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Abstract
The dataset sizes and computing needs of increasingly prevalent high-performance com-
puting (HPC) applications have grown exponentially over the last decade. Moreover,
modern computing architectures are evolving with different paradigms, and accelerators
have become indispensable parts of computing. Consequently, the imperative for per-
formance optimization for HPC applications and intelligent resource management for
evolving architectures has become paramount, particularly within the ones that leverage
Machine Learning/Deep Learning (ML/DL).

This dissertation aims to optimize performance and resource management in
modern computing architectures for high-performance computing applications
by targeting it from different angles, which are characterizing and analyzing applica-
tions, intelligent job scheduling, dynamic architecture reconfiguration, and compiler
optimizations.

Toward this objective, this dissertation consists of four methods from different com-
putation layers that target performance optimization and resource management and
answer the following questions: As compute platforms are evolving to meet the needs of
state-of-the-art HPC applications, understanding the characteristics of these applications
running on emerging architectures is crucial: (i) How could we efficiently comprehend
the microarchitectural characteristics for applications from different areas and charac-
terize them? As multi-GPU hardware platforms are widespread, finding intelligent job
scheduling for HPC applications hosted by these platforms is important: (ii) How to
efficiently and dynamically schedule jobs to GPUs in multi-GPU platforms to ensure
fewer context switches and higher performance in time-critical applications? Memory
accesses dominate the end-to-end execution times of HPC applications due to increased
computational power demand and dataset size. So, there is a need to optimize the num-
ber of data accesses: (iii) How could we leverage a compiler-guided strategy to decrease
costly data accesses and increase the performance of multithreaded applications? As
renewable energy is becoming popular among HPC hardware platforms, optimization for
energy-harvesting (EH) processors is vital: (iv) How to decrease instantaneous energy
utilization of EH processors to allow more forward progress using dynamic reconfiguration
of microarchitectural resources?

All these methods can be utilized collectively as a boost for HPC applications running
on intelligently managed resources of modern architectures.
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Chapter 1 |
Introduction

In recent decades, high-performance computing (HPC) has experienced significant evolu-
tion, moving beyond traditional supercomputers to a broader array of processors [185].
Modern HPC applications frequently integrate machine learning (ML) and deep learning
(DL) kernels [15, 17, 23, 25, 29, 41, 63, 86, 87, 119, 141, 170, 186, 192, 194], driving a shift
in computational demands. Due to this shift, computer architectures evolve to keep
pace [1, 9, 11, 21, 48, 65, 142], which increases the heterogeneity in hardware [32]. The
increasing heterogeneity in hardware architectures – using CPUs, GPUs, and emerging
architectures like chiplet designs, energy harvesting processors, and 3D memory – requires
new optimization approaches. Existing performance optimization techniques must adapt
to these evolving architectures. In parallel, hardware advancements continue to reshape
computational paradigms. Understanding and aligning with these shifts is essential for
resource management, job scheduling, and performance in HPC applications.

The Problem: Due to the shift in the computational demands of HPC applications,
the heterogeneity in the hardware in which the evolutionary HPC applications are hosted
increased significantly. However, as the use of CPUs, GPUs, and emerging architectures
such as chiplet-based processors and 3D memory increased, the existing performance
and resource allocation optimization techniques started to have shortcomings. The shift
in computational demands necessitates a deeper understanding of microarchitectural
characteristics across diverse hardware platforms. So, the first challenge is understanding
the application characteristics robustly to determine the architectural shortcomings.
Intelligent job scheduling is critical for diverse heterogeneous hardware platforms (i.e.,
multi-GPU platforms) that host HPC applications. The second challenge is ensuring
optimal job scheduling is performed on these platforms. As HPC applications evolve,
the memory accesses start to dominate the execution times. Data recomputation is of
paramount interest in overcoming this problem. Moreover, as HPC centers leverage
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renewable energy resources such as solar energy, energy harvesting processors emerge
and require better (i.e., dynamic) resource allocation and configuration.
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Figure 1.1: The vision of the dissertation.

Contributions: This dissertation targets optimizing the performance and resource
management in modern computer architectures for HPC applications from four different
angles, as seen in Figure 1.1. In the first angle, we target optimizing the performance
and resource management at the application level by statically characterizing different
applications using detailed microarchitectural analysis. This goal is pivotal in identifying
potential areas for optimization in emerging architectures on which HPC applications are
hosted. HPC platforms have become increasingly heterogeneous and typically include
multiple GPUs. So, intelligent dynamic scheduling is crucial to optimize the performance
of HPC applications in multi-GPU-supported settings. We tackle the performance and
resource allocation optimization problem from the GPU job-scheduling angle.

As HPC evolves, applications become more and more dominated by memory access
latencies. To solve this, we reduce the number of memory accesses using a compiler
strategy specifically targeting multi-threaded applications, thereby improving overall
performance. In recent years, the hardware platforms that HPC applications are hosted
on started to migrate to green computing, which utilizes renewable energy resources (i.e.,
energy harvesting). We must consider fine-grained dynamic application phase character-
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ization and hardware reconfiguration, particularly for emerging architectures, such as
energy harvesting (EH) and non-volatile processors (NVPs). In NVPs, instantaneous
energy utilization directly impacts computational progress. We propose dynamically
reconfiguring EH NVPs to maximize forward progress.

Contribution I (C-I) Leveraging Machine Learning to Perform Microar-
chitectural Bottleneck Analysis: The changing computational requirements of HPC
systems call for a thorough understanding of microarchitectural features across various
hardware platforms. For this purpose and to find optimization areas for performance
and resource allocation, employing ML/DL-based approaches for bottleneck analysis to
provide the best execution environment for different applications is vital. Even though
many bottleneck analysis tools exist [67,144], the knowledge obtained from these tools
is not transferable to other hardware or applications. To this end, in Chapter 3, we
propose MLAM, an architectural bottleneck deduction model that employs ML/DL
algorithms to identify architectural bottlenecks from raw data and establish connections
between the architectural bottlenecks and the performance metrics. With MLAM, the
bottlenecks of the incoming application are robustly predicted, allowing opportunities for
knowledge transfer to different architectures, personalized architectural configurations,
better resource management, and performance optimization.

Contribution II (C-II) On-the-Fly Job Scheduling to Instantaneously Suit-
able GPUs: As HPC applications become more popular and compute-heavy, the use of
heterogeneous compute elements increased significantly. Most of the HPC heterogeneous
compute platforms contain multiple GPUs. There are many HPC application domains
where GPUs have become indispensable, such as bioinformatics, nuclear physics, and
DL [25, 44, 62, 128]. Due to the extensive usage of GPUs, especially in platforms like
“Galaxy” Project [46], addressing inefficient resource management is paramount for op-
timizing the performance of HPC applications. To this end, we propose a strategy in
Chapter 4 that allows efficient allocation of GPUs to jobs in multi-GPU infrastructures.

Contribution III (C-III) Optimizing the Performance of Multi-threaded
Applications Using a Compiler-Guided Strategy: As HPC applications solve
extensive problems, they are becoming more memory intensive. As memory accesses
are dominating HPC application runtimes due to increased memory intensity, data
locality has been a pressing problem. While many locality optimization [79, 90, 104,
108,162,205] and other solutions such as accelerator design [14,84,214] and near data
computing [47, 80, 139, 183] have been proposed, due to increasing dataset sizes and
complexity of emerging architectures, the benefits of the previously proposed methods
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have been limited. Data recomputation is used to mitigate data locality issues. Data
recomputation [3, 4, 193] eliminates costly data accesses by replacing each such access
with multiple less costly data accesses plus extra computation. Previous approaches for
recomputation do not handle multi-threaded applications and do not explore the role of
different caching policies/strategies in improving the effectiveness of data recomputation.
To fill this gap, in Chapter 5, we propose a compiler-guided strategy that balances data
locality optimization and recomputation optimization to minimize data access latencies
in multi-threaded application executions and a new compiler-guided cache replacement
strategy to optimize performance.

Contribution IV (C-IV) Increasing Performance Using On-the-Fly Ar-
chitectural Resource Reconfiguration: Our first study statically characterizes
applications to create a robust bottleneck analysis model. Different portions of domain
applications, such as IoT, may have different architectural characteristics. IoT applica-
tions leverage Wireless Sensor Networks (WSNs), which should involve low maintenance
and strive for continuous forward progress. EH NVPs are suitable for this purpose,
but current EH NVPs allow minimal and course-grained dynamism [112, 113], barely
explore other dynamic reconfiguration options, and they are program agnostic even
though predictable runtime application behavior is observed. This behavior hinders
application forward progress. If the WSN gateways were aware of, for example, memory
boundedness, dynamically reconfiguring hardware would increase forward progress. To-
wards this, in Chapter 6, we dynamically reconfigure the cache according to the observed
microarchitectural behavior of the phases.

Dissertation Organization: The background and related work is presented in
Chapter 2. Chapter 3 presents a machine learning-based architectural bottleneck de-
duction model for application characterization. Chapter 4 presents an intelligent and
dynamic GPU allocation strategy for time-sensitive jobs in multi-GPU systems. Chapter 5
proposes a compiler-guided strategy to optimize resource allocation and performance
for high-performance computing applications. Chapter 6 presents an application phase
characterization framework to reconfigure non-volatile processor architectures dynami-
cally. Lastly, the conclusions, summary of key results, and potential future research are
provided in Chapter 7.
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Chapter 2 |
Background and Related Work

This chapter provides a brief background and related work about (i) application charac-
terization, (ii) dynamic application phase characterization and hardware reconfiguration,
and (iii) reconfiguring cloud infrastructures.

2.1 Background
First, we must understand how CPU architecture works when performing architectural
profiling to characterize applications. The CPU has two parts: front-end and back-
end. The front end is in the initial part of the pipeline and is responsible for feeding
operations to the back end, which executes the operations using compute units and
memory. The branch predictor predicts the next instruction’s address and fetches it from
the L1I cache. Later, the instruction is decoded into µOps, and then these µOps are
scheduled in the out-of-order scheduler. The scheduler dispatches the ready µOps to the
execution units, and when these µOps finish executing, they are retired. In this sequence
of events, the front-end related bottlenecks are referred to as “FE,” back-end ones as
“BE” (where they are divided as “BE:CORE” for core/compute related and “BE:MEM” for
memory-related bottlenecks). The retiring µOp percentage is referred to as “RET,” and
the branch prediction and other speculation-related bottlenecks are referred to as “SPE”
in the bottleneck analysis and application characterization portion of this thesis.

The next step for characterization is application phase prediction, which tracks the
changes in the execution behavior of applications. In this context, a “phase” is defined
as a set of contiguous portions of program execution with similar behavior, irrespective
of temporal adjacency [99]. Phase classification divides a set of intervals of a specific
metric into phase intervals with similar architectural/software behavior. Phase prediction
predicts the behavior of the upcoming period in the application runtime [99].
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Since the first two studies focus on CPU architectures, our third study also focuses
on optimizing performance and resource allocations for platforms that use GPUs. GPUs
are powerful computation components for computationally challenging and demanding
workloads. GPUs are specialized to deliver remarkable performance, especially in the
cases of parallel computations, because GPU is a hardware component with high memory
bandwidth, high arithmetic capabilities, and is highly parallel-programmable. Due to
these properties, GPUs yield high-performance benefits over CPU counterparts. Since
GPUs have substantially developed over the years due to latency and throughput being
increasingly important in many application domains, the recent NVIDIA GPUs deliver
thousands of GFLOPS [142]. This advancement created a noticeable need to optimize
performance and energy efficiency [145].

We then focus on compiler optimizations to improve performance and resource
allocation in HPC. Data locality is one of the remaining problems in many application
domains, especially in HPC. Even though many optimizations for data locality have
been proposed, the increasing complexity of architectures and dataset sizes limit the
potential of these optimizations. Data recomputation is utilized to remedy this problem.
Data recomputation [3, 4, 193] is an approach that eliminates costly data accesses by
replacing them with multiple less costly data accesses plus extra computation. Even
though data recomputation has been explored before, the previous approaches have yet
to consider inter-thread interactions and the role of different caching policies in improving
the effectiveness of data recomputation. Data recomputation may be very beneficial
in many-core systems. However, it may not be always legal. Moreover, in many-core
systems, threads can recompute data on behalf of each other, which can contribute to
significant performance improvements.

2.2 Related Work
Architectural Analysis and Characterization of Workloads Using ML/DL:
The first component necessary to perform architectural reconfiguration optimizations
from cores to cluster-level infrastructures is offline/static workload characterization using
learning. Prior work includes Stengel et al. [180], which employed a cache-memory
performance model to quantify the bottlenecks in stencil computations, and Hoefler et
al. [59] predicted the performance of parallel applications. Some prior works that leverage
ML/DL to perform bottleneck analysis for different applications include [34, 209, 210].
Prior characterization works include the following: Prakash et al. [152] presented a

6



characterization of the SPEC CPU benchmarks targeting an Intel multiprocessor system,
and Ryoo et al. [166] analyzed the bottlenecks of DL applications on CPUs, GPUs, and
Xeon Phi-based platforms. Zhu et al. [215] performed profiling on DL applications across
different infrastructures.

Novelty of Our Study: These works propose architectural analysis frameworks
both for processors and cloud computing-level infrastructures. However, none present an
architectural profiling deduction ML/DL model that captures the complex mathematical
relationships between hardware counters and architectural bottlenecks and speeds up the
architectural profiling bottleneck deduction for hardware designers. Moreover, our tool
allows knowledge transfer, which is not possible when using VTune [67] or NVIDIA Nsight
Compute [143]. To this end, we propose a machine learning-based microarchitectural
bottleneck analysis in Chapter 3.

Adding GPU and Multi GPU Support to the Galaxy Framework: Intelligent
job scheduling is paramount in large frameworks such as the Galaxy Project [46]. Since
Galaxy did not take advantage of GPU resources available on the supercomputers on
which it was hosted, we added this support along with intelligent multi-GPU scheduling.
Among all other job management features Galaxy has, “Galaxy CloudMan” [2] was
proposed to allow researchers to manage an arbitrarily sized compute cluster on Amazon
EC2. Even though the EC2 instance has a GPU, Galaxy could not use it without our
support. Besides the cloud computing support, there have been several other application-
level enhancements for the Galaxy Framework. PyPasWAS [203] is a Python-based
multi-core GPU and CPU sequence alignment tool. The Web-based platform [116] is an
infrastructure for NGS analyses for Galaxy with GPU support.

Novelty of Our Study: For the CloudMan support, even though the EC2 instance
has a GPU, Galaxy could not take advantage of it without our support. While PyPasWAS
achieves a 33× speedup in execution time using GPUs for alignment, it is not a platform
for running different sequence alignment tools, and it does not provide infrastructure nor
a GPU interface with Galaxy. The Web-based platform [116] is an in-house framework
that uses Galaxy as a middleware to run jobs along with Slurm [208] scheduler; it does not
add a bare-metal GPU interface nor intelligent GPU scheduling. We address this issue
by employing on-the-fly job scheduling to instantaneously suitable GPUs, as described in
Chapter 4.

Compiler-Guided Strategy to Optimize HPC Workloads: Akturk and Karpuz-
cu [3] propose replacing a load instruction with a sequence of instructions to recompute
a loaded data value. Later, Akturk and Karpuzcu [4] analyze the computation vs.

7



communication tradeoff of recomputation. Sakalis et al. [168] use recomputation of data
that resides in off-chip memory in isolation. On the compiler side, Koc et al. [92] propose
recomputing the data required from a bank and avoiding unnecessary bank activations.
Later, Koc et al. [91] propose an algorithm to eliminate off-chip memory accesses to
Scratch-Pad Memory (SPM) with recomputation. Briggs et al. [19] propose recomputing
the value of loaded data when it is cheaper if it cannot be kept in a register to avoid
expensive storage. Punjani [153] proposes “rematerialization” of spilling values in register-
starved architectures to improve performance. Tang et al. [193] present Computing with
Near Data (CND).

Novelty of Our Study: In none of these works mentioned above, threads recompute
on behalf of other threads. Moreover, none of the works explore cache policy optimizations
to aid recomputation. We address these issues in Chapter 5.

Application Phase Prediction Approaches: Phase prediction is also a crucial
improvement component that can be used to reconfigure hardware. It mainly uses
online/on-the-fly application characterization for each phase of a specific application.
There are many phase prediction strategies [31] including the Basic Block Vectors
(BBV) approach, which keeps track of execution frequencies of basic blocks touched
in an execution interval, and a phase change happens when the Manhattan distance
between two BBVs exceeds a threshold. Another predictor is Working Set Signatures
(WSS) [31], where a program phase is defined by thresholding the relative distance
between WSSs. In the Conditional Branch Counter predictor, a counter counts the
dynamic conditional branches executed, and a phase change is defined as the difference in
branch counts of any consecutive intervals beyond a threshold [31]. Isci et al. [69] propose
the Global Phase History Table Predictor where the phases are categorized according to
memory_operations/µOp metric on the fly, and upcoming phases are predicted using a
phase history table.

Using Phase Prediction for Processor Reconfiguration: Phase prediction
information can be used to reconfigure processors. In [52], a reconfigurable VLIW
processor with varying issue widths is proposed based on predicting the number of active
data paths. In [13], the authors use a phase detection algorithm that dynamically utilizes
hardware counters to reconfigure the on-chip memory hierarchy. In CHAMELEON [94],
the authors propose a reconfigurable heterogeneous memory system, where the hardware
dynamically switches memory regions between hardware or OS-managed part of memory
and cache modes. Ranganathan et al. [158] proposed a reconfigurable cache to support
memory functionalities specialized for media processing. Kumar et al. [97] examined
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phase characterization-directed timing-associativity-reconfigurable L1 caches. In [179],
the authors proposed a reconfigurable cache hierarchy for parallel workloads, targeting
CMPs. Kim et al. [89] propose reconfiguring the cache into application-specific functional
units for accelerating code patterns. In [93], a Coarse-Grained Reconfigurable Architecture
is introduced, which leverages the variable usage of functional units using application
phases. In Spendthrift [113], an ML-based frequency and resource scaling policy is
presented for improving forward progress by 2.08× in EH NVPs.

Novelty of Our Study: In all of these prior works, the reconfiguration optimizations
are forgotten across different executions. The optimizations must be re-calculated,
showing how repetitive optimization calculations could waste time and energy. We
address this problem in Chapter 6.
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Chapter 3 |
Machine Learning-based Microar-
chitectural Bottleneck Analysis

3.1 Introduction
Machine Learning (ML) and Deep Learning (DL) recently gained substantial attention,
primarily due to the remarkable accuracy improvements they have demonstrated. The
effectiveness of ML/DL algorithms has been established in application domains such
as image recognition [57], natural language processing [85], autonomous driving [39],
bioinformatics [103], and computational/quantum chemistry [157]. As a result of this
prominence, most high-performance computing applications contain ML/DL kernels,
which causes a shift in computational needs. This shift and the emergence of diverse hard-
ware problems necessitate a deeper understanding of microarchitectural characteristics
across these hardware platforms to tune architectures for optimum execution environ-
ments for diverse applications. Existing works [24,74,198] emphasize the importance of
tuning architectural components for the best execution of ML/DL algorithms. There
has been much less prior work on employing ML/DL-based approaches for bottleneck
analysis, i.e., using ML to identify the limiting factors to be tuned to provide the best
execution environment for different applications.

An architectural bottleneck is a hardware component stalling the execution of an
application due to its imbalanced utilization compared to other hardware units. A
few existing works in this area (e.g. [34, 70, 209, 210] and the references therein) focus
on ML-based architecture profiling models. Even though many bottleneck analysis
tools exist [67, 144], the knowledge obtained from these tools is not transferrable to
other hardware or applications. Moreover, to our knowledge, no prior work proposes
a bottleneck deduction model that employs ML and DL algorithms and captures the
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complex relationship between the hardware metrics and the architectural bottlenecks.
This work aims to fill this critical gap. We propose and experimentally evaluate an
architectural bottleneck deduction model, MLAM, that employs ML/DL algorithms to
identify architectural bottlenecks from raw data and establish connections between the
architectural bottlenecks and the performance metrics. Our contributions are as follows:
• We analyze 44 applications from different benchmark suites: 30 SPEC CPU 2006

applications, 10 ML applications, and 4 DL applications. We identify the hotspot
kernels of each application and their different architectural bottlenecks for a better
understanding of the applications as well as their notable functions/kernels1, which
are used as input ‘dataset’ for MLAM.
• We establish the relationship between ‘hardware metrics’ and ‘architectural bottlenecks’

by calculating the correlation coefficients between them. This information is used to
decide the initial feature list for MLAM.
• We design an architectural bottleneck analysis model (MLAM) that can predict the

architectural bottlenecks with an ML strategy Random Forest Regression (RFR) or a
DL strategy Multi-Layer Perceptron regression (MLP). Our model can achieve 0.70
(RFR) and 0.72 (MLP) R2 inference accuracy by updating features iteratively and
employing permutation importance.
• We evaluate MLAM’s bottleneck percentage prediction and ordering accuracy using

our proposed similarity metrics for four different architectures and for training MLAM
with multi-architecture data. The predictions result in 0.73 average similarity to the
proper ordering and percentages for different architectures, and multi-architecture
training results in 0.72 similarity, showing that MLAM helps tune architectures for
optimal performance.
We gathered data about bottlenecks and hardware metrics using VTune [67]2, targeting

different Intel architectures. By employing MLAM, one could achieve further benefits
compared to other profiling methods like the Roofline model [204] or directly using
VTune (or a similar tool). So, MLAM allows us to (i) recognize the relationship between
the hardware metrics and the architectural bottlenecks, (ii) understand the critical
hardware metrics when predicting the architectural bottlenecks, (iii) perform multiple
bottleneck predictions for different test applications/architectures using a trained instance
of MLAM, and (iv) most importantly, MLAM allows robustly deducing bottlenecks from
raw profiling data to tune architectures to suit different application domains for better

1We use the terms ‘kernel’ and ‘function’ interchangeably.
2VTune is a performance analysis tool for x86-based systems running Linux or Microsoft Windows

operating systems.
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Figure 3.1: MLAM aiding in bottleneck knowledge transfer for unseen applications and
unavailable architectures.

performance. So, MLAM would be very useful in generalizing (transferring) bottleneck
analysis knowledge to different applications/architectures while learning from a limited
data set. Section 3.2 provides more details on the use case.

3.2 Example Use-Case
MLAM can be used in multiple ways. First, it can predict the architectural bottlenecks
from raw hardware metrics and discover relationships among them. These predictions
can be beneficial to understand the underlying reasons behind bottlenecks to develop
more optimized libraries.

Second, unlike existing architectural analysis tools that identify performance-limiting
hardware elements, MLAM allows transferring the knowledge obtained from these tools
to unavailable applications or architectures to develop more optimized architectures,
as seen in Figure 3.1. So, MLAM can aid in choosing suitable (new or previously
encountered) architectures for (new or previously encountered) applications to ensure
adequate service without a significant engineering effort margin. With trained MLAM
and the test data from an unseen target application, which can be gathered using the
strategy in Section 3.7.1, the user can perform a fine-grained bottleneck analysis for
target applications to optimize them. One does not need to retrain MLAM once trained.
Therefore, performing architectural profiling on an application and deducing bottleneck
information from raw profiling data is slower and more tedious than just inputting the
raw profiling data into a trained MLAM instance and robustly obtaining bottleneck
analysis with much less effort.

Third, MLAM can be applied to different CPU architectures (refer to Section 3.7.5)
and to GPUs. The main change when re-purposing MLAM to a different architecture is
in the data collection strategy, e.g., using NVProf [144] or Nsight Compute [143]. Then,
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one can efficiently train MLAM for other architectures.
Lastly, if desired, one can use a different ML/DL algorithm by replacing the current al-

gorithms employed in MLAM (RFR and MLP) with a new algorithm (such as SVM, KNN,
XGBoost or DL algorithms such as Transformer [197], BERT [85] or EfficientNet [191])
along with the corresponding importance calculation logic.

For example, consider three applications, A, B, and C, and three architectures, X,
Y, and Z ( 1⃝). We perform architectural profiling using VTune with application A
running on architecture X, B on Y, and C on Z and obtain raw profiling data ( 2⃝).
We then perform the necessary preprocessing steps and feed this data into MLAM for
training ( 3⃝), which outputs optimal parameters and features ( 4⃝). Later, when we have
a previously unseen application D running on a new architecture W ( 5⃝), we obtain the
raw profiling data using VTune ( 6⃝). This data is preprocessed to gather the inference
data ( 7⃝). The preprocessed inference data are fed into MLAM to obtain the bottleneck
information ( 8⃝), which will then be used to find the best hardware configuration among
candidate configurations ( 9⃝). Another use case would be changing the application or
architecture on step 5⃝. One could use a previously seen application running on an
unavailable architecture or, conversely, an unseen application running on a previously
seen architecture. Since MLAM’s goal is to transfer knowledge, all these use cases would
be possible.

3.3 Background

3.3.1 Target Architecture Template

While our approach applies to different types of architectures (such as Intel Ice Lake,
Cascade Lake, and Broadwell), we discuss one representative architecture in this section.
Figure 3.2 describes the microarchitecture of Intel Skylake [33]. This CPU (and the other
Intel CPU architectures mentioned before, similarly) consists of two parts: front-end and
back-end. The front-end resides in the early stage of the processor pipeline and feeds
operations into the back end. The back-end executes the allocated operations with the
help of compute units and the memory subsystem. First, the branch predictor predicts the
address of the next instruction and fetches that instruction from the L1I (L1 instruction)
cache. Then, the decoders decode the instructions into µOps and fill the allocation queue.
The µOps are allocated to the out-of-order scheduler, which dispatches the ready µOps
to their expected execution units. When the µOps complete their execution, they are
retired in program order.
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Figure 3.2: Microarchitecture of Skylake CPU (based on [33]).

3.3.2 Target Benchmarks

In this work, we consider three types of benchmarks:

3.3.2.1 SPEC CPU 2006

SPEC CPU 2006 benchmark suite [58] is widely used to evaluate the performance
of a given target architecture. SPEC CPU 2006 includes representative benchmarks
from real-life applications, which makes them suitable for performing a comprehensive
performance evaluation for a given architecture. This suite includes integer and floating-
point workloads; we used 30 workloads for our experiments.

3.3.2.2 Machine Learning

We used ten ML applications that are implemented using Python and Scikit-learn
API [20,149]: Linear Regression (Amazon Access Samples dataset [136]), Logistic Regres-
sion (Toxic Comment Classification Challenge dataset [78]), Naive Bayes classification
(EMNIST [26]), K-Means (New York City Taxi Trip Duration [76]), K-Nearest Neighbors
(EMNIST [26]), Support Vector Machine (EMNIST [26]), Random Forest Classification
and Regression (GTZAN [77] and Craigslist Used Cars [160]), XGBoost (GTZAN [77])
and Light Gradient Boosting Machine (Home Credit Default Risk [75]).
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Table 3.1: Hardware setup

Architecture Broadwell Skylake

Core & Cache

Intel Xeon E5-2686 v4 @ 2.30GHz
36 cores, 72 threads (hyperthreading)
L1I cache 18x32 KB 8-way set associative (SA)
L1D cache 18x32 KB 8-way SA
L2 cache 18x256 KB 8-way SA
L3 cache 18x2.5 MB 20-way SA, shared

Intel Core i7-6700K @ 4.00GHz
4 cores, 8 threads (hyperthreading)
L1I cache: 4x32KB 8-way SA
1D cache: 4x32KB 8-way SA
L2 cache: Unified, 4x256KB, 4-way SA
L3 cache: 4x2MB, 16-way SA

Memory System Memory controller (MC): DDR4, 4 channels
Main memory (MM): 512GiB, DDR4

MC: DDR3L, DDR4, 2 channels
MM: 2x8GiB, DDR4

SoC QuickPath Interconnect Ring Interconnect
Architecture Cascade Lake Ice Lake

Core & Cache

Intel Xeon Platinum 8252C @ 3.80GHz
32 cores, 64 threads (hyperthreading)
L1I cache: 12x32 KB
L1D cache: 12x32 KB 8-way SA
L2 cache: 12x1 MB 16-way SA
L3 cache: 24.75 MB 11-way SA

Intel Xeon Platinum 8375C @ 2.90GHz
32 cores, 64 threads (hyperthreading)
L1I cache: 32x32 KB
L1D cache: 32x48 KB 12-way SA
L2 cache: 32x1.25 MB 20-way SA
L3 cache: 54 MB 12-way SA

Memory System MC: 2 DDR4, 3 channels
MM: 192GiB, DDR4

MC: 8 DDR4, 2 channels
MM: 192GiB, DDR4

SoC Ultra Path Interconnect Ultra Path Interconnect

3.3.2.3 Deep Learning

We used Caffe [73]3 to run our DL applications: Alexnet (ILSVRC 2012 [165] dataset),
LeNet (MNIST [100]), GoogleNet (ILSVRC 2012 [165]), and Fine Tune Flickr Style
(Flickr style [81]).

3.4 Experimental Setup
Table 3.1 lists the hardware components used in this study. We use four different
architectures: Broadwell, Skylake, Cascade Lake, and Ice Lake. We use Linux 5.4.0 with
GCC 9.3.0, Python 3.7.9, MKL 2020.2, VTune 2020.2.0, Caffe 1.0, Scikit-learn 0.24.2,
Pandas 1.1.1, and Numpy 1.19.1.

3.5 Benchmark Analysis
Figures 3.3, 3.4, and 3.5 show the hardware boundedness (bottlenecks) brought up
by different resources at a function-level granularity. Following the terminology by
Intel [67], the term ‘boundedness’ is equivalent to the term ‘bottleneck’; that is, an
application/kernel is said to be bounded by a specific hardware component if that

3Caffe is a framework that provides commonly used computations (convolution, pooling, ReLU, and
softmax).
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Figure 3.3: Distribution of bottlenecks (y-axis) (RET: retiring instruction percentage;
FE: front-end bottlenecks; SPE: speculative bottlenecks; BE:MEM: back-end memory
bottlenecks; BE:CORE: back-end core bottlenecks) in the top-2 hotspot functions (x-axis)
in SPEC CPU suite. The top axis numbers show the percentage of the kernel’s execution
time within each benchmark.

specific hardware component is the bottleneck for the application/kernel. We also talk
about ‘fraction/percentage of boundedness,’ indicating how much bottleneck a given
hardware component is for an application/kernel, i.e., how many of the cycles of the
application/kernel experience stall in that component.

The CPU architecture can be divided into front-end and back-end. The front-end
is for instruction fetch, decode, and handover µOps to the back-end. The back-end
communicates with the cache and the memory controller for the data and executes the
instructions by utilizing ALUs, vectorization units, and memory resources. FE and BE
in Figures 3.3, 3.4, and 3.5 correspond to the percentage of stalls caused by the front-end
and back-end, respectively. The back-end-related bounds include the memory-related
(BE:MEM) and core-related (BE:CORE) bottlenecks. SPE captures the stalls caused by
wrong speculation, such as branch misprediction or machine clearing, and retiring (RET)
corresponds to the pipeline slots that have been used for performing meaningful work. A
high value for the RET metric means that the architecture’s theoretical µOps retired
per cycle is almost achieved (i.e., resources are well-utilized, higher the better).

3.5.1 SPEC CPU Benchmarks

Figure 3.3 shows the distribution of the architectural bottlenecks of the top two hotspot
kernels in the SPEC CPU benchmarks. For instance, SRegmatch and SFindByclass are
the top two hotspot functions in 400.perlbench. The execution of these functions is
relatively simple, which leads to a high retiring percentage and almost negligible back-end

16



0%

20%

40%

60%

80%

100%

T
e

x
tR

e
a

d
e

r

B
o

o
lL

o
g

ic
a

lN
o

t

L
o

n
g

A
d

d
A

V
X

2

L
o

o
k
d

ic
t

S
a

g
L

a
g

g
e

d
U

p
d

a
te

T
e

x
tR

e
a

d
e

r

D
o

u
b

le
S

q
u

a
re

F
M

A

D
o

u
b

le
B

in
D

iv
S

S
E

2

K
M

P
F

o
rk

B
a

rr
ie

r

K
M

e
a

n
s
E

lk
a

n

K
D

T
re

e
D

e
p

th
fi
rs

t

K
D

T
re

e
M

in
R

d
is

t

T
e

x
tR

e
a

d
e

r

K
F

u
n

c
ti
o

n

S
p

lit
te

rI
n

tr
o

s
o

rt

G
in

iC
h

ild
Im

p
u

ri
ty

C
la

s
s
if
ic

a
ti
o

n
U

p
d

t

S
p

a
rs

e
S

p
lit

E
x
tr

a
c
t

N
o

d
e

S
p

lit

R
e

g
re

s
s
io

n
U

p
d

a
te

C
o

n
s
tr

u
c
tH

is
t

P
re

d
ic

tR
a

w

B
u

ild
e

rE
n

u
m

S
p

lit

E
v
a

lC
a

lc
W

e
ig

h
t

E
v
a

lC
a

lc
S

p
lit

G
a

in

LiR LoR NB Kmeans KNN SVM RFC RFR LGBM XGB

RET FE SPE BE:MEM BE:CORE

5
2

.7
4

5
.6

7

0
.4

8

6
.1

4

4
.5

2

1
2

.9
9

9
.2

0

8
.0

5

6
2

.8
9

1
4

.1
8

6
6

.9
9

1
2

.1
7

0
.7

6

6
7

.7
0

4
7

.7
0

1
8

.7
9

1
2

.9
9

6
6

.9
3

1
5

.1
5

1
.9

8

2
2

.9
6

1
3

.9
1

3
5

.2
7

2
6

.9
7

2
1

.2
4
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Figure 3.5: Distribution of bottlenecks in
notable DL kernels and their execution time
percentage within each application.

issues. They spend more time on the front-end side, particularly on instruction decode, so
they are FE-bound. For 401.bzip2, which performs compression and decompression of
input files, both of its top hotspot functions – MainGtU and BZ2Decompress – suffer from
a severe SPE bottleneck. MainGtU is used in block-sorting lossless data compression algo-
rithm, and BZ2Decompress is for the bzip2 decompression. Both functions include many
conditional statements, which increase misspeculation rates. The MatTimesVec function
in 410.bwaves (fluid dynamics) and the top two hotspot functions from 470.lbm (Lattice
Boltzmann Method to simulate incompressible fluids) all experience the BE:CORE problem
because they perform heavy, high-density matrix computations. In comparison, the top
two hotspot functions in 429.mcf (mass public transportation scheduling), 433.milc
(physics/quantum chromodynamics), and 471.omnetpp (large Ethernet network sim-
ulation) are all BE:MEM bound. The hotspot functions of 429.mcf update the node’s
potential value or cost by traversing the nodes. The MultSu3Na and MultSu3MatVec
functions in 433.milc take two su3_matrix (3×3 matrix) as input and return another
su3_matrix after matrix computations. All these kernels perform massive data accesses,
so they are highly BE:MEM bounded.

3.5.2 Machine Learning (ML) Benchmarks

Figure 3.4 shows the notable kernels in ML applications and their bottlenecks. The notable
kernels are hotspot functions directly related to the core algorithm or the data-loading
phase of the application. For example, in Linear Regression (LiR), since the computation
volume is low, reading input data (TextReader) occupies most of its execution time.
TextReader only reads the data from memory; so, it is BE:MEM bound. LongAddAVX2
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(AVX2 addition) exhibits a very high instruction retire rate since AVX2 kernels are
well-optimized for this architecture. LongAddAVX2 has a high BE:CORE bottleneck due
to its high number of ALU operations. KFunction (single kernel evaluation for SVM
training) from SVM is BE:CORE bound. KFunction implements different types of kernel
computations such as dot product for linear, pow for polynomial, Radial Basis Function
(RBF), and sigmoid. Due to these intensive computations, there has mainly been a
BE:CORE bottleneck. It can be observed that the kernels in our ML applications are
mostly BE-bound, specifically 48% of notable ML kernels have high BE:MEM and BE:CORE,
bottlenecks. The reason is that many ML kernels need to utilize the ALU/vectorization
units for their computations and load/store data to the cache and memory, which creates
back-end issues. Also, half of our ML kernels (including those from the ML benchmarks
using the AXV2, SSE2, FMA, and Scikit-learn libraries) have high RET because these
libraries are well-optimized.

3.5.3 Deep Learning (DL) Benchmarks

Figure 3.5 shows the notable kernels from our DL benchmarks. The “notable kernels”
are directly related to the main compute performed by the layers (matrix multiplication,
pooling, ReLU) or data processing (data load, data rearrangement). Unlike the SPEC
CPU/ML benchmarks, the notable functions are relatively similar across DL benchmarks.
As shown in Figure 3.5, the notable kernels from AlexNet are AVX2 SGEMM, KMP barrier,
MKL VML pow, Im2col/Col2im, Pooling fwd/bwd and ReLU fwd/bwd, which are similar
across benchmarks.

DL applications have different model designs in terms of the layer deployment,
activation functions, and connections of the layers to one another; however, the underlying
kernels that they use are similar, which makes the DL applications experience similar
behavior and bottlenecks compared to the other types of benchmarks tested in this study.
Another difference is that many hotspot kernels are AVX2 SGEMM type, a well-optimized
kernel that results in high RET. However, except for the RET part of MKLsgemmAVX2, it
mostly experiences BE:CORE bottleneck because of the intensive VPU usage.
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3.6 Hardware Metrics and Selection Methodology

3.6.1 Hardware Metrics

Multiple architecture components interact with one another during execution, and various
hardware metrics can be captured dynamically via performance counters (cf. Section 3.3.1).
Intel [66] specifies all hardware-related metrics that can be collected by VTune [67] for
different Intel architectures. There are 300 metrics; choosing the ‘right metrics’ to
employ in our MLAM is crucial. Below, we discuss our metric selection strategy.

3.6.2 Metric Selection Methodology

In MLAM, the hardware metrics are used as ‘features.’ However, there are many metrics,
and it would not be a good idea to use them all because (i) some metrics are not directly
related to the bottlenecks, so using them as features could decrease the accuracy of
MLAM, and (ii) a large number of feature sets can decrease the performance of MLAM.
So, it is important to select ‘most beneficial’ metrics as features. We employ two metric
selection strategies – correlation-based and importance-based.

The correlation coefficient measures the degree to which a pair of variables are linearly
related. With random variables X and Y , correlation coefficient ρX,Y can be calculated
as: ρX,Y = cov(X,Y )

σXσY
= E[(X−µX)(Y−µY )]

σXσY
, where µX and µY are expected values and σX

and σY are standard deviation. ρX,Y can be −1 ≤ ρX,Y ≤ 1. If ρX,Y = 0, X and Y are
uncorrelated; if ρX,Y = +1, they have perfect relationship; and, if ρX,Y = −1, they have
perfect inverse relationship.

We can calculate the correlation across ‘bottlenecks’ (Figure 3.6) as well as between
‘bottlenecks’ and ‘hardware metrics’ (Figure 3.7). From Figure 3.6, it can be found
that RET has a negative correlation with all other bottlenecks and a strong negative
correlation with BE:MEM. Most of the benchmarks experience BE:MEM bottlenecks, and
this is why there is a strong negative correlation between RET and BE:MEM. FE and SPE are
somewhat positively correlated since the SPE issue is mainly raised as a result of branch
misprediction, and it affects the front end (regarding re-fetching/decoding/allocating).
Likewise, BE:MEM is positively correlated with the caches and the DRAM, as they are the
main components that create the BE:MEM bottleneck. As explained earlier in Section 3.5,
a significant fraction of the BE:MEM boundedness is due to the DRAM, precisely due to
the DRAM bandwidth (DRAM:BW). Thus, BE:MEM strongly correlates with DRAM and
DRAM:BW.
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Figure 3.6: Correlation across bottlenecks, calculated as described in Section 3.6.2 (less
translucent colors mean higher negative/positive correlation).
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Figure 3.7: Correlation between architectural bottlenecks and hardware metrics.

3.6.2.1 Correlation-based Strategy

We also calculate the correlation coefficients between bottlenecks and hardware metrics,
and the results are presented in Figure 3.7. UOPS_RETIRED.STALL_CYCLES has a strong
negative correlation with RET since it captures how many execution cycles are stalled. It
positively correlates with other bottleneck reasons and strongly correlates with BE:MEM
since many kernels experience the BE:MEM issue. ICACHE_64B.IFTAG_STALL exhibits a
strong correlation with FE and a slight positive correlation with the caches and the
DRAM since it relates to the stalls during fetch due to the L1 instruction cache tag
misses.
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Likewise, INT_MISC.RECOVERY_CYCLES seems to be positively correlated to FE and
SPE because of the branch misprediction recovery, and EXE_ACTIVITY.1_PORTS_UTIL
has a positive correlation with BE:CORE. Other cache and memory-related metrics
have a strong positive correlation with the memory bottleneck. However, metrics like
UOPS_RETIRED. TOTAL_CYCLES are not much correlated to any bottleneck reasons, so
we do not use them.

3.6.2.2 Importance-based Strategy

The importance-based approach is used for high performance and accuracy. We used
permutation feature importance [5, 18] to identify how important a given feature is for
the ML/DL model. With a fitted predictive model m and a dataset D, we can calculate
a reference score s (accuracy) and the permutation importance ij of column j can be
calculated as: ij = s − 1

K

∑K
k=1 sk,j, where sk,j is the score of model m with corrupted

data D̃k,j.
The permutation importance specifies the importance of each feature (column). We

can use it to select the features that are not essential to train the model and remove
them. How we use the importance to select the features and the importance changes
over iterations are explored in Section 3.7.2 and Section 3.8.

3.7 Analysis Model
MLAM can transfer bottleneck analysis knowledge to new architectures and applica-
tions. Specifically, it could be trained using VTune bottleneck analysis data with many
applications and architectures (Step 1). Whenever a new application and/or architec-
ture is encountered, the new application could be analyzed using VTune on the new
architecture, and the raw data from this analysis could be fed into the trained MLAM
model for obtaining an optimal hardware configuration for that application (Step 2).
As depicted in Figure 3.8, MLAM has four major components – data preparation and
preprocessing, metric selection, model training, and inference. The overall flow of MLAM
includes (1) gathering the data and preprocessing it; (2) selecting the features using
correlation-based or importance-based methodologies (see Section 3.7.2); (3) training the
ML/DL models with training data and chosen features; (4) validating the ML/DL model
with the validation set; (5) if the validation accuracy improves or similar, going back
to the feature selection for the next iteration if the model fitting is not finalized; and
(6) inferencing with the test dataset.
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Figure 3.8: End-to-end view of MLAM.

3.7.1 Data Preparation/Preprocessing

3.7.1.1 Data Gathering and Cleaning

Numerous hardware metrics are related to architectural bottlenecks (see Section 3.6.1).
Each kernel with hardware metric values can be one data point, and the metrics are
‘features.’ For supervised learning, we need a correct label for each data. As shown in
Section 3.5, kernels can have a fraction of their bottlenecks in RET, FE, SPE, BE:MEM, and
BE:CORE, which can directly act as the response value.

We used VTune [67] to collect the data points. It periodically checks the status of
the architecture and kernels and collects statistics. If the kernel execution is too short,
the data does not correctly reflect the kernel’s state. So, careful ‘data cleaning’ is needed
for better accuracy. We dropped kernels that contained less accurate information and
retained primary hotspots. We dropped the duplicated data points and the ones with
zero values that exceeded the threshold.

3.7.1.2 Normalization

For MLAM, normalization is crucial to improve accuracy because the metric values are
mostly cycles or occurrences. Therefore, the longer the kernel is, the larger the metric
value is. Thus, to eliminate the effect of the length of the kernel, we normalize the value
of all metrics by each kernel’s number of cycles. Another normalization we apply is
column-level standardization. Each metric can have a different range, and as a result,
combining all of them for a feature can cause a problem by giving a wrong impression
to the model, like large values being important. This normalization aims to change the
column values into a ‘common scale’ without distorting the range differences or losing
any information. For this, we apply z-score (z = (x− µ)/σ) transformation. We obtain
the values of µ and σ from the training data and apply the same z-score transformation
to test/validation data to prevent corruption.
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3.7.1.3 K-Fold

K-Fold cross-validation [184] is used to improve the precision of a model’s accuracy,
especially with small-sized datasets. It (1) divides the dataset into k parts; (2) uses k− 1
parts as training data and 1 for validation; (3) repeats step (2) k times while rotating
the validation set; and (4) determines the expected accuracy based on the results across
the iterations. We used the K-Fold method with k = 10 for a more accurate permutation
importance value, which increased the final accuracy of MLAM.

3.7.2 Feature Selection

We employ two feature selection strategies: correlation-based and importance-based
(see Section 3.6.2). Apart from the differences in their mathematical formulation, these
two strategies also have a procedural dissimilarity. The correlation can be known before
running the ML/DL model, whereas the importance can only be known after running the
model. We calculate the correlation between the hardware metrics and the bottlenecks,
which correspond to the features and labels of our dataset. However, the importance, by
definition, needs the fitted model as its input, so we can only know the importance after
we train the model. Considering these, there are three sub-parts in our metric selection
process: feature list initialization, feature list update, and termination.

3.7.2.1 Feature List Initialization

There are around three hundred hardware metrics. Not all of these metrics would be
helpful in predicting the bottlenecks for a given kernel. Including all metrics as a feature
list could decrease the performance of MLAM (due to the repetitive feature list update
iterations). Choosing a reasonable ‘initial feature list’ is essential for accuracy and
performance. For this, we use the correlation-based methodology. We choose the subset
of Φ (whole feature set) as the initial feature set (Φinit), which can be obtained from the
following equation:

Φinit = {f ∈ Φ : ∃y ∈ Y s.t. |ρf,y| > γ}, (3.1)

where Y is the label set, ρf,y is a correlation between a feature (f) and a label (y), and γ

is the correlation threshold. The expression indicates that if the absolute value of the
correlation between a feature and any of the labels is larger than the threshold, then the
feature becomes an element of Φinit. The next challenge is to pick reasonable γ, whose
effect will be studied later in Section 3.8.
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3.7.2.2 Feature List Update

After we have Φinit, the model is trained using the train data with the initial feature list.
Using the fitted model, we can calculate if (importance of each feature). As discussed in
Section 3.6.2.2, ‘importance’ indicates how vital a given feature is to the model, and with
it, we can remove the ‘not-so-important’ metrics from our feature list. However, it is
possible that some features, classified as unimportant with a low cross-validation score,
could be essential for a good model. That is why we do feature selection in an iterative
fashion instead of fitting the model once and choosing features based on importance right
from that. We gradually remove the features with regular ratio (α) from the feature list
and use the updated feature list in the next iteration (rank(if ) in descending order):

Φiter+1 = Φiter \ Φexc, where, Φexc = {f ∈ Φiter : rank(if ) > |Φiter| × (1− α)}. (3.2)

3.7.2.3 Termination

The termination stage decides whether to continue the feature list update or not. To
determine that, we use the validation score, R2, which can be calculated as R2 =
1− SSE

SST
. R2 can have a value less than or equal to 1, and a higher R2 value indicates

a better model. After the cross-validation, we can identify whether the model has
improved (R2

iter − R2
iter−1 > ϵ), remained similar (|R2

iter − R2
iter−1| ≤ ϵ), or worsened

(R2
iter −R2

iter−1 < −ϵ). There could be room for further improvement if it improved, so
we continue. Likewise, if R2 remained similar, we continue the feature selection because
(1) the model might be improved in the future or (2) a shorter feature list can increase
performance. When R2 starts decreasing, it is likely that we removed valuable metrics,
so we stop and use the previously trained model for the inference.

3.7.3 ML Model Fitting/Validation

MLAM employs two different ML algorithms: Random Forest Regressor (RFR) and
Multi-Layer Perceptron (MLP) Regressor. We selected regression-based algorithms since
our target values (architectural bottlenecks) are fractions/percentages, as shown in
Section 3.5. When we consider the nature of the bottlenecks, kernels are not 100% core
or memory bound. Instead, they experience a mixture of bottlenecks.

In MLAM, it is possible to use any supervised learning algorithm. Among the choices,
RFR and MLP are good representative models for exploring the effectiveness of MLAM.
RFR is robust in noisy data and relatively simple to fine-tune, which suits our purposes
well, considering that our dataset is somewhat noisy and that a long fine-tuning process
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would degrade the performance of MLAM. MLP is a simple but very effective DL model
commonly used in many domains; thus, by using MLP, we can show the effectiveness of
DL models in bottleneck analysis.

To fine-tune MLAM, we used the successive halving hyperparameter tuning method [71,
102] that searches the ‘hyperparameter space’ for the best hyperparameter combination.
For RFR, the hyperparameters are the number of estimators, the number of features for
the best split, the minimum number of data to split the node, and the minimum number
of data a leaf node should have. For MLP, the hyperparameters are the size of the hidden
layer, the L2 penalty (regularization) parameter, and the initial learning rate. We use
separate validation scores to decide whether to repeat the metric selection iteration. This
score becomes an input to the metric selection stage as explained in Section 3.7.2.

3.7.4 Inference

After MLAM terminates iteration, it proceeds to the inference with the test data. We
calculate the R2 score to evaluate its effectiveness. Inference can be executed with the
previously trained, saved model, which helps avoid re-training the model whenever we
predict the bottleneck.

3.7.5 Multi-Architecture Support

In our evaluations, we train and perform inference using the proposed MLAM using the
Intel Skylake architecture, as mentioned in Section 3.4. However, we also train our MLAM
using the Intel Broadwell, Icelake, and Cascadelake architectures individually to show
that our model helps avoid performing cumbersome architectural profiling data deduction
to perform bottleneck analysis in different architectures and for many applications. One
will not need to profile many applications to train the model since trained models could
be reused for each architecture.

We also propose a multi-architecture-trained model. We train our model with multiple
architectures and perform inference with one architecture. Multi-architecture training is
aimed at the case where the end-user (hardware designer) does not have enough historical
hardware profiling data for the target (inference) architecture, so the large amount of
data coming from other architectures and a small amount of data coming from the target
architecture will be used to predict bottlenecks for a new workload running on the target
architecture. Finally, MLAM aims to reduce the time required for comprehending the
architectural profiling data, which slows down any progress in research and development
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for designing better-suited hardware configurations for different application domains.
Once MLAM is trained, it can perform verification multiple times to reduce the required
effort to reduce architectural profiling raw data deduction time.

3.8 Experimental Results
In this section, we quantify (1) the effect of correlation-based feature selection, (2)
performance and accuracy with importance-based feature selection, (3) the importance
of the metrics to predict bottlenecks, and (4) fine-tuning.

3.8.1 Correlation-Based Feature Selection

Figure 3.9 plots the changes in performance (speedup) and accuracy when using different
correlation threshold (γ) values in the feature list initialization. The bar graph shows
the performance variations in training and inference concerning the cases with γ = 0 to
γ = 0.85. The line graph shows the model score, R2. The x-axis indicates γ and the size
of Φinit derived from Equation 3.1.
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Figure 3.9: Performance (bars) and accuracy (line) of RFR (left) and MLP (right), with
correlation-based metric selection.

Following observations can be found: (1) The RFR model works well with γ = 0,
whereas the MLP model has inferior accuracy with low γ values; (2) In the range of
0.1 ≤ γ ≤ 0.75, the accuracy of RFR is stable (around 0.70); however, MLP achieves a
slight accuracy improvement (0.62 to 0.70); (3) In both RFR and MLP, the accuracy drops
when employing a very high γ value (i.e., γ > 0.75); (4) When the value of γ increases,
the RFR training performance improves dramatically, whereas that of MLP decreases;
and finally, (5) As γ is increased, the execution time of RFR inference exhibits a stable
behavior, whereas the MLP inference execution time decreases (gradual performance
improvement till 27.06%).
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Regarding observations (1) and (2), RFR works well with γ ≤ 0.75 since RFR
randomly selects the features to create the forest, and as a result, if a feature is not
decided to be ‘good’ to be added, RFR does not select that feature. Therefore, as long as
the metrics are in the feature list, RFR is expected to result in robust accuracy. However,
MLP uses all the features to train its hidden layers; it is more sensitive to the features
than RFR. Therefore, if it gets not-very-related data, the accuracy can drop drastically,
as in the case where γ = 0. This behavior is also why MLP gradually improves accuracy
as we select good features.

Regarding observation (3), if we set γ too high, some essential features are excluded,
so the accuracy drops in both. Regarding observation (4), the performance of the RFR
training improves as the number of feature sizes decreases since the RFR can quickly build
a forest with a smaller number of feature sets. However, for MLP, we use early stopping
when MLP converges; so, even though the execution time of one MLP iteration gets
reduced with fewer features, the total iteration count increases, leading to performance
degradation. Finally, for (5), the execution time of the RFR inference is short, and it
depends on the depth of the tree. Thus, the performance of RFR does not change much.
In contrast, for MLP, with a smaller feature list, the number of computations needed for
inference decreases, which makes MLP inference performance better.

3.8.2 Importance-Based Feature Selection

Figure 3.10 plots the performance and accuracy changes per iteration with feature list
update. We set α = 0.1 and γ = 0.5 so we do not prematurely exclude any critical feature.
At each iteration, we only choose the features that satisfy Equation 3.2. The training
and inference performance is similar to Figure 3.9, and the validation performance is
comparable to that of inference. The performance of importance calculation improves
exponentially since we use permutation importance. The validation accuracy drops
beyond iter11 for RFR and iter12 for MLP, primarily due to removing essential features.
However, RFR shows steady validation and inference accuracy (around 0.7), whereas the
validation and inference accuracy of MLP improves, which was also captured during the
correlation-based approach. One difference is that MLP shows a higher peak validation
(0.71) and inference accuracy (0.72) compared to the correlation-based one (0.70), mainly
because of the better feature selection strategy it employs. Based on this experimental
data, we have selected a feature list in iter11 for RFR and iter10 for MLP.

Figure 3.11 gives the permutation importance of the hardware metrics over iterations
in the feature update. The 25 metrics in the graph are from the feature list created
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Figure 3.10: Performance (bars) and accuracy (lines) of (a) RFR and (b) MLP with
importance-based metric selection.

during iter11 in RFR and iter10 in MLP (in total 32). The lines show the importance
changes from iter0 to iter21, and if the feature is excluded, the line ends there (the longer
the line is, the longer the feature lasts). RFR and MLP utilize different metrics to train
the model. In our selected feature list, 40.6% of the features are used in both RFR and
MLP, 25.0% of them are used only in RFR, and 34.4% only in MLP. Additionally, 21.9%
of them are related to the number of instructions, µOps, and overall stalls, 25.0% are
related to core cycles and stalls, 28.1% are for front-end, 6.3% are from misprediction,
15.6% are from cache and memory, and finally 3.1% are for retire slot. We see that the
metrics capturing the number of inst/µOps, stall-related metrics, core-related ones, or
retirement slot usage are the ‘most valuable’ hardware metrics for MLAM.
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Figure 3.11: Permutation importance changes over feature selection iterations on selected
metrics.

3.8.3 Fine-Tuning

Figures 3.12 and 3.13 plot the accuracy variation during the fine-tuning. Each line
represents one possible candidate of the hyperparameter combination. Also, the x-axis
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captures the iteration in the halving process with (amount of resources, number of
candidates). Initially, the accuracy is low since a small fraction of the dataset is used.
We can obtain the best hyperparameter combination by adding more resources and
eliminating unpromising candidates. The candidates that reach the last iteration with
the best accuracy are depicted in red with an accuracy of 0.70 (RFR) and 0.72, 0.71
(MLP). Variances in accuracy between the candidates of RFR are minimal, whereas the
variances in accuracy between the candidates of MLP are significant. Because of the
characteristics of RFR (robust and easy to fine-tune), there is not much variance between
the candidates, which makes any hyperparameter combination perform reasonably well.
At the same time, the effect of fine-tuning (accuracy improvement) is relatively small.
MLP shows variations between the candidates, making it hard to fine-tune, but it
improves accuracy (0.71 → 0.72).
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Figure 3.12: Fine tuning for RFR model
with [max_features, min_leaf, min_split,
n_estimators] hyperparameters.
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Figure 3.13: Fine tuning for MLP model
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3.8.4 Results for Different Architectures

To perform a multi-architecture evaluation of MLAM, we collected comprehensive and
detailed architectural profiling data for the Broadwell, Icelake, Skylake, and Cascadelake
architectures using their hardware counters, for only ML workloads, due to time con-
straints. We used correlation-based feature selection with the Random Forest Regression
model because this set of experiments is more reliable with fewer data. We also perform
multi-architecture training to evaluate our model regarding bottleneck ordering and
magnitude prediction in multi-architecture settings. For this, MLAM was trained using
three of the four architectures along with a portion of the remaining one and validated
using the remaining portion of the remaining architecture.
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3.8.4.1 Ordering and Value-Based Similarity Metrics

MLAM helps deduce bottlenecks robustly from raw architectural profiling data to
eventually create suitable architectures for different applications. Therefore, instead
of obtaining the architectural bottleneck prediction accuracy, obtaining the bottleneck
ordering accuracy and some influence of the absolute bottleneck percentage values is
crucial to optimizing performance-limiting hardware components robustly. To ensure
this, we propose our own ordering and magnitude similarity metric. Our similarity metric
was initially based solely on the ‘ordering’ of the bottlenecks according to predicted
bottleneck values, as shown in Definition 1. However, we improved this metric by adding
the influence of the absolute percentage values of bottlenecks as shown in Definition 2.

Definition 1 (Ordering-Based Similarity) Let nj be the number of intersections
between the first j elements of the true ordering of bottlenecks, t, and predicted ordering
of bottlenecks, p, then

sim_ord_based(t, p) = 1
m

5∑
j=1

(6− j)
(

nj

j

)
,

where m is a constant to normalize sim_ord_based(t, p) to lie between 0 and 1, nj

j
is the

ratio of correctly guessed number of bottlenecks in the first j most important (highest
percentage) ones, (6− j) is weighting to increase the importance of the most important
bottlenecks.

Definition 2 (Ordering- and Value-Based Similarity) Let t = (t1, . . . , t5) and p =
(p1, . . . , p5) be the percentage values of RET, FE, SPE, BE:MEM, and BE:CORE for true and
predicted bottlenecks, respectively. Assume t̃ = (t̃1, . . . , t̃5) is the descending ordered
version of t, whereas p̃ is the ordered version of p where the order respects the mapping
from t to t̃. That is, t̃1 is the highest bottleneck value, while p̃1 is the prediction for this
value. Observe that p̃1 is not necessarily the largest among p1, . . . , p5. Similarity between
t and p is

sim_val_based(t, p) = 1− 1
m

√√√√ 5∑
i=1

(6− i)2(t̃i − p̃i)2,

where m is a constant to normalize sim_val_based(t, p) to lie between 0 and 1, and (6− i)
are added weights to increase the importance of the most important bottlenecks.

3.8.4.2 Single-Architecture Train Results

We present the single architecture model training and bottleneck prediction results
using our similarity metrics. As seen in Figure 3.14, the Ordering and Value-Based
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Figure 3.14: Similarity results for the
Broadwell architecture experiments.

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8

S
im

ila
ri
ty

Experiment
Ordering-Based Similarity
Ordering and Value-Based Similarity

Figure 3.15: Similarity results for the Cas-
cade Lake architecture experiments.
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Figure 3.16: Similarity results for the Ice
Lake architecture experiments.
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Figure 3.17: Similarity results for the Sky-
lake architecture experiments.

Similarity metric was consistently higher than the Ordering-Based Similarity in all
correlation threshold and feature size experiments on the Broadwell architecture. This
result indicates that the ordering and the percentage values of bottlenecks were also
predicted accurately. This result was the same for most of the correlation threshold
and feature size experiments of the Cascade Lake architecture (Figure 3.15) and all
experiments of the Skylake architecture (Figure 3.17). In some Ice Lake experiments, the
Ordering-Based Similarity metric had slightly higher results (Figure 3.16). On average,
the difference between the two metrics was only 2%. This result shows that the orderings
were accurate; however, there was a slight difference in bottleneck percentage value
predictions due to having fewer data than needed. In the case of a larger dataset, the
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Ordering and Value-Based similarity metric will give a higher similarity result due to
the model being trained better. On average, the Ordering-Based and Ordering and
Value-Based Similarity for the Broadwell architecture were 65% and 77%, respectively;
72% and 74% for Cascade Lake; 64% and 62% for Ice Lake; and 69% and 80% for Skylake.
Overall, when the bottleneck value information was used to calculate the similarity
between the actual and predicted bottlenecks, this similarity was 6%

3.8.4.3 Multi-Architecture Train Results

For multi-architecture model training evaluation, we performed a different set of experi-
ments. The performance counters were different across different architectures. So, we
identified the same ones with different names and performed a mapping between them.
Moreover, if an architecture did not have a counter that another had, we filled in missing
values using the mean or median strategy. Specifically, we varied the merging strategy of
the different architecture datasets (union, intersection), the tested architectures (Broad-
well, Cascade Lake, Ice Lake, and Skylake), and the missing hardware counter data-filling
method (mean, median). As seen in Figure 3.18, the Ordering and Value-Based Similarity
results were consistently higher for all of the experiments conducted (by 4% on average).
The similarity values were, on average, higher than 70%
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Figure 3.18: Similarities for multi-architecture experiments.

In both sets of experiments, Ordering and Value-Based Similarity results were higher
(72.4%), indicating that both ordering and bottleneck values that MLAM outputs are
accurate to create an application- or domain-specific architecture, showing MLAM will aid
in robustly reconfiguring the hardware according to the predicted bottlenecks, creating a
custom architecture, for the target workloads.
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3.8.5 Summary of the Results

RFR vs MLP: RFR shows a more stable accuracy than MLP, and MLP gives a higher
peak accuracy than RFR.
Single Architecture Train Similarity Results: The Ordering and Value-Based
Similarity for the bottleneck ordering and value prediction was higher than the ordering-
based similarity for four architectures and the multi-architecture training, indicating
that not only the bottleneck ordering but also the bottleneck percentages were predicted
accurately.
Correlation vs Importance Based Feature Selection: Correlation- and importance-
based feature selection strategies exhibit similar behavior. However, eliminating features
solely based on the correlation coefficient is faster than importance-based elimination
but risks excluding “important” features (impacting accuracy).
Important Hardware Metrics: RFR and MLP share some metrics (40.6%); however,
they also independently use different metrics to predict the bottlenecks (RFR: 25.0%,
MLP: 34.4%). Generally, the metrics for the number of inst/µOps, stall-related, core-
related, and retirement slot usage are the most important metrics for MLAM.

3.9 Discussion of Related Works
General Performance Modeling: Williams et al. [204] proposed a roofline model
to improve the performance of parallel floating-point applications. Stengel et al. [180]
employed a cache-memory performance model to quantify the bottlenecks in stencil
computations, and Hoefler et al. [59] predicted the performance of parallel applications.
Unlike these works, we focus on using ML/DL to perform architectural bottleneck
analysis.
ML-Based Modeling: Recent works proposed ML models to predict the behavior
of applications running on different hardware: Yoo et al. [209] proposed to use ML to
identify the hotspot of functions in an application. Yoo et al. [210] suggested a job status
prediction strategy for scientific clusters. Jaggard et al. [70] implemented a framework to
monitor the network performance for ML applications. Compared to such works, MLAM
employs ML/DL algorithms and shows the relationship between the hardware metrics
and architectural bottlenecks. To our knowledge, using ML/DL models to explain the
relationship between metrics and bottlenecks has not been explored before.
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3.10 Chapter Summary
In this chapter, we proposed MLAM, a machine learning-based architectural analysis tool.
MLAM allows the transferring of the knowledge obtained from architectural analysis tools
to different applications and architectures to tune hardware. We benchmark programs
from different domains and identify their architectural bottlenecks. Further, we identify
the relationships between the hardware metrics and the bottlenecks from the correlations.
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Chapter 4 |
On-the-Fly Job Scheduling to In-
stantaneously Suitable GPUs

4.1 Introduction
As HPC applications become more popular and compute-heavy, the use of heterogeneous
compute elements increased significantly. Most of the HPC heterogeneous compute
platforms contain multiple GPUs. Offering an intelligent job scheduling algorithm for
GPU-supported jobs within multi-GPU hosts could improve the efficiency of resource
allocation on GPU infrastructures, increasing the performance of high-performance
computing (HPC) applications.

One of the most popular frameworks in the bioinformatics domain that hosts many
HPC applications, Galaxy, is a web-based open-source framework widely used by thou-
sands of researchers [124] for a variety of compute-intensive applications, including
computational chemistry [82], genome assembly, epigenetics, metagenomics, ML, and
drug discovery [156]. Galaxy can be installed on various computing platforms, such as
local clusters, public datacenters, and national lab supercomputers [123], and is also
available as a worldwide network of managed free services (known as usegalaxy.*). As a
result of its accessibility, Galaxy has been cited over 10,000 times in the last decade [125].
Galaxy allows users to access tools, manage workflows, reproduce, store, and share
experimental results with the community with these diverse deployment options.

As evidenced by prior research [145], many of the tools used in Galaxy have paral-
lelization opportunities, potentially enabling substantial performance improvements when
executed on hardware accelerators. An example is PyPaSWAS [203], a sequence alignment
application showing a 33× speedup with GPU than CPU. Within the broad spectrum
of hardware accelerators, including GPUs, Field-Programmable-Gate-Arrays (FPGAs),
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and Application-Specific Integrated Circuits (ASICs), GPUs have been dominating the
landscape due to their multi-faceted nature of supporting modern-day applications [145].
GPUs have become an essential part of modern computing systems, with their use
reaching far beyond their initial target domain (computer graphics) to many parallel
application domains such as bioinformatics, nuclear physics, deep learning, and oth-
ers [25,44,62,128]. With the rapid increase in programmability and compute and storage
capabilities of GPUs, there has been ongoing development of a growing set of applications
and problems mapped to GPUs. For instance, Argonne National Laboratory’s researchers
have accelerated a COVID-19 vaccine study that simulates an essential part of a protein
spike on coronavirus made up of 1.5 million atoms. Using the latest V100 GPUs, they
achieved a 5× speedup compared to CPU-only execution [56].

With the proliferation of parallel bioinformatics applications/tools, deployment plat-
forms like HPC supercomputers and public data centers have begun to include GPUs as a
part of their mainstream hardware infrastructure. For instance, the Brookhaven National
Laboratory has expanded its supercomputers to include a 200-node GPU cluster [117].
Despite GPUs being available in today’s hardware infrastructure, the current Galaxy
framework does not support GPUs. This apparent deficiency in Galaxy motivates the
central premise of our work: can we make the Galaxy framework “GPU-aware” such that
GPU-enabled tools can leverage the flexibility offered by executing in Galaxy for enhancing
performance?

However, it is non-trivial to integrate GPUs into the current Galaxy framework
without affecting the user experience (i.e., users should be able to retain their original
tool deployment method, while the tools should be able to leverage GPUs when applicable).
To address this problem, we present GYAN, an enhanced Galaxy framework with support
for executing GPU-enabled tools. We achieve this through minimal code enhancements
and user-agnostic modifications to the Galaxy framework, and we further test our
improvements on an in-house Galaxy deployment.

We make the following key contributions:

1. We make Galaxy GPU-aware such that the tools with GPU capability can seamlessly
execute in Galaxy alongside CPU-enabled tools. We support bare-metal (locally
running) and containerized tools that can be executed in Galaxy.

2. We design an intelligent GPU-aware orchestration policy such that a given tool can
be executed on a CPU or a GPU based on availability. Furthermore, we provide
multi-GPU support to spread highly compute-intensive tools across multiple GPUs.
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The GPU selection is designed based on the availability and utilization of all GPUs
in a cluster.

3. We evaluate the effectiveness of the proposed GPU support in Galaxy using two
widely used tools: Racon and Bonito. Racon is a genome consensus [196] tool, and
Bonito performs base calling [172].

4. The results from our experiments indicate that the GPU versions of these two
tools show ∼2× (for Racon) and ∼50× (for Bonito) speedups over their original
CPU-based counterparts.

The remainder of this chapter is structured as follows. Section 4.2 presents the neces-
sary background information on Galaxy, bioinformatics tools, GPUs, and containerization.
In Section 4.3, we then explain the motivation behind this work and our challenges. The
details of implementing the enhancements we made to the Galaxy framework to allow
GPU-aware job mapping and orchestration are given in Section 4.4. This section also
discusses our multi-GPU support. The experimental results are presented and discussed
in Section 4.5, followed by the conclusions.

4.2 Background and Related Work
We present background on Galaxy, containerization support, parallelism, and GPUs.

4.2.1 Galaxy Software Framework

Galaxy is an open-source web-based framework maintained by a large, worldwide commu-
nity. Galaxy enables thousands of researchers without informatics expertise to perform
computational analyses [123]. Galaxy framework consists of two main components. The
first is The Galaxy Software Framework, a web-based computational analysis application.
The framework interacts with the underlying computational infrastructure hidden from
the user. This infrastructure can be a conventional cluster, cloud, or a hybrid system that
combines the two. The second component, usegalaxy.*, is a set of hosted, free servers
around the works that allow thousands of users to use various tools. These servers are
typically hosted on national cyberinfrastructure (e.g., in the US, at Texas Advanced
Computing Center (TACC) as part of the CyVerse project [123], and in Australia, on
the NeCTAR academic cloud).
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The hosted Galaxy instances offer a set of popular, commonly used tools. Tools are
the applications run on Galaxy instances. These tools are used by an end-user, installed
as a “Galaxy Admin”, and developed by a tool developer. When a user wants to execute
a tool, it is submitted as a “Galaxy Job”. A single job can be a single tool instance or a
workflow consisting of a sequence of multiple tools. Galaxy tools have XML files called
“tool configuration files” or “wrapper files”, automatically rendered into the tool’s web
user interface. The wrapper files create a bridge between the tools and Galaxy to inform
Galaxy on how to execute the tool, what options to pass as parameters, and what output
file(s) will be generated [126].

4.2.2 Containerization Support in Galaxy

Galaxy can also use containerized tools by launching jobs as “containers.” A container
is a “standard unit of software that packages up code and its dependencies” [121].
Containerization allows seamless, reliable execution from one platform to another and
makes end users’ jobs easier by managing all the dependencies. Docker containers [121]
are instantiated, at runtime, from Docker Container Images, which are lightweight and
standalone packages that include the implementation, tools, libraries, and other settings
necessary for that application to be executed independent of the operating system [121].
Singularity is a tool that works almost the same as Docker; however, it has different
permission configurations, which allow it to be executed on HPC clusters easily [132].
Galaxy currently supports both Docker and Singularity-containerized tools. Galaxy also
supports “Biocontainers”. Biocontainers [150] is an open-source project that helps manage
bioinformatics packages for applications and allows us to deploy them as containers.
Biocontainers include Docker containers built from Dockerfile recipes and Conda-based
containers that first develop a Conda package and then build a Docker container from
the package [150].

4.2.3 Parallelism and GPUs

GPUs are designed to be powerful engines for computationally demanding applications.
They deliver an excellent performance for many types of parallel computations. A GPU
is a highly parallel programmable processor with extensive arithmetic capabilities and
memory bandwidth. Therefore, it is not only meant for graphics purposes. So, it yields
high-performance advantages for many parallel applications over its CPU counterpart.
Further, GPU architectures have developed substantially over the years, with parallelism
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and throughput becoming increasingly important than latency in many application
domains. Especially the recent NVIDIA GPUs can achieve thousands of GFLOPS
(giga-floating point operations per second) [145].

In an NVIDIA GPU architecture, an application code is parallelized using the CUDA
parallel programming model [115], which maps threads, blocks, grids, and warps to the
GPU architecture. In this model, GPUs are referred to as “devices”, and CPU is referred
to as “host”. The functions that run in GPUs are called “device kernels”. In a device
kernel, the threadIdx gives the ID of the current thread, blockIdx gives the ID of the
current block, blockDim gives the size of each dimension of the current block, and lastly,
gridDim gives the size of each dimension of the current grid [115]. GPUs can run many
device kernels in parallel, and each device kernel accesses a grid to access threads and
blocks. The number of grids, blocks per grid, and threads per block depends on the
GPU’s compute capability. Threads are organized in 1, 2, or 3-dimensional blocks, and
similarly, blocks are organized in 1, 2, or 3-dimensional grids [115]. Within a block of
threads, the threads are executed in groups of 32, named “warps”, and all threads in
a warp execute the same thing [45]. Each thread in a warp accesses a shared memory,
which can introduce bank conflicts.

NVIDIA GPUs contain Streaming Multiprocessors (SMs), and each SM contains
Streaming Processors (SPs) or CUDA cores. SMs execute the device kernels in block(s)
(therefore several warps) one after another. In the current GPU architectures, each
SM has several warp schedulers [129], showing these GPUs’ dynamic scheduling nature,
allowing scalability. So, a higher number of blocks used in a device kernel allows better
scaling across any GPU architecture.

To evaluate GYAN, we used a machine with two Tesla K80 GPUs. The Tesla K80
GPU has two Tesla GK210 GPUs, as seen in Figure 4.1. Both GPUs have 2,496 processor
cores with a core clock of 560 MHz to 875 MHz; the memory bandwidth is 480 GB/sec,
and the total board memory is 24 GB [130]. In this GPU, the number of threads per warp
is 32; the maximum number of threads per block is 2048, and the maximum number of
warps per SM is 64. There are 15 SMs, each containing four warp schedulers, allowing four
warps to be executed simultaneously. The SMs in this GPU have improved performance
for double-precision workloads [129].

4.2.4 Related Work

We briefly describe the infrastructure and software enhancements to Galaxy over the
years. On the infrastructure front, cloud computing can offer on-demand access to elastic
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Figure 4.1: Tesla K80 GPU architecture.

computational infrastructure; however, it is not available for biologists to use “as is.”
“Galaxy CloudMan” was developed [2] to allow researchers to manage an arbitrarily sized
compute cluster on Amazon EC2. This system does not require informatics knowledge,
allows the creation of a configured compute cluster in less than five minutes, and makes
the entire biological tools suite available for immediate usage.

Besides the cloud computing support, there have been several other application-level
enhancements for the Galaxy Framework. One is related to expanding Galaxy’s reference
data [199]. For many bioinformatics analyses, properly managing reference datasets is an
important task. Refgenie [199] is a reference management system that enables this task,
and it is integrated into the Galaxy platform with a graphical user interface. Similarly,
Galaxy was recently enhanced with another platform related to long-read sequencing,
which has become popular and allows sequencing long contigs at low cost and minimal
preparation. “NanoGalaxy” [30] was developed, and it is a freely available Galaxy-based
toolkit for analyzing long-read sequencing data. PyPasWAS is a Python-based multi-core
GPU and CPU sequence alignment tool. While PyPasWAS achieves a 33× speedup
in execution time using GPUs for alignment, it is not a platform for running different
sequence alignment tools, and it does not provide infrastructure nor an interface with
Galaxy. Another recent work [116] designed infrastructure for NGS analyses using Galaxy
with GPU support. While providing limited implementation details, it is an in-house
framework that uses Galaxy as a middleware to run jobs along with the Slurm scheduler.
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4.3 Motivation
While the current implementation of Galaxy does not allow GPU-enabled tools to run,
prior research demonstrates that the GPU versions of many tools currently running
in Galaxy can potentially achieve significant speedups (compared to their CPU ver-
sions). The speedups for a few life sciences applications are as follows: Direct Coulomb
Summation ∼45× [145]; Cutoff Pair Potentials application ∼17× [161]; Fluorescence
Microphotolysis ∼11× [10]; and Multi-Level Summation Method Short-Range application
∼25× [55].

These examples show that GPUs can improve performance in critical research areas
for human life, which has shaped accelerator development in recent years. At Argonne
National Laboratory, researchers study a COVID-19 vaccine, where a 24 DGX A100
system cluster empowers them to accelerate the simulations, enabling a faster understand-
ing of how this virus infects humans [56]. Furthermore, The National Energy Research
Scientific Computing Center uses A100 for AI-based simulations [56]. They had speedups
up to 5× (V100 GPU vs. CPU) in different areas, and they expect more gains with
A100 [56]. These results show that these use cases and tools are highly parallelizable and
yield significant performance improvements when coupled with GPUs. Further, these
tools are often embarrassingly parallel, allowing them to scale across multiple GPUs.

4.3.1 Challenges in Bringing GPU Support

To design and develop the GPU support, we first investigate the four main steps involved
with Galaxy’s tool execution flow. As seen in Figure 4.2, first, users trigger a job
submission through the Galaxy web interface. Galaxy parses the tool requirements from
the wrapper file, including references to the required libraries and hardware. Second,
Galaxy executes the submitted job via a runner, which maps the job to a destination
using a job configuration file. Third, Galaxy submits the job to a job scheduler or
executes it locally as a dedicated process. Finally, Galaxy collects the results from the
job execution and presents them to the user via the web interface. While inspecting this
tool execution workflow, we identified four critical challenges in the workflow’s first two
steps.
Scientific Impact: Galaxy is used by thousands of researchers who significantly con-
tribute to various important domains, executing hundreds of thousands of compute
and data-intensive experiments. With GPU infrastructure support, these experiments
will benefit from massive speedups due to the inherent parallelism they offer. This
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Figure 4.2: The system flow diagram for Galaxy tool execution.

advantage unilaterally motivates the need to enable GPU-aware tool execution in the
Galaxy framework.

The first challenge, Challenge-I, is to include a new compute requirement for GPU (in
the form of XML tags) in the tool configuration file. The current Galaxy implementation
does not provide explicit hardware requirement specification tags. Hence, it is non-trivial
to include a new hardware specification while retaining the original Galaxy execution
flow. The second challenge, Challenge-II, lies in exposing the GPU availability to the
Galaxy runner. The runner uses dynamic destination mapping to map jobs into physical
hosts (destinations). The runner needs to extract information from the new GPU
requirement, such as GPU availability and GPU model, to map GPU jobs alongside CPU
jobs dynamically. Additionally, if GPUs are unavailable, the runner needs to switch jobs
to CPU nodes in a user-agnostic fashion.

Since we need to support both bare-metal and containerized tools, Challenge-III is
to enable GPU support for containerized tools. Although Galaxy supports launching
tools like Docker containers, it does not support NVIDIA Docker-based GPU containers.
The primary challenges to exploit them lie in defining a new compute requirement (in
Challenge-I ) as a part of the existing container launch script.

The final challenge, Challenge-IV, concerns the design of multi-GPU-aware computa-
tion mapping support. To efficiently enable multi-GPU support, we need the following: (i)
allow the end-user to specify the IDs of GPUs as a requirement; (ii) obtain the real-time
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GPU information such as GPU IDs, the number of executing processes, and memory
usage, and (iii) design a GPU device allocation strategy without (or minimally) affecting
the currently running processes. These four challenges highlight the design complexities
of enabling GPU support in Galaxy.

4.4 Design and Implementation of GYAN
To address the challenges in Section 4.3.1, we design and implement GYAN – a GPU-
aware computation mapping support for Galaxy. While retaining the original execution
flow of Galaxy, the essential features of GYAN are (i) minimal to no user involvement, (ii)
easily extensible code enhancements to Galaxy’s core framework, (iii) minimal overheads
for cluster administrators, and (iv) under-the-hood automated decision-making process.
Below, we explain the individual design components of GYAN in detail.

4.4.1 GPU-Aware Computation Mapping

Challenge-I requires designing a new compute requirement of type GPU in XML tags.
To overcome this challenge, we designed and implemented a new parser, which interprets
the new requirement type. The new requirement type will be used in the tool wrapper
file as shown in Code 4.1. The new requirement type is utilized when deciding if GPU is
required in the upcoming steps of the Galaxy execution flow. The values of the compute
requirement type can be “gpu” or “cpu” (default).

1 <macros >
2 <xml name=" requirements ">
3 <requirements >
4 <requirement type=" package " version =" @VERSION@ ">racon </ requirement >
5 <requirement type=" compute ">gpu </ requirement >
6 </ requirements >
7 </xml >
8 ...
9 </ macros >

Code 4.1: The macros.xml file. It specifies the tool’s requirements and is imported into
the racon.xml file. The type “gpu” requirement is at line 5, allowing Galaxy to recognize
that the tool required GPU to be executed.

Recall that Challenge-II exposes the GPU availability to the Galaxy runner. We
added a new job rule to address this challenge, which allows us to dynamically map
between CPU or GPU destinations according to different conditions. The job rule obtains
GPU availability and the number of GPUs using the “pynvml” Python library. If the
tool’s wrapper file has the compute requirement of type “gpu” and at least one GPU is
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available, the destination is configured to be “local GPU.” At the same time, a boolean
environment variable called “GALAXY_GPU_ENABLED” is introduced to Galaxy; it is set to
“true” if the “local GPU” destination is configured and “false” otherwise. The Galaxy
administrators configure the job execution destinations using the “job_conf.xml” file.
The new job rule is used in the “job_conf.xml” file as a “destination” (see Code 4.2).

1 <job_conf >
2 <plugins >
3 ...
4 <plugin id=" dynamic " type=" runner ">
5 <param id=" rules_module ">galaxy .jobs. rules </ param >
6 </ plugin >
7 </ plugins >
8 <destinations default =" gpu_cpu_decision ">
9 <destination id="gpu_cpu - decision " runner =" dynamic ">

10 <param id="type">python </ param >
11 <param id=" function ">dynamic_map </ param >
12 </ destination >
13 </ destinations >
14 </ job_conf >

Code 4.2: The “job_conf.xml” configuration file that specifies the dynamic job
destination decision making dynamic_destination.py script as the runner.

In the Galaxy framework, the backend Python variables are exposed to the tool devel-
oper with the dictionary data structure, which is the output of the “build_param_dict”
function. This function resides in the “evaluation.py” script and bridges the Galaxy back-
end and the tool developer. Using this information, we exposed the “GALAXY_GPU_ENABLED”
environment variable to the tool wrapper file by inserting a dictionary entry. We assign
the “GALAXY_GPU_ENABLED” value to ‘‘__galaxy_gpu_enabled__” in the tool-config
file.

Code 4.3 shows how the tool wrapper file utilizes the “__galaxy_gpu_enabled__”
key from the parameter dictionary. It the value of “__galaxy_gpu_enabled__” and
decides which executable to use. By default, in CUDA programming, if the tool does not
specify any GPU device preference, all the GPUs are made available. However, if the tool
has a specific GPU preference within the requirements XML, then that GPU is used. If
the GPU is busy, the tool will be offloaded to another GPU device based on availability.
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1 <tool id=" racon " name=" Racon " version =" @VERSION@ ">
2 ...
3 <command detect_errors =" exit_code "><![ CDATA [
4 ...
5 #if $ __galaxy_gpu_enabled__ ==" true":
6 racon_gpu
7 # else:
8 racon_cpu
9 #end if#

10 ...
11 ]] ></ command >
12 </tool >

Code 4.3: The “racon.xml” wrapper file for the Racon tool. The wrapper files allow users
to specify the executable and include the parameters that the end user can set. This file
is necessary for Galaxy to recognize the tool. The “GALAXY_GPU_ENABLED” environment
variable is accessed via the parameter dictionary entry “galaxy_gpu_enabled” (line 5).

4.4.2 GPU-Awareness for Containerized Tools

Challenge-III is about enabling GPU support for containerized tools. Although Galaxy
supports launching tools as containers and a tool’s container has support for GPU,
Galaxy does not launch the containers with GPU support. To overcome this challenge,
we must modify the container launch script to utilize the GPU compute requirement
that the tool developer specifies using the wrapper file.

In the original Galaxy framework implementation, when the job_conf.xml file has
the “docker_enabled” parameter set to “true” [122], the Docker runner takes effect.
Next, the Galaxy container launching script reads the required container ID from the tool
wrapper file and pulls it from the docker hub or bioconda [50]. Subsequently, the script
executes the container by assembling a bash command. While assembling this command,
GPU support for Docker and Singularity-containerized tools can be added using an
additional flag. The machine or cluster hosting Galaxy must have NVIDIA-Docker
installed so that the user driver components and the GPU devices in the container are
mounted to the container at launch.

To add the GPU support, we must first obtain information about GPU availability
and the tool’s GPU requirement. To this end, we use a similar approach to the one
described in Section 4.4.1. The destination to execute the tool is changed to the “docker”
destination in the job_conf.xml configuration file. If there is no GPU available, the
NVIDIA-Docker library will not work. When we are adding the new GPU flag with
the command_part.append(‘‘--gpus all’’) line to the Docker run command, we first check the
environment variable that is set according to the GPU availability and requirement using
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the if os.environ[‘GALAXY_GPU_ENABLED’] == ‘‘\texttt{true” statement.
We added GPU support to Singularity-containerized tool execution, similar to the

GPU support design for Docker-containerized tool execution. If the “GALAXY_GPU_ENABLED”
environment variable value is “true”, the GPU support is added to the Singularity con-
tainer launch command using the command_part.append(‘‘--nv’’) statement. Theoretically, this
addition should suffice for GPU support for Singularity containers. However, in the
current Galaxy framework implementation, when volumes are mounted to the Singularity
image, the “rw” and “ro” flags are given for the read-write or read-only permissions.
These two flags are removed with the GYAN enhancements because Singularity’s new
version (Version 3.1) does not support these flags when adding the GPU flag.

4.4.3 Multi-GPU-Aware Computation Mapping

In addition to the single GPU support, we also provide a multi-GPU computation
mapping support, which executes a given tool using multiple GPUs, provided that there
is more than one GPU available on the host. To this end, the first part of Challenge-IV
enables the end-users to specify the IDs of GPUs for tools as requirements in the wrapper
files. The non-trivial challenge here is identifying the GPU ID and the already-defined
GPU compute requirement. We used the existing “version” XML tag of the tool wrapper
file’s required objects to solve this problem. Therefore, the “version” tag corresponds
to our design’s GPU minor ID(s). The second part of this challenge involves obtaining
real-time GPU information such as GPU IDs, executing processes, and memory usage
for each GPU. To solve this part of the challenge, we propose an algorithmic design
that determines the processes running on each GPU. This information is obtained by
executing a GPU query command from the Python local runner script (“local.py”).
This command uses the “nvidia-smi” query and returns the output as XML. The
“BeautifulSoup” library processes the XML output to extract the GPU IDs and PIDs
of the processes executing on each GPU. As shown in Algorithm 4.1, a dictionary with
the key-value pairs is created by processing the output, where keys are GPU minor IDs
and values are process IDs.

The next part of Challenge-IV is to design a GPU device allocation strategy without
affecting the currently executing processes. To solve this challenge, we introduce two
methodologies, which are explained below.
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Algorithm 4.1 The “get_gpu_usage” function in the “local.py” script. This function
captures the executing processes for each device and returns a list of available GPUs and
all GPUs in the system.
Input : None
Output : avail_gpus, all_gpus
proc_gpu_dict← {}

avail_gpus← []
all_gpus← []
bash_cmd← “/bin/bash -c ‘nvidia-smi –query -x’ ”
out, err← subprocess.Popen(...)
soup← bs(out, “lxml”)
gpu_find← soup.find(“nvidia_smi_log”).find_all(“gpu”)
process_find← p.find(“processes”).find_all(“process_info”)
for p in gpu_find do

minor_id← p.find(“minor_number”)
for proc in process_find do

pid_proc← proc.find(“pid”)
proc_gpu_dict[minor_id].append(pid_proc)

end
end
for x,y in proc_gpu_dict do

all_gpus.append(x)
if y is empty then

avail_gpus.append(x)
end

4.4.3.1 Process ID Approach

The “__command_line” function in the “local.py” script assembles a command to
execute the tool submitted by the end-user and launches the command as a subprocess.
The “get_gpu_usage” function is called in the “__command_line” function. It returns
the lists of available GPUs and all the GPU IDs on the host machine. If the list of available
GPUs contains the required tool’s GPU IDs, the value of the “CUDA_VISIBLE_DEVICES”
environment variable is set to those GPU IDs. Next, it is exported to the local runner as
shown in Algorithm 4.2.

Like the earlier approach, GPU support for containerized tools with multi-GPU
support is developed by exposing GPU information to containers. Note that we have
not used the “–gpus x” command, which is meant to expose the desired GPUs because
it did not work as intended. Instead, we have exported the “CUDA_VISIBLE_DEVICES”
environment variable according to the GPU availability. Then, we used the “–gpus all”
flag to obtain all GPU IDs that the environment variable exposed. These GPU IDs are
determined with Algorithm 4.2. This flag is necessary for the Docker runtime to support
the GPU-enabled containerized tools.
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Algorithm 4.2 The “__command_line” function in the “local.py” script.
input : self, job_wrapper
output : CUDA_VISIBLE_DEVICES
if job_wrapper.tool exists then

for req in reqmnts do
if req.type = “compute” and req.name = “gpu” then

if req.version and req.version != “” then
gpu_id_to_query← req.version

flag ← 1
end
if gpu_flag and gpu_count > 0 and flag then

GALAXY_GPU_ENABLED← “true”
avail_gps, all_gps← get_gpu_usage()

for dev in all_gps do
all_gps_str += dev

end
if gpu_id_to_query in avail_gps then

gpu_dev_to_exec← gpu_id_to_query
else

gpu_dev_to_exec← “”
for dev in avail_gps do

gpu_dev_to_exec += dev
end

CUDA_VISIBLE_DEVICES ← gpu_dev_to_exec

4.4.3.2 Process Allocated Memory Approach

The “Process ID Approach” explained may not be efficient for some scenarios. For
example, if all GPUs execute at least one process and an incoming task is distributed
to all GPUs, some GPUs can have very high memory utilization. This situation may
cause stalling due to context switching between tasks. Instead, with the “Process
Allocated Memory Approach,” we place the upcoming job on a GPU with the least
instantaneous device memory allocated for executing the process(es). This approach uses
the “nvidia-smi” calls mentioned in Section 4.4.3.1. Instead of obtaining the process IDs
from this query, we get each GPU’s “fb_memory_usage.used” value. We then expose
the GPU ID with the minimum memory usage to the upcoming job.

4.5 Evaluation Framework
In this section, we discuss the evaluation of GYAN using the experiments conducted in
Galaxy hosting on a Chameleon Cloud testbed, which has GPU nodes. We compared
runtimes of CPU-only executions and GPU-supported executions along with the multi-
GPU enhanced Galaxy executions for two tools. With the use of GYAN, running
GPU-supported tools on Galaxy does not introduce any extra overhead because GYAN
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executes and schedules jobs to GPUs without adding another layer of the software
stack. Therefore, to evaluate GYAN, we showed how GPU-supported tools have speedup
over CPU-only versions to motivate GPU computation mapping for Galaxy. These
speedups can increase the number of computing and data-intensive experiments, leading
to increased research bandwidth.

4.5.1 Workloads

We focus on two significant workloads for testing GYAN: Racon and Bonito. These are
popular tools for processing next-generation sequencing data [127] from the two most
popular long-read technologies – PacBio [131] and Oxford Nanopore Technologies [146].
We chose them because they capture a broad range of sequencing data analysis, covering
multiple platforms and stages of the data processing pipeline. Besides, they are highly
amenable to GPU-based parallelization.

Sequencing data typically goes through a processing pipeline before it can lead to
biological insight. One of the earliest steps in the pipeline is “basecalling” [101]. A
basecaller converts sequencing data from its raw form, capturing the complex combination
of optical sensors, hardware, and chemistry underlying the technology into a sequence
of individual nucleotides. Oxford Nanopore Technologies provides a PyTorch-based
basecaller for its data, Bonito [172]. Bonito is inspired by convolutional neural networks
(CNNs) in speech recognition. It has several functionalities, like training a bonito model
(bonito train), converting an hdf5 training file into a bonito format (bonito convert),
evaluating a model performance (bonito evaluate), downloading pre-trained models and
training datasets (bonito download), and basecaller that obtains a fasta format output
from “.fast5” files (bonito basecaller). Bonito supports both GPU and CPU execution.
It has automatic mixed-precision support for accelerating the training tool [172].

Basecalled reads are then often used to perform a de novo assembly. An assembler is
a program that outputs long reference sequences for shorter read segments as it predicts
the sources of these reads. To this end, the assembler first constructs a draft backbone
sequence of the reference. It then aligns the reads to that backbone and corrects each
position in the backbone according to the consensus of the nucleotides that align with
it. Racon is a module that performs this step for PacBio sequencing data. While this is
a compute-intensive process, it leads to significantly better quality assemblies. Racon
uses the mapping data to construct a partial-order alignment with single-instruction,
multiple-data (SIMD) support to accelerate the consensus generation order of magnitude
faster than state-of-the-art methods [196].
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4.5.2 Experimental Setup

We used a machine with an Intel Xeon E5-2670 processor with 48 CPUs and two NVIDIA
Tesla K80 GPUs to conduct our experiments. The GPU driver version is 455.45.01,
and the CUDA version is 10.2. We used Python, Version 3.6.9, to execute Galaxy. We
created a different set of experiments to analyze all of the contributions. The first set of
experiments executes the Racon tool with the local runner and compares the performance
with various parameters and the GPU vs. CPU execution. Next, we created a Docker
image for the Racon-GPU tool and used that to compare the execution times of runs with
different parameters and GPU vs. CPU. Lastly, to evaluate the multi-GPU functionality,
we created various cases to test the multi-GPU process scheduling.

4.5.3 GPU Hardware Usage Script

We implemented a script that allows us to collect statistics about the executing jobs. This
script obtains the GPU utilization, GPU memory utilization, and PCIe link generation
information for every second, including minima, maxima, and average. It is executed
when a job is submitted and stopped when a job is either killed or stopped. Whenever
it stops, a post-processing function is executed, generating .csv files and other log and
statistic files aggregated from the chronological data for each job. Code 4.4 shows the
GPU query used for this script. This script captures the increasing/decreasing trends
of the GPU memory usage and GPU utilization of the executing tool. It demonstrates
how beneficial GPU usage is and leads to the multi-GPU computation mapping support
design (cf. Section 4.4.3).

1 bash_command = "/bin/bash -c ’nvidia -smi query -gpu= utilization .gpu , utilization .memory ,
memory .total , memory .free , memory .used , pcie.link.gen.max , pcie.link.gen. current

--format =csv -l 1’"
2 sp = subprocess . Popen ( bash_command , shell =True , stdout = File_object , stderr = subprocess .

PIPE).pid

Code 4.4: GPU metric query for obtaining hardware usage metrics. This code snippet is
added to the “queue_job” function of the “local.py” runner script.

4.6 Results and Analysis

4.6.1 GPU-Aware Computation Mapping

To test the impact of GYAN, we ran the Racon-GPU tool on Galaxy. We used a 17 GB
Alzheimers NFL Dataset containing the polished sequencing results for the Alzheimer
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human brain transcriptome [147]. After experimenting with all of the batch sizes and
the number of CPU threads with the Racon tool, the configuration that gave the best
performance was four threads and one batch without banding approximation, and it
took 1.72s. Among the experiments that use banding approximation, four threads and
16 batches performed the best with 1.67s. The CPU-only execution using four threads
took 3.22 seconds, or nearly 2× slower than the GPU execution, as seen in Figure 4.3.
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Figure 4.3: Performance across different thread numbers for the Racon tool comparing
the GPU and CPU-only versions.

To understand the reason for the speedup and the nature of the Racon-GPU tool,
we used the GPU hardware usage script given in Section 4.5.3. We found that the
Racon-GPU tool does the “polishing” portion of the consensus generation in GPU. While
the CPU-only polishing execution takes 117 seconds, using GPU, this execution time
is reduced to 15 seconds (2 seconds for GPU memory allocation + 13 seconds of GPU
polishing + 0.0001 seconds of additional CPU polishing for the remaining portion of the
reads that could not be polished in GPU). Thus, the CPU end-to-end execution takes
∼410s for the Isoseq NFL Alzheimers dataset, and the GPU end-to-end execution takes
∼200s. So, even though polishing time is reduced from 117 to 13 s, there is an overhead
of ∼40s due to CUDA API calls to transfer input data and results from and to GPU for
kernel computation of polishing and CUDA kernel synchronization.

To see the hotspots and understand how much the API calls affect the performance,
we performed NVProf analysis on the running job. As plotted in Figure 4.4, most
calls are kernel synchronization and memory transfer API calls (which send the 17
GB dataset in chunks that fit in GPU memory to the device and back to the host).
Lastly, the ClaraGenomics library kernel calls, which are “generatePOAKernel” and
“generateConsensusKernel.” To understand the bottlenecks, we did an NVProf stall
analysis on Racon. We found out that there is ∼70% memory dependency stall and
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Figure 4.4: Hotspot functions obtained by doing NVProf analysis on the Racon-GPU
workload.
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Figure 4.5: Bonito CPU vs. GPU execution times for two datasets.

∼20% execution dependency stall, which is why we cannot get further performance
improvements.

We experimented with the Bonito Basecalling tool (pip package, version 0.3.2)
using Acinetobacter_pittii (1.5 GB) and Klebsiella_pneumoniae_KSB2 (5.2 GB)
datasets [135]. Figure 4.5 shows that the GPU support reduced the execution time
significantly. The figure shows the execution times for CPU as approximate results
because the CPU execution time for the smaller dataset (Acinetobacter_pittii) lasted
more than 210 hours, and the larger dataset is approximated to last 4× longer than the
smaller dataset (more than 850 hours). Therefore, GPU’s speedup vs. CPU is more
than 50× for the Bonito Basecaller tool. We did an NVProf analysis for the Bonito
Basecaller tool. Figure 4.6 shows the Bonito hotspot functions, which are CUDA kernel
launcher, kernel synchronizer functions, and GEneral Matrix to Matrix Multiplication
(GEMM) functions; these are a critical part of neural networks. Bonito Basecaller uses a
pre-trained network.
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Figure 4.6: Bonito hotspot functions obtained by doing NVProf analysis.

4.6.2 GPU-Awareness for Containerized Tools

We used the Racon-GPU tool and the Alzheimers NFL Dataset to test the GPU support
for containerized tools. We experimented with the same parameters and settings to com-
pare the bare-metal and containerized versions of Racon to infer the container launching
overhead and the speedup between the CPU and GPU-aware containerized execution of
Racon. We created a Racon-GPU Docker container that can be accessed online [51] or can
be pulled using the “docker pull gulsumgudukbay/racon_dockerfile” command. We used
this container as a requirement for the tool wrapper. The best performance configuration
for the Racon experiments that did not use banding approximation was with 2 CPU
threads and four batches for accelerated GPU polishing. The best configuration for
the experiments that used banding approximation was using 2 CPU threads and eight
batches for accelerated GPU polishing, as seen in Figure 4.7. We compared the two
best-performing configuration performance numbers and calculated that approximately
0.6s (36%) of the time was spent on container launching and cold start overhead.

4.6.3 Multi-GPU-Aware Computation Mapping

We used Racon-GPU and Bonito Basecaller tools to evaluate the multi-GPU-aware
computation mapping and executed them on Galaxy. We used the Bonito pip package
version 3.2.0 and assembled several different experiments.

Case 1: Two Different Tools This experiment tested the most basic functionality of
multi-GPU-aware computation mapping, checking whether two jobs will be scheduled
to their required devices. If the user specified Device 0 as the Racon tool’s compute
requirement and Device 1 as the Bonito tool’s compute requirement, the experiment
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Figure 4.7: Performance across different thread numbers and batch sizes for Racon-GPU
with banding approximation executed on Docker containers.

Figure 4.8: Multi-GPU support Case 1 console output.

checked if the jobs were scheduled to their correct GPUs. Figure 4.8 shows the console
output for this case. Figure 4.9 shows this case under Case 1 along with the “nvidia-smi”
query output of the experiment, which shows the processes and the GPUs allocated
to them. The Racon process runs on GPU 0, and the Bonito process runs on GPU 1,
indicating that the basic functionality works as intended. Therefore, we can conclude that
two different tools can be executed in parallel in separate GPUs without performance
degradation, running at their original execution times.
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Case 1: 
2 Different 

Tools

Multi-GPU Support

Case 2: 
2 Instance 
Same tool

GPU PID P. Name P. Mem.

0 27755 Racon 60 MiB

1 27039 Bonito 2731 MiB

GPU PID P. Name P. Mem.

0 26901 Bonito 2281 MiB

1 26427 Bonito 3295 MiB

Figure 4.9: Multi-GPU support Cases 1 and 2.

Case 2: Two Instances of the Same Tool This experiment involved scheduling
a second instance of the same tool to another GPU if the first required GPU is busy
with an instance of the tool. If Bonito’s required GPU ID is 1, the instance should be
scheduled in Device 1. If another instance of Bonito is started with the same GPU ID 1,
it will be scheduled to a not-busy GPU (GPU 0), as seen in Figure 4.9, Case 2.

Case 3: Four instance of the Same Tool GPU Allocation Using PID This
experiment involved executing more than two instances of the containerized Racon-GPU
tool (showing that both “PID GPU allocation” and “multi-GPU support for containerized
tools” are working). As can be observed from Figure 4.10 and the console output in
Figure 4.11, the scheduling works as intended: the first Racon instance (PID 39953) is
scheduled to GPU 0, the second (PID 40534) to GPU 1, and then, since both GPUs are
busy, the upcoming processes with PIDs 41105 and 41872 are scattered to both GPUs.

Case 4: Four instances of the Same Tool GPU Allocation Using Process
Memory This experiment involved executing instances of Racon and Bonito tools
and another instance of Bonito. Figure 4.10, Case 4 shows that Racon (PID 43244)
is scheduled to GPU 0, Bonito (PID 45751) is scheduled to GPU 1, and the second
instance of Bonito (PID 46137) is scheduled to GPU 0. When the user executes the
second instance of Bonito, the GPU with the minimum memory usage is GPU 0 (with 60
MiB usage). This case is a better approach than the previous one because it allows more
efficient device allocation than distributing the third process to all GPUs and introducing
multi-GPU overhead for tools that do not have multi-GPU support.
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Multi-GPU Support

Case 4: 
4 Instance Same 

tool (P. Mem)

Case 3: 
4 Instance 

Same tool (PID)

GPU PID P. Name P. Mem

0 39953 Racon 60 MiB

0 41105 Racon 60 MiB

0 41872 Racon 60 MiB

1 40534 Racon 60 MiB

1 41105 Racon 60 MiB

1 41872 Racon 60 MiB

GPU PID P. Name P. Mem.

0 43244 Racon 60 MiB

0 46137 Bonito 2494 MiB

1 45751 Bonito 2821 MiB

Figure 4.10: Multi-GPU Support Cases 3 and 4.

Figure 4.11: Multi-GPU support Case 3 console output.

4.7 Chapter Summary
The explosion of parallel bioinformatics applications has driven deployment platforms like
HPC supercomputers and public data centers to embrace GPUs as a part of their hardware
ecosystem. Nevertheless, the most popular bioinformatics application framework, Galaxy,
does not support GPU-based applications. To fill this void, in this chapter, we propose
GYAN, an enhanced version of Galaxy with GPU support, which allows the GPU-capable
tools to execute in Galaxy. More specifically, we augment an intelligent GPU-aware
computation mapping and orchestration support to Galaxy so researchers can execute the
tools in both CPU (or GPU) based on the tool requirements. The GPU-aware computation
mapping was extended to multi-GPU application mapping and orchestration.

Furthermore, we also enabled GPU containerization support for both Docker and
Singularity containers. We performed experiments using two tools. Our experiments
revealed that the GPU support through GYAN leads to ∼2× improvement in performance
using the Racon-GPU tool in a 17 GB dataset and ∼50× improvement for the Bonito
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base calling tool. Also, the intelligent multi-GPU-aware computation mapping allowed
us to efficiently allocate GPUs to jobs according to the states/occupancy of each GPU
and execute many instances of different tools simultaneously without degradation in
performance. GYAN’s source code is merged into Galaxy’s main repository.
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Chapter 5 |
Multithreaded Performance Opti-
mization Using a Compiler-Guided
Strategy

5.1 Introduction
As HPC applications have increased dataset sizes and computational demands, their
memory accesses dominate end-to-end execution times. Due to the QoS requirements,
optimizing the number of memory accesses and data locality is of paramount interest. In
this chapter, to tackle maximizing the performance of multithreaded applications, we
propose a novel compiler-guided strategy to balance data locality and recomputation
optimizations to minimize data access latencies in multi-threaded applications.

Data locality remains among the most pressing problems in many HPC application
domains. While numerous data locality optimizations have been proposed in the past
(e.g., see [79, 90, 104, 108, 162, 205] and the references therein), ever-increasing dataset
sizes and architectural complexity of emerging multicore and manycore systems limit
the potential of these optimization techniques, demanding more radical solutions to
the data locality problems. Recent works on accelerator design [14,84,214], near data
computing [47, 80, 139, 183], and 3D memories [88, 105, 106] are examples such new
approaches.

Data Recomputation [3, 4, 193] is one approach geared towards eliminating costly
data accesses by replacing each such access with multiple less costly data accesses plus
some (extra) computation. For example, if accessing variable “a” is predicted to be very
expensive (e.g., it is in off-chip memory) but its value can be (re-)computed using values
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of two variables, “b” and “c,” which are less costly, it may be more profitable to recompute
“a” using “b” and “c,” also incurring some extra computations along the way. Existing
works in recomputation (including hardware [91,92] and software-centric [3,4,19,168,193]
ones) have focused on the exploration of the potential of recomputation in single-threaded
application programs and conventional cache/memory hierarchies. Such efforts leave
two aspects of data recomputation unexplored: (i) They need to handle multithreaded
applications, that is, in pursuing data recomputation opportunities, they need to consider
inter-thread interactions. We believe significant performance gains can be achieved if one
can devise techniques that allow a thread to recompute on behalf of other threads when
it is profitable. More generally, can we look at a multi-threaded application as a whole
and, for each data recomputation opportunity, identify the thread that is best suited
for it?, and (ii) They do not explore the role that the different caching policies/strategies
can play in improving the effectiveness of data recomputation. Our results indicate that
tuning the cache replacement decisions according to the needs of the data recomputation
paradigm can further boost application performance.

Figure 5.1 depicts various scenarios for which data recomputation may be desirable
in a 6×6 manycore system. For example, in Figure 5.1 (a), instead of accessing a[i]
from main memory, it uses on-chip elements b[i] and c[i] to recompute the value of a[i],
assuming it is possible to do so.1 Figure 5.1 (b) illustrates a similar situation, but this
time all three data elements are on-chip, except a[i] is a faraway location, from the
perspective of the computing thread, compared to the other two data elements (b[i] and
c[i]) which are close-by. In Figure 5.1 (c), instead of letting the computing thread (marked
red) access a[i] from main memory, we ask another thread (its location is marked blue)
to perform recomputation, on behalf of the red thread. Figure 5.1 (d) shows a similar
scenario, except that all data elements involved are on-chip. Finally, in Figure 5.1 (e), the
value of a[i] needed by the red thread ((b[i] + c[i])-d[i] + f [i]) is collaboratively computed
by two threads (yellow and purple). Our contributions are as follows:

• We propose a compiler-guided strategy that balances data locality and recomputa-
tion optimization to minimize data access latencies in multi-threaded application
executions. We argue that, in addition to the opportunities provided by data
recomputation within each thread separately, in an isolated fashion, one can achieve
further performance benefits from data locality-aware recomputation by allowing
threads to employ recomputation not only for their own sake but also for other
threads’ sake, i.e., we propose “recomputation across threads.”

1Data recomputation may not always be legal; we discuss its legality conditions in the sequel.
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a[i]

b[i]

c[i]

a[i]

b[i]
c[i]

a[i]

b[i]

c[i]

a[i]

b[i] c[i]

d[i]

f[i]

Node running the thread 
for which recomputation 
is performed

Nodes running other threads

a[i]

b[i]

c[i]

(a) (b) (c)

(d) (e)
Main memory

Other nodes

Figure 5.1: Different scenarios showing how data recomputation can be beneficial in a
6×6 manycore system.

• We demonstrate that significant performance gains are possible by designing a new
compiler-guided cache replacement strategy. The unique aspect of our strategy
is that it makes its replacement decisions based on not only recency information
(as in the case of traditional LRU) but also future/perceived data recomputation
opportunities. This new approach is called “recomputation-conscious caching.”

• We evaluate our approach with 14 multithreaded applications. The results show that
our approach improves performance by an average of 13.25% over the conventional
optimizations that do not use recomputation and 7.68% over single-thread centric
recomputation. The corresponding improvements when employing recomputation-
conscious caching are 19.12% and 11.63%, respectively.

5.2 Background and Target Architecture
We focus on loop-intensive applications programs where loop bounds and array references
are “affine functions” of enclosing loop indices and loop-independent variables/constants.
Note, however, that the application program being optimized can have non-affine data
references (e.g., non-affine subscript expressions) as well, but our recomputation opti-
mization focuses on the affine data references and makes “conservative assumptions”
on non-affine data references. A loop nest is represented by an iteration vector I⃗ =
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(i1, i2, · · · , in)T , where i1, i2, · · · , in are loop iterators from the top and a system of
inequalities representing the loop bounds ζI⃗ ≤ φ. An array reference within such a loop
nest is represented by ΩI⃗ + ω where Ω is referred to as “access matrix” and ω as “offset
vector.” As an example, if a loop with two iterators, i1 (outer) and i2 (inner), contains
an array reference such as X[i− 2][i + j + 1], we have

Ω =
1 0

1 1

 and ω =
−2

1

 .

We focus on many-core systems where multiple cores are connected using an on-chip
network. In this work, we perform experiments on Intel Sky Lake architecture (mobile
Core i7-6700HQ CPU) and a simulated version of it (the latter is for our recomputation-
conscious caching experiments). We assume that the cache hierarchy (which consists of
L1, L2, and L3) is “non-inclusive” (a data element in Li does not necessarily mean that
it is also available in Lj where i<j). We focus on “shared-memory” systems; hence, we
assume our applications are manually parallelized using multiple threads (targeting a
logically shared memory system) by the programmers themselves or automatically by
a parallelizing compiler. Our approach also makes use of a “latency estimator”, which
estimates, at compile time, the cost of accessing a given data element at any given point
in execution at runtime, taking into account its location as well as the distance to it on
the on-chip network. The primary purpose of this estimator is to enable the compiler to
decide when it is beneficial/profitable to employ data recomputation. While different
ways exist to implement such a latency estimator, ours is built upon the cache miss
equations (CME) [43]. In the subsequent sections, we explain our changes to the original
implementation of CME to accommodate the data recomputation-specific needs.

5.3 Motivation

5.3.1 Why Recomputation?

We start by considering the code fragment in Code 5.1 (in a hypothetical block-based
imperative language), assuming that a, b, c, d and e are data arrays and for and endfor
are the language-supplied constructs that specify the boundaries of the loop body.

Let us assume the accesses to other arrays between lines 3-5 displace a[i] from the
caches closer to the core to those away from the core (perhaps to main memory) before the
execution reaches line 6. After the execution of line 6, both b[i] and c[i] are expected to be
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1 for i := 1, N
2 a[i] = b[i] + c[i]
3 ... = ... # accesses to other arrays
4 ... = ... # accesses to other arrays
5 ... = ... # accesses to other arrays
6 ... = b[i] - c[i]
7 ... = a[i] / e[i]
8 endfor i

Code 5.1: Recomputation potential.

in the cache closest to the core executing this program. So, in line 7, instead of accessing
a[i] from a faraway location (and spending lots of cycles for that), we can recompute its
value using b[i] and c[i] which are closer to the core, that is, as the right-hand side (RHS)
of the assignment statement in Line 7, we re-execute (b[i] + c[i])/e[i], instead of a[i]/e[i].
To be more concrete, when the execution reaches line 7, if the (estimated) access costs for
a[i], b[i], and c[i] are 30 cycles, two cycles, and two cycles, respectively, and performing
an addition operation (“+”) takes one cycle, we can save 30-(2+2+1)=25 cycles by using
recomputation. For this recomputation to be legit (semantic-preserving), neither b[i] nor
c[i] should be updated between lines 2 and 7. Besides, employing recomputation causes
problems, e.g., potentially negative interactions with cache locality, which we will discuss
in the following parts.

5.3.2 Recomputation across Different Threads

While we have focused on recomputation opportunities from a single-thread perspective
in the code example above, threads can also perform recomputation on behalf of one
another. Consider two threads that are scheduled to execute (in parallel) the code
fragments in Code 5.2: In this scenario, when thread-I reaches line 6 to access a[i], it may
be able to recompute a[i]’s value (by performing b[i] + c[i]) because both b[i] and c[i] are
expected to be in some “shared cache” between these two threads, as this thread-II has
just accessed them in its lines 4 and 5. This scenario is called “recomputation enabled
by other threads” (shortened as “REOT”). Alternatively, if it is more beneficial than the
strategy above, thread-II can itself perform b[i] + c[i] on behalf of thread-I and assign the
result to a temporary variable t[i], which thread-I can subsequently access. This scenario
is called “recomputation on behalf of other threads” (shortened as “RBOT”). These two
cases are depicted in Figure 5.2: (a) shows the situation just before the recomputation
(of b[i] + c[i] to replace access to a[i]) takes place, whereas (b) and (c) illustrate REOT
and RBOT, respectively. Note that, in both (b) and (c), the off-chip memory is not
accessed; so, both these options are expected to lead to a lower latency than accessing
a[i] directly from the off-chip memory.
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1 thread -I: thread -II:
2
3 a[i] = b[i] + c[i] ... = ...
4 ... = ... ... = b[i] - d[i]
5 ... = ... ... = c[i] - e[i]
6 ... = a[i] / f[i] ... = ...

Code 5.2: Recomputation across two threads.
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t[i]

t[i]

t[i]

(a) (b) (c)

Figure 5.2: Data locations and computations for REOT (b) and RBOT (c), assuming
the initial state shown in (a).

5.3.3 Recomputation–Data Locality Tradeoffs

While the examples discussed above highlight the potential opportunities brought by
recomputation in single-threaded and multi-threaded cases, it may not be a good idea to
take advantage of every recomputation opportunity presented by the program code. In
particular, there exist cases where data locality optimization and recomputation optimiza-
tion can conflict. To illustrate, let us consider the code in Code 5.3, assigned to a thread
in a multithreaded application. While this scenario is similar to the abovementioned
scenario, there are further reuses of a[i] following line 7. As a result, directly accessing
a[i] in line 7 (as opposed to recomputing its value using b[i] and c[i]) can be a better
option here as doing so would also enable fast (probably L1) accesses to a[i] in lines 8
and 9. However, to make such decisions, one needs to consider the big picture, which
involves all accesses to the data element for which we are considering recomputation (a[i]
in the example) as well as to those that will be used in recomputation ([b] and c[i]), as
the best option could be exploiting data locality in some cases (by directly accessing a[i])
and exploiting recomputation in others (by using b[i] and c[i]).

Furthermore, even if lines 8 and 9 do not exist in the code of this thread, they may
exist in the code of some other thread. In such a scenario, considering the performance
of both the threads together, it may be more profitable to skip recomputation and bring
a[i] into the cache hierarchy so that the other thread can access it from some shared
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1 for i := 1, N
2 a[i] = b[i] + c [i]
3 ... = ... # accesses to other arrays
4 ... = ... # accesses to other arrays
5 ... = ... # accesses to other arrays
6 ... = b[i] - c[i]
7 ... = a[i] / e[i]
8 ... = a[i] * (a[i] + d[i]) / 2
9 ... = a[i] - 3f[i]

10 endfor i

Code 5.3: Conflict between data locality and recomputation optimizations.

layer in the cache hierarchy. Performing such recomputation-data locality tradeoffs can
be challenging in the case of multithreading and is further discussed in Section 5.4.

5.3.4 Recomputation-Conscious Cache Replacement

One can envision further benefits from data recomputation by modifying the existing
cache replacement policies. Current cache replacement policies are generally based on
the idea of least recently used (LRU), which is based on discarding, from the cache,
the least recently used data element first to make room for the new data element to
be brought in. Since implementing the exact LRU in hardware can be costly, most
modern architectures employ an “approximate” version. While LRU has proven to be
quite successful in managing limited cache space for diverse programs and most existing
compilers are tuned to exclusively work with the LRU policy, in a compilation flow that
employs data recomputation (like ours), we may want to change it. We consider the code
fragment in Code 5.4 to demonstrate the need for a new replacement policy.

1 for i := 1, N
2 a[i] = b[i] + c[i]
3 d[i] = b[i] - c[i]
4 e[i] = b[i] x c[i]
5 ... = ... # accesses to other arrays
6 ... = ... # accesses to other arrays
7 ... = ... # accesses to other arrays
8 ... = b[i] + 1
9 ... = b[i] - 1

10 ... = a[i] + d[i] + e[i]
11 ... = a[i]
12 endfor i

Code 5.4: Example showing the need for a new cache replacement policy.

At the beginning of this code fragment, a[i], d[i], and e[i] are computed, and later
towards the end of the loop body, they are reused. When the execution reaches line 10,
if both b[i] and c[i] are in the cache closest to the core executing this thread, we can
recompute the values of a[i], d[i] and e[i] (using b[i] and c[i]) instead of directly accessing
them from far away caches or main memory (assuming that they are displaced from the
L1 cache due to the accesses to other data elements in lines 5-9). However, c[i] may also
be replaced from the L1 cache as lines 5 through 10 do not access it. By adopting a
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cache replacement policy that prevents c[i] from being displaced from the cache until the
execution reaches at least line 11, we can still entertain the recomputation option. Hence,
the general idea would be to ensure that the data elements that would be used in a future
recomputation of other data elements must be kept in the cache till the recomputation
takes place, even if doing so goes against the LRU policy.

Consider the code segments from two threads in Code 5.5. Thread-II would benefit,
when it comes to line 9 of its code, from c[i] residing in the cache hierarchy (i.e., not
replaced); so, a cache replacement policy that would keep this data element in a cache
layer shared by the two cores that run these two threads would be very desirable from a
recomputation viewpoint (even if we allow it to be replaced from the private cache of
the core running thread-I). In Section 5.4.2, we give our algorithm that issues pin/unpin
“hints” to the cache to increase recomputation opportunities (via data element pinning in
the cache) in multi-threaded application programs, and in Section 5.5, we evaluate it.

1 thread -I: thread -II:
2
3 a[i] = b[i] + c[i] ... = ...
4 d[i] = b[i] - c[i] ... = ...
5 e[i] = b[i] x c[i] ... = ...
6 ... = ... ... = ...
7 ... = ... ... = b[i] + f[i]
8 ... = ... ... = b[i] - g[i]
9 ... = ... ... = a[i] + d[i] + e[i]

Code 5.5: Potential benefits of recomputation-conscious caching across threads.

5.4 Compiler Algorithms for Data Recomputation
Our compiler algorithms are glued together as a single “pass” (“phase”). Our pass is
invoked after coarse-grain code parallelization to distribute computations/iterations across
available cores (unless the code has already been hand-parallelized) and conventional
data locality optimizations employed by commercial optimizing compilers such as loop
permutation, iteration space tiling, data prefetching, and loop unrolling, as well as
data layout optimizations such as array padding [60]. Consequently, it starts with an
already-optimized program code from both the coarse-grain parallelism and data locality
perspectives. On the other hand, low-level code optimizations (including fine-grain
parallelism/SIMD optimizations) are carried out after our pass. If desired, select data
locality optimizations can be applied again following our pass. Our pass takes, as input,
the program code to be optimized and a “description” of the target manycore architecture
for which the input code is to be compiled. This description includes but is not limited
to, the number/types of cores, details of cache hierarchy and cache policies, details of
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the underlying on-chip network and its routing policy, and details of the memory request
scheduling policies.

5.4.1 Identifying Recomputation Opportunities

Recall from Section 5.2 that an array reference within a loop nest is represented by
ΩI⃗ + ω. We use Sk(I⃗) to denote the “instance” of an assignment statement Sk scheduled
to be executed in iteration I⃗ in a loop nest; here, we have 1 ≤ k ≤ κ, where κ is the
total number of assignment statements in the loop body. We sometimes use the notation
Sk(I⃗) ∈ tp to indicate that Sk(I⃗) is assigned to thread tp (e.g., as a result of code/loop
parallelization).

For a given loop iteration I⃗ and assignment statement Sk, α(Sk(I⃗)) gives us the
left-hand-side (LHS) reference (i.e., the reference to be updated/re-written by the
assignment statement) and β(Sk(I⃗), h) gives us the hth reference on the right-hand-side
(RHS). As an example, in a statement like S1(I⃗) : a[i1][i2] = a[i1 − 1][i2 + 1] + b[i1][i2]
(assuming I⃗ = (i1 i2)T ), we have α(Sk(I⃗)) = a[i1][i2], β(Sk(I⃗), 1) = a[i1 − 1][i2 + 1],
and β(Sk(I⃗), 2) = b[i1][i2]. When no confusion occurs, we use {β(Sk(I⃗)} to denote all
references on the RHS of statement Sk(I⃗). Sometimes, we use Sk without mentioning
any iteration vector or thread if they are clear from the context.

5.4.1.1 Legality of Data Recomputation

As observed by prior research [3, 193], recomputation is not always applicable. Prior
work focuses mainly on single-threaded centric optimizations and hence misses important
opportunities that could be enabled by considering multiple threads and their interactions,
e.g., data sharing. Consider the code fragment in Code 5.6 scheduled to be executed
by thread t1. In this example, we cannot use recomputation for a[i] in line 6 since c[i]
got updated in line 4 (as a result, b[i] + c[i] would generate a different result). Even if
the assignment in line 4 was not there, some other thread (say, t2) can have a similar
assignment (i.e., c[i] = ...), which would still prevent recomputation of a[i] in line 6 of
the code of thread t1. Thus, to be able to employ recomputation in a multithreaded
execution, we need to ensure either (i) such assignments do not exist or (ii) they are
enforced not to execute before the desired recomputation takes place. Formulating these
constraints can be challenging in multithreaded execution and will be discussed later.

Figure 5.3 depicts recomputation opportunities in a multithreaded code. We begin by
assuming that statement S1(L⃗), which is a[] = b[] + c[] is scheduled to be executed by
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1 for i := 1, N
2 a[i] = b[i] + c[i]
3 ... = ... # accesses to other arrays
4 c[i] = ... # accesses to other arrays
5 ... = b[i] - c[i]
6 ... = a[i] / e[i]
7 endfor i

Code 5.6: An example showing that it is not always possible to employ data
recomputation.

thread tn. Suppose, later in execution, a statement S2(I⃗), of the form d[] = a[] + 1, is to
be executed by thread tp. We want to check whether it is possible to replace the direct a[]
access in S2(I⃗) of tp with a recomputed version in Sextra(J⃗): d[] = b[] + c[] + 1 in thread tq,
i.e., we would like to replace a[] by b[] + c[] and execute the resulting statement Sextra(J⃗)
by thread tq (instead of thread tp executing S2(I⃗)). Some of the involved threads in this
process may be the same; in the extreme case, we have tp = tn = tq.

thread tp thread tn thread tm thread tq

S1(L): a[ ]=b[ ]+c[ ]

S2(I): d[ ]=a[ ]+1
           … = …

Sextra(J): d[ ]=b[ ]+c[ ]+1

S3(K): b[ ]=…

Replacement

Figure 5.3: Recomputation opportunities in a multithreaded scenario. Blue arrows denote
point-to-point (thread-to-thread) synchronization.

For such a replacement of direct data access with its “recomputed value”, there
must not be any intervening statement S3(K⃗), where L⃗<K⃗<J⃗ , to be executed by
thread tm, updating one of the data elements (e.g., b[]) to be used in the recomputation
of a[]. We want to point out that tm can be the same as any of tp, tn, or tq. We
set rcmp?(< S2(I⃗), tp, R >, < Sextra(J⃗), tq >) to “true” if the following conditions are
satisfied:

1. ∃ s1, L⃗, and n such that s1(L) ∈ tn and α(s1(L⃗)) = R and L⃗ < I⃗, and

2. !∃ s3, K⃗, and m such that α(s1(L⃗)) ∈ β(S2(I⃗)) and S2(L⃗) ∈ tm and L⃗ < K⃗ < J⃗ .
The first condition conveys that there must be an assignment to reference R (a[] in the
example in Figure 5.3) previously in execution. The second condition indicates that
there must not be an intervening assignment, by any thread, to any of the operands/data
elements that will be used in the recomputation of R. For this second constraint, if there
is no such assignment to any operand for recomputing R, nothing extra needs to be done,
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and we insert Sextra. If such an assignment/update exists, we still insert Sextra to ensure
that it is executed before S3, and we insert a synchronization between Sextra and S3.
Similarly, we need to ensure that any statement that follows S2 must be executed after
Sextra, and a compiler-inserted synchronization enforces this. These two compiler-inserted
thread-to-thread synchronizations, needed to ensure correct execution for recomputation-
optimized code, are shown using blue arrows in Figure 5.3. The second synchronization
can be eliminated if tq is the same as tp. We insert Sextra in tp whenever possible. In
many cases, this may not be preferable from the overall performance viewpoint, as tq

can be closer to the data elements that are needed to recompute the value of the target
reference (see the examples in parts (c) and (d) of Figure 5.1). In general, as far as the
legality of recomputation of a given reference R is concerned, one can identify all threads
tq that can legally accommodate Sextra(J⃗).

5.4.1.2 Benefits of Data Recomputation

While the formulation above captures the constraints that must be satisfied for the legality
of recomputation (i.e., for rcmp?(< S2(I⃗), tp, R >, < Sextra(J⃗), tq >) to be true), it does
not say anything about whether employing it would be beneficial from a performance
viewpoint.

For a given array reference R(I⃗) in the code (where R(I⃗)=ΩI⃗ + ω), we define γ(R(I⃗)
as the “estimated cost” of accessing it. This estimation is performed at compile-time
based on the “predicted location” of R(I⃗) at run-time. To do this estimate, we use prior
work, called cache miss equations [43], which predicts whether a given data access/array
reference will hit or miss in a given cache. Once this prediction is made for each layer
in a cache hierarchy, we can estimate the “base latency” of the access. For instance,
if the access (R(I⃗) is predicted to miss in the L1 cache but hit in the L2 cache, we
estimate γ(RI⃗) as the access latency of the L2 cache. However, this base latency does
not consider the specific location of the data. For example, in a modern on-chip network
based manycore architecture such as Intel’s Sky Lake, the cost (latency) of a last-level
cache (LLC) access is a function of not only the cache parameters but also the distance
(in the on-chip network) between the core issuing the data request and the location of the
LLC bank that holds the requested data.2 We extended the original CME formulation
in [43] by i) taking into account an entire (L1-L2-L3) cache hierarchy of a manycore
system, ii) considering conflict and coherence misses in addition to cold and capacity

2For example, there are typically multiple L3 banks distributed across different nodes, and the latency
is a function of the distance between the requesting core/node and the L3 bank that holds the data.
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misses, and iii) predicting on-chip network latency based on the distance between the
core and the target LLC bank. Our latency predictor is accurate; its estimate is always
within ±10% of the actual latency.

We define the following gain function that quantifies the benefit/profitability of
replacing a given reference R appearing in S2(I⃗) of thread tp by the RHS of S1(L⃗)
(originally appeared in thread tn) by creating a new statement Sextra(J⃗) in thread tq, i.e.,
via recomputation:3

gain(< S2(I⃗), tp, R >, < Sextra(J⃗), tq >) =
γ(R(I⃗)−

((∑
x∈β(Sextra(J⃗)) γ(x)

)
+ π(β(Sextra(J⃗))) + σ(tq, tp) + σ(tq, tm)

)
,

where π(β(Sextra(J⃗))) is the “computational cost” of recomputing the right-hand side of
S1(L⃗) in Sextra(J⃗) in thread tq; σ(tq, tp) is the “synchronization cost” between threads
tq and tp; and σ(tq, tm) is the “synchronization cost” between threads tq and tm. These
synchronization costs may or may not materialize in specific cases, depending on where
the recomputation takes place and on behalf of which thread it is performed.

5.4.1.3 Code Flattening

The above discussion focuses on one reference and discusses the potential benefits of its
recomputation. However, even the references used in recomputing a given reference R

can be recomputed. Consider the code fragment in Code 5.7. In line 8, the code accesses
d[i], which can be recomputed as e[i]− a[i] if it is beneficial. This recomputation may
return a negative gain, assuming that a[i] was not accessed in lines 3 and 8 and was
removed from the cache. We can go one step further and recompute a[i]’s value to be
used in the recomputation of the value of d[i] as b[i] + c[i], noting that both b[i] and
c[i] are accessed in line 7. They will likely be in the caches close to the core. We can
recompute the value of d[i] using e[i]− (b[i] + c[i]), instead of as e[i]− a[i]. While this
example focuses on a “two-deep” recomputation, we can apply this idea hierarchically
(in a chained fashion) for all references involved in the original recomputation, obtaining
a “recomputation tree”. Although recomputing d[i] using a[i] would serve the purpose,
going deeper by recomputing a[i] would still be beneficial when b[i], c[i], and e[i] are in
the L1 cache, a[i] is in the L2 cache, and d[i] is in the L3 cache.

In the above expression, a positive gain function value indicates a “benefit”/“profit”
3Assuming that rcmp?(< S2(I⃗), tp, R >, < Sextra(J⃗), tq >) returns true; we consider the benefits/prof-

itability of a recomputation only if the recomputation passes the legality test.
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1 for i := 1, N
2 a[i] = b[i] + c[i]
3 d[i] = e[i] - a[i]
4 ... = ... # accesses to other arrays
5 ... = ... # accesses to other arrays
6 ... = e[i] + 1
7 ... = b[i] + c[i]
8 ... = d[i] x f[i]
9 endfor i

Code 5.7: An example illustrating the possibility of chained recomputations.

from the recomputation being considered, whereas a non-positive value means no benefit.
What this gain formulation tells us is that recomputation is “beneficial” if the cost
of directly accessing R is higher than the cost of recomputing it – by performing
the needed synchronizations, accessing all right-hand side references, and performing
computations, i.e., including all the overheads that come with the recomputation. While
our recomputation legality and benefit analysis has focused on a single reference (R), it
can be repeated for each reference for which recomputation is considered. For instance,
if two references are considered, we can apply the above analysis to each one by one and
select the best option (latency-wise). The next section discusses data recomputation in
the context of an entire program segment.

It is better not to use recomputation in some cases (even if it is legal and beneficial–
when considered in isolation–to do so) as it may conflict with data locality (cf. Section 5.3).
For example, in Code 5.8, if there were repeated uses of d[i] following line 8, one would
choose not to recompute it and instead access it directly from the costly location. This
is because this costly access would occur only once, and all subsequent reuses would find
d[i] in cache locations closer to the core accessing it.

1 thread -I: thread -II:
2
3 d[i] = g[i] + h[i] ... = ...
4 e[i] = l[i] + k[i] ... = ...
5 c[i] = d[i] + e[i] l(i) = ...
6 ... = ... [i] = b[i] + c[i]
7 ... = ... ... = ...
8 ... = ... ... = a[i]
9

Code 5.8: Possibility of chained recomputations.

Unfortunately, both aspects— the possibility of applying recomputation hierarchically
and interaction with data locality—make it challenging to develop an analytical formula-
tion capturing all benefits and all costs. Motivated by these observations, we adopt a
strategy called “Code Flattening.” In this strategy, the code is progressively flattened via
repeated recomputations until all options are checked for the best-performing one. Let
us focus on Code 5.8, which illustrates hierarchical/chained recomputations for reference
a[i] that appears in line 8 of thread-II’s code.
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Figure 5.4(a) depicts the “recomputation tree” for this example, and Figure 5.4(b) lists
the corresponding potential unfolded recomputations. Note that we cannot recompute
e[i], which is assigned by thread-I, as one of the operands to be used in its recomputation
(l[i]) is updated in line 5 of thread-II. This process can be viewed as progressive code
flattening until no further flattening is possible.

a(i)

b(i) c(i)

d(i) e(i)

g(i) h(i) k(i)

(a)

… = a(i)
… = b(i) + c(i)
… = b(i) + [d(i) + e(i)]
… = b(i) + [[g(i) +h(i)] + e(i)]
… = b(i) + [[g(i) +h(i)] + [l(i) + k(i)]]l(i)

(b)

Figure 5.4: Example recomputation tree and corresponding potential recomputations.
(a) Recomputation tree for reference a[i] in Code 5.7 and (b) corresponding potential
recomputations.

This second point also means that, while replacing R in S2(I⃗) of thread tp by its
“recomputed version” Sextra(J⃗) in thread tq, we evaluate the value of the gain function
(and determine if it is profitable to do so), such a replacement (if found profitable) can
also have other impacts that influence the behavior of the application code, e.g., (i) it
can cause the execution to miss data reuse opportunities if there are subsequent accesses
to R (after recomputation is performed), and (ii) by not accessing R we are also not
bringing the data elements that reside in the same line (block) as R, into the cache. As
a result, although a positive gain function value indicates a “potential benefit” from
the replacement, i.e., using the recomputed version (local view), whether such benefit
translates to a “program-wide” saving (global view) may not be evident. Motivated
by this observation, our approach, after replacing the reference with its recomputed
version, invokes a “cost function”, which estimates the total latency of the entire program
(using γ functions for data accesses, π functions for computations, and σ functions for
synchronizations). If the recomputation leads to an overall (program-wide) saving (when
including all the costs it entails), it is committed, and then the algorithm explores the
next recomputation opportunity.

Algorithm 5.1 gives our compiler algorithm for employing recomputation in multi-
threaded codes. Here, T is the total number of threads, Σ is the total number of
assignment statements in the code, and Π is the total number of references considered for
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recomputation. At any point in the execution of this compiler algorithm, curver holds
the current “minimum-cost” code version, and mincost is its cost (estimated latency).
Within the innermost loop of this algorithm, we try to find a legal and profitable
recomputation and execute it. The algorithm continues as long as a reference exists for
which recomputation could be beneficial (i.e., expand is ‘true’).

Algorithm 5.1 Compiler for employing recomputation in multi-threaded codes.
curver ← input program
mincost ← cost(curver)
while expand = ‘true′ do

for tp ← 1 to T do
for S2 ← 1 to Σ do

for R ← 1 to Π do
for tq ← 1 to T do

expand ← ‘false’
if ∃I⃗, J⃗ and rcmp?(< S2(I⃗), tp, R >, < Sextra(J⃗), tq >) and

gain(< S2(I⃗), tp, R >, < Sextra(J⃗), tq >) > 0 then
▷ Expand curver by adding a recomputed version of S2 as Sextra into tq

Sextra ← recompute(S2)
curver′ ← Sextra in curver in place of S2
if cost(curver′) < mincost then

curver ← curver′

mincost ← cost(curver)
expand ← ′true′

end
end

end
end

end
end

end

5.4.1.4 Discussion of Algorithm 5.1

First, this algorithm expands the recomputation tree at each iteration (see Figure 5.4(a)
for an example). Second, although the algorithm above implies that, at each iteration of
the while loop, the threads and statements are always traversed/checked in the same
order, in our actual implementation, we use a “rotating traversal”, e.g., while in the
first invocation of the loop that goes over the threads, we start with the first thread,
in the following invocation we start with the second thread, and so on. Consequently,
the recomputation opportunities are checked across threads (as well as statements) in
a breadth-first manner. Third, to check the legality and profitability of recomputation
in thread tp, our approach checks all threads tq where 1 ≤ tq ≤ T (total number of
threads in the application). This is because, while the gain function may not return a
positive value for a given tx, it may return a positive value for another thread ty where
1 ≤ tx ̸= ty ≤ T . This approach is one of the significant ways in which recomputation in
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a multi-threaded context differs from recomputation in a single-threaded context, as in
the latter case, we always have tp = tq.

5.4.2 Compiler-Guided Cache Management for Recomputation

In this section, we propose a novel caching strategy to increase the effectiveness of data
recomputation. We use recomputed value instead of performing the original data access if
gain(< S2(I⃗), tp, R >, < Sextra(J⃗), tq >) > 0, and the latency of the original access R as
well as the accesses in {β(Sextra(J⃗))} are estimated using the γ functions. Without loss
of generality, let us assume that the accesses on the right-hand side {β(Sextra(J⃗))} are
Q1, Q2, . . ., QM (M being the total number of accesses). Any particular Qi or a subset of
Q1, Q2, . . ., QM can be responsible for gain(< S2(I⃗), tp, R >, < Sextra(J⃗), tq >) ≤ 0, thus
ending up not performing recomputation. Motivated by this observation, our approach in
this section checks the elements on the right-hand side, namely, Q1, Q2, . . ., QM , and pins
in the cache(s), the element(s) that leads to gain(< S2(I⃗), tp, R >, < Sextra(J⃗), tq >) > 0.
The salient aspects of our approach are as follows:
• We provide novel hardware support, namely, two new instructions pin and unpin to

provide hints to the cache(s):

• When executed, pin Qi, Lj pins block (line) that contains data reference Qi in
cache Lj, where j = 1, 2 or 3, until it is explicitly unpinned. Note that if Qi is
not in Lj after executing this instruction, it is brought into Lj. Moreover, once a
line is pinned in a cache, it is not displaced from that cache (i.e., excluded from
LRU-based replacement) until explicitly unpinned.

• When executed, unpin Qi, Lj unpins block (line) that contains data reference
Qi from cache Lj, where j = 1, 2, or 3. After executing this instruction, the
cache line is not immediately displaced from the cache; it becomes a potential
replacement candidate, subject to underlying LRU policy.

• Everything else being equal, we want to minimize the number of data elements pinned
in cache(s) in the manycore system. This is because each such pinning is a kind of
“disturbance” to the LRU-based replacement policy and can lead to degradation in
cache performance. Furthermore, we apply pinning only if Algorithm 5.1 cannot find
any recomputation opportunity for a given reference.

In this new cache management implementation, we pin a data element during the execution
of the recomputation-insertion algorithm (Algorithm 5.1) and mark the instruction that
will use the pinned data element (in implementing recomputation) and unpin the element
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right after the marked instruction has completed its execution.
Algorithm 5.2 gives a modified version of Algorithm 5.1, which accommodates “data

element pinning” and “instruction marking” (“unpinning” is not shown). For each
reference R that we cannot find a profitable recomputation, Algorithm 5.2 constructs
a list of “potential pinnings”, selects the minimum-cost one among them, and marks
the associated statement. It uses a cache-pinned element to mark the Sextra program
statement. This marking is propagated from the program statement to individual assembly
instructions during the instruction selection phase in the compiler’s back-end. This
“marking-propagation” process is highly mechanical.

5.5 Experimental Evaluation
Setup: To evaluate the effectiveness of our approach, we used programs from the SPEC
OMP2012 benchmark suite [137]. We used the system Intel mobile Core i7-6700HQ
manycore CPU in our experiments. In our default setting, each application program has
been executed using 16 threads (one thread per node). We later changed the number of
threads used for execution to conduct a sensitivity study. In implementing our approach,
we used LLVM version 14.0.0 [98] as a source-to-source translator (Clang); the resulting
optimized sources are compiled using Intel’s Fortran Compiler Classic 2021.5.0 and Intel’s
C++ Compiler Classic 19.1. The above setting is used to evaluate Algorithm 5.1. We
used a simulation-based environment based on the gem5 simulator [16] infrastructure to
evaluate Algorithm 5.2, modeling our Intel Sky Lake system as accurately as possible.

5.5.1 Evaluation of Algorithm 5.1

Figure 5.5 presents two graphs quantifying the metrics to show how effectively the
compiler identifies recomputation opportunities. The first metric, legality, gives the
fraction of times the rcmp? function returns true, i.e., it is legitimate to perform data
recomputation for the targeted reference. The second metric, benefit, captures the fraction
of times the gain function returns a positive number, indicating profitability for data
recomputation (when considering only the cases rcmp? returns true). We report three
numbers for each application program in our benchmark suite for each metric. The
first number is when only intra-thread recomputation opportunities are taken advantage
of (though the execution is still multithreaded), i.e., no recomputation opportunities
across threads are considered. The second and third numbers represent REOT and
RBOT, as described in Section 5.3. Note that REOT+RBOT represents the potential of
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Algorithm 5.2 Modified compiler for employing recomputation in multi-threaded codes,
which accommodates “data element pinning” and “instruction marking”.
curver ← input program
mincost ← cost(curver)
potentials ← ∅
while expand = ‘true′ do

for tp ← 1 to T do
for S2 ← 1 to Σ do

for R ← 1 to Π do
for tq ← 1 to T do

expand ← ‘false’
if ∃I⃗, J⃗ and rcmp?(< S2(I⃗), tp, R >, < Sextra(J⃗), tq >) and
gain(< S2(I⃗), tp, R >, < Sextra(J⃗), tq >) > 0 then

▷ Expand curver: add recomputed S2 as Sextra to tq

Sextra ← recompute(S2)
curver′ ← Sextra in curver in place of S2
if cost(curver′) < mincost then

curver ← curver′

mincost ← cost(curver)
expand ← ′true′

end
end
else

▷Find minimum subset of {Qi} ∈ {β(Sextra(J⃗))} and corresponding caches {Lj} such that
gain(< S2(I⃗), tp, R >, < Sextra(J⃗), tq >) > 0
potentials ← potentials

⋃
< Sextra(J⃗), tq , {Qi} >

end
end
if !(expand) then

ζ ← minimum-cost-one(potentials)
▷ Expand curver: add recomputed S2 as Sextra (of ζ) to tq

pin {Qi} in caches {Lj}
mark statement Sextra for pinning

end
end

end
end

end

“inter-thread” data recomputation.
We can make several observations from Figure 5.5. First, the legality metric (Fig-

ure 5.5(a)) averages4 around 11.2%, 12.1%, and 13.7% for intra-thread, REOT, and
RBOT, respectively, indicating that there are many cases in which intra-thread data
recomputation would be illegal. We can find a legal data recomputation when other
threads are considered. Second, we observe a similar trend when looking at the results of
the benefit metric Figure 5.5(b)). Specifically, when considering only the cases where
data recomputation is legal (i.e., rcmp? returns true), data recomputation can lead to
potential benefits of approximately 20.4%, 16.9%, and 18.9% for intra-thread, REOT,
and RBOT, respectively. These results underline the importance (and feasibility) of
recomputation across threads. Third, the fraction of legal and beneficial recomputations

4In this section, the term “average” refers to “geometric mean.”
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Figure 5.5: Legality and benefit evaluation of Algorithm 5.1.

change from one benchmark to another. For example, in benchmarks like swim, we see
a significant opportunity and potential saving, whereas, in smithwa, which has a large
legality percentage, the potential benefits are much lower. This behavior is primarily
because, in smithwa, data locality in upper-level caches (L1 and L2) is not good, making
recomputation more costly, in many cases, than directly accessing the target reference.
On the other hand, in applications such as bothsalgn and imagick, most recomputation
opportunities are not legal because of the frequent updates to data elements that would
be needed in recomputation. Such updates are challenging for Algorithm 5.1.

Figures 5.6 and 5.7 plot the execution time improvements brought by Algorithm 5.1
compared to the original applications on real hardware and on the simulator, respectively.
The original codes against which we compare our recomputation-based versions have
already been heavily optimized from data locality and parallelism (SIMD) perspectives
using the highest compilation flag. It can be seen from these results that data recom-
putation brings 13.6% performance savings when averaged over all 14 programs tested.
Thus, we can conclude that our compiler-based approach to data recomputation is very
successful in practice.

5.5.2 Evaluation of Algorithm 5.2

As shown in Figure 5.8, Algorithm 5.2 improves execution cycles by 19.1%, on average,
over the original executions (improvements range between 5.5% and 34.2%), over the
original applications. Figure 5.9 shows the recomputation benefits of Algorithm 5.2
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Figure 5.6: Execution time improvements
brought by Algorithm 5.1 (real hardware).
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Figure 5.7: Execution time improvements
brought by Algorithm 5.1 (simulator).
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Figure 5.8: Execution time improvements
brought by Algorithm 5.2 (simulator).
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Figure 5.9: Quantification of data recompu-
tation benefits when using Algorithm 5.2.

when using our simulator (as data pinning/unpinning in caches cannot be tested on real
hardware). Note that the legality results of Algorithms 5.1 and 5.2 are the same. As
seen from these results, data pinning improves the benefit metric significantly by 27.5%,
29.1%, and 28.8% for intra-thread, REOT, and RBOT, respectively. On the other hand,
the additional compilation time increase brought by Algorithm 5.2 over Algorithm 5.1
was around 10%, when averaged across all benchmark programs.

While the results in Figure 5.6 are collected from real hardware, those in Figure 5.8
are collected from the simulator. To check whether the simulator accurately models the
manycore hardware used in our experiments, we collected the execution time savings
brought by Algorithm 5.1 using the simulator as well. The results in Figure 5.8 indicate
an average execution time reduction of 14.9%. Comparing these results to those in
Figure 5.6 for Algorithm 5.1 (with an average improvement of 13.6%) reveals that the
simulator results follow the actual hardware experiments very closely. Figure 5.10 shows
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the distribution of the benefits from REOT and RBOT across all 16 threads (the results
represent average values over all benchmarks). The benefits are distributed across the
threads in a balanced fashion, meaning each thread takes advantage of recomputation.

0
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REOT RBOT REOT RBOT
without recomputation-

conscious caching
with recomputation-
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%

thread ID

1 2 3 4 5 6 7 8

9 10 12 13 14 15 16

Figure 5.10: Distribution of the benefits coming from REOT and RBOT.

5.5.3 Sensitivity to the Number of Threads

Recall that the results presented and discussed have been collected using 16 threads.
We also collected results with varying thread counts for the cases with and without
recomputation-conscious caching. We observed that when the thread count varies from
1 to 28, more and more benefits come from REOT and RBOT (in the extreme case
of 1 thread [sequential execution], all recomputation benefits are from intra-thread).
The corresponding execution time savings with different thread counts are plotted in
Figure 5.11. Each point on these plots represents an improvement over the original code
under the same thread count when averaged (geometric mean) across all 16 applications.
Our approach’s performance improvements remain stable across different thread counts.

5.5.4 Quantitative Comparison against Related Work

The most closely related work is CND (computation with near data) [193]. CND reduces
data movement costs for single- and multi-threaded applications using the “recomputation”
concept, where costly data access is replaced by a few less costly data accesses and extra
computation if such replacement is cost-efficient. Compared to ours, this work focuses
only on single-threaded execution and does not consider recomputation-aware caching.
Figure 5.12 depicts the results collected using a 16-thread execution, with intra-thread
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Figure 5.11: Execution time improvements different thread counts.

alone, intra-thread + REOT, and intra-thread + REOT + RBOT, where the incremental
contribution of each aspect on execution time can be seen. Our main observation from
Figure 5.12 is that the savings achieved by CND and our intra-thread are similar as they
catch similar recomputation opportunities. However, REOT and RBOT have a significant
impact, demonstrating the importance of exploiting data recomputation opportunities
across threads (in addition to intra-thread recomputation opportunities).
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Figure 5.12: Execution time savings for different policies (16 threads).

5.6 Discussion of Related Work
In [3], the proposed idea is to replace a load with a sequence of instructions (called
“recomputation slices”) to recompute the loaded data value. This work requires architec-
tural support. Akturk and Karpuzcu [4] analyze the computation vs. communication
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tradeoff when recomputation replaces data load(s) from memory with reproducing that
data. Sakalis et al. [168] use recomputation of data that resides in off-chip memory
in isolation. In none of these works, threads recompute on behalf of other threads.
On the compiler side, Koc et al. [92] propose improving the energy effectiveness of a
banked memory architecture by recomputing the data required from a bank and avoiding
unnecessary bank activations. Later, Koc et al. [91] propose an algorithm to eliminate
off-chip memory accesses to Scratch-Pad Memory (SPM) with recomputation. Briggs
et al. [19] offer a solution to the problem that arises when a value cannot be kept in a
register during global register allocation (rematerialization), which allows the allocator
to recognize when it is cheaper to recompute the value of a loaded data if it cannot be
kept in a register to avoid expensive storing and reloading. Punjani [153] shows that,
in register-starved architectures, spilling values that can be “rematerialized” causes a
loss in performance, so rematerialization aids in the efficient usage of registers. Tang et
al. [193] present Computing with Near Data (CND), which has been compared against
in Section 5.5.

5.7 Chapter Summary
This chapter proposes a novel recomputation paradigm that (i) exploits recomputation
opportunities not only within each thread but also across the threads of a multi-threaded
program and (ii) pins select data elements in various caches in memory hierarchy if
doing so helps us increase intra-and inter-thread data recomputation opportunities. Our
experiments reveal that the proposed strategy that performs data recomputation across
threads improves performance by an average of 13.25% over the conventional optimizations
that do not use recomputation and 7.68% over a single-thread centric recomputation.
The corresponding improvements when employing recomputation-conscious caching are
19.12% and 11.63%, respectively.
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Chapter 6 |
Performance Optimization Using
On-the-Fly Architectural Resource
Reconfiguration

6.1 Introduction
In our first study (see Chapter 3, we propose an ML model that statically characterizes
applications from different domains to perform bottleneck analysis for personalized
hardware. However, different portions of different applications may have different
microarchitectural characteristics and bottlenecks. Moreover, as HPC centers leverage
renewable energy resources such as solar energy, energy harvesting processors emerge
and require better (i.e., dynamic and fine-grained) resource allocation and configuration.
To meet this requirement, this chapter, we propose dynamically reconfiguring the cache
on the fly, using the microarchitectural behavior of application phases, which are different
portions of an execution. We propose this specifically for energy-harvesting processors first
to solve the smallest case of optimizing hardware resource allocation and performance.

With the increasing use of Internet of Things (IoT) devices in different areas of
computing, many applications depend on wireless sensor networks (WSNs) in critical
application domains such as smart farming, incident monitoring, and health monitor-
ing [68, 95, 107, 175, 206]. The variety of these areas indicates that IoT devices have
become integral to our lives by addressing pressing problems.

For example, to meet the food production needs of a growing world population [68],
smart farms that use large-scale WSNs [72], and allow remote crop and livestock moni-
toring [133] are in great demand [95]. Similarly, WSNs are used in detecting fires [107]
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and supplementing visual incident detection with audio [175]. WSNs are also employed
in continuous health monitoring, especially for assisted-living patients and remote health
monitoring [206]. Such WSNs provide continuous medical monitoring (including sleep
monitoring for sleep apnea [140], activity monitoring for detecting falls [64,159], heart
arrhythmia detection [178]), emergency communication, and memory enhancement [206].

WSNs for these domains should involve low maintenance and be self-sufficient since
they should strive for continuous “forward progress” (e.g., number of successfully executed
and persisted tasks/instructions or transmitted datagrams), even in electrical outages,
due to their vital roles in human lives. Smart farms have continuous energy requirements
for farmers’ market and production needs [95]. Fire detection and incident monitoring
networks should have an extensive area coverage [107,175]. Reliability and continuous
forward progress are necessary for health monitoring WSNs [206]. To meet these
requirements, Energy Harvesting (EH) Non-Volatile Processors (NVPs), as general-
purpose processor gateways (GPGs) for WSNs, can be instrumental.

EH devices perform computation by harvesting energy and storing it in a capacitor,
then intermittently making forward progress on the application whenever there is “enough”
energy stored in the capacitor [109] to begin executing instructions and to persist their
outputs. While recent years have seen continued improvements in energy storage devices,
the development of NVP GPGs has not been the focus of these improvements [109–111].
Notably, current EH NVPs allow minimal and course-grained dynamism in the system
states, often in terms of frequency of operation or size of resources like on-chip caches [112,
113], but barely explore other dynamic reconfiguration options like varying cache ways or
operational memory. Further, they are program agnostic even though predictable runtime
application behavior is observed, which is the case in many execution environments where
NVPs are employed. This behavior hinders progress in application forward, leading to low
quality of service (QoS). Instead, if the sensor nodes of WSNs could offload computations
to the gateways and if these gateways could achieve enough forward progress by being
aware of, for instance, the memory boundedness of an application and EH environment,
dynamically reconfiguring hardware would save energy. It would avoid/reduce the need
for costly/frequent maintenance of hundreds of distant WSN nodes.

We aim to solve low “forward progress” and high maintenance cost challenges in
the EH NVP WSNs employed in application domains, including smart farms, incident
monitoring, and health monitoring. One crucial factor that decreases the forward progress
in EH NVPs is the high percentage of energy spent on on-chip cache memories (10%-30%
of the total energy) [28, 181, 182, 212]. So, focusing specifically on the on-chip cache
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memories employed in EH systems and encouraged by prior results [96, 181, 182, 212]
demonstrating the importance of on-chip caches for energy optimization, the specific
challenges we address in this work include:
• Predicting sudden drops in unreliable and intermittent ambient energy when harvesting;
• Predicting the memory boundedness of the future phases of a given application;
• Using these predictions to determine configurations for L1-instruction, L1-data, and

L2 caches, i.e., dynamically reconfiguring them, to decrease cache energy utilization to
increase “forward progress” (therefore performance).
Solving these challenges is non-trivial because dynamically tuning cache configuration

for energy efficiency, based on predictions of energy and application behavior, can have an
undesirable impact on performance. Towards addressing the challenges above, we present
and evaluate Mystique, which is a dynamic application phase and energy environment
prediction-based cache scaling strategy designed explicitly for NVPs. In addition to
intelligently scaling the cache based on power availability, our approach also accounts for
the application needs of the resources. For example, the cache capacity is downsized even
when sufficient energy is available if there is knowledge of a smaller memory footprint for
the upcoming execution epoch. Our contributions are as follows:
• We propose a minimum energy utilizing memory-boundedness predictor.
• We propose an energy predictor to predict energy utilization and harvesting for future

application phases to proactively re-size the cache based on available power.
• We propose an energy environment and application memory-boundness aware dy-

namic “cache reconfiguration” scheme to maximize “forward progress” and increase
performance in EH NVPs.
• We evaluate the proposed approach using our cycle-accurate NVP simulator and a set

of 12 application programs targeting different EH scenarios. We obtain ∼11% increase
in performance by decreasing the cache energy consumption by ∼96% and reducing
power failures by ∼28%.

6.2 Motivation
Many emerging IoT applications rely on multi-modal sensing and typically operate
using networks of wireless sensor nodes that collect large-scale data and communicate
it to a central gateway capable of high-throughput general-purpose computing for data
processing and analytics. Applications like smart farming and remote incident monitoring
often rely on many such sensor nodes. These sensor nodes are often limited by a small
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form factor and the challenges of ensuring data integrity and reliable communication.
So, the robustness of the general-purpose processors (GPPs) at the gateway becomes
extremely important. However, deploying a battery-powered general-purpose, power-
hungry processor in the gateway, which is often remotely located, might not be practical in
many cases because of the frequent maintenance constraints (e.g., for battery replacement).
Fortunately, these application domains are often rich with opportunities for harvesting
ambient energy, like using the vibration of a pump [207] or a grain cleaning machine [49],
which can be used to power or augment the capabilities of the processor. Considering
the unreliable nature of these harvested energy sources, consistently provisioning energy
for a power-hungry, commercial off-the-shelf GPP can be challenging. It also poses an
interesting opportunity to consider a “software-hardware co-design” for maximizing the
utilization of harvested energy and efficiently utilizing available hardware resources while
making useful forward progress.

Several works [27, 40, 114] have leveraged software- and compiler-based solutions,
such as checkpointing, code optimization, and approximate computing, to intermittently
store and execute the given program in an energy-scavenging scenario. However, their
dependence on commercial off-the-shelf hardware, which often loses state on power failures,
forces them to perform redundant saves and restores, thereby wasting cycles and energy
on unnecessary operations. Therefore, just using software for freezing and retaining the
system state by saving the register contents of a typical processor to an NVM is not
always feasible if that NVM is further in the memory hierarchy [155] and save/restore
costs are high in time and energy. Recent works on NVPs [109,110,113,134,155,188] use
their inherent non-volatility to maintain the state of the processor, eliding the requirement
software save and restores. However, these works do not take advantage of the information
about the nature of the running application and do not try to save battery power by
harmonizing application-specific hardware “resource requirement prediction” and “energy
prediction” to dynamically reconfigure the underlying hardware.

Approximate computing [40] is a solution proposed for more forward progress by using
subword pipelining, subword vectorization, and skim points techniques to transform all-or-
nothing computing to as-is computing. However, in some applications [107,159,175,178],
accuracy is also a critical factor and approximate computing may not be the best option
for achieving desired accuracy and forward progress at the same time. Checkpointing
the system state by saving it to an NVM is a solution for keeping the state during
a power outage [114]. However, even in checkpointing, some system state data may
be lost due to the granularity of checkpointing. Besides, using non-volatile hardware
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components such as registers, cache, and STT-MRAM allows the system state to be
retained within these components whenever a power failure happens, showing that
checkpointing is unneeded. Therefore, first inspecting application phase behavior, then
using that information with the knowledge about energy environment, and combining
them to reconfigure the hardware can be more beneficial regarding the forward progress
of applications. So, the probability of rolling back and restoring decreases as energy is
utilized more optimally.

In a typical system, a large cache improves instruction locality, data locality, and
performance at the expense of more passive power consumption and high per-access
energy. However, an EH system does not have a consistent and reliable energy budget,
and different cache configurations can lead to power emergencies. Thus, EH systems can
reap substantial benefits from intelligent “dynamic reconfiguration” of cache for energy
efficiency to avoid power emergencies if this can be done while maintaining the desired
performance. The same can be said for memory, but at the expense of frequent reads
and writes from the storage to enable such reconfiguration. We see a significant benefit
in energy and performance by intelligently reconfiguring the cache associativity. The
benefits are more pronounced in an energy scavenging system which often uses an NV
cache1 for data retention in times of (sporadic but sometimes frequent) power failures,
mainly because a significant portion of the power that is dissipated goes to static leakage.
This work focuses on predicting the cache usage and turning off the non-essential parts
of the cache to save energy and improve the instantaneous energy consumption while
ensuring forward progress.

We aim to increase forward progress, optimize energy utilization (by decreasing
dynamic and static cache energy consumption), and increase performance by reducing
power failures. Various applications, especially in the IoT domain, make many data
accesses and consume high energy in on-chip caches. In particular, prior works [96,181,
182, 212] report that 10-30% of the total energy can be spent in on-chip caches. Our
experiments showed that applications in the smart farm, incident, and health monitoring
settings have different access patterns and memory intensities. Also, there is a large
gap between application phase prediction and EH scenarios. The harvested energy is
unpredictable, so we need an energy predictor and a phase predictor to predict the memory
intensity to reconfigure the cache according to memory and energy needs. Therefore,
there is a strong need for a harmonized system that can operate best depending on the
compute and memory demand from the phase predictor and the future status of the

1Hereafter, we use “NV cache” and “cache” interchangeably.
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energy environment from the energy predictor to maximize forward progress. This system
would remedy the energy limitations of the GPGs because it saves energy and ensures
“maximum forward progress” in various time-sensitive IoT applications.

6.3 Background

6.3.1 Non-Volatile Processors (NVPs)

Energy harvesting (EH) [109,188] offers a promising solution to addressing energy needs
in the IoT domain. However, the intermittent nature of harvested energy causes reliability
issues and performance degradation due to frequent power emergencies. NVPs [109–111,
188] allow forward progress even with unstable incoming energy. Conventional CMOS
circuits are volatile and forget everything in power outages and cause power leakage
during sleep mode [187]. This behavior causes rollbacks when a reboot happens. NVPs
perform backups of the system context into a Non-Volatile Memory (NVM) when there
are power failures and restore that system context whenever the power level becomes
higher than a certain threshold, achieving more forward progress [187,188]. So, NVPs
use non-volatile technologies and maintain temporary states within non-volatile flip-flops
(NVFFs) when the power drops a certain threshold and resumes to compute from the
exact state once the power increases above a threshold [188]. Figure 6.1 illustrates an
example of NVP. Prior research demonstrated that NVPs could lead to ∼1000× speedup
in backup and recovery times over conventional processors [188]. Further, NVPs can be
used in many IoT applications because they require them to be self-sufficient in power
and maintenance and are limited in size.

PC
Stack F D E M W

FF        N
V-FF

FF        N
V-FF

FF        N
V-FF

L1
I-Cache

L1
D-Cache

Cache
Controller Buffers

L2 Cache

L3 Cache

Backup/Restore 
+ Control Unit

DRAM

Pipeline Stages
(Volatile)

Control Units
(Volatile)

Non-Volatile
Memory Unit

Power
Bottlenecks

Volatile
Memory Unit

FF        N
V-FF
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6.3.2 Application Phase Prediction

There has been longstanding interest in workload characterization in the computer
architecture domain, leading first to “phase analysis,” which tracks the changes in the
execution behavior of applications, and later to “phase prediction.” In this context, a
“phase” is defined as a set of contiguous portions of program execution with similar
behavior, irrespective of temporal adjacency [99]. Phase classification partitions a set of
intervals of a specific metric into phases with similar behavior and predicts the upcoming
interval’s phase classification in the program execution [99]. Representative phase
prediction works from high-end computing and embedded systems domains include [52,
69,99,173,174].

In this work, we employ a phase prediction strategy similar to the one proposed in [69],
which proposes a real-system implementation of a runtime phase predictor that allows
on-the-fly dynamic resource management. The critical insight behind the approach in [69]
is to use an algorithm similar to previous branch predictor designs to perform phase
prediction with a phase history table (PHT). In the proposed approach, the authors use
a PHT, and each entry in the PHT is calculated using the Memory_transactions/µOps

(mem/µOp) metric. The authors divide phase values into ranges to identify the memory
boundedness of each phase for phase classification. The approach to predicting the next
phase value uses patterns in the PHT, which are stored in the pattern history table.
Using this pattern history table, they match the PHT entry patterns with a pattern in
the pattern history table and identify the phase. The least recently used (LRU) policy
is utilized to update the PHT. Their results with this predictor indicate around 90%
prediction accuracy for many of the tested benchmarks and a 34% improvement in
the energy-delay product when the phase prediction strategy is coupled with dynamic
frequency and voltage scaling [69]. Even though we utilize a similar phase prediction
strategy to this [69] work, we modified the algorithm to create a low-power phase prediction
and reconfiguration scheme by omitting the pattern history table and calculating the
weighted average of the PHT entries, which we obtained by using the same metric as [69].
Figure 6.2 shows the high-level view of our predictor implementation.

6.3.3 Energy Behavior Prediction

Understanding the energy environment for upcoming phases of an application is necessary
for increasing the effectiveness of decision-making strategies in dynamic hardware recon-
figuration for EH NVPs. This is because harvested energy is intermittent, and predicting
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Figure 6.2: High-level view of Phase Prediction module.

the future energy environment will avoid harmful hardware configurations for maximum
energy efficiency purposes. Previous work has shown that energy prediction is critical
to designing an energy-efficient architecture for energy-harvesting environments [155].
Using an energy predictor, coupled with the application phase predictor, can increase
the accuracy of the reconfiguration algorithm, and we adopt this approach in our work.

6.3.4 Dynamic Cache Reconfiguration

Most existing microarchitectures employ a static memory hierarchy configuration suitable
for an average (target) application [13]. However, no single memory hierarchy config-
uration is optimal for all applications. Previously, it has been shown that employing
a reconfigurable design can potentially increase energy efficiency in EH scenarios [155].
Moreover, other previous works ( [13, 174]) use phase detection algorithms to reconfigure
the memory hierarchy in GPP architectures dynamically. Since additional cache resources
do not contribute to forward progress if an application does not use them, dynamically
reconfiguring the memory hierarchy can significantly reduce the energy consumption of
caches in modern processors [13, 174]. We use a similar approach to [174] in Mystique to
create our dynamic cache reconfiguration strategy and to tackle this inefficiency. In [174],
the associativity of the cache is dynamically decreased in execution phases where higher
associativity is not expected to be beneficial. When a lower cache associativity is used,
some programs have performance degradation with a decrease in energy utilization; some
programs use more energy due to degradation in performance; and some programs have
high energy savings with no degradation in performance. Therefore, “dynamic cache
reconfiguration” can be very beneficial for the “forward progress” of EH NVP systems,
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where performance degradation is negligible and energy savings exist.
In our work, after predicting the phase value (memory boundedness) and energy

behavior of the EH system at every phase interval, we reconfigured the cache according
to the phase intervals2 used in [69]. However, we did not reconfigure every cache
level/layer with the same associativity; instead, we increased the associativity of the
L2 cache at a lower pace than that of the L1 caches. This is because the L2 cache
is large, and consequently, the static and dynamic energy consumption would be very
high, which would decrease the energy savings, hence the forward progress. That is,
having higher cache associativity may be unnecessary in the smaller phase indices (lower
memory boundedness). While the idea behind our proposed approach can be applied to
other hardware resources as well (in particular main memory), our focus is on dynamic
cache reconfiguration due to the high static and dynamic energy consumption of caches,
especially when the associativity is high [22,83,151,181,200,201,212,213].

6.4 System Design
This section presents the system design of the WSN that we intend to incorporate
Mystique. More specifically, we explain the details of the hardware used for sensor nodes,
the local gateway concept, the main server, and the communication and computation
components.
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Figure 6.3: WSN System design incorporating Mystique.

As seen in Figure 6.3, 1⃝ represents the Sensor Node Clusters (SNC). These clusters
consist of multiple sensor nodes specific to the intended use case of the WSN. For example,
there can be 3-4 sensor nodes in these clusters for a smart farm, whereas there can

2We refer to phase intervals as “phase indices” throughout the text.
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be 2-3 for incident monitoring and typically only 1 for health monitoring. Moreover,
for a smart farm and incident monitoring WSN, 4-5 SNCs are distributed throughout
a large area. For a health monitoring WSN, 2-3 SNCs are distributed throughout an
apartment/house/facility in which a patient resides. The types and capabilities of the
sensors in these SNCs change depending on the use case. In our system, the sensor
nodes have 16KB flash memory and 2KB SRAM. The SNCs communicate with the Local
Gateways (described in the subsequent paragraphs) using the ZigBee communication
module [120], which uses IEEE 802.15.4 2006 with 127-byte packets and an underlying
data rate of 250 kbps. The Zigbee packet format results in a 68-byte payload, and if the
payload is above 68 bytes, a packet is fragmented into multiple sub-packets. Zigbee is
more suitable for short-distance communications and is designed to be energy efficient,
consuming between 10-100 mW [120]. Since ZigBee has a low power and data rate, it is
particularly suitable for our EH scenario, where significant fluctuations in the incoming
energy exist. Hence, it is used to communicate between SNCs and Local Gateways.

Local Gateways (LG) ( 2⃝) are used in WSNs. LGs are not conventional gateways,
as they consist of multiple LGs connected and are gates between sensor nodes and the
main server. These gateways are distributed to far away locations and cannot be wired
because they are either mobile or are in hard-to-reach places. Hence, they are typically
battery-backed. LGs allow little maintenance since they do not always have to be active
(only when they need to be computing/receiving data from SNCs). Therefore, the LGs
decrease the costs of maintaining WSNs.

Moreover, since LGs are not wired, they can use “energy harvesting” (e.g., when they
are located in shoes during health monitoring or smart farm equipment engines, using
piezoelectricity); hence, they are inherently environment-friendly. LGs would benefit from
having Non-Volatile Processors (NVPs), allowing more “forward progress” in unreliable
energy environments and power failures. Furthermore, the sensor nodes cannot directly
send the data to a main gateway/server because they are extremely far away and may
not have enough energy to communicate data to a far main gateway/server/cloud, which
motivates the usage of local gateways. The LG concept is proposed to ensure that
communication is performed over shorter distances, which reduces the energy cost for
wireless communication.

We focus on “local gateways” and incorporate Mystique into these LGs. LGs use the
HC-12 wireless communication module, designed for long-range serial communication
(up to 1 km), because the distance between local gateways and the main servers could
be considerable in some use cases. Moreover, HC-12 is cheaper and more reliable than
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other long-range wireless communication modules [35]. Our local gateways use NV
SRAM (8T hybrid nvSRAM cell employing FinFETs and ferroelectric FETs) for the NV
caches. This technology supports on-chip backup and restore capabilities by enabling
energy-efficient and low-latency store/recall operations [211]. Our local gateways use
STT-MRAM because it is smaller and requires low power, making it suitable for EH
NVP IoT WSN use-cases [12].

The Local Gateways are connected to a Main Server (3a⃝), a “wired” static server that
obtains “end-computation results” from the LGs. The main server is connected to the
“cloud” (3b⃝), using LTE/3G/4G to communicate the end computations. Furthermore,
the end-users connect to the cloud via wireless communication or LTE/3G/4G to obtain
the end-computation results to complete the desired smart farm, incident, or health
monitoring tasks.

6.5 Incorporating Mystique
This section describes the design of Mystique (see Figure 6.4) and how it is incorporated
into the standalone NVPs of local gateways of our wireless sensor network model (see Fig-
ure 6.5). We provide the details of the predictors and the dynamic cache reconfiguration.
First, we explain the NVP state machine design, the Application Phase Predictor (APP),
the Energy Behavior Predictor (EBP), and lastly, the Dynamic Cache Reconfiguration
(DCC). The APP and EBP results are merged to decide on a cache configuration at
the end of each execution phase of an application. We concentrate on a granularity
of 10 million instructions for one phase unit. Our experimental analysis shows this
as an optimal frequency for capturing complex phase behaviors of multiple workloads
from diverse application domains. It is compatible with the energy harvester frequency
(100µs).

6.5.1 NVP State Machine Design

Our local gateways consist of NVPs because they would significantly benefit from higher
forward progress even when utilizing the fickle ambient harvested energy. Our EH NVP
system has POWER ON, RETENTION (SLEEP), and POWER OFF states. The harvested energy
is stored in a capacitor. We also have two energy thresholds (thresh_1_to_ret and
thresh_ret_to_off), and our processor design has a state machine to execute the state
changes systematically. When the Energy is below thresh_1_to_ret, and the state is
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POWER ON, the state becomes RETENTION. When the Energy is above thresh_1_to_ret
and the state is RETENTION, the processor state becomes POWER ON. When the Energy
is below thresh_ret_to_off and the current state is RETENTION, the state becomes
POWER OFF state. When the Energy is above thresh_ret_to_off and the current
state is POWER OFF, the processor state becomes RETENTION. When the Energy is below
thresh_ret_to_off and the current state is POWER ON, the processor goes to the POWER
OFF state. When the Energy is above thresh_1_to_ret and the state is POWER OFF, the
processor state is transitioned to POWER ON.

6.5.2 Application Phase Predictor (APP)

To understand how much an application will utilize each hardware component in the
upcoming phases, we implemented an APP that uses a similar approach to [69]. We
opted to employ this algorithm in our system because it is suitable for phase prediction
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accuracy and minimal energy usage. We implemented our application phase predictor
by using the already available hardware counters. The two counters we used are i) the
number of memory bus transactions and ii) the number of micro-operations3. We use
the mem/µOp metrics for each phase of the application because it gives a vital insight
into the current phase’s “memory boundedness,” which allows us to guess the cache
requirements for the upcoming phases more accurately. For most applications, application
phases are regular (not many anomalies in phase values) throughout the execution. This
behavior allows the recent history to capture critical information to predict the upcoming
application behavior.

In our phase predictor, using a similar concept to [69], we created a phase history
table (PHT) which contains the mem/µOp phase values for the last h phases. Using
PHT, we predicted the upcoming phase behavior by taking the weighted average of the
h values in the history table (see Figure 6.2). The historical averaging allowed us to
address the oscillation problem that will be explained in more detail in Section 6.6. We
used similar ranges of this phase value as [69] and divided the ranges into six different
configuration schemes as seen in Table 6.1. We changed the algorithm in [69] to make it
less energy-consuming by eliminating the pattern prediction table and decreasing the
two-level phase prediction scheme to one-level.

Phase ID Phase Interval L1I and L1D L2
1 phaseVal <0.005 1 1
2 0.005 <= phaseVal <0.010 2 1
3 0.010 <= phaseVal <0.015 4 2
4 0.015 <= phaseVal <0.020 8 4
5 0.020 <= phaseVal <0.030 16 8
6 phaseVal >= 0.030 16 16

Table 6.1: Phase value ranges used in our cache associativity reconfiguration policies.

Furthermore, the weighted averaging scheme gave more importance/weight to the
most recently seen phase values since they likely better represent upcoming phases
regarding hardware behavior. After calculating the weighted average of the values in
the table, we predicted the memory boundedness of the upcoming phase. Our phase
predictor module is developed as an extension of the cache controller. The PHT is stored
as a register (6 rows × 4 bytes per row = 24 bytes), along with the cache controller. We
used the First-in, First-Out (FIFO) replacement policy to evade the values in the PHT.

3Micro-operations are low-level instructions that make up complex instructions. They are in both
ARM and x86 architectures.
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6.5.3 Energy Behavior Predictor

In addition to predicting the memory boundedness of the upcoming phase, we predict how
much energy would be harvested and utilized for the upcoming phase. For EH prediction,
we used an energy harvesting table by recording how much energy was harvested in each
of the last h phases. We calculated the average of the last h phases for EH prediction and
predicted that that value would be harvested for the upcoming phase. For the evictions of
old values, we used the FIFO replacement policy. This scheme is less energy-consuming,
and since we are using piezo energy in our EH system, the deviation is minimal, making
our predictor more accurate.

Similarly, we predicted the energy utilization for the upcoming phase using the energy
utilization table for the last h phases. After obtaining the predicted energy harvesting
and utilization numbers for the upcoming phase, we compared them. If the predicted
energy harvesting is less than the utilization, we used a more conservative approach
to increase the cache associativity. Our energy predictor modules are developed as an
extension of the cache controller, similar to our phase predictor module. The energy
predictor tables are stored in our NVP as registers (2 tables × 6 rows × 4 bytes per row
= 48 bytes) along with the cache controller.

6.5.4 Dynamic Cache Reconfiguration

While reconfiguring the cache associativity, we used both application phase predictor and
energy predictor as a “pipeline” (see Figure 6.4). First, after obtaining the application
phase prediction output, we decide on an associativity configuration for all three caches
according to Table 6.1. Later, we compare the predicted harvested energy with the
predicted utilization value for the upcoming phase. If energy harvested for the upcoming
phase is less than the predicted energy utilization for the upcoming phase, and if the
phase predictor tries to increase the associativity, we increase it to a configuration
level that is one less than the original prediction, as can be seen in the right side of
Figure 6.4. This policy is crucial for ensuring a “conservative” strategy for the upcoming
phase and reducing the caches’ static leakage and dynamic energy consumption. This
behavior is because if cache associativity is small, the static leakage and dynamic energy
consumption would significantly reduce, thus allowing more energy for the application’s
forward progress. Before reconfiguring the cache associativity to a lower value, we ensure
that all the writes are propagated and the dirty blocks are coherent in the memory and
the cache.
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6.6 Evaluation
We aim to explore a “multi-dimensional” evaluation space that includes application
execution time, cache hits, cache misses, main memory requests, power failures, and
energy utilization metrics. Since our main method/knob is to decrease the number of
cache-ways whenever they are not needed without hindering the application runtime,
we show why decreasing the dynamic and static cache energy usage would benefit the
application’s forward progress in the context of EH NVPs.

6.6.1 Benchmarks
To evaluate Mystique, we chose a set of representative applications crucial for the target
smart farm, incident monitoring, and health monitoring WSNs to operate. Most of
our applications are from the MiBench [53] benchmark suite. We implemented the
Arraywalk32 and Arraywalk128 benchmarks. The K-Means and KNN benchmarks are
from two GitHub repositories4. Figures 6.6, 6.7, and 6.8 show the system flow diagrams
of the use-cases of our application suite, which includes the following programs:
Fast Fourier Transform (FFT): To process raw signals coming from sensors [140].
String Search, Arraywalk32, and Arraywalk128: To search strings with queries

in the database for the end users of the Smart Farm, Incident Monitoring, and
Health Monitoring Apps [95,107,206].

Blowfish Encode and SHA: To encrypt raw data when they have to be sent to the LG
for security purposes [95] and encrypt user information.

Blowfish Decode: To decode data for computing in the LG.
Basicmath: To perform basic mathematical operations for calculating temperature and

moisture values of crops in Smart Farm [68,95]; calculating sound and temperature
values [107] to detect incidents for incident monitoring [175]; and calculating and
detecting abnormalities in heart rates [178] and breathing patterns in sleep apnea
detection [140] for health monitoring.

Bitcount: For compressing raw sensor node data.
Susan Smooth: To perform image processing to assess crop health [68,72].
K-Means: To perform crop disease detection using clustering in smart farms [202]; human

activity recognition (HAR) for health monitoring for assisted living patients [64].
K-Nearest-Neighbors (KNN): To perform ECG arrhythmia detection [178]; activity

recognition [159] in health monitoring.
4K-Means: https://github.com/pramsey/kmeans;

KNN: https://github.com/Rabadaz/K-Nearest-Neighbor-C
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Workload Smart Farm Health Monitoring Incident Monitoring
Receive Transmit Receive Transmit Receive Transmit

arraywalk32 2 1 690 480 0 0
arraywalk128 0 0 2 1 480 240
basicmath 24 24 480 480 240 240
bitcount 192 0 4800 0 1920 0
blowfish_decode 192 0 4800 0 1920 0
blowfish_encode 192 0 4800 0 1920 0
FFT 240 24 4800 480 2400 240
stringsearch 2 1 0 0 2 1
sha 0 0 0 0 0 0
susan_smooth 48 24 0 0 480 240
K-Means 240 24 4800 480 0 0
KNN 0 0 4800 480 0 0

Table 6.2: Daily number of packets sent and received by the LG for the benchmarks in
each IoT workflow.

We performed experiments for the execution phases of the applications in our suite and
created a “lookup table” for each case (regarding different Oracle policies and predictors).
Our experiment script traverses the lookup tables to find the paths for the statistics of
every possible scenario to compare the predictor results to the Oracle policies.

6.6.2 Benchmark Communication Modelling

In this section, we present the communication frequencies of the benchmarks for each IoT
workflow as seen in Table 6.2. Each packet transmitted is 68 B, due to the communication
protocols mentioned in Section 6.4. Table 6.3 shows the daily energy spent in mJ by the
LG for the communication portion of the benchmarks in each IoT workflow. We assumed
20 kbps data transfer speed and 50 mW data transfer power for the ZigBee module
(average for higher distances, as ZigBee has 10-100 mW power specification) [120].

6.6.3 Implementation

We implemented a “cycle-accurate” non-volatile processor (NVP) simulator that can
capture all the dynamic energy consumptions and static leakages of hardware components.
Our simulator is built on top of the GEM5 simulator [16]. We implemented our design’s
phase predictor, energy predictors, and dynamic cache reconfiguration components in
this NVP simulator. We used a real-world harvested piezoelectricity energy trace [155]
to obtain the EH information in our simulations. The trace that we used is plotted in
Figure 6.9.
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Workload Smart Farm Health Monitoring Incident Monitoring
Receive Transmit Receive Transmit Receive Transmit

arraywalk32 2.7 1.4 938.4 652.8 0.0 0.0
arraywalk128 0.0 0.0 2.7 1.4 652.8 326.4
basicmath 32.6 32.6 652.8 652.8 326.4 326.4
bitcount 261.1 0.0 6528.0 0.0 2611.2 0.0
blowfish_decode 261.1 0.0 6528.0 0.0 2611.2 0.0
blowfish_encode 261.1 0.0 6528.0 0.0 2611.2 0.0
FFT 326.4 32.6 6528.0 652.8 3264.0 326.4
stringsearch 2.7 1.4 0.0 0.0 2.7 1.4
sha 0.0 0.0 0.0 0.0 0.0 0.0
susan_smooth 65.3 32.6 0.0 0.0 652.8 326.4
K-Means 326.4 32.6 6528.0 652.8 0.0 0.0
KNN 0.0 0.0 6528.0 652.8 0.0 0.0

Table 6.3: Daily energy spent in mJ by the LG for the communication portion of each
benchmark in each IoT workflow. We assumed 20 kbps data transfer speed and 50 mW
data transfer power for the ZigBee module.

0

200

400

600

800

1000

1
26

48
5

52
96

9
79

45
3

1
0

5
9

3
7

1
3

2
4

2
1

1
5

8
9

0
5

1
8

5
3

8
9

2
1

1
8

7
3

2
3

8
3

5
7

2
6

4
8

4
1

2
9

1
3

2
5

3
1

7
8

0
9

3
4

4
2

9
3

3
7

0
7

7
7

3
9

7
2

6
1

4
2

3
7

4
5

4
5

0
2

2
9

4
7

6
7

1
3

En
er

gy
 (

n
J)

Time (100µs)

Figure 6.9: Real-world piezoelectricity energy trace used in our simulations.

Our simulator accurately models the latencies and static/dynamic energy consump-
tions of different cache configurations. We used the CACTI simulator [138] to obtain
the energy consumptions and latencies of different cache associativities for different
cache levels/layers. We used [12] and DRAMSim [164] for modeling the main memory
energy consumptions. We also leveraged [38, 163, 167] to accurately model the cache
and capacitor leakages.5 The proposed system always allows padding for communication
energy consumption for receiving/transmitting samples before power failures. The data
collection/aggregation from the sensor nodes and data transmission/reporting to the
main server are modeled as “communication overheads.” The streaming nature of data
collection/aggregation does not involve much cache usage dynamism. Therefore, we only

5The simulator code is publicly available at https://hackmd.io/@anonymous-gxg/B1d06pHY3.
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consider filtering and other compute kernels in our workloads.

6.6.4 Experimental Setup

We adapted the system configuration from a low-cost information monitoring WSN design
for smart farming applications [169]. This design uses ZigBee to communicate between
sensor nodes and LGs. ZigBee has a low power and data rate, making it particularly
suitable for our EH scenario, where significant fluctuations in the incoming energy exist.
Similar to [169], our WSN also uses HC-12 to communicate between the LGs and the
main server. In our system, the sensor nodes have 16KB flash memory, 2KB SRAM, and
an HC-12 module for communication (cf. Section 6.4). Our LGs use NV SRAM for the
NV caches [211]. Moreover, our LGs use STT MRAM since it is smaller and low power,
making it suitable for the IoT WSN use-cases [12].

Our WSN-based applications require multiple sensor nodes attached to LGs. Therefore,
they need high I/O bandwidth for different data types and compute-heavy applications
to run in a reasonable execution time, meaning that gateways with GPPs that offer
multi-processing, parallel I/O, and addressable memory are highly desirable for the design
of the LGs of our system [95,169]. On the other hand, microcontrollers, used in many IoT
settings, are unfit for the application domains mentioned above because these domains
require running complex algorithms using large amounts of data gathered from hundreds
of sensor nodes distributed over a large area. Microcontrollers lack multi-processing
and parallel I/O capabilities, and their instruction sets are usually limited. Since our
target applications are diverse in terms of memory, storage, and program type due to
multi-modal sensing and different algorithms, and there are a lot of data transmissions
requiring high I/O throughput, attaching an NV memory to a microcontroller would
not be sufficient. Our processor is 800MHz, and all the application programs tested are
compiled against ARM architecture. A single-threaded ARM core is simulated.

The capacitor that stores the harvested energy is 70 Milli Farads, and we have a
piezoelectricity power trace, which has a frequency of harvesting of 100us. We used
the piezoelectric power source in our design because it is readily available in all of the
application domains that we target. For example, smart farms could have a vibrating
motor in harvester machines, and the waste vibrations can be used for harvesting
piezoelectricity [207]. Besides, the piezoelectricity can be generated from automated
grain cleaning [49]. For incident monitoring, piezoelectricity can be generated from the
ambient sound [36]. Lastly, in health monitoring, the piezoelectricity can be generated
from either the shoes of the patients that can walk [42] or other bodily movements such
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as muscle contractions or breathing [154]. Given the piezoelectric harvesting capabilities,
charging and continuously operating a processor at 800MHz is difficult. However, in
many IoT WSN cases, deployment is not form factor-limited and can be augmented with
multiple energy harvesters. For example, running workloads once a day in smart farms
would require 50 piezoelectric harvesters.

The cache sizes and associativities corresponding to phase reconfiguration indices are
shown in Table 6.4. The phase reconfiguration indices correspond to different ranges
of phase values (calculated with the mem/µOp metric) as seen in Table 6.1 and as
explained in Section 6.4. We increased the associativity of the L2 cache one index later
than the L1 cache because, since the L2 cache is large, the static and dynamic energy
consumption would be high. This would decrease energy savings, hence slowing down
progress. Consequently, having higher associativity may be unnecessary, especially in
the first and second phase indices, where the memory operations are much less than
micro-operations. The main memory in our system is 4 MB.

Index L1I and L1D Caches L2 Cache
Size (B) Associativity Size (B) Associativity

1 4096 1 32768 1
2 8192 2 32768 1
3 16384 4 65536 2
4 32768 8 131072 4
5 65536 16 262144 8
6 65536 16 524288 16

Table 6.4: L1-Instruction, L1-Data, and L2 sizes, associativities, and corresponding phase
reconfiguration indices.

6.6.5 Results and Analysis

To evaluate the benefits of Mystique, we selected several metrics such as execution time,
cache energy consumption (cache dynamic read and write access energy consumptions
and leakage consumption), and number of power failure states. These metrics give vital
insight into the benefits that our system brings in an EH WSN setting.

We used metric graphs to better explain the advantages/ disadvantages of Mystique
in terms of the metrics mentioned above. We compared the “best-performing oracle” for
each metric with our predictor and the baseline. The execution time metric (Figure 6.10),
cache energy consumption (Figure 6.11), and power failures graphs (Figure 6.12) were
the most crucial metric graphs chosen to study the performance gains achieved by

100



our proposed system. Figure 6.13, which gives the dynamic and static cache energy
breakdowns for Mystique and Baseline, illustrates the reasons for the presented results.
Baseline Selection: We created several “oracle” experiments targeting the minimum
energy, maximum useful energy (utilized_energy / harvested_energy), minimum exe-
cution time, minimum cache miss, maximum cache hit, minimum main memory read
and write requests configurations. We compared Mystique and the oracle results to a
baseline configuration, shown in Table 6.5, which uses 16-way L1-Instruction, L1-Data,
and L2 caches and keeps static associativity throughout the execution. Since, in the
baseline, the caches are not reconfigured to lower associativities, the unneeded cache
ways still consume energy.
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Figure 6.10: Execution times for different benchmarks normalized to the baseline.
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Figure 6.11: Cache energy consumptions for different benchmarks normalized to the
baseline.

Figure 6.10 plots the execution time for each workload for the minimum execution
time policy oracle, Mystique, and baseline, normalized, to the baseline values. As can
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Figure 6.12: Power failures for different benchmarks normalized to the baseline.
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Figure 6.13: Cache dynamic and static energy breakdown for Mystique and the baseline.

be observed from this graph, Mystique significantly reduces the execution time of 10
workloads (∼11% on average). The execution times of the remaining two workloads
increased negligibly.

Some benchmarks, like blowfish_decode and susan_smooth, experienced more per-
formance than the others because such benchmarks did not use the cache fully and/or did
not have much temporal locality. As a result, when we decreased the cache associativity
dynamically to decrease phase-based dynamic and static cache energy consumption, not
many additional cache misses were introduced. Therefore, the savings in dynamic and
static cache energy (due to less associativity and size) dominated the cache miss energy

L1I & L1D
$ Latency

L2 $
Latency

DRAM
Latency

Pipeline
Stages

$ Data &
Tag Lookup

1.55 ns 1.86 ns 14.3 ns F, D, E, M, W Parallel

Table 6.5: Baseline configuration.
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overheads, ultimately leading to an increase in “forward progress.”
Conversely, we have yet to achieve significant performance benefits for benchmarks

like KNN and FFT, which utilize the caches fully and/or with high temporal or spatial
locality. There was performance degradation in a few of these benchmarks (arraywalk128,
basicmath), as can be seen in Figure 6.10. This degradation in performance happened
because when Mystique reconfigured the cache dynamically to smaller associativities
(than the baseline configuration), the cache misses significantly increased, causing more
costly main memory accesses and dominating any potential dynamic and static energy
improvement stemming from reconfiguration.

As can be observed from Table 6.6, Mystique reduced the cache energy consumption
by an average of 96.02% for Smart Farm, 93.25% for Incident Monitoring, and 93.68% for
Health Monitoring use cases. On average, across all benchmarks, the cache energy usage
reduction is 95.93%, as seen in Figures 6.11 and 6.14. This significant reduction in cache
energy usage, in turn, reduced the power failures of Smart Farm by 31.85%, Incident
Monitoring by 25.65%, and Health Monitoring by 24.83% (see Table 6.7). On average,
for all the benchmarks tested, the reduction in power failures was 28.10% (Figure 6.12).
This reduction in the number of power failures was reflected as speedup, by 13.52% in
Smart Farm, 9.25% in Incident Monitoring, and 9.17% in Health Monitoring use-cases, as
can be observed from Table 6.8. The average speedup improvement when considering all
benchmarks was 10.71%, as seen in Figure 6.10. This increase in performance is due to
more “forward progress,” which reflects less dynamic cache energy consumption, as seen
in Figure 6.13. Even though dynamically downsizing the cache introduces extra cache
misses and accesses to the main memory, the end-to-end benchmark speedups dominated
the latencies caused by these additional cache misses.

Workflow Cache Energy Reductions (%)
Smart Farm 96.02
Incident Monitoring 93.25
Health Monitoring 93.68

Table 6.6: Average of cache energy reduction for different IoT workflows.

Workflow Power Failure Reductions (%)
SmartFarm 31.85
Incident Monitoring 25.65
Health Monitoring 24.83

Table 6.7: Average of power failure reductions for different IoT workflows.
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Workflow Speedups (%)
SmartFarm 13.52
Incident Monitoring 9.25
Health Monitoring 9.17

Table 6.8: Average of speedups for different IoT workflows.
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Figure 6.14: Cache and DRAM energy consumption of overall processor energy.

End-to-End Energy Consumption: The overall end-to-end energy consumption
remained the same because the increase in cache misses and energy-hungry accesses to
the main memory after the cache reconfiguration was balanced out with the significant
reduction of the cache energy consumption. As seen in Figure 6.14, even though the
cache energy consumption has decreased significantly using Mystique, the DRAM energy
consumption has increased, showing this balance. End-to-end energy consumption is not
critical as a design metric for Mystique as we are not constrained by a limited energy
storage device such as a battery as the only power source for our processor. However, a
trickle of intermittent energy must be consumed for intermittent and practical forward
progress instead of losing efficiency to energy storage and leakage. Furthermore, due to
the significant reduction in instantaneous cache dynamic and static energy consumption,
causing a significant reduction in instantaneous energy consumption in different energy-
critical phases, the number of power failures decreased, allowing more “forward progress.”
Accuracy Evaluation: We evaluated the accuracy of our phase predictor, energy
utilization predictor, and energy harvesting predictor, and the results are presented in
Figure 6.15 and Table 6.9. To evaluate the accuracy of our phase predictor, we compared
the actual phase values with the predicted ones for each benchmark. We marked a
prediction as “accurate” if a predicted value is within one-phase index of the actual phase
value. We used the “one-phase index” as our margin because reconfiguring the cache one
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index below or above the actual phase value reflects negligibly on the performance and
energy savings compared to 2 or 3-index distances. To evaluate our energy utilization and
harvesting predictors, we checked whether each predicted value was within one standard
deviation of the actual energy value at that index.
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Figure 6.15: Accuracies of predictors for each benchmark.

Predictor Cumulative Accuracy (%)
Phase Prediction 81.17
Energy Utilization Prediction 71.75
Energy Harvesting Prediction 74.28

Table 6.9: Cumulative phase and energy predictor accuracies for all benchmarks.

As can be observed from Figure 6.15, benchmarks arraywalk32, blowfish_decode,
blowfish_encode, FFT, stringsearch, sha, susan_smooth, K-Means, and KNN had
high phase prediction accuracies (above ∼80%). However, for other benchmarks like
arraywalk128, basicmath, and bitcount, the phase prediction accuracies were lower
because the phase values fluctuated dramatically for them, which contributed to an
unpredictable phase behavior. The low accuracy of the energy predictors in some bench-
marks (blowfish_decode, stringsearch, and KNN) is because the energy utilization
and/or the harvested energy have fluctuated significantly at each phase. Our predictors
could not capture complicated fluctuation behavior, as they are “low-power” predictors.
If our predictors were to capture this behavior better, e.g., by employing pattern-based
phase prediction algorithms [69], the energy savings that contribute to the forward
progress would be significantly less, because they use an extra level of a lookup table
for the patterns that will significantly increase the phase prediction energy overhead.
For phase prediction, the cumulative accuracy among all of the benchmarks was 81.17%
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(see Table 6.9); for energy utilization prediction, it was 71.75%; and for energy harvesting
prediction, it was 74.28%.

To further examine the accuracy of our system visually, we created “cache reconfigura-
tion index graphs.” The overlaps of the cache configuration indices between our predictor
and Oracle executions for the stringsearch benchmark are shown in Figure 6.16. In our
benchmarks, Mystique’s cache reconfiguration indices mainly overlap with the Minimum
Execution Time and Maximum ICache Hits Oracle policies. We only show the String
Search benchmark result as a representative workload.

Mystique does not favor any stable system state. The predictor is conservative and
amenable to sudden changes because our weighting approach is linear, not exponential.
As seen from Table 6.10, Mystique outputs, there is a wide range of cache associativities
for most workloads.
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Figure 6.16: Phase reconfiguration indices for different policies of the String Search
benchmark.

Oscillation Challenge: During the development of Mystique, when we observed the
cache reconfiguration index graphs, we noted an oscillation problem between higher and
lower cache configurations. This oscillation created significant energy and performance
penalties compared to our baseline due to excessive cache misses introduced when
the cache associativity was decreased radically and then increased immediately. This
behavior is because our system dynamically reconfigured the caches using application
phase prediction that solely used the last seen phase value (mem/µOp). Therefore, there
were cache misses due to caches being too small when the cache was reconfigured to
smaller associativity and spatial cache locality reduction due to the cache being too large
when the last seen phase value was on the opposite end of our index categorizations.
We improved our predictor and solved the oscillation issue by inputting the energy
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Workload Min L1I&L1D Min L2 Max L1I&L1D Max L2
arraywalk32 2 1 4 2
arraywalk128 2 1 16 16
basicmath 2 1 16 16
bitcount 2 1 16 16
blowfishdec 2 1 2 1
blowfishenc 2 1 2 1
fft 2 1 16 16
kmeans 2 1 2 1
knn 2 1 8 4
sha 2 1 2 1
stringsearch 2 1 4 2
susan_smooth 2 1 2 1

Table 6.10: Minimum and maximum cache associativities Mystique outputs for each
workload.

prediction information and the weighted average of last seen h (GPHT depth) phase
values (historical prediction), as mentioned in Section 6.4. This improvement allowed a
smoother and optimal cache reconfiguration strategy, solving both problems associated
with cache misses.

6.7 Related Work
To our knowledge, none of the prior works have focused on the “dynamic reconfiguration
of hardware” in EH NVP-based environments. However, prior works have been in related
areas such as phase prediction, dynamic hardware reconfiguration, NVPs, smart farming,
incident monitoring, and health monitoring.

Krintz et al. [95] propose a design based on a hybrid cloud approach to smart farming
and an on-farm analytics appliance. To operate fire departments properly, Lloret et
al. [107] use WSNs to detect and verify fires in forests and rural areas. Their scalable
multi-sensor network can sense fire by infrared radiation and smoke and send an alarm
along with real-time images [107]. Smeaton et al. [175] demonstrate that audio data can
significantly aid video data analysis for incident monitoring.

AlarmNet [206] is a WSN for analyzing circadian activity rhythms (CARs) in assisted
living and residential monitoring settings. Moreover, since annotating sensor datasets
is quite challenging, unsupervised activity recognition models have recently been pro-
posed [64]. We want to emphasize that the WSN designs above have significant room for
improvement due to their continuous “forward progress” requirements.
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There exist several prior phase prediction strategies [31]. In Basic Block Vectors
(BBV), a phase change happens when the Manhattan Distance between two BBVs
exceeds a threshold. In Working Set Signatures (WSS) [31], a program phase is defined
by thresholding the relative distance between WSSs. In the Conditional Branch Counter
predictor, a phase change is defined as the “difference” in branch counts of any consecutive
intervals beyond a threshold [31]. In the Global Phase History Table Predictor work [69],
an on-the-fly phase prediction technique is proposed, where the phase prediction is
performed by using the Memory_transactions/µOp_Granularity (mem/µOp) metric [69].
A Global Phase History Table (GPHT) is used to predict the phase, which observes
the patterns from previous sample phase values to deduce the next phase behavior [69].
Phase prediction has also been used to reconfigure processors [52].

In [13], the authors use a phase detection algorithm to dynamically reconfigure the
memory hierarchy in processors. In Spendthrift [113], a predictor-driven scheme for
dynamically allocating future power budgets between frequency and resource scaling is
developed. In [93], a Coarse-Grained Reconfigurable Architecture is introduced, which
leverages the variable usage of functional units according to application phases. However,
CGRAs must be more generic to accommodate the variable application domains of
IOT WSNs and multiprocessing that a multi-core NVP could accommodate. However,
portions of this work can be applied to CGRAs by, for example, reconfiguring the CGRA
memory dynamically.

Even though there have been many works on dynamic processor reconfiguration
using phase prediction, these works only focus on “energy minimization” and do not
consider the possibility of an energy outage, contrary to Mystique, which operates under
varying/unreliable energy. So, instead of minimizing energy utilization, Mystique proposes
“adaptation” to “energy availability.” Also, there has been a significant amount of work
related to dynamic cache reconfiguration [22, 201, 213]; however, these works need to
consider energy environment information while performing the proposed reconfigurations.
Similarly, there are works on VLIW processor resource reconfiguration [8, 61], but they
do not apply to our single-core, single-issue system.

6.8 Summary and Future Work
In this chapter, we harmonize application-specific memory-boundedness and energy
environment predictions to reconfigure the cache associativities on the fly. This dynamic
cache reconfiguration increases the performance of several IoT benchmarks by ∼11%,
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decreasing the cache energy consumption by ∼96%, and decreasing the power failure
states by ∼28%. This harmonized system is a solution to the general-purpose gateways
because it increases energy efficiency, leading to more application forward progress.

This work can be extended to incorporate main memory reconfiguration, which can
be explored in multiple dimensions. A straightforward way is to allow using a standard
DRAM with reconfiguration potentials. These reconfigurations can span from changing
the refresh rate, clock speed, or memory capacity to utilizing different DRAM technologies,
like LPDDR or EDRAM, to augment energy savings. Moreover, we can utilize a “hybrid
version” using STT-MRAM (or any other persistent memory technology) with a standard
DRAM (with the optimizations above) to obtain better performance-energy tradeoffs.
Moreover, we will extend this work to leverage low-power ML kernels to perform phase
and energy behavior predictions to increase accuracy. Lastly, we use simultaneous tag-
data lookup in this work, and investigating the correlation between energy harvesting
patterns and different tag-data lookup options is an exciting extension.
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Chapter 7 |
Conclusions
7.1 Summary of Contributions
The demand for computational power has significantly grown in the last several decades.
However, not many advancements target solving this problem from different angles. This
dissertation fills this gap and proposes adaptive optimization techniques to optimize
performance and resource management for HPC applications from application characteri-
zation, dynamic phase characterization and architecture reconfiguration, intelligent job
scheduling, compiler-guided strategy, and dataset augmentation perspectives.

We first propose a Machine Learning Aided Architectural Bottleneck Analysis Model,
MLAM, aimed at robustly inferring bottlenecks from profiling data and identifying
mathematical relationships between architectural bottlenecks and performance metrics
for application characterization. Our model achieves above 70% accuracy in inferring
bottlenecks for single architecture and multi-architecture (knowledge transfer) cases.

In the second part, we present a cache reconfiguration scheme that dynamically
uses the microarchitectural behavior of application phases to optimize forward progress
and instantaneous energy utilization of the phase. We obtain a ∼69% reduction in
dynamic cache energy utilization, which reduces the power failures in EH NVPs by ∼47%,
reflecting a ∼6% increase in performance.

In the third part, we propose an intelligent GPU job-scheduling policy, GYAN, for
multi-GPU infrastructures to ensure efficient resource allocation. We specifically target
the Galaxy platform since many GPU-supported tools have been developed to be executed
within this platform. GYAN uses instantaneous GPU memory usage information for
optimal performance and leads to ∼2× improvement in performance for the Racon tool
and ∼50× improvement for the Bonito base calling tool.

In the fourth part, we propose a compiler-guided strategy for recomputation optimiza-
tion in multi-threaded applications and a compiler-guided cache replacement strategy to
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optimize performance. Our recomputation across threads strategy improves performance
by ∼13.25% over the conventional optimizations that do not use recomputation and
7.68% over a single-thread centric recomputation. The corresponding improvements when
employing recomputation-conscious caching are 19.12% and 11.63%, respectively.

7.2 Future Research Directions
As architectures evolve and the need for computational power increases with the popular-
ity of compute-intensive applications, analyzing and characterizing popular applications
has been of paramount interest. Since companies are already improving their products,
especially for higher compute capabilities and more extensive data, using these improve-
ments efficiently depends on improved resource allocation and performance optimizations.
For this, (1) having a bottleneck analysis tool that is trained on recent and popular AI
workloads (such as LLMs), (2) that is also trained on profiling data of applications that
are executed on state-of-the-art architectures such as newer GPUs, (3) using lower power
machine learning kernels to predict phase behavior, and (4) increasing job scheduling
intelligence, especially for hosts that have GPU support is essential.

7.2.1 Training MLAM with Popular AI workloads

In Chapter 3, we proposed MLAM that aids in predicting bottlenecks for SPEC CPU,
ML, and DL benchmarks. However, the benchmarks that MLAM is trained on do not
include state-of-the-art popular AI workloads like LLMs. Training MLAM for newer
workloads to improve user experience by examining their architectural behavior and
finding resource optimization areas would be crucial.

7.2.2 Adapting MLAM to GPU Architectures

MLAM is only trained on CPU architectures. Specifically, it is trained in Intel Skylake, Ice
Lake, Cascadelake, and Broadwell architectures. To quickly transfer bottleneck knowledge
to other architectures, MLAM should also be trained on emerging architectures, GPUs,
and newer CPUs. This approach will improve user experience, as the bottleneck value
and ordering prediction accuracy would be much higher.
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7.2.3 Increasing the Intelligence of GYAN

In Chapter 4, we propose using instantaneous memory consumption of GPU processes to
schedule upcoming jobs to less busy GPUs. We could also use historical job information
and AI to better predict GPU SM utilization. Moreover, we could use time series
estimations for more optimal scheduling.

7.2.4 Using Low-Power ML Kernels and Compiler Analysis to Predict
Phase Behavior for NVPs

The current version of Mystique proposed in Chapter 6 uses a basic phase predictor that
employs weighted historical averaging for the last seen h phases. The accuracy can be
improved significantly if the older history of applications is also taken into account, code
analysis is performed to find regions of interest for memory intensity, and this information
is input to an ML model to make more informative predictions. One thing to emphasize
here is that compiler analysis and ML kernel should be chosen intelligently to reduce
power consumption so that they do not hinder forward progress.

7.2.5 Inspired by this Dissertation: Performance Optimization for
Surrogate Models

Since HPC applications are becoming more compute-heavy, some (e.g. simulations), are
replaced with surrogate models [7, 54,189]. Surrogate models deal with vast amounts of
data, decreasing performance. We target the “performance and resource management
optimization of HPC applications” goal from another angle by proposing input dataset
modification for HPC applications, specifically for atomistic system simulation surrogate
deep neural networks (DNNs), to optimize performance and accuracy.

Data pruning is a prevalent method to improve the performance of ML/DL mod-
els [6, 37,118,148,171,176,177,190,195]. It is crucial in deploying large DL models on
resource-constrained devices or real-time applications where execution time is vital. We
propose creating OOD dataset instances to prune unneeded data points and increase the
performance of atomistic simulation surrogate DNNs. Our method improves performance
up to 2× when the original test dataset and varying training datasets are used and 3×
when the training dataset is fixed, and the test dataset is varied, with negligible accuracy
degradation. This proposal is inspired by this dissertation, as it continues the full-stack
optimization from a software angle, similar to Chapter 3.
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