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abstract

Domain-specific AI hardware is designed to meet the unique computational de-
mands of artificial intelligence applications, providing superior performance and
efficiency compared to general-purpose processors. As AI workloads become
increasingly complex, design-time and runtime optimizations are critical to maxi-
mizing hardware capabilities. This dissertation addresses significant challenges
in domain-specific AI hardware and other computationally intensive applications
through innovative strategies for design-time and runtime optimizations. 2.5D
chiplet-based architectures have been proposed to enable cost-efficient implemen-
tation of large-scale systems by integrating smaller chips, called chiplets, on a
silicon interposer. To this end, we propose a heterogeneous big-little chiplet-based
in-memory computing (IMC) architecture, leveraging big and little IMC-based
chiplets with an optimal Network-on-Package configuration. This architecture
achieves up to 329× improvement in the energy-delay-area product and 2.8× higher
IMC utilization than homogeneous chiplet architectures. Conversely, deploying
neural networks on edge devices with limited resources poses a challenge due
to the significant computational resources required for training. To address this
challenge, we propose an energy-efficient on-chip training framework utilizing a
resistive RAM-based IMC accelerator to customize mmWave-based human pose
estimation models, improving the MPJPE by 23.89% with on-chip training. Fur-
thermore, hardware-software codesign approaches can reduce the complexity of
the DNN models. To this end, we propose a communication-aware sparse neural
network optimization framework that enables hardware-aware pruning, optimiz-
ing the communication with up to 6.8× improvement in the energy-delay product
(EDP) without significant accuracy degradation.

Fully utilizing the domain-specific hardware’s potential requires optimal task
scheduling on the processing elements. To this end, we develop a machine learning
(ML)-based dynamic adaptive scheduling framework that combines fast, low-
overhead with complex, high-overhead schedulers. This framework achieves up
to 1.29× speedup and 45% lower EDP in experiments with five streaming appli-
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cations. ML-based task schedulers depend critically on the representativeness
of the training data. Hence, their performance may diminish or even fail under
unknown workloads, especially new applications. To address this challenge, we
propose a runtime monitoring framework for ML-based scheduling algorithms
toward robust domain-specific SoCs. It detects workload generalization with up to
98.39% accuracy and enables up to 14× faster execution times when the scheduler
is incrementally trained.
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1 introduction

Advances in machine learning have driven transformative changes across various

industries [7, 8, 9, 10, 11, 12]. This surge in artificial intelligence (AI) applica-

tions necessitates the development of custom AI hardware optimized to handle

the massive computational demands and efficiency requirements of these complex

algorithms. Traditional general-purpose processors, like CPUs, often fail to deliver

the performance and energy efficiency needed for AI tasks. Consequently, special-

ized hardware such as custom AI accelerators have become crucial, enabling faster

processing speeds, lower power consumption, and improved scalability, facilitating

more effective and widespread deployment of AI technologies.

Domain-specific AI hardware, such as Graphics Processing Units (GPUs), Ten-

sor Processing Units (TPUs), and various custom accelerators, is designed to op-

timize performance for specific tasks like deep learning, natural language pro-

cessing, and computer vision. These specialized devices significantly improve

computational efficiency, energy consumption, and processing speed compared to

general-purpose processors. The growing complexity and scale of AI models ne-

cessitate hardware that can handle massive parallelism and high-throughput data

processing, driving innovation in designing and implementing domain-specific AI

hardware.

As DNN models grow larger and more complex, the communication between

different hardware components and across distributed systems becomes a signifi-

cant bottleneck, requiring communication-aware designs to achieve high perfor-

mance while maintaining energy efficiency. These designs aim to optimize the
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Figure 1.1: Key research ideas on accelerating AI workloads on domain-specific
architectures.

data movement and communication overheads. By addressing these challenges,

communication-aware architectures ensure that AI systems can scale effectively

and deliver processing capabilities within the constraints essential for applications

in edge computing, autonomous systems, and large-scale data centers.

Figure 1.1 outlines the key research ideas on accelerating AI workloads on

energy-efficient architectures. These ideas fall into two categories: design-time

and runtime optimizations. Design-time optimizations involve architectural en-

hancements, dataflow architectures, and advanced hardware technologies made

during the development phase to ensure the hardware can meet the demands of AI

workloads. This includes techniques such as hardware-software co-design, where

the hardware and software are developed in tandem to optimize for specific applica-

tions, and the use of advanced manufacturing processes to create more efficient and

powerful processing units. By incorporating dataflow architectures, designers can

improve data movement efficiency within the hardware, reducing bottlenecks and
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enhancing overall performance. Additionally, leveraging cutting-edge hardware

technologies allows for the creation of more robust and capable AI accelerators.

Runtime optimizations focus on improving performance during the operation

of the hardware. This includes dynamic resource management, adaptive power

scaling, efficient scheduling algorithms, and model compression techniques that

can adjust to the varying demands of AI tasks in real time. Model compression tech-

niques, such as pruning, quantization, sparse training, and knowledge distillation,

help reduce the size and complexity of AI models, making them more efficient in

running on specialized hardware without sacrificing performance. These runtime

optimizations ensure optimal utilization of hardware resources, minimizing latency,

and maximizing throughput.

As DNN models increase in size, the need for larger architectures becomes

inevitable. However, yield and fabrication costs also increase with the area of mono-

lithic chips. In response, 2.5D chiplet-based architectures have been proposed for

implementing large DNN models. These architectures are designed by integrating

smaller chips, called chiplets, on a silicon interposer to enable cost-efficient imple-

mentation of large-scale systems. This modular approach is essential for handling

diverse AI workloads that require intensive data communication and processing.

By leveraging chiplets, AI hardware can better accommodate DNN models and uti-

lize communication-aware designs, resulting in enhanced performance, efficiency,

and scalability necessary for AI applications.

Existing architectures do not consider the non-uniform distribution of weights

and activations within DNNs while designing the chiplet-based architecture. For
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example, the initial layers of the ResNet-50 model on the ImageNet dataset have

more activations, leading to more on-chip data movement, while fewer weights

imply reduced computations. In contrast, the latter layers have more weights and

fewer activations, resulting in increased computations and reduced data movement.

Hence, the chiplet-based AI hardware should be optimized to match the non-

uniform algorithm structure and maximize the efficiency of computation and data

movement across the DNN layers. This shows the inefficiency of homogeneous

chiplet-based architectures as they fail to exploit the underlying distribution of

weights and activations within DNNs. To this end, we developed a heterogeneous

chiplet-based in-memory computing (IMC) architecture that integrates big and

little-chiplet banks. Additionally, we developed an algorithm to determine the

optimal configuration of the big-little IMC chiplet architecture. This algorithm

favors mapping the early layers to the little chiplet banks and the subsequent layers

to the big chiplet banks, achieving up to 2.8× higher IMC utilization and up to 329×

improvement in the energy-delay-area product (EDAP) compared to homogeneous

chiplet IMC architectures.

In addition, there is an increasing demand to implement neural networks on

mobile edge devices for both on-chip training and inference following recent de-

velopments in the Internet of Things (IoT). Nonetheless, due to the significant

computational resources required for training, deploying neural networks on edge

devices with limited resources poses a challenge. For edge devices, on-chip training

removes the need to transfer data between the device and the cloud, leading to

quicker and safer training. It is ideal for applications that run on edge devices
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like home-based rehabilitation systems. Home-based rehabilitation systems al-

low patients to perform rehabilitation without going to clinics, thus, reducing the

commute and healthcare costs. Human joint estimation allows visualization of

body movements required for rehabilitation. However, the estimations can be inac-

curate if not customized for the specific patient. For this purpose, we developed

PHR, ReRAM-based AI hardware with energy-efficient on-chip training capacity

for home-based rehabilitation systems. This system enables real-time processing

of RGB image data, fast on-chip training of mmWave radar-based human pose

estimation, and energy-efficient model inference for continuous patient usage. It

utilizes RGB camera data to generate the joint reference coordinates and customize

the initial model for the patient using on-chip training. Once the model that uses

mmWave signals is customized with on-chip training, only the mmWave radar

is used for inference. Both on-chip training and inference are executed on the

ReRAM-based IMC accelerator. The initial model achieves 130.7 mm mean per

joint point error (MPJPE) for the test subjects, while the corresponding error for

the subjects in the training set is 97.8 mm, which is about 25% lower. These results

show that the initial model can achieve very high accuracy for the known subjects,

but the accuracy degrades for new users. On average, customization using on-chip

training improves the MPJPE by 23.89%. Experiments show that it customizes to

new patients successfully and provides energy-efficient estimates of human joint

coordinates with 611.1× lower inference energy and 14.0× faster training. Both the

training and inference of the mmWave model and the inference of the RGB model

(9.7ms) can be performed in real time using our IMC-based accelerator.
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Recent research has shown that the DNN models and the AI architectures can

be codesigned, enabling high accuracy and throughput while minimizing energy

and cost [13, 14]. Codesign approaches can reduce the complexity of the DNN

models to run efficiently and faster. For example, quantization reduces the precision

of calculations, allowing smaller memory, less computation, and communication

requirements to run faster and more efficiently on specialized hardware [15, 16, 17].

Furthermore, approaches that aim at reducing the number of operations, such as

model compression and pruning, utilize networks’ sparsity [18, 19, 20, 21, 22, 23,

24, 25, 26, 27]. Many neural network weights are zero or close to zero, which allows

for reduced computational complexity without significantly affecting the models’

accuracy. To this end, we propose CANNON, a communication-aware sparse neural

network optimization framework. The proposed technique’s first step maps the

DNN layers on the target hardware resources, e.g., to the processing tiles of an NoC.

The second step performs hardware-aware dynamic sparse training. The proposed

technique prunes the p−percent of the weights based on the significance of weight

columns (called the z-index) towards any inference decision per unit communication

cost. Finally, we maintain the target sparsity throughout the training process

by choosing an equal number of weight columns (p−percent) with the smallest

communication cost and adding them back to the network at the end of each epoch.

Our hardware-optimized sparse neural networks result in up to 6.8× improvement

in the energy-delay product (with respect to the neural networks with pruning and

state-of-the-art mapping techniques) without any significant accuracy degradation.

To use the full potential of the domain-specific hardware, optimal scheduling of
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applications on the processing elements is crucial for optimizing the performance

and efficiency of computationally intensive applications. This process involves

strategically allocating and managing tasks across specialized hardware units to

ensure optimal resource utilization and minimize execution time. Unlike general-

purpose processors, domain-specific hardware such as GPUs, TPUs, and custom

accelerators are designed to handle specific types of workloads with high efficiency.

Effective task scheduling considers these hardware units’ unique characteristics

and capabilities, balancing load, reducing bottlenecks, and leveraging parallelism

to achieve superior performance.

AI workloads typically represent fixed workloads with well-defined and pre-

dictable tasks and resource requirements. This allows for a more straightforward

scheduling approach, where resources can be allocated based on the known de-

mands of the AI models. In contrast, other domains often deal with dynamic

workloads with varying requirements and real-time changes in processing needs.

For instance, communication and radar applications can exhibit significant vari-

ability in workload patterns, necessitating adaptive scheduling strategies. Task

scheduling for these dynamic workloads must be highly responsive and capable

of reallocating resources on the fly to accommodate fluctuating demands. By effi-

ciently managing AI workloads and dynamic workloads, domain-specific hardware

can deliver high performance and flexibility, making it an essential component in

diverse technological applications. To this end, we propose a dynamic adaptive

scheduling (DAS) framework that combines the benefits of a simple scheduler with

fast decision-making and a sophisticated scheduler with high-quality decisions
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using machine learning techniques. The DAS framework dynamically combines

two schedulers and outperforms both of them. It also results in low scheduling

overhead with 4.2 nJ energy and six ns runtime for low to medium loads, 27.2 nJ

energy, and 65 ns runtime for heavy workloads. Experimental results with five

streaming applications show that DAS achieves 1.29× speedup and 45% lower EDP

than the sophisticated scheduler at low data rates and 1.28× speedup and 37%

lower EDP than the fast scheduler when the workload intensifies.

ML-based task schedulers can make quick, high-quality decisions at runtime.

Like any ML model, these offline-trained policies depend critically on how repre-

sentative the training data is. Hence, their performance may diminish or even catas-

trophically fail under unknown workloads, especially new applications. Runtime

monitoring of machine learning-based task scheduling algorithms adds another

dimension of runtime optimizations by continuously assessing and adjusting the

scheduling decisions based on real-time performance metrics. By leveraging run-

time monitoring, domain-specific hardware can achieve even greater efficiency and

responsiveness, further enhancing the capabilities of AI and other high-demand

applications. To this end, we propose a novel framework to continuously monitor

the system to detect unforeseen scenarios using a gradient-based generalization

metric called coherence. The proposed framework accurately determines whether

the current policy generalizes to new inputs. If not, it incrementally trains the ML

scheduler to ensure the robustness of the task-scheduling decisions. The proposed

framework is evaluated thoroughly with a domain-specific SoC and six real-world

applications. It can detect whether the trained scheduler generalizes to the current
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workload with 88.75% to 98.39% accuracy. Furthermore, it enables 1.1× to 14×

faster execution time when the scheduler is incrementally trained.

In summary, this dissertation makes the following contributions:

• A heterogeneous big-little chiplet-based IMC architecture that utilizes a big

and little IMC-based chiplet compute structure coupled with an optimal NoP

configuration (interposer and bridge) [28],

• An energy-efficient on-chip training framework with A resistive RAM-based

in-memory computing accelerator that customizes mmWave-based human

pose estimation model for higher accuracy [29],

• A communication-aware sparse neural network optimization framework [24],

• A dynamic adaptive scheduling framework that combines fast, low overhead

and complex, high overhead tasks scheduling algorithms [30, 31],

• A runtime monitoring framework for ML-based task scheduling algorithms

to enable robust domain-specific SoCs.

The rest of the dissertation is organized as follows. The literature survey is

discussed in Chapter 2. Chapter 3 presents big-little chiplets for design-time opti-

mization of AI hardware, and discusses its role in large-scale computing. An energy-

efficient on-chip training approach using an IMC AI accelerator for personalized

home-based rehabilitation systems is presented in Chapter 4. Communication-

aware sparse neural network optimizations are discussed in Chapter 5. Chapter 6
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presents a runtime optimization strategy using task scheduling. Runtime moni-

toring for ML-based task schedulers is discussed in Chapter 7. Finally, Chapter 8

concludes this dissertation.
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2 literature review

2.1 Chiplet-based Architectures

Chiplet-based architectures are well explored for high-performance computing

applications [32, 33, 34, 35, 36, 37, 38]. A co-design flow considering architecture,

chip, and package for a chiplet-based system is proposed in [32]. A detailed design

space exploration with the proposed co-design flow shows significant improvement

in power consumption and area with respect to a monolithic design. Vivet et al. [33]

proposed a chiplet-based system with 96 computing cores and a 3D memory are

distributed over 6 chiplets. Another recent work proposed a 2,048 chiplet (14,336

cores) wafer-scale processor that utilizes a bridge-based integration [34]. The

authors discuss the challenges of designing a wafer-scale processor and provide

insights into power delivery, clock routing, and testing.

Chiplet-based architectures have proven to be both more energy-efficient and

cost-effective than monolithic architectures for complex DNNs. Several prior stud-

ies proposed chiplet-based architectures for DNN acceleration [1, 39, 40]. The

authors of [1] proposed a fine-grained 36-chiplet architecture for DNN inference

acceleration. Each chiplet utilizes a homogeneous structure with 16 PEs that operate

using a weight stationary dataflow. The chiplets are connected by a 6×6 NoP mesh

that utilize the ground-referenced signaling technique [41]. The authors of [40]

proposed a hierarchical and analytical framework, NN-Baton, to analyze DNN map-

ping and communication overheads in a chiplet-based DNN accelerator. NN-Baton

supports different mapping schemes of DNNs onto the chiplets. Furthermore, an
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Figure 2.1: Cross-sectional view of the big-little chiplet-based IMC architecture.
The architecture consists of a little chiplet bank with little chiplets ( connected by
an NoP within the interposer and a big chiplet bank with big chiplets connected by
a bridge NoP. NoP properties: 1.5–8mm length, 2–4.5µm pitch, and 0.5–2µm width.

analytical model to quantify the communication overhead for NoP is also presented

in NN-Baton. A family of chiplet topologies are proposed in [39]. The authors

explored different chiplet topologies and compared their performance through an

analytical metric which estimates latency. A chiplet-based IMC benchmarking tool

for design space exploration, SIAM, is proposed in [4]. SIAM supports different

chiplet architectures, IMC crossbar tile structures, NoP, NoC, and DRAM estima-

tion. However, all prior studies assume a homogeneous chiplet structure across

all chiplets interconnected by a single NoP. Furthermore, none of the prior works

considered the non-uniform distribution of weights and activations in the DNN

during the mapping process. Hence, many chiplets remain under-utilized while

the large NoP leads to an increased area and energy overhead.

In contrast to prior works, we propose a heterogeneous big-little chiplet-based

IMC architecture that combines big chiplet bank with a bridge-based NoP and a little

IMC chiplet bank with an interposer-based NoP to enhance the IMC utilization and

improve energy efficiency. Furthermore, we propose a customized methodology
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that exploits the non-uniform distribution of DNN weights and activations in

mapping the DNNs onto the big-little chiplet IMC architecture. To the best of

our knowledge, this is the first heterogeneous chiplet-based IMC architecture that

leverages different IMC structures collectively with a heterogeneous NoP coupled

with a customized DNN mapping.

2.2 Home-based Rehabilitation Systems

Home-based rehabilitation systems draw significant attention, especially during the

pandemic era, since they facilitate patient access to rehabilitation exercises at home

and reduce in-person physical therapy sessions. To this end, researchers established

the relationship between human joint location and rehabilitation movements [42,

43]. Authors in [42] proposed an approach that can get human joint information

and face videos to relate the pain to the patient’s movement. UI-PRMD [43] dataset

provides exercise data using Kinect and motion capture system. To check whether

the exercises conform to standards, rehabilitation systems require accurate human

pose estimation, usually obtained from RGB images [44, 45]. OpenPose [44] and

HRNet [45] are the most representative approaches that achieve fast and accurate

human pose estimation from RGB sources.

mmWave radar-based pose estimation addresses privacy concerns and enhances

robustness to the environment compared to RGB-based approaches, thus being

an emerging solution for rehabilitation systems [46, 47, 48]. These approaches

map 3D mmWave point cloud to ground truth human joints using smaller CNNs
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than those processing RGB video ones since the mmWave frames are significantly

smaller than their RGB counterparts. However, existing techniques focus on offline

learning and algorithm design. Since they assume that offline-design CNNs will

generalize to arbitrary users, they only consider inference during rehabilitation

exercises. Hence, they do not deal with on-device training after a new patient starts

using the system. In strong contrast, our proposed framework achieves end-to-end

real-time mmWave-based human pose estimation, including training and inference.

The acceleration of both training and inference is critical for the real-time ex-

ecution of applications. To this end, we utilize a Resistive RAM (ReRAM)-based

in-memory computing (IMC) AI accelerator for our framework. IMC-based hard-

ware accelerators perform computation inside memory units to reduce off-chip

data communication. ReRAM-based approaches achieve high density and low

energy consumption. Therefore, they are widely used for machine learning accel-

eration [5, 1, 49, 50, 28]. The training of CNN models is vulnerable to gradient

precision and the write endurance and nonlinear properties of ReRAM architec-

tures can cause an accuracy loss during training [51, 52]. Authors in [52] and [53]

proposed methods to mitigate these problems. By utilizing these methods, on-chip

training on ReRAM-based IMC accelerators is possible without seeing a significant

accuracy drop.

In contrast to prior work, we propose PHR, a ReRAM-based IMC accelerator with

energy-efficient on-chip training capacity for home-based rehabilitation systems.

To the best of our knowledge, it is the first system that enables real-time processing

of RGB image data, fast on-chip training of mmWave radar-based human pose
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estimation, and energy-efficient model inference for continuous patient usage.

2.3 Hardware-Aware Neural Network Optimizations

Network pruning is a widely studied approach to reducing network sizes by elim-

inating redundant parameters. Optimal Brain Damage [54] and Optimal Brain

Surgeon [55] are early works in this domain. Authors in [56] prune the network

weights with an absolute value closest to zero and a little to no contribution to the

output. More recent pruning methods incorporate training to retain a similar accu-

racy as the original network [57]. For example, the Lottery Ticket Hypothesis (LTH)

finds a subnetwork, referred to as the winning ticket, that can achieve the same

test accuracy as the unpruned network if trained in isolation [2]. The authors train

a network with randomly initialized weights for a predefined number of epochs.

Then, p-percentage of the weights with the smallest absolute value is pruned to

obtain the winning ticket. After that, the unpruned weights are reset to their initial

values before repeating the training. Then, the pruned network, referred to as the

winning ticket subnetwork, is trained for the same number of epochs. By iteratively

repeating this process, the authors generate winning tickets that have 80%–90%

fewer weights while keeping a similar accuracy. Table 1 shows the comparison

of CANNON against LTH and other the state-of-the-art pruning and mapping

methods.

Similar to network pruning, a sparse evolutionary training approach, called

SET, can guarantee built-in sparse structures during training [58]. SET achieves
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Table 2.1: Comparison of various mapping and pruning approaches

Method FC
Pruning

Conv
Pruning

HW-Aware
Training Mapping

Wu et al. [6] no no no yes
Mocanu et al. [58] yes no no no

Frankle & Carbin [2] yes yes no no
Karimzadeh et al. [59] yes yes no yes

Chu et al. [60] yes yes no yes
Meng et al. [25] yes yes no yes

CANNON yes yes yes yes

higher test accuracies compared to unpruned networks. However, it uses sparse

connections only for the fully connected layers, leaving the convolutional layers

intact.

None of the mentioned approaches considers the hardware resources and ac-

counts for the communication cost during pruning. Hence, these approaches cannot

exploit the full potential of the target hardware. Recent studies started considering

hardware-aware techniques due to the importance of the target hardware. Wu et

al. [6] use Reinforcement Learning (RL) for mapping DNNs to hardware, but they

do not perform pruning. Wang et al. [61] quantize DNNs to reduce the model size

using a hardware-aware quantization method. A Linear Feedback Shift Register

is used to decide which weights to prune (or not) in [59]. Lately, structural prun-

ing gained popularity due to its pruning in regular shapes. Structural pruning

prunes the network such that a significant chunk of memory elements can be re-

moved. Structural pruning techniques for CPUs are proposed in [62, 63]. Similarly,

the Scalpel technique [23] prunes networks to match the network size to SIMD
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units. 3PXNet [64] combines binarization and pruning for edge machine learning.

Technique in [65] proposes to remove a complete channel filter of a convolutional

network instead of randomly selecting the weights in a channel to prune on embed-

ded GPUs. However, the authors show that existing GPU libraries do not perform

channel pruning efficiently. The methods proposed in [25, 66, 60, 67, 68, 69, 70, 71]

use resistive-RAM (RRAM) based hardware accelerators for structured pruning

and propose crossbar-aware structural pruning to prune the network. Authors

in [60, 25, 70, 69, 66] employ crossbar-aware column and row pruning, which neces-

sitates an indexing unit to handle migrating weight columns. This hardware unit

results in extra overhead. Authors in [67] do not use indexing units but reduce the

number of bits required for the ADC. Authors in [68, 71] use operation units that

divide the crossbar arrays into small matrices to utilize each crossbar column with

multiple weight columns. This approach utilizes the time division principle (i.e.,

activates some part of a crossbar column at a particular time instance) for the weight

columns, resulting in an extra time overhead. However, any of the mentioned ap-

proaches do not consider the overhead of the communication of activations on the

system while utilizing structured pruning.

The unique aspects of our work are highlighted in Table 2.1 where we compare

CANNON against the state-of-the-art network pruning and mapping methods.

In contrast to prior techniques, we account for the communication cost to enable

hardware-aware training. We first map the target network onto the target hardware

to minimize the communication latency and then perform hardware-aware dynamic

sparse training. Our proposed methodology can work with any pruning technique.
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We chose SET [58] as the baseline since it guarantees sparse connections between

each DNN layers by construction. However, different than SET, our approach also

prunes convolutional (in addition to the fully connected) layers. Our systematic

approach introduces sparse graphs that can enable structured sparsity where blocks

of zeros can be obtained. Hence, our proposed technique complements efficient

sparse representations like Compressed Sparse Block (CSB) [72], Compressed

Sparse Row (CSR) [73], Compressed Sparse Fiber (CSF) [74] to minimize data

communication overheads. To the best of our knowledge, CANNON is the first

hardware-aware training technique that combines all the features listed in Table 2.1.

2.4 Task Scheduling Techniques for Heterogeneous

Architectures

Schedulers have evolved significantly to adapt to different requirements and op-

timization objectives. Static [75, 76] and dynamic [77, 78, 79, 80] task schedul-

ing algorithms have been proposed in the literature. Completely Fair Scheduler

(CFS) [77] is a dynamic approach that is widely used in Linux-based OS and aims

to provide resource fairness to all processes while the static approaches presented

in [75, 76] optimize the makespan of applications. CFS [77] was initially developed

for homogeneous platforms, but it can also handle heterogeneous architectures

(e.g., Arm big.LITTLE). While CFS may be effective for client and small-server

systems, high-performance computing (HPC) and high-throughput computing

(HTC) necessitate different scheduling policies. These policies, such as Slurm and
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HTCondor, are specifically designed to manage a large number of parallel jobs and

meet high-throughput requirements [81, 82]. On the other hand, DSSoCs demand

a novel suite of efficient schedulers that execute at nanosecond-scale overheads

since they deal with scheduling tasks that can execute in the order of nanoseconds.

The scheduling overhead problem and scheduler complexities are discussed

in [83, 84, 85, 86, 87, 88, 89, 90]. The authors in [83] propose two dynamic sched-

ulers, calledCATS and CPATH, where CATS detects the longest and CPATH detects

the critical paths in the application. CPATH algorithm shows inefficiency in terms

of its higher scheduling overhead. Motivated by high scheduling overheads, An-

ish et al. [91] propose a new scheduler that approximates an expensive heuristic

algorithm using imitation learning with low overhead. However, the schedul-

ing overhead is still approximately 1.1 s, making it impractical for DSSoCs with

nanosecond-scale task execution. Authors in [90] propose a neural network-based

scheduler selector that schedules eight independent tasks to eight cores from three

different architectures. However, using a neural network-based architecture for the

selector results in high overheads unsuitable for DSSoCs. Energy-aware schedulers

for heterogeneous SoCs have limited applicability to DSSoCs because of their com-

plexity and large overheads [92, 93, 94, 95]. There are other papers that discuss the

overhead of data offloading through dispatching between accelerators and CPU

units using schedulers [96, 97].

Several scheduling algorithms that demonstrate the benefits of using multiple

schedulers are proposed in [98, 99, 100]. Specifically, the authors in [98] propose a

technique that switches between three schedulers dynamically to adapt to varying
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job characteristics. However, the overheads of switching between policies are not

considered as part of the scheduling overhead. The approach in [100] integrates

static and dynamic schedulers to exploit both design-time and runtime characteris-

tics for homogeneous processors. The hybrid scheduler in [100] uses a heuristic

list-based schedule as a starting point and then improves it using genetic algo-

rithms. However, it does not consider the scheduling overhead of the individual

schedulers. The authors in [84] discuss the performance comparison of a simple

round-robin scheduler and a complex earliest deadline first (EDF) scheduler and

their applicability under different system load scenarios.

Using insights from literature, we propose a novel scheduler that combines the

benefits of the low scheduling overhead of a simple scheduler and the decision

quality of a sophisticated scheduler (described in Section 6.2.3) based on the system

workload intensity. To the best of our knowledge, this is the first approach that uses

a novel runtime preselection classifier to choose between simple and sophisticated

schedulers at runtime to enable scheduling with low energy and nanosecond scale

overheads in DSSoCs.

2.5 ML-based Task Schedulers and Runtime

Monitoring Techniques for Domain-Specific SoCs

Domain-specific SoCs have gained traction in recent years following the demand for

specialized processing and energy-efficient solutions. Recent work discussed these

architectures and proposed accelerations frameworks across different application
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domains [101, 102, 103, 104]. Modern computing systems, including domain-

specific SoCs, often rely on runtime heuristics for task scheduling [77, 78, 105].

Alongside heuristic schedulers, list-based schedulers [75, 88, 89, 94, 106, 76] have

been proposed for task scheduling, aiming to optimize performance metrics at

design time. However, one limitation of list-based schedulers is their inability

to account for scenarios involving multiple streaming applications with varying

initialization times. Furthermore, optimization-based schedulers, such as those

utilizing integer linear or constraint programming techniques [80, 79, 107], aim

for optimal decision-making but suffer from infeasible runtime overheads due to

computational complexity.

ML-based task schedulers have recently emerged as alternatives to conventional

algorithms and heuristics [108, 109, 91, 110, 111, 112, 113, 114, 115, 116], offering

reduced overhead while achieving near-optimal outcomes. They leverage various

features, including performance counters, task, and application-related data, to

make informed decisions. These features encompass a broad spectrum of metrics,

ranging from task execution durations on diverse resources to communication

latencies and resource availability, chosen strategically to optimize decision-making.

At the same time, a deep neural network or decision tree policy enables predictable

execution time and runtime overhead optimization. These schedulers leverage vari-

ous ML methods such as support vector machine (SVM) [116], imitation learning

(IL) [91, 112], and reinforcement learning (RL) [108, 109, 111, 114, 113, 115]. IL

models, for instance, emulate the behaviors of complex schedulers impractical for

runtime usage, showcasing efficiency by eliminating the need for exhaustive search
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or optimization algorithms. However, they are prone to sensitivity toward their

training datasets and inherent biases from expert behaviors, rendering them vulner-

able to unseen changes and generalization issues. In contrast, RL-based schedulers

learn a policy that optimizes a performance metric [111, 109] or multiple met-

rics [114] by exploration. For instance, Decima [108] specializes in cluster-level

scheduling for streaming applications using graph and deep neural networks. These

schedulers also allow runtime adaptability, iteratively refining their weights to ac-

commodate changes in response to evolving workload dynamics. They provide

a significant advantage over static approaches, such as heuristics, particularly in

swiftly changing environments inherent to domain-specific SoCs. Nonetheless, all

these methods necessitate a monitoring framework to (1) confirm the generalization

of the ML policy to new data encountered at runtime and (2) adapt the policies if

needed.

Monitoring frameworks for ML models focus on detecting data and concept

drifts. Data drift detection methods [117, 118] typically employ statistical models to

assess whether the observed data deviate significantly from a reference distribution.

In contrast, concept drift detection methods [119, 120, 121] focus on detecting

shifts in the relationship between input and output using statistical and ML-based

classifiers. However, these methods often have high computational complexity and

execution times in the order of seconds), making them impractical for runtime

applications, especially in scenarios with short task durations typical of domain-

specific SoCs. Additionally, their ability to adapt to evolving data distributions may

be limited due to inherent assumptions. In contrast, our proposed framework takes
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a different approach by leveraging changes in gradients to quantify generalization to

new data without making assumptions about the input data. Moreover, recent work

has explored the robustness of ML models using mixed integer linear programming

(ILP), resulting in runtime requirements ranging from seconds to minutes [122]. On

the task scheduling problem, researchers discuss the robustness of task scheduling

methods [123], using metrics such as expected execution time and missed deadlines,

often overlooking considerations related to generalizing to new applications. To

the best of our knowledge, our proposed framework is the first runtime monitoring

framework tailored for ML-based task scheduling on domain-specific SoCs.
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3 big-little chiplets for in-memory acceleration of

dnns: a scalable heterogeneous architecture

3.1 Background, Motivation, and Contributions

State-of-the-art deep neural networks (DNNs) have become more complex with

deeper, wider, and more branched structures to cater to demanding applications [124,

125]. The growing complexity reduces hardware inference performance due to

increased memory accesses and computations [124]. To boost the performance

and energy efficiency, in-memory computing (IMC)-based architectures embed

the matrix-vector-multiplications within the memory arrays [5, 50, 126, 127, 128].

However, IMC architectures with stationary weights stored on the chip result in

significant area overhead and fabrication cost [4, 5]. Hence, 2.5D/3D architectures

are adopted to design large-scale DNN accelerators using an array of small chips

(i.e. chiplets) connected by a network-on-package (NoP) [34, 129].

Prior studies have demonstrated chiplet-based architectures based on both

IMC and conventional multiply-and-accumulate (MAC) engines for DNN accelera-

tion [4, 40, 1, 34, 37, 129, 32, 33, 36, 130, 131, 132, 133]. However, existing schemes do

not consider the non-uniform distribution of weights and activations within DNNs

while designing the chiplet-based architecture. Figure 3.1(a) and Figure 3.1(b)

show the distribution of activations and weights (normalized) across all layers of

ResNet-50 on ImageNet and VGG-19 on CIFAR-100. The initial layers have more ac-

tivations between layers but have fewer weights. A larger number of activations lead
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Figure 3.1: Normalized layer-wise activation/weight distribution for (a) ResNet-50
(ImageNet) and (b) VGG-19 (CIFAR-100). Initial/latter layers are activation/weight
dominated.

to more on-chip data movement, while fewer weights imply reduced computations.

In contrast, the latter layers have more weights and fewer activations, resulting in

increased computations and reduced data movement. Hence, the chiplet-based

IMC architectures should be optimized to match the non-uniform algorithm struc-

ture and maximize the efficiency of computation and data movement across the

DNN layers.

Figure 3.2(a) shows the IMC utilization of four different DNNs using a homo-

geneous chiplet-based RRAM IMC architecture. The architecture utilizes chiplets

with 16 tiles, where each tile consists of an array of 16 IMC crossbar arrays of size

256×256 [4]. The chiplets are interconnected by a 32-bit wide NoP operating at
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250MHz, having the signaling scheme in [41]. Smaller DNNs like DenseNet-40 on

CIFAR-10 have 29% IMC utilization, while larger DNNs like VGG-19 on CIFAR-100

achieve 40% IMC utilization. A lower IMC utilization leads to increased IMC array

arrays and in turn, higher energy and latency. Furthermore, a single NoP structure

results in significant area overhead due to the large NoP driver and interconnect cost.

Figure 3.2(b) shows that for the homogeneous structure, the NoP accounts for 90%

and 50% of the total area for VGG-19 on CIFAR-100 and DenseNet-40 on CIFAR-10,

respectively. In addition, the increased NoP bus width leads to higher NoP energy

with up to 53.75× higher cost relative to an 8-bit multiply-and-accumulate (MAC)

operation in 16nm technology node [40].

Optimizing the architecture and the NoP will lead to efficient execution of DNN

models. Therefore, this work addresses the inefficiency of homogeneous chiplet-

based IMC architectures that fail to exploit the underlying distribution of weights

and activations within DNNs. To this end, we propose a heterogeneous chiplet-

based IMC architecture that integrates big and little-chiplet banks, as illustrated

in Figure 2.1. Specifically, we develop an algorithm to determine the optimal

configuration of the big-little IMC chiplet architecture. The little-chiplet bank

consists of little chiplets interconnected by an interposer-based NoP (chiplets are

placed closed to each other) [41]. Similarly, the big-chiplet bank consists of big

chiplets interconnected by a bridge-based NoP [134]. Little chiplets consist of

fewer/smaller IMC crossbars or processing element (PE) arrays, while the big

chiplets have more/larger IMC crossbars or PE arrays. In addition, each chiplet

(big/little) utilizes a local DRAM to store the weights of the DNN.
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Figure 3.2: IMC utilization for different DNNs using a homogeneous chiplet RRAM
IMC architecture [4] and the proposed heterogeneous big-little chiplet architecture.
The heterogeneous big-little architecture improves the IMC utilization.

In addition to the hardware architecture, we also propose a new technique to

map DNNs onto the big-little chiplet-based IMC architecture. Taking a cue from

the non-uniform distribution of the weights and activations within the DNN, we

propose to map the early layers within a DNN onto the little chiplet bank and the

subsequent layers onto the big chiplet bank. The smaller structure of the weights in

the early layers results in higher utilization within the little chiplet bank, while the

larger layers towards the end of the DNN achieve high utilization on the big-chiplet

bank. To achieve this, we develop a custom mapping algorithm that performs the

mapping of the DNN on to the big-little architecture. We note that, the algorithm

is universal and applies to the case when the resource in a given big-little chiplet is

not enough to store all DNN weights.

We exploit the activation distribution by utilizing an interposer-based NoP
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with high bandwidth within the little chiplet bank, which houses the early layers

with higher on-chip data movement. Simultaneously, the subsequent layers with

lower on-chip data movement (fewer activations) utilize the bridge-based NoP

with lower bandwidth within the big chiplet bank. Experimental evaluation of

the proposed big-little chiplet-based RRAM IMC architecture on ResNet-50 on

ImageNet shows up to 259×, 139×, and 48× improvement in energy-efficiency

with lower area compared to Nvidia V100 GPU, Nvidia T4 GPU, and SIMBA [1]

architecture, respectively.

The main contributions of this chapter is as follows:

• We propose a heterogeneous big-little chiplet-based IMC architecture that

utilizes a big and little IMC-based chiplet compute structure coupled with an

optimal NoP configuration (interposer and bridge).

• We present a custom mapping strategy of DNNs onto the big-little chiplet

IMC architecture that exploits the non-uniform distribution of weights and

activations,

• Our experiments of the proposed big-little chiplet-based RRAM IMC ar-

chitecture on ResNet-50 on ImageNet achieve up to 259×, 139×, and 48×

improvement in energy-efficiency and lower area compared to Nvidia V100

GPU, Nvidia T4 GPU, and SIMBA [1] architecture, respectively.

The rest of this chapter is organized as follows. Section 3.2 provides an overview

of architecture. In Section 3.3, we discuss the parameters of the architecture and

mapping methodology, followed by relevant experimental results in Section 3.4.
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Figure 3.3: (a) Overview of the big-little chiplet IMC architecture. The little chiplet
bank utilizes smaller chiplets connected by a interposer-based NoP while the big
chiplet bank utilizes bigger chiplets connected by a bridge-based NoP. Each chiplet
utilizes a local DRAM, (b) IMC chiplet architecture (big and little). Each chiplet
consists of an array of IMC tiles and a dedicated NoP transceiver and router, (c)
The little chiplet bank consists of fewer and smaller tiles while the big chiplet bank
consists of more bigger tiles. Both chiplet structures utilize a mesh-based NoC for
on-chip communication, and (d) Structure of each tile within the big and little
chiplet. It consists of an array of IMC crossbar arrays and associated peripheral
circuits with an interconnect similar to that in [5]. The little chiplet consists of fewer
and smaller IMC crossbars while the big chiplet has larger and more IMC crossbar
arrays.

3.2 Overall Architecture

Figure 3.3(a) shows the top-level block diagram of the heterogeneous big-little

chiplet IMC architecture. The architecture consists of two banks of IMC chiplets, a

little bank (shown in yellow color) and a big bank (shown in light red color). The

little IMC chiplet bank consists of chiplets with smaller and fewer IMC crossbar

arrays compared to the big chiplets. It is placed on an interposer that houses the

NoP. The NoP provides high bandwidth and a compact structure for on-package

communication within the little chiplet bank. At the same time, the increased size

and count within the big chiplet bank allow for higher computation capability. The
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big chiplets are directly connected to the substrate using micro-bumps. A bridge-

based NoP is utilized within the big chiplet bank for on-package communication.

Long wires of the bridge NoP allow easy integration of the big chiplets. We utilize

the Y–X routing methodology for the NoP. Each chiplet (big and little) consists of

a local DRAM (DDR4 in this work) that stores the weights required for the IMC

crossbar arrays.

Figure 3.3(b) shows the structure of a IMC chiplet. Each chiplet utilizes a hier-

archical structure that consists of an array of big (bottom of Figure 3.3(c)) or little

IMC tiles (top of Figure 3.3(c)) and each tile consists of an array of IMC crossbars

or PEs. In addition, the chiplet contains a pooling unit, non-linear activation unit,

accumulator, and buffer. The accumulator is used for the partial sum accumulation

across different tiles within the chiplet. Furthermore, the buffers allow for efficient

data movement in and out of the chiplet. Each IMC chiplet consists of a dedicated

NoP transceiver used for the transmission and reception of packets across the NoP.

In this work, we adopt the NoP transceiver from [41]. Each transceiver consists of

a local PLL circuit that provides the clock for the transceiver. A five-port router is

utilized for routing of the data across the NoP.

Each IMC chiplet utilizes a local DRAM to store the weights. The local DRAM

allows for external memory access, thus making our proposed big-little architecture

a generic platform. If a DNN does not fit on the entire chip, the DRAM stores all the

weights necessary for each chiplet. First, the DRAM loads the necessary weights

into the IMC crossbar arrays. Next, while the computation is performed, the DRAM

loads the next set of weights of the DNN. The buffer is designed to support a ping-
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pong operation [135]. The weights from the DRAM are loaded into the first buffer

stage (ping) and then moved to the second buffer stage (pong). Therefore, the

big-little IMC chiplet architecture masks the DRAM latency with the computation

latency, achieving high throughput.

Finally, Figure 3.3(d) shows the structure of an IMC tile. Each array in the

crossbar consists of PEs that perform the computations. In this work, we focus

on a resistive random-access-memory (RRAM) based IMC crossbar array due to

its superior energy-efficiency [5]. The computations are performed in the analog

domain by turning on all wordlines (WL) together and performing accumulation

along the bitline (BL). The inputs are given through the WL while the weights are

stored within the RRAM cells. Each IMC array consists of specialized peripheral

circuitry that assists the computation. The peripheral circuitry includes a column

multiplexer (mux), an analog-to-digital converter (ADC), a shift and add circuit,

and a buffer. The column mux is used to share the ADC across columns of the

IMC array. The ADC converts the MAC output in the analog domain across each

column into the digital domain. The big-little IMC architecture does not utilize a

digital-to-analog converter (DAC) by employing bit-serial computing. The shift

and add circuit handles the positional value of each bit within the multi-bit input

activations that are computed using the IMC arrays. The buffers within the tile are

utilized for storing the partial sums and the input activations.

The following two sections present the implementation details and experimental

evaluations, respectively.
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3.3 Parameters of the Big-Little Architecture and

Mapping

This section describes the implementation and mapping details of the Big-Little

chiplet architecture.

The underlying non-uniform distribution of weights and activations within a

DNN results in an increased number of activations in the early layers and larger

number of weights in the subsequent layers (Figure 3.1). This non-uniform weight

distribution leads to under-utilization of chiplets in the early layers, thus a lower

overall IMC utilization. To improve the IMC utilization, crossbar arrays with smaller

size (e.g. 32×32 instead of 128×128) can be used everywhere. However, using

smaller crossbar arrays also leads to increasing number of chiplets in the system.

In turn, larger number of chiplets in the system increases the area as well as energy

consumption (due to higher relative area and energy of the peripheral circuits)

masking the benefit of using chiplet-based system. Therefore, a balance between

crossbar array size and number of chiplets in the system is necessary. To this end,

we propose a technique to optimize the big-little chiplet configuration as discussed

next.
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Algorithm 1 Determining Big-Little Chiplet Configuration
1: Input: DNN structure, number of chiplets (NC), set of crossbars sizes for the

little chiplets (XL) and the big chiplets (XB); set of number of tiles in the little
chiplets (TL) and the big chiplets (TB); number of little chiplets (NL) and
number of big chiplets (NB)

2: Output: Tile utilization for each configuration i (Ui)
3: Ncfg ← number of configurations in the set containing all possible combinations

of the elements in XB, XL, TL, TB, NL, NB

4: L← number of DNN layers
5: for i = 1 : Ncfg do
6: nl = Number of little chiplets in Config-i
7: nb = Number of little chiplets in Config-i
8: j← 0 // Number of layers already mapped
9: U← 0 // Sum of utilization

10: nu
l ← 0 // Number of little chiplets used

11: while nu
l ⩽ nl and j < L do

12: jt ← Number of tiles required for layer-j
13: rlt ← Number of remaining tiles in the little chiplet
14: if jt < rlt then
15: Map layer-j to the little chiplet
16: uj ← Tiles utilization for layer-j (Eq. 3.1)
17: U = U+ uj;
18: j = j+ 1
19: else
20: nu

l = nu
l + 1

21: end if
22: end while
23: nu

b ← 0 // Number of big chiplets used
24: while nu

b ⩽ nb and j < L do
25: jt ← Number of tiles required for layer-j
26: rbt ← Number of remaining tiles in the big chiplet
27: if jt < rbt then
28: Map layer-j to the big chiplet
29: uj ← Tiles utilization for layer-j (Eq. 3.1)
30: U = U+ uj;
31: j = j+ 1
32: else
33: nu

b = nu
b + 1

34: end if
35: end while
36: Ui =

U
L

37: end for
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3.3.1 Configuration of the big-little chiplets

We first determine the configuration of big-little chiplets by computing the tile uti-

lization with different big-little chiplet configurations for a given DNN. Algorithm 1

shows our proposed technique to find the utilization. The inputs to the algorithm

are

1. the set of crossbar sizes for the little chiplets (XL) and the big chiplets (XB),

2. set of number of tiles in the little chiplets (TL) and the big chiplets (TB),

3. number of little chiplets (NL) and big chiplets (NB),

4. the DNN structure,

5. the total number of chiplets in the system.

We note that the initial layers of the DNN are mapped on to little chiplets since

there are fewer weights in the initial layers. A DNN layer is mapped on to a chiplet

when number of tiles required for that layer is less than the number of remaining

tiles in the chiplet, i.e., the available resource on the chiplet is sufficient for the layer

(as shown in line 13–17 of Algorithm 1). Once a layer (layer-j) is mapped on to a

chiplet, the tile utilization is computed as:

IMCj =

⌈
Kx

j × ky
j ×Nif

j

x

⌉
×

⌈
Nof

j ×Q

x

⌉

uj = 100×
Kx

j × ky
j ×Nif

j ×Nof
j ×Q

IMCj × x× x
(3.1)
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where Kx
j and Ky

j are the kernel sizes of layer-j, Nif
j and Nof

j are the number of i/p

and o/p features for layer-j, Q is the quantization precision, IMCj is the number of

IMC crossbars required for layer-j and x is the IMC crossbar size (x× x). Once the

resources of a chiplet are exhausted, the next chiplet is considered for mapping.

This process continues until no chiplet (little/big) is available.

In the proposed method, for each chiplet configuration, we obtain the average

utilization for a particular DNN after each layer is mapped(line 36 of Algorithm 1).

Then we sort (in descending order) the configurations based on the utilization and

save the top K configurations. The above procedure is repeated for M different

DNNs and the configuration with highest utilization which is common for all DNNs

is considered as the final configuration for the big-little chiplet system. We note that

K and M are user-defined parameters and our proposed technique is independent

of these parameters.

3.3.2 Configuration of the big-little NoP

The heterogeneous chiplet configuration (discussed in Section 3.3.1) improves the

overall chiplet utilization by using smaller chiplets that match well to the early

layers with fewer weights. However, the initial DNN layers produce higher number

of activations compared to later layers. Therefore, the volume of traffic between

little chiplets (used for initial DNN layers) is higher than the traffic volume between

big chiplets (used for later DNN layers). Hence, the network-on-package (NoP)

configuration between little chiplets needs to be different than that of the big chiplets.

To this end, we propose a technique to determine optimal NoP configuration for a
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Algorithm 2 Determining Big-Little NoP Configuration
1: Input: DNN structure, number of chiplets (NC), set of NoP bus widths for the

little chiplets (WL) and the big chiplets (WB); set of NoP frequency for the
little chiplets (FL) and the big chiplets (FB), mapping of layers to the big-little
chiplet (L→ C)

2: Output: NoP EDP for each configuration-i (Ei)
3: Ncfg ← number of configurations in the set containing all possible combinations

of the elements in WL, WB, FL, FB

4: L← number of DNN layers
5: nl = Number of little chiplets
6: nb = Number of big chiplets
7: for i = 1 : Ncfg do
8: wl = Bus-width of little chiplets in Config-i
9: wb = Bus-width of big chiplets in Config-i

10: fl = NoP frequency of little chiplets in Config-i
11: fb = NoP frequency of big chiplets in Config-i
12: Ei ← 0 // Initializing EDP of Config-i
13: for j = 1 : nl do
14: Compute edpj by from Equation 3.2
15: Ei = Ei + edpj // Communication EDP
16: end for
17: for k = 1 : (nb − 1) do
18: Compute edpk from Equation 3.2
19: Ei = Ei + edpk // Communication EDP
20: end for
21: end for

system with big-little chiplet targeted for a particular DNN. Algorithm 2 shows the

technique to determine NoP configuration for a particular DNN. The inputs to the

algorithm are:

1. big-little chiplet configuration obtained from Algorithm 1,

2. set of NoP bus width for the little chiplets (WL) and the big chiplets (WB),
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3. set of NoP frequency for the little chiplets (FL) and the big chiplets (FB),

4. the DNN structure.

We evaluate the energy-delay product of communication for each NoP configu-

ration in the set of configurations. An analytical expression based evaluation is

incorporated to perform fast exploration in the NoP configuration space. First, we

evaluate communication volume of each NoP configuration given a particular DNN.

The communication volume is equivalent to the number of packets transferred

between two chiplets, and the number of packets (P) is expressed as P = b
w

, where

b is the number of bits to be communicated and w is the NoP bus width. We divide

the number of packets by NoP frequency (f) to obtain an approximation of NoP

latency d = P
f
= b

w×f
. Next, we compute NoP power consumption by assuming that

it is proportional to cube of NoP frequency [136]; p = f3. Then the approximate

energy consumption (e) is computed by multiplying communication latency and

communication power; e = d× p. Finally, communication EDP between each pair

of chiplet (edp) is computed as:

edp = e× d = d× p× d = d2 × f3 =
( b

w× f

)2 × f3 =
b2 × f

w2 (3.2)

The total communication EDP for each NoP configuration for a particular DNN

is obtained by adding the communication EDP between each pair of chiplets. A

total of K NoP configurations with lower EDP are saved and the above procedure

is repeated for M different DNNs. The configuration with lowest cost which is

common for all DNNs is considered as the final NoP configuration for the big-little
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chiplet system. Similar to the technique of selecting big-little chiplet configuration

(described in Section 3.3.1), K and M are the user defined parameter and our

proposed technique is independent of these parameters.

3.3.3 Mapping a Previously Unseen DNN to a System on

big-little Chiplets

So far, we described our proposed technique to determine the optimal configura-

tion of big-little chiplet and the NoP. The optimal configuration is determined by

performing design space exploration with several DNNs. However, an unknown

DNN (not seen before) may be encountered at runtime. Moreover, there is no

guarantee that all the weights of a given DNN will fit in the on-chiplet resources

since the number of DNN parameters seem to be continuously growing. In these

cases, we need to divide the entire DNN into multiple parts and load the weights of

each part from DRAM before executing. Algorithm 3 shows the DNN partitioning

as well as the mapping technique. The input to the algorithm is the DNN structure,

big-little chiplet configuration and big-little NoP configuration. First, we compute

the number of in-memory computing bits available on the system (SB). Specifically,

for each type (little/big) of chiplets, we multiply the number of available chiplets

(nl/nb), the number of tiles in each chiplet (tl/tb), the number of crossbar array in

each tile (16), and the size of IMC crossbar array for big and little chiplets (xl/xb).

Then we add the product for big and little chiplets to obtain the total number of
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in-memory computing bits available on the system (SB):

SB = (nl × tl × 16× xl × xl) + (nb × tb × 16× xb × xb) (3.3)

Next, we compute the number of bits required to store all the weights of the DNN

(DB). Assuming average utilization of u(0 < u ⩽ 1), the total number of partitions

(Pr) required for the DNN is computed by taking the ceiling of the quotient obtained

by dividing the required number of bits to store all weights (DB) by the available

number of in-memory bits on the system (SB):

Pr =
⌈ DB

SB × u

⌉
(3.4)

For each partition, first, we compute the utilization of ith layer on a big chiplet

(Ui
B) as well as on a little chiplet (Ui

L). We compute Ui
B and Ui

L using Equation 3.1.

If the big chiplet utilization ((Ui
B)) is less than the little chiplet utilization (Ui

L) and

the little chiplet bank is not exhausted, then the layer is mapped onto a little chiplet,

as shown in lines 7–12 of Algorithm 3. Otherwise, we compute the number of big

chiplets required (aB) to map the rest of the layers. If aB is less than or equal to

the number of available big chiplets (AB), then we map the rest of the layers to the

big chiplet bank, else the algorithm throws an error since the resource requirement

exceeds the available capacity (shown in line 18–23 of Algorithm 3). Thus, we

ensure that the initial layers with fewer weights are mapped into little chiplets and

the latter layers with higher number of weights are mapped onto big chiplets with

more computation resources. Therefore, our proposed custom mapping of the
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Algorithm 3 Mapping DNN Layers to Big-Little Chiplets
1: Input: DNN layers (L), IMC crossbar size in Big chiplet (xb), IMC crossbar

size in little chiplet (xl), number of tiles in big chiplets (tb), number of tiles in
little chiplets (tl), number of available big chiplets (nb), number of available
little chiplets (nl)

2: Output: Mapping of layers to of big-little chiplet (L→ C)
3: Compute SB by following Equation 3.3
4: Compute Pr by following Equation 3.4
5: for j = 1 : Pr do
6: Lj → DNN layers for partition-j; Lj ∈ L

7: for i = 1 : |Lj| do
8: aL → 1 // Number of little chiplets used
9: Compute utilization of ith (Ui

B) layer on a big chiplet using xb, tb
10: Compute utilization of ith (Ui

L) layer on a little chiplet using xl, tl
11: if ((Ui

B < Ui
L)&(aL ⩽ AL)) then

12: Map ith layer to little chiplet.
13: if Resource in aL is exhausted then
14: aL → aL + 1
15: end if
16: else
17: Compute # of big chiplets (aB) required to map layer-i – layer-|L||

18: assert((aB ⩽ AB), ‘Error’)
19: for k = i : |Lj| do
20: Map kth layer to big chiplet.
21: end for
22: break
23: end if
24: end for
25: end for

DNN onto the big-little chiplet architecture ensures high IMC utilization.
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3.4 Experimental Evaluation

3.4.1 Experimental Setup

Evaluation platform: To evaluate the proposed heterogeneous big-little IMC chiplet

architecture, we use a customized version of the open-sourced tool SIAM [4]. The

customization includes the addition of the custom mapping scheme detailed in

Section 3.3. In addition, we handle the big-little chiplet IMC architecture by adding

the number of each type (big/little) of chiplets, the number of tiles inside big and

little chiplets, and the big-little IMC structure. Furthermore, we also assume that

each type of chiplet can use different NoP width. The simulator performs the

mapping of a given DNN onto the big-little IMC chiplet architecture. The outputs

include area, energy, latency, throughput, energy efficiency, and IMC utilization

(for all individual components in the architecture). Finally, we add support for

intermediate DRAM access (DDR4 [137]) for each chiplet to handle the case where

all weights do not fit on the system at once. We plan to open-source the tool and

optimization methodology upon acceptance of the paper.

DNN algorithms and architectural parameters: We evaluate the proposed het-

erogeneous chiplet architecture with DenseNet-40 (0.26M) on CIFAR-10, ResNet-

110 (1.7M) on CIFAR-10, VGG-19 (45.6M) on CIFAR-100, ResNet-34 (21.5M) and

ResNet-50 (23M) on ImageNet. We utilize an RRAM-based IMC structure for DNN

inference with the following parameters: one bit per RRAM cell, a Roff/Ron ratio

of 100, ADC resolution of 4-bits with 8 columns multiplexed, operating frequency

of 1GHz [138, 5], and a parallel read-out method. We use 8-bit quantization for
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Table 3.1: Set of configurations considered to determine big-little chiplet and NoP
structure.

Chiplet Configuration NoP Configuration

Parameter Values in the Set Parameter Values in the Set

XL {32, 64} WL {16, 32, 64}

XB {128, 256, 512} WB {4, 8, 12, 16, 20, 24}

TL {9, 16, 25} FL {600, 1000, 1400, 1800} MHz

TB {36, 49} FB {600, 800, 1000} MHz

Table 3.2: Performance comparison of each component of a homogeneous (Little
only, Big only) chiplet architecture and the heterogeneous Big-Little IMC chiplet
architecture for VGG-19 on CIFAR-100.

Configuration Area Energy Latency
IMC
(%)

NoP
(%)

NoC
(%)

Total
(mm2)

Normalized to
big-little (×)

IMC
(%)

NoP
(%)

NoC
(%)

Total
(mJ)

Normalized to
big-little (×)

IMC
(%)

NoP
(%)

NoC
(%)

Total
(ms)

Normalized to
big-little (×)

Little only 11.9 88.0 0.1 952.1 10.9 99.7 0.2 0.1 1.3 4.1 99.7 0.1 0.2 1.6 1.3
Big only 44.0 55.5 0.5 597.2 6.8 78.6 11.0 10.4 0.43 1.3 99.6 0.1 0.3 3.2 2.7

Big-Little (this work) 52.4 47.4 0.2 87.4 1.0 99.8 0.1 0.1 0.32 1.0 99.2 0.3 0.5 1.2 1.0

the weights and activations, and a 32nm CMOS technology node. The chiplets

are placed to achieve the least Manhattan distance. The NoP parameters include

Ebit of 0.54pJ/bit [41], interconnect parameters width, length, and pitch for the

interposer-based NoP from [41] and for bridge-based NoP from [139] (Figure 2.1),

per lane NoP TX/RX area of 5,304 µm2, and NoP clocking circuit area of 10,609

µm2 [140]. In addition, we also model the µbump for both the interposer [141]

and bridge-based [142] NoP by utilizing the PTM models [143].
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Figure 3.4: IMC utilizations for different DNNs across different big-little chiplet-
based RRAM IMC configurations for (a) ResNet-110, (b) ResNet-34, (c) VGG-19,
(d) DenseNet-40. Based on the utilization, we choose crossbar size of big chiplet as
256×256 and crossbar size of little chiplet as 64×64 (256–64).

3.4.2 Big-Little IMC Structure and NoP

This section demonstrates the parameters related to big-little IMC structure and

big-little NoP. Specifically, we consider four DNNs (mentioned in Section 3.4.1) and

execute Algorithm 1 to determine the top 10 (K=10) configurations with highest

utilization for each DNN. We consider a system with 36 chiplets to limit the total

area and power consumption of the system. Table 3.1 shows the input parameters

(XL,XB,TL,TB) to the algorithm. We vary the number of little chiplets from 1 to

35 while maintaining the total number of chiplets to be 36. Then, we choose the best

configuration which is common for all four DNNs. We observe that a system with

25 little chiplets with a 64×64 IMC crossbar and 25 tiles per chiplet, and 11 big chiplets

with a 256×256 IMC crossbar and 36 tiles per chiplet provides best utilization across

all four DNNs. Figure 3.4 shows the utilization for a system with 25 little and 11 big

chiplets with varying size of crossbars (both for big and little chiplet) for all four

DNNs. In this case, we also fixed the number of tiles per chiplet to 25 for the little

chiplets and 36 for the big chiplets. Figure 3.4 reveals that the configuration where
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the crossbar size of the big chiplets is 256×256 and the crossbar size of the little

chiplets is 64×64 (256–64, 256 denotes crossbar size of big chiplets and 64 denotes

crossbar size of little chiplets) shows higher utilization than other configurations for

three out of four DNNs. Only in the case of ResNet-110, the configuration 256–32

shows higher utilization than 256–64. However, we choose 256–64 over 256–32 since

it provides more on-chip resources, lower area and energy efficiency for the IMC

crossbar array (due to peripheral circuits).

Similarly, we execute Algorithm 2 for four DNNs to obtain the NoP configuration.

Table 3.1 shows the set of different NoP parameters (WL,WB,FL,FB used as inputs

to Algorithm 2). The parameters are adopted from [144]. EDP for NoP is obtained

for all NoP configurations for the four DNNs. Then, the NoP configuration having

the lowest EDP for all four DNNs is chosen. Based on the EDP results, the big NoP

frequency and the little NoP frequency is set to 600 MHz and 1 GHz, respectively;

the big NoP bus width and the little NoP bus width is set to 24 and 32, respectively.

Figure 3.5 shows the normalized NoP EDP for different combination of bus width

for big and little chiplets. For illustration purpose, we show VGG-19 and ResNet-34

since these two DNNs utilize more than 34 out of 36 chiplets. From Figure 3.5, it is

observed that the configuration with big NoP bus width of 24 and little NoP bus

width of 32 shows the lowest EDP. Since little chiplets produce higher number of

activations than the big chiplets, it is intuitive that little NoP are wider (larger bus

width) than the big NoP.
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Figure 3.5: Normalized NoP EDP for different bus-widths for VGG-19 and ResNet-
34. The NoP with bus width of 24 for big and 32 for little chiplets (24–32) shows
lowest EDP.

Table 3.3: Performance comparison of a homogeneous (Little only, Big only) chiplet
architecture and the heterogeneous Big-Little IMC chiplet architecture for different
DNNs.

Configuration Utilization (%) Area (mm2) Energy (mJ) Latency (ms)

Res-110 VGG-19 Dense-40 Res-34 Res-110 VGG-19 Dense-40 Res-34 Res-110 VGG-19 Dense-40 Res-34 Res-110 VGG-19 Dense-40 Res-34

Little only 69 92 58 93 171.7 952.1 71.5 657.8 1.4 1.3 0.22 41.1 23.0 1.6 1.6 13.1

Big only 44 59 32 82 220.0 597.2 220.2 595.9 0.28 0.43 0.11 3.7 1.1 3.2 0.02 20.2

Big-Little (this work) 88 93 90 98 87.4 87.4 87.4 87.4 0.18 0.32 0.06 8.2 1.1 1.2 0.03 48.6

3.4.3 Comparison with Baseline Architectures with

Homogeneous Chiplets

We compare the performance of our proposed big-little chiplet architecture with

respect to two baseline architectures with homogeneous chiplets [4]. 1) Little

only: In this configuration, we consider a system where the configuration of all

chiplets as well as the NoP is same as that of the little chiplets. 2) Big only: In this

configuration, we consider a system where the configuration of all chiplets as well

as the NoP is same as that of the big chiplets. We note that, the total number of
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chiplets with ‘Little only’ and ‘Big only’ configurations vary for different DNNs.

Table 3.2 shows the performance comparison for ‘Little only’, ’Big only’ and the

proposed big-little architectures for VGG-19 on CIFAR-100. In this table, the per-

formance of each component of the architecture, i.e. IMC, NoP and NoC is shown.

Our proposed big-little chiplet architecture results in a balanced distribution of the

area among the circuit and NoP components, while the NoC accounts for a minimal

portion (0.2%) of the total area. In ‘Little-only’ architecture, NoP becomes the bot-

tleneck for area since the chiplets have smaller size, hence more number of chiplets

are required which increases the NoP. In ‘Big only’ architecture, NoP consumes

more energy due to higher volume of data movement between each pair of chiplets.

In contrast, the proposed big-little architecture with its high IMC utilization and

reduced on-chip communication as well as on-package data movement results in

less total energy consumption and less inference latency. Overall, the proposed

heterogeneous big-little architecture achieves up to 10.9× lower area, 4.1× lower

energy, and 2.7× lower latency than ‘Little only’ and ‘Big only’ architectures.

Next, we compare the IMC utilization and the performance (area, energy and la-

tency) for ResNet-110, VGG-19, DenseNet-40, and ResNet-34 against ‘little only’ and

‘big only’ architecture. For VGG-19, our proposed big-little architecture achieves

the highest IMC utilization of 93% compared to 92% and 59% for ‘Little only’ and

‘Big only’, respectively. Similarly, the big-little architecture achieves 88%, 90%, and

98% IMC utilization for ResNet-110, DenseNet-40, and ResNet-34, respectively,

up to 2.8× greater than ‘Little only’ and ‘Big only’ architectures. We observe that

the big-little architecture provides up to 7.8× improvement in energy and up to 21×
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Figure 3.6: EDAP comparison (log-scale) of the big-little chiplet-based RRAM IMC
architecture to ‘Little only’ and ‘Big only’ chiplet-based RRAM IMC architectures.
The big-little architecture achieves up to 329× improvement compared to ‘Little
only’ architecture.

improvement in inference latency with respect to baseline homogeneous architec-

tures. ‘Big only’ architecture consumes less energy and less latency than big-little

architecture for ResNet-34, but in this case, the area of ‘Big only’ is 6.8× higher

than big-little architecture. To better analyze the performance comparison, we

plot the energy-delay-area product (EDAP) for all DNNs, as shown in Figure 3.6.

The big-little chiplet architecture provides up to 329× lower EDAP than the ‘Little

only’ and ‘Big only’ architectures across all four DNNs. Although ‘Big only’ ar-

chitecture shows improvement in energy consumption and inference latency with

respect to big-little for ResNet-34, the EDAP with ‘Big only’ is 1.3× higher than

big-little architecture in this case. Hence, the proposed big-little IMC architecture

achieves optimal performance through reduced EDAP at higher IMC utilization

across different DNNs.
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Table 3.4: Ratio between DRAM energy and compute energy for VGG-16 and VGG-
19 with systems having different number of chiplets (**All weights of VGG-19 fit
on chip with this configuration, significantly reducing the DRAM energy).

# Chiplets VGG-16 VGG-19
#partitions Ratio #partitions Ratio

36 2 1.1 1 0.08**
25 2 2.1 2 131
16 3 3.6 2 161

3.4.4 Results with DRAM (DDR4)

In this section, we show the performance results when the resource on a big-little

chiplet-based system is not sufficient to store all the weights of a given DNN. In

that case, the DNN is divided into multiple partitions. One partition is mapped

on to the big-little chiplets at a time. While the computations of a partition of the

DNN are performed, the weights corresponding to the next partition are loaded

from the DRAM into the ping-pong buffer. The additional DRAM accesses result

in increased energy. At the same time, the impact on latency is reduced through

the ping-pong buffers [135]. Table 3.4 shows the ratio between DRAM energy and

compute energy for VGG-16 and VGG-19 with systems having different number

of chiplets. We observe that, the ratio of DRAM energy to computation energy

increases with reduction in the system sizes for both the DNNs. With decreasing

system size, more weights need to be stored and loaded from DRAM, thereby

increasing DRAM energy.
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Table 3.5: Comparison with other platforms for ResNet-50 on ImageNet (*reported
in [1]).

Platform Area (mm2) Energy Efficiency (Images/s/W)
Nvidia V100 GPU* 815 8.3

Nvidia T4 GPU* 525 15.5
SIMBA [1] 215 45

Big-Little (this work) 85 827

3.4.5 Comparison with State-of-the-art Work

Table 3.5 shows the comparison of the proposed heterogeneous big-little RRAM

IMC chiplet architecture with an Nvidia T4 and V100 GPU, and SIMBA [1]. The

big-little chiplet architecture achieves a lower area for the architecture due to the

custom RRAM-based IMC and the optimized NoP structure. Compared to the

Nvidia V100, Nvidia T4, and SIMBA architecture, the big-little IMC architecture

achieves 9.6×, 6.2×, and 2.5× area improvement and 99.6×, 53.4×, and 18.4×

energy-efficiency improvement, respectively. The improved energy efficiency is at-

tributed to the higher IMC utilization, analog computation within the RRAM-based

IMC, reduced NoP data movement and bus width, and the absence of intermediate

DRAM transactions for weights and partial sums.
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4 energy-efficient on-chip training for customized

home-based rehabilitation systems

4.1 Background, Motivation, and Contributions

There is an increasing demand to implement neural networks on mobile edge

devices for both on-chip training and inference following recent developments in the

internet of things (IoT). Nonetheless, due to the significant computational resources

required for training, deploying neural networks on edge devices with limited

resources poses a challenge. One such case is home-based rehabilitation systems.

Home-based rehabilitation using video cameras and wearable sensors has attracted

significant attention due to its potential to help millions of people [42, 43, 46, 145].

For example, a recent study shows more than a two-fold increase in the number

of amputations during the COVID-19 pandemic [146]. Remote monitoring and

rehabilitation can complement infrequent and prolonged in-person visits to enable

early diagnosis and intervention.

Prevalent use of home-based rehabilitation systems requires addressing three

critical challenges. First, these systems must be sufficiently accurate to detect ab-

normal behavior and produce actionable data for health professionals. This re-

quirement leads to the second challenge: sophisticated algorithms, such as machine

learning (ML) and artificial intelligence (AI) techniques. Offloading these algo-

rithms to the cloud is not a desirable solution since sending raw sensor data incurs

high communication energy and latency while threatening user privacy. Hence, the
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third challenge is accomplishing home-based rehabilitation by running algorithms

locally, at the edge.

Recent techniques enable home-based rehabilitation using RGB cameras [42, 43],

wearable inertial measurement units (IMU) [145], and millimeter-wave (mmWave)

radar sensors [46]. These techniques collect sensor data as the patients perform

rehabilitation movements. Then, they process the sensor data, typically using a

convolutional neural network (CNN), to produce human joint coordinates. While

these approaches show strong potential, they have one fundamental shortcoming.

All prior techniques train their inference models with the user data available at

design time. Then, they assume that future users, whose number is likely to be

much larger than the training set, will use the produced model for inference. Even

if the CNNs inference models generalize to arbitrary users, there is no guarantee

that their accuracy will remain accurate. Hence, this limitation jeopardizes the first

requirement: high accuracy in estimating the joint coordinates. As a result, there is

a strong need for approaches that customize the deep learning models to specific

users through on-device training in the home environment.

RGB cameras are the most common sources since they offer true-color real-world

information. However, always-on cameras at home can raise serious privacy concerns

such as facial information leakage. In contrast, mmWave radar, an emerging wireless

sensing device, can accurately measure objects’ moving trends while retaining

privacy. In this work, we focus on systems that use mmWave radar inputs since

they also have significantly lower processing requirements than RGB camera inputs

and do not require users to wear any special sensors. We assume that an inference
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model, such as CNN, is trained offline to convert mmWave signals to human joint

positions. Then, it is acquired by a new patient for home-based rehabilitation.

Since the accuracy of this model is limited by the offline data, the proposed system

aims to customize the initial model to the new user, as illustrated in Fig. 4.1. The

camera is activated only during this customization process to produce the human joint

coordinates using the video frames. Then, these joint positions are used as a

reference to supervise the incremental training of the inference model that uses the

mmWave signals. After the customization, only the mmWave signals and corresponding

inference model are used during the device lifetime, achieving over 13-fold inference

time and 131-fold power consumption savings.

Current processors used for inference at the edge (e.g., at home) have limited

processing capability due to their cost and energy constraint. For example, the

Nvidia Jetson Xavier NX board can perform inference using mmWave inputs in

149.7 µs per input frame. However, training using RGB camera input reference

takes 620 ms per frame on the same device. It can barely achieve a 1.6 frame per

second (FPS) operation, which is impractical considering realistic 30 FPS or higher

video frame rates. Storing the video frames and performing inference later is also

not practical due to excessive memory requirements. Hence, practical solutions

require novel AI hardware and methodologies to perform on-device training at

the edge. To address this need, we propose an energy-efficient on-device training

approach that enables personalized home-based rehabilitation, PHR. The proposed

approach first generates the ground truth 3D joint coordinates data using RGB

cameras. These coordinates are used to supervise on-device training. Then, we
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customize a baseline mmWave human pose estimation model using energy-efficient

on-device training. After the customization, our framework uses mmWave radar

signals and the customized home-based rehabilitation model.

The main contributions of this chapter is as follows:

• An energy-efficient on-chip training framework that customizes mmWave-

based human pose estimation model for higher accuracy.

• A Resistive RAM-based in-memory computing accelerator for on-chip training

and inference of mmWave and inference of RGB models.

• Experimental results that demonstrate the practical real-life use of our frame-

work, with a 28.01% lower error, 611.1× lower inference energy, and 14.0×

faster training than a baseline model on Nvidia Jetson Xavier NX [3].

The rest of this chapter is organized as follows. Section 4.2 provides an overview

of the framework. In Section 4.3, we discuss the experimental results.

4.2 Home-Based Rehabilitation System

This section first overviews the proposed system. Then, Section 4.2.2 presents

the proposed hardware platform used for the on-chip training and inference. Sec-

tion 4.2.3 discusses the on-chip training and ground truth generation. Finally,

Section 4.2.4 presents hardware implementation.
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Figure 4.1: Illustration of the target rehabilitation system. The RGB camera is used
only during training to generate the reference joint coordinates when the initial
model is customized to the target user. Once the model that uses mmWave signals
is trained, only the mmWave radar is used for inference.

4.2.1 Overview of the Proposed PHR System

Initial Offline Training: The initial inference model, a CNN in this work, is trained

offline using a limited set of users. Two video cameras and a mmWave radar detect

the patients’ movements during training. An RGB-CNN [45] model transforms the

video frames to 2D joint coordinates. Then, we find the 3D joint coordinates by

triangulating 2D joints from two cameras. Finally, these coordinates are used as

references for supervised training of a mmWave-CNN [46] model that can produce

joint coordinates using only the mmWave radar, as shown in Fig. 4.1.

Customization at Home: The initial mmWave-CNN can have a poor performance

when a new patient starts using it at home, as demonstrated in Section 4.3. There-

fore, we personalize it to the new user before continuous execution in three steps.

First, we activate RGB cameras for a short duration and generate the 2D joint co-

ordinates by employing the RGB-CNN model used in the initial training. Then,

the 3D joint coordinates are found in the same way as the initial training. Finally,
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we incrementally train the mmWave-CNN using these reference coordinates and

mmWave signals as inputs. After the customization, the new user uses the product

only with mmWave signals and the inference of mmWave-CNN model for rehabili-

tation feedback. Running RGB-CNN for RGB image inference and mmWave-CNN

for both on-chip training and inference are not feasible on a conventional SoC,

as demonstrated in Section 4.3. Therefore, we propose an IMC-based hardware

accelerator to perform these tasks.

In summary, the proposed PHR pipeline consists of (i) taking RGB images

with two cameras, (ii) inferring 2D human key points from the images using RGB-

CNN, (iii) obtaining ground truth 3D human joints by triangulating two 2D human

joints, and (iv) training and inferring the human joints with mmWave signals using

mmWave-CNN.

4.2.2 In-Memory Computing-based Hardware Acceleration

We employ an in-memory computing (IMC)-based hardware accelerator because

it combines highly-dense storage and computation into the same hardware unit. It

also alleviates the latency and energy consumption of memory accesses. Energy-

efficient DNN accelerators utilizing IMC technology [5, 1, 50] have been proposed

in the literature in the last few years. IMC-based architectures integrate multiple

processing units, called tiles, into the system, as shown in Fig. 4.2. These tiles are

connected via a network-on-chip (NoC) for the data communication of activations,

errors, and gradients. Each tile has processing elements along with input/output

buffers and an accumulator. Processing elements are composed of crossbar ar-
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rays that store the neural network model weights and perform computations and

peripheral circuits such as ADCs, adder trees, and buffers. This work uses the

mapping methodology described in [53] to map the weights onto the crossbar

arrays. We used a ReRAM-based IMC architecture for inference and training. We

also include an SRAM-based hardware block for training to avoid excessive writes

to the ReRAM crossbar arrays because of the write endurance issues of ReRAM. The

IMC architecture also includes activation units, buffers, and accumulators. More

detailed discussions about the on-chip training on IMC accelerators and hardware

configurations are provided in Section 4.3.

4.2.3 On-Chip Training for Personalization of mmWave-CNN

To customize the inference model, mmWave-CNN, to a new user, we first need the

ground truth joint coordinates. We use two RGB cameras on the edge device to get

precise 3D joint coordinates, as described in Section 4.2.1 and Fig. 4.1. The reason for

utilizing two RGB cameras is that we can generate the ground truth with minimum

error with two RGB images. Two RGB images are then processed by the RGB-CNN

model. For the RGB-CNN model, we followed the structure given in [45], which

has 28.5M parameters with a backbone pre-trained on the ImageNet dataset. Then,

we generate 3D human joint coordinates by triangulating a pair of 2D human joints.

The mmWave radar sensor provides inputs to mmWave-CNN model. The mmWave-

CNN [46] is composed of 3.2M parameters with two convolutional layers followed

by two fully connected layers. The radar sensor generates a point cloud which is

composed of points reflected from an object in sight. For each point, the radar
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Figure 4.2: The architecture of IMC-based hardware accelerator. Feedforward, error
calculation, and weight update stages are performed in the accelerator tiles whereas
the weight gradient calculation is executed in the weight gradient block. Tiles are
connected via NoC. (R: NoC Router)

sensor generates five features which will be used as inputs for the mmWave-CNN

model. These are x, y, and z coordinates, the Doppler velocity, and the reflection

intensity. Then, using the radar data, we customize the baseline mmWave-CNN

model to the new user’s body pose with the on-chip training on the IMC hardware

accelerator. The training consists of four parts: feedforward, error calculation,

weight gradient calculation, and weight update. Each step requires DRAM access

to store and load the necessary data, as there are thousands of input data. The

accuracy and on-chip training results are discussed in Section 4.3.3 and 4.3.5. After

the on-chip training, the mmWave-CNN is customized for the new user. Finally, the

last step in the framework is the customized mmWave-CNN model inference that is

performed on the IMC accelerator using the tiles of crossbar arrays.

4.2.4 Hardware Implementation and Exploration

The crossbar array sizes in each tile affect the structure and performance of the

IMC hardware accelerator. Smaller crossbar arrays increase the number of tiles,
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resulting in traffic congestion in the NoC because of high data movement. In

contrast, larger array sizes reduce the utilization of the IMC accelerator. Thus, it

causes an area overhead compared to small crossbar sizes. Therefore, we explore

the hardware parameters to achieve optimal energy and area efficiency, as discussed

in Section 4.3.5.

ReRAM-based architectures are vulnerable to the write endurance problem and

nonlinear properties. These properties include device-to-device (D2D) and cycle-

to-cycle (C2C) variations, long-term potentiation (LTP), and long-term depression

(LTD) [51]. Therefore, we analyzed the nonlinear properties of ReRAM-based

IMC hardware accelerator design. Detailed explorations of nonlinear properties,

variations, and their effects on the accuracy are given in Section 4.3.5. The on-chip

training for the customization is an incremental training approach that requires

less number of epochs, thus the lower number of writes on the crossbar arrays.

Therefore, our framework can achieve better accuracy without assuming limitless

writes.

We use the following parameters in our IMC-based accelerator design: an ADC

precision of 4 bits, 8-bit quantization for weights and activations, one bit per ReRAM

cell, an Roff/Ron ratio of 100, and 1 GHz operating frequency, and 32 nm technology

node [5]. We employ NeuroSim V2.1 [53] to evaluate the performance and area of

the proposed ReRAM-based IMC hardware accelerator and data communication

between the main memory and the accelerator. NeuroSim V2.1 supports both

inference and training on-chip. Only the weight gradient calculation part requires

extra hardware (SRAM) for the on-chip training because this stage needs heavy
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writing of errors into the arrays along the batch. Feedforward, error calculation,

and weight update stages are implemented on the ReRAM tiles. Data movement

within the accelerator between tiles via an NoC is evaluated using a customized

version of BookSim [4]. In this version, we use a traffic trace-based cycle-accurate

execution using a mesh NoC architecture.

4.3 Experimental Results

4.3.1 Experimental setup

We conduct our experiments with the mRI open-source mmWave human pose

estimation dataset [145]. mRI offers over 160K synchronized 3D point cloud from

mmWave radar (TI IWR1443) [147], and ground truth 2D and 3D human joints

from two Kinect V2 cameras [148]. It evaluates ten clinical-suggested rehabilitation

movements covering the main parts of the human body, performed by twenty

diverse subjects. The dataset benchmarks mmWave-based human pose estimation

using HRNet-W32 [45] (images to 2D key points) and MARS [46] (mmWave point

cloud to 3D human joints). HRNet-W32 and MARS generate 17 human joint points

in 2D and 3D space, respectively. We implemented these CNN-based networks as

the RGB-CNN and mmWave-CNN models using PyTorch. For the initial training,

we used an SGD optimizer with momentum (β = 0.9), and an initial learning rate

of 0.001 for 100 epochs with a batch size of 128.
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4.3.2 Baseline Accuracy before Customization

We trained the baseline MARS model using half of the user subjects in the dataset.

To produce accurate results, we generated three random sets given in Table 4.1.

Then, the trained baseline model is tested against the remaining ten subjects for

each set. We used Mean Per Joint Point Error (MPJPE) and Procrustes Analysis

MPJPE (PA-MPJPE) metrics, which are widely used for human joint estimation

studies [149]. MPJPE calculates the mean Euclidean distance between the reference

and the prediction joints. PA-MPJPE uses a similarity transformation for a further

rigid alignment.

The mmWave-CNN model achieves 130.7 mm MPJPE and 76.4 mm PA-MPJPE

for the test subjects in Set-1. In contrast, the corresponding errors for the subjects in

the training set are 97.8 mm and 57.1 mm, which is about 25% lower. The results are

similar for other sets with slightly over 130.7 mm MPJPE and 76.4 mm PA-MPJPE for

the test subjects, as shown in Table 4.1. These results show that the initial model can

achieve very high accuracy for the known subjects, but the accuracy degrades for

new users. Even if one can improve the test accuracy by adding users to the training

set, it is impractical to add all potential users who will buy the rehabilitation system.

Table 4.1: Random set configurations for experimental evaluations and training
results of the baseline mmWave-CNN model.

Sets Training Subjects Test Subjects MPJPE
(mm)

PA-MPJPE
(mm)

1 1-3,7,9,14,16,17,19,20 4-6,8,10-13,15,18 130.7 ± 3.4 76.4 ± 1.4
2 1,2,5-7,9,13,17-19 3,4,8,10-12,14-16,20 133.5 ± 2.5 78.4 ± 1.9
3 3,5,6,8,10-12,14,18,20 1,2,4,7,9,13,15-17,19 134.5 ± 1.2 78.5 ± 1.1
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Figure 4.3: MPJPE and PA-MPJPE comparisons for all three random sets. Results
show MPJPE and PA MPJPE before customization using 10 subjects for training
and after customization which is customized for each test subject separately. Parts
(a), (b), and (c) represent Set-1, Set-2, and Set-3 results, respectively. As they are
randomly split, each plot shows the results for different subjects.

Therefore, enabling incremental online training at the edge is imperative to adapt the initial

model to new users.

4.3.3 Test Accuracy after Customizing to New Users

On-device training for customization comprises three steps:

1. The video camera is activated for a short period (2.5 minutes, i.e., 4500 frames),
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2. The RGB-CNN model inference generates the ground truth joint coordinates

used for supervision,

3. The baseline mmWave-CNN model is incrementally trained using the point

cloud data from the mmWave radar sensor as input and the ground truth

joint coordinates from step 2 as labels.

We employ the three random sets used for baseline accuracy analysis (Table 4.1)

to evaluate the proposed on-device learning technique. Specifically, we customize

the baseline model for each subject in the test subjects one-by-one. Fig. 4.3 compares

the accuracy of the personalized model to the baseline model. Both MPJPE and

PA-MPJPE results improve significantly for all users in Set-1, as shown in Fig. 4.3(a).

On average, the customization improves the MPJPE and PA-MPJPE by 23.89% and

22.94%, respectively. Most importantly, the average MPJPE and PA-MPJPE reduce

to 98.8 mm and 58.3 mm, within only 2 mm of their training accuracy. Fig. 4.3(b)

and Fig. 4.3(c) show that these improvements are observed for Set-2 and Set-3 as

well. The MPJPE improvement ranges from 17.3 mm (14.92%) to 87.1 mm (45.82%),

while PA-MPJPE improvement is between 9.0 mm (13.22%) to 39.5 mm (36.83%).

In conclusion, the customized model performs consistently and significantly better

than the baseline model for all subjects in each random set, enabling accurate

feedback necessary for home-based rehabilitation.
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Table 4.2: Hardware results for mmWave-CNN model inference and training on
Jetson Xavier NX with 2 configurations and our framework with 2 configurations
and the speedup comparisons. 128× 128 and 256× 256 represent the crossbar array
sizes. (P: PHR, J: Jetson)

Configurations Jetson-1 Jetson-2 PHR-1 Improvement (×) PHR-2 Improvement (×)
(2 CPUs) (6 CPUs) (128x128) P-1 vs J-1 P-1 vs J-2 (256x256) P-2 vs J-1 P-2 vs J-2

Inference
Power (mW) 3379.0 8724.0 12.1 277.8 717.3 25.7 131.4 339.2
Time per frame (µs) 162.2 149.7 10.8 15.0 13.8 4.2 38.5 35.5
Energy per frame (µJ) 548.0 1305.9 1.1 488.8 1162.2 0.9 611.1 1452.7

Training
Power (mW) 9761.4 9986.0 2954.5 3.3 3.4 4223.3 2.3 2.4
Time per frame (µs) 306.9 299.4 32.3 9.5 9.2 21.8 14.0 13.7
Energy per frame (µJ) 2995.4 2989.6 95.6 31.3 31.2 92.3 32.4 32.3

4.3.4 Energy and Performance Results

Home-based rehabilitation systems should run on a compact edge device for the

practicality of the approach. Therefore, we implemented the baseline model on an

Nvidia Jetson Xavier NX [3] board for hardware performance comparisons. The

Jetson board has 6 Carmel Arm CPU cores, an Nvidia GPU with 384 CUDA cores,

and 48 tensor units. We compared the hardware results of our framework against

the Jetson board for both training and inference.

Model Inference: We used two different hardware configurations for performance

comparisons. Jetson-1 and Jetson-2 shown in Table 4.2 have 2 and 6 active CPU cores

(1.9 GHz) and GPU (1.1 GHz) on the board for processing, respectively. The Jetson

board’s power consumption is on the Watts scale (3.38 and 8.7 W). The latency per

frame varies between 149.7 µs and 162.2 µs. The lower energy consumption per

frame comes from Jetson-1 with 548 µJ as it utilizes 2 CPU cores.

Similarly, we evaluated the proposed IMC accelerator using two configurations.

The crossbar sizes are selected as 128× 128 and 256× 256 for PHR-1, and PHR-2,

respectively. The detailed hardware exploration is discussed in Section 4.3.5. Our
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accelerator’s power consumption is on the scale of milliwatts (12.1 to 25.7 mW)

which results in improvements up to 717.3× compared to the Jetson board. The

latency per frame are 10.8 µs and 4.2 µs for PHR-1 and PHR-2, respectively. When

we compare against Jetson configurations, PHR-2 shows a higher speedup with

38.5× and 35.5× against Jetson-1 and Jetson-2, respectively. We see considerable im-

provements in energy consumption as IMC accelerators are highly energy-efficient.

The energy consumption per frame of PHR is 1.1 and 0.9 µJ for PHR-1 and PHR-2,

respectively. PHR-2 has a greater improvement in energy consumption with 611.1×

and 1452.7× compared against Jetson-1 and Jetson-2, respectively, as it has less

number of tiles and less NoC energy.

Model Training: Table 2 also shows the model training results of our proposed

framework and Jetson configurations. We include two sets of results, one per

epoch and one per frame. The latency per epoch for Jetson-1 and Jetson-2 are

measured as 1.37 and 1.34 seconds, whereas PHR-1 and PHR-2 achieve 0.14 and

0.09 seconds, respectively. PHR-2 shows a higher speedup of 14.0× and 13.7×

against Jetson-1 and Jetson-2 configurations. The energy consumption of Jetson-

1 and Jetson-2 configurations are both 13.4 J. PHR-1 and PHR-2 achieve 0.43 J

and 0.41 J, respectively, which results in an improvement of 31.3× and 31.2× for

PHR-1 and 32.4× and 32.3× against Jetson-1 and Jetson-2, respectively. The energy

consumption reduction of training is lower than that of inference. The reason

is the high DRAM access required in the training and the gradient calculation

performed in the IMC accelerator’s SRAM block. SRAM IMC consumes higher

energy than the ReRAM crossbar array but because of the write endurance problem
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Table 4.3: Hardware results for RGB-CNN inference on Jetson Xavier NX with 6
CPU cores and our framework with 256× 256 crossbars.

Jetson PHR Improvement (×)
Power (W) 14.5 0.4 34.8
Time per frame (ms) 622.2 9.7 64.1
Energy per frame (J) 9.1 0.05 782

seen in ReRAM crossbar arrays, writing too much data on ReRAM is not practical.

PHR-1 achieves an improvement of 3.3× and 3.4× against Jetson-1 and Jetson-2

configurations, respectively while PHR-2 achieves an improvement of 32.3× and

2.4× against Jetson-1 and Jetson-2 configurations, respectively.

Our framework also utilizes HRNet-W32 as the RGB-CNN model for the ground

truth joint coordinate generation. Table 4.3 compares the results on the Nvidia

Jetson board to the proposed framework. The energy consumption per frame is 9.1

J with a latency of 622.2 ms for Jetson, while they are 0.05 J and 9.7 ms for PHR. The

energy consumption and latency of RGB-CNN inference are higher than mmWave-

CNN model because HRNet-W32 is a deeper network with densely connected layers.

It requires more DRAM accesses for data movement as all the network weights

do not fit in the accelerator. Despite this, it can provide sufficient performance to

process at runtime with over 30 FPS.

4.3.5 Hardware Architecture Exploration

Crossbar Array Size: We next analyze the effect of the crossbar sizes in each tile.

Previous sections considered only 128× 128 and 256× 256 array sizes. When we

reduce the size to 64 × 64, the inference latency (356.7 µs) becomes higher than
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the Jetson board latency, making the configuration impractical. At the same time,

an array size larger than 256 × 256 reduces the utilization to less than 50% and

also increases the area overhead. Therefore, we decided to use only PHR-1 and

PHR-2 configurations which have 128× 128 and 256× 256 crossbar array sizes in

our evaluations.

Nonlinear Properties of ReRAM: Our analysis assumes a C2C variation of 2%, D2D

variation of 0.1%, and nonlinearity of 0.5/-0.5 following [49]. An ideal case would

have no variations and nonlinearities. Fig. 4.4 compares the PA-MPJPE with the

selected nonlinear properties and the ideal case for user Set-2. On average, we see

an improvement of 24.3% and 29.8% against the baseline model for Nonlinear and

Ideal cases, respectively. The difference between the cases varies between 3.1% and

8.1%, with an average of 5.5% for ten subjects. Note that even with the nonlinear
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Figure 4.4: PA-MPJPE comparisons for the baseline model (Baseline), a customized
model with nonlinear properties (Nonlinear), and a customized model without
nonlinear properties (Ideal) for 10 test subjects from Set-2.
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properties of ReRAM, we can achieve significant improvements compared to the

baseline model after the customization.
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5 communication-aware sparse neural network

optimization

5.1 Background, Motivation, and Contributions

Deep neural networks (DNNs) exhibit a high degree of redundancy due to dense

interconnections between successive layers. Besides posing overfitting risks, redun-

dant connections increase the communication cost and implementation overhead,

thus leading to lower performance and energy efficiency when implemented in

hardware. Indeed, many pruning techniques aim at removing DNN connections

with minimal impact on their accuracy [150, 65, 68]. Sparse neural networks are pre-

ferred since they can enable minimal communication and implementation overhead,

thus significantly reducing the computation and memory requirements.

Sparse inter-layer connections enable significantly faster and more energy-

efficient DNNs. However, sparsity alone is not sufficient since good algorithmic

performance does not necessarily translate into real performance on hardware. For

instance, some inter-layer connections can lead to long paths when mapped on

hardware. Consequently, they can undermine the overall hardware performance

due to high communication latency and energy costs. For example, the sparse

evolutionary training (SET) approach [58] drastically decreases the training time

using sparse graphs instead of pruning a trained network; this makes the training

scalable, while improving the test accuracy on a wide range of datasets, includ-

ing multi-layer perceptron (MLP) and convolutional neural networks (CNNs) for



69

Figure 5.1: Percentage contribution to inference latency for various networks on
two datasets. The communication latency can take up to 43% of the total inference
latency.

unsupervised and supervised learning.

Although it can achieve higher accuracies, the networks remain oblivious to

the real hardware. The performance of DNNs on real hardware is critical since it

determines the inference latency and power consumption. For example, a DNN tar-

geting real-time applications, such as autonomous driving, may become impractical

if the inference latency violates the timing constraints. To analyze the inference la-

tency, we perform experiments using an in-memory computing (IMC)-based DNN

accelerator where the inter-layer communication for activation data movement is

implemented via a network-on-chip (NoC). We use a state-of-the-art reinforcement

learning based mapping algorithm [6] with unpruned networks using two different

datasets. Our evaluations show that the communication between the DNN layers

alone can take up to 43% of the total inference latency for a wide range of DNNs,
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Figure 5.2: Overview of the proposed approach. It consists of mapping the target
DNN onto the target architecture using latency-aware mapping and hardware-
aware dynamic sparse training. The training process first replaces the DNN layers
with sparse graphs; then, at the end of each epoch, employs hardware-aware
pruning and link addition. Each circle in the target DNN represents the feature
map of DNNs; each link in the target DNN represents the weights of DNNs. The
weights are mapped onto the in-memory computing (IMC) tiles with the same color
as the corresponding links. The circles and the rectangles in the target architecture
denote the NoC routers and IMC tiles, respectively.

as depicted in Figure 5.1.

Although sparse training can achieve a higher accuracy than a network with

no pruned links [2], if the network remains oblivious to the target hardware while

pruning and adding links, then, this can lead to unacceptable latency and power

overheads. Therefore, there is a strong need for hardware and communication-aware

sparse training methodologies that can lead to shorter communication distances

when the DNN layers are mapped onto hardware resources.

Starting from these observations, we present CANNON, a novel communication-

aware sparse neural network optimization technique applicable to both fully con-

nected and convolutional layers. The first step of the proposed technique maps

the DNN layers on the target hardware resources, e.g., to the processing tiles of

an NoC. Our proposed mapping technique minimizes the distance the packets
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between two consecutive DNN layers need to travel in the NoC which helps reduc-

ing the overall communication latency. The second step performs hardware-aware

dynamic sparse training. Suppose two nodes in the DNN are connected by links

with non-zero weights. If these DNN nodes are mapped onto different tiles on the

NoC, the activations generated between these nodes will incur communication costs

during inference. The proposed technique prunes the p−percent of the weights

based on the significance of weight columns towards any inference decision per

unit communication cost. Finally, we maintain the target sparsity throughout the

training process by choosing an equal number of weight columns (p−percent) with

the smallest communication cost and adding them back to the network at the end

of each epoch.

We evaluate CANNON exhaustively using well-established simulators (Neu-

roSim [151], BookSim [152]), popular DNN structures (ResNet [153], DenseNet

[154], VGG-16 [155], MLP), and datasets (Tiny-ImageNet [156], CIFAR-100, CIFAR-

10 [157], MNIST [158]). The hardware performance of the sparse neural networks

with our proposed technique is also compared against state-of-the-art pruning

techniques [58, 2]. Our hardware-optimized sparse neural networks result in up to

6.8× improvement in the energy-delay product (with respect to the neural networks

with pruning and state-of-the-art mapping techniques), without any significant

accuracy degradation.

The major contributions of this chapter are as follows:

• A latency-aware mapping technique which minimizes the distance packets

between DNN layers travel between processing elements using an NoC;
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• A hardware-aware pruning technique using a newly proposed z-index that

guarantees sparsity while further reducing the communication latency;

• Extensive experimental evaluations showing 1.6×–3.1× latency and 2.7×–

6.8× energy-delay product improvements compared to state-of-the-art prun-

ing techniques without a significant accuracy loss.

The rest of the chapter is organized as follows. The proposed technique is de-

scribed in detail in Section 5.2. The experimental results are presented in Section 5.3.

5.2 Methodology

In this section, we first overview the proposed approach. Then, we present our

latency-aware mapping and hardware-aware dynamic sparse training in detail.

Finally, we illustrate the evolution of the z-index.

5.2.1 Overview of CANNON

The inputs to our framework are the target DNN, the datasets, and the hardware

architecture, as shown in Figure 5.3. Our goal is to prune the DNN to meet a

given sparsity target which maintains the accuracy of the DNN, while minimizing

communication latency on the target hardware. To this end, we first map the DNN

nodes to the target hardware as described in Section 5.2.2. Then, we perform the

newly proposed hardware-aware training. At the beginning of training, we replace

the layers of the DNN with a sparse graph. Then, we perform hardware-aware
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Figure 5.3: Overview of the proposed approach, CANNON. It consists of mapping
the target DNN onto the target architecture using the latency-aware mapping and
hardware-aware dynamic sparse training. The training process first replaces the
DNN layers with sparse graphs; then, at the end of each epoch, employs hardware-
aware pruning and link addition. Each circle in the target DNN represents the
feature map of DNNs; each link in the target DNN represents the weights of DNNs.
The weights are mapped onto the in-memory computing (IMC) tiles with the
same color as the corresponding links. The circles and the rectangles in the target
architecture denote the NoC routers and IMC tiles, respectively.

pruning, as well as hardware-aware link addition during each epoch as described

in sections 5.2.3 and 5.2.3, respectively. At the end of the training process, we obtain

a hardware-aware sparse network and its mapping onto a mesh NoC.

5.2.2 Latency-Aware Mapping

The first step of CANNON is to map the nodes of the target DNN onto the target

hardware, which we assume is an in-memory computing (IMC)-based DNN accel-

erator. We consider IMC-based DNN accelerators since they integrate computation

with memory, and decrease the latency and energy cost of memory accesses. Sev-

eral recent research have proposed energy-efficient DNN accelerators with IMC

technology [126, 127, 5, 50]. IMC accelerators integrate multiple processing ele-

ments (known as tiles) into the system, as shown in Figure 5.4. The number of tiles
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(a) Target DNN (b) Sequential Mapping (c) Latency-Aware Mapping

Map layer-2 Find the reference tile Map layer-3 (Eq. 3)

Layer-1
Layer-2

Layer-3

𝒔𝒍𝟏 𝒔𝒍𝟏

𝒔𝒍𝟐𝒔𝒍𝟐
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Figure 5.4: Illustration of latency-aware mapping algorithm. (a) the target DNN
to be mapped, (b) sequential mapping [5] maps the layers of the target DNN to
the tiles of NoC sequentially using the number of tiles required for each layer, (c)
latency-aware mapping algorithm in CANNON first finds the reference tiles (s1

l, s2
l)

of previously mapped layers and then maps the next layer by minimizing the total
distance to the reference tiles. All rectangular boxes in (b) and (c) represent
IMC tiles that contain processing elements while the small circles represent NoC
routers.

in the system is a function of neural network parameters, as well as the hardware

parameters. In this work, the workload is divided into tiles following the technique

described in [151]. Each tile, placed on a grid, consists of memory elements that

store the DNN weights and perform computations. Finally, the tiles are connected

to NoC routers which facilitate the data exchanges between different neural network

layers. The CANNON framework maps the DNN into the IMC accelerator layer-

by-layer. To this end, we analyze the traffic between any two consecutive layers of

the neural network to map their nodes. We note that the communication latency

between two consecutive network layers is mainly determined by the position of

tiles the nodes in these layers are mapped to. Figure 5.4 shows an illustrative exam-

ple of mapping a target DNN (Figure 5.4(a)) onto tiles. The sequential mapping

places the DNN nodes onto the IMC tiles in order, from left to right and from top to

bottom [5]. With this mapping style, some of the packets may need to travel long
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distances. For example, in Figure 5.4(b), there is communication between the tile

in the top right corner to the tile in the bottom left corner.

In contrast to prior work [5], we compute the distance between any s (source)

and d (destination) tiles before mapping as M(s,d):

M(s,d) = |xs − xd|+ |ys − yd| (5.1)

where xs (or xd) denotes the physical x-coordinate of the tile-s (or tile-d) and ys

(or yd) denotes the physical y-coordinate of the tile-s (or tile-d). Then, to ensure

that the DNN nodes in two consecutive layers are not physically far apart from each

other, we minimize the maximum distance between the tiles. Hence, Equation 5.2

represents the objective of our mapping technique:

minimize max
i,j

M(si,dj), 1 ⩽ i ⩽ Tl, 1 ⩽ j ⩽ Tl+1, (5.2)

where, Tl denotes the number of tiles in the lth layer.

For a system with K tiles, the complexity to solve Equation 5.2 is O(Tl+1(K −

Tl+1)). To reduce this complexity, we consider a pair of source tiles (s1
l, s2

l) that are

physically farthest from each other, instead of considering all the source tiles (tiles

corresponding to the lth layer in Equation 5.2).

Figure 5.4(c) illustrates the proposed latency-aware mapping used in CANNON.

Assume that there are K IMC tiles, and each tile is connected to an NoC router. At

the beginning of the mapping process, we map the first layer of the neural network

to the IMC tiles closest to the input of the accelerator (the blue tiles in Figure 5.4(c)).
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Since Tl denotes the number of tiles required for lth layer, the remaining layers that

are mapped after lth layer are Rl = K−
∑L

i=l+1 Ti, where L is the total number of

DNN layers. To map the (l+ 1)th layer, we calculate the total distance from each of

the remaining tiles (Rl) to s1
l and s2

l (highlighted with solid arrows in Figure 5.4(c))

following Equation 5.1. Then, the tile that minimizes the sum of the distance to the

reference tiles is selected. Specifically, the position of this tile is:

argmin
j

(M(s1
l,dj) +M(s2

l,dj)), 1 ⩽ j ⩽ Rl (5.3)

The above process is repeated for each layer until all the layers are mapped. We

note that our mapping algorithm always finds a solution if
∑L

l=1 Tl ⩽ K.

We note that our proposed mapping technique is independent of the traffic

volume exchanged between different DNN layers. Specifically, we consider only

two consecutive layers at a time. We also note that the proposed mapping technique

takes care of all existing types of connections in a neural network, namely linear, skip,

and dense connections. Therefore, our proposed mapping technique is applicable

to any DNN, irrespective of traffic volume and connection pattern.

5.2.3 Hardware-Aware Dynamic Sparse Training

Hardware-Aware Pruning

Our hardware-aware pruning approach uses the Sparse Evolutionary Training,

i.e., SET, technique as a baseline to guarantee sparse connections between each

layer in the training process [58]. It follows a phenomenon observed in complex
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Figure 5.5: Proposed hardware-aware pruning and link-addition. (a) In hardware-
aware pruning, z-index of each weight column is computed based on the absolute
value and the communication cost. Then, the p-percentage of weight columns with
the lowest z-index is removed. (b) The communication cost of already pruned
weight columns is calculated in the hardware-aware link addition step. Then, the
p-percentage of weight columns with the lowest communication cost is added back.
This procedure is repeated every epoch for each layer. The numbers in weight and
communication cost matrices are shown for illustration purposes.

real-world networks such as protein interaction networks. This phenomenon shows

that starting with an Erdös–Rényi random graph [159] and following its natural

evolution, the network reaches a point that has a more structured connectivity

resembling scale-free [160] or small-world [161] networks. Inspired by this phe-

nomenon, at the beginning of the training process, the fully connected layers in the

DNN are replaced by sparsely connected layers following Erdös–Rényi random

sparse graphs as in Equation 5.4:

r(Wi) =
ϵ(ni + ni−1)

nini−1
(5.4)

whereWi represents the set of weights in layer-i, where 1 ⩽ i ⩽ L and L represents

the number of layers in the target DNN.ni andni−1 represent the number of weights
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in layer-i and layer-(i − 1), respectively. ϵ ∈ R+ is a tunable parameter used to

adjust for the target sparsity level [58], while r(Wi) represents the probability that

each weight in the set is retained. Our hardware-aware pruning approach is very

general, as it works for both fully connected (FC) and convolutional (Conv) layers.

For layer-i, we define the depth of the input feature channels as Di, the kernel depth

as Ni, and the kernel size as Ki. We can organize the weights of the FC and Conv

layers as matrices of sizes Di ×Ni and Ki × Ki ×Di ×Ni, respectively. Therefore,

we can represent the nth weight column of layer-i as wi,n ∈Wi where 1 ⩽ n ⩽ Ni.

Each column of the weight matrix (Di × 1 for FC, Ki × Ki ×Di × 1 for Conv layer)

is mapped to a corresponding column of the crossbar array. During execution, each

input feature map block (the same size as the weight matrix column) is multiplied

with each crossbar column, generating output feature map blocks (1 × Ni). By

working at the level of individual columns in the weight matrix, our approach

results in pruned columns rather than producing an unstructured sparse weight

matrix.

Our goal at the end of each training epoch is to prune the DNN weights that

incur a significant communication latency without losing significant accuracy, as

illustrated in Figure 5.5. Each weight column of the DNN generates activation(s)

communicated between any two DNN layers. Therefore, pruning weights implicitly

leads to removing some communication between any two DNN layers.

Communication Cost: The contribution of a weight column n for layer-i (wi,n ∈

Wi) to the communication can be quantified by the average Manhattan distance

(M(s,d)) between the source tile (s) and the destination tile (d) of the correspond-
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ing activations:

C(wi,n) =

∑Ai,n
j=1 M(sji,d

j
i)

Ai,n
(5.5)

where Ai,n is the number of activations generated by the corresponding weight

column wi,n and M(s,d) is given in Equation 5.1. However, the significance of

weights also depends on their total absolute value. Thus, pruning weights should

be based on both weights’ absolute value and corresponding communication cost

due to their activation.

z-index: z-index is the ratio between the total absolute value of a weight column

and its communication cost:

z(wi,n) =

∑
(|wi,n|)

C(wi,n)
(5.6)

The z-index reflects the importance of a weight column in terms of both absolute

value and the communication cost, as defined in Equation 5.6. Note that, a weight

column with a higher total absolute value will have a higher z-index, while a weight

column with higher communication cost will have a lower z-index. Hence, the

z-index can be interpreted as the weight’s significance per unit of communication

cost. Therefore, we use the z-index of each weight column to determine whether to

prune it. Specifically, we sort all weight columns in layer-i based on their z-index

values and prune the smallest p-percentage of weight columns, where p represents

the target pruning ratio.
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Hardware-Aware Link Addition

After pruning weights during each epoch, an equal number of weights are added

to the DNN to maintain the initial pruning ratio. In SET [58], these weights are

added randomly. In contrast, we add new weights considering the communication cost

(C(w ′
i,n)), where w ′

i,n ∈W ′
i,n and W ′

i,n denotes the set of already pruned weight

columns from layer-i. Then, we sort C(w ′
i,n) and add p-percentage of weights in

W ′
i,n with the lowest communication cost as shown in Figure 5.5(b). This way, the

performance gains from latency-aware mapping and hardware-aware pruning are

preserved by considering the communication cost in the link addition process. As

a result, we retain the same number of weights throughout the training process.

5.2.4 Evolution of the Average z-Index

In this section, we analyze the evolution of the average z-index of all weights in

the DNN during training. This analysis provides invaluable insights into how the

proposed hardware-aware pruning and hardware-aware link addition techniques

work. We use the ResNet-50 network on the CIFAR-100 dataset for illustration, but

we note that all models and datasets considered in our experimental evaluations

show similar trends.

The accuracy and z-index variations for each epoch in the training are shown in

Figure 5.6(a) and Figure 5.6(b), respectively. The average z-index grows similar to

the accuracy for two reasons. First, the weights (the numerator of the z-index) that

are preserved are larger than those pruned in each epoch. Second, hardware-aware

pruning and weight addition favor smaller communication costs (the denominator
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Figure 5.6: Illustration of the evolution of the (a) test accuracy and (b) the average z-
index of all weight columns during training for ResNet-50 on the CIFAR-100 dataset.
The accuracy, as well as the average z-index, increases throughout the training.
Increasing z-index denotes a DNN with larger weights and lower communication
latency due to our hardware-aware dynamic sparse training approach.

of the z-index). Indeed, Figure 5.6(b) confirms that the average z-index grows

rapidly during training and follows a similar trend to the classification accuracy.

Specifically, the average z-index is small at the beginning of the training. Our pro-

posed hardware-aware pruning process removes the weights with lower absolute

value and that causes higher communication costs during training. Therefore,

the average z-index increases over time. At the end of Epoch-200 (when the ac-

curacy stabilizes), the average z-index is 3.2× larger than the average z-index in

the beginning. The growth seen in the average z-index indicates a DNN with

lower communication latency. Hence, it improves the hardware performance, as

discussed in the following section.
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5.3 Experimental Evaluation

This section first introduces our experimental setup to enable reproducible results.

Next, we demonstrate the effectiveness of our proposed latency-aware mapping

and hardware-aware dynamic sparse training approaches in terms of the number

of hops distribution in NoC. Then, we compare the hardware performance of

CANNON in terms of latency, energy, energy-delay product (EDP), and accuracy

against state-of-the-art techniques. After that, we perform an ablation study of

CANNON. Finally, we compare our results against Lottery Ticket Hypothesis using

networks from ResNet family on the CIFAR-10 dataset.

5.3.1 Experimental Setup

Network Models and Datasets: We evaluate CANNON with 14 well-known net-

work models and four datasets. Specifically, we use DenseNet-201, DenseNet-169,

and DenseNet-161 from the DenseNet family with the Tiny-ImageNet dataset. Sim-

ilarly, we employ ResNet-152, ResNet-101, ResNet-50, ResNet-18 and VGG-16 with

CIFAR-100 and CIFAR-10 datasets. DenseNet, ResNet, and VGG-16 networks con-

sist of convolutional and fully connected layers. We also discuss performance results

using an MLP-based network on the MNIST dataset. We use the same MLP-based

network structure used in SET [58] which consists of three hidden layers with 1000

neurons.

Simulation Setup: The experiments run on a machine that uses 6 Intel Xeon Gold

6242R cores and 1 Nvidia 3090 GPU on Python using the PyTorch library. All CNNs
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Table 5.1: Summary of circuit level and NoC parameters

Circuit NoC
PE array size 256× 256 Bus width 32
Cell levels 2 bit/cell Routing algorithm X–Y
Flash ADC resolution 8 bits Number of router ports 5
Technology used RRAM Topology Mesh

are trained for 200 epochs with the SGD optimizer and a momentum of 0.9. We

set the initial learning rate as 0.1 and use the Cosine Annealing scheduling as the

learning rate scheduler. The communication performance is evaluated using a cycle-

accurate NoC simulator, BookSim [152]. To this end, we use a customized version

of BookSim that supports simulation with workload traces. As different networks

show different structures, we generate traces for each network and dataset pairs.

Each trace consists of three entries: source router, destination router, and timestamp

for the generated packet. We generate a trace file for each layer and feed this to

BookSim to measure the communication performance. The number of IMC tiles

required for each layer of the neural network is evaluated through NeuroSim [151].

In the IMC tile structure, adopted from [5], there are 16 PEs; each PE consists of a

256×256 IMC crossbar. We design separate accelerators to show the effectiveness

of our hardware-aware mapping and training approaches on each dataset and

network model and assume that the accelerator is big enough to accommodate

the network as in [67]. In this work, we do not consider a pipelined architecture

since such architectures may result in pipeline stalls [162]. Moreover, pipelining

incurs an extra area overhead due to the extra control logic required. Therefore,
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Table 5.2: Properties of different approaches with respect to the mapping method,
Fully Connected (FC) layer pruning, and Convolutional (CONV) layer pruning.

Approach Mapping FC
Pruning

CONV
Pruning

Mapping Only [6] RL X X
SET [58] sequential [5] weight-based X

SET [58] + Mapping latency-aware weight-based X
CANNON (FC Layers) latency-aware hardware-aware X

CANNON
(FC+CONV Layers) latency-aware hardware-aware hardware-aware

our experimental evaluations report the overall end-to-end communication latency

and energy when there is no layer-to-layer pipelining. Table 5.1 shows different

hardware parameters incorporated in our evaluations.

Baseline Approaches: We compare CANNON against multiple baseline approaches

summarized in Table 5.2. The first baseline technique is a RL-based mapping al-

gorithm [6] working on an unpruned network (Mapping Only in Table 5.2). This

baseline is added to the comparison set to assess the impact of the mapping algo-

rithm alone. SET [58] is utilized in two baselines. The first one uses SET with a

widely-used mapping algorithm [5] (SET in Table 5.2). In contrast, the second

one uses SET with our proposed latency-aware mapping to show the performance

of our proposed mapping method (SET + Mapping in Table 5.2). Two variants of

the CANNON framework are evaluated in these experiments. We selected SET

technique as the baseline pruning approach in the training. However, we empha-

size that CANNON can be used in conjunction with any other pruning technique

including state-of-the-art structured pruning techniques [60, 68, 25, 70]. We first

show the results of our proposed dynamic sparse training when applied to the fully
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connected layers of neural networks (CANNON (FC Layers) in Table 5.2) since the

approach proposed in SET prunes FC layers only.

Finally, we compare all the baselines against CANNON applied to both fully

connected and convolutional layers (last row in Table 5.2). The pruning ratios

in these experiments are 50% for the convolutional layers and 80% for the fully

connected layers for ResNet, DenseNet, and VGG-16 networks selected based on the

highest pruning value without seeing an important accuracy drop. For MLP-based

networks, we use a pruning ratio of 95% to have a fair comparison against SET.

The pruning and addition ratios in the hardware-aware dynamic sparse training

are selected as 30% of the remaining weights. To quantify the overhead of the

z-index calculations during training, we also compare CANNON against a random

pruning scheme using identical pruning ratios. Our measurements indicate that

CANNON has only 7% higher training time per epoch for the ResNet-18 model on

the CIFAR-100 dataset. Once the training completes, CANNON does not introduce

any additional inference overhead.

5.3.2 Number of Hops Distribution

CANNON aims at minimizing the communication latency by minimizing the

maximum Manhattan distance the packets travel between two consecutive DNN

layers (see Eqn. 5.2). Therefore, CANNON decreases the number of hops the

packets travel compared to the state-of-the-art mapping technique [6]. Figure 5.7

compares the probability distribution of the number of hops the packets travel in

the NoC for the DenseNet-201 model on Tiny-ImageNet in our proposed mapping
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Figure 5.7: Comparison of hop distribution between RL-based mapping [6] and
CANNON. Latency-aware mapping minimizes number of hops probability toward
smaller values.

technique and the technique described in [6]. Using the probability distributions,

we observe that 86% of the packets need to traverse more than 3 hops in the NoC

with the RL-based mapping approach. In contrast, the portion of the packets with

more than 3 hops reduces to 45% with our proposed mapping technique.

The probability distribution for the number of hops for ResNet-152 model on

CIFAR-100 and DenseNet-201 model on Tiny-ImageNet are shown in Figure 5.8(a)

and Figure 5.8(b), respectively. These figures compare the distributions at the

beginning of the training (Epoch-0), at the end of Epoch-100, and at the end of

training (Epoch-200). We observe that the probability of achieving a smaller num-

ber of hops increases with the number of epochs for the ResNet-152 model on

CIFAR-100. Many long-range communications disappear as the training progresses

due to our proposed hardware-aware pruning technique. We also analyze the
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Figure 5.8: Comparison of hop distribution for hardware-aware training before
Epoch-0, at Epoch-100, and at the end of Epoch-200 for (a) ResNet-152 on the CIFAR-
100 and (b) for DenseNet-201 on the Tiny-ImageNet dataset. The distribution of
the number of hops shifts toward smaller numbers as we move forward during the
training. There are still weights with higher hops at the end of Epoch-200 because
the hardware-aware pruning considers communication cost and whether or not
the weight is significant.
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percentage of weights distributed among different numbers of hops using proba-

bility distributions. Specifically, 44% of the packets need to traverse less than six

hops at the beginning of Epoch-0; with our proposed hardware-aware dynamic

sparse training, at the end of Epoch-200, 71% of the packets need to traverse less

than six hops, as shown in Figure 5.8(a). However, we note that some long-range

connections still remain because our hardware-aware pruning considers not only

the communication cost but also the weight value. If there are weights with large

values, we tend not to prune them even if they produce higher communication cost.

Overall, the average number of hops decreases by 28% by the end of Epoch-100

and 42% by the end of Epoch-200 compared to Epoch-0. We observe a similar trend

for the DenseNet-201 model on Tiny-ImageNet, where the probability of lower

number of hops increases as the training progresses, as shown in Figure 5.8(b).

The average number of hops decreases by 25% at the end of Epoch-100 and 70% at

the end of Epoch-200. This is important because it translates into improved latency

and energy efficiency.

5.3.3 Latency Analysis

This section compares the communication latency of CANNON against the four

baseline techniques introduced earlier. The properties of each baseline are presented

in Table 5.2. We use 14 widely-known network models listed in Section 5.3.1.

Experiments for convolutional neural networks are performed using DenseNet

models on the Tiny-ImageNet dataset, ResNet and VGG-16 models using the CIFAR-

100 and CIFAR-10 datasets, and an MLP using the MNIST dataset (Figure 5.9).
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Figure 5.9: Comparison of communication latency across different DNNs and
datasets. CANNON consistently improves the latency for all network models and
datasets.

The plot highlights the improvements of CANNON over the SET approach since a

comparison against a pruned network is more appropriate. DenseNet Network Re-

sults: Reinforcement Learning (RL)-based mapping approach using an unpruned

DenseNet-201 network model on the Tiny-ImageNet dataset shows 3.55ms com-

munication latency. Using SET [58] with the mapping in [5], the communication

latency is improved to 3.16ms. The decrease is mainly due to the lack of some weight

columns because of high pruning ratio. Our proposed latency-aware mapping

employed with SET improves the communication latency by 20% compared to the

RL mapping approach on an unpruned network for the DenseNet-201 model. The

only difference between SET and SET+Mapping approaches is due to the mapping

algorithm. Thus, the direct comparison between them demonstrates the effective-

ness of our proposed latency-aware mapping. The improvement of SET+Mapping

compared to SET ranges between 3% to 12% for the DenseNet models. CANNON

(FC Layers) shows a speedup between 1.1×–1.4× compared to SET. Finally, CAN-

NON (FC+Conv Layers) shows a higher speedup varying between 1.8× to 2.6× and
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2.0× to 3.0× compared to SET and Mapping Only approaches for all networks in

the DenseNet family, respectively. Considering the savings of computation, the

improvements for total inference latency are up to 57% for DenseNet.

ResNet Network Results: The number of output channels of the convolutional

layers of ResNet DNNs is higher than that of DenseNet DNNs. Therefore, the

communication latency of ResNet DNNs is higher than DenseNet DNNs. The

Mapping Only approach, which uses RL-based mapping on an unpruned network,

shows the highest communication latency in most ResNet networks using the CIFAR-

100 and CIFAR-10 datasets. The RL-based mapping performs better than the SET

approach with ResNet-50 and ResNet-18 networks on CIFAR-100 and ResNet-50

on CIFAR-10 datasets. The SET + Mapping approach, which uses our proposed

latency-aware mapping but pruning as proposed in SET, consistently outperforms

SET and Mapping Only techniques. CANNON (FC Layers) further improves the

latency between 1.1× to 1.2× compared to the SET + Mapping approach on the

CIFAR-100 dataset. Finally, our proposed CANNON (FC+Conv Layers) shows a

speedup between 1.6× to 2.6× compared to SET on CIFAR-100, as illustrated in

Figure 5.9. On the CIFAR-10 dataset, the improvements are in the range of 1.7×

to 2.2× compared against the Mapping Only approach. Communication latency

improvements result in a 23%–51% drop in total inference latency for ResNet DNNs.

VGG-16 and MLP Results: We also show the results with VGG-16 network with

CIFAR-100 and CIFAR-10 datasets in Figure 5.9. CANNON (FC+Conv Layers)

shows a speedup of up to 3.1× for VGG-16 with negligible accuracy impact. Finally,

experiments with an MLP on MNIST dataset obtain 2.4× lower communication
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latency than SET (6.6 µs vs 3.7 µs) with similar accuracy. These results are excluded

from Figure 5.9 for readability since the latency for MLP is three orders of magnitude

smaller than other networks.

5.3.4 Energy and EDP Analysis

In this section, we compare the communication energy consumption of CANNON

against four different approaches. The details of the communication energy results

for DenseNet, ResNet, and VGG-16 models on the Tiny-ImageNet, CIFAR-100,

and CIFAR-10 datasets are given in Figure 5.10. We present detailed energy-delay

product (EDP) results in Figure 5.11.

DenseNet Network Results: The Mapping Only approach shows the highest com-

munication energy for DenseNet-201 and DenseNet-161 networks. The SET +

Mapping approach, where our latency-aware mapping is utilized together with

the pruning technique in SET, performs better than the SET and Mapping Only
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Figure 5.10: Comparison of communication energy (log scale) across different
DNNs and datasets. CANNON consistently improves the communication energy
for all network models and datasets.
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approaches. In this case, the gain against the SET approach shows that our latency-

aware mapping reduces energy consumption. Furthermore, we observe a 10%–

22% reduction in communication energy consumption with CANNON (FC Layers)

against SET + Mapping. Finally, CANNON (FC+Conv Layers) consistently out-

performs all other approaches. Specifically, we observe 48%-58% reduction in

communication energy compared to SET.

The communication latency and energy reduction also result in significant

EDP improvements. Since the Mapping Only approach does not consider pruning,

it has the highest EDP among all techniques for all DenseNet networks on the

Tiny-ImageNet dataset. The SET + Mapping approach has 7%–20% improvement

with respect to the SET approach. CANNON (FC Layers) further improves the

EDP by 9%–39%. Furthermore, CANNON (FC+Conv Layers) outperforms all other

approaches consistently and shows an EDP improvement of 3.5×–6.2× compared

to SET (Figure 5.11).

ResNet Network Results: The ResNet results include four DNNs and two datasets.
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Figure 5.11: Comparison of communication EDP (log scale) across different DNNs
and datasets. As shown, CANNON consistently improves the communication EDP
for all network models and datasets.
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The Mapping Only approach has the highest communication energy among all

techniques except for the ResNet-50 model on both datasets. The improvements of

SET + Mapping over Mapping Only are 4%–21% and 5%–22% on CIFAR-100 and

CIFAR-10 datasets, respectively. CANNON consumes the least communication

energy compared to all other approaches. While CANNON (FC Layers) has 1.2×–

1.3× improvement over SET, CANNON (FC+Conv Layers) has an improvement of

1.7×–2.6× with respect to SET on the CIFAR-100 dataset. On the CIFAR-10 dataset,

CANNON (FC+Conv Layers) further improves the communication energy up to

3.0× compared to SET, as shown in Figure 5.10.

Similar to energy consumption, CANNON achieves significant improvements

in EDP too with respect to all other approaches. The improvement varies between

2.7×–6.8× and 3.7×–6.2× on CIFAR-100 and CIFAR-10 datasets, respectively, when

compared to SET, as shown in Figure 5.11.

VGG-16 and MLP Results: We show the energy and EDP results with VGG-16

on CIFAR-100 and CIFAR-10 datasets in Figure 5.10 and Figure 5.11, respectively.

CANNON (FC+Conv Layers) achieves 1.9× and 2.0× communication energy savings

with respect to SET for VGG-16 on CIFAR-100 and CIFAR-10 datasets, respectively.

EDP improvements are even higher with 3.8× and 6.1×. Finally, we performed

experiments with MLP using MNIST dataset. CANNON (FC+Conv Layers) achieves

1.9× lower energy consumption and 4.4× lower EDP than SET (105.7 nJ vs 195.8 nJ)

without any accuracy impact. MLP results are not shown in Figure 5.10 and 5.11

for readability. These savings offer huge advantages for edge devices as they have

limited energy budgets.
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Table 5.3: Accuracy (%) comparison across different models and datasets. DN and
RN denote DenseNet and ResNet, respectively.

Dataset Tiny-ImageNet (%) CIFAR-100 (%) CIFAR-10 (%) MNIST (%)
Network DN201 DN169 DN161 RN152 RN101 RN50 RN18 VGG16 RN152 RN101 RN50 RN18 VGG16 MLP

Mapping Only [6] 60.15 60.45 62.04 80.26 79.37 78.52 77.82 75.12 90.74 90.14 89.87 84.16 90.70 98.22
SET [58] 61.40 61.53 62.71 78.98 80.04 79.17 78.01 75.78 90.52 91.10 90.55 88.94 91.37 98.68

CANNON (FC Layers) 60.84 61.22 62.28 78.83 79.54 77.80 77.65 74.81 89.16 90.32 89.77 88.23 90.58 98.34
CANNON (FC+CONV Layers) 59.50 58.74 60.95 78.78 78.06 76.90 76.39 74.58 88.88 88.96 87.98 85.66 89.31 NA
Accuracy Difference from [6] -0.65 -1.71 -1.09 -1.48 -1.31 -1.62 -1.43 -0.54 -1.86 -1.18 -1.89 1.50 -1.39 0.02

5.3.5 Accuracy Analysis

The previous sections show that CANNON significantly improves the hardware

performance and energy consumption efficiency compared to the baseline tech-

niques. In this section, we discuss the test accuracy results of CANNON for all

DNNs and datasets. All results are shown in Table 5.3.

DenseNet Network Results: The Mapping Only approach [6] using an unpruned

DenseNet-201 network model on the Tiny-ImageNet dataset achieves 60.15% test

accuracy. As shown in Table 5.3, CANNON (FC Layers) improves the test accuracy

by 0.69% with significant hardware efficiency improvements compared to Mapping

Only, as discussed in previous sections. Moreover, CANNON (FC Layers) has 0.56%

decrease from the SET technique [58]. For DenseNet-169 and DenseNet-161, we

also achieve up to 0.77% and 0.24% accuracy improvements over Mapping Only,

respectively. Table 5.3 shows that CANNON (FC Layers) yields 0.65% decrease from

the unpruned network on DenseNet-201. Similarly, we have only 1.71% and 1.09%

accuracy loss over the unpruned networks of DenseNet-169 and DenseNet-161,

respectively.

ResNet Network Results: SET achieves the highest test accuracy in most ResNet-

based networks using CIFAR-100 and CIFAR-10 datasets. The Mapping Only ap-
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proach has an accuracy difference in the range of -1.28% to 0.96% compared to the

SET technique, except for ResNet-18 on CIFAR-10. The Mapping Only approach has

4.78% lower accuracy than SET for ResNet-18 on CIFAR-10. CANNON (FC Layers)

has an accuracy difference as minimal as between -1.43% to 0.17% compared to

the Mapping Only approach on unpruned networks on the CIFAR-100 dataset. The

accuracy improvement ranges from -1.58% to 0.18% compared to the Mapping Only

approach on the CIFAR-10 dataset, except for ResNet-18. For ResNet-18 on CIFAR-

10, the accuracy improvement is up to 4.07%. CANNON (FC+Conv Layers) shows

an accuracy difference between -1.89% to 1.50% compared against the Mapping Only

approach on both datasets.

We remark that CANNON yields a significant hardware efficiency improvement

with less than 2% accuracy loss compared to the unpruned networks. It is then

possible to use CANNON with lower pruning ratios to compensate for the accuracy

loss.

VGG-16 and MLP Results: As shown in Table 5.3, CANNON achieves almost the

same accuracy as SET for MLP. Moreover, it shows 0.12% accuracy improvement

over Mapping Only. For VGG-16, CANNON shows 0.54% and 1.39% accuracy loss

for CIFAR-100 and CIFAR-10, respectively.

5.3.6 Ablation Study

In this section, we conduct a new ablation study to examine how hardware aware-

ness impacts pruning. We compare two approaches: CANNON (FC+Conv Layers)

and a communication-agnostic Baseline (FC+Conv Layers). CANNON prunes the
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Table 5.4: CANNON (FC+Conv Layers) comparison with respect to Baseline
(FC+Conv Layers). Model and dataset combinations are ResNet-18 on CIFAR-10,
VGG-16 on CIFAR-100, and DenseNet-169 on Tiny-ImageNet.

Model ResNet-18 VGG-16 DenseNet-169

Metric Acc.
(%)

Lat.
(ms)

EDP
(msµJ)

Acc.
(%)

Lat.
(ms)

EDP
(msµJ)

Acc.
(%)

Lat.
(ms)

EDP
(msµJ)

Baseline
(FC+Conv) 85.42 0.70 2.32 74.88 1.11 19.14 59.21 1.62 22.70

CANNON
(FC+Conv) 85.66 0.41 0.72 74.58 0.66 6.85 58.74 0.93 7.04

Improv. 0.28 1.70× 3.24× -0.40 1.68× 2.79× -0.80 1.74× 3.22×

network by considering both weight magnitudes and communication costs, whereas

Baseline (FC+Conv Layers) prunes solely based on weight magnitudes without con-

sidering communication costs. Both approaches use the same pruning ratios for

fairness.

Table 5.4 presents that both approaches achieve comparable accuracy. However,

CANNON (FC+Conv Layers) outperforms Baseline (FC+Conv Layers) by up to 1.74×

higher performance, with a timing improvement from 0.7ms to 0.41ms. Additionally,

CANNON (FC+Conv Layers) results in up to a 3.24× reduction in EDP compared

to Baseline (FC+Conv Layers). These results highlight the importance of hardware-

aware training for achieving optimal performance.

5.3.7 Comparison to Lottery Ticket Hypothesis

This section compares the accuracy and performance of CANNON with FC and

CONV layer pruning against the Lottery Ticket Hypothesis (i.e., LTH) [2] using

the official implementation of LTH from the GitHub repository [163]. We use three
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Table 5.5: CANNON comparison with respect to lottery ticket hypothesis [2].
Dataset ResNet-152 ResNet-101 ResNet-50

Metric Accuracy
(%)

Latency
(ms)

Energy
(µJ)

EDP
(ms-µJ)

Accuracy
(%)

Latency
(ms)

Energy
(µJ)

EDP
(ms-µJ)

Accuracy
(%)

Latency
(ms)

Energy
(µJ)

EDP
(ms-µJ)

LTH [2] 91.08 3.48 68.09 237.12 91.82 1.31 42.34 55.55 91.57 1.00 9.08 9.08
LTH + Mapping [2] 91.08 3.45 66.87 230.69 91.82 1.23 38.81 47.82 91.57 0.88 8.44 7.42

CANNON 88.88 2.41 31.30 75.38 88.96 0.90 24.76 22.22 87.98 0.62 5.32 3.28
Improvement over LTH [2] -2.20% 1.45× 2.18× 3.15× -2.86% 1.46× 1.71× 2.50× -3.59% 1.61× 1.70× 2.77×

iterations, each pruning 20% of the network during the training process. In the

end, the network of the winning ticket is approximately 49% pruned. We use an

equal pruning ratio in CANNON to make the comparison fair. We utilize three

networks from the ResNet family with 152, 101, and 50 layers on the CIFAR-10

dataset. We incorporate the mapping method used in [5] (LTH) and our proposed

latency-aware mapping (LTH + Mapping) to evaluate the hardware performance of

LTH pruning. The accuracy, latency, energy, and EDP results are shown in Table 5.5.

Since our proposed technique prunes a DNN considering hardware performance,

CANNON consistently outperforms LTH in all three hardware performance met-

rics with slightly lower accuracy. The latency improvements with CANNON are

1.45×–1.61× compared against LTH with the mapping method used in [5]. We

observe such an improvement due to our proposed latency-aware mapping and

hardware-aware dynamic sparse training methodologies, which reduces the com-

munication cost without pruning the significant weights. We also observe that the

improvements in energy consumption vary between 1.70× – 2.18×. The highest

improvements are seen in the energy-delay product (EDP). CANNON achieves up

to 3.15× improvement in EDP with respect to the Lottery Ticket Hypothesis with

the mapping method used in [5].

As a conclusion, we note that the reduction in network size and the increase in
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accuracy due to pruning do not necessarily translate into better hardware results

unless they consider hardware-aware mapping and pruning methods. Overall,

CANNON provides excellent results compared to state-of-the-art pruning methods

and can work synergistically with any pruning technique.
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6 das: dynamic adaptive scheduling for

energy-efficient heterogeneous socs

6.1 Background, Motivation, and Contributions

Heterogeneous systems-on-chip (SoCs) combine the energy efficiency and per-

formance of custom designs with the flexibility benefits of general-purpose cores.

Domain-specific SoCs (DSSoCs), a subset of heterogeneous SoCs, are emerging

examples that integrate general-purpose compute elements and hardware accelera-

tors that target the commonly encountered tasks (i.e., computational kernels) in

the target domain [164, 165, 166, 167]. For example, a DSSoC for autonomous driv-

ing incorporates computer vision and deep learning accelerators, while a DSSoC

for 5G/6G communication domain accelerates signal processing operations, such

as fast Fourier transform (FFT). In addition, general-purpose CPU clusters and

programmable accelerators, such as coarse-grained reconfigurable architectures

(CGRA), offer alternative execution paths for a broader set of tasks, besides im-

proving flexibility [165, 168].

In contrast to fixed-function designs, a critical distinction of DSSoCs is their

ability to run multiple applications from the same domain [169]. When multiple

applications run concurrently, the number of ready tasks can exceed the capacity of

the available accelerators resulting in resource contention. This resource contention

leads to a complex runtime scheduling problem since there are many different

ways to prioritize and run such tasks. For example, waiting for the most suitable
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Figure 6.1: An example of the relationship of (a) execution time and (b) energy-
delay product (EDP) between simple low-overhead (lookup table or LUT) and
sophisticated high-overhead schedulers.

resource to become available can lead to higher energy efficiency than resorting to

an immediately available less suitable resource like a CPU core or a reconfigurable

accelerator. Besides the complex runtime scheduling problem, recent studies show

that execution times for applications of domain-specific systems are on the nanosec-

ond scale [170, 164]. Therefore, the classical scheduling problem encounters a new

challenge in heterogeneous DSSoCs because domain-specific tasks can run in the

order of nanoseconds, i.e., at least two or three orders of magnitude faster than

general-purpose cores when they are executed on their specialized pipelines. If

the scheduler takes a significantly longer amount of time to make a decision, it can

undermine the benefits of hardware acceleration. For instance, Linux Completely

Fair Scheduler (CFS) takes 1.2µs to make a scheduling decision when running on

an Arm Cortex-A53 core [171, 91, 77, 172]. This overhead is clearly unacceptable

when there are many tasks with orders of magnitude faster execution times.

DSSoCs require fast scheduling algorithms to keep up with tasks that can run
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in the order of nanoseconds and achieve high efficiency. However, poor scheduling

decisions of simple low-overhead schedulers can decrease the system performance,

especially under heavy workloads. For example, Figure 6.1 shows the average execu-

tion time and energy-delay product for a workload mix of a wireless communication

system. When the data rate is low (i.e., few frames are present concurrently), there

is lower contention for the same SoC resources. Hence, a fast low-overhead sched-

uler (in this work, a lookup table) outperforms a more sophisticated scheduler

(e.g., a complex heuristic or an integer programming-based scheduler) since it can

make the same or very similar assignments with a significantly lower overhead. As

the data rate increases, the number of concurrent frames, and hence the complexity

of scheduling decisions, also grow. At the same time, the waiting times of the tasks

in the core queues exceed their actual execution time in the accelerators. Therefore,

a sophisticated scheduler outperforms the simple one (point A in Figure 6.1a), and

the overhead of making better scheduling decisions pays off. In contrast, when

an application involves a high degree of task-level parallelism, we expect more

tasks in the ready queue waiting for a scheduling decision. For such applications,

the scheduling overhead can dominate the execution time, even for lower data

rates (Figure 6.1b). For these cases, using a sophisticated scheduler cannot outper-

form the scheduling decisions of a simple scheduler. As the data rate increases, a

sophisticated scheduler can degrade the system performance because of its depen-

dence on the number of ready tasks. Therefore, a simple scheduler outperforms

a sophisticated scheduler under various data rates. Hence, the trade-off between

the scheduling decision quality and the scheduling overhead is an opportunity to
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exploit.

To exploit the trade-off between the scheduler overhead and decision quality,

we propose a dynamic adaptive scheduling (DAS) framework that combines the

benefits of the sophisticated and simple low-overhead scheduling algorithms using

an integrated support mechanism. Making a scheduling decision at the scale of

nanoseconds is highly challenging because executing possibly complex decisions

and loading the necessary context, such as performance counters, requires extra

time. Hence, even the data movement part alone can violate the fast decision target.

Moreover, the framework needs to determine at runtime whether the low-overhead

or sophisticated scheduler should run. The DAS framework outperforms both

underlying schedulers despite these challenges by following these key observations in

the design process: First,, the scheduling will be called with 100% certainty and uses

features (a subset of available performance counters). Therefore, prefetching the

required features in a background process and writing them to a pre-allocated local

memory location can hide the extra overhead. Second, the choice of a sophisticated

or a simple scheduler can be made by the same prefetching process before the

following scheduling process begins. If the simple scheduler is chosen, the only

extra overhead on the critical path is the time to access the LUT, which is measured

as 6 ns on Arm Cortex-A53. We run the sophisticated scheduler at runtime only if

a more complex scheduler is needed.

The main contributions of this chapter are as follows:

• The DAS framework that dynamically combines two schedulers and outper-

forms each of them with low scheduling overhead;
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• Experimental results with five streaming applications and profiling schedul-

ing overheads on Xilinx Zynq ZCU102;

• Integration of the DAS framework with an open-source runtime environment

and its training and deployment on Xilinx Zynq ZCU102;

• Extensive performance evaluation in the trade space of execution time, energy,

and scheduling overhead over the Xilinx Zynq ZCU102 based on workload

scenarios composed of real-life applications;

The rest of the chapter is organized as follows. We describe the proposed DAS

framework and algorithms in Section 6.2. Section 6.3 discusses and analyzes the

experimental results on a DSSoC simulator with real-world applications, while

Section 6.4 presents the training and implementation details of the DAS framework

on an FPGA emulation environment using real-world applications.

Table 6.1: Type of performance counters used by DAS framework

Type Features

Task
Task ID, Execution time, Power consumption,

Depth of task in DFG, Application ID,
Predecessor task ID and cluster IDs, Application type

Processing
Element

(PE)

Earliest time when PE is ready to execute,
Earliest availability time of each cluster,

PE utilization, Communication cost
System Input data rate
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6.2 Dynamic Adaptive Scheduling Framework

6.2.1 Overview and Preliminaries

This work considers streaming applications that can be modeled by data flow

graphs (DFGs). More precisely, consecutive data frames are pipelined through

the tasks in the graph. The current practice of scheduling is limited to a single

scheduler policy. On the other hand, DAS allows the OS to choose one scheduling

policy π ∈ ΠS = {F,S}, where F and S refer to the fast and slow (or sophisticated)

schedulers, respectively. When the task becomes ready (predecessors of the task

are completed), the OS can call either a slow (π = S) or a fast (π = F) scheduler as

a function of the workload and system state. The OS collects a set of performance

counters during the execution to enable two aspects for the DAS framework: (1)

precise assessment of the system state, (2) desirable features for the classifier to

switch between the fast and slow schedulers at runtime.

Table 6.1 shows the various types of performance counters that are collected for

the DAS framework. The total number of performance counters is 62 for a DSSoC

with 19 PEs. The goal of the slow scheduler S is to handle more complex scenarios

when the task wait times dominate the execution times. In contrast, the fast sched-

uler F aims to approach the theoretically minimum (i.e., zero) scheduling overhead

by making decisions in a few cycles with a minimum number of operations. The

DAS framework aims to outperform both underlying schedulers by dynamically switching

between them as a function of system state and workload.
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6.2.2 Zero-Delay DAS Preselection Classifier

The first runtime decision of DAS is the selection of the fast or slow scheduler. We

should optimize this decision to approach the goal of zero scheduling overhead as

it is on the critical path of both schedulers. One of the novel contributions of DAS

is that we recognize this selection as a deterministic task that will be eventually

executed with a probability of one. Therefore, we prefetch the relevant features that

are required for this decision to a pre-allocated local memory. We re-use a subset

of the performance counters which are shown in Table 6.1 as desirable features to

minimize the scheduling overhead. The relevant subset of features is presented in

Section 6.3.2. To reflect the system state at that point in time, the OS periodically

refreshes the performance counters. DAS framework runs a light-weight classifier

which determines whether the fast or slow scheduler should be used for the next

ready task each time the features are refreshed. As it is refreshed with the features

that reflect the most recent system state, we note that this decision will always be

up to date. Thus, DAS can determine which scheduler should be called even before

a task is ready for scheduling. Consequently, the preselection classifier of the DAS

framework introduces zero latency and minimal energy overhead. Next, we will

discuss the offline preselection classifier and its online use. The latter will cover the

overhead involved in switching between policies.

Offline Classifier Design: The first step for the design process of the preselection

classifier is to generate the training data based on the domain applications known at

design time. Each scenario in the training data consists of concurrent applications

and their respective data rates. For example, a combination of WiFi transmitter
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and receiver chains, at a specific upload and download speed, could be one such

scenario. To this end, we run each scenario twice on an instrumented hardware

platform or a simulator (see Figure 6.2).

First Execution: The instrumentation enables us to run both fast and slow schedulers

each time a task scheduling decision is made. We note that the scheduler is invoked

whenever a task is to be scheduled. If the decisions of the fast (DF) and slow (DS)

schedulers for a task Ti are identical, then we label task Ti with F (i.e., the fast

scheduler) and store a snapshot of the performance counters. The label F implies

that the fast scheduler can reach the same scheduling decision as the sophisticated

algorithm under the system states captured by the performance counters. If the

decisions of the schedulers are different, then the label is left as pending and the

execution continues by following the decision of the fast scheduler, as described

in Figure 6.2. At the end of the execution, the training data contains a mix of both

labeled (F) and pending decisions.

Second Execution: The same scenario is executed for the second time. This time

the execution always follows the decisions of the slow scheduler. At the end of

the execution, we analyze the target metric, such as the average execution time

or the total energy consumption. If a better result can be achieved by using the

slow scheduler, the pending labels are replaced with S to indicate that the slow

scheduler is preferred despite its larger overhead. Otherwise, we conclude that the

lower overhead of the fast scheduler pays off, and the pending labels are replaced

with F. An alternative approach is to evaluate each pending instance individually;

however, this would not offer a scalable solution as scheduling is a sequential
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decision-making problem, and a decision at time tk affects the remaining execution.
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DS = S (Ti)

DS == DF
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Figure 6.2: Flowchart describing the construction of an Oracle to dynamically
choose the best-performing scheduler at runtime.

In this work, the training data is generated using 40 distinct workloads. Each

workload is a mix of multiple instances of five applications, consisting of approx-

imately 140,000 tasks in total and executed at 14 different data rates, as detailed

in Section 6.3.1. A higher data rate presents a larger number of concurrent appli-

cations contending for the same SoC resources. Then, we design a low-overhead

classifier using machine learning techniques and feature selection methods [173],

as described in Section 6.3.2.

Online Use of the Classifier: The last step for the classifier is the deployment at

runtime (last block in Figure 6.2). At runtime, a background process periodically

updates a pre-allocated local memory with the subset of performance counters that
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the classifier requires for the scheduler selection. After each update, the classifier

determines whether the fast F or slow S scheduler should be used for the next

available task. When a new ready task becomes available, the features are already

loaded and we know which scheduler is a better choice for the read task. Therefore,

DAS framework does not incur any extra delay on the critical path. Moreover, it

has a negligible energy overhead, as demonstrated in Section 6.3, which is critical

for the performance and applicability of such an algorithm.

6.2.3 Fast & Slow (Sophisticated) (F&S) Schedulers

The proposed DAS framework can work with any choice of fast and slow schedul-

ing algorithms. This work uses a lookup table (LUT) implementation as the fast

scheduler as the goal of the fast scheduler is to achieve almost zero overhead. The

LUT stores the most energy-efficient processor in the target system as a decision

for each known task in the target domain. Unknown tasks are mapped to the next

available CPU core. Hence, the LUT access at runtime is the only extra delay on the

Algorithm 4 ETF Scheduler
1: while ready queue T is not empty do
2: for task Ti ∈ T do
3: // P = set of PEs
4: for PE pj ∈ P do
5: FTTi,pj

= Compute the finish time of Ti on pj

6: end for
7: end for
8: (T ′, p ′) = Find the task & PE pair that has the minimum FT
9: Assign task T ′ to PE p ′

10: end while
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critical path and overhead of the fast scheduler. To profile the scheduling overhead

of LUT, we developed an optimized C implementation with inline assembly code.

We ran the script 10,000 times and averaged the latency and energy consumption.

We used the on-chip TI INA226 power sensors to measure the energy consumption.

Our experiments show that the fast scheduler takes ∼7.2 cycles (6 ns on Arm Cortex-A53

at 1.2 GHz) on average, and incurs negligible (2.3 nJ) energy overhead.

The DAS framework uses a commonly used heuristic, earliest task first (ETF) as

the slow scheduler [105]. ETF is chosen since it recursively iterates over the ready

queue tasks and processors to provide the schedule that achieves the fastest finish

time, as shown in Algorithm 4. It performs a comprehensive search, which can

make the best decision when the system is loaded with many tasks. It starts from

the first task-Ti in the ready queue-T. It computes the finish time of task-Ti on each

PE-pj. Then, it continues this process for every task-PE pair (Ti-pj). Then, it selects

the task-PE pair (let’s say T ′-p ′) that gives the earliest finish time. After assigning

task-T ′ to PE-p ′, the process repeats with the remaining tasks in the ready queue-T.

Hence, its computational complexity is quadratic with respect to the number of

ready tasks. ETF’s detailed computational and energy overhead are presented in

Section 6.3.1.

6.3 Evaluation of DAS Using Simulations

Section 6.3.1 describes the experimental setup used in this work. Section 6.3.2

explores different machine learning methods and features for DAS. The evaluation
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Table 6.2: Characteristics of applications from radar processing and wireless com-
munication domains used in this study. (FFT = fast Fourier transform, FEC =
forward error correction, FIR = finite impulse response, SAP = systolic array pro-
cessor).

Application Number of Tasks Supported Clusters
Range Detection 7 big, LITTLE, FFT, SAP

Temporal Mitigation 10 big, LITTLE, FIR, SAP
WiFi-TX 27 big, LITTLE, FFT, SAP
WiFi-RX 34 big, LITTLE, FFT, FEC, FIR, SAP
App-1 10 LITTLE, FIR, SAP

and detailed analysis of DAS for different workloads is shown in Section 6.3.3.

Finally, we demonstrate the latency and energy consumption overheads of DAS in

Section 6.3.4.

6.3.1 Experimental Setup

Domain Applications: The DAS framework is evaluated using five real-world

streaming applications: range detection, temporal mitigation, WiFi-transmitter,

WiFi-receiver applications and a proprietary industrial application (App-1), as

summarized in Table 6.2. We then construct 40 different workloads for runtime

analysis of the schedulers used in this work. All workloads are run in streaming

mode, and for each data point in the figures in Section 6.3.3, approximately 10,000

tasks are scheduled.

Emulation Environment: Conducting a realistic runtime overhead and energy

analysis is one of our key goals in this study. For this purpose, we leverage a

Compiler-integrated, Extensible DSSoC Runtime (CEDR) framework introduced
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by Mack et al. [168]. The CEDR has been validated extensively on x86 and Arm-

based platforms. It enables pre-silicon performance evaluations of heterogeneous

hardware configurations composed of mixtures of CPU cores and accelerators based

on dynamically arriving workload scenarios. Compared to the other emulation

frameworks (e.g., ZeBu [174] and Veloce [175]), this portable and open-source

environment offers distinct plug-and-play integration points where developers can

individually integrate and evaluate their applications, scheduling heuristics, and

accelerator IPs in a realistic system.

The emulation framework [176] combines compile-time analysis with the run-

time system. The compilation process involves converting each application to LLVM

intermediate representation (IR), identifying what section of the code should be

labeled as “kernels” (frequently executing IR-level blocks) or “non-kernels”, and

automatically refactoring the LLVM IR into a directed acyclic graph (DAG), where

each node represents a kernel. By abstracting the application with a DAG, compile-

time flow generates a flexible binary structure for the run-time system to be able

to invoke each function call on all its supported processing elements (PEs) in the

target architecture. The runtime system monitors the state of system resources,

parses dynamically the arriving applications, generates the queue of tasks that

have resolved dependencies (called ready queue), schedules the ready queue tasks

based on the user-defined scheduling policy and manages the data transfers to

and from the PEs. The run-time system supports scheduling heuristics, such as

Round Robin, Earliest Finish Time (EFT), and Earliest Task First (ETF). We selected

ETF scheduler as the complex scheduler of our analysis because of its complexity
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Figure 6.3: ETF scheduling overhead and fitted quadratic curve.

and quality decisions that it provides. As shown in Algorithm 4, ETF recursively

iterates over the ready queue tasks and PEs with the objective of finding the task

to PE mapping decisions that result with the minimum finish time. It does this

process recursively until each ready task is scheduled to a PE. We generate a wide

range of workloads—ranging from all application instances belonging to a single

application to a uniform distribution from all five applications to evaluate the

impact of the scheduling overhead of the ETF scheduler. We present the impact

of the number of tasks in the ready queue on the scheduling overhead of ETF

in Figure 6.3, as measured on the Xilinx Zynq ZCU102 [177]. The x-axis in the

plot shows the number of tasks that are in the ready queue for each workload

scenario, and the y-axis shows the scheduling overhead of the ETF scheduler. We

generate a quadratic equation to formulate the ETF scheduling overhead observed

at runtime based on these measurements. Later, we utilize this equation to evaluate

the average execution time and the EDP of the DAS scheduler on the simulator. We

note that the DAS framework is by no means limited to the processors, schedulers,
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and applications that are used for demonstration purposes.

Simulation Environment: We use DS3 [178], an open-source domain-specific

system-on-chip simulation framework, to perform detailed evaluations of our pro-

posed scheduling approach. DS3 is a high-level simulation tool that includes built-in

scheduling algorithms, models for PEs, interconnect, and memory systems. The

framework has been validated with Xilinx Zynq ZCU102 and Odroid-XU3 (with a

Samsung Exynos 5422 SoC) platforms. Therefore, it is a robust and reliable tool to

perform detailed exploration and evaluation of our proposed scheduling approach.

DS3 supports the execution of streaming applications (represented as directed

flow graphs). It allows multiple modes of injecting new applications at run-time,

which include a fixed-interval injection and an exponential distribution-based job

injection. The inputs to the tool are the execution profiles of the processing elements

in the SoC, application DFGs, and the interconnect configuration. At the end of the

simulation, DS3 provides various workload statistics, including the injection rate,

execution time, throughput, and PE utilization. We use these metrics provided by

DS3 in our extensive evaluation to demonstrate the benefits of the DAS scheduling

methodology.

DSSoC Configuration: We construct a DSSoC configuration that comprises clusters

of general-purpose cores and hardware accelerators. The hardware accelerators

include fixed-function designs, and a multi-function systolic array processor (SAP).

The application domains used in this study are wireless communications and radar

systems, and hence, accelerators that expedite the execution of relevant tasks are

included.
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Table 6.3: DSSoC configuration used for DAS evaluation

Processing Cluster No. of Cores Functionality
LITTLE 4 General-purpose

big 4 General-purpose
FFT 4 Acceleration of FFT
FEC 1 Acceleration of encoding and

decoding operations
FIR 4 Acceleration of FIR
SAP 2 Multi-function acceleration

TOTAL 19

The DSSoC used in our experiments includes the Arm big.LITTLE architecture

with 4 cores each. We also include dedicated accelerators for fast Fourier trans-

form (FFT), forward error correction (FEC), finite impulse response (FIR), and

SAP. We include 4 cores each for the FFT and FIR accelerators, one core for the

FEC and two cores of the SAP. The FEC accelerator accelerates the execution of

encoder and decoder operations while the SAP accelerator accelerates multiple

tasks for the application domain. In total, the DSSoC integrates 19 PEs with a

mesh-based network-on-chip (NoC) to enable efficient on-chip data movement.

This configuration is summarized in Table 6.3.

DSSoC Simulator Workload Mixes: Figure 6.4 presents the workload mixes used

in the DSSoC simulator. Each workload is a mix of multiple instances of five

applications, consisting of 100 jobs (approximately 140,000 tasks) in total. Each

workload is executed at 14 different data rates. The stacked bar for each workload

denotes the number of instances of each type of application. For example, Workload-

6 (WKL-6) uses 50 instances of WiFi-Transmitter and 50 instances of App-1, and

Workload-31 (WKL-31) uses 20 instances of each type. The distribution is selected
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Figure 6.4: The distribution of number and type of application instances in the 40
workloads used for evaluation of the DAS framework on the DSSoC simulator.

to represent a variety of low, medium, and high data rates. These workload mixes

are used for all the experiments in Section 6.3.

Performance Metrics: We use average execution time per application instance as

our main performance metric. This metric is calculated by dividing the time each

application instance is executed to the number of application instances. Another

metric for performance comparison is average job slowdown. It is calculated as

the average execution time of a scheduler divided by the average execution time of

the idealized version of the ETF scheduler to show the distance of scheduler per-

formance’s from an ideal scenario. Furthermore, we use the energy-delay product

(EDP) metric to analyze the effects on the energy consumption. EDP is calculated as

the multiplication of the total execution time (makespan) and energy consumption.
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6.3.2 Exploration of ML Techniques and Feature Space for DAS

We train DAS models using various machine learning methods. As we target a

model with a very-low scheduling overhead, our analysis on the method selec-

tion considers classification accuracy and model size as main metrics. Specifically,

we investigated support vector classifiers (SVC), decision tree (DT), multi-layer

perceptron (MLP), and logistic regression (LR). The training process with SVCs

with simple kernels exceeded 24 h, rendering it infeasible. The latency and storage

requirements of the MLP (one hidden layer and 16 neurons) did not fit the budgets

of low-overhead requirements. Therefore, these two techniques are excluded from

the rest of the analysis. Table 6.4 summarizes the classification accuracy and storage

overheads for the logistic regression and decision tree classifiers as a function of

the number of features and depth of tree for the decision trees.

Machine Learning Technique Exploration: DT classifiers achieve similar or higher

accuracies compared to LR classifiers with lower storage overheads. While a DT

with a depth of 16 which uses all the features achieves the best classification accuracy,

there is a significant impact on the storage overhead, which, in turn, affects the

latency and energy consumption of the classifier. In comparison, DTs with tree

depths of 2 and 4 have negligible storage overheads with competitive accuracies

(> 85%). Hence, we adopt the DT classifier with depth 2 for the DAS framework.

Feature Space Exploration: We collect 62 performance counters in our training

data. Selecting a subset of these counters as the DAS classifier features is crucial

to minimize the energy and performance overheads. A systematic feature space

exploration is performed using feature selection and importance methods such as
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Table 6.4: Classification accuracies and storage overhead of DAS models with
different machine learning classifiers and features

Classifier Tree Depth Number of
Features

Classification
Accuracy (%)

Storage
(KB)

LR - 2 79.23 0.01
LR - 62 83.1 0.24
DT 2 1 63.66 0.01
DT 2 2 85.48 0.01
DT 4 6 85.51 0.03
DT 16 62 91.65 256

analysis of variance (ANOVA), F-value and Chi-squared stats [173]. Among the

top six features, growing the feature list from a single feature (input data rate) to two

features with the addition of earliest availability time of the Arm big cluster increases

the accuracy from 63.66% to 85.48%. We use an 8-entry×16-bit shift register to track

the data rate at runtime. Therefore, we selected the two most important features:

data rate and the earliest availability time of the Arm big cluster to design the DAS

classifier model with a decision tree of depth 2. We note that these two features

don’t contain task-related information. Hence, this allows DAS to be compatible

with diverse task scenarios without incurring additional overheads since it is not

on the critical path.

6.3.3 Performance Analysis for Different Workloads

This section compares the DAS framework with LUT (fast), ETF (sophisticated), and

ETF-ideal schedulers. ETF-ideal is a version of the ETF scheduler which ignores

the scheduling overhead component. Therefore, ETF-ideal is an idealized version

of a sophisticated scheduler that helps us establish the theoretical upper bound
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Figure 6.5: Comparison of (a)–(c) average execution time and (d)–(f) EDP between
DAS, LUT, ETF, and ETF-ideal for three different workloads.

of the achievable execution time and EDP. Out of the 40 workloads described in

Section 6.2.2, three representative workloads are chosen for a detailed analysis

of execution time and EDP trends. The three chosen workloads present different

data rates, which are a function of the applications in the workload. Workload-1

(Figure 6.5a,d) presents low data rate (complex applications), Workload-2 (Fig-

ure 6.5b,e) presents moderate data rates, and Workload-3 (Figure 6.5c,f) represents

a high data rate workload (simplest applications).

Figure 6.5a–c compare the execution times of DAS, LUT, ETF, and ETF-ideal

schedulers for three different workloads, while Figure 6.5d–f show their correspond-

ing EDP trends. For Workload-1 and Workload-2, the system is not congested at low

data rates. Hence, the performance of the DAS is similar to the LUT, as expected. As

data rates increase, DAS aptly chooses between LUT and ETF at runtime to achieve

an execution time and EDP that is 14%, 15% better than LUT, and 15%, 42% better
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Figure 6.6: A comparison of average job slowdown of between DAS, LUT, and ETF
for twenty-five workloads.

than ETF when taken individually. For workload-3, the execution time and EDP of

LUT are significantly lower than ETF. DAS chooses LUT for >99% of the decisions

and closely follows its execution time and EDP. These results successfully demon-

strate that DAS adapts to the workloads at runtime and aptly chooses between LUT

and ETF schedulers to achieve low execution time and EDP.

The same study is extended to all 40 different workloads. DAS consistently

outperforms both LUT and ETF schedulers when they are used individually. At low

data rates, i.e., when LUT is better than ETF, the DAS framework achieves more

than 1.29× speed up and 45% lower EDP compared to ETF while outperforming

the LUT scheduler. Moreover, the DAS framework achieves by as much as 1.28×

speed up and 37% lower EDP than LUT when the workload complexity increases.

In summary, DAS is always significantly better than either one of the underlying

schedulers. Figure 6.6 summarizes the impact of change in workload composition

on DAS performance using 25 workloads. The first three workloads are App-1

intensive, workloads 4 to 8 are WiFi intensive, and the last 11 are different mixes of

applications. Average job slowdown is normalized to ETF-ideal scheduler results.



120

0 5 0 0 1 0 0 0 1 5 0 0 2 0 0 0 2 5 0 00
5

1 0
1 5
2 0

Av
g. 

Ex
e. 

Tim
e (

µs
)

D a t a  R a t e  ( M b p s )

 L U T   E T F   E T F - i d e a l   D A S   H e u r i s t i c

Figure 6.7: A comparison of average execution time between DAS, LUT, ETF, ETF-
ideal, and the heuristic approach.

The plot shows that DAS performs better than LUT and ETF schedulers for these

different scenarios, bringing the slowdown to 1. It shows that DAS moves the

execution time closer to the ideal scenario where the overhead of the scheduler is

zero.

We also compare DAS against a heuristic approach. This approach selects the

fast scheduler when the data rate is lower than a predetermined threshold and the

slow scheduler when the data rate is higher than the threshold. The predetermined

threshold is selected based on the analysis of the training data used for DAS. The

simulation result for this comparison for Workload-2 of Figure 6.5 is given in

Figure 6.7. Results show that the heuristic approach closely mimics the behavior

of LUT and ETF schedulers below and above the threshold, respectively, without

exhibiting intelligent adaptability. In contrast, DAS outperforms both schedulers,

achieving a 13% reduction in execution time compared to the heuristic scheduler.
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Figure 6.8: Decisions taken by the DAS framework as bar plots and total scheduling
energy overheads of LUT, ETF, and DAS as line plots.

6.3.4 Scheduling Overhead and Energy Consumption Analysis

This section analyzes the runtime selections made by the DAS framework between

LUT and ETF schedulers. Figure 6.8 plots the decision distribution of DAS for a

workload that comprises all five applications on the primary axis. As a reminder,

the low-overhead fast scheduler (LUT) performs well under low system load. In

contrast, the sophisticated scheduler (ETF) is superior under heavy system load

to achieve better performance and EDP. We note that DAS exploits the benefits of

LUT at low system loads and the ETF scheduler under heavy loads. As the data

rate increases, the DAS framework judiciously utilizes the ETF scheduler more

frequently, as observed in Figure 6.8. Specifically, the DAS framework uses the LUT

scheduler for all decisions at a low data rate of 135 Mbps and the ETF scheduler
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for 95% of the decisions at the highest data rate of 2098 Mbps. At a moderate

workload of 1352 Mbps, the DAS framework still uses the LUT scheduler for 96%

of the decisions. As a result, the average scheduling latency overhead of the DAS

framework for all workloads is 65 ns.

The secondary axis of Figure 6.8 shows the total energy overhead of using

different schedulers. As DAS uses LUT and ETF approaches based on the system

load, its energy consumption varies from LUT to ETF. DAS energy consumption

is slightly higher than LUT for low data rates because DAS preselection model

itself consumes a small amount of energy. On average of all workloads, the energy

overhead of DAS per scheduling decision is 27.2 nJ.

6.4 Evaluation of DAS using FPGA Emulation

Section 6.3 presented detailed evaluations of the proposed DAS scheduler in a

system-level simulation framework. This section focuses on its implementation

on a real hardware platform that includes: (1) heterogeneous PEs comprising

general-purpose cores and hardware accelerators and (2) a runtime framework that

implements domain applications on heterogeneous SoCs and allows integrating

customized schedulers. Section 6.4.1 first describes the SoC configuration, followed

by an overview of the runtime environment and the data generation setup to train

DAS models and their deployment in the runtime framework. Finally, Section 6.4.2

presents performance evaluations of the proposed DAS scheduler on a hardware

platform.
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6.4.1 Experimental Setup

DSSoC Configuration: The domain applications presented in Section 6.3.1 fre-

quently perform the FFT and matrix multiplication operations. To this end, we

construct a hardware platform comprising hardware accelerators for FFT and ma-

trix multiplication. Additionally, we include three general-purpose cores to execute

the other tasks. The full-system hardware that integrates the cores and accelerators

is implemented on a Xilinx Zynq UltraScale+ ZCU102 FPGA [177].

Runtime Environment: This study utilizes the CEDR runtime framework [168]

to implement DAS and evaluate its benefits for a DSSoC. CEDR allows users to

compile and execute applications on heterogeneous SoC architectures. Furthermore,

CEDR launches the execution of workloads comprising a mix of applications, each

streaming with user-specified injection intervals. It offers a suite of schedulers and

allows users to plug-and-play custom scheduling algorithms, making it a highly

suitable environment for evaluating DAS. Therefore, we integrate DAS into CEDR

and execute workloads on the customized domain-specific hardware. Furthermore,

we implemented the LUT in software using inline assembly code and filled the

task-PE assignments using the profiling information of domain applications on the

target hardware.

To support the evaluation of DAS for the EDP objective, measuring power

on the hardware platform at runtime is crucial. The ZCU102 FPGA integrates

several on-board current and voltage sensors for the different power rails on the

board [179]. These per-rail sensors allow us to accurately measure power for the

processing system (which contains the CPU cores) and the programmable fabric
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(which includes the hardware accelerators). Sysfs interfaces in the Linux operating

system enable users to read data from these sensors [180]. To this end, we integrated

functions that read the sysfs power values into CEDR. CEDR invokes these functions

at runtime to accurately measure power consumption and thereby, EDP.

Training Setup: We utilized four real-world applications from the telecommuni-

cation and radar domains: WiFi-TX, Temporal Mitigation, Range Detection, and

Pulse Doppler to generate the training data for the DAS preselection classifier. Fif-

teen different workloads are generated from these four applications by varying

the constitution of the number of jobs and their injection intervals to represent a

variety of data rates. For example, a workload has 80 Temporal Mitigation and

20 WiFi-TX instances, while another one has 100 Range Detection instances. Each

workload is run in streaming mode and repeated for hundred trials of twelve data

points on the FPGA to mitigate runtime variations due to the operating system and

memory. Consequently, each data point in Figure 6.10 represents approximately

150,000 scheduled tasks with 100 jobs per trial and an average of 15 tasks per job

using a specific scheduler. We utilize the same subset of performance counters

described in Section 6.3.2 on the hardware platform to train the DAS preselection

classifier model. The model employs a decision tree classifier with a maximum

depth of 2. The choice of decision trees as the machine learning technique for the

DAS preselection classifier and the tree depth are discussed in Section 6.3.2. It

achieves a classification accuracy of 82.02% in choosing between the slow and the

fast scheduler at runtime. The accuracy on the hardware platform is lower than

observed on the system-level simulator (85.48%) due to runtime variations of the
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Figure 6.9: The distribution of number and type of application instances in the 15
workloads used for evaluation of the DAS framework on the runtime framework.

operating system and memory.

Runtime Framework Workload Mixes: Figure 6.9 presents the workload mixes

used in the DSSoC simulator. Each workload consists of 100 jobs, and the stacked

bar for each workload denotes the number of instances of each type of application.

For example, Workload-7 (WKL-7) uses 80 instances of Temporal Mitigation and 20

instances of WiFi-Transmitter, and Workload-14 (WKL-14) uses 30 instances of Pulse

Doppler and 70 instances of WiFi-Transmitter. The distribution is selected so that it

represents a variety of low, medium, and high data rates. Also, we try to balance the

distribution of applications. For example, the Pulse Doppler application has highly

parallel FFT tasks which dominate the system. Therefore, we try to minimize the

number of Pulse Doppler instances. Otherwise, the system is overwhelmed by the

FFT tasks from a few instances of Pulse Doppler.
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Figure 6.10: A comparison of average execution time (a–c) and energy-delay prod-
uct (EDP) (d–f) between DAS, LUT, ETF on a hardware platform for three different
workloads.

6.4.2 Performance Results

This section compares the average execution time and EDP of the proposed DAS

framework with ETF and LUT schedulers running on the DSSoC configuration

implemented on the ZCU102 FPGA. We note that the ETF-Ideal scheduler is not

implemented in the FPGA since achieving zero overheads on a real system is

infeasible. Figure 6.10 compares DAS with the LUT and ETF schedulers for three

representative workloads. Figure 6.10a,d, Figure 6.10b,e, and Figure 6.10c,f present

the average execution time and EDP results for a low data rate (Workload-1),

moderate data rate (Workload-2), and high data rate workload (Workload-3),

respectively. At the lower data rates of each workload, the system experiences low

congestion levels and presents simpler scenarios for task scheduling. Therefore,

the DAS classifier predominantly chooses the LUT (fast) scheduler resulting in

similar execution times, as shown in Figure 6.10a–c. As data rates increase for
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Workload-1 and Workload-2, the system experiences more congestion, and hence,

the scheduling decision of LUT are less optimal. DAS thereby switches between

LUT and ETF, trading off the scheduling overheads of LUT with the optimality of

ETF. Consequently, DAS achieves an execution time that is notably lower than that

of LUT and ETF schedulers for both Workload-1 and Workload-2. Specifically, DAS

achieves an execution time improvement of up to 35% and 41% than LUT and ETF,

respectively, for Workload-1, and 21% and 13% for Workload-2. The DAS framework

also reduces the energy-delay product (EDP) by up to 15% for Workload-1 and up

to 21% for Workload-2. As the data rate increases for Workload-3, DAS evaluates

and selects the better-performing scheduler between LUT and ETF at runtime. In

this scenario, the DAS framework favors the LUT scheduler since the ETF’s overhead

results in a longer execution time due to the substantial number of ready tasks.

Specifically, DAS reduces the execution time by up to 35% and 48% and lowers EDP

by up to 52% compared to LUT and ETF schedulers for Workload-3. These results

show that the DAS framework on a real system dynamically adapts to the runtime

conditions, leading to better performance than the schedulers it utilizes.
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7 runtime monitoring for task scheduling towards

robust domain-specific socs

7.1 Background, Motivation, and Contributions

Heterogeneous architectures integrate diverse computing elements, each tailored

to optimize specific objectives, resulting in enhanced performance across various

fronts of optimization. Among these architectures, domain-specific systems-on-

chip (SoCs) are meticulously designed to excel in particular domains such as

augmented/virtual reality, autonomous driving, and telecommunication [164, 165].

They maximize energy efficiency by integrating domain-specific hardware accelera-

tors while supporting general-purpose computing by including general-purpose

cores [167, 168], effectively blending adaptability and efficiency. In the context of

scheduling, the NP-complete nature of the task scheduling problem poses signif-

icant challenges to traditional algorithms as the number of processing elements

(PEs) and tasks increase due to the concurrent execution of multiple applica-

tions [181, 182]. This challenge have recently led researchers to develop machine

learning-based task scheduling and other dynamic resource management tech-

niques [108, 109, 111, 91, 112, 110].

Machine learning-based policies can deliver fast and high-quality decisions

tailored to a particular domain by leveraging system, application, and task infor-

mation as features. They are trained using diverse workloads representing a target

domain to achieve this objective. Like any machine learning model, ML-based
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Figure 7.1: Illustration of incremental training. The gray dotted line represents
the arrival of the unknown application, whereas the green line represents when
the policy is updated with the incrementally trained version. The deployed and
incrementally trained policies are IL-based scheduling algorithms. The execution
time is 8× lower after incremental training.

schedulers operate reliably within the confines of the datasets and applications

used during training. Consequently, they may fail, or their performance may

deteriorate when faced with new workload scenarios, especially those involving

new applications [183, 184, 185]. Therefore, there is a strong need to monitor the

scheduling decisions to detect any non-robust decisions.

Figure 7.1 illustrates the variation in the execution time as an ML policy sched-

ules streaming tasks to the PEs in an SoC. Initially, the SoC runs a mixture of

applications that were used while training the ML scheduler. An unknown appli-

cation replaces the previous mix at the instance marked by the gray dotted line.

The average execution time begins to increase substantially after the arrival of the

unknown application and converges to the execution time of the new application.

A close inspection of the decisions reveals that the scheduler makes incorrect deci-
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sions. As a concrete example, it fails to recognize that one of the tasks in the new

application could utilize a hardware accelerator PE. Due to the incorrect decisions,

the execution time is 8× longer than a scheduler trained with this new application

could achieve. Indeed, if one could detect the arrival of a new application class

and incrementally train the scheduler, it could achieve significantly higher perfor-

mance, as depicted by the green vertical line in Figure 7.1. This example shows

two crucial needs when an ML-based resource manager, such as a scheduler, is

used in domain-specific SoCs. First, it must recognize the input changes (e.g., the

arrival of a new application) to which the scheduler does not generalize. Second,

an on-the-fly incremental training technique must adapt the scheduler to changes

in data distribution over time while retaining knowledge from past data.

We propose a novel framework that achieves the following goals: (1) It monitors

the actions of an ML-based scheduler, (2) it detects the input changes that deviate

from the training data, and (3) it incrementally trains the ML policy to adapt to the

new application. To present a concrete implementation of the proposed framework, we

employ two runtime task schedulers, one trained using imitation learning (IL) and

the other with reinforcement learning (RL). The proposed runtime monitoring is

performed as a background task while an ML scheduler assigns incoming tasks

to the PEs in the SoC. It first reads the features used by the ML scheduler, such as

expected task execution times and PE states. Then, it computes the gradient of the

trained ML policy and a coherence value using the gradient. When the gradient of

the trained policy and information added by the new data samples are aligned, the

coherence value is low, indicating that the current model generalizes well to the
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latest data samples. In contrast, when the latest data samples are not aligned with

training, the coherence increases, indicating the need for retraining. When this

happens, the proposed framework incrementally updates the ML policy, adapting

it to new applications while retaining past information.

The efficacy of the proposed framework is assessed using six real-world com-

munication and radio frequency (RF) applications running on a domain-specific

SoC with sixteen processing elements, including general-purpose big core clus-

ters alongside fixed-point accelerators. Two instances of the proposed framework

tailored to IL and RL schedulers monitor the SoC while a subset of the domain

applications are launched. The proposed framework determines whether the IL

scheduler generalizes to incoming data with over 98% accuracy. It misses only

0.59% of data points the scheduler fails to generalize. Furthermore, incrementally

training the scheduler enables, on average, 4.21× faster execution time. The detec-

tion accuracy drops to 88.75% while monitoring an RL scheduler since RL policies

rely on a reward function, weaker feedback than the reference label available in

imitation learning. The proposed framework can still effectively flag when incre-

mental training is needed and enable, on average, 1.32× faster execution. Finally,

we implemented the proposed monitoring framework on the Nvidia Jetson Xavier

NX board [3] to assess its runtime overhead. Since the proposed framework is not

on the critical path, the execution time affects only (1) how fast poor scheduling

decisions can be detected and (2) how frequently the monitoring process can be

repeated. Even when all the steps of the proposed framework run sequentially, the

worst-case execution times of the IL and RL instances are 83.74 ms and 117.53 ms,
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respectively. Hence, they can be effectively used as real-time background processes

that run periodically, as detailed in Section 7.4.

The main contributions of this chapter are as follows:

• A framework that continuously monitors the system, identifying unforeseen

tasks and incrementally training the model as needed,

• Integration of a coherence-based detection mechanism within reinforcement

and imitation learning approaches,

• Comprehensive experiments showcasing the effectiveness of the proposed

framework in restoring performance,

• Runtime overhead analysis with hardware measurements.

The remainder of this chapter is organized as follows. Section 7.2 reviews the

background on the coherence metric and ML schedulers. Section 7.3 describes the

proposed framework and its application to IL/RL schedulers. Section 7.4 presents

comprehensive experimental evaluations and hardware measurements.

7.2 Background on Coherence and ML Schedulers

This section first introduces coherence and its implications for the generalization of

ML policies. Then, it overviews the use of ML schedulers in the domain-specific

SoC context and describes the schedulers used in this work.
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7.2.1 Background on the Coherence

Deep learning models trained with gradient descent have shown promising results

in various fields, often demonstrating impressive generalization capabilities on

unseen data. However, recent work notes that these networks theoretically have

the capacity to memorize the training data. So, they could fail on any new input

data [186, 187, 188]. Indeed, studies have shown that training with even entirely

random data can lead to good training accuracy, but the models fail to generalize

and exhibit poor accuracy on new data, indicating memorization. Hence, it is

crucial to understand how gradient descent and the training process find solutions

that generalize well among all possible solutions that fit the training data [187, 188].

One of the recent ongoing attempts to explain generalization in deep learning

is “Coherent Gradients” [186, 189]. The core idea is that gradients calculated

from similar training samples should be coherent, meaning they point in similar

directions for generalization (rather than memorization) to happen. In other words,

the theory suggests that the interaction and reinforcement between gradients from

different training examples lead the model to learn features that generalize well to

unseen data.

Suppose z is a sample from a batch (M) with M = |M| data samples. Further,

let lz(w) denote the loss function for this sample, where w represents the trainable

parameters of this model. One can compute the gradient for this sample as gz =

[∇lz](w). Chatterjee et al. [186] quantify the coherence over these M samples using

per-sample gradients. Specifically, they refer to the similarity between per-sample
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gradients as coherence and define it as:

αM = M ·
E

z∼M
[gz] · E

z∼M
[gz]

E
z∼M

[gz · gz]
(7.1)

When the gradients (gz) are perfectly aligned, the numerator and denominator will

be equal, leading to maximum coherence (M). When all samples are fit, coherence

will be zero, meaning the individual gradients will become zero.

During the initial training epochs, training data often shares many common

features. This results in aligned gradients and, consequently, a higher coherence

value. As training progresses and trainable parameters converge, new features

become more specific, and the model tries to learn them individually. Consequently,

the coherence value tends to decrease, as illustrated in Figure 7.2.
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Figure 7.2: The evolution of the coherence and accuracy throughout training. The
examples exhibit stronger mutual support in the early epochs, resulting in higher
coherence (the right y−axis). As training progresses, the expected gradient of
samples approaches zero, indicating that the samples no longer provide significant
assistance to one another. Consequently, coherence tends to diminish towards zero
by the end of the training period.
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Using coherence for runtime monitoring: Gradients reinforce each other when

learning takes place during the early training phases, leading to high coherence, as

shown in the first few epochs of Figure 7.2. After the model has learned what is

common to all the samples and the samples have been fit (in a well-generalizing

manner), the coherence drops and stabilizes to a low value. When the workload

falls within the generalized set at runtime (not necessarily identical to the training

data), its behavior resembles the end of the training phase illustrated in Figure 7.2.

Consequently, it is characterized by a low coherence value (like the latest data

sample during training. However, if the new data samples deviate from the training

data, their gradients would align, leading to a rise in the coherence value. Therefore,

increasing coherence indicates that the model processes features from an application

that it has not generalized yet. The coherence will remain high unless the ML

policy, e.g., the scheduling algorithm, is incrementally trained. We leverage this

observation in the proposed runtime monitoring framework. A low coherence

for generalized workload indicates good performance, while a sustained high

coherence suggests encountering new data that requires retraining. Using a smaller

sample size of M would result in a smaller overall coherence range (zero to M in

Equation 7.1), making the framework more susceptible to random noise during

inference and negatively impacting accuracy. In contrast, a larger M would result

in increased overhead, as discussed in Section 7.4.4 (see Table 7.2, 7.3).

While the authors of [186, 189] focus only on neural network models, we ob-

serve that the generalization theory using coherence can be used with any ML

policy trained with gradient descent. Hence, we applied this framework to two
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scheduling algorithms: IL and RL. The IL model is trained with neural networks,

while RL model is trained with differential decision trees (DDTs), as elaborated in

the following sections.

7.2.2 ML-Based Scheduling for Domain-Specific SoCs

Domain-specific SoCs are designed to deliver high performance when running

applications from a target domain. A defining characteristic of these applications

is processing streaming inputs for prolonged periods. For example, consider a

domain-specific SoC designed for telecommunication. When the user starts the

WiFi application, it processes received frames or transmits new ones for minutes,

if not hours. Throughout this duration, the SoC continuously schedules the tasks

that make up the WiFi transmitter and receiver chains. We envision that the pro-

posed framework can run when a new application launches or periodically. The

monitoring can repeat in the order of seconds or slower since there is no need to

check the scheduler operations faster than that due to application lifetimes. Notable

approaches of ML schedulers (imitation and reinforcement learning-based training)

are discussed next.

IL Schedulers: Imitation learning is an ML method where an agent learns a policy

(π) that mimics the behavior of an expert (π∗) using the expert’s actions. The

objective of imitation learning is to minimize the error between the actions taken by

the agent (at) and the expert (a∗
t). The expert actions (a∗

t) are collected offline and

paired with corresponding states (st,a∗
t) for the agent to learn a policy (πθ) [190].

However, this approach has limitations, as the behavior of the expert confines the
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agent’s policy. To address this issue, the data aggregation (DAgger) algorithm [191]

enhances the performance of imitation learning by iteratively reinforcing incor-

rect decision-state pairs into the training set, thereby correcting deviations and

improving overall performance.

In the context of task scheduling, imitation learning-based models leverage

offline training capabilities. For example, the training data is collected through

executing various workloads under different system states to cover low to high

congestion. During this process, an expert scheduler makes decisions for these

workloads, with the data representing the system state (st) collected alongside the

expert’s policy decisions (π∗(st)). These system states and their corresponding

action pairs are then utilized as features and target labels for supervised learning

methods within the imitation learning model. Subsequently, the learned imita-

tion learning policy (πθ) is deployed for runtime decision-making, replacing the

expert policy (π∗). The expert may be a sophisticated heuristic or a constrained pro-

gramming scheduler, which can make high-quality decisions but with a significant

overhead.

RL Schedulers: Unlike IL schedulers, RL schedulers do not require an expert

scheduler to guide the policy toward optimal behavior [114, 113, 109]. During

training, the agent interacts with the environment by taking action (at) as a function

of the current state (st), such as expected task execution and earliest PE availability

times. For each action, the environment gives the agent a reward (rt) that reflects

how well the action aligns with the performance objectives, such as minimizing the

execution time.
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Figure 7.3: The overview of the proposed framework that monitors the scheduler
decisions and application features used for decision making. It is activated to
compute the coherence of a batch with M samples. The primary steps are: (1)
generating the reference scheduler action for IL or reward calculation for RL, (2)
loss, gradient, and coherence calculations, and (3) an optional incremental training
step triggered by the coherence value.

RL training algorithms commonly use actor-critic architectures, where the actor

selects the actions (at), and the critic evaluates their expected outcomes. Both

the actor and critic are continuously updated based on the feedback from the

environment in terms of reward, allowing the agent to refine its policy (πθ) over

time[192]. The agent aims to optimize policy (πθ) that takes actions to maximize the

total reward over time. The state value function can be used to find expected rewards

starting from an initial state following the policy. This value function (Vϕ(st)) can

be approximated with a critic network with parameter (ϕ) that returns an expected

value according to the state of the environment.
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7.3 Robust Monitoring of ML-Based Scheduling

Algorithms

This section describes the proposed robust monitoring framework overviewed

in Figure 7.3. Section 7.3.1 introduces the runtime monitoring component of the

framework for detecting workload changes. Then, sections 7.3.2 and 7.3.3 present

the application of the proposed framework to imitation learning and reinforcement

learning schedulers, respectively. Finally, Section 7.3.4 discusses its applicability

to other ML-based dynamic runtime management frameworks, and Section 7.3.5

presents the incremental training approach used in our robust monitoring frame-

work.

7.3.1 Robust Detection of Workload Changes

The first step of the proposed robust monitoring framework is continuous moni-

toring to detect the variations in the workload that can lead to incorrect decisions,

as shown in Figure 7.3. It is implemented as a background process to avoid any

performance impact. Suppose the scheduler takes an action at time T0. The system

runs as usual by committing this action without interrupting the operation. At the

same time, the background monitoring process is invoked to evaluate the quality of

this action after the task is completed, as illustrated in Figure 7.4. This evaluation is

performed by calling a reference scheduler with identical inputs and finding the

reference action when monitoring an IL-based scheduler (detailed in Section 7.3.2).

In the case of an RL-based scheduler, the reward received for this action is used to
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assess its quality (detailed in Section 7.3.3). Then, the outcome of this assessment

is used to compute the gradient of the ML policy. Finally, the gradient is used

to compute the coherence, as described in Section 7.2.1. An insignificant change

in the coherence value shows that the current ML policy handles the monitored

application well. That is, the policy generalizes well to the monitored application.

In contrast, a rise in coherence indicates new directions in the gradient, signifying

the need to adopt the policy to address the changes in the workload. The specific

details of the coherence calculation for IL- and RL-based schedulers are described

in the following subsections.

Background Process Overhead: The proposed monitoring and detection frame-

work is implemented as a background process, as mentioned above and illustrated

in Figure 7.4. The system moves on with the current scheduling decision to avoid

interruption since an incorrect decision only leads to transient performance degra-

dation but not catastrophic failure. Hence, the proposed framework is not on

the critical path. However, its overhead is still important since it determines how

frequently the proposed framework can be called and the detection speed. Our

hardware measurements indicate that the proposed monitoring and detection can

be performed in the order of milliseconds, allowing frequent checks for the robust-

ness of the ML policies. Given the types and composition of applications running

on SoCs do not change in the order of seconds, the proposed framework enables

runtime monitoring with negligible overhead, as detailed in Section 7.4.4.
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Figure 7.4: Event diagram illustrating the proposed monitoring framework for IL
schedulers. This figure shows the tasks in series for clarity, but multiple parallel tasks
can be scheduled and monitored concurrently. While monitoring IL schedulers,
a trustworthy (but slower) scheduler runs in the background to determine the
correct action (a∗

t). This reference and actual policy actions (at) for a batch with
M tasks are used for the loss, gradient, and coherence calculations (detailed in
Algorithm 5). The incremental training step is executed if the framework decides
the IL model policy (πθ) should be updated.

7.3.2 Application to IL-Based Schedulers

This section outlines the runtime detection framework employed for imitation

learning-based task scheduling frameworks. Figure 7.4 illustrates the calculation

steps in runtime monitoring for IL-based schedulers, while Algorithm 5 provides a

detailed breakdown of these steps involved in the runtime detection process.

Once activated, the proposed monitoring framework processes the actions (at)

taken by the policy (πθ) for a sample size of M (Algorithm 5, lines 4-5). IL sched-

ulers operate as supervised learning models, wherein an agent learns a policy (πθ)

from an expert’s decision-making patterns to guide runtime scheduling decisions

by generating actions (at) (line 6). Therefore, the runtime detection framework

requires the reference targets (a∗
t), obtained by invoking the expert scheduler and

collecting necessary performance metrics in the background to avoid execution



142

Algorithm 5 Detection Phase for the IL Scheduler
1: Input: Policy action set M with M actions, Call period of the framework P

2: Output: Coherence value
3: Initialization: ML policy πθ with parameters θ, E

z∼M
[gz] := 0 , E

z∼M
[gz · gz] := 0

4: Call robust monitoring framework every P timeframe
5: while Total number of actions < M do
6: Get policy action at

7: Get ground truth a∗
t in the background using reference scheduler

8: Calculate the loss function, Lθ using a∗
t and at as

CrossEntropyLoss(a∗
t ,at) [193]

9: end while
10: // gradients and coherence calculation
11: for sample from 1 to M do
12: Calculate gradients (gz) using loss function Lθ from current sample
13: Update estimate E

z∼M
[gz] := E

z∼M
[gz] + gz

14: Update estimate E
z∼M

[gz · gz] := E
z∼M

[gz · gz] + gz · gz

15: end for

16: Coherence αM = M ·
E

z∼M
[gz] · E

z∼M
[gz]

E
z∼M

[gz · gz]

time overhead (line 7). In this work, we employ a resource-intensive heuristic, the

earliest task first (ETF) scheduler that loops through all ready tasks and PEs to

choose the task assignment that minimizes the expected execution time [105]. The

authors of the IL scheduler select ETF as the reference scheduler because its over-

head grows quadratically, ranging from 0.3 ms to 8 ms. In contrast, the IL scheduler

overhead grows linearly and enables nanosecond-level decisions [114, 91]. The

reference actions are used to compute the loss function, denoted as Lθ (line 8),

in conjunction with the IL policy actions. We utilize the cross-entropy loss for

Lθ. Then, the loss function is used to calculate the gradients gz. Subsequently, we
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calculate the expected value of the gradient vector, E
z∼M

[gz], by adding the gradi-

ent vectors and E
z∼M

[gz · gz] by adding the dot product of the gradient vectors of

weights, respectively. This process can be executed efficiently, with expected values

computed using running sums without storing the gradients, either incrementally

or collectively, at each monitoring session’s conclusion. Finally, the coherence is

computed using Equation 7.1. It determines the coherence of gradients among all

examples in the sample set M, thereby detecting the unforeseen task scheduling

scenarios that differ significantly from those encountered during training. We use

the loss function for coherence instead of relying on accuracy because the accuracy

metric misses differences when the policy generates the same actions with low

confidence. Besides, accuracy remains relatively stable when a few new application

instances are added to the workload mix. The loss value, in contrast, is sensitive to

such variations.

7.3.3 Application to RL-Based Schedulers

This section presents the steps to apply our runtime monitoring framework to RL

schedulers. During monitoring, the actor policy (πθ) makes scheduling decisions

(action at) for new tasks based on the SoC state (st). The selected PEs process the

tasks as in normal operation. As described in Section 7.2.2, RL is an unsupervised

learning method where both the actor and critic networks are trained during the

offline training phase to maximize the reward defined as the negative execution

time. Therefore, estimated state values (Vϕ(st)) from the trained critic network

and rewards (rt) expressed as the negative of the task execution times are used to
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Figure 7.5: Event diagram illustrating the proposed monitoring framework for RL
schedulers. As in Figure 7.4, the tasks are shown in series for clarity, but multiple par-
allel tasks can be scheduled and monitored concurrently. The proposed framework
performs the loss calculation using the estimated value function (Vϕ(st)) from the
critic network and rewards (rt) from completed tasks. Then, the gradient is calcu-
lated for mini-batches (lines 13-17 in Algorithm 6), while coherence is calculated
using batch coherence as given in line 19 in Algorithm 6. If the RL policy does not
generalize to the current data points, it can be incrementally trained or turned off
until the coherence reduces.

calculate the loss function Lθ required for the gradient calculation. As new tasks

arrive, the trained critic network updates the state values in the background, as

illustrated in Figure 7.5. Upon task completion, rewards in terms of execution time

are acquired from the PEs. These rewards and the state values are used to calculate

the advantage function (A(st,at)) for the state-action pair, following the same

equation as given in the PPO algorithm [192]:

A(st,at) = rt + γVϕ(st+1) − Vϕ(st) (7.2)

where γ represents the discount factor and Vϕ(st+1) is the state value after comple-

tion of the task. The loss calculation during training also uses the ratio between the

updated policy and the previous policy ρ(θ). Since the policy remains fixed during

inference at runtime, the probability ratio ρ(θ) remains equal to one. Thus, policy
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Algorithm 6 Detection Phase for the RL Scheduler
1: Input: Batch M, mini-batch K, Framework activation period P

2: Output: Coherence value
3: Initialization: Learned policy πθ with parameters θ, Trained critic Vϕ with

parameters ϕ, E
z∼K

[gz] := 0, E
z∼K

[gz · gz] := 0
4: Call robust monitoring framework every P seconds
5: // Loss calculation
6: while Total number of actions < M do
7: Get policy actions at

8: Get value estimates Vϕ(st) using trained critic Vϕ

9: Get rewards (rt = −task execution time) from the system for the completed
tasks

10: Calculate the advantage function as loss, Lθ using Vϕ(st) and rt for all the
actions as given in the equation 7.2

11: end while
12: // Mini-batch gradients and coherence calculation
13: for mini-batch from 1 to K do
14: Calculate gradients (gz) using average Lθ from current mini-batch
15: Update estimate E

z∼K
[gz] := E

z∼K
[gz] + gz

16: Update estimate E
z∼K

[gz · gz] := E
z∼K

[gz · gz] + gz · gz

17: end for

18: Mini-batch Coherence αK =
E

z∼K
[gz] · E

z∼K
[gz]

E
z∼K

[gz · gz]

19: Coherence αM = M · αK

K−(K−1)·αK

loss Lθ is given by the advantage function in Equation 7.2 and used in Algorithm 6

(line 10):

Lθ = ρ(θ) ·A(st,at) ; ρ(θ) =
πθ(at|st)

πθold(at|st)
= 1 (7.3)

Since this loss is not directly derived from the ground truth, the resulting

gradient and coherence become noisy. To address this, we split the batch M (with

M = |M| samples) into a set of K mini-batches (with K = |K|, each of size M/K).
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Then, we use the average advantage within each mini-batch for gradient calculation.

The coherence for each mini-batch and the overall batch coherence are calculated

using Theorem 3 in [186] (lines 18-19 in Algorithm 6). This theorem ensures

statistical equivalence of the per-sample coherence described in Equation 7.1.

7.3.4 Application to Other ML-Based DRM Algorithms

The proposed framework uses a loss function and gradients to compute the co-

herence for detecting workload changes. Hence, it can be applied to monitor the

decisions of other ML-based schedulers and dynamic resource management (DRM)

algorithms that allow runtime gradient calculation. For example, dynamic thermal

and power management techniques determine the optimal voltage-frequency pairs

for computing cores to meet thermal constraints while preserving performance.

These algorithms encompass a variety of approaches, including IL [110, 194, 195]

and RL [196, 197] methods. Our framework can work with all these methods to

prevent unexpected behavior due to a mismatch between training and runtime

inputs. For example, researchers in [110] employ a hierarchical imitation learning

framework featuring distinct policies for frequency, core selections, and execution

time predictions. Our framework can effectively monitor these policies, utilizing the

described policy and expert actions outlined in the study to compute loss and subse-

quent steps. It can ensure robust performance across various scenarios. In summary,

our framework offers monitoring support for any runtime machine learning-based

framework that utilizes gradient-based optimizations, ensuring robustness and

reliability across various dynamic runtime management applications.
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7.3.5 Response to Significant Workload Changes

The final stage of the proposed runtime monitoring framework is the response

to significant changes in the workload. The objective of this stage is to detect the

significant changes in the workload to which the trained model does not generalize.

We compare the coherence (αM) for this detection against a threshold (τ) learned

during training. For this purpose, we employ a simple classifier, such as a support

vector machine (SVM), to learn the threshold that maximizes the detection accu-

racy. Coherence values lower than the threshold (αM < τ) indicate that scheduler

decisions are trustworthy and no intervention is required. In contrast, larger co-

herence values (αM > τ) require action since they indicate that the model is not

generalizing well to coming samples.

There are two possible responses when a significant workload change deems the

scheduler unreliable. The simplest remedy is to fall back to a traditional algorithm

(e.g., the reference scheduler) for actions. The ML scheduler decisions can be

monitored during this time until the coherence value moves below the threshold.

In this way, the SoC will be protected from unreliable ML decisions. The second

option is incrementally training the scheduler to adapt to workload changes, which

will conserve the advantages of using ML schedulers. The rest of this subsection

describes how IL and RL schedulers respond when a significant change is triggered.

IL Scheduler: The monitoring process for the IL scheduler involves a reference

scheduler whose decisions are used to compute the loss function, as shown in

Figure 7.4. This implies that the reference actions (a∗
t) for the samples received

during monitoring (st) are readily available, making incremental training a practical
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option. To this end, we utilize these state-action pairs (st,a∗
t) to incrementally train

the IL policy. We also measure the overhead of this training process. It takes

approximately 2 ms per epoch for incremental training of the IL scheduler on

the Nvidia Jetson Xavier NX board [3], a timeframe negligible compared to the

domain-specific application lifecycle. The execution of the tasks continues with

the previous policy to ensure continuity during this process. Subsequently, the IL

scheduler starts using the new policy (π̂), leading to significant benefits detailed in

Section 7.4.

RL Scheduler: Unlike the IL scheduler case, RL training is unsupervised, learning

from rewards (task execution time) provided by the environment (PEs in SoC)

rather than a reference. Hence, the corresponding monitoring process does not

involve a reference scheduler that gives correct actions. RL scheduler can be trained

at runtime by using the rewards received at the end of task executions. However,

the RL scheduler can make poor decisions during this time, potentially impacting

the runtime of tasks it executes. If this degradation in performance is acceptable,

the policy can be incrementally updated during the operation. Otherwise, turning

it off may be preferable while the coherence value is above the threshold. One

can also train an RL policy offline incrementally and update the scheduler if the

workload changes are permanent.
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7.4 Experimental Evaluation

This section presents the experimental evaluations of our framework. We begin by

detailing the experimental setup in Section 7.4.1. Section 7.4.2 discusses the results

obtained for the IL scheduler, while Section 7.4.3 presents the findings for the RL

scheduler. Lastly, Section 7.4.4 discusses the runtime overhead of our proposed

framework for both schedulers.

7.4.1 Experimental Setup

Domain-Specific SoC Configuration: The selection of the SoC configuration is

tailored to the requirements of domain-specific applications. Our simulation con-

figuration consists of sixteen PEs, comprising eight general-purpose cores utilizing

the Arm big.LITTLE architecture. These cores include four Arm A57 performance

and four Arm A53 low-power cores. Additionally, the SoC incorporates eight

fixed-function accelerators designed for handling intensive tasks: four accelerators

dedicated to Fast Fourier Transform, two for Viterbi decoding, and two for matrix

multiplication. This configuration is designed based on the specific demands of the

target domain applications and the computational intensities of the tasks in these

applications.

Domain Applications: The evaluation of the runtime monitoring framework en-

compasses six real-world applications spanning the telecommunication and radio

frequency domains. These applications include WiFi transmitter, WiFi receiver,

temporal mitigation, lag detection, single-carrier transmitter, and single-carrier
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receiver. The number of tasks for these applications varies from 7 to 34. They are

mixed into the workloads spanning from lower to higher intensity levels, ensuring

comprehensive coverage, as detailed in [178, 198].

Simulation Framework: We evaluated our runtime monitoring framework using

an open-source discrete event-based simulator, DS3 [178]. This simulator has been

validated against two commercial SoCs, namely the Odroid-XU3 [199] and the

Zynq Ultrascale+ ZCU102 [177]. It enables target application simulations using

different schedulers, providing a flexible environment for efficiently implementing

new scheduling policies and our framework. Each simulation duration is around 2

seconds, resulting in a dynamic variation in the number of applications running,

ranging from 4,000 to 40,000 instances, and an average task count ranging from

50,000 to 500,000.

7.4.2 Results Obtained with IL Scheduler

This section delves into the experimental evaluations with IL schedulers. The

policy adopted for the IL scheduler comprises a neural network architecture con-

sisting of three dense layers, each with 32 neurons. The neural network is trained

using Python and TensorFlow libraries, achieving accuracies ranging between

96.1%-98.3% against the reference scheduler, ETF [105]. The policy leverages a

combination of system, application, and task-level data as features to determine the

cluster assignment. Then, the task is assigned to the PE within the chosen cluster,

which is either available or set to become available first. We first illustrate the proposed

framework as a function of time using single- and multi-application use cases. Then, we
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Figure 7.6: Illustration of the runtime monitoring framework with IL scheduler
using two applications. The first application (WiFi transmitter) runs until the
black dotted line. After that, it is replaced by a new application (lag detection) not
represented in the training data.

summarize our exhaustive accuracy evaluations.

Single Application Use Case Illustration: This illustrative example starts running

a domain application represented in the training dataset. As the test samples from

this application arrive at runtime, the coherence value remains low, as shown in

Figure 7.6(a). We emphasize that the training and test samples are different except

that they come from the same application. Since the execution time varies signifi-

cantly over time, it cannot be used alone to identify significant workload changes.
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After running 0.8 seconds, this application is replaced with a new one that was

not represented in the training dataset. The proposed monitoring framework suc-

cessfully captures this change, as shown in Figure 7.6(a). The coherence increases

quickly, indicating the unalignment between the trained policy and the impact of

new data samples. If we do not take action (e.g., incrementally train or turn off the

scheduler), the coherence remains high, and execution time varies around 200 us.

In contrast, incremental training (explained in Section 7.3.5) successfully adapts

the policy to the new application, as revealed by the coherence plot in Figure 7.6(a).

Furthermore, the execution time reduces on average by 10%. Finally, we note that

the incrementally trained policy still runs the first application optimally, i.e., the

coherence remains low if it resumes running. This part is not plotted for brevity.

Multiple Application Use Case Illustration: The second example starts running a

mix of five applications represented in the training dataset. The coherence com-

puted at runtime remains low, as expected, as shown in Figure 7.7(a). After running

them for about 0.25 seconds (marked by a dotted line), these applications halt,

and a previously unseen application starts running. The proposed framework

successfully tracks the increased coherence after this change. As in the previous

example, an elevated coherence indicates that new data samples require updating

the policy parameters. If the policy is not updated, coherence remains high, and

the execution time rises to about 2.5 ms, as shown in Figure 7.7(b). In contrast,

the proposed incremental training rapidly reduces coherence to its original value.

Moreover, it achieves a remarkable performance boost (12× lower execution time)

compared to no training.
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Figure 7.7: Illustration of the runtime monitoring framework with IL scheduler
using a workload that is composed of six applications. Five out of six domain
applications run concurrently until the black dotted line. After that, the sixth
application (single-carrier receiver) is introduced.

Accuracy & Performance Summary: We prepared an extensive set of use case

scenarios similar to those illustrated above. They start running a randomly selected

subset of application mixes and then randomly change the applications. Single

application examples start running one of the six domain applications randomly and

switch to another one after a random duration. We repeated these simulations at

different intensities and obtained 1221 batches. 663 out of these 1221 points indicate

inputs to which the ML scheduler does not generalize. The multi-application



154

Table 7.1: Accuracy and execution time improvements for runtime monitoring
framework on IL and RL schedulers (M=1024).

Scheduler Monitoring
Accuracy

False
Negative

False
Positive

Avg. Exec. Time
Improvement

IL 98.39% 0.59% 1.02% 4.21×
RL 88.75% 6.20% 5.05% 1.32×

experiments start running five out of six applications concurrently (leaving one

out). Then, the missing application replaces the original one. These experiments

are also repeated to obtain 13767 batches. 8585 of these 13767 batches correspond

to input the ML scheduler does not generalize. Overall, the combined data set

comprises 14988 batches, of which 9248 batches indicate a significant input change.

The proposed runtime monitoring framework identifies whether the IL sched-

uler generalizes to new data points correctly 98.39% of the time, as summarized in

Table 7.1 (the first row). False positives in Table 7.1 occur when our monitoring

framework detects activity despite there being no new application. False negatives,

on the other hand, happen when a non-generalized application appears, but our

monitoring framework fails to detect it. The false positive rate for the IL scheduler is

only 1.02%, i.e., it incorrectly flags a change, although the scheduler generalizes well

to the input. More importantly, it almost never misses a significant input change

(0.59%). Finally, the proposed framework enables 4.21× lower execution time on

average when incremental training is performed. These results demonstrate the

proposed framework can effectively detect when the IL scheduler makes unreliable

decisions and adapt the scheduler to achieve substantial benefits.
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Figure 7.8: Result for the runtime monitoring framework with RL scheduler using
a workload that is comprised of instances from two applications. Until the black
dotted line, the first (WiFi receiver) application instances are present in the system.
After that, the new application (temporal mitigation) is introduced.

7.4.3 Results Obtained with RL Scheduler

This section discusses the performance of the proposed runtime monitoring frame-

work when applied to the RL scheduler. The RL scheduler comprises an actor

policy for decision-making and a critic network for evaluation. The actor policy

is responsible for scheduling decisions and is situated on the critical path of the

main process. Therefore, it is implemented using a DDT, enabling scheduling in

approximately 0.18 µs on the Nvidia Jetson Xavier NX board [3]. Once a scheduling
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decision is made, the main process executes tasks on PEs while our framework

concurrently monitors these decisions in the background. Actor-Critic policies

utilize features encompassing task, application, and SoC-level information (similar

to the IL scheduler described in Section 7.4.2). These policies are trained using

PyTorch with an OpenAI Gym environment [200].

We conducted leave-one-out experiments with all six domain applications for

a comprehensive performance evaluation. The RL scheduler generalizes well to

five of these applications, even when they are excluded from training. However,

it performs poorly when running the last application (temporal mitigation), indi-

cating the RL scheduler does not generalize to this application and makes robust

decisions. Our monitoring framework confirms this observation, as coherence

values remain consistently low even with the arrival of new applications, except for

“temporal mitigation," where coherence increases when the RL policy schedules

it. Each batch (M) used in monitoring comprises 1024 samples, each divided into

eight mini-batches (K) with 128 samples. The rest of this section summarizes the

results.

Single Application Use Case Illustration: Like the IL experiments in Section 7.4.2,

this scenario begins by executing a single application represented in the training

dataset. The coherence computed by the proposed framework is low during this

time, as illustrated in Figure 7.8(a). Subsequently, it is replaced with a new applica-

tion, to which the RL scheduler does not generalize. The coherence value sharply

increases from approximately zero to over 20 following this change, as shown in

Figure 7.8(a). Correspondingly, there is a sudden decrease in execution time, as
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Figure 7.9: Result for the runtime monitoring framework with RL scheduler using
a workload that is comprised of instances from six applications. Until the black
dotted line, five out of six application instances are present in the system. After
that, the sixth application (temporal mitigation) is introduced.

shown in Figure 7.8(b). This decrease occurs because the new application has

inherently shorter execution times. However, it is important to note that a shorter

execution time does not necessarily indicate that the RL scheduler has success-

fully generalized to the new application. As discussed in Section 7.3.5, the policy

undergoes incremental offline training to adjust to a new application. The policy

retains its performance for the initial application while being optimized for the new
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one. With the incrementally trained policy, the average execution time decreases by

1.47×

Multiple Application Use Case Illustration: The multiple application begins

running five out of six domain applications, like the IL example. Coherence during

this time is low since these applications are represented during training, as shown

in Figure 7.9(a). Then, a new application that is not represented in the training

replaces the original mix. The proposed framework successfully captures this

change, as indicated by the abrupt increase in coherence after the dotted line. The

execution time varies widely during the initial period, while it has a similar average

value with lower variation after launching the new application. This behavior shows

that execution time is not a reliable indicator of the scheduler’s generalizability.

Finally, Figure 7.9(b) shows training the scheduler incrementally adapts it to the

new application, enabling 1.48× lower execution time.

Accuracy & Performance Summary: We conclude this section by summarizing the

accuracy and performance benefits of the proposed framework with RL schedulers.

Like the IL experiments, we conducted comprehensive simulations with varying

application loads. For single-application examples, we assessed the monitoring

framework across a total of 3685 batches (each comprising M = 1024 tasks). The RL

scheduler fails to generalize to 666 of these batches coming from the new application.

In the case of multiple applications, we evaluated our monitoring framework for

over 1168 batches, with 161 batches indicating a lack of generalization. Overall, we

evaluated our monitoring framework for 4853 batches. As discussed previously, the

RL scheduler demonstrates inherent generalization to five applications, resulting



159

in fewer instances of non-generalized cases than the IL scheduler.

Table 7.1 summarizes the proposed monitoring framework’s accuracy and per-

formance benefits. It can determine whether the scheduler generalizes to the new

inputs or not with 88.75% accuracy. Closing inspection reveals a 6.2% false negative

rate, i.e., the frequency of failing to detect a new application. Similarly, it incorrectly

flags the lack of generalization to a new application (false positive) for 5.05% of the

batches. The values are lower than those obtained with the IL scheduler since there

is no ground truth label during the training and monitoring of the RL scheduler.

Hence, it only relies on the reward signal, a weaker indication of correctness than

the ground truth. The accuracy can be improved by checking more than one batch

before flagging a lack of generalization at the expense of a larger overhead. This

optimization is one of the potential future research directions. Finally, when the

proposed framework identifies a new application, incremental training provides,

on average, a 1.32× lower execution time.

Application to Other Schedulers: The proposed framework can also be used with

other scheduling algorithms besides the IL and RL schedulers considered so far. For

example, Decima [108] is a graph neural network-based job scheduling algorithm

targeting data clusters for streaming applications. The authors show that when the

model is trained with low throughput workloads, the model poorly generalizes to

high throughput workloads, leading to a 1.6× higher average execution time. This

example shows a great use case for our monitoring framework. As it successfully

detects the changes in the applications, specifically an unseen level of throughput

in this case, it can trigger the system to take proper action, such as incremental
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Table 7.2: Monitoring framework overhead for IL scheduler on Nvidia Jetson Xavier
NX board [3]

Batch
size (M)

Reference
scheduler (ms)

Loss
(ms)

Gradient
(ms)

Coherence
(ms)

Total
overhead (ms)

128 3.20 1.25 7.84 0.09 12.38
256 6.40 1.92 13.70 0.21 22.23
512 12.80 3.69 26.48 0.29 43.26

1024 25.60 7.50 50.24 0.40 83.74

training. Indeed, when the incrementally trained version has a similar performance

to a system trained with both high and low throughput workloads, the proposed

framework can achieve 1.37× faster execution time. Therefore, our framework is

effective for a wide range of hardware platforms and models that utilize gradient

descent optimization.

7.4.4 Overhead Analysis

The proposed monitoring framework is not on the critical path since it operates in

the background. An overhead analysis is still helpful since it helps determine how

frequently the monitoring can be triggered. As described in Section 7.2.2, this work

considers domain-specific SoC, where applications continuously process streaming

inputs for extended durations after launch. The proposed monitoring framework

does not need to run continuously. It can be triggered (1) when a new application

launches or (2) periodically while sleeping most of the time. The overhead analysis

in this section summarizes the execution overhead as a function of the batch size

(M). These values determine the shortest possible monitoring period.

Table 7.2 summarizes the overhead for monitoring the IL scheduler when run-
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Table 7.3: Monitoring framework overhead for RL scheduler on Nvidia Jetson Xavier
NX board [3]

Batch
size (M)

Value
estimates (ms)

Loss
(ms)

Gradient
(ms)

Coherence
(ms)

Total
overhead (ms)

128 0.02 12.22 20.09 0.10 32.42
256 0.04 24.11 20.20 0.10 44.45
512 0.08 49.01 23.83 0.10 73.03

1024 0.17 92.30 24.96 0.10 117.53

ning on the Nvidia Jetson Xavier NX board [3]. The most time-consuming step is

the gradient calculation, varying from 7.84 ms to 50.24 ms as the batch size grows

from 128 to 1024. The second largest contributor is running the reference scheduler,

which takes 3.2 ms to 25.6 ms. We emphasize that different components of the

monitoring framework can be pipelined. For example, the reference scheduler can

start running for the next task after the loss calculation begins. Hence, the total

execution time in Table 7.2 is a loose upper bound. Regardless, our measurements

show that the entire monitoring process takes 83.74 ms, even for the largest batch

size used in our experiments, highlighted in the table. A smaller batch size can be

employed to speed up the monitoring process at the expense of accuracy. The last

row (bold) highlights the setting in our experiments, while evaluations shown for

all batch sizes are listed in Table 7.2. This means the monitoring can be repeated

in the background with this period if needed. However, in practice, we expect a

longer period, on the order of seconds, since the application composition in the

target SoCs rarely changes.

Table 7.3 summarizes the monitoring and detection overhead for RL schedulers

as a function of the batch size (M). The loss and gradient calculations dominate
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the total execution time for RL schedulers. The loss takes longer than those for the

IL scheduler since loss for IL is the mean squared error, but RL requires solving

Equation 7.2. As in the IL scheduler, the value estimate, loss, and gradient calcula-

tions can be pipelined. In the worst case, when all steps are performed sequentially,

the total execution time varies from 32.42 ms to 117.53 ms as the batch size grows

from 128 to 1024. The last row (bold) highlights the setting in our experiments.

Like in the IL case, all batch sizes in the table lead to effective monitoring. Hence,

the proposed framework can run as a real-time background task to monitor RL

schedulers.
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8 conclusions and future directions

Domain-specific AI hardware is designed to meet the unique computational de-

mands of artificial intelligence applications, providing superior performance and

efficiency compared to general-purpose processors. As AI workloads grow in-

creasingly complex, there is a critical need for both design-time and runtime op-

timizations to maximize the hardware’s capabilities. Design-time optimizations

ensure that the hardware architecture is tailored for peak efficiency, while run-

time optimizations allow the system to adapt dynamically to varying workload

demands, ensuring sustained high performance. This dissertation addressed sig-

nificant challenges in domain-specific hardware and optimization frameworks for

AI and other computationally intensive applications, using strategies for design-

time and runtime optimizations. On the design-time front, the development of a

heterogeneous big-little chiplet-based In-Memory Computing (IMC) architecture,

which leverages a combination of big and little IMC-based chiplets coupled with

an optimal Network-on-Package (NoP) configuration, showcased the potential

for improved performance and efficiency in chip design. This architecture facil-

itated better resource management and energy efficiency, which is essential for

handling the increasing demands of AI workloads. It achieved up to 2.8× higher

IMC utilization and up to 329× improvement in the energy-delay-area product

(EDAP) compared to homogeneous chiplet IMC architectures. Additionally, an

energy-efficient on-chip training framework, PHR, utilizing a resistive RAM-based

IMC accelerator, demonstrated the capability to enhance the accuracy of mmWave-
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based human pose estimation models, contributing to more precise and practical

AI applications. It improved the MPJPE by 23.89% using customization with on-

chip training. Then, the communication-aware sparse neural network optimization

framework, CANNON, addressed the need for efficient neural network models

that consider data communication bottleneck with its communication-aware sparse

training technique, optimizing the overall system performance. It resulted in up to

6.8× improvement in the EDP with respect to the neural networks with pruning and

state-of-the-art mapping techniques without any significant accuracy degradation.

On the runtime optimization front, the dynamic adaptive scheduling framework

provided a balanced approach to task scheduling by combining fast, low-overhead

algorithms with more complex, high-overhead scheduling methods, ensuring op-

timal task execution across varying workloads. This allowed the system to adapt

dynamically to changing task requirements and resource availability in runtime.

Experimental results with five streaming applications showed that DAS achieved

up to 1.29× speedup and 45% lower EDP than the underlying schedulers. Finally,

the runtime monitoring framework for machine learning-based task scheduling

algorithms introduced a mechanism to enable robust domain-specific SoCs with

runtime performance assessment and adjustment. It detected whether the trained

scheduler generalizes to the current workload with 88.75% to 98.39% accuracy and

enabled 1.1× to 14× faster execution time when the scheduler is incrementally

trained.

In summary, this dissertation addressed the critical challenges in the optimiza-

tion of design time and runtime of domain-specific AI hardware by making the
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following contributions:

• A heterogeneous big-little chiplet-based IMC architecture that utilizes a big

and little IMC-based chiplets [28],

• An energy-efficient on-chip training framework with a resistive RAM-based

in-memory computing accelerator for the customization of mmWave-based

human pose estimation models [29],

• A communication-aware sparse neural network optimization framework [24],

• A dynamic adaptive scheduling framework that combines fast, low overhead

and complex, high overhead tasks scheduling algorithms [30, 31],

• A runtime monitoring framework for ML-based task scheduling algorithms

to enable robust domain-specific SoCs.

8.1 Future Directions

Neural Network Optimization: Extending the communication-aware sparse neural

network optimization framework to support a broader range of neural network ar-

chitectures and applications would enhance its versatility and applicability. Further-

more, adapting the framework to optimize other architectures for AI acceleration

can provide a generalized optimization solution.

Dynamic Adaptive Scheduling: Another promising direction is integrating ad-

vanced machine learning techniques into the dynamic scheduling framework to

further enhance its adaptability and efficiency. Developing more sophisticated
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algorithms that can predict workload patterns and resource demands with greater

accuracy could significantly improve the performance of domain-specific hardware.

Runtime Monitoring: Expanding the runtime monitoring framework to include

more comprehensive metrics and feedback mechanisms would provide deeper

insights into system performance and enable real-time optimizations. This can

involve developing new monitoring tools that capture performance indicators

or integrating advanced analytics to provide more granular, actionable feedback.

Another direction for monitoring may include the consideration of dynamic thermal

power management frameworks that affect the performance of the underlying

hardware at runtime.
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