LCIP is achieved by its application

of the Lightweight Dataflow Environment (LIDE) [41], which is a software package for

dataflow-based design and implementation of embedded signal and information process-

ing systems. LIDE is based on a compact application programming interface (API) that
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is defined in terms of abstract dataflow principles, and can be implemented concretely

in arbitrary platform-oriented programming languages (e.g., C, C++, CUDA, OpenCL,

and Verilog), and mapped to different hardware targets, such as x86 CPUs, ARM CPUs,

CUDA-enabled NVIDIA GPUs, and field programmable gate arrays.

For example, LIDE has been used as a foundation for software synthesis of dataflow

graphs onto CPU-GPU platforms [51]. Through the dataflow based implementation

features inherited from LIDE, LCIP allows DNNs to be modeled precisely in terms of

dataflow principles, and mapped into implementations on diverse processing platforms.

Resourceability is a term that we introduce to describe the flexibility to integrate

with different frameworks for training ML models. In the design flows enhanced by LCIP,

such frameworks provide the “source” or input models for the implementation process.

Different design teams have different preferences in terms of ML frameworks (e.g., Ten-

sorFlow [52] versus PyTorch [53]) or deep learning compilers (e.g., Apache TVM [49]) so

flexibility in working with pre-trained CNNs obtained from a variety of commonly-used

ML frameworks is useful in enhancing the utility of LCIP.

Efficiency of CNN inference is crucial in edge implementation. Inefficient imple-

mentations on resource-constrained platforms may lead to unacceptable inference delays

or excessive energy consumption. In our experiments, we demonstrate efficiency im-

provements provided by LCIP in terms of inference throughput, which is an important

metric for many types of edge-targeted neural networks.

Configurability is perhaps the most distinguishing aspect of LCIP. In this chapter,

we mean a specific type of configurability in which the mapping of the high-level dataflow

of a DNN can be flexibly scheduled across available processing resources. This schedul-
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ing process includes partitioning the DNN layers across different hardware resources or

threads and controlling the exploitation of task-level and pipeline parallelism across DNN

layers. Configurability is crucial to design space exploration since the number of alter-

native scheduling configurations for a dataflow graph in general grows rapidly (super-

polynomially) with the size of the graph, and the dataflow schedule has a large impact on

metrics that include throughput, latency, memory requirements, and energy consumption

(e.g., see [21]).

LCIP provides an integrated approach to addressing resourceability, efficiency, re-

targetability, and configurability in edge-based CNN inference. LCIP offers a bridge be-

tween dataflow modeling and existing ML inference frameworks by providing flexible

high-level graph scheduling for CNN inference on resource-constrained devices. The

high level dataflow methods applied by LCIP can be adapted systematically to differ-

ent target platforms and platform-specific libraries based on designer specifications and

available hardware resources. Through an extensive experimental evaluation, we com-

pare LCIP to commonly used ML frameworks with respect to key performance metrics,

and we demonstrate significant performance improvements delivered by LCIP compared

to existing state-of-the-art methods.

The general design flow of deploying a model in LCIP starts with an importer,

which parses the pre-trained network and generates a LIDE-compatible graph represen-

tation of the original CNN. The generated LIDE graph can then be further profiled and

optimized with various types of parallelism, such as pipeline parallelism, task parallelism,

intra-operator parallelism, and data parallelism. Due to the design flexibility introduced

by dataflow modeling in LCIP, arbitrary combinations of these types of parallelism can be
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easily explored as options for performance optimization. Further performance enhance-

ment can be explored in conjunction with the aforementioned optimizations, including

but not limited to platform-specific optimizations, distributed inference, and heteroge-

neous inference.

LCIP is capable of providing CNN inference on multiple devices connected over a

network, with the inference load distributed across the available devices. The load on each

device is balanced to optimize overall inference throughput. This feature is crucial to de-

ploying CNNs efficiently on resource-constrained devices because a single device might

not be capable of achieving reasonable runtime performance, due to the more energy-

efficient and less computationally-powerful design of resource-constrained devices. How-

ever, an ensemble of such devices can collectively contribute to the target application with

the CNN inference task partitioned across the different devices in the ensemble.

4.2 Related Work

Many attempts have been made to improve the feasibility and performance of de-

ploying CNN-based systems across different hardware platforms. For example, Apache

TVM [49] aims to create an inference compiler engine for pre-trained DNNs from popular

ML frameworks for efficient deployment. TVM also targets different hardware platforms,

including CPUs, GPUs, and accelerators, by utilizing the unique computing kernels avail-

able for the platforms. TVM operates by converting pre-trained DNNs that are input to the

tool into TVM’s proprietary intermediate representation, and then performing platform-

specific optimizations on the intermediate representation.
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Similar to LCIP, TVM also models DNNs as dataflow graphs; what makes LCIP

unique in this respect is that LCIP allows dataflow graph schedules to be designed in-

dependently from the dataflow actors and edges, which enables flexible network-level

scheduling. For example LCIP allows great freedom to the designer in partitioning DNN

layers across available processors or threads, while such flexibility is not available in

TVM. This form of design flexibility provided by LCIP is what we have referred to as

configurability in Section 4.1. With this form of configurability, LCIP can be viewed as

complementary to TVM. Whereas TVM’s emphasis is on mapping CNN layers efficiently

into optimized platform-specific implementations, LCIP focuses on providing configura-

bility for network-level (inter-layer) design optimization and trade-off exploration.

Edge processing devices and other types of resource-constrained processors are

becoming increasingly popular due to advancements in CPU and GPU technology for

computation- and energy-constrained applications. As a result, these devices are more

than capable of deploying applications that are equipped with neural networks.

Many tools provide capabilities for optimizing neural network inference on edge de-

vices. For example, TensorFlow Lite [52] is a mobile library that is specifically designed

for deploying neural networks on edge devices with support for post-training model op-

timization at the operator level. However, TensorFlow Lite does not support ML frame-

works other than TensorFlow directly, making it difficult for users that are unfamiliar

with TensorFlow to utilize the full capability of TensorFlow Lite. PyTorch Mobile [53]

is another notable example of an edge inference library that addresses the model deploy-

ment problem for mobile devices. PyTorch Mobile utilizes various low-level compute

libraries, such as QNNPACK [54], to streamline model deployment on mobile devices.
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Similar to TensorFlow Lite, PyTorch Mobile focuses on optimizing pre-trained models at

the operator level, and also supports models that are trained only with the parent frame-

work (PyTorch in this case). LCIP, on the other hand, supports different ML frameworks

and neural network compilers to help address problems associated with model compati-

bility and provides designers with greater flexibility in their choice of ML frameworks.

Additionally, LCIP provides sophisticated graph-level optimizations to pre-trained model

deployment, which provides more flexibility for design optimization. The graph-level

optimizations provided by LCIP utilize different levels of parallelism; the optimizations

are enabled by the dataflow modeling methods employed in LCIP, which are discussed in

detail in Section 4.3.

In scenarios where CNNs are deployed on edge devices, there usually are unique

advantages of choosing edge devices over more powerful platforms; such advantages

include factors such as mobility and connectivity. However, the limited computing capa-

bility and power budget in edge devices often result in undesirable runtime performance

for many applications, especially for real-time applications. To alleviate these restric-

tions, offloading inference tasks from the targeted edge device to other network devices

is a potential solution. In such a distributed deployment, each individual device is only

responsible for partial CNN inference, which has the potential to result in significantly

higher inference throughput compared to what can be provided by a single edge device

operating in isolation.

Hu et al. [55] propose a novel distributed inference mechanism called EdgeFlow,

which utilizes a progressive model-partitioning algorithm to partition a DNN model by

layers and balance the computational load on across a set of cooperating edge devices. Li
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et al. [56] propose a distributed inference framework with a pool of GPUs having different

specifications, and compare the inference latency against a homogeneous pool of GPUs.

By building on the use of dataflow modeling and LIDE, distributed and heterogeneous

inference in LCIP can be achieved in various ways, such as by applying graph-level data

parallelism, where each device contains a complete copy of the given CNN graph and

is responsible for processing different inputs at any given times, or by applying pipeline

parallelism, where each device is only responsible for part of the CNN graph.

The application of dataflow techniques to neural network design and implemen-

tation has been researched actively in recent years. For example, Xie et al. introduced

methods for modeling DNNs in terms of synchronous dataflow (SDF) graphs, and apply-

ing these models to derive efficient multicore CPU implementations [57]. SDF is widely-

used in model-based signal processing system design due to its support for compile-time

design optimization and verification [58, 21]. Minakova et al. introduced a methodology

that provides dataflow modeling of CNNs to facilitate exploitation of both task-level and

data-level parallelism [50]. Their work utilized the flexibility of state-of-the-art GPU-

enabled embedded systems, combined with the dataflow modeling of CNNs, to achieve

high-throughput CNN inference on low-power devices. Luenemann et al. presented meth-

ods for translating from neural network classifiers to SDF representations, and apply-

ing the resulting SDF representations for design space exploration and optimization on

embedded low power systems [59]. Sankaranarayanan et al. proposed a dataflow- and

distributed-DNN-based Internet of Things (IoT) and edge computing model that offers

low latency and improved accuracy in data generation [60]. Venieris et al. presented

an end-to-end framework for the optimized mapping of CNNs onto field-programmable
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Table 4.1: Comparison of LCIP along with several previously-developed neural network
inference systems.

Reference Works Dataflow Semantics Resourceability Retargetability Configurability

TVM [49] ✗ ✓ ✓ ✗

Minakova et al. [50] ✓ ✗ Limited ✓

Luenemann et al. [59] ✓ ✗ ✗ ✗

Veeramanikandan et al. [60] ✗ Unknown ✓ ✓

Venieris et al. [61] ✓ ✓(Only for FPGAs) ✓(Only for FPGAs) ✓

Song et al. [62] ✓ ✓ ✗ ✗

Xie et al. [57] ✓ ✓ ✓ ✗

LCIP (Proposed) ✓ ✓ ✓ ✓

gate arrays [61]. The mapping process utilizes SDF modeling along with multiobjective

optimization techniques to derive efficient hardware realizations. Song et al. proposed

a dataflow-based synthesis tool called DFSynthesizer, which is designed for deploying

Spiking Neural Networks (SNNs) on low power neuromorphic hardware platforms [62].

Table 4.1 provides a comparison of LCIP along with several previously-developed

neural network inference systems. The comparison is presented in terms of four dimen-

sions — Dataflow Semantics, Retargetability, Resourceability, and Configurability. Ef-

ficiency is a major consideration in all of the tools, so it is not represented explicitly as

a separate column in the table. The use of dataflow semantics (Column 2) is useful for

important reasons in addition to the connection to configurability (see Section 4.1). For

example, through fundamental properties inherited from Kahn process networks, impor-

tant classes of dataflow representations (including the SDF representations that we apply

in LCIP) provide guarantees on key implementation properties, such as determinate exe-

cution, deadlock avoidance, and bounded memory operation [20, 63].

✓ and ✗ in the entries of Table 4.1 represent “Yes” and “No” correspondingly. An

entry of “Unknown” in the table indicates that it is not clear from the associated reference

whether the tool supports the associated design dimension.
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From Table 4.1, we see that LCIP is the only tool among those listed that simultane-

ously provides dataflow semantics, resourceability, retargetability, and schedule config-

urability. Additionally, we would like to emphasize that while configurability is supported

by some of the other referenced systems, LCIP is unique in its support for the exploration

of multi-dimensional design spaces. In contrast, existing systems primarily target system

throughput or latency as the key performance metric. The capability of LCIP to assist in

exploring trade-offs between multiple metrics is demonstrated concretely in Section 4.4.

4.3 Methods

In this section, we provide details of LCIP, including the overall architecture,

dataflow modeling, implementation details, and graph-level optimization.

4.3.1 Architecture

In the design flow associated with LCIP, a pre-trained CNN is modeled as an SDF

graph, where each layer or block of layers in the network corresponds to a vertex in the

graph, and connections between layers or blocks are modeled as edges. In SDF model-

ing of signal and information processing systems, vertices are called actors, and edges

correspond to First-In-First-Out (FIFO) communication channels [58]. Data values that

pass through the edges are abstracted as tokens. In many kinds of dataflow analysis, we

are interested only in the numbers of tokens involved rather than the specific values of the

tokens. For detailed background on dataflow modeling in this context, we refer readers

to [21].
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The designer can configure the grouping of selected subsets of adjacent CNN lay-

ers into clusters of actors as desired. In LCIP, such clustering of actors constrains the

mapping and scheduling of the actors onto processing units — in particular, all actors

in a given cluster are mapped to the same CPU thread or accelerator. Thus, through the

process of clustering, designers or higher level design tools can influence and explore key

implementation details associated with heterogeneous multicore platforms.

LCIP is designed to work with two major types of companion tools: (1) ML frame-

works that support design of pre-trained CNNs, and (2) low-level compute libraries (LL-

CLs) that are utilized by ML frameworks to accelerate network inference components

on targeted devices. From the user’s point of view, once the desired ML framework is

installed with compatible LLCLs, it is only necessary to interact with the LCIP version

of the pre-trained CNNs — and its underlying SDF representation — without having to

concern oneself about how LCIP interacts with the ML framework or the LLCLs. The

layer of abstraction provided by LCIP ensures that the user is only responsible for network

modeling and schedule configuration in LCIP and relieves users from tedious low-level

details that are involved in deploying CNNs on different hardware platforms.

Figure. 4.2 illustrates the system architecture of LCIP, as well as the details of each

component within LCIP. The design flow of LCIP starts with an importer that converts

a pre-trained CNN model from a supported ML framework to an LCIP dataflow graph.

The importer accepts two inputs to create the dataflow graph: the pre-trained CNN model

and LCIP mapping. The pre-trained CNN model can be obtained from a supported ML

framework with appropriate preprocessing steps, which are easily automated in LCIP, to

convert the model into a form that is suitable for LCIP. For example, to import a PyTorch
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Figure 4.2: A system diagram that illustrates key components of LCIP, and the workflow
involved in deploying a CNN with LCIP.
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model into LCIP, the LCIP importer needs access to a scripted or traced pre-trained model

(a standalone model file that can be used for deployment independently) that is obtained

from PyTorch.

The LCIP mapping is a one-to-one mapping between the operators of the pre-

trained CNN and LCIP dataflow actors. Unlike other tools/frameworks that involve a

proprietary version of each operator for the conversion, LCIP is agnostic to any particu-

lar set of operator implementations. The particular LLCL that the user applies with LCIP

provides the operator implementations, while LCIP provides the dataflow abstractions and

dataflow-based manipulations for integrating the operators. Thus, an LCIP actor can be

viewed as a dataflow-based wrapper around an operator implementation from the given

LLCL. As its output, the LCIP importer generates a dedicated dataflow graph in C++

based on the dataflow modeling features in LIDE.

Once the LCIP dataflow graph is constructed, the user can focus on designing a

dataflow schedule for the given graph or experimenting with alternative schedules. The

schedule depends on the topology of the graph as it specifies the order in which the

graph is traversed at runtime, but through relevant properties of dataflow modeling (e.g.,

see [21]), the scheduler implementation is cleanly separated from actor implementation in

LCIP. In particular, as long as the interface behavior of the actors in unchanged, changes

to a schedule require no changes to actor implementation, and similarly, actor implemen-

tations can be fine-tuned without requiring any changes to a given schedule.

It is during this step of the design process that LCIP optimizes the inference per-

formance of the provided CNN. The optimization is facilitated by the semi-automated

processes of dataflow schedule implementation, and mapping of actors to different pro-
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cessors or threads, along with the flexibility to integrate with a variety of LLCLs. More

details on the processes of schedule design and graph-level optimization are discussed in

Section 4.3.4.

4.3.2 Dataflow Modeling

Figure. 4.3 illustrates an LCIP model of the VGG11 network [64], which we use

in the experiments that we present in this chapter (Section 4.4). In the figure, each white

rectangle corresponds to a distinct actor in the dataflow graph; the name of the operator

associated with each actor is enclosed within the rectangle. The Conv and BN modules

are actors that perform 2D convolution followed by batch normalization, respectively.

The ReLu actor performs a Rectified Linear Unit operation. The MaxP actor shown is a

max pooling operator, and similarly, the AvgP actor performs average pooling. The Lin-

ear actor represents a linear or fully connected layer, and the Class actor encapsulates the

classifier that provides the final classification outcome for a given input image to the net-

work. Figure. 4.3 shows a version of VGG-11 where the graph has been partitioned into

three segments for placement onto three distinct threads of a targeted multicore processor.

More details related to experimentation with partitioning are discussed in Section 4.4.

The data type (token type) associated with each edge in Figure. 4.3 is pointer to ten-

sor, where tensor is a suitably defined type for multi-dimensional data in LCIP. That is,

pointers to the tensors flow through the dataflow graph rather than the tensors themselves.

The dimensions of the tensors vary across the different edges in the dataflow graph but

in all cases, the token size (in bytes) is simply the size of a pointer type. The dataflow
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Figure 4.3: An example of the VGG-11 network modeled as a dataflow graph in LCIP.

graph is a homogeneous SDF graph, which means that on each execution (firing), each

actor produces a single token on each output port and consumes a single token from each

input port (in general SDF graphs, these production and consumption “rates” need not be

restricted to just one token per firing).

4.3.3 Implementation

Dataflow-based neural network models in LCIP are implemented using LIDE [41],

as described in Section 4.1. Actor design in LIDE is based on a form of dataflow called

Core Functional Data Flow (CFDF). In CFDF, an actor is specified in terms of one or

more operational modes, where the production and consumption rates for the actor are
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constant in a given mode, but rates can vary across modes, thereby allowing for dynamic

dataflow behavior. SDF is an easily-identifiable special case of CFDF where all modes of

a given actor have identical production and consumption rates.

LCIP actors are initialized as part of the graph construction process for a CNN

model. The construction process is carried out as part of the constructor of the C++

dataflow graph class in LCIP, and this constructor in turn calls the constructors for all of

the actors in the graph to instantiate and initialize the actors. Actor initialization generally

includes loading of any relevant parameters, such as pre-trained weights, from configura-

tion files that are associated with the actor.

When an LCIP actor fires, a token that encapsulates a pointer to an input tensor is

consumed from each input edge. The input tensors referenced in this way are used as

operands to the ML-framework-specific operators, along with any actor parameters that

are derived by the ML framework and loaded into the actor’s state at actor initialization

time. At the end of the firing, a pointer to each output tensor will be produced on the

associated output edge. Most actors have only one output edge, so only one tensor pointer

is produced in the typical case. Operator implementations used in LCIP actors are LLCL-

specific and wrapped within the functions that execute the actor firings. The operator

implementations are independent from LCIP and can be replaced by similar operators for

alternative platforms/LLCLs as long as they are wrapped within the firing of an LCIP

actor to properly interface the operator to the dataflow graph. This methodology allows

for systematic integration with arbitrary LLCLs while adhering to a common, higher-level

dataflow model abstraction so that dataflow-based design and analysis techniques can be

reused and appropriately adapted across different ML-framework / LLCL combinations.
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Listing 4.1: PyTorch-based implementation of the Conv2d actor in LCIP.
/* read input from input fifo tensor_in */

torch::Tensor *input = nullptr;

lide_c_fifo_read(tensor_in , &input);

/* Conv2d operator from Torch */

out = torch::conv2d(*input,

*conv2d_weight ,

*conv2d_bias ,

stride,

padding);

/* write result pointer to output fifo

tensor_out */

torch::Tensor *output = &(out);

lide_c_fifo_write(tensor_out , &output);

Torch-based LCIP Actor For example, suppose the VGG-11 network is trained with Py-

Torch. Then the PyTorch-specific operator for the Conv2d operator can be implemented

within an LCIP actor as shown in Listing 4.1. Here, conv2d is the LLCL-specific oper-

ator from the PyTorch C++ API, as the namespace torch suggests. The exact operator

used in an LCIP actor can be replaced by an operator from another ML framework, as

long as a C/C++ API is provided such that the operator can be embedded within a C/C++

actor implementation in LCIP. Although the underlying LIDE framework supports sev-

eral other implementation languages apart from C and C++, LCIP presently assumes a

C/C++ implementation format. Extension of LCIP beyond C/C++ (e.g., to a hardware

description language such as Verilog) is a useful direction for extending the tool in future

work.

TVM-based LCIP Actor Unlike the Torch version of the LCIP actor described above,

where an actor encapsulates a single CNN operator, the TVM-compatible actor encap-
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sulates a subgraph of the original CNN graph. The reason for the difference between

TVM and Torch versions of LCIP is that the two frameworks are oriented towards dif-

ferent objectives and use cases. When TVM is applied, the pre-trained CNN is already

optimized at the intra-operator level for the target platform, as TVM utilizes available

LLCLs on the target device to optimize the compute kernel of individual operators. Ad-

ditionally, TVM incorporates some inter-operator optimizations, such as operator fusion.

Therefore, from LCIP’s perspective, providing more efficient graph-level optimization for

TVM-compatible dataflow graphs becomes a highly complementary objective.

An example of an LCIP actor that implements a TVM subgraph can be found in

Listing 4.2. When integrating TVM with LCIP, it is useful to combine subgraphs of

operators into individual actors in cases where TVM applies optimizations across multiple

operators in the subgraphs. Such a subgraph-encapsulated LCIP actor can be deployed on

a wide range of target devices with support from TVM’s backend compatibility, making

it well-suited for CNN inference deployment on edge devices.

4.3.4 Graph-level Optimization

The efficiency and configurability aspects of LCIP follow naturally from the strict

adherence to dataflow modeling principles, as enforced by use of LIDE as the under-

lying programming model. Modeling the CNN as a dataflow graph enables high-level

schedule design, such as scheduling techniques that exploit strategic partitioning of the

graph across different physical processing resources or threads and that exploit task-level

parallelism and graph-level pipeline parallelism in different ways. Such an emphasis
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Listing 4.2: TVM-based implementation of the conv2d actor in LCIP.
/* read input from input fifo tensor_in */

tvm::runtime::NDArray *input = nullptr;

lide_c_fifo_read(tensor_in , &input);

/* create inputs/outputs for specific targets */

TVMArrayAlloc(in_shape , in_ndim,

in_dtype_code , in_dtype_bits ,

dtype_lanes , device_type ,

device_id , &inputNdarray);

TVMArrayAlloc(out_shape , out_ndim,

out_dtype_code , out_dtype_bits ,

dtype_lanes , device_type ,

device_id , &outputNdarray);

/* 1. copy inference input from CPU to target

* 2. run TVM’s graph executor

* 3. copy output back to CPU */

TVMArrayCopyFromTo(input, inputNdarray , nullptr);

set_input(input_name , inputNdarray);

run();

get_output(output_index , outputNdarray)

TVMArrayCopyFromTo(out, outputNdarray , nullptr);

/* write result pointer to output fifo

tensor_out */

tvm::runtime::NDArray *output = &(out);

lide_c_fifo_write(tensor_out , &output);

75



on higher-level (graph-level) partitioning and scheduling is highly complementary to the

intra-operator optimizations that are supported intensively by most LLCLs.

4.3.4.1 Types of Parallelism

To understand the potential utility of efficient dataflow schedule design, as sup-

ported by LCIP, it is helpful to study the relationship between different types of par-

allelism for a given dataflow graph, and how they affect the runtime performance of the

dataflow graph. Here, we provide a brief introduction to different types of parallelism that

can be utilized by LCIP. The different types of parallelism described here are summarized

in Table 4.2.
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Pipeline Parallelism Pipeline parallel execution of dataflow graphs takes advantage of

multithreading capability in state-of-the-art CPUs or different hardware presented in a

heterogeneous environment, such as a network of edge CPUs or a mixture of CPU/G-

PU/accelerator devices. Pipeline parallelism is achieved by enabling the overlapping

execution of multiple actors from different dataflow graph iterations on separate hard-

ware. Exploitation of such pipeline parallelism can be facilitated by partitioning a given

dataflow graph G into disjoint subgraphs G1,G2, . . . ,Gn, where each subgraph Gi has its

own schedule (“subschedule”) and is mapped to a distinct hardware or device.

Data Parallelism Graph-level data parallel execution creates one or more complete

copies of the original dataflow graph with each copy in a separate process, and carries

out independent concurrent graph executions with different inputs to achieve higher over-

all throughput. Graph-level data parallelism is an important special case of the pipeline

parallelism concept described above. While the latency for each individual graph exe-

cution may not see any improvement, compared to when no data parallelism is applied,

significant throughput improvement may be achieved by mapping each copy of the given

dataflow graph to a distinct thread in a multicore CPU or to a single edge device in a

network of edge devices. Data parallelism is useful, for example, if the objective of

throughput optimization has higher priority compared to minimization of resource usage,

such as the required pool of processors or the memory requirements.

Task Parallelism Task parallel execution takes advantage of branches presented in the

given dataflow graph and executes actors presented in different branches on different hard-
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ware. Both the latency and throughput of the dataflow graph execution can be improved

with task parallelism as the concurrent execution on parallel branches can result in per-

formance improvement by avoiding idle wait time when executing actors in a sequential

manner. Table 4.2 presents a simple but illustrative example of task parallelism and the

order of execution (schedule) when the example dataflow graph is used as the LCIP input

graph.

In the context of LCIP, we refer to the three types of parallelism — pipeline, data

and task parallelism — as dataflow parallelism. These approaches to parallel schedule

design can be effective at providing improvements in CNN inference efficiency at the

graph level. Intra-operator parallelism, where parallel execution is performed at the intra-

actor level, is also supported naturally by LCIP through its flexible integration with ML

frameworks and LLCLs. However, we do not classify intra-operator parallelism as a form

of dataflow parallelism in LCIP as it optimizes computations within actors instead of at

the dataflow graph or inter-actor level.

All of the types of parallelism described above, including different combinations

of the different types within a given implementation, are supported by LCIP through its

dataflow modeling foundations.

4.3.4.2 Graph Partitioning Algorithm

Figure. 4.3 illustrates an example of partitioning the VGG-11 dataflow graph in

LCIP into three segments (i.e., into subgraphs G1,G2,G3). Given the three segments

at runtime, they can be executed concurrently during VGG-11 inference in a pipelined
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fashion, where (in steady state) subgraph G1 for the ith iteration of the overall dataflow

graph G executes concurrently with subgraph G2 in the (i−1)th iteration of G and subgraph

G3 in the (i − 2)th iteration of G. Such pipelined configurations can provide significant

improvement in inference throughput when processing large streams of input images.

LCIP includes an automatic graph partitioning function to facilitate the derivation

of efficient pipelined implementations. The partitioning algorithm employed in LCIP is

based upon a heuristic that was initially proposed by Lin et al. [51]. More specifically, Lin

introduced the Incremental Actor Re-assignment, or IAR, algorithm to create an efficient

mapping of SDF graphs to hybrid CPU/GPU platforms equipped with single- or multi-

core CPUs. The objective of IAR is to optimize the throughput for a given dataflow

graph, with the mapping of individual actors iteratively updated in a greedy manner. In

the context of LCIP, the objective is to efficiently balance the load across all available

resources.

The maximum load on any processor can be measured both statically and dynam-

ically. Static measurement takes place by calculating the maximum complexity in the

number of floating point operations (FLOPs) on a given hardware target, while dynamic

measurement relies on detailed profiling results for individual actors and operators in the

provided CNN across all available hardware candidates. Either static or dynamic mea-

surement methods (or any combination) can be used as input to the IAR implementation

in LCIP. The result is then a static partitioning of the graph into subgraphs, where each

subgraph is mapped to a distinct CPU thread.

For incorporation into LCIP, we have developed a modified version of the IAR

algorithm, called LCIP-IAR, which optimizes the mapping of actor executions onto a
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range of processors by balancing the load on each processor. While the original IAR

algorithm focuses on maximizing the throughput of graph execution by estimating the

throughput from simulation, the loadBalance method used in LCIP-IAR attempts to

achieve a more uniform load among available processors to ensure that a similar amount

of execution time is spent on each processor, regardless of the computational power that

each processor is equipped with. This is facilitated by the off-line dynamic or static

profiling of individual actors on all available processors so that these measurements can

be used to determine a balanced mapping of actors onto available processors.

Algorithm 2: Modified Incremental Actor Re-assignment (IAR).
input : Target CNN graph G = (V, E) to be deployed
input : Set of available processes P ={P1, P2, . . ., Pn}

output : Mapping of actors v ∈ V onto P
initialize: ∀v ∈ V , bestMap(v) = Pn if t(v, Pn) < ∞ and bestMap(v) = p1

otherwise
initialize: bestTh = loadBalance(G, bestMap)

Function generateMapping (G, P)
for v in V do

map = bestMap, th = bestTh, p∗ = bestMap(v);
Q = {q ∈ P|q ̸= p∗};
for p in Q do

map
′

= map − {(v,map(v))} ∪ {(v, p)};
th
′

= loadBalance(G,map
′

);
if th

′

> th then
map = map

′

, th = th
′

;
end

end
if th > bestTh then

bestMap = map, bestTh = th;
end

end
return (bestMap, bestTh)

end

The LCIP-IAR algorithm is illustrated in Algorithm 2. Intuitively, at each main step
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of the greedy approach, the loadBalance function in Algorithm 2 attempts to optimize the

uniformity of the load. This optimization process operates by evaluating the dynamic or

static load on each available processor for each candidate actor to map in the algorithm

step, and selecting the mapping decision for the step in a way that results in the most

uniform load for the set of actors that have been mapped so far.

Configuration of subgraph partitions in LCIP, such as those derived by the LCIP-

IAR method, can be performed efficiently because graph implementation in LIDE is

cleanly separated from actor implementation — as described previously, as long as the

compact LIDE-based interface of actors is adhered to, graph-level scheduling configura-

tions can be changed flexibly without any need to modify actor implementations and vice

versa (actor implementations can be modified without any changes required of the sched-

ule). Using this important property involving the orthogonality of schedule and actor

implementation, designers can readily fine tune (by hand) solutions produced by LCIP-

IAR, or apply alternative partitioning algorithms or hand-designed partitioning solutions.

For linear (chain-structured) layouts of actors, as in the VGG example, the system

designer can either rely on manually specifying the indices of actors at the boundaries

of the desired subgraphs within a partition, or rely on the LCIP-IAR algorithm to deter-

mine a graph partition automatically. These options respectively provide very efficient

interfaces through which designers can experiment by hand with alternative partitioning

configurations, and through which automated scheduling tools can produce partitioning

results as an input to LCIP. In Section 4.4, we employ the latter approach (LCIP-IAR).

Extensions to connect LCIP with more sophisticated automated partitioning and schedul-

ing techniques is an interesting direction for future work; at the same time, the high level

82



Table 4.3: Summary of specifications for platforms used in the experiments.

Platform CPU GPU Memory Storage

x86 Desktop
Intel i7-11700 8-core

@ 2.5GHz Intel UHD Graphics 750† 16 GB RAM 1 TB

Raspberry Pi 4 Model B
Broadcom BCM2711 4-core

@ 1.5 GHz Broadcom VideoCore VI† 8 GB RAM 64 GB

Oneplus 7 Pro
Qualcomm Snapdragon 855 8-core

@ up to 2.84 GHz Adreno 640 GPU 12 GB RAM 256 GB

† Not used in any experiments

of abstraction at which schedule exploration is performed in LCIP makes it a practical

means for the design space exploration with complex systems.

4.4 Experiment

In this section, the performance and the correctness of LCIP, our proposed dataflow-

based CNN inference framework, are evaluated. We execute inference using the popular

pre-trained CNN models VGG-11 [64], MobileNetV2 [65], and ResNet-34 [66] on the

ImageNet [67] dataset. The experiments are performed on multiple platforms, including a

desktop CPU, an Android mobile phone, and a Raspberry Pi platform. The specifications

for the experiment platforms can be found in Table 4.3.

We compared the classification scores of all images between the output from VGG-

11, MobileNetV2, and ResNet-34 modeled in LCIP and PyTorch. We refer to the results

from PyTorch with C++ APIs as the baseline in these evaluations. The pre-trained net-

works are trained with the ImageNet dataset. Overall, the classification results, as com-

pared between LCIP and the baseline networks, are the same, which helps to validate the

functional correctness of LCIP.

Implementations derived using PyTorch C++ are used as baselines throughout the
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Figure 4.4: Speedup achieved by VGG-11, MobileNetV2, and ResNet-34 on x86 desktop

Figure 4.5: Speedup achieved by VGG-11, MobileNetV2, and ResNet-34 on Raspberry
Pi
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Figure 4.6: Speedup achieved by VGG-11, MobileNetV2, and ResNet-34 on Android
mobile phone

Table 4.4: Results on peak memory consumption (megabytes).

x86 CPU Android CPU Raspberry Pi

Pipeline Stages VGG-11 MobileNetV2 ResNet-34 VGG-11 MobileNetV2 ResNet-34 VGG-11 MobileNetV2 ResNet-34

1 184.76 ± 0.44 92.67 ± 0.46 279.93 ± 0.91 106.50 ± 0.16 61.85 ± 0.15 275.07 ± 0.21 106.30 ± 0.38 60.95 ± 1.03 273.80 ± 2.84
2 190.10 ± 0.44 99.09 ± 0.57 320.34 ± 1.03 111.17 ± 0.43 67.36 ± 1.26 343.39 ± 4.81 114.91 ± 0.36 71.46 ± 0.90 350.36 ± 3.23
3 199.34 ± 0.49 102.25 ± 0.66 332.57 ± 1.28 114.64 ± 0.53 78.03 ± 1.18 415.10 ± 20.10 118.13 ± 1.06 80.39 ± 1.19 438.57 ± 5.39
4 203.87 ± 2.91 109.13 ± 1.62 391.87 ± 3.19 132.55 ± 0.80 76.22 ± 3.78 447.37 ± 7.43 134.53 ± 1.00 87.13 ± 2.70 440.66 ± 5.98

experiments as we investigate inference throughput with different configurations for par-

titioning the input CNN. Each result is averaged over 50 runs on different platforms. The

results are depicted in Figure. 4.4, Figure. 4.5, and Figure. 4.6. The throughput differ-

ences between the baselines and LCIP with no pipeline parallelism applied are negligi-

ble, as expected. As the number of pipelining stages (partitioning segments) increases,

the performance reaches a measured speedup of up to 2.93×.

We also compared the memory consumption for LCIP (i.e., for the inference net-

works derived from LCIP) with different numbers of partitioning segments for the three
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CNNs of choice. The results are shown in Table 4.4. The results include the average

values and standard deviations over 50 runs for each entry in the table. Although the peak

memory consumption is roughly proportional to the number of pipeline segments used in

LCIP, the increase is at a slower rate than the rate of increase in inference throughput. The

maximum measured increase in peak memory consumption for the experiment platforms

is 1.63×. It is clear from the results that the trade-off between inference throughput and

peak memory consumption is skewed towards the former, and is generally a favorable

trade-off unless available memory is severely limited. This type of trade-off analysis is

facilitated by the ease with which alternative dataflow parallelism configurations can be

explored using LCIP.

With more recent CNNs that have reduced memory requirements, such as the Mo-

bileNet family, memory is not a major bottleneck in an increasing variety of applications

for deployment at the edge. For such applications, more intensive throughput optimiza-

tion can be performed as a way to leverage any increased margin for expanding CNN

memory requirements.

4.4.1 Distributed and Heterogeneous Inference

We also compared the performance of LCIP-based CNN inference on a single de-

vice versus a distributed, heterogeneous platform. The devices involved in this experiment

were the Raspberry Pi device and the OnePlus 7 Pro Android mobile phone; both of these

devices were used in the single-device parts of the experiment and in the distributed-

inference part of the experiment. Network communication in the distributed system was
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implemented using Python’s socket APIs, which allow binary information to be sent and

received across networked devices.

In this experiment, we did not use the CPU on the Android phone for inference; we

used only the GPU on that platform. Use of the GPU only in the context of the overall

distributed platform helps to demonstrate the application of LCIP to a heterogeneous pro-

cessing environment. The CNN model used in the experiment was MobileNetV2, which

is a CNN that is relatively lean, with low computational complexity and memory footprint,

making it a suitable candidate for edge-targeted deployment. Along with the dataflow par-

allelism exploited by LCIP, the model is further optimized in this experiment using TVM.

The LCIP-IAR algorithm is used to determine the partitioning of MobileNetV2 across the

Raspberry Pi and the Adreno GPU on the Android phone.

The performance of CNN inference on the single Raspberry Pi is used as the base-

line in this experiment. The results are shown in Figure. 4.7. As shown, both data and

pipeline parallelism for distributed inference give significant improvement in throughput,

demonstrating LCIP’s suitability for deploying performance-oriented CNNs on edge de-

vices. Furthermore, it can be observed that the schedule using pipeline parallelism is

outperformed by the one using data parallelism for this system. We anticipate that this is

because communication across platforms under the data parallelism configuration occurs

only between the host and the devices, while under pipeline parallelism, communication is

also essential for passing intermediate results between the two devices. However, despite

this communication overhead, the performance of the pipeline parallelism configuration

is still better than using any of the two devices for MobileNetV2 inference alone.
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Figure 4.7: Performance comparison with relative speedup compared to the baseline with
four settings: a single Raspberry Pi in isolation (the baseline), the Android phone’s GPU
in isolation, distributed inference with the Raspberry Pi and Android phone’s GPU us-
ing graph-level data parallelism, and distributed inference with the Raspberry Pi and
Android phone’s GPU using pipeline parallelism. The CNN used is a TVM-optimized
MobileNetV2 network.
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Figure 4.8: An LCIP-based dataflow model of a residual block for ResNet.

4.5 Additional Results

In this section, we provide additional details of LCIP as well as experimental results

to provide more insights into how a CNN is modeled within LCIP.

4.5.1 Residual Blocks in LCIP

An LCIP-based dataflow model of a residual block for the ResNet CNN is depicted

in Figure. 4.8. This model represents a fundamental component within the ResNet ar-

chitecture, which was introduced by He et al. [66]. The residual block is not only a key

element within ResNet but also serves as a basic building block for modeling other types

of CNNs that are designed based on the ResNet architecture. LCIP provides a systematic

approach to efficiently representing and executing the computations within the residual

block. By utilizing LCIP, a dataflow model of the residual block can be effectively de-

signed for edge-based CNN inference on resource-constrained devices, and such a model

can be integrated into dataflow graphs for complete CNN models to facilitate high-level

design analysis and optimization for the models.
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Table 4.5: VGG-11 profiling results for static FLOP count and latency for convolution
actors.

Static Complexity Raspberry Pi X86 CPU Android Mobile Phone
Conv Actor Index FLOPs (×106) Percentage Latency (µs) Percentage Latency (µs) Percentage Latency (µs) Percentage

1 3.67 1.19% 935.37 1.45% 216.63 1.25% 290.24 1.57%
5 37.81 12.26% 5832.22 9.01% 862.01 4.98% 1294.11 6.98%
9 37.78 12.25% 5247.96 8.11% 901.47 5.21% 1317.34 7.11%

12 75.53 24.48% 10049.96 15.53% 1749.64 10.10% 2528.41 13.64%
16 37.77 12.24% 6914.79 10.68% 1429.06 8.25% 1814.71 9.79%
19 75.51 24.48% 13469.52 20.81% 2766.71 15.98% 3531.18 19.05%
23 18.88 6.12% 8348.88 12.90% 3986.85 23.03% 2541.61 13.71%
26 18.88 6.12% 8515.36 13.16% 3982.44 23.00% 2669.62 14.40%

Table 4.6: VGG-16 profiling results for static FLOP count and latency for convolution
actors.

Static Complexity Raspberry Pi X86 CPU Android Mobile Phone
Conv Actor Index FLOPs (×106) Percentage Latency (µs) Percentage Latency (µs) Percentage Latency (µs) Percentage

1 3.67 0.58% 1627.71 1.25% 218.26 0.75% 289.12 0.86%
4 75.63 12.00% 13200.35 10.16% 1408.76 4.86% 3062.22 9.15%
8 37.81 6.00% 5668.63 4.36% 860.79 2.97% 1313.73 3.93%

11 75.56 11.99% 10943.36 8.42% 1394.96 4.82% 2485.34 7.43%
15 37.78 6.00% 5251.72 4.04% 906.56 3.13% 1323.79 3.96%
18 75.53 11.99% 10149.24 7.81% 1737.79 6.00% 2520.76 7.53%
21 75.53 11.99% 10149.28 7.81% 1750.29 6.04% 2520.50 7.53%
25 37.77 5.99% 7014.56 5.40% 1411.62 4.87% 1819.60 5.44%
28 75.51 11.99% 13655.26 10.51% 2761.85 9.54% 3519.97 10.52%
31 75.51 11.99% 13655.64 10.51% 2785.95 9.62% 3522.49 10.53%
35 18.88 3.00% 8587.88 6.61% 3989.89 13.78% 2537.34 7.58%
38 18.88 3.00% 8571.32 6.60% 3978.42 13.74% 2542.59 7.60%
41 18.88 3.00% 9142.63 7.04% 3978.86 13.74% 2706.79 8.09%

4.5.2 Performance of LCIP on the CIFAR-10 Dataset

We compared the classification scores of all images between the output from VGG-

11, VGG-16, and ResNet-34 modeled in LCIP and PyTorch. We refer to the results from

Pytorch with C++ APIs as the baseline in these evaluations. The pre-trained networks are

trained with the CIFAR-10 dataset. Figure. 4.9 shows the classification scores of selected

images from CIFAR-10. Overall, the classification results between LCIP and the baseline

networks are the same, which helps to validate the functional correctness of LCIP.
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Figure 4.9: Classification scores on selected output images from the VGG-16 network
modeled and implemented using LCIP.
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Table 4.7: ResNet-34 profiling results for static FLOP count and latency for convolution
actors.

Static Complexity Raspberry Pi X86 CPU Android Mobile Phone
Conv Actor Index FLOPs (×106) Percentage Latency (µs) Percentage Latency (µs) Percentage Latency (µs) Percentage

1 3.54 0.61% 879.93 0.26% 214.41 0.37% 267.99 0.28%
5 18.87 3.23% 11717.43 3.43% 1402.41 2.43% 3092.18 3.26%
8 18.87 3.23% 11673.26 3.42% 1339.68 2.33% 3118.52 3.28%

13 18.87 3.23% 11734.23 3.44% 1334.01 2.32% 3137.05 3.30%
16 18.87 3.23% 11675.63 3.42% 1332.35 2.31% 3125.58 3.29%
21 18.87 3.23% 11785.66 3.45% 1334.68 2.32% 3132.84 3.30%
24 18.87 3.23% 11791.72 3.45% 1335.13 2.32% 3152.22 3.32%
29 9.44 1.62% 5882.48 1.72% 805.92 1.40% 1737.02 1.83%
32 18.87 3.23% 9804.64 2.87% 1393.84 2.42% 2480.39 2.61%
34 1.05 0.18% 956.25 0.28% 210.66 0.37% 324.03 0.34%
39 18.87 3.23% 9826.89 2.88% 1368.30 2.38% 2472.94 2.60%
42 18.87 3.23% 9810.66 2.87% 1367.90 2.37% 2477.84 2.61%
47 18.87 3.23% 9818.94 2.88% 1368.19 2.38% 2486.70 2.62%
50 18.87 3.23% 9796.57 2.87% 1363.60 2.37% 2484.15 2.62%
55 18.87 3.23% 9811.45 2.87% 1361.86 2.36% 2487.88 2.62%
58 18.87 3.23% 9800.45 2.87% 1360.24 2.36% 2492.87 2.63%
63 9.44 1.62% 5036.02 1.48% 992.00 1.72% 1468.50 1.55%
66 18.87 3.23% 9179.48 2.69% 1784.82 3.10% 2502.30 2.64%
68 1.05 0.18% 837.75 0.25% 227.64 0.40% 272.27 0.29%
73 18.87 3.23% 9186.75 2.69% 1743.61 3.03% 2486.58 2.62%
76 18.87 3.23% 9170.47 2.69% 1738.16 3.02% 2499.93 2.63%
81 18.87 3.23% 9190.96 2.69% 1736.34 3.01% 2505.69 2.64%
84 18.87 3.23% 9158.97 2.68% 1734.65 3.01% 2507.09 2.64%
89 18.87 3.23% 9174.72 2.69% 1732.71 3.01% 2510.19 2.64%
92 18.87 3.23% 9154.22 2.68% 1730.43 3.00% 2508.46 2.64%
97 18.87 3.23% 9159.91 2.68% 1731.27 3.01% 2509.35 2.64%

100 18.87 3.23% 9148.05 2.68% 1731.69 3.01% 2507.94 2.64%
105 18.87 3.23% 9166.77 2.69% 1732.48 3.01% 2510.76 2.64%
108 18.87 3.23% 9169.13 2.69% 1734.91 3.01% 2515.26 2.65%
113 9.44 1.62% 6279.39 1.84% 1407.93 2.44% 1859.36 1.96%
116 18.87 3.23% 12309.01 3.61% 2748.61 4.77% 3504.05 3.69%
118 1.05 0.18% 935.92 0.27% 242.85 0.42% 329.68 0.35%
123 18.87 3.23% 12302.23 3.60% 2730.40 4.74% 3483.36 3.67%
126 18.87 3.23% 12307.68 3.61% 2763.57 4.80% 3512.34 3.70%
131 18.87 3.23% 12321.37 3.61% 2764.96 4.80% 3517.29 3.70%
134 18.87 3.23% 12323.92 3.61% 2767.88 4.81% 3523.91 3.71%
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4.5.3 CNN Profiling Results and Performance

Table 4.5, Table 4.6, and Table 4.7 show the Floating Point Operation (FLOP) count,

as well as platform-specific latency measurements for the convolution (Conv) actor for

the VGG-11, VGG-16, and ResNet-34 CNNs. These results are derived automatically

through profiling utilities that are available as part of LCIP. Such results are useful in

informing hand-driven or automated partitioning processes for platform-specific design

optimization. The profiling results shown in these three tables include the percentage

of the individual-actor FLOP count and latency in relation to the overall network. By

adding up the values in each percentage column, it becomes clear that convolution is

overwhelmingly the dominating actor-type in terms of FLOP count and latency.

The X86 CPU used in our experiments is an Intel Core i7-2600K-3.40GHz with

4 cores. Choosing CNN inference with PyTorch C++ as the baseline, we investigate the

throughput with different partition settings. The results averaged over 50 runs are depicted

in Figure. 4.10. The throughput difference between the baseline and our dataflow CNN

inference framework with no pipeline parallelism applied is negligible. As the number of

pipelining stages (partitioning segments) increases, the performance reaches a measured

speedup of up to 2.93×.

The Android mobile phone used in our experiments is the OnePlus 7 Pro, equipped

with an 8-core Qualcomm CPU, 256 GB storage, and 12 GB of RAM. The Raspberry Pi

is equipped with a 4-core CPU, 64GB storage, and 8GB of RAM. Similar to the LCIP

performance on the X86 CPU compared to the baseline, LCIP consistently outperforms

the PyTorch C++ baseline on these two resource-constrained devices for the three CNNs.
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Figure 4.10: Performance comparison using an X86-CPU-based desktop platform to ex-
ecute inference by the three evaluated networks: VGG-11, VGG-16, and ResNet-34.
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Figure 4.11: Performance comparison using an Android mobile phone platform to execute
inference by the three evaluated networks: VGG-11, VGG-16, and ResNet-34.
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Figure 4.12: Performance comparison using a Raspberry Pi platform to execute inference
by the three evaluated networks: VGG-11, VGG-16, and ResNet-34.
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The maximum inference-throughput speedup is seen to be at least 2.22× on the Android

mobile phone and 2.11× on the Raspberry Pi, as shown in Figure. 4.11 and Figure. 4.12.

4.5.4 Image Super Resolution

4.5.4.1 Introduction

Image super-resolution is applied in various application areas — for example, for

medical imaging, image super-resolution techniques are used to enahnce the quality of

medical images to facilitate diagnostic processes that use the images as input. For network

communications, image super resolution also serves an important role, as it allows images

to be communicated with low resolution and then enhanced after being received into

forms that have higher image quality.

CNN-based approaches have been widely studied for image-super resolution ap-

plications (e.g., see [68, 69, 70]). However, because of the high computational com-

plexity introduced by the convolution operation, the key operation in CNNs, developing

and deploying efficient image super-resolution systems with CNNs incorporated can be

challenging. Therefore, there is a need for systematic approaches to design and imple-

mentation of efficient image super-resolution systems.

In this section, LCIP is further demonstrated by applying it to a DCNN that is

designed for image super-resolution.
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Figure 4.13: Original images from the CIFAR-10 dataset and images with resolution
enhanced by SRResNet with their perceptual hash values.

4.5.4.2 Related Work

In this section, we discuss related work on CNN models for image super-resolution.

SRCNN provides a novel deep learning based method for single-image super-resolution

problems [70]. Although the CNN proposed in [70] is simple in terms of network com-

plexity, it is shown to be effective compared to alternative image super-resolution ap-

proaches. Shortly after the introduction of SRCNN, another CNN based method, VDSR [71],

was introduced. VDSR was shown to provide much better performance in terms of PSNR

than SRCNN. VDSR advances the use of CNNs in image super resolution by design-

ing a VGG-inspired CNN to increase accuracy and visual improvement. Other attempts

at improving the accuracy of image super-resolution made use of ResNet-inspired CNN

architectures, such as EDSR [72] and SRResNet [68]. Both of these works utilized the

residual block as their network’s key building block to further enhance network perfor-

mance.
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Figure 4.14: Network architecture of SRResNet.

Figure 4.15: Residual block for SRResNet modeled in LCIP.
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4.5.4.3 Results on Image Super Resolution with SRResNet

We also present experimental results on the SRResNet [68] network modeled with

LCIP for image resolution enhancement on the target devices listed previously. The input

to the network is from the CIFAR-10 dataset with resolution 32 × 32. The network is

pretrained with weights obtained from [73]. The scaling factor of SRResNet used in our

experiments is 4.

In Figure. 4.13, the top row indicates selected images from the CIFAR-10 dataset

that are used as inputs to the SRResNet network. The middle row shows the resulting

images, where the resolution of the resulting images has been enhanced by a factor of

16 — from 32 × 32 to 128 × 128, as the scaling factor used for this particular network

is 4. The bottom row in Figure. 4.13 contains the perceptual hashing [74] values of the

output images as they are used to verify the correctness of SRResNet modeled in LCIP.

We applied the perceptual hash on all output images from the original SRResNet as well

as from SRResNet modeled in LCIP, and we found no discrepancy between the hashing

outcomes.

The network architecture of SRResNet and the modeling of the residual block for

SRResNet in LCIP are shown in Figure. 4.14 and Figure. 4.15, respectively. SRResNet

from [68] consists of four sections, as indicated in Figure. 4.14: head, residual blocks, up-

sample block, and tail. The main difference between SRResNet and the original ResNet

is that there is a skip connection connecting the beginning of the 16 residual blocks and

the end of those residual blocks. Most actors are identical to the actors used in our LCIP-

based modeling of ResNet-34, except for the PReLu actor, PixelShuffle actor, and a hy-
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Table 4.8: SRResNet profiling results for static FLOPs count and latency for each convo-
lution actors measured on X86 CPU, Android mobile phone, and Raspberry Pi

Static Complexity Raspberry Pi X86 CPU Android Mobile Phone
Conv Actor Index FLOPs (×106) Percentage Latency (µs) Percentage Latency (µs) Percentage Latency (µs) Percentage

1 32 0.70% 5859.03 0.31% 1517.23 0.91% 1350.35 0.31%
5 76 1.66% 13026.26 0.70% 1377.51 0.82% 3088.50 0.70%
8 76 1.66% 12838.09 0.69% 1344.56 0.80% 3108.45 0.71%

12 76 1.66% 12908.67 0.69% 1341.40 0.80% 3116.80 0.71%
15 76 1.66% 12830.36 0.69% 1344.09 0.80% 3108.15 0.71%
19 76 1.66% 12899.60 0.69% 1341.23 0.80% 3116.76 0.71%
22 76 1.66% 12797.29 0.68% 1343.96 0.80% 3105.30 0.71%
26 76 1.66% 12870.64 0.69% 1342.15 0.80% 3113.13 0.71%
29 76 1.66% 12762.91 0.68% 1348.52 0.81% 3104.76 0.71%
33 76 1.66% 12851.84 0.69% 1347.45 0.81% 3112.31 0.71%
36 76 1.66% 12760.30 0.68% 1349.68 0.81% 3103.30 0.71%
40 76 1.66% 12845.69 0.69% 1345.24 0.80% 3111.70 0.71%
43 76 1.66% 12754.48 0.68% 1348.54 0.81% 3104.55 0.71%
47 76 1.66% 12840.94 0.69% 1346.75 0.80% 3110.27 0.71%
50 76 1.66% 12747.75 0.68% 1352.04 0.81% 3100.67 0.71%
54 76 1.66% 12842.37 0.69% 1348.94 0.81% 3109.83 0.71%
57 76 1.66% 12747.15 0.68% 1352.60 0.81% 3100.30 0.71%
61 76 1.66% 12837.12 0.69% 1348.58 0.81% 3107.84 0.71%
64 76 1.66% 12748.40 0.68% 1351.04 0.81% 3099.72 0.71%
68 76 1.66% 12835.55 0.69% 1348.25 0.81% 3107.84 0.71%
71 76 1.66% 12745.39 0.68% 1349.31 0.81% 3097.95 0.71%
75 76 1.66% 12833.59 0.69% 1346.47 0.80% 3101.85 0.71%
78 76 1.66% 12743.84 0.68% 1348.70 0.81% 3093.80 0.71%
82 76 1.66% 12834.97 0.69% 1346.87 0.80% 3102.98 0.71%
85 76 1.66% 12735.79 0.68% 1349.78 0.81% 3094.82 0.71%
89 76 1.66% 12819.50 0.68% 1346.83 0.80% 3100.04 0.71%
92 76 1.66% 12727.98 0.68% 1349.22 0.81% 3087.69 0.70%
96 76 1.66% 12817.38 0.68% 1346.72 0.80% 3098.39 0.71%
99 76 1.66% 12729.22 0.68% 1349.75 0.81% 3090.59 0.70%

103 76 1.66% 12815.23 0.68% 1347.16 0.81% 3097.24 0.71%
106 76 1.66% 12734.65 0.68% 1350.92 0.81% 3088.19 0.70%
110 76 1.66% 12815.21 0.68% 1346.77 0.80% 3096.68 0.71%
113 76 1.66% 12722.37 0.68% 1349.91 0.81% 3088.95 0.70%
116 76 1.66% 12816.75 0.68% 1346.33 0.80% 3096.53 0.71%
119 302 6.61% 35720.38 1.91% 5063.35 3.03% 9236.41 2.11%
122 1210 26.48% 139392.95 7.45% 20029.31 11.97% 37718.30 8.60%
125 510 11.16% 1152978.85 61.58% 82739.32 49.45% 240835.34 54.91%
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Figure 4.16: Performance comparison of SRResNet on X86 CPU, Raspberry Pi, and
Android mobile phone.

perbolic tangent actor at the end of the network.

Table 4.8 shows information on the static and measured complexity of SRResNet,

similar to Table 4.5, Table 4.6, and Table 4.7. The particular network we use in the

experiments has 16 residual blocks between the head block and upsample block. The

measured latency of the last convolution actor shows that around 50% of the computation

happens in that specific actor, which lead us to choose the partition point for the SRResNet

in LCIP to be at that specific actor. Choosing the partition point in this way helps to

balance the load between threads when the graph is partitioned.

Figure. 4.16 shows that the LCIP version of SRResNet achieves similar perfor-
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Table 4.9: Results of SRResNet on peak memory consumption (megabytes) from our
experimentation with LCIP on the three targeted devices.

Segments
Device X86 Raspberry Pi Android

Avg. Std. Avg. Std. Avg. Std.
1 270.03 2.90 1,080.07 3.74 1,075.69 0.21
2 336.81 13.53 1,279.83 16.03 1,188.48 17.64

mance in terms of inference throughput compared to the PyTorch baseline in C++. How-

ever, LCIP outperforms the baseline with more pipeline segments enabled. The speedup

results for the X86 CPU, Raspberry Pi, and Android mobile phone with 2 pipeline seg-

ments are 1.24x, 1.37x, and 1.54x, respectively. Increasing the number of pipeline seg-

ments to 3 did not provide any speedup in our experiments; we anticipate that this is

mainly due to the high computational complexity in the last convolutional layers. To

achieve additional increase in inference throughput, it may be useful to explore further

optimization in the low-level compute library. Any such optimization in the low-level

library can be readily leveraged by LCIP.

We also compared the peak memory consumption for SRResNet implemented with

LCIP on the three target devices. Our measured results on the peak memory consumption

of SRResNet with LCIP can be found in Table 4.9. We present the average peak memory

consumption and the standard deviation in the units of Megabytes on the three target

devices: X86 CPU, Raspberry Pi, and Android mobile phone. From Table 4.9, we can see

that the X86 CPU suffers the most from increasing number of pipeline stages with a 1.31x

increase in peak memory consumption, a relatively large factor of increase compared to

the factor of throughput increase that is achieved from pipelining. For the Raspberry Pi

and Android mobile phone, however, the peak memory usage increase-factor is lower than
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the inference throughput increase-factor as the number of pipeline segments increases.

4.6 Conclusion

In this chapter, we have presented a software tool, called the Lightweight-dataflow-

based CNN inference package (LCIP), for streamlined implementation of deep neural

networks (DNNs) on resource-constrained platforms. LCIP addresses in an integrated

manner the issues of retargetability, resourceability, efficiency, and configurability, which

are all important in edge-based deployment of DNNs. Through extensive experimental

evaluation on three state-of-the-art networks for image classification, we have demon-

strated the effectiveness of LCIP in a heterogeneous, distributed edge device network.

Useful directions for future work include extension of LCIP beyond C/C++ (e.g., to in-

clude implementations that are based on hardware description languages), experimenta-

tion with LCIP on platforms beyond CPUs and GPUs, such as hardware accelerators, and

integrating LCIP with additional methods for automated dataflow graph partitioning and

scheduling.
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Chapter 5

Multi-Objective Design Optimization for Image Classification Using

Elastic Neural Networks

In Chapter 3, we examined how varying network input complexity and network

topology affect the accuracy, throughput, and peak memory consumption of neural net-

works deployed on resource-constrained platforms, specifically for hyperspectral image

classification problems. Building on top of these results, our objective in this chapter is to

expand our investigation and explore systematic trade-off optimization for neural network

deployment on resource-constrained platforms. This exploration explicitly considers a

multi-dimensional design space, including accuracy and runtime performance metrics.

Our exploration in this chapter also extends beyond specific use cases, and provides a

methodology that can be applied to a wide variety of application scenarios.

In this chapter, we address multi-objective optimization for CNN implementation,

and we explore techniques for configuring (statically or dynamically) CNN network topolo-

gies for arbitrary CNNs. To this end, we introduce a novel Pareto-front-based early-exit

selection algorithm. By combining insights from Chapter 3 and Chapter 4, and the cur-

rent chapter, we establish an end-to-end systematic approach for implementing CNNs on

resource-constrained platforms.

Material in this chapter was published in partial, preliminary form in [75].

105



5.1 Introduction

Deep convolutional neural networks (DCNNs) are among the most popular state-

of-the-art approaches in visual object recognition tasks. DCNNs have been extensively

applied in classification tasks since the ILSVRC challenge [76]. During the history of

this competition, a major sustained trend has been the increase in network depth: for

example, AlexNet [77] with 8 layers won first place in 2012 with a top-5 error rate of

16%; VGG [64], consisting of 16 layers, won first place and decreased the error rate to

7.3% in 2014; and ResNet [66], with 152 very deep convolutional layers and identity

connections, won first place while further decreasing the error rate to 3.6% in 2015.

The evolution of networks such as AlexNet, VGG, and ResNet has thus demon-

strated progressively decreasing error rates with corresponding increases in network com-

plexity. For example, AlexNet has approximately 0.33 GFLOPs (Floating Point Opera-

tions), VGG-16 has around 7.69 GFLOPs, and ResNet-152 has around 5.79 GFLOPs

with optimized complexity compared to VGG-16. Due to their rapidly escalating com-

plexity, DCNN-based inference has become an increasing challenge for real-time image

classification applications.

The methodology of elastic neural networks provides an approach to addressing this

challenge by equipping DCNNs with multiple exit points that can be used to deliver alter-

native trade-offs between accuracy and real-time performance [78, 79]. Once an elastic

network is deployed, the exit point to use can be determined in a manner that is specific to

the deployment and it can also be readily adjusted dynamically as the network operates.

The particular exit point to choose for a given deployment or operational context can de-
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pend on factors such as the specific real-time constraints of the application, the available

computational resources, the available energy budget for neural network processing, and

the requirements of the network in terms of accuracy. In this chapter, we propose a novel

framework for selecting early exit points when converting a DCNN into an elastic neural

network. Our approach systematically considers the diversity of trade-offs delivered by

the set of selected exit points. A diverse set of trade-offs is in general more useful across

a range of deployment scenarios than a set of trade-off points that are clustered around

the same point in the given multidimensional design evaluation space (e.g., the space in-

volving accuracy and execution time). The core novelty of our proposed approach is the

integration of concepts related to multi-objective optimization and Pareto diversity into

the emerging framework of system design for elastic neural networks.

Multi-objective optimization has been studied widely in previous works (e.g.,

see [80, 81, 82]). Jin and Sendhoff provide an overview of Pareto-based multi-objective

optimization approaches used in machine learning [80]. They show that Pareto-based

multi-objective learning approaches are more effective than learning algorithms that have

scalar cost functions. The types of machine learning algorithms that can benefit from

Pareto-based multi-objective learning approaches include clustering, feature selection,

and knowledge extraction. Compared to using scalar cost functions in machine learning

algorithms, multi-objective learning approaches can enhance the system design process

by taking into account Pareto fronts in multidimensional design evaluation spaces, such

as spaces involving inference accuracy, throughput, and memory requirements. Multi-

objective optimization approaches have been studied to navigate trade-offs between train-

ing accuracy and model complexity achieved by alternative neural network models for the

107



same inference problem [83]. Chen et al. discussed techniques to select Pareto-optimal

points out of all available points for multi-objective problems [81].

Using early exits provides a general way to transform deep neural network models

into adaptive computational graphs, as demonstrated in [84, 85, 78, 79]. In this chapter,

we generalize the elastic neural network design approach proposed in [79] to encompass a

wider range of DCNNs, and to systematically take into account the diversity of trade-offs

offered by different candidate sets of exit points for an elastic neural network implementa-

tion. To the best of our knowledge, there is no previous study on applying multi-objective

optimization towards the problem of selecting exit-sets for elastic neural networks.

In the context of machine learning system design, evaluating the quality of a given

set of design points is a useful topic to study because many real-world system design

problems do not have unique optimal solutions associated with them — instead, they

are characterized by trade-offs, which make some solutions more attractive than others

depending on specific constraints and objectives associated with how the systems are

being deployed or how they are being operated at a particular point in time.

The approach proposed in this chapter incorporates a quality indicator for evaluat-

ing collections of alternative design points in terms of the diversity and coverage of their

associated trade-offs. The quality indicator, called the diversity comparison indicator

(DCI), assesses the relative quality of a set of Pareto points based on their uniformity and

spread across a given multi-dimensional design evaluation space [86]. The DCI is use-

ful because it is computationally efficient, and it overcomes certain limitations of other

diversity assessment metrics for design evaluation spaces. In particular, related diversity

assessment metrics fail to assess arbitrary numbers of Pareto sets, due to the need for
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Figure 5.1: The architecture of the proposed method.

predetermined references in order to compare qualities of sets, as seen in [87, 88]. Ad-

ditionally, the performance of existing diversity assessment metrics degrades when the

number of objectives increases [89].

5.2 Approach

The architecture of the proposed elastic neural network framework is shown in Fig-

ure. 5.1. The methodology used to design such an architecture involves adding additional

layers, called early-exit layers, to a given pre-trained DCNN for a given classification task.

The early-exit layers are trained separately from the main part of the network. During the

training process for the early-exit layers, the weights of the main part of the network

remain unchanged, only the weights within the early-exit layers are updated.

In our approach to configuring an elastic DCNN N, early exits are added to the pre-

trained backbone network and trained separately to achieve maximum possible accuracy

at different depths of a given network. Once the layers associated with each early exit
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point are trained, a lookup table T is generated to record the trade-offs associated with all

of the available early exit options. A subsequent objective in our approach is to analyze

this lookup table to extract a compact subset of early exits that will actually be used to

implement the network.

More precisely, our objective is to develop a transformation Γ that takes as input a

DCNN N with available early exits Z(N) = {E1, E2, . . . , Em}, where i < j whenever Ei is

closer to the network input (at a shallower depth in the network) compared to E j. Γ also

takes as input a positive integer k < m, which gives the number of early exits to include

in the transformed network. When implementing a large network N on an edge device,

typically k ≪ m to avoid excessive memory requirements due to the k early-exit layers

that need to be added to the elastic DCNN.

The output Γ(N, k) is a k-element array A of increasing positive integers in [1,m],

which correspond to the indices of the early exits to implement in the network corre-

sponding to the transformed output Γ(N, k). In particular, the transformed network cor-

responding to Γ(N, k) consists of the early exits EA[1], EA[1], . . . , EA[k] together with the k

early exit layers that are needed to derive classification outputs from each of the k selected

intermediate points in the network.

The lookup T table is defined such that T ∈ Rm×n, where R denotes the set of real

numbers, m is the number of available early exits, and n is the number of relevant imple-

mentation metrics. Examples of metrics that may be relevant for this purpose, depending

on the design context, are inference throughput, latency, energy consumption (e.g., an

estimate of the average energy consumed per inference operation), memory requirements

(e.g., for parameter storage), and classification accuracy.
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By convention, the metrics associated with T are defined such that higher values

correspond to worse performance or quality compared to lower values. For example, the

accuracy metric is commonly used to measure the performance of a DCNN for a specific

task, such as classification and object detection. Clearly, higher values indicate better

quality for a network with respect to this metric. To apply accuracy as a metric in the

lookup table T , we convert it to a lower-is-better metric. In particular, we assume that the

accuracy α is measured as a percentage value in [0, 100], and we define the corresponding

metric for T as (100 − α), which can be viewed as the error rate.

In the table T , each ith row corresponds to the values for the n relevant metrics

associated with early exit Ei; there are n entries per row. Each column of T contains

values associated with a specific metric collected from all m of the early exits. Thus each

T [i, j] gives the value of metric j that is associated with early exit Ei. The m× n elements

of the table T can be populated by simulating the network with different early exit settings

or executing the network on the target platform, and collecting the measured results for

each metric.

The size of the table T can be reduced by excluding points (early exit candidates)

that are dominated in terms of multi-objective optimization. Dominance in our context

is defined as follows: early exit Ea is dominated by Eb if: (1) there is at least one metric

p such that T [a, p] > T [b, p], and (2) for every other metric q, we have that T [a, q] ≥

T [b, q]. Dominated points can be viewed as redundant or useless in relation to the given

set of relevant metrics and alternative design points.

Dominated points (early exit candidates) can be filtered out from T through a sim-

ple process of pairwise comparison between distinct rows of T , where each comparison
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between a pair of rows involves comparing corresponding columns of T ; this can be done

in O(m2n) time. As soon as an early-exit candidate x is found to be dominated by another,

we can remove x from T (i.e., remove the row corresponding to x) and leave this row out

of any further comparisons. We denote the number of rows remaining in T after remov-

ing all dominated rows by m′. The dimensions of T after removing the dominated rows

is thus, m′ × n, where m′ ≤ m and equality m′ = m holds when all members of Z(N) are

non-dominated (i.e., when all are Pareto points to begin with).

Note that we use a minor abuse of notation where T is used to denote both the

original (m × n) lookup table of network exit points, and the table consisting only of non-

dominated points. In the remainder of this chapter, we assume the latter meaning — the

table of non-dominated early exit candidates, unless otherwise stated.

The rows i = 1, 2, . . . ,m′ in T correspond to a set of early exits Y(N) =

{F1, F2, . . . Fm′}, where Y(N) ⊆ Z(N). For each Fi ∈ Y(N), we denote the correspond-

ing member E j ∈ Z(N) by H(Fi).

A key aspect in the novelty of our proposed elastic DCNN approach is the integra-

tion of the DCI assessment metric described in Section 5.1 to enhance the adaptivity of

derived DCNNs across a wide range of operational constraints and objectives. Intuitively,

the DCI provides a consistent metric to compare the diversity of multiple sets of Pareto

points in a multi-objective optimization problem. Evaluation of this metric involves map-

ping the Pareto points into an n-dimensional grid, and determining the contribution that

each set of points has to each cell (hyperbox) in the grid. For further details on how the

DCI is formulated and computed, we refer the reader to [86].

Algorithm 3 utilizes a greedy approach to incrementally construct the set of selected
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exits Γ(N, k) for the elastic DCNN that is derived as part of the proposed design method-

ology. When the algorithm completes, the final value of the set β gives the value Γ(N, k)

that is to be used to provide the exit points in the transformed elastic DNN.

The function selectExit encapsulates DCI index computation, and is used to com-

pare exit point candidates to determine the best one in terms of the diversity of Pareto

points offered when the exit point is added to the current set of exit points. The function

takes as arguments: (1) the set of exit points that have been selected so far in constructing

Γ(N, k), (2) the set of candidate exit points to add to the set of selected exit points, and

(3) the table of metric values for all of the exit points in Y(N). The function selectExit

returns an exit point candidate from the given set of candidate exit points (Argument 2)

that maximizes Pareto point diversity when added to the set of previously-selected exit

points (Argument 1).

Algorithm 3: An algorithm to construct the set of selected exits Γ(N, k) for
the elastic DCNN that is derived as part of the proposed design methodology.

input : Network N: DNN network that is to be elasticized.
input : k: number of desired network exits, k ≤ m′.
input : Set Y(N) = {F1, F2, . . . , Fm′}: collection of non-dominated early-exit

candidates.
input : Table T : table containing metric values for all early-exit candidates in

Y(N).
output: Set selectedExits: set of selected early exits.
Procedure Determine-exit-set N, k, Y(N), T , selectedExits

selectedExits = {F1, Fm′} ;
for i = 1→ (k − 2) do
γ = Y(N) − selectedExits;
new exit = select exit(selectedExits, γ,T );
selectedExits = selectedExits ∪ {new exit};

end
return selectedExits

end

Our greedy exit selection algorithm together with the diversity-aware assessment
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function selectExit provides an efficient means for selecting a diverse set of subnetworks

of N that can be deployed in a compact manner. The efficiency of the selection process is

important because the number of possible subnetworks of a given size k grows exponen-

tially with the number of candidate exit points m in the network N. For state-of-the-art

DCNNs, it is possible to have more than 50, and even hundreds of candidate exit points,

so exhaustive evaluation of elastic network configurations becomes extremely time con-

suming or infeasible.

5.3 Experiment

In this section, we present experiments that demonstrate the utility of the proposed

diversity-aware algorithm for configuring elastic DCNNs.

5.3.1 Dataset

We use the CIFAR-100 dataset[77]. CIFAR-100 contains 100 classes, with each

class having 500 training samples and 100 testing samples. We refer to all of the 50 000

training samples across all 100 classes collectively as the CIFAR-100 training set. We

split the CIFAR-100 training into two sets with 80% as our training set and 20% as a

validation set. Our testing set uses the entire CIFAR-100 testing set, which consists of

10 000 images across all 100 classes.
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5.3.2 Preprocessing and Training

Data augmentation is used in the experiments, including random crops with four

paddings and a random horizontal flip. The ImageNet pre-trained weights are used to

initialize the main backbone network, and other branches are initialized with random

weights. All images are resized to size 224 × 224.

During the training phase, the initial learning rate is 10−3. The loss function used for

training consists of these five branches(L100−classes, L20−classes, L10−classes, L5−classes, Lmse).

The losses from these five branches are summed up to form the total loss L.

The learning rate is divided by 10 every time when the validation loss has not de-

creased for 8 epochs. During the inference phase, we use the output from the L100−classes

loss branch only as it turns out to be the most accurate predictor among all five branches

and their combinations.

5.3.3 Evaluation Metrics

To evaluate the proposed approach, we experimented with three well-known DC-

NNs — DenseNet-121, Resnet-50, and EfficientNet-B0. We started our experimental

setup for each network by deriving the corresponding elastic versions, which we refer

to as Elastic-DenseNet-121, Elastic-ResNet-34, and Elastic-EfficientNet-B0. We derived

these elastic versions by applying the elastic neural network design methodology pre-

sented in [78, 79] along with the training procedure described in Subsection 5.3.2.

The set of relevant implementation metrics defined for our experiments are the error

rate, which is derived from the test accuracy of the three elastic neural networks, and
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FLOPs, which stands for the number of Floating Point Operations to perform inference

using the network up to a given exit point. For Elastic-DenseNet-121, 58 exits are created

(m = 58), including 57 early exits and one exit at the end of the network. For Elastic-

ResNet-50, we use m = 16 with 15 early exits and 1 exit appended to the ResNet-50

network backbone. Finally, for Elastic-EfficientNet-B0, we use m = 7 with 6 early exits.

Table 5.1, Table 5.2 and Table 5.3 provide detailed results for the two metrics of

interest. These tables also provide data about whether or not each early exit is a Pareto

point in relation to the design space created by all of the early exits.

Table 5.1: The FLOPs, accuracy, and error rate of Elastic-DenseNet-121 with the CIFAR-
100 dataset.

Early Exit Index FLOPs Accuracy (%) Error Rate (%) Pareto Point?

1 8,205,912 20.9 79.1 ✓

2 47,495,707 21.14 78.86 ✓

3 81,276,231 22 78 ✓

4 109,402,504 22.84 77.16 ✓

5 156,347,284 22.11 77.89 ✗

6 178,848,303 22.8 77.2 ✗

7 205,089,826 25.91 74.09 ✓

8 233,216,099 25.89 74.11 ✗

9 263,227,122 28.73 71.27 ✓

10 295,122,896 31.6 68.4 ✓

11 328,903,420 33.57 66.43 ✓

Continued on next page
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Table 5.1 – Continued from previous page

Early Exit Index FLOPs Accuracy (%) Error Rate (%) Pareto Point?

12 364,568,695 35.42 64.58 ✓

13 402,118,719 35.32 64.68 ✗

14 441,553,494 39.2 60.8 ✓

15 482,873,019 38.2 61.8 ✗

16 526,077,295 42.04 57.96 ✗

17 571,166,321 43.1 56.9 ✗

18 647,948,147 45.22 54.78 ✗

19 679,872,917 45.32 54.68 ✗

20 516,682,540 44.4 55.6 ✓

21 552,376,810 46.59 53.41 ✓

22 589,955,831 48.63 51.37 ✓

23 629,419,602 50.71 49.29 ✓

24 670,768,123 51.8 48.2 ✓

25 714,001,395 51.35 48.65 ✗

26 759,119,417 55.1 44.9 ✓

27 806,122,189 58.82 41.18 ✓

28 853,153,957 55.12 44.88 ✗

29 903,926,230 55.9 44.1 ✗

30 956,583,253 59.14 40.86 ✓

Continued on next page

117



Table 5.1 – Continued from previous page

Early Exit Index FLOPs Accuracy (%) Error Rate (%) Pareto Point?

31 1,011,125,026 61.15 38.85 ✓

32 1,067,551,549 61.62 38.38 ✓

33 1,125,862,823 60.17 39.83 ✗

34 1,230,712,931 61.18 38.82 ✗

35 1,294,649,459 59.1 40.9 ✗

36 1,360,470,738 62.2 37.8 ✓

37 1,428,176,767 62.21 37.79 ✓

38 1,497,767,546 63.15 36.85 ✓

39 1,569,243,075 63.2 36.8 ✓

40 1,592,766,208 62.29 37.71 ✗

41 1,668,011,239 65.66 34.34 ✓

42 1,923,641,368 65.26 34.74 ✗

43 1,970,644,140 63.27 36.73 ✗

44 2,019,531,662 68.4 31.6 ✓

45 2,070,303,935 67.25 32.75 ✗

46 2,122,960,958 69.3 30.7 ✓

47 2,177,502,731 68.5 31.5 ✗

48 2,233,929,254 70.32 29.68 ✓

49 2,292,240,528 69.38 30.62 ✗

Continued on next page
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Table 5.2: The FLOPs, accuracy, and error rate of Elastic-ResNet-50 with the CIFAR-100
dataset.

Early Exit Index FLOPs Accuracy (%) Error Rate (%) Pareto Point?
1 341,067,008 25.78 74.22 ✓

2 551,729,664 26.77 73.23 ✓

3 762,392,320 27.89 72.11 ✓

4 1,057,880,320 30.76 69.24 ✓

5 1,353,368,320 30.99 69.01 ✓

6 1,571,785,984 37.09 62.91 ✓

7 1,790,203,648 47.00 53.00 ✓

8 2,085,639,936 46.89 53.11 ✗

9 2,304,109,413 50.22 49.78 ✓

10 2,522,578,789 52.02 47.98 ✓

11 2,818,118,501 57.09 42.91 ✓

12 3,036,587,877 69.34 30.66 ✓

13 3,255,057,253 73.30 26.70 ✓

14 3,550,700,389 75.33 24.67 ✓

15 3,769,273,189 76.04 23.96 ✓

16 3,987,845,989 78.04 21.96 ✓

Table 5.1 – Continued from previous page

Early Exit Index FLOPs Accuracy (%) Error Rate (%) Pareto Point?

50 2,352,436,552 72.34 27.66 ✓

51 2,414,517,326 75.27 24.73 ✓

52 2,478,482,851 73.3 26.7 ✗

53 2,544,333,126 73.37 26.63 ✗

54 2,612,068,151 74.35 25.65 ✗

55 2,679,832,172 74.39 25.61 ✗

56 2,751,336,698 74.4 25.6 ✗

57 2,824,725,974 75.61 24.39 ✓

58 2,900,000,000 75.42 24.58 ✓
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Table 5.3: The FLOPs, accuracy, and error rate of Elastic-EfficientNet-B0 with the
CIFAR-100 dataset.

Early Exit Index FLOPs Accuracy (%) Error Rate (%) Pareto Point?
1 561,341 12.39 87.61 ✓

2 2,544,744 33.53 66.47 ✓

3 4,528,148 47.39 52.61 ✓

4 7,297,428 50.38 49.62 ✓

5 10,066,708 53.12 46.88 ✓

6 13,62,1865 70.22 29.78 ✓

7 14,819,392 89.6 10.4 ✓

5.3.4 Pareto Points and Diversity

With the selected metrics and Pareto points determined from Subsection 5.3.3,

the dominated early exits and Pareto front can be readily derived from the data in Ta-

ble 5.1, Table 5.2 and Table 5.3. The Pareto front and dominated design points for

Elastic-DenseNet-121, Elastic-ResNet-50, and Elastic-EfficientNet-B0 are illustrated in

Figure. 5.2, Figure. 5.3, and Figure. 5.4, respectively.

Once the Pareto points corresponding to the early exits are found, we can apply

Algorithm 3 to extract the most diverse subset of early exits based on the desired number

of exits k. The value of k might be chosen, for example, based on the overall network size

that can be stored efficiently within the resource constraints of the targeted processing

platform. Recall that each early exit requires a separate classification layer (early-exit

layer); these layers may require significant numbers of parameters to ensure sufficient

accuracy.

The DCI index, which is used in Algorithm 3, involves a parameter called div,

which is used to divide the given multi-dimensional design evaluation space into a grid;

the value of div determines the size (granularity) of the cells in the grid. Careful setting of

120



Figure 5.2: Pareto front and dominated design points of the Elastic-DenseNet-121 net-
work with the CIFAR-100 dataset.

Figure 5.3: Pareto front and dominated design points of the Elastic-ResNet-50 network
with the CIFAR-100 dataset.

121



Figure 5.4: Pareto front and dominated design points of the Elastic-EfficientNet-B0 net-
work with the CIFAR-100 dataset.

div is important to ensure derivation of design point subsets that have high diversity [86].

In our experiments, we apply methods for optimal setting of div that are presented in [86].

The methods rely on characteristics of the overall set of design points (Y(N) in our case)

from which we are extracting a compact, Pareto-optimal subset. The values of div that

are derived in this way for our experiments are 11, 8, and 5, respectively, for Elastic-

DenseNet-121, Elastic-ResNet-50, and Elastic-EfficientNet-B0.

Table 5.4, Table 5.6, and Table 5.5 summarize the outcomes from applying Algo-

rithm 3 to the complete set of Pareto points Y(N) for each of the three networks, Elastic-

DenseNet-121, Elastic-ResNet-50, and Elastic-EfficientNet-B0. These results help to

validate and concretely demonstrate the proposed methodology for deriving compact,

adaptation-friendly neural networks that can operate over diverse operational characteris-
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Table 5.4: Early exit subset selections with different slection subset size k for Eelastic-
DenseNet-121.

Desired Number of Early Exits k Early Exit Index/Indices
1 23
2 21, 23
3 21, 23, 39
4 11, 21, 23, 39
5 11, 21, 23, 39, 44
6 11, 21, 23, 39, 44
7 11, 21, 23, 27, 39, 44
8 11, 21, 23, 27, 36, 39, 44
9 11, 21, 22, 23, 27, 36, 39, 44

10 11, 21, 22, 23, 27, 36, 39, 44, 48
11 11, 21, 22, 23, 27, 36, 39, 44, 48
12 11, 12, 21, 22, 23, 27, 36, 39, 44, 48
13 11, 12, 21, 22, 23, 27, 36, 39, 44, 48
14 11, 12, 21, 22, 23, 27, 36, 39, 41, 44, 48
15 11, 12, 21, 22, 23, 27, 31, 36, 39, 41, 44, 48
16 11, 12, 21, 22, 23, 27, 30, 31, 36, 39, 41, 44, 48
17 11, 12, 20, 21, 22, 23, 27, 30, 31, 36, 39, 41, 44, 48
18 11, 12, 20, 21, 22, 23, 24, 27, 30, 31, 36, 39, 41, 44, 48
19 11, 12, 20, 21, 22, 23, 24, 27, 30, 31, 36, 39, 41, 44, 48, 51
20 9, 11, 12, 20, 21, 22, 23, 24, 27, 30, 31, 36, 39, 41, 44, 48, 51
21 9, 11, 12, 20, 21, 22, 23, 24, 27, 30, 31, 36, 39, 41, 44, 48, 51
22 7, 9, 11, 12, 20, 21, 22, 23, 24, 27, 30, 31, 36, 39, 41, 44, 48, 51
23 3, 7, 9, 11, 12, 20, 21, 22, 23, 24, 27, 30, 31, 36, 39, 41, 44, 48, 51
24 3, 4, 7, 9, 11, 12, 20, 21, 22, 23, 24, 27, 30, 31, 36, 39, 41, 44, 48, 51
25 3, 4, 7, 9, 11, 12, 15, 20, 21, 22, 23, 24, 27, 30, 31, 36, 39, 41, 44, 48, 51
26 3, 4, 7, 9, 11, 12, 15, 20, 21, 22, 23, 24, 27, 30, 31, 36, 38, 39, 41, 44, 48, 51
27 3, 4, 7, 9, 11, 12, 15, 20, 21, 22, 23, 24, 27, 30, 31, 32, 36, 38, 39, 41, 44, 48, 51
28 2, 3, 4, 7, 9, 11, 12, 15, 20, 21, 22, 23, 24, 27, 30, 31, 32, 36, 38, 39, 41, 44, 48, 51
29 2, 3, 4, 7, 9, 11, 12, 14, 15, 20, 21, 22, 23, 24, 27, 30, 31, 32, 36, 38, 39, 41, 44, 48, 51
30 2, 3, 4, 7, 9, 11, 12, 14, 15, 20, 21, 22, 23, 24, 27, 30, 31, 32, 36, 38, 39, 41, 44, 48, 50, 51
31 2, 3, 4, 7, 9, 11, 12, 14, 15, 20, 21, 22, 23, 24, 27, 30, 31, 32, 36, 38, 39, 41, 44, 46, 48, 50, 51

Table 5.5: Early exit subset selections with different selection subset size k for Elastic-
EfficientNet-B0.

Desired Number of Early Exits k Early Exit Index/Indices
1 3
2 3, 4
3 3, 4, 5
4 2, 3, 4, 5
5 2, 3, 4, 5, 6

123



Table 5.6: Early exit subset selections with different selection subset size k for Elastic-
ResNet-50.

Desired Number of Early Exits k Early Exit Index/Indices
1 9
2 9, 10
3 5, 9, 10
4 5, 9, 10, 12
5 5, 7, 9, 10, 12
6 5, 7, 9, 10, 11, 12
7 4, 5, 7, 9, 10, 11, 12
8 4, 5, 6, 7, 9, 10, 11, 12
9 4, 5, 6, 7, 9, 10, 11, 12, 14

10 2, 4, 5, 6, 7, 9, 10, 11, 12, 14
11 2, 3, 4, 5, 6, 7, 9, 10, 11, 12, 14
12 2, 3, 4, 5, 6, 7, 9, 10, 11, 12, 14, 15
13 2, 3, 4, 5, 6, 7, 9, 10, 11, 12, 13, 14, 15

tics.

5.4 Additional Results

In this section, we present additional experimental results to show how the proposed

multi-objective CNN implementation framework can be generalized to a wider range of

tasks.

The core aspects of the approach laid out in Chapter 5 are not only applicable to

elastic neural networks; the core approach can be applied for adaptive system design

for other types of complex embedded knowledge extraction systems. In this section, we

demonstrate this more general applicability using a (non-elastic) DCNN-based face iden-

tification model. In our experiments, we employ a dataset consisting of 574 face images

with females and males taken by a Nikon D5600 camera. The experiment is executed on
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an x86 desktop with an Intel(R) Core(TM) i7-2600K CPU@3.40GHz, NVIDIA GeForce

GTX 1080, and 16GB RAM.

We have experimented with various alternative implementation configurations for

the face identification model, and applied our proposed multi-objective configuration se-

lection algorithm to extract strategic design options for deployment. We have made mea-

surements of different implementation configurations running on both CPU and GPU de-

vices, and applied our selection algorithm using data derived from these measurements.

The CPU-targeted and GPU-targeted system configurations and associated mea-

surements are presented in Table 5.7 and Table 5.8. Pareto points in Table 5.7 and Ta-

ble 5.8 are marked with ✓. The Pareto-optimal configurations are indexed from 1, from

the top row of the table to the bottom row. In total, 10 Pareto-optimal configurations are

derived from the CPU-targeted results from among all of the configurations evaluated.

Similarly, a total of 3 Pareto-optimal configurations are derived from the GPU-targeted

results.

Table 5.9 summarizes the selection process across the CPU-targeted candidate con-

figurations using our developed selection algorithm. Table 5.9 also summarizes the se-

lection results for different desired numbers of CPU-targeted configurations. Similarly,

Table 5.10 illustrates the selection process and selection results for GPU-targeted config-

urations.

A minor difference between the selection algorithm used here compared to Algo-

rithm 3 is that in our experiments with the face identification model, no configurations are

assumed to be in the selection subset from the beginning.

Having multiple design options for the face identification model is useful if the
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Table 5.7: CPU-targeted system configurations and their associated performance metrics.

Pipeline Stages Intra-op Threads Inference Latency (s) Peak Memory Consumption (MB) Average Power Consumption (W) Pareto Point?
1 1 14.72 154.08 34.79 ✓

2 10.45 154.02 51.21 ✓

3 9.31 154.21 64.42 ✓

4 9.39 153.89 73.79 ✓

5 10.31 154.12 75.03 ✗

6 9.91 154.13 77.95 ✗

7 9.94 154.57 84.73 ✗

8 9.89 155.21 89.72 ✗

2 1 8.26 158.52 57.71 ✓

2 8.38 164.72 74.80 ✗

3 8.38 161.75 88.38 ✗

4 8.62 160.15 90.82 ✗

3 1 6.97 167.94 71.35 ✓

2 6.71 163.30 95.24 ✓

4 1 6.10 175.34 82.26 ✓

2 6.79 172.10 105.37 ✗

5 1 5.79 188.32 96.64 ✓

6 2 5.66 176.16 99.18 ✓

7 3 5.73 195.62 108.81 ✗

8 4 6.65 174.77 111.83 ✓

Table 5.8: GPU-targeted system configurations and their associated performance metrics.

Pipeline Stages Inference Latency (s) Peak RAM Consumption (MB) Peak GPU Memory Consumption (MB) Average CPU + GPU Power Consumption (W) Pareto Point?
1 4.99 3539.49 875 75.17 ✓

2 3.57 3548.03 891 94.73 ✓

3 3.31 3550.70 901 101.67 ✓

4 3.59 3549.44 911 109.29 ✗

5 3.54 3554.79 924 112.85 ✗

6 3.58 3553.55 932 117.73 ✗

7 3.94 3553.97 932 122.11 ✗

8 4.63 3553.11 942 129.69 ✗

same dataflow functionality is being deployed in different applications (different deploy-

ments). There might, for example, be two versions of a product that have different price

points (low-end and high-end) or that have different energy constraints or processing con-

straints depending on how lean the target platform is. In such cases, there may just be one

configuration per deployment. However, the overall product suite may involve multiple

configurations, and it is useful in such a context to derive the selected set of configurations

from a diverse space of optimized candidate solutions.

5.5 Conclusion

In this chapter, we have developed a framework for efficiently selecting sets of early

exit points for elastic neural networks. The framework emphasizes the derivation of exit
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Table 5.9: Selected CPU-targeted configurations with the proposed algorithm for the face
identification model.

Desired Number of Configurations k Configuration Index/Indices
1 1
2 1, 7
3 1, 7, 8
4 1, 7, 8, 4
5 1, 7, 8, 4, 5
6 1, 7, 8, 4, 5, 2
7 1, 7, 8, 4, 5, 2, 6
8 1, 7, 8, 4, 5, 2, 6, 10
9 1, 7, 8, 4, 5, 2, 6, 10, 9

10 1, 7, 8, 4, 5, 2, 6, 10, 9, 3

Table 5.10: Selected GPU-targeted configurations with the proposed algorithm for the
face identification model

Desired Number of Configurations k Configuration Index/Indices
1 2
2 1, 2
3 1, 2, 3
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points in the network that collectively provide diversity in the trade-offs that are delivered

by the elastic network. The diversity of trade-offs is addressed objectively using a concept

from multiobjective optimization called the diversity comparison indicator (DCI). The ef-

fectiveness of the proposed approach was demonstrated using popular deep convolutional

neural networks. In contrast with conventional methods for runtime adaptiveness, such as

those that rely on ensemble models, the approach proposed in this chapter involves elastic

neural network design integrated with a DCI assessment metric and an efficient process

for selecting early exit points to elasticize the given neural network. This integration im-

proves the adaptivity and compactness of the derived DCNNs. Interesting directions for

future work include extending the framework to handle heterogeneous platforms, where

performance metrics may vary depending on how the network is partitioned across differ-

ent hardware subsystems.
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Chapter 6

Conclusions and Future Work

In this chapter, we summarize the contributions made in this thesis and explore

potential directions for future research and the associated challenges within these areas.

6.1 Conclusions

In this thesis, we have addressed four topics in the efficient simulation and imple-

mentation of neural networks on resource-constrained platforms. We have also presented

our research contributions in these topics:

• An efficient methodology and software tool for dataflow-based simulation of spik-

ing neural networks.

• A novel architecture for resource-constrained implementation of neural networks

for hyperspectral image classification.

• A software package for optimized edge-based DCNN inference using a lightweight-

dataflow-based design methodology.

• A framework for configuring DCNNs with early-exit points and efficiently selecting

a strategic subset of early-exit points based on multiobjective considerations.

These contributions provide systematic approaches for tackling neural network sim-

ulation and implementation challenges on resource-constrained platforms, from high-

129



level neural network architectural design for neuromorphic systems, to adaptive machine

learning systems with CNNs, to resource-constrained systems that involve complex CNN

task scheduling and optimization constraints. Our contributions also address challenges

imposed by applications involving real-time hyperspectral image classification with en-

riched spectral dimension information.

6.2 Future Work

6.2.1 Simulation of Spiking Neural Networks

There are several useful directions to explore in the field of SNN simulation, in-

cluding methods for handling a wider variety of neuron models and providing improved

simulation efficiency.

First, we discuss the problem of incorporating various spiking neuron models into

SNN simulations. For instance, the Integrate-and-Fire neuron model has demonstrated

both effectiveness and computational efficiency, allowing neural networks built with Integrate-

and-Fire neurons to achieve comparable performance to their CNN counterparts in object

detection tasks [90] and image classification [91]. These findings highlight the potential

of spiking neuron models and spiking neural networks to enhance the efficiency of state-

of-the-art computer vision systems based on CNNs, particularly due to their superior

energy efficiency when deployed on specialized neuromorphic hardware, such as IBM

TrueNorth [92] or Intel Loihi [93], which are specifically designed for SNN simulations.

The application of alternative neuron models — beyond the Integrate-and-Fire model

— to computer vision is an interesting area for further work. Such models need to be con-
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sidered in terms of their impact on the accuracy of the targeted image analysis tasks as

well as their potential for energy-efficient hardware implementation. We envision that

the SNN simulation framework proposed in this thesis can be of great utility in explor-

ing the application of alternative neuron models for the design and implementation of

neuromorphic computer vision systems.

A second interesting direction for future work on SNN simulation is exploring fur-

ther improvements in simulation efficiency. Event-driven simulation has already been es-

tablished as more efficient than time-driven approaches. Nevertheless, the computational

complexity associated with conducting Finite Element Analysis (FEA) remains high for

large-scale SNNs. Therefore, neuron updates via lookup tables or by utilizing multi-

threaded or GPU-accelerated simulation techniques can significantly enhance simulation

efficiency. Using a pre-computed lookup table for neuron status, considering different

input-output pairs, can reduce the computation required at runtime, at the expense of fre-

quent memory access during the simulation. The trade-off between lookup-table- and

FEA-based approaches can vary significantly depending on the simulation platform, and

streamlined selection of the lookup table size can improve the overall simulation latency

at the cost of precision.

Employing multi-threaded or GPU-accelerated simulation techniques can greatly

enhance efficiency by concurrently updating the states of multiple neurons at a given

time step, as demonstrated in [94]. While most studies on parallel implementation focus

on exploiting parallelization for neuron updates in time-driven simulation, event-driven

simulation also holds promise for the application of parallelization techniques.
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6.2.2 Real-Time Hyperspectral Image Classification

Carrying out real-time hyperspectral image classification has always been a chal-

lenging task. To facilitate research in this area, two potential directions can be explored:

systematic approaches for HSI dimension reduction and inference acceleration.

HSI dimension reduction focuses on reducing the spectral complexity of an HSI

before providing it as input to a classifier. Existing approaches include:

• Principle Component Analysis (PCA): This technique transforms the input HSI in

an effort to concentrate most of the information within a small subset of dimensions;

the transformed, dimension-reduced version of the input signal is then used for

classification.

• Band subset selection: This approach involves selecting a subset of spectral bands

from the available bands based on a given selection rule. Although the selection rule

is typically pre-defined, it is also possible to apply dynamically-varying selection

rules.

Both approaches, PCA and band subset selection, have proven to be effective in

reducing the computational complexity of HSI processing tasks [95, 39]. Applying the

discrete cosine transform (DCT) [96] to HSIs holds promise for further improvement.

Inference acceleration using GPUs or accelerators can significantly improve infer-

ence speed, which is important for real-time HSI analysis. While applying accelerators

to deep neural networks (DNNs) has become a standard approach for both training and

inference in many applications, their application to HSI problems such as VBIC has not
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been extensively explored. This direction shows promise in significantly enhancing the

real-time performance of HSI classification systems.

6.2.3 Multi-Objective Design Optimization for DNN Inference

In this section, we discuss three interesting directions for future work in multi-

objective design optimization for DNN inference.

The first direction is extending our multi-objective exit-point configuration frame-

work to handle heterogeneous platforms. This involves considering performance metrics

that may vary depending on how the network is partitioned across different hardware sub-

systems. By accommodating heterogeneous platforms, the framework can provide more

flexibility and optimize DNN inference for a broader range of hardware configurations.

The second direction involves the extension of LCIP beyond C/C++. Currently,

LCIP supports implementations based on programming languages like C/C++. Explor-

ing the inclusion of hardware description languages (HDLs) can expand the scope of

LCIP and enable the optimization of DNN inference on hardware platforms that utilize

HDL-based design flows. Such an extension of LCIP can enhance the compatibility, ap-

plicability, and customizability of LCIP in diverse hardware environments.

The third direction is integrating LCIP with additional methods for automated dataflow

graph partitioning and scheduling. By integrating LCIP with other automated techniques

for dataflow graph partitioning and scheduling, the framework can further optimize the

allocation of computational resources, task parallelism, and dataflow efficiency. This in-

tegration can improve the overall performance and resource utilization of DNN inference
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on resource-constrained platforms.

These future research directions can enhance the capabilities and versatility of our

developed multi-objective design optimization framework for DNN inference, enabling

its application in a wider range of scenarios and facilitating efficient utilization of diverse

hardware platforms.
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