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Abstract

Artificial intelligence (AI) has seen rapid development over the last few decades, signifi-

cantly impacting various domains such as computer vision and natural language processing.

In recent years, machine learning methods have been increasingly applied to the scientific

discovery process, accelerating advances in diverse fields. Notable examples include Al-

phaFold, which predicts protein structures, and ClimateX, which enhances weather predic-

tion capabilities. The ability of AI to process large volumes of data, recognize complex

patterns with precision, and uncover intricate relationships has made it an indispensable

tool for innovation across scientific domains.

Scientific research often demands extensive data processing and computation, typically

facilitated by high-performance computing (HPC) clusters or major cloud providers such

as AWS, Azure, and GCP. However, efficiently leveraging these infrastructures for accel-

erated scientific discovery poses significant challenges. This dissertation addresses the

efficient management of AI-driven science workloads on scalable, high-performance dis-

tributed systems. Motivated by the requirements of extensive machine learning applications

and the need to effectively handle large scientific datasets, this dissertation develops novel

frameworks aimed at optimizing resource allocation on supercomputers, minimizing stor-

age costs in the cloud, and harnessing scalable serverless resources for machine learning

training. Additionally, this dissertation introduces an AI application for climate research,

employing diffusion models for super-resolution and data assimilation to enhance climate

prediction accuracy.

We first address the challenges prevalent in high-performance computing by analyzing

supercomputer clusters at DOE National Laboratories. Our findings indicate that roughly
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10% of the node resources in these clusters, including major installations like Aurora at

Argonne National Laboratory (over 10,000 nodes) and Summit at Oak Ridge National Lab-

oratory (over 4,000 nodes), remain unutilized by the main scheduler. Such underutilization

represents a significant loss of computational potential. To address these challenges, we

develop a framework named MalleTrain, which efficiently utilizes these otherwise wasted

dynamic resources for scalable data-parallel distributed deep learning training.

Next, we investigate AI for science challenges in cloud computing, specifically the emerg-

ing paradigm of serverless computing. Our investigation includes examining serverless

function instances for data caching. We introduce the InfiniCache framework, an in-

memory caching system. Compared to AWS ElastiCache, InfiniCache achieves cost sav-

ings of 31 to 96 times for large object caching without compromising performance. We

further explore the potential of using serverless computing for machine learning training.

We introduce SMLT, a user-centric framework designed to facilitate scalable and adaptive

machine learning training on public cloud platforms using serverless technologies.

Finally, we introduce WindSR, a diffusion-based framework tailored for wind speed

super-resolution that innovatively incorporates data assimilation. This framework enables

seamless integration of data assimilation techniques into a diffusion-based super-resolution

model.
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CHAPTER 1

INTRODUCTION

1.1 Overview

Over the past few decades, the development of artificial intelligence (AI) has significantly

impacted numerous fields, with a wide array of applications emerging [39, 66, 100, 106,

126, 147, 159, 192]. These applications span from smartphone software to scientific re-

search tools, and from financial markets to industrial products. Notable examples can

be found across various domains including biomedical [107, 108, 165, 186], climate sci-

ence [74, 99], finance [72, 160], transportation [101, 102], wireless communication [179,

180], etc. In scientific research, breakthrough achievements include AlphaFold [82], which

has revolutionized protein structure prediction; GNoME [119], which facilitates new mate-

rials synthesis; and the Pangu [39] climate model, which has enhanced weather forecasting

accuracy. The integration of AI with science has become an irreversible trend, with ongoing

projects continuing to inspire and revolutionize scientific discovery.

Scientific facilities generate vast amounts of data, from astronomical observations cap-

tured by telescopes like the James Webb space telescope [64] to diverse climate data [98]

collected from around the globe, and high-resolution images from the Advanced Photon

Source for material analysis [113]. This massive influx of data requires timely and effi-

cient processing to benefit scientific endeavors. Much of this data is used to train surrogate

machine learning models for specific tasks.
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High-Performance Computing (HPC) and cloud platforms are essential for processing

and storing scientific data. Researchers often utilize large scale computing resources from

national laboratories, such as the Aurora and Polaris supercomputers at the Argonne Lead-

ership Computing Facility, and the Frontier and Summit supercomputers at the Oak Ridge

Leadership Computing Facility, in addition to university HPC centers and major cloud

providers like AWS, Azure, and Google Cloud Platform (GCP). Modern Machine learning

workflow are getting more and more complex and highly dynamic [96, 135, 148, 171],

different machine learning workloads for various applications require diverse computing

resources [95, 187, 189, 190], large amount of adaptive resource scheduling methods have

been proposed to accommodate these fluctuations, ensuring efficient utilization of comput-

ing resources [29, 94, 115, 117, 162, 191, 193].

Particularly in the era of generative AI [24, 86, 97, 110], training transformer-based

models, which require increasingly large datasets and have escalating parameter counts into

the trillions, is both costly and carbon-intensive. For example, training models like GPT-

3 [40] and GPT-4 [24] can cost millions of dollars. Therefore, enhancing the efficiency of

these infrastructures is crucial not only to reduce expenses and save time for users but also

to minimize the environmental impact. Our ongoing work is dedicated to improving the

productivity of these platforms, addressing these critical needs.

1.2 Efficient Machine Learning Training on Supercomputer Cluster

Batch-scheduled high-performance computing (HPC) systems typically maintain a queue

of runnable jobs, with the order in which queued jobs are run being determined by resource

scheduling policies established by administrators to meet higher-level goals. For example,
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the largest supercomputers often implement policies to encourage capability computing,

wherein they prioritize large jobs that cannot run elsewhere. Other criteria, such as job

wait time and recent usage by a user or group, may also be considered when determining

job priorities. But regardless of policy goals, the fact that jobs are typically given exclusive

access to a fixed number of nodes while running means that nodes will be idle whenever

the number of free nodes is less than the number needed to run the next job (as identified

by policy).

Backfilling [122], a method by which lower-priority, shorter, and/or smaller jobs are run

on idle resources ahead of higher-priority jobs as long as they do not delay the start time

of the higher-priority jobs, can reduce, but not eliminate, inefficiencies, which can be sub-

stantial.

For example, in 2012, a comprehensive analysis of a 12-month workload trace of the

Kraken supercomputer showed an average utilization of 94% [176]; a four-year study of

the Blue Waters system revealed that monthly utilization rarely exceeded 80%. [81]; and

other studies have reported utilizations of around 90% [31, 112, 129]. These numbers can

represent thousands of idle GPUs on large supercomputers.

One approach to enhancing utilization in such environments is to devise new approaches

for structuring applications in malleable forms and for mapping these malleable appli-

cations to supercomputer resources. A malleable computation adapts its degree of paral-

lelism at runtime in response to external requests [58], for example by using checkpointing

for semi-automated stop/restart [157] or specialized languages and libraries [25, 41, 50, 51].

If well managed, malleable applications can improve system utilization and scheduling ef-

ficiency and reduce average response times, compared with unmalleable jobs. However, to

realize these benefits, (a) malleable jobs need to be able to adapt dynamically to changing
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resource allocations and (b) job schedulers must be able to expand or shrink their resources

to improve system utilization, throughput, and/or response times.

In practice, the rigid nature of both commonly used programming models like MPI and

many current schedulers makes writing and running malleable applications a daunting task,

which is why few malleable applications exist.

One intriguing source of malleable applications is deep neural network (DNN) train-

ing. DNNs are being employed widely in scientific computing [65, 70, 84, 87, 103], and

DNN training is becoming a major workload in today’s supercomputers. Furthermore,

deep learning frameworks such as AdaptDL [134], PyTorch TorchElastic [128], and Elas-

tic Horovod [146] enable scaling up and down the number of workers dynamically during

training at modest cost without requiring a restart. A DNN training job is divided into

many smaller tasks (mini-steps) that can be fitted into node×time gaps in a supercomputer

computing infrastructure. In other words, DNN training workloads can in principle be

structured as malleable computations. However, practical realization of this malleability

requires the ability to 1) determine, quickly and accurately, what mini-steps should be con-

figured for different batch queue states, and 2) assign resources and computations to run

those mini-steps.

Liu et al. recently showed how, given knowledge of scheduler state, the task of identifying

mini-steps can be formulated as a deterministic mixed-integer linear programming–based

resource allocation problem [112]. However, while they showed via simulation that this

“FreeTrain” approach could construct effective schedules for real scheduler traces, they did

not address the second task just listed, by providing a practical implementation of their

proposed approach. This is a significant obstacle to the effective realization of malleable

DNN training due to the need for several system components to coordinate and interact
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coherently: idle resource management, job progress monitoring, resource negotiation, and

resource allocation. These components as well as their coordination are not readily avail-

able in today’s job schedulers that were designed for unmalleable computing tasks.

A second deficiency of the FreeTrain approach is that it requires users to provide accurate

scaling information, such as measured throughput when using different numbers of nodes

for DNN training jobs. Providing this information is a substantial challenge because in

many modern DNN training workflows, such as neural architecture search (NAS) [109,

138, 194] and hyperparameter tuning (HPO) [92], jobs are generated on the fly based on

results produced in previous iterations by methods such as reinforcement learning [194]

and Bayesian optimization [57]. Thus, even experienced DNN experts do not know all the

model details beforehand, let alone their scalability characteristics.

In the work reported here, we propose and demonstrate solutions to the two obstacles to

the practical realization of malleable DNN training just noted. First, we present a malleable

DNN training system architecture, MalleTrain, which achieves the efficient coordination

of the required idle resource management, job progress monitoring, resource negotiation,

and resource allocation functions. For instance, in order to make malleable scheduling

decisions, the Resource Allocator must first get information about unfillable nodes from

the batch scheduler (e.g., PBS [59] or Slurm [175]), profiling information from a profiler,

and current running and waiting DNN jobs from the job monitor; then, it needs to control

a DNN scaling framework (e.g., Elastic Horovod) to execute the scheduling decisions.

Throughout this process, it must also avoid negative impacts on jobs submitted to the main

batch scheduler.

Second, we address the challenge of obtaining accurate scaling information by intro-

ducing a lightweight job profiling advisor (JPA) to obtain automatically the information
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required for making resource management decisions. JPA runs experiments whenever a

DNN training task starts, according to a schedule that minimizes associated costs by tak-

ing advantage of the fact that removing a node is faster than adding a node in distributed

DNN training. By thus obtaining accurate job information at modest cost, JPA permits

the MILP to make more accurate decisions, with significant benefits in practice. We con-

ducted extensive simulation evaluations using workloads from production supercomputer

clusters, alongside experiments on a smaller cluster with synthetic logs derived from real

Summit cluster logs. Our findings indicate that the more accurate information provided by

JPA allows MalleTrain to achieve performance improvements of up to 22.3% relative to

FreeTrain. In addition, it permits the scheduling of malleable DNN training applications,

such as NAS and HPO, for which no performance information may be available.

This chapter thus makes three important contributions. First, we propose a system archi-

tecture for running malleable DNNs on supercomputers, and implement MalleTrain ac-

cording to this architecture. Second, we propose a lightweight online profiler that employs

an inverse-order profiling method to obtain accurate scalability information for dynamic

DNN jobs. Third, we present results from both simulations with supercomputer traces and

real-world executions on a cluster using synthetic traces that demonstrate the efficiency of

these methods in harnessing previously idle nodes for DNN training—and thus the feasibil-

ity of using what may often be 10% or more of previously unfillable supercomputer nodes

for large-scale DNN training.
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1.3 Efficient Caching on Serverless Computing

Data-intensive applications are widely utilized in both internet-scale web applications and

scientific research. For instance, popular web platforms like Instagram, YouTube, and Tik-

Tok serve billions of photo and video files daily [36], while large container image reposito-

ries, such as Docker Hub, accommodate vast numbers of resources [8]. These applications

require substantial storage capacity to manage the massive volumes of data they generate.

For example, Docker Hub hosts over 2.6 million container images, and Facebook produces

approximately 4 petabytes (PB) of data each day [9].

Large object caching has been demonstrated to be effective and beneficial in cluster com-

puting environments [33, 90, 137, 178]. To explore whether these benefits extend to web

applications, we analyzed production traces from an IBM Docker registry [34] and identi-

fied two critical properties of large objects: (1) they exhibit heavy reuse with strong data

locality but are accessed less frequently than smaller objects, and (2) they require fast ac-

cess speeds for optimal system performance, though not as stringent as the sub-millisecond

latencies demanded by smaller objects. These findings suggest that web applications could

significantly benefit from large object caching—a feature that is notably absent in current

In-Memory Object Caches (IMOCs).

Our method uses an In-Memory Object Cache (IMOC) created with cloud functions in

a serverless application. Each function has memory to store objects while it runs, using

this memory for caching. These functions activate only when needed, with FaaS providers

managing the functions and their memory states. This allows objects to remain in memory

between activations. Users are charged only when they request these functions, reducing

costs significantly compared to traditional IMOCs, which charge continuously for memory
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usage whether objects are accessed or not.

We summarize our main contributions as follows:

• Identify the opportunities and challenges of serverless function-based object caching

by performing a long-term analysis of the internal mechanisms of a popular server-

less computing platform (AWS Lambda [2]).

• Design and implement InfiniCache, the very first in-memory object caching system

powered by ephemeral and “stateless” cloud functions.

• Provide an analytical model of InfiniCache’s fault tolerance mechanism built using

erasure coding and periodic delta-sync techniques.

• Perform an extensive evaluation and our experimental results show that InfiniCache

achieves performance comparable to ElastiCache for large objects and improves the

cost effectiveness.

1.4 Efficient Machine Learning Training on Serverless Computing

Motivation: The success of machine learning (ML) has prospered intelligent applications,

such as translation [32], image classification [71] and autonomous driving [151]. Design-

ing and training ML models have become a daily routine for many ML engineers and

practitioners. In production ML systems, models are continuously improved, trained, and

deployed for providing inference services. Therefore, today’s ML design and training are

part of a continuous workflow with different training tasks that have various dynamic re-

source demands, usually involving pre-processing, architecture engineering, hyperparam-
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eter tuning and training via either manual efforts or automated approaches (e.g., neural

architecture search [56]).

Limitation of state-of-art approaches: Thanks to its elastic resource offering, cloud is

one preferred choice to perform ML design and training workloads. In particular, Machine-

Learning-as-a-Service (MLaaS) offered by major cloud providers, such as Amazon Sage-

Maker [76], Microsoft Azure [5], and Google Cloud [10], support optimized execution of

ML tasks. Despite various cloud management tools, these systems usually require users to

have extensive expertise. For instance, Amazon SageMaker provides hundreds of instance

types with different computation and communication capabilities under a wide range of

prices. Selecting the appropriate instance types for scaling up and the suitable number

of instances for scaling out from such a wide selection is a non-trivial task. Recent ef-

forts [91, 118, 173] on the optimization of ML task deployment target the automation of

the deployment process. However, they incur significant monetary costs just for tuning

the environment before training (up to 60% of the total) [173]. These approaches are not

ideal for the state-of-the-art ML workloads that exhibit highly dynamic resource demands

throughout the training process, such as NAS [56], dynamic batching [45] and online train-

ing.

Key insights and contributions: Serverless computing is an cloud computing paradigm

with one popular incarnation being Function-as-a-Service, where the unit of computation

is a function,1 and it has been adopted by a diverse range of applications [123, 158, 184].

Serverless computing has great potential to match the requirements of ML workloads with

dynamic resource demands, because it aims to eliminate the resource and scaling manage-

ment from users and offers a flexible “pay-as-you-go” pricing model. As such, serverless

1Other incarnations of serverless computing include, e.g., the Container-as-a-Service with a full automa-
tion capability.
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computing is gaining popularity for inference from both academia [30, 89, 116] and indus-

try, with the latest example being the AWS SageMaker Serverless Inference [1, 3, 14].

On the other hand, ML model design and training on serverless platforms is still at an

incipient stage. Initial attempts to enable ML training on serverless platforms [44, 60]

are limited to specialized frameworks, support only simple approaches or small models

(e.g., linear regression, MNIST), and scale poorly to larger and more sophisticated ML

training tasks. Due to these limitations, the advantages in performance and cost when

using serverless computing for large practical training tasks have been questioned [80].

Alleviating these concerns requires three challenges to be addressed. First, modern ML

workflows usually have dynamic scaling and resource demands [117, 133]. For example,

when the batch size [45] or model size changes during the training process, it may in-

evitably change the scalability and resource demands of the training tasks. Not adjusting

the underlying serverless resources accordingly may result in lower performance and/or

cost overheads. Hence, leveraging a generic serverless platform for ML training tasks

requires overarching monitoring of the training dynamics, and a resource adaptation mech-

anism. The stateless nature of public cloud serverless platforms creates a challenge for

such a mechanism.

Second, existing serverless platforms either do not provide user-centric deployment guar-

antees (such as meeting training deadlines and training budgets) or incur a heavy runtime

overhead in doing so [44]. To achieve these goals and to optimize the cost and resource

usage, the number of serverless functions and their memory configurations may need to be

adjusted at a fine grained level for different ML tasks. These adjustments require going

beyond simply monitoring the progress of the training pipeline, and introducing an op-

timizer that can, at runtime, automatically search for necessary configurations to meet a
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user-specified goal.

Finally, the end-to-end ML training platform based on serverless computing needs to ad-

dress the challenges arising with the increasing size and sophistication of the ML models as

well as the different training frameworks that can be used. It is already challenging to scale

ML training using the traditional infrastructure with dedicated computation and network

resources, and using a serverless platform may amplify any existing issues. For exam-

ple, the communication overhead for model synchronization already presents challenges;

using stateless serverless functions that communicate via external storage can exacerbate

these bottlenecks. In addition, the stateless functions may experience substantial repeated

framework initialization overheads.

To address the above challenges, we propose SMLT — a public cloud serverless frame-

work for scalable and adaptive ML design and training. To enable an overarching view of

the ML workflow and the swift scale-adaptation, we propose an automated and adaptive

scheduler for deploying and scaling training instances dynamically on the fly. Our sched-

uler can cater to varying resource requirements during the execution of ML tasks, such

as the dynamic batch size scheduler [45] and the architecture exploration in NAS [56].

To achieve the user-centric deployment and execution guarantees, we offer a light-weight

Bayesian optimizer to automate and optimize the ML task deployment and resource scaling

to meet the user-specified performance and cost goals.

SMLT provides an end-to-end ML training service. It addresses the challenges caused by

the stateless nature of serverless functions on public cloud, including the initialization and

communication overheads. Specifically, it employs two key system components: 1) a hy-

brid storage consisting of a cloud object store for infrequently-accessed training data and

an in-memory key-value store for frequently-accessed model parameters, and 2) a hierar-
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chical model synchronization scheme exploiting parallelism during model synchronization.

In addition, SMLT is designed to be agnostic of ML frameworks by abstracting the imple-

mentations of their common interfaces (e.g., input pipelines, gradient transfers).

Experimental methodology and artifact availability: To our knowledge, SMLT is the

first fully-automated ML design and training framework that can support modern ML work-

flows in a scalable and cost-effective manner with the emerging serverless principles. To

demonstrate its flexibility, we evaluate SMLT using three different ML frameworks (i.e.,

Tensorflow [23], Pytorch [127] and MXNet [47]), and show that our results are consistent

across all of them. We perform our evaluation across a variety of ML workflows, including

user-specified goals to minimize training time or budget, dynamic batching, online learning

and NAS, and show that SMLT can reduce cost by up to 3x compared to the state-of-the-art.

We also demonstrate that our system scales well with an increasing number of workers,

leading to an overall reduction of up to 8x in the total training time when combined with

other optimizations. We open-source the codebase of SMLT for public access2.

Limitations of the proposed approach: One key challenge of SMLT is the unavailability

of GPUs in typical public serverless platforms. However, we believe with the wide adoption

of serverless computing in academia and industry for a wide range of applications, public

cloud providers will soon offer GPUs for serverless computing as well. Initial prototypes

of serverless platforms with GPU support have already started emerging [143], and ML

training using GPUs in a serverless environment has already been employed in HPC [111]

with promising results. We believe SMLT will demonstrate benefits on GPUs similar to our

CPU evaluation.
2https://github.com/xiaolongm0/Enabling-Scalable-and-Adaptive-Machine-Learning-Workflows-via-

Serverless-Computing
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1.5 AI for Climate Application

The production of clean energy from renewable resources is critical for mitigating climate

change. Among these, wind power is one of the most widely distributed and promising

renewable energy resources, offering significant potential for global electricity generation

[52, 68, 120]. The electricity generated by a wind turbine scales with the cube of wind

speed [78, 169], highlighting the importance of accurate wind speed forecasting for ef-

ficient wind energy production [52]. Wind is a highly localized meteorological variable,

both spatially and temporally, influenced by various environmental factors such as lan-

duse and landcover, topography, and synoptic-scale atmospheric circulations or weather

patterns [130]. Accurately characterizing wind resources thus requires data with fine spa-

tial and temporal resolutions. While thousands of in-situ observations exist at 10m above

ground level, observations at wind turbine rotor heights (ranging from dozens to 200m) re-

main extremely limited. Consequently, the wind energy community relies on model simula-

tions, specifically downscaling techniques, to obtain high-resolution wind speed data [153],

typically at spatial resolution of a few kilometers to tens of kilometers.

There are two conventional approaches for downscaling: dynamical downscaling and

statistical downscaling. Dynamical downscaling uses numerical models to simulate at-

mospheric processes. It can produce comprehensive data, including wind, solar, and hydro

resources, by solving physical equations that account for various atmospheric and earth sys-

tem variables. This method uses low-resolution data as input and outputs high-resolution

data. Such simulations are computationally expensive and time-consuming, making them

less feasible for long-term resource assessments over large areas. Statistical downscaling,

on the other hand, uses statistical methods to establish empirical relationships between

large-scale atmospheric features and local climate variables [144]. This approach has less
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computational demands and can focus on the variables of interest, such as wind speed.

However, it depends heavily on observational data, which is often sparse in space and time.

For example, wind speed observation data is sparse at hub-height levels.

In recent years, machine learning (ML) methods [79, 140, 172] have been widely adopted

in downscaling applications. These methods combine the efficiency of conventional statis-

tical downscaling with the ability to incorporate physical processes into the training pro-

cess. By doing so, ML models produce more physically consistent and realistic results.

For example, [163] integrates topography, sea level pressure, air temperature, and total

atmospheric water vapor to generate high-resolution precipitation data using GAN-based

methods. However, GAN-based models are difficult to converge, and their performance

in super-resolution tasks is not as promising as some recent techniques, such as diffusion-

based models.

Another line of research focuses on data assimilation, which is a widely used technique in

climatology that integrates observational data from various sources, such as satellites and

weather stations, with outputs from climate models. This approach refines and enhances

the accuracy of weather forecasts and climate predictions, effectively bridging the gap be-

tween theoretical models and real-world observations. Data assimilation is particularly

valuable for variables that are challenging to simulate accurately, such as wind and pre-

cipitation, which exhibit sharp spatial and temporal variability and depend heavily on the

correct simulation of other atmospheric processes. Recent studies have demonstrated the

effectiveness of incorporating data assimilation into machine learning forecasting models

for meteorological variables. Although previous work DiffDA [74] adopts data assimila-

tion to the diffusion process, they do not fully utilize physical world information such as

terrain and pressure, and it treats every observation point equally, an approach that does not

align with real-world scenarios and leads to suboptimal data assimilation performance.
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To address the aforementioned issues of existing work and generate high-quality, high-

resolution wind data, we introduce WindSR, a novel wind super-resolution approach that

integrates the sparse, high quality observational data with the more spatially detailed sim-

ulation data using diffusion models. WindSR integrates a data assimilation process into a

wind speed downscaling workflow by employing Denoising Diffusion Probabilistic Mod-

els (DDPM) [73]. Our approach leverages the power of diffusion models for downscaling

while incorporating sparse observational data to reduce biases in the model-simulation data.

We introduce a dynamic radius method to effectively merge observational data with simu-

lation data, creating a new condition for the diffusion process. Unlike existing data assim-

ilation work, we incorporate physical details such as terrain information into the training

process. Our main workflow consists of three key steps: (1) training a deep learning-based

super-resolution (SR) model with terrain information as extra condition; (2) inpainting

sparse but invaluable observational data with dynamic impact radius into the wind data

from numerical simulations; and (3) conditioning with this blended data to guide the super-

resolution process.

We summarize our contributions below. 1) We introduce a new wind super-resolution

approach WindSR powered by diffusion models and data assimilation. 2) We incorporate

terrain information into the training phase, enhancing the downscaling performance of the

diffusion model. 3) We employ a dynamic impact radius design within the diffusion model

to optimize the effectiveness of the data assimilation process. 4) We prototype WindSR and

conduct extensive evaluations against various deep learning models and settings demon-

strate the effectiveness of our approach.
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1.6 Summary of Contributions

We highlight the major contributions of this dissertation in this section.

1.6.1 MalleTrain: Deep Neural Network Training on Unfillable Su-

percomputer Nodes

First-come first-serve scheduling can result in substantial (up to 10%) of transiently idle

nodes on supercomputers. Recognizing that such unfilled nodes are well-suited for deep

neural network (DNN) training, due to the flexible nature of DNN training tasks, Liu et al.

proposed that the re-scaling DNN training tasks to fit gaps in schedules be formulated as a

mixed-integer linear programming (MILP) problem, and demonstrated via simulation the

potential benefits of the approach. Here, we introduce MalleTrain, a system that provides

the first practical implementation of this approach and that furthermore generalizes it by al-

lowing it use even for DNN training applications for which model information is unknown

before runtime. Key to this latter innovation is the use of a lightweight online job profiling

advisor (JPA) to collect critical scalability information for DNN jobs – information that it

then employs to optimize resource allocations dynamically, in real time. We describe the

MalleTrain architecture and present the results of a detailed experimental evaluation on a

supercomputer GPU cluster and several representative DNN training workloads, including

neural architecture search and hyperparameter optimization. Our results not only confirm

the practical feasibility of leveraging idle supercomputer nodes for DNN training but im-

prove significantly on prior results, improving training throughput by up to 22.3% without

requiring users to provide job scalability information.
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1.6.2 InfiniCache: Exploiting Ephemeral Serverless Functions to Build

a Cost-Effective Memory Cache

Internet-scale web applications, which are increasingly storage-intensive, rely heavily on

in-memory object caching to achieve the necessary I/O performance. We propose that

the serverless computing paradigm is ideally suited and cost-effective for object caching.

Our system, INFINICACHE, is the first in-memory object caching system built entirely on

ephemeral serverless functions. It utilizes serverless functions’ memory resources for elas-

tic, pay-per-use caching. INFINICACHE’s innovative design incorporates erasure coding,

intelligent control over billed duration, and an effective data backup mechanism. These fea-

tures maximize data availability and cost efficiency while minimizing the risks associated

with loss of cached data and performance degradation.

1.6.3 Enabling Scalable and Adaptive Machine Learning Training via

Serverless Computing on Public Cloud

In today’s production machine learning (ML) systems, models are continuously trained,

improved, and deployed. ML design and training are becoming a continuous workflow of

various tasks that have dynamic resource demands. Serverless computing is an emerging

cloud paradigm that provides transparent resource management and scaling for users and

has the potential to revolutionize the routine of ML design and training. However, hosting

modern ML workflows on existing serverless platforms has non-trivial challenges due to

their intrinsic design limitations such as stateless nature, limited communication support

across function instances, and limited function execution duration. These limitations result
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in a lack of an overarching view and adaptation mechanism for training dynamics, and an

amplification of existing problems in ML workflows. To address the above challenges, we

propose SMLT, an automated, scalable and adaptive serverless framework on public cloud to

enable efficient and user-centric ML design and training. SMLT employs an automated and

adaptive scheduling mechanism to dynamically optimize the deployment and resource scal-

ing for ML tasks during training. SMLT further enables user-centric ML workflow execution

by supporting user-specified training deadline and budget limit. In addition, by providing

an end-to-end design, SMLT solves the intrinsic problems in public cloud serverless plat-

forms such as the communication overhead, limited function execution duration, need for

repeated initialization, and also provides explicit fault tolerance for ML training. SMLT is

open-sourced and compatible with all major ML frameworks. Our experimental evaluation

with large, sophisticated modern ML models demonstrates that SMLT outperforms the state-

of-the-art VM-based systems and existing public cloud serverless ML training frameworks

in both training speed (up to 8×) and monetary cost (up to 3×).

1.6.4 WindSR: Diffusion-based, Data Assimilation enabled Wind Su-

per Resolution

Environmental changes have significant impacts on our planet and human lives. In re-

sponse, deep learning has become a valuable tool in climate science, especially with super-

resolution techniques that enhance the detail and accuracy of climate data, particularly in

downscaling precipitation, solar radiation, and wind data. Recently, state-of-the-art diffu-

sion models have proven to be highly effective in advancing downscaling, greatly increas-

ing the precision of climate data predictions. Typically, wind data such as that from the

Weather Research and Forecasting (WRF) and High-Resolution Rapid Refresh (HRRR)



19

is generated by various simulation models, resulting in different resolution and quality.

High-quality or ground truth observational data is limited and challenging to obtain, while

simulated data, though generally lower in quality, is more readily available and often pro-

duced at a finer spatial scale. To fully utilize both types of data for generating high-quality,

high-resolution outputs, it is essential to assimilate the sparse, high-quality observational

data with the more spatially detailed simulation data. In this work, we introduce WindSR, a

novel approach that integrates sparse observational data with simulation data during down-

scaling, using diffusion models. A dynamic radius method is introduced to effectively

merge observational data with simulation data, creating a new condition for the diffusion

process. Terrain information is also incorporated during both the training and inference

phases to improve data integration. We evaluate our methods against CNN and GAN-

based models. Our approach outperforms these methods in both downscaling efficiency

and data assimilation effectiveness.

1.7 Organization

The remainder of this dissertation explores topics including efficient machine learning

training on supercomputer clusters, effective data caching in serverless computing, scal-

able machine learning training on serverless platforms, and an AI for climate application,

showcasing the example of AI for science work. Chapter 2 introduce the background and

related works of the dissertation, establishing the foundational context for the subsequent

discussions. Chapter 3 details the innovative use of unfillable supercomputer nodes for

machine learning training, presenting a solution to leverage these otherwise idle resources

effectively. Chapter 4 investigates efficient data caching mechanisms on serverless com-

puting platforms, highlighting the cost and performance benefits of our solution. Chapter
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5 introduces a framework that enables scalable and adaptive machine learning training on

serverless computing platforms within public clouds. Chapter 6 discusses WindSR, an

AI application for climate modeling that integrates data assimilation into a diffusion-based

super-resolution process, illustrating the practical impact of AI on climate science. The dis-

sertation concludes with Chapter 7, which reflects on current and future work, summarizing

research achievements, and delineating future developments and applications.
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CHAPTER 2

BACKGROUND AND RELATED WORK

In this chapter we present the essential background and related works.

2.1 Efficient Machine Learning Training on Supercomputer Cluster

We present background information on the methods used by cloud providers to support

malleability, fragmented resources in HPC, FreeTrain, and HPC network topologies.

2.1.1 Cloud-Preemptable Instances

Cloud providers such as AWS [18], Google [19], and Azure [20] make preemptable com-

pute capacity available at a reduced cost via mechanisms such as AWS Spot Instances. For

AWS, Spot Instances enable strategic utilization of surplus capacity; for users, they provide

an opportunity to reduce their cloud expenses. To make use of such resources, however,

users must be flexibile in their application runtime and tolerance for interruptions.

Spot Instances are particularly well suited for certain noncritical tasks such as data analy-

sis, batch processing, and background operations. As noted, their costs are typically lower

than for regular instances; on the other hand, they do not provide a time guarantee, in-

troducing the possibility of unexpected interruption due to the cloud provider reclaiming
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Figure 2.1: Illustration of dynamic fragment resources on a portion of a cluster. At time t, there are three idle
nodes in the MalleTrain resource pool.

running instances. To mitigate the potential impact of such interruptions, cloud providers

often grant a brief time window and prior notification to clients. This advance notice en-

ables clients to reconfigure their workload distribution, effectively rebalancing the work-

load across available resources. By reallocating tasks and resources in response to an im-

pending reclamation, clients can minimize disruptions and maintain a good level of user

experience. Spot Instance resources in cloud environments resemble the preemptible HPC

nodes addressed by MalleTrain.

2.1.2 Fragment Resources on HPC

As explored in recent research [31, 112, 129], leadership supercomputer clusters such as

Mira, Theta, and Summit exhibit utilization rates of around 90%. Considering the sub-

stantial scale of these leadership supercomputer clusters, the unutilized resources become a

significant concern. To put this in perspective, 10% idle capacity corresponds to 460 nodes

on the 4608-node Summit and more than 1000 nodes on the 10,624-node Aurora.
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Resource allocation within supercomputer clusters is typically managed by main sched-

ulers such as Slurm [175] or PBS [59]. These schedulers administer multiple queues to

prioritize resource assignments for user requests. As depicted in Figure 2.1, inevitable

fragmentary resources emerge. These fragments may not always be backfilled, and (a por-

tion of them) may remain unassigned. However, these seemingly negligible fragments are

well suited for scalable and/or fault-tolerant workloads. The nature of these unassigned

fragment resources resembles that of Spot VMs, as discussed in subsection 2.1.1. In subse-

quent sections we will refer to these fragment resources within supercomputer clusters as

preemptible nodes. Their allocation timing lacks guarantees, rendering them unsuitable for

typical fixed-size supercomputer workloads. Nonetheless, the paradigm of malleable appli-

cations, exemplified by DNN training, aligns seamlessly with this computational context.

This suitability is underscored by several key factors: (1) DNN training demands substan-

tial time and computational resources; (2) the distributed data-parallel training paradigm is

inherently scalable; (3) leading DNN training frameworks, such as Horovod Elastic [146]

and TorchElastic [128], adeptly support elastic training; and (4) DNN training often in-

volves exhaustive searches for optimal neural network architectures and hyperparameters,

consuming extensive computational resources.

The objective of MalleTrain is to empower users to effectively leverage the unfilled

fragments in supercomputers. Some supercomputers have a preemptable queue (the jobs

submitted to this queue may be preempted anytime) explicitly to encourage the use of

the unfilled nodes. A preemptable queue can be designated for MalleTrain to which

the users will submit adaptable DNN training jobs. MalleTrain will optimally manage

the allocation of unfilled nodes by dynamically expanding and shrinking these adaptable

DNN jobs. To incentivize the adoption of this preemptable queue, benefits such as reduced

charges, in terms of either monetary cost or node-time consumption, can be extended to

users.
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Table 2.1
Queue types and their characteristics. Queue is the queue type name on the Polaris cluster, the Min and
Max columns give minimum/maximum number of nodes, and time, allowed per job request, and Priority is the
priority for jobs in the queue.

Nodes Time
Queue Min Max Min Max Priority
debug 1 2 5 min 1 hr debug

debug-scaling 1 10 5 min 1 hr debug
demand 1 56 5 min 1 hr High

prod 10 496 5 min 24 hr High
preemptable 1 10 5 min 72 hr Low

Table 2.1 displays the different queue types in the Argonne Leadership Computing Facil-

ity (ALCF) Polaris cluster [21]. The low job priority means that nodes allocated for the job

in the preemptable queue could be reclaimed.

2.1.3 FreeTrain

As noted earlier, FreeTrain [112] introduces an approach to dynamically allocating idle re-

sources in which nodes and running job information are taken as inputs and user-defined

metrics such as throughput or scalability are adopted as optimization objectives. By formu-

lating the problem using MILP, FreeTrain is able to compute an optimal allocation of idle

resources to DNN training jobs, subject to constraints such as allowed job size, feasible

resource allocation, job scale information, and job migration overhead.

However, several practical challenges must be overcome before this approach can be

realized into a production environment:

(1) Expecting users to provide specific runtime job details can be a significant burden

to users. The MILP algorithm requires users to supply precise job-specific information,

such as model training throughput and scalability, since these details serve as essential
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inputs for the optimization process. This requirement will significantly increase the burden

on users.

(2) Job runtimes often correlate closely with specific hardware capability and con-

figurations. Thus, to attain accurate job runtime information, users would have to prerun

their jobs under nearly identical system settings and hardware configurations. However,

this approach would be prohibitively time-consuming and resource-consuming for most

supercomputer users.

(3) In some cases, heuristic algorithms rely on current models to predict future ex-

ecutions, making it impractical to preprofile all potential models. The majority of

HPO/NAS algorithms are heuristic [57, 109, 138, 194], which implies that the models to

be evaluated are not predetermined until the current models have completed their execution.

Thus, users will not be able to provide accurate job runtime information, a situation that

will lead to an invalid resource allocation plan and will largely downgrade the performance

of the system.

To overcome these challenges, an intelligent online profiling mechanism is needed. Such

a mechanism should accurately collect job runtime information while minimizing disrup-

tions to the regular execution of jobs.

MalleTrain also employs MILP to do the allocation optimization but emphasizes prac-

tical deployment aspects in supercomputer clusters. JPA can be integrated seamlessly into

the workflow, orchestrating automatic profiling and obviating the need for manual input.

As a result, the profiling procedure becomes an inherent facet of the process, efficiently al-

leviating the user from the need to provide such details beforehand. This dynamic profiling

process operates in real time, eliminating the need to halt any ongoing jobs. While the pro-
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Figure 2.2: Example of fragment resources distribution on Polaris (27th in the TOP500 supercomputer list
on Nov. 2023). Red stars mark fragmented idle resources scattered on the cluster. Note: For clarity in
presentation, the figure depicts a majority of the cluster rather than its entirety.

filing phase may occasionally lead to suboptimal cluster performance, we mitigate potential

overhead through the implementation of a carefully designed online profiling mechanism.

Thus our design is able to obtain accurate profiling information without excessive opera-

tional costs.

2.1.4 Topology

The network topology in a supercomputer cluster plays an important role in facilitating

efficient communication, seamless data transfer, and effective management of network

resources. Today, the dragonfly [85] and fat-tree [28] topologies are widely utilized in

supercomputer clusters due to their ability to deliver high bandwidth and low latency.

These features make them adept at meeting the demanding requirements of modern high-

performance computing environments. The Polaris cluster and upcoming Aurora cluster in

the ALCF both use the dragonfly network topology, and the Summit cluster uses fat-tree.

A major concern for fragmented idle resources in a supercomputer is that such resources
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Figure 2.3: Characteristics of object sizes and access patterns in the IBM Docker registry production traces.

will often be scattered and distant from each other, as shown in Figure 2.2. Each color

represents a job; the nodes with same color were allocated to the same job. To fully utilize

the inter connection bandwidth and reduce the latency, schedulers tend to assign the nodes

into the same group or make them close to each other. For fragmented resources, however,

usually the nodes are scattered into different topology groups. This scattering will have two

major impacts. First, long distance usually means more hops are needed, which means the

connections could have a higher fluctuation and cause a downgrade in the DNN training

performance. Second, long distance could increase the end-to-end latency and cause more

network resource contentions. We perform extensive evaluation and show that the topology

is not a critical bottleneck for the design of MalleTrain.
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2.2 Efficient Caching on Serverless Computing

Large-scale web applications are characterized by increasingly complex storage workloads.

Many of these applications adopt a microservice architecture, comprising hundreds to thou-

sands of individual modules [63]. These modules vary significantly in their object size

distributions and request patterns. For instance, a Docker image registry service may use

Redis to manage small-sized container metadata (e.g., manifests), while larger container

images are stored in an object store [34, 105]. Although in-memory caching for small

objects has been extensively studied within the context of large-scale web applications,

the management and optimization of cloud caches for large objects remain underexplored.

This oversight presents additional challenges and opportunities for enhancing cloud cache

efficiency.

To obtain a better understanding of large object caching, we analyze production traces

from an IBM Docker registry collected in 2017 from two datacenters (one in London, UK,

and the other in Dallas, US) [34]. The goal is to reveal patterns that enable us to make

realistic assumptions for the design of InfiniCache.

Extreme Variability in Object Size. We first analyze the object size distributions. As

shown in Figure 2.3a, we find that object sizes span over nine orders of magnitude, and that

more than 20% of objects are larger than 10 MB in size. This observation highlights the

extreme variability and heterogeneity of real-world object store workloads, which further

increases the complexity of cloud IMOC management.
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Tension between Small and Large Objects. Efficiently managing both small and large

objects in an IMOC is challenging due to two performance-cost tradeoffs. First, with lim-

ited cache capacity, large objects occupy a large amount of memory and would cause evic-

tions of many small objects that might be reused in the near future, thus hurting perfor-

mance. This is evidenced by Figure 2.3b, where large objects (with size larger than 10

MB) occupy more than 95% of the total storage footprint. Second, large object requests

typically consume significant network bandwidth resources, which may inevitably affect

the latencies of small objects.

On one end, to prevent large objects from consuming too much memory and starving

small object requests, an object size threshold is defined to not admit objects larger than

the threshold [17, 37]. On the other end, system administrators can simply provision more

memory (and thus more servers) to increase the capacity of the cache. However, this would

increase the total cost of ownership (TCO) with reduced resource utilization. In fact, ac-

cording to our analysis of the production Docker registry workloads, for the busiest deploy-

ment among seven datacenters, the average throughput of requests with object sizes greater

than 10MB is below 3, 500 GETs per hour.

Caching Large Objects Matters. While large object caching is challenging, it can pro-

vide significant benefit as large object workloads exhibit strong data locality. Figure 2.3c

plots the access frequency distribution for all objects larger than 10 MB. About 30% of

large objects are accessed at least 10 times, and the object popularity shows a long-tail

distribution, with the most popular objects absorbing more than 104 accesses. Figure 2.3d

shows the temporal reuse patterns of the large object workloads. Around 37%–46% large

objects are reused within 1 hour since the last time they were accessed. The strong temporal

locality patterns underscore the benefit for caching large objects for web applications.
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2.3 Efficient Machine Learning Training on Serverless Computing

In this section, we give an overview of the latest ML workflows and how these work-

flows utilize cloud resources. We further motivate our work by discussing the state-of-the-

practice and state-of-the-art cloud ML systems and identifying their limitations.

2.3.1 Modern Machine Learning Workflows

Distributed Machine Learning. Distributed data parallel training is typically employed to

train modern ML models, which can contain up to billions of learning parameters [173], and

require terabytes of training data [42]. Each worker node trains the model on a partition of

the training data, and synchronizes weight updates frequently with other nodes. The choice

of the synchronization approach can have a big impact on the training speed. In practice,

Parameter Servers (PS) [7, 26, 93] and Ring-allreduce [38, 42, 47, 146] are typically used

to coordinate the synchronization of weights across all worker nodes.

Machine Learning with Dynamic Resource Requirements. The life cycle of an ML

model development includes pre-processing the training data, designing an appropriate

model, tuning hyperparameters, and training. The resource requirements across these

phases as well as within each phase can vary significantly and often require dynamic re-

source provisioning. For example, during the model design, engineers usually employ the

autonomic design technique known as Neural Architecture Search (NAS) [55, 56] to find

an optimized model architecture. During this phase, different architectures are crafted,

trained, and evaluated according to the evaluation results of the previous trials, resulting

in varying resource requirements for the new candidate model. Unless these new require-
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ments are met by scaling the underlying memory and communication resources, the optimal

execution cannot be achieved in terms of throughput and monetary cost.

As new architectures with different resource demands (e.g., a larger candidate model is

more memory and communication demanding) are generated based on previous evaluation

results, the underlying resources also need to be scaled to achieve the optimal execution in

terms of both throughput and monetary cost. compute resource demand varies significantly.

NAS automates the network architecture engineering and parameter tuning via deploying

models of various architectures and hyper-parameters in parallel to learn a network that can

achieve a best performance on a certain task.

Similarly, a model training task often employs dynamic batching [182] to improve the

training speed and model accuracy, such that the batch size can change between iterations

or epochs during training. As a result, memory requirements may need to be adjusted. In

addition, a larger batch size presents opportunities for intra- and inter-node parallelization,

such that having more workers can benefit the training process. With dynamic batching, the

batch size of different iterations or epochs changes during the training process. This in turn

changes the memory demands as well as scaling potential of the training task, e.g., larger

batch size takes more advantage of both intra- and inter-node parallelization and hence

could benefit from having more workers. For these reasons, modern ML workflows often

have dynamic resource demands and require effective auto-scaling for optimal execution.

SMLT is designed to handle such dynamic resource requirements, and we demonstrate its

effectiveness after applying it to NAS and dynamic batching systems in Section 5.3.
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2.3.2 Machine Learning on the Cloud

Many existing ML systems for training large-scale models require a significant amount of

computational resources that may not be available in a user’s own infrastructure. Cloud

computing and MLaaS systems can address this problem [139]. Hereafter, we briefly de-

scribe some well-known solutions.

Infrastructure-as-a-Service (IaaS). Cloud providers offer virtual machines (VMs) with

a wide range of computational capabilities. This scheme is known as Infrastructure-as-a-

Service (IaaS). IaaS provides on-demand resources with a time-based cost model. In an

IaaS environment, users are fully responsible for deploying, managing, and provisioning

the compute resources based on their requirements. Although it is a flexible option for prac-

titioners, the extensive resource management overhead and limited scaling support make

IaaS a less ideal candidate for training modern ML models, especially for ML practitioners

with limited system expertise.

Machine-Learning-as-a-Service (MLaaS). To address the challenges of running ML

tasks in an IaaS environment, cloud providers offer Machine-Learning-as-a-Service (MLaaS)

to provide additional support for ML tasks. Many commercial MLaaS systems are still

based on a pool of VMs with varying computational and communication capabilities, re-

quire a shared storage for training data, and offer some degree of scalability. Although

presenting a plethora of options to choose from [6, 10, 15], these platforms require users

to manually configure the required resources. Furthermore, to cover dynamic resource re-

quirements during ML tasks and provide robustness against failures (e.g., out of memory),

they typically require users to over-provision the configured resources, incurring inefficient

resource utilization and high monetary cost. These problems are exacerbated when the ML
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Figure 2.4: Scalability of Bert-Small and Bert-Medium using Siren [161].

workflows include continuous learning and training with continuously incoming training

data. As a result, ML practitioners still lack a fully-automated MLaaS solution to achieve

dynamic resource allocation for various ML workflow phases with both performance and

cost optimizations.

Machine Learning with Serverless Computing. Function-as-a-Service (FaaS), along

with the Container-as-a-Service (CaaS) with a full-automation capability, are widely-realized

forms of serverless computing and have been gaining popularity in both industry and

academia. The elastic nature and the fine-grained resource management make these server-

less realizations attractive to many application developers, including ML design and train-

ing developers. Besides removing the burden of resource management and scaling from

ML developers, they also offer a flexible billing model and the continuously-improved ex-

ecution startup delays [27, 121, 124].

In fact, FaaS has been actively studied for ML model serving [30, 38] and ML train-
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Figure 2.5: Scalability of Bert-Small and Bert-Medium using Cirrus [44].

ing [43, 44, 60, 80, 161]. Although it is easy to see that model serving can benefit from

FaaS’ advantages (e.g., scalability, billing flexibility), the benefits for ML training are still

not clear. Cirrus [44] is a specialized ML framework that addresses the resource limitations

(e.g., memory, storage) in FaaS environments and applies it to linear regression. Siren [161]

showcases that cost efficiency and training speed can be improved by adjusting the number

of workers during different phases of training

Although these frameworks demonstrate that FaaS can be a viable alternative for ML

training, their evaluation with small models and limited resources raises questions about the

feasibility of training large-scale models with FaaS and serverless computing. It would not

be surprising that increasing the number of training workers to process large ML models

will significantly increase the communication overhead, the training time and monetary

cost. For example, in a recent study, Jiang et al. [80] compare IaaS and FaaS platforms, and

highlight issues in serverless settings that affect the performance and cost of ML training.



35

To confirm these questions, we evaluated two natural language models (i.e., BERT-small [142]

and BERT-medium [155]) using these two approaches.1 Figure 2.4 shows that the compu-

tation time decreases with increasing number of workers in Siren [161], but so does the

communication time due to the use of S3 for storing intermediate parameter updates. With

more than 20-40 workers, the total training time increases due to the communication over-

head. Figure 2.5 shows a similar behavior for Cirrus [44]. These experiments show that

communication can be a major bottleneck for training complex ML models in a serverless

environment.

We further evaluated the performance of four models with varying number of workers

between 10 to 200 and with three different sizes of memory allocation to these workers (3

GB, 6 GB and 10 GB). Figure 2.6a and 2.6b show the training time distribution and the cost

distribution per iteration, respectively. These results highlight that an incorrect selection of

workers and inefficient resource allocation to them can have significant impacts on training

time and cost in a public serverless environment. Furthermore, the high variance in these

values shows that it is not trivial to find the ‘right’ values for these parameters. Cirrus [44],

Siren [161] and LambdaML [80], however, assume that the users know these values before

running the training. In other words, these systems do not support dynamic resource allo-

cation during training, leading to sub-optimal training time and causing higher monetary

costs. In summary, these systems lack support for the needs of modern ML workflows with

large models, dynamic resource requirements and user-centric training goals.

1Note that Siren’s source code is not available, and Cirrus does not support the ML frameworks for these
models. Nevertheless, we replicated these approaches to the best of our abilities.
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Figure 2.6: Per iteration computation time and cost distributions with varying deployment configurations for
Bert-Medium, Bert-Small, Resnet-18 (Tensorflow), as well as Resnet-50 (MXNet).

2.4 AI for Climate Application

Deep learning for super resolution Deep learning has transformed the field of image

super-resolution (SR), a technique that enhances the resolution of images. Unlike tradi-

tional SR methods, deep learning employs neural networks to reconstruct high-resolution

images from low-resolution inputs, delivering superior quality and efficiency. One of the pi-

oneering deep learning models in super-resolution is the SR convolutional neural network

(CNN) [53], which utilizes a three-layer neural network to learn an end-to-end mapping

between low and high-resolution images. The layers in this model are designed for patch

extraction and representation, non-linear mapping, and reconstruction, respectively. The

SRCNN [53] demonstrated significant improvements over traditional methods like bicubic

interpolation, setting a new benchmark for the quality of super-resolved images. Enhanced

SR generative adversarial network (ESRGAN) [166] utilizes a generative adversarial net-

work (GAN) framework to produce more realistic and sharper high-resolution images.

Built upon the foundational concept of generative adversarial networks, ESRGAN em-

ploys a generator and a discriminator: the generator is tasked with creating high-resolution

images, while the discriminator assesses their quality against actual high-resolution im-

ages, guiding the generator towards producing more accurate results. Wang et al. 2021

[163] used ESRGAN to successfully downscale precipitation from 50 km to 12km with



37

reasonable details over complex terrain, and demonstrated the ESRGAN can produce more

realistic results than all previous SR methods and interpolation approaches. Stengel eta l.

2020 [150] used ESRGAN to downscale future projections of wind and solar resources

from earth system models at a spatial resolution of 100 km to 2km.

Diffusion models The SR3 [141] is a diffusion model designed specifically for image

super-resolution, it leverages the Denoising Diffusion Probabilistic Models (DDPM) [73] to

enhance low-resolution images into high-resolution. Starting from a noisy low-resolution

image, the model progressively denoises the image step-by-step, each time refining the

details and clarity to achieve a high-resolution output. SR3 could condition on the low-

resolution input while generating the high-resolution output. This conditioning helps guide

the denoising process, ensuring that the generated details are consistent with the original

image context. In the training phase, SR3 learns to reverse the process of adding noise to

high-resolution images (the forward process). In the inference phase, it uses the learned

reverse process starting from a low-resolution image, gradually reconstruct the details and

lead to a high-resolution image.

Diffusion models in climate Diffusion models have been increasingly applied in climate

science, offering more accurate and efficient data generation compared to GAN frameworks

[e.g., 46]. These models are particularly relevant to climate data in three key aspects. First,

diffusion models were originally developed for image generation tasks [73]. Climate data

at each time step can be conceptualized as images, where the data patterns vary signifi-

cantly between time steps. Unlike images of human faces or animals, climate data lack a

consistent prior spatial distribution and often exhibit sharp gradients, making them more

challenging to learn. Diffusion models excel in handling such complexities. Second, unlike

deterministic downscaling methods, diffusion models can generate a large ensemble of re-

alizations by sampling from a probability distribution, enabling uncertainty quantification
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in downscaling. For example, Ling et al. (2024) [104] employed a diffusion probabilistic

downscaling model to create a 180-year dataset of monthly surface variables for East Asia.

This dataset, which enhances the resolution of global climate data from 1° to 0.1°, provides

detailed local-scale insights into climate changes over the past centuries, crucial for re-

gional adaptation and planning. Finally, the step-by-step Markov process and probabilistic

framework of diffusion models offer a robust approach to data assimilation.
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CHAPTER 3

DEEP NEURAL NETWORKS TRAINING ON UNFILLABLE

SUPERCOMPUTER NODES

3.1 System Design and Realization

MalleTrain manages the residual resources of a supercomputer cluster, in other words,

those that at any particular moment have not been allocated directly by the main sched-

uler. Two major challenges for MalleTrain arise in utilizing such residual resources: (1)

their availability varies dynamically, and (2) they are preemptible. The MalleTrain de-

sign enables these resources to be utilized fully for parallel DNN training. MalleTrain

seamlessly integrates with mainstream schedulers such as Slurm or PBS on supercomputer

clusters. It operates without impacting the main scheduler, exclusively controlling the non-

trivial, dynamic, residual resources that the main scheduler cannot utilize.

3.1.1 System Architecture Overview

Figure 3.1 shows the MalleTrain architecture and its five primary components, which we

describe in the following:

Scavenger detects and collects idle nodes from the main job scheduler for MalleTrain.

Two primary approaches could be employed: an event-driven mechanism, whereby the
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Figure 3.1: Schematic of the MalleTrain architecture. Scavenger adopts idle nodes, Resource Allocator
determines a map of nodes to jobs, Job Manager rescales jobs according to the map, Job Monitor tracks job
progress, and Job Profiling Advisor manages the online profiling process.

main scheduler alerts MalleTrain to idle nodes, or a proactive strategy, in which Scav-

enger periodically polls to find available unused (but preemptible when the main scheduler

needs them) resources. The latter approach, preferred for its autonomy, requires no addi-

tional action from the main scheduler, ensuring seamless and efficient use of idle nodes by

MalleTrain.

Resource Allocator maps nodes to DNN jobs in such a way as to optimize a given met-

ric such as throughput or scaling efficiency. The allocation task can be formulated as a

mathematical programming problem. In this chapter we adopt the formulation of [112] for

resource allocation. The Resource Allocator is event-driven, with four types of events be-

ing considered: new nodes joining MalleTrain, nodes being recalled by the batch sched-

uler (i.e., the corresponding jobs are preempted), arrival of new MalleTrain jobs, and

MalleTrain jobs completing.

Job Manager manages all jobs and implements the jobs-to-nodes mapping made by the

Resource Allocator.
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Job Monitor tracks job progress by consuming (current global batch size, timestamp)

records generated by DNN training jobs via one line of MalleTrain-supplied code added

to the training loop. The Monitor module then computes the current throughput as well as

the cost incurred for each rescale operation and updates that information in a job records

table to be used by the Resource Allocator.

Job Profiling Advisor manages the online profiling process, as described in subsection 3.1.3.

The JPA is an independent component that starts work before the job entering the Resource

Allocator.

When nodes cannot be backfilled by the main scheduler, they are redirected to the Scav-

enger for utilization. Jobs submitted by users to MalleTrain await the availability of

nodes. As nodes become available, the jobs at the front of the queue commence execution.

The running jobs transmit progress updates to the Job Monitor via a socket client. The

system’s architecture ensures continuous reporting of both cluster node statuses and job

execution information to the Resource Allocator. The Allocator then employs MILP based

on the current job distribution and number of nodes in the Scavenger. The MILP algorithm

devises a strategic plan, which is represented by a map and subsequently conveyed to the

Job Manager. The Job Manager then implements this plan to adjust resources accordingly.

The events described in subsection 3.1.2 will trigger the Resource Allocator to run MILP

and generate a new adjustment plan.

Users are provided with the option to explicitly indicate whether their job requires pro-

filing. If so, the JPA consults with the Resource Allocator to assess the availability of

necessary node resources for profiling. Should resources be insufficient, the jobs are re-

turned to the queue. Conversely, if adequate resources are available for profiling, the job

proceeds through the profiling process. This process uniquely involves an inverse order
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of node numbers; further details are given in subsection 3.1.3. When the profiling pro-

cess is done, the profiled job information will be an input to the MILP to find the optimal

allocation.

3.1.2 Event-Driven Resource Adjustment

Figure 3.2: Event-driven resource allocation process.

Our event-driven resource management architecture is shown in Figure 3.2. There are

four types of events:

New Nodes indicates that one or more nodes have become available to MalleTrain.

Preemption can be initiated at any time by the main scheduler without any prior notifica-

tion. The jobs being run by MalleTrain on the preempted nodes are terminated and the

nodes returned to the main batch scheduler.

Job Completion. MalleTrain picks a maximum of the top (first come, first serve, FCFS)

jobs from its queue to prevent excessive hunger of low-priority jobs (e.g., low-throughput

jobs when sample processed per second is the target to optimize). All the selected jobs are
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launched by MalleTrain via spawning a process using a subprocess module of Python

in a nonblocking fashion. The exit/completion of a job is thus notified from the Job Monitor

module of MalleTrain.

A New Jobs event can trigger resource allocation only when the number of currently run-

ning jobs, N jrun, is less than the jobs number threshold allowed in MalleTrain, P jmax.

When more than one job is submitted as a batch (e.g., grid search of a hyperparame-

ter search), P jmax − N jrun jobs will be added to the running list as a batch to reduce the

rescaling cost. When the number of arrving jobs N jarrive is larger than P jmax − N jrun, the

N jarrive − (P jmax − N jrun) jobs will be put into the FCFS queue for future execution.

Table 3.1
Example jobs-to-nodes map, as determined byMILP. Each row corresponds to a job, with scale given by the
sum of the cells in the row; each column corresponds to a node, with at most one cell in the column with
value 1 indicating the job to which the node is allocated.

N1 N2 N3 N4 N5 N6 N7 ... ... Nn
J1 0 0 1 0 0 0 1 0 0 0
J2 0 0 0 0 0 0 0 0 1 1
... 1 0 0 1 1 0 0 0 0 0
J4 0 1 0 0 0 1 0 1 0 0

The node-job map shows the allocation plan, and Table 3.1 demonstrates an example

map of the allocation plan. The MILP optimizer takes the input and gives a new node-job

map to the Allocator to do the reallocation. We give more details in subsection 3.1.3.

3.1.3 Job Profiling Advisor

In contrast to traditional profiling methods that necessitate dedicated resources, our online

profiling process is integrated into the training process. This approach ensures the un-

interrupted operation of worker processes during profiling. The strategic design of node

adjustment sequences, as depicted in Figure 3.4, to avoid scale-up operations, effectively
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minimizes additional overhead. Each job is equipped with a lightweight reporter (socket

client), responsible for reporting job progress to the Job Monitor (socket server). This

approach facilitates the automatic aggregation by the Job Monitor of the training process

information that is then used for optimization purposes. Consequently, the JPA is enabled

to make precise and timely adjustments, thereby maximizing resource utilization.
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Figure 3.3: Rescaling overhead costs on Polaris A100 GPU nodes: (a) Time to scale up and down a single
node, for different models; (b) Time to scale up different numbers of nodes, for ResNet-50 model.

We noted in subsection 2.1.3 the necessity for online profiling in order to permit accurate

MILP solutions and to handle tasks for which profile information is not available before

their execution. Here we shift focus to an in-depth examination of the design elements of

JPA. In our proposed design the profiling function runs concurrently with jobs. Thus we

want it to be:



45

Prompt, meaning that it processes profiling events rapidly so as to ensure efficient utiliza-

tion of profiling information, and furthermore completes rapidly so as to minimize overhead

and limit disruption to other tasks;

Fair, meaning that its design incorporates principles of fairness, and that in instances where

job interruption is unavoidable, a Least Recently Used (LRU) strategy is employed to en-

sure equitable distribution of interruptions; and

Efficient, meaning that it prioritizes minimal disruption to other tasks, adhering to two key

principles: (1) avoiding the interruption of multiple jobs simultaneously and (2) preventing

the complete cessation of any single job.
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b

Figure 3.4: Inverse-order rescaling sequence. The solid curve represents scale-up and the dashed curve scale-
down. JPA aims to minimize the number of scale-up operations in order to reduce overhead.
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Accurate MILP requires that we know, or can rapidly determine, the time that will be

required to run any training mini-task on any possible number of nodes. While obtaining

this information may sound intractable, in practice the regular nature of DNN computations

makes it feasible to obtain good estimates. As in FreeTrain, we assume a fixed per-node

minibatch size (when training, we employ a learning rate scheduler to adjust learning rate

according to the global batch size [67, 177]). We then need simply to measure the time per

epoch for that minibatch size on different numbers of nodes, from a specified minimum to

a specified maximum.

A useful optimization when performing those measurements derives from the observa-

tion that, as shown in Figure 3.3a, the cost of scaling up is consistently multiple times

greater than that of scaling down. Furthermore, Figure 3.3b illustrates that the overhead

incurred during scale-up remains relatively constant regardless of the number of nodes in-

volved; even as the number of nodes increases, the increase in scale-up time is marginal.

Consequently, in our profiling of the rescaling process, we should minimize the need for

scaling up and prioritize scaling down wherever feasible. As an example, consider the two

situations illustrated in Figure 3.4. If the initial number of nodes is 1 and the objective is to

profile nodes 2, 3, 4, and 5, we may either: (a) scale up directly to 5 nodes and then scale

down to 1, thereby gathering scalability data for all nodes using a single scale-up operation,

or (b) incrementally scale up from 1 to 5, which requires four separate scale-up operations.

The first approach is significantly more efficient than the first, since it requires only one

scale-up operation.

The JPA architecture (Figure 3.5) resembles that of MalleTrain but with several distinc-

tions: (1) JPA exclusively processes new job events, since only these require profiling; in

contrast, the trainer instance accepts multiple events, as described in subsection 3.1.2. (2)

The node adjustment in JPA is decided by our profiling algorithm instead of by the MILP
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program. Users retain the discretion to decide whether their jobs undergo profiling. Upon

receiving a profiling request from a user, a profiling event is triggered, which initiates a

process whereby the Resource Allocator assesses the availability of sufficient resources for

profiling. If resources are deemed adequate, a profiling job is started, temporarily preempt-

ing nodes from other jobs. Upon completion of profiling, the MILP process is engaged to

make adjustments based on the newly collected information. The gathered scale informa-

tion is then reported and recorded by the job manager, contributing to future optimization

efforts.
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Figure 3.6: Average time taken for an example MILP computation as the numbers of concurrent MILP
computations performed on a single 32-core head node scales from 1 to 40.

3.1.4 Cluster Configuration

MILP is an NP-hard problem and the cost of the MILP computation required to determine a

mapping of jobs to idle nodes scales rapidly with the number of runnable jobs and available

nodes. Thus, it can be preferable to partition a supercomputer into disjoint subsets and run

multiple trainers in parallel, one per subset. This approach restricts the maximum number

of nodes to which any one job can scale, but has the advantages of reducing delays due to

training and of permitting different trainers to optimize for different metrics appropriate for

different task types, such as computer vision models and language models.
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With multiple trainers, the question arises of whether it is advisable from a performance

perspective to run more than one on a single node. Our preliminary investigation into

the effects of running multiple MILP processes concurrently on the same node revealed

that the processing time begins to increase only when the number of concurrent trainers

exceeds the number of cores, as illustrated in Figure 3.6. This suggests that deploying

multiple trainers and running the associated MILP processes concurrently on a single head

node can diminish overheads without adversely affecting the performance of standard jobs.

3.2 Evaluation and Discussion

We conducted an extensive experimental evaluation to validate the effectiveness and ro-

bustness of our framework with real logs of supercomputer clusters. We also validated

MalleTrain on a small cluster in a real production environment.

3.2.1 Experiment Setup

We examined trace logs from two supercomputers listed in the TOP500 as of November

2023: Summit, ranked 7th, and Polaris, ranked 27th [22]. The Summit log spans 14 days

from February 10 to February 24, 2021, while the Polaris log covers a 7-month duration,

from January 1 to July 28, 2023.

Figure 3.7 depicts event traces from the Summit and Polaris supercomputers. We see

that Polaris has more shorter gaps than Summit, with indeed over 50% of its event gaps

being shorter than 10 seconds. A key factor contributing to this difference is Summit’s
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policy favoring large jobs. Such jobs generally have longer durations, leading to fewer but

more extended resource occupations. Conversely, without a similar policy favoring large

jobs, Polaris experiences more frequent, shorter gaps between events due to the prevalence

of smaller jobs. However, because of the unavailability of idle node data for the Polaris

cluster, we focus on Summit trace data in our log replay simulation evaluation. Figure 3.8,

which shows idle nodes on Summit over a two-week period, shows that the number of idle

nodes varies significantly over time.

While plugging MalleTrain into the batch scheduler of a real supercomputer would

permit accurate evaluation in a real system, we would lose the ability to reproduce the same

trace with different strategies, including the baseline allocation policy, for comparative

research. Therefore, we instead generate representative traces and replay them on the real

system for our experimental evaluation. In contrast to the simulation-based evaluation,

experiments here do not rely on any performance modeling: they run the DNN training

task on real supercomputer nodes.

A challenge for MalleTrain is to optimally utilize fragmented node×time resources to

meet a user-specified metric (e.g., throughput in terms of samples processed per second,

resource utilization/scaling efficiency). We synthesize traces that are independent and iden-

tically distributed with real traces from supercomputers. Figure 3.9 compares node idle gap

lengths from real Summit scheduler logs vs. our synthetic traces. We see that the distribu-

tion of synthetic traces is close to those of the real logs, confirming the representativeness

of our synthetic traces.
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3.2.1.1 Workload

NASBench101 [174] is a neural architecture search (NAS) benchmark dataset created to

permit systematic, reproducible, and accessible evaluation of NAS algorithms. It was intro-

duced to address the challenges associated with the high computational cost of evaluating

NAS algorithms, which traditionally require training thousands of neural network archi-

tectures from scratch to find the most efficient one for a given task. We conducted our

experiment within the search space of NASBench101, which comprises 423,624 computa-

tionally unique neural architectures. The image size for our training is 224×224×3. We use

randomly generated tensors instead of the real dataset to remove the potential I/O impact

on our experiments. We note that our focus here is not on the accuracy of the models but

rather on assessing throughput and scalability. Varieties of deep learning models that do

the HPO tasks were also evaluated in the same context as the NAS workload; the models

were randomly selected from models listed in Figure 3.12.

3.2.1.2 Testbed

We conducted experiments on a 32-node cluster in which each node is equipped with four

A100 GPUs. The GPUs are interconnected via NVLink within each node, and nodes are

connected via InfiniBand. The synthesized traces, as depicted in Figure 3.9, were instru-

mental in simulating the preemptive actions undertaken by the main scheduler.
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Figure 3.7: Cumulative histograms of idle gap counts on Summit and Polaris, for short gaps (0–50 secs: left)
and longer gaps (0–3600 secs: right). Polaris has more shorter gaps (≤60 secs) while Summit has more gaps
in the range from 60 to 600 secs.

02
-11

02
-13

02
-15

02
-17

02
-19

02
-21

02
-23

02
-25

0

2000

4000

Nu
m

be
r o

f n
od

es

Nodes Over Time (Summit Cluster)
Idle Nodes Count
Average: 411.63

Figure 3.8: Idle nodes on Summit over two-week period.

3.2.2 Performance Evaluation

We conducted experiments to benchmark our system against the FreeTrain framework for

preemptible resource allocation on HPC clusters. Our evaluation comprised NAS and HPO

training workloads. Notably, the NAS workload exhibited more variability in training speed

and scalability compared with HPO tasks.

Our primary metric for comparison was the overall training throughput of the system.

We ran both frameworks under identical workloads to ensure a fair comparison. For the

NAS model sampling process, we randomly selected models. To maintain consistency, we

set the same seed value for both frameworks, ensuring that the sequence of model training

remained identical across the experiments. We conducted the simulation with the two-

week log and conducted the experiments for 12 hours with the synthetic trace. The average
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Figure 3.9: Comparison histogram of fragment length between real logs and synthetic. Synthetic (10k) shows
the statistics for 10k fragments, and Synthetic (1k) shows the statistics for 1k fragments. The synthetic traces
keep the same distribution as that of the real log.

throughput is shown in Figure 3.10 with the NAS workload and HPO workload. We see

that MalleTrain outperforms FreeTrain in various settings.

3.2.3 Topology Impact Analysis

The dynamic and randomly scattered nature of fragmented resources across the cluster

raises concerns about potential declines in the overall performance of training jobs. To

address these concerns, we conducted experiments on the Polaris cluster with the dragon-

fly network topology. Our study involved comparing the performance of nodes confined

within a single dragonfly group versus those distributed across multiple dragonfly groups.

Figure 3.11 shows that the physical distribution of nodes, whether scattered or closely sit-

uated, has minimal impact on NAS/HPO DNN training speed. Figure 3.12 indicates robust

scalability of models even at the 32-node level, each node equipped with 4 NVIDIA A100

GPUs, encompassing a total of 128 A100 GPUs.
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Figure 3.11: We analyzed training performance for sample MalleTrain jobs under four different scenarios:
Same Group, Empty (where all nodes are located within the same Dragonfly group and the cabinet is empty),
Same Group, Busy (where all nodes are within the same Dragonfly group but are collocated with other jobs),
Different Group, Empty (where nodes are distributed across two Dragonfly groups with the two cabinets
empty), and Different Group, Busy (where nodes are distributed across two Dragonfly groups and collocated
with other jobs). The results demonstrate consistent training speeds for both models across all scenarios.
The error bars for the Different Group, Busy scenario reveal higher variances in training speed, indicating
fluctuations occur primarily in this scenario. However, the average training speed remains consistent despite
these fluctuations.
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Figure 3.12: Trend analysis of model scalability on 32 Polaris nodes, each with 4 A100 GPUs.

The underlying reasons for these observations are multifaceted. First, leadership-class su-

percomputer clusters are typically outfitted with high-performance network devices. For in-

stance, Polaris is equipped with the HPE Slingshot 11 interconnect, offering up to 200 Gb/s

point-to-point bandwidth. Second, the networking infrastructure in these clusters is often

highly overprovisioned, mitigating network contention among applications running on dif-

ferent nodes. Third, modern distributed deep learning frameworks, such as PyTorch [128]

and Horovod [146], effectively overlap computing and communication tasks. This overlap-

ping functionality reduces the network’s impact on training speed, thereby diminishing the

sensitivity to network conditions.

3.3 Related Work

We have already referred to the pioneering work of Liu et al. on FreeTrain [112], while

noting also that certain assumptions and strict requirements make it fall short in the real

production environment. FreeTrain heavily relies on users to provide accurate runtime

information from training jobs, which increases the burden to the users, making it imprac-



55

tical for use. Indeed, in some widely used heuristic NAS/HPO algorithms, FreeTrain has

to guess a configuration or provide information solely based on user experience; the in-

accurate or out-of-date information might largely downgrade the overall performance of

the MILP optimization algorithm. In contrast, MalleTrain integrates automatic profiling

components into the process and doing the profiling automatically.

Pollux [133] is a resource-adaptive DNN training and scheduling framework designed to

efficiently rearrange distributed deep learning processes, particularly in dynamic-resource

environments such as shared clusters and cloud infrastructures. This framework employs

Kubernetes for efficient scheduling, rescaling, and reconfiguring of job batch sizes and

learning rates, thus maximizing training performance and optimizing resource utilization.

Pollux operates on a fixed-size cluster, however, whereas MalleTrain can handle dynam-

ically varying cluster sizes.

3.4 Summary

In this chapter, we have introduced MalleTrain, a system that we demonstrate can em-

ploy idle fragmented nodes on batch-scheduled HPC systems for large-scale DNN training.

MalleTrain defines a workable architecture for efficient use of such idle nodes, and via its

job profiling advisor, which efficiently gathers accurate job execution data at runtime with

minimal interference to ongoing tasks, enables idle nodes to be employed efficiently even

for dynamic workloads such as neural architecture search and hyperparameter optimiza-

tion. Detailed performance studies involving both simulations and experiments validate

the effectiveness of the approach and show that MalleTrain achieves >20% more training

throughput than was reported, on the basis of simulation studies alone, for a precursor sys-
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tem. MalleTrain thus opens up the feasibility of both improving the utilization of large

HPC systems and increasing the resources delivered to DNN applications.

Moreover, the methodologies developed in this study have potential applications beyond

their current scope. They could be adapted, for example, to infrastructure management

tasks, such as scheduling in Kubernetes clusters and other cloud computing platforms.
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CHAPTER 4

EXPLOITING EPHEMERAL SERVERLESS FUNCTIONS TO BUILD A

COST-EFFECTIVE MEMORY CACHE

4.1 InfiniCache Design

InfiniCache has three components: an InfiniCache client library, a proxy, and a Lambda

function runtime used to implement cache nodes1. As shown in Figure 4.1, an InfiniCache

deployment consists of a cluster of Lambda cache nodes, which are logically partitioned

and managed by multiple proxies. Each proxy orchestrates a Lambda cache pool. Ap-

plications interact with InfiniCache via a client library that is responsible for cache in-

validation upon an overwrite and cache insertion upon a read miss assuming a read-only,

write-through cache; the client library encodes and decodes the objects using erasure cod-

ing (EC) and interfaces with a proxy serving as a rendezvous that streams the EC-encoded

object chunks between a client library and the Lambda nodes.

InfiniCache introduces a proxy primarily because a Lambda node cannot run in server

mode due to banned inbound connections. Thus a client library has to rely on an in-

termediate server (the proxy) for accepting connection requests from Lambda nodes. In

InfiniCache, the client library and proxy are logically separated as they have clearly par-

titioned functionality, but in deployment they can be physically co-located on the same

machine. To enable data sharing across different Lambda cache pools, a client can commu-

nicate with any proxy (see Figure 4.1).
1We use Lambda cache node and Lambda function (runtime) interchangeably in different contexts.
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Figure 4.1: InfiniCache architecture overview. Icon denotes EC-encoded object chunks. Chunks with same
color belong to the same object.

4.1.1 Client Library

InfiniCache’s client library exposes to the application a clean set of GET(key) and PUT(key,

value) APIs (see Figure 4.2). The client library is responsible for: (1) transparently han-

dling object encoding/decoding using an embedded EC module, (2) load balancing the

requests across a distributed set of proxies, and (3) determining where EC-encoded chunks

are placed on a cluster of Lambda nodes.
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Figure 4.2: InfiniCache client library (CH: consistent hashing).

Erasure Coding Processing. In our initial design, we observed that adding EC process-

ing to the proxy would stall the chunk streaming pipeline (section 4.1.2) and significantly

impact the overall data transfer performance. Hence we made a design choice to move the
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computation-heavy EC part from the proxy to the client library.

The PUT Path. Assume that we have a multi-proxy deployment in which each proxy

manages a separate Lambda node pool with shared access among clients. For a PUT re-

quest, InfiniCache’s client library first determines the destination proxy (and therefore its

backing Lambda pool) by using a consistent hashing-based load balancing approach. The

client library then encodes the object with a pre-configured EC code ((d + p) using a Reed-

Solomon (RS) code) and produces a number of object chunks, each with a unique identifier

IDob j chunk (computed as a concatenation of the object key and the chunk’s sequence num-

ber). To handle extremely large objects, InfiniCache can encode them with more aggressive

EC code (e.g., (20 + 4)). Next, the client decides which Lambda nodes to store the chunks

on by randomly generating a vector of non-repetitive IDλ. Each encoded chunk with its

piggybacked ¡IDob j chunk, IDλ¿ is sent to the destination proxy, which streams the data to

the destination Lambda nodes and remembers the locations in the Lambda pool where the

chunks are cached.

The GET Path. A GET request is first sent to the proxy by using consistent hashing; the

proxy then consults its mapping table, which records the chunk to Lambda node associa-

tion and fetches the object chunks from the associated Lambda nodes (see section 4.1.2).

Once the chunks arrive at the client, the client library decodes the chunks, reconstructs the

original object, and returns the object to the application.

Eliminating Lambda Contention. Lambda functions are hosted by EC2 Virtual Ma-

chines (VMs). A single VM can host one or more functions. AWS seems to provision

Lambda functions on the smallest possible number of VMs using a greedy binpacking

heuristic [164]. This could cause severe network bandwidth contention if multiple network-
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Figure 4.3: The box-and-whisker plot of latencies as a function of the number of VM hosts touched per
request.

intensive Lambda functions get allocated on the same host VM.

We conduct an empirical study to verify this. In our study setup, each Lambda function

has 256 MB memory. We use an RS code of (10 + 1) to split a 100 MB object into 10 data

chunks and 1 parity chunk, and place each chunk on a Lambda node randomly selected

from a fixed sized Lambda node pool. We measure the latency of GET requests by scaling-

up the pool from 20 to 200 Lambda nodes. As a result, the number of host VMs that the

11-chunk object spans varies proportionally as the Lambda node pool scales up and down2.

Figure 4.3 shows the latency distribution as a function of the number of underlying host

VM touched per request. With a larger Lambda node pool (where the request is more

likely to be spread across more host VMs), we observe a decreasing trend in the latency

on the Lambda-side (the time that each Lambda node spends serving the chunk request) as

well as the client-perceived (end-to-end) latencies.

These results stress the need to minimize resource contention among multiple Lambda

functions sharing the same VM host. While over-provisioning a large Lambda node pool

with many small Lambda functions would help to statistically reduce the chances of Lambda

co-location, we find that using relatively bigger Lambda functions largely eliminates Lambda

co-location. Lambda’s VM hosts have approximately 3 GB memory. As such, if we use

2We run command uname in Lambda to get the underlying host VM’s IP.
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Lambda functions with ≥ 1.5 GB memory, every VM host is occupied exclusively by a

single Lambda function, assuming InfiniCache’s cache pool consists of Lambda functions

with the same configuration3.

4.1.2 Proxy

Each InfiniCache proxy (Figure 4.4) is responsible for: (1) managing a pool of Lambda

nodes, and (2) streaming data between clients and the Lambda nodes. Each Lambda node

proactively establishes a persistent TCP connection with its managing proxy.
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Figure 4.4: InfiniCache proxy.

Pool Management. Each proxy manages a pool of Lambda nodes, and also maintains

the metadata to record the mapping between object chunks and Lambda nodes. To achieve

fault tolerance, the proxy also serves as a coordinator to coordinate data migration and delta

sync. Each proxy tracks the memory usage of every Lambda node in the pool. The proxy

starts to evict objects as long as there is not enough free memory in the Lambda pool using

a CLOCK based [61] LRU policy. The LRU module operates at the object granularity at

the proxy. After the eviction process, the proxy updates the mapping metadata, and inserts

the new data.
3AWS does not allow sharing Lambda-hosting VMs across tenants [35].
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First-d based Parallel I/O. The proxy sends and receives object chunks in parallel by uti-

lizing I/O parallelism to maximize network bandwidth utilization. To mitigate the Lambda

straggler problem, the proxy directly streams the first d out of (d+p) encoded object chunks

to the client. Though accepting the first-d arrived chunks may likely result in an EC de-

coding process at the client library, as we show in section 4.2.1, the performance benefit

of the optimization outweights the EC decoding overhead with reduced tail latency for GET

requests.

4.2 Evaluation

In this section, we evaluate InfiniCache on AWS Lambda using microbenchmarks.

Implementation. We have implemented a prototype of InfiniCache using 5, 340 lines of

Go (460 LoC for the client library, 3, 447 for the proxy, and 1, 433 for the Lambda runtime).

The EC module of the client library is implemented using the Golang reedsolomon lib [16],

which uses Intel’s AVX-512 for accelerating EC computation.

Setup. Our experiments use AWS Lambda functions with various configurations. Unless

otherwise specified, we deploy the client (with InfiniCache’s client library) and proxy on

c5n.4xlarge EC2 VM instances. The Lambda functions are in the same Amazon Virtual

Private Cloud (VPC) as the EC2 instances and are equipped with a 10 Gbps network con-

nection. The Lambda functions’ network bandwidth increases with its memory amount;

we observed a throughput of 50–160 MBps (from the smallest memory amount of 128 MB

to the largest memory amount of 3008 MB) between a c5n.4xlarge EC2 instance and a
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(a) 128 MB Lambda.

10MB 20MB 40MB 60MB 80MB 100MB
Obj Size(MB)

0

200

400

600

La
te

nc
y(

m
s)

10+0
10+1
10+2

10+4
4+2
5+1

(b) 256 MB Lambda.
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(c) 512 MB Lambda.
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(d) 1024 MB Lambda.

10MB 20MB 40MB 60MB 80MB 100MB
Obj Size(MB)

0

200

400

600

La
te

nc
y(

m
s)

10+0
10+1
10+2

10+4
4+2
5+1

(e) 2048 MB Lambda.
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Figure 4.5: Microbenchmark performance.

Lambda function using iperf3.

4.2.1 Microbenchmark Performance

We first evaluate the performance of InfiniCache under synthetic GET-only workloads gen-

erated using a simple benchmark tool. With the microbenchmarking tests, we seek to

understand how different configuration knobs impact InfiniCache’s performance. The eval-

uated configuration knobs include: EC RS code (we compare (10 + 1), (10 + 2), (4 + 2),
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Figure 4.6: Scalability of InfiniCache.

(5 + 1), with a (10 + 0) baseline, which directly splits an object into 10 chunks without

EC encoding/decoding), object sizes (10–100 MB), and the Lambda function’s resource

configurations (128–3008 MB).

Figure 4.5 shows the distributions of end-to-end request latencies seen under different

configuration settings. Invoking a warm Lambda function takes about 13 ms on average

(with the Go AWS SDK API), which is included in the end-to-end latency results. We

observe that the (10 + 1) code performs best compared to other RS code configurations.

This is due to two reasons. First, (10 + 1) results in a maximum I/O parallelism factor of

10 (first-k parallel I/O is described in section 4.1.2), and second, it keeps the EC decoding

overhead at a minimum (the higher the number of parity chunks, the longer it takes for

RS to decode). The caveat of using (10 + 1) is that it trades off fault tolerance for better

performance.

Another observation is that the (10+0) case does not seem to lead to a better performance

than that of (10+1) and in several cases even sees higher tail latencies. This is due to the fact

that (10+0) suffers from Lambda straggler issues, which outweighs the performance gained

by fully eliminating the EC decoding overhead. In contrast, (10+1)’s first-d approach adds
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redundancy and this request-level redundancy helps mitigate the impact of stragglers.

A Lambda function’s resource configuration has a great impact on InfiniCache’s latency.

For example, (10+1) achieves latencies in the range of 110–290 ms (Figure 4.5c) with 512

MB Lambda functions for objects of 100 MB, whereas with 2048 MB Lambda functions,

latencies improve to 100–160 ms (Figure 4.5e). In addition, latency improvement hits a

plateau for Lambda functions equipped with more than 1024 MB memory because larger

Lambda functions eliminate the network bottleneck for large chunk transfers.

To compare InfiniCache with an existing solution, we choose ElastiCache (Redis) and

deploy it in two modes, a 1-node deployment using a cache.r5.8xlarge instance, and a

scale-out 10-node deployment using cache.r5.xlarge instances. As shown in Figure 4.5f,

InfiniCache outperforms the 1-node ElastiCache for all object sizes, as Redis is single-

threaded and cannot handle concurrent large I/Os as efficiently. For larger object sizes,

InfiniCache with (10 + 1) and (10 + 2) consistently achieves lower latencies compared to

the 10-node ElastiCache, thanks to InfiniCache’s first-d based data streaming optimization.

These results show that InfiniCache’s performance is competitive as an IMOC.

Scalability. In this test, we setup a multi-client deployment to simulate a realistic use

case in which a tenant has multiple microservices that concurrently read from and write

to InfiniCache. To do so, we vary the number of clients from 1 to 10. We also deploy

a 5-proxy cluster where each proxy manages a 50-node Lambda pool (and each Lambda

function has 1024 MB memory). Each client uses consistent hashing to talk to different

proxies for shared data access (see Figure 4.1).

Figure 4.6 shows the throughput in terms of GB/s. We observe that InfiniCache’s through-
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put scales linearly as the number of clients increases. Ideally, InfiniCache can scale linearly

as long as more Lambda nodes are available for serving GET requests.

4.2.2 Summary

With web applications becoming increasingly storage-intensive, it is imperative to revisit

the design of in-memory object caching in order to efficiently deal with both small and large

objects. We have presented a novel in-memory object caching solution that achieves high

cost effectiveness and good availability for large object caching by building InfiniCache on

top of a popular serverless computing platform (AWS Lambda). For the first time in the lit-

erature, InfiniCache enables request-driven pay-per-use elasticity at the cloud storage level

with a serverless architecture. InfiniCache does this by synthesizing a series of techniques

including erasure coding and a delta-sync-based data backup scheme. Being serverless-

aware, InfiniCache intelligently orchestrates ephemeral cloud functions and improves cost

effectiveness.
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CHAPTER 5

ENABLING SCALABLE AND ADAPTIVE MACHINE LEARNING TRAINING

VIA SERVERLESS COMPUTING ON PUBLIC CLOUD

5.1 SMLT Design

In lieu of the aforementioned shortcomings to support dynamic resource requirements,

user-centric deployment goals and large-scale ML models, we propose SMLT. In this sec-

tion, we explain the rationale behind the SMLT design, present our goals, and then describe

the building blocks to achieve them.

Our general aim is to design a generic framework that provides the easy-to-use function-

ality for ML practitioners to design and train their ML models efficiently and economically

on a public cloud serverless platform. The framework should allow ML practitioners to fo-

cus on business logic while at the same time truly realizing the transparency and scalability

promises of serverless computing. In particular, we design our building blocks to target

three main goals.

• We aim to offer an overarching view of dynamic ML workflows to enable adaptive and

efficient serverless scaling on public cloud platform.

• We aim to support user-centric deployment goals (e.g., training deadlines and budget

limits) for running ML workflows on public serverless platforms.

• We aim to achieve scalability by enabling the handling of large and sophisticated ML
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workflows while abstracting out the limitations of the underlying public serverless plat-

forms.

5.1.1 Overarching View and Dynamic Adaptation

The underlying primitives in existing serverless platforms can support individual ML train-

ing tasks well. However, for modern dynamic ML workflows, such as dynamic batch-

ing [45] and NAS [56], today’s serverless systems often fall short. The fundamental reason

is the lack of a component that maintains an overarching view of the training dynamics

of ML tasks. For example, when the batch size or model size changes over the train-

ing process, it may inevitably change the scalability and resource demands of the training

task. Not adjusting the underlying serverless resources accordingly may cause performance

and/or cost issues. The stateless nature of public serverless platforms, and hence their in-

ability to carry over the training dynamics across function invocations, creates a challenge

for supporting such an adaptation mechanism.

To solve this challenge, we propose a training dynamics aware design to enable an over-

arching view of ML workflows. To keep track of the training progress, we propose a

monitoring component (called Task Scheduler in Section 5.2.1) to collect the training in-

formation (e.g., time taken to complete one iteration, batch size changes), and maintain it

across function invocations. The task scheduler continuously monitors for changes in train-

ing information, and upon detecting change, activates an optimizer to determine the new

resource allocation to meet the optimization targets. The scheduler then allocates resources

according to the newly optimized resource decisions, such that the training can continue

with new resources (e.g., number of workers, memory configuration).
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5.1.2 User-centric Deployment and Execution

To guide the above process, we employ a user-centric deployment and execution approach.

ML practitioners often have different goals in ML model training, such as meeting dead-

lines or staying within a monetary budget. These desired goals are not supported by to-

day’s MLaaS platforms (see Section 2.3). The serverless computing paradigm creates an

unprecedented opportunity to provide these goals because of its advantages in scaling and

resource management. By embracing serverless computing, SMLT alleviates the burden

of reserving and scheduling resources from ML practitioners, and allows them to focus on

their ML model development, while guaranteeing their time and budget constraints are met.

Definitions and Terminology. Our approach takes a user’s requirements as input to op-

timize the deployment and execution of ML tasks. Without loss of generality, we use

dynamic batching as an example to illustrate our approach. Let B = {b1, b2, · · · , bn} denote

the batch scheduler, where bi denotes the batch size at the ith epoch. Let C = {c1, c2, · · · , cn}

denote the system configuration across epochs as a tuple of scale-out factor (number of

workers cworker
i ) and scale-up factor (memory size cmemory

i ), i.e., ci = ⟨cworker
i , cmemory

i ⟩. Let

TB(C) denote the training time using configuration C for a given batch scheduler B, and

S B(C) denote the monetary cost using configuration C for a given batch scheduler B. In

addition, let Tmax denote the user-specified training deadline and S max denote the user-

specified monetary budget for training.

Example Scenario. We give an example scenario where a user wants to meet the training

deadline while minimizing the cost. This scenario can be modeled as an optimization
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problem as follows:

minimize SB(C)

subject to TB(C) ≤ Tmax.

(5.1)

To obtain the training cost S B j(Ci) of a particular deployment configuration Ci under a

given batch scheduler B j, we need to first profile the training time per iteration (including

the training throughput and communication time), and then use the cloud cost model to cal-

culate the monetary cost. However, to exhaustively search the training cost of all possible

deployment configurations to identify the minimum cost is prohibitively expensive as we

need n(C) number of profiling experiments. Therefore, we need an efficient optimization

algorithm to explore the search space to reduce the optimization overhead. While there are

plenty of optimization algorithms in the literature which could potentially be adopted here,

we propose a customized Bayesian optimizer, inspired by [173], to efficiently solve this

optimization problem.

There are other example scenarios with user-centric goals. For example, users may want

to minimize training time with a budget, or users may simply want to finish training as fast

as possible.

Bayesian Optimization. There are a few classic optimizers (e.g., Bayesian optimization

and reinforcement learning) to solve the aforementioned optimization problems. We com-

pare their performance in terms of accuracy and training overhead in Figure 5.1. We use the

reinforcement learning model architecture proposed in [136] . It can be observed that, for

the same prediction accuracy demonstrated in Figure 5.1a, reinforcement learning incurs

3× overhead compared to Bayesian optimization. In light of this result, we choose Bayesian

optimization over reinforcement learning [44] to speed up the optimization process because

it is much lighter-weight, and importantly, does not require additional training. This makes
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Figure 5.1: Comparison of Bayesian optimization and reinforcement learning in terms of accuracy and train-
ing overhead.

it more suitable for our goals in improving training speed and increasing cost-effectiveness.

The Bayesian Optimizer searches for the optimal deployment by profiling the through-

put of the system under randomly chosen configurations. Based on the profiled through-

put results, the Bayesian optimizer estimates the most beneficial configuration to profile

next. This search is done in an iterative manner until the expected improvement is small

enough or the predefined max number of iterations is reached, thus finding the optimal

configuration. In doing so, SMLT exploits the serverless paradigm and its ‘pay-as-you-go’

model with fine-grained resource allocations. SMLT’s approach differs from the approach

described in [173], whereby the Bayesian algorithm can run only once before the start of

the ML task due to its high monetary cost associated with profiling in a VM-based cloud

infrastructure, thus leaving little budget for the actual training tasks.

In its iterative configuration search, SMLT uses a two-dimensional search space where the

worker memory size varies from 128 MB to 10 GB with an increment of 128 MB [13] and

the number of workers varies depending on the model size and training parameters. The

cost function for a particular deployment configuration is set as Ci, and this cost function is

specified as part of user requirements like the example scenarios aforementioned.
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We employ the widely-used Gaussian Process Regression [62] to calculate the posterior

distribution. For the acquisition function, we use the Estimation Improvement (EI) [125]

since it requires no hyperparameter tuning. Specifically, our EI is defined as: EI(Ci) =

(ymax−µ(Ci))β(γ(Ci))+δ(Ci)θ(γ(Ci)), where Ci is a deployment configuration with m mem-

ory sizes and n number of workers, and ymax is the current lowest value from all explored

tuples. µ and δ are the predictive mean and standard deviation functions, with the β and θ

being the predictive cumulative distribution function of standard normal and the probability

density function of standard normal, respectively.

Based on the output of the Bayesian optimizer, our task scheduler deploys the train-

ing task accordingly with the optimized number of workers (scale-out) and the optimized

worker memory configuration (scale-up). It is worth noting that, different stages of a train-

ing task may have different performance and resource requirements (Section 2.3). There-

fore, our optimizer is designed to consider these dynamic resource requirements during

training to improve the overall performance and optimize the resource usage during train-

ing. These optimizations are made possible by our user-centric deployment module and the

on-demand scalability, as well as the pay-as-you-go billing model provided by serverless

computing; thus, enabling us to provide cost-efficient solutions that honor user-specified

training deadline and budget requirements.

Altogether, SMLT provides significant advantages over existing MLaaS platforms and

other serverless ML training frameworks, and provides user-centric deployments and ex-

ecutions in a fully-automated, scalable, and adaptive fashion. As a result, SMLT not only

improves training performance in a public serverless environment while meeting user re-

quirements, but more importantly, allows users to focus on the design and logic of ML

algorithms, thus enhancing their productivity.
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5.1.3 End-to-end Scalability

Using serverless primitives to design an ML training platform presents unique challenges

for scalability. Here, we briefly describe these challenges and our approaches to address

them. We will elaborate upon the end-to-end design of SMLT in Section 5.2.

Challenge 1: Communication Overhead. Serverless frameworks are designed for state-

less, short-duration compute tasks. For example, serverless function instances such as AWS

Lambda do not allow inbound connections [158]. More specifically, the two unique char-

acteristics of a serverless platform are the stateless nature of a serverless function and the

limited communication performance across functions. These characteristics force server-

less ML platform designers to utilize an external storage for model synchronization. Hence,

the communication load/pattern generated by the chosen model synchronization scheme as

well as the choice of the storage service play a crucial role. If not chosen properly, the com-

munication overhead can easily overshadow the gains achieved via splitting computation

across a large number of serverless workers, as demonstrated in Figures 2.4 and 2.5.

Approach: Hybrid Storage Enabled Hierarchical Model Synchronization. We ob-

served from our experimentation that a hybrid storage service combined with a hierarchical

synchronization mechanism scales well for large ML models. Even though the synchro-

nization is built atop of the commonly used scatter reduce approach (which is also adopted

by LambdaML [80]), our design considers the unique system challenges of public cloud

serverless: 1) missing a fast shared intermediate storage for storing intermediate data in

serverless function, which is critical for the model aggregation since the gradient partitions

need to be stored and retrieved quickly; 2) limited network bandwidth of individual server-

less function, which is too slow for transferring the gradients between serverless function
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and shared intermediate storage.

There is a large amount of data generated and used in ML tasks. Such data falls broadly

into two types according to their sensitivity to latency. 1) The access to the first type of

data is latency sensitive, e.g., the metadata containing the gradient-worker mapping infor-

mation, the gradients produced during each training iteration, etc. For this type of data,

we employ a fast storage medium to satisfy the latency-sensitive demands of the synchro-

nization scheme. In particular, an in-memory key-value store (e.g., Redis) can be used as a

parameter store to store this type of data. 2) The access to the second type of data is much

more infrequent. For example, the training code and dataset are accessed only few times

during an epoch or after every epoch. To strike a balance between performance and cost,

we use a cloud-based object store (e.g., AWS S3). We present the details of our hybrid

storage in Section 5.2.3.

Figure 5.2 presents our hierarchical synchronization mechanism. After each training iter-

ation, the hierarchical synchronization mechanism takes the model gradients generated by

each worker as input. The shard generator, residing in each of the n workers, divides the

input gradients into m equal-sized shards 1 . These shards are uploaded to the parameter

store which acts as a communication intermediary between the stateless serverless work-

ers 2 . Each serverless worker also acts as a shard aggregator. Each shard aggregator is

responsible for downloading and aggregating its assigned shards generated by all workers

3 . For simplicity, we assume that n equals m.1 As a result, the ‘shard aggregator 1’ in

Figure 5.2 is responsible for aggregating the first shard from all workers to perform a mean

operation. The resulting value, aggregated shard, is then uploaded to the parameter store

by each shard aggregator 4 . Finally, the global aggregator residing in each worker down-

1If m is greater than n, then each worker is responsible for aggregating multiple shards. Choosing m less
than n will cause some workers to be idle during aggregation, which will affect performance.
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Figure 5.2: Hierarchical model synchronization mechanism.

loads all the aggregated shards, and reconstructs the updated model for the next iteration

5 . We describe in detail when and how this scheme is used in Section 5.2.2.

Challenge 2: Public serverless Platform Quirks. Serverless platforms typically limit the

maximum duration of each executing function (e.g., 15 minutes in AWS Lambda [2]). Get-

ting around this limitation as well as recovering from faults during function execution re-

quire keeping track of function states at regular intervals and restoring state during a restart.

In addition, each function invocation may have non-trivial initialization overheads, making

it important to minimize the number of restarts a function encounters. For example, initial-

ization overheads could arise due to model loading within the function code itself. Other

overheads include anomalous serverless platform behavior (which we encountered during

our experiments on AWS Lambda), such as high invocation delays while invoking func-

tions asynchronously and while invoking via the ‘Map’ state in AWS Step Functions [4].

Section 5.2.1 presents additional details.
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Table 5.1
Modules of SMLT and their functionalities.

Module Submodule Functionality

1 End
Client

1a Artifact Man-
ager

Uploads user’s training code and training data to the
cloud-based object store 3a .

1bResource
Manager

Allocates resources for training workers 2 based on
user-centric requirements (e.g., number of workers, and
memory per worker).

1c Task Sched-
uler

Invokes workers 2 for training, keeps track of training
progress, and restarts failed workers when necessary.

2 Worker

2a Data Iterator Loads training data to the local storage of the function
from the object store 3a .

2b Minibatch
Buffer

Keeps track of the training data for every iteration used
by the trainer 2c .

2c Trainer Runs the user-defined training code using the training
data from the minibatch buffer 2b .

2d Hierarchical
Aggregator

Updates user model parameters after every iteration
through the parameter store 3b .

3 Storage 3a Object Store Stores training code and training data.
3b Parameter
Store

Stores intermediate training parameters of all workers 2
after every iteration.

Approach: Task Scheduler. This challenge motivates us to create a coordination mech-

anism to provide the maximum flexibility and public cloud serverless platform indepen-

dence, while invoking and monitoring function instances. To enable this coordination, we

use a component called task scheduler in our approach. The task scheduler monitors the

progress of each function instance, enables function instances to run for the maximum al-

lowed execution duration, and performs the checkpointing for restarting functions (either

due to faults or due to execution duration limits). We detail the task scheduler in Sec-

tion 5.2.1.
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5.2 SMLT Framework

In this section, we describe the details of the SMLT framework. Broadly speaking, SMLT

adopts an architecture similar to a parameter server based distributed training using a fleet

of stateless serverless functions. Although some existing frameworks [44, 80, 161] use a

similar architecture, SMLT additionally offers the capability of intelligently and dynamically

determining resource allocation (i.e., number of workers, memory sizes) that enables effi-

cient and user-centric training of the state-of-the-art ML models with billions of learning

parameters.

Table 5.1 gives an overview of SMLT, which consists of three main system modules. The

end client is responsible for code deployment, resource allocation based on user-centric de-

ployment and execution configurations, and ML task scheduling. The workers are mainly

responsible for training and updating the global model. In storage, following our hybrid

approach, the parameter store maintains the frequently-accessed intermediate model up-

dates between workers, and the object store maintains the infrequently-accessed training

code and data. Figure 5.3 shows the interactions between these different modules.

5.2.1 End Client

The end client provides an interface for users to interact with the cloud infrastructure. In

particular, the end client is responsible for three tasks: 1) ML model and code deploy-

ment, 2) resource management which configures a deployment (e.g., number of workers,

per-worker memory size) based on user-centric requirements and optimizations, and 3)

scheduling tasks during training. Each user has her own end client, which can be deployed
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Figure 5.3: Workflow of SMLT. Solid lines indicate data transfer, and dashed lines indicate control signals.

either on a regular VM in the cloud or on a user’s local machine.

The end client has three submodules: artifact manager, resource manager, and task sched-

uler.

Artifact Manager. The artifact manager is responsible for packaging the training code and

data supplied by the user as input to SMLT, and uploading them to the object store (Step 1

in Figure 5.3).

Resource Manager. The resource manager uses the training configuration (e.g., batch

size) along with user-centric deployment requirements as input, and will dynamically adapt

the resources for optimal training (Step 9 ).2 Specifically, the resource manager controls

the number of workers involved in a training phase, as well as the memory allocated to

each worker. The appropriate values in different phases of the training are provided by

2Except for the initial configuration, where the training resources are arbitrarily assigned within the al-
lowed bounds.
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the Bayesian optimizer according to user-centric goals and the training progress (see Sec-

tion 5.1.2), and then shared with the task scheduler (Step 10). The user can also override

these values manually. Note that, commercial public serverless platforms typically provide

a single control parameter for resources. For example, in AWS Lambda, other resources

(e.g., number of computing cores, network bandwidth) are proportionally assigned by the

allocated memory of a function instance.

The optimal training depends on the user’s training requirements, training dataset, model

size, and the cloud infrastructure’s profile. SMLT is capable of optimizing the resources

during the hyper-parameter search, dynamic batching and online learning for speed and

cost-effectiveness. The optimization and adaptation of resources are triggered every time

there is a change in training configuration obtained from the worker output (e.g., batch size

or hyper-parameter change).

Task Scheduler. After the resources are determined by the resource manager, the task

scheduler starts the training workers (Step 2 in Figure 5.3) and will track their progress

(Step 8 ). When the workers finish an iteration, their results are collected and fed back to

the resource manager to be used in the Bayesian optimizer (Steps 8 and 9 ).

Tracking the progress of the workers by a separate task scheduler is important for three

reasons: First, due to the stateless nature of the serverless workers, the used ML model

needs to be obtained, and the ML framework used in the training code needs to be initial-

ized by the worker. This initialization overhead depends on the model size and the specific

ML framework, and can take multiple seconds (e.g., 4 seconds for Resnet-18 on Tensor-

flow) that quickly accumulate with function restarts. Therefore, a separate task scheduler

can maximize the utility of each training worker by running it close to the limit of the func-

tion execution duration enforced by the underlying public cloud serverless platform (e.g.,
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15 minutes on AWS Lambda) and across multiple iterations; therefore, the initialization

overheads are amortized. After a worker is stopped, the task scheduler ensures that a new

one is started and continues from the last iteration checkpoint.

The second reason for tracking the progress of each worker by a task scheduler is fault

tolerance. A worker failure can derail the progress of the training. The task scheduler, with

the help of the resource manager, detects failures by observing each worker’s output (Step

7b ): The resource manager checks the output of each worker to determine whether a failure

occurred during the training iteration. A successful update of the gradient parameters by a

worker sets a flag in the output. The lack of this flag signals a worker failure, causing the

task scheduler to restart it.

Finally, there may be hidden overheads specific to the underlying public serverless plat-

forms. For example, when we experimented with serverless functions invoking other

serverless functions asynchronously in AWS Lambda as utilized in LambdaML [80], we

observed undocumented invocation delays for the new functions. Another example of such

a hidden overhead is the limit on the concurrency of a function within the ‘Map’ state

of a state machine in AWS Step Functions, even when the concurrency is set to be ‘infi-

nite’ [12].3 A separate and independent task scheduler in SMLT overcomes these limitations

by treating every function invocation as a separate invocation and tracking them accord-

ingly, and forcing the serverless platform to do the same.

3Since the writing of this chapter, the documentation has been updated to reflect that it is not guaranteed
to achieve a requested concurrency.
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5.2.2 Serverless Worker

The main responsibility of each SMLT worker is threefold: 1) obtain the training data, 2)

run the training code, and 3) update the model. Each worker consists of the following four

submodules that handle these tasks.

Data Iterator. Due to the limited storage space within serverless functions, similar to the

existing work [44, 161], SMLT stores the training data in external cloud storage like AWS

S3 or EFS. The data iterator submodule within each worker is responsible for fetching the

appropriate subset of the training data from the external storage at the beginning of every

training epoch and storing it within the worker’s local disk storage (Step 3 in Figure 5.3).

Furthermore, the data iterator also tracks which training data points have been processed

by a worker within an epoch, in case the worker needs to resume training after a restart

(due to either a failure or an execution time limit).

Minibatch Buffer. The minibatch buffer is responsible for loading a minibatch of training

data from the local storage to the memory of the worker during each training iteration (Step

4 ). The minibatch size varies based on the number of workers and the global batch size

during the training.

Trainer: The trainer submodule runs the user-defined training code over the minibatch of

the training data (Step 5 ). The training code carries out the forward and backward passes

to generate the gradients for the current iteration. These gradients are then aggregated with

the gradients from other workers via SMLT’s hierarchical model synchronization (Step 6 ).

Hierarchical Aggregator. The hierarchical aggregator submodule at each worker is re-

sponsible for synchronizing the gradients among different workers. As described in Section
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5.1.3, the hierarchical aggregator at each worker first divides the gradients produced by the

worker into shards, and uploads them to the parameter store (e.g., Redis). Each worker

downloads the shards it is responsible for from the parameter store, aggregates them into a

single shard, and uploads the aggregated shard back to the parameter store. Finally, the ag-

gregator at each worker downloads all aggregated shards and produces the updated model

for the next iteration (Step 7a ).

5.2.3 Hybrid Storage

Due to the restriction on inter-communication between Lambda functions, a shared storage

solution is required. The choice of the storage system plays a crucial role because it is the

main communication mechanism among serverless workers. In SMLT, we employ a hybrid

approach that uses a cloud object store, e.g., AWS S3, for infrequently accessed data (few

times or after every epoch), and an in-memory key-value store, e.g., Redis, for frequently

accessed data (after each iteration). This hybrid approach matches the training phase to a

cost-effective object store for bulk data access, while at the same time matching the model

update phase to a fast in-memory key-value store for frequent data access.

Object Store. The object store hosts the training code and training data provided by the

user and uploaded by the end client. The training code uploaded by the end client is ac-

cessed a few times at most (e.g., at the beginning of training, or after restarts from failures).

Similarly, training data, which is accessed relatively infrequently after every epoch, is also

hosted in the object store. Using the object store provides elasticity and cost efficiency for

storing such types of infrequently-accessed data.
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Parameter Store. In contrast, workers access gradient data much more frequently (i.e.,

after every iteration). During the hierarchical model synchronization, the speed of access

to the updated and sharded gradients becomes critical for training speed. We use an in-

memory key-value store (e.g., Redis) for this purpose. To avoid the extra cost of running the

parameter store unnecessarily during the entire training, we use the light-weight containers

from a cloud service (e.g., AWS Fargate, ECS), and keep them only alive during the model

synchronization phase.

5.3 Evaluation

In this section, we evaluate SMLT’s capability to enable scalable and adaptive ML training

via serverless computing on public cloud. We first demonstrate the effectiveness of the hi-

erarchical model synchronization. Next, we present two different user-centric deployment

scenarios. We then validate the performance of SMLT for dynamic batching and online

learning. Finally, we show how SMLT can alleviate the burden of dynamic resource pro-

visioning from ML engineers and practitioners during model design and building via an

autonomic technique like neural architecture search (NAS).

5.3.1 Experimental Setup

We evaluate SMLT using three popular ML training frameworks: Tensorflow 2.0 [23],

MXNet 1.7.0 [47] with gluon-cv 1.4.0, and Pytorch 1.8.0 [127]. For benchmarking tasks,

we use the following ML models:
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Figure 5.4: Communication time breakdown comparison of SMLT, Cirrus and Siren.

• ResNet-18 (18 layers, 11 million parameters) and ResNet-50 (50 layers, 23 million pa-

rameters) [71] with residual functions for image classification.

• Bert-Small [142] (66 million parameters) and Bert-Medium [155] (110 million parame-

ters) for natural language processing.

• Atari break out game (50 million frames [83]) for reinforcement learning (RL).

In all experiments, we split the training dataset into smaller sets (up to 250 MB in size)

and store them on AWS S3, which serves as our object store. We vary the memory allocated

to training workers for each experiment based on the model size being evaluated. Unless

otherwise noted, for hierarchical model synchronization in SMLT, we use the in-memory

Redis key-value store hosted on AWS ECS, which serves as our parameter store. The AWS

S3, AWS ECS, and the Lambda functions for workers are all deployed in the same AWS

region, i.e., us-east-1. For cost calculation, we use the AWS cost formula along with the

cost of object store, and parameter store cost associated with each method.
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Figure 5.5: Per iteration communication time comparison between SMLT, Cirrus and Siren.

5.3.2 Effectiveness of Hierarchical Model Synchronization

We evaluate the effectiveness of SMLT’s proposed hierarchical model synchronization by

comparing the communication time between SMLT and the two baselines, i.e., Siren [161]

and Cirrus [44]. Figure 5.5 shows the communication time as a function of the number

of workers (scale-out) per iteration for all 5 benchmarks, respectively. We observe that

for all three systems the communication time increases linearly as the number of training

workers increases. This increase is due to the fact that more workers will produce more

gradients that need to be transferred from the workers to the aggregator via the external

storage. However, the increase in overhead for SMLT is substantially lower than Siren and

Cirrus, thanks to the hierarchical aggregation mechanism along with the fast parameter

store, which together significantly reduce the communication overhead in a serverless en-

vironment.

For 2 representative benchmarks, we further breakdown the communication time into

individual communication steps during each training iteration, as shown in Figure 5.4.

While using SMLT, we denote UL-Shard as the time taken for the shard generator to split
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the gradients and upload them to the parameter store, DL-Shard as the time for the shard

aggregator to download and aggregate the shards to form the aggregated shards, UL-aggr

as the time taken for the shard aggregator to upload the aggregated shards, and DL-grad

as the time for the global aggregator to download the aggregated shards (see Figure 5.2 for

the detailed process description). For Siren and Cirrus, UL-grad refers to the time taken

for each worker to upload gradients to the cloud storage, and DL-grad refers to the time

taken for workers to download the parameters of all other workers for updating the model

after every iteration. From Figure 5.4, one can see that, for both Siren and Cirrus, the

main bottleneck often is the DL-grad step. On the other hand, SMLT’s sharding approach

for uploading and downloading gradients results in a significant reduction of the DL-grad

overhead.

It is worth noting that, in the case of the RL-based Atari model, the size of the uploaded

data is larger than the Resnet-50 model. The longer uploading time is due to the large

simulation data shared by each worker after every iteration. We observe the impact of larger

uploaded data in Figure 5.4[d-f]. In the case of Siren, this impact is more pronounced,

reflecting the limitation of a centralized parameter server.

5.3.3 Intermediate Storage: S3 vs Redis

Existing methods such as Cirrus [44] and λDNN [168] propose to use S3 as storage system

for storing model parameters during the intermediate steps for model aggregation. How-

ever, proper selection of the cloud storage systems is critical to the scalability and cost

effectiveness. With the increase in number of worker the communication overhead can

contribute significantly to overall training time. In this section To demonstrate the impact
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Figure 5.6: Performance Comparison of Bert Medium Redis vs S3 as an external Storage.

of storage system we compare implementation of SMLT using S3 and Redis key-value store

respectively as the underlying storage system. We deploy Redis on a cloud container ser-

vice AWS ECS using using C4.4xlarge instances type. To reduce the randomness of the

network delay, we place the ECS containers and our worker function instances in the same

virtual private cloud. Figure 5.6 shows the comparison results. We can see that using Redis

can significantly reduce the communication time compared to using S3 as storage system.

In the best case scenario with 10 workers Redis based storage system improves the overall

communication time by 8× and with 100 workers it achieves almost 6× improvement over

S3. This further improves the overall training time and cost, as cost of serverless functions

are directly correlated with the total run time. Similarly, pay-per-use cost model of AWS

ECS also contrinbutes towards cost effectiveness.

5.3.4 User-centric Deployments

We use the following two scenarios (exemplified in Section 5.1.2) to evaluate our user-

centric deployment and execution approach. The scenario 1 is to, given a user-specified

training time limit, optimize the monetary cost. The scenario 2 is to, given a user-specified

monetary budget, minimize the training time. The results are shown in Figure 5.7 and

Figure 5.8, respectively.
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Figure 5.8: (Scenario 2) Minimize the training time with a $50 training cost budget for Bert-Medium with
Pytorch. Note that, SMLT has profiling time and cost while other frameworks do not. For a fair comparison,
we also demonstrate the profiling time and cost in SMLT.

In Scenario 1, only SMLT meets the user-specified time limit of completing 50 epochs

within an hour, as Siren and Cirrus do not consider such user requirements. SMLT also

has the lowest cost, thanks to its optimized deployment and execution. Figure 5.7 also

shows that SMLT would have been able to achieve the best accuracy with the most num-

ber of epochs at the lowest cost, if we had stopped training at the time limit (i.e., 1 hour).

In Scenario 2, as shown in Figure 5.8, all three frameworks meet the user-specified mon-

etary budget of 50$ for completing 50 epochs, although Siren and Cirrus achieve it by

coincidence. SMLT achieves significantly lower training time compared to the other two

frameworks, because of its optimizations to match the user-specified budget.

These results validate that SMLT can meet the user-specified time and budget requirements

while optimizing the monetary cost and training time, respectively. This capability provides
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important practical benefits to ML practitioners compared to other frameworks that are

oblivious to user requirements.

5.3.5 Dynamic Batching and Online Learning

To show how our task scheduler can exploit serverless computing’s ‘pay-as-you-go’ pric-

ing model using the Bayesian optimizer, we conduct experiments for two cases: dynamic

batching and online learning. In these experiments, we compare SMLT with MLCD (a VM-

based MLaaS platform [173]), LambdaML [80], and the IaaS setup as described in [80],

we employ the training of a single ResNet50 model on the CIFAR-10 dataset, consistent

with the settings used in LambdaML [80].

In the case of dynamic batching, the memory size and the number of workers can be

scaled without restarting the worker functions. As shown in Figure 5.9a, the profiling

overhead, and the cost associated with it, in SMLT is significantly lower than in MLCD.

Although LambdaML may not perform as well as the IaaS setup, SMLT showcases that an

ML training platform using public serverless computing can provide a cost-effective and
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scalable solution.

In the case of online learning, due to the non-deterministic training time and the continu-

ous resource provisioning, the cost for MLCD is higher than SMLT as shown in Figure 5.9b.

Similarly, IaaS has high costs due to its continuously running, but at times idle, VM re-

sources. On the other hand, LambdaML and SMLT showcase how an ML training platform

can exploit the cost-effectiveness of public serverless computing.

Note that, SMLT offers an adaptive approach for dynamic workload conditions, whereas

LambdaML does not. To demonstrate this crucial difference, we conduct another experi-

ment and compare SMLT’s task scheduler to LambdaML (with a randomly-assigned, fixed

resource allocation scheme).

Figure 5.10a illustrates how the batch size changes over time. Figure 5.10b depicts the

corresponding worker changes that adaptively adjust in response to the batch size changes.

Furthermore, Figure 5.10c presents a comparison of training throughput, measured as pro-

cessed data points per second, over time between our SMLT method and LambdaML.
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We assume that the user optimizes the resource allocation for the initial training con-

figuration (i.e., batch size). Therefore, SMLT and LambdaML achieve similar training

throughput initially. However, when the batch size changes, LambdaML’s user-defined

configuration observes sub-par training performance. In contrast, SMLT adjusts to the vary-

ing training parameter dynamically. We also observe the variation in throughput when the

batch size changes are detected by the task scheduler via monitoring the workers. Cost-

wise, SMLT also reduces the training cost by over 30% compared with LambdaML thanks

to its dynamic resource allocation via the task scheduler.

5.3.6 Neural Architecture Search

Neural architecture search (NAS) often deploys up to hundreds of training jobs in parallel

or series to search for a well-performing model architecture. In such scenarios, each train-

ing job generally deploys a different model architecture as part of the exploration phase. As

such, the amount of resources required is dynamic since it depends on the size of the model

being deployed. We demonstrate the adaptive behaviour of SMLT for optimal resource allo-
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cation for the widely-used NAS framework called ENAS [131]. Figures 5.11a and 5.11b

display model size over time and the corresponding changes in number of workers, respec-

tively, Figure 5.11c demonstrates the throughput comparison between SMLT and Lamb-

daML. Similarly, We assume that the user optimizes resource allocation for LambdaML

based on the first model. Therefore, both SMLT and LambadML achieve similar throughput

at the beginning of the exploration. However, as the model size changes, SMLT optimizes

the resource allocation accordingly, resulting in improved throughput. SMLT achieves 3×

cost savings compared to LambdaML through its dynamic resource allocation scheme.

5.4 Related Work

Like in any infrastructure-related problem, achieving a scalable and cost-effective solution

becomes important for running ML workflows in the cloud. Earlier designs for MLaaS

focus on addressing scalability [11, 185, 188], privacy [77, 154], and ease-of-use [152,

170], but not on cost-effectiveness. Major cloud providers, like Microsoft Azure [6] and

AWS [15], have extended their existing statically-priced cloud platforms to commercial

MLaaS without offering user-centric deployment guarantees. Similarly, recent academic

efforts [69, 91, 167, 183] utilize traditional cloud resources (e.g., VMs, containers) as their

underlying platforms, but require extraneous management policies or understanding the

underlying resources as pointed out in [88, 181].

Some systems attempt to tackle the dynamic resource demands of ML tasks for specific

use cases. DynamoML [48] proposes a set of online dynamic management techniques that

perform scaling, job preemption, workload-aware scheduling, and elastic GPU sharing for

different parts of the ML development workflow consisting of modeling, training, and in-
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ference jobs. However, DynamoML is designed for traditional cloud settings instead of

serverless, which leads to coarse-grained resource allocation strategies that are not suitable

for a serverless setting. In addition, DynamoML requires prior knowledge of the workloads

to be able to schedule the resource allocation effectively, making it impractical for work-

flows with lots of diverse workloads and workloads without prior knowledge. Take the

NAS workflow as an example, it contains many potential models with unknown resource

demands. Schuler et al. [145] uses reinforcement learning for resource allocation in server-

less, but it requires expensive training and tuning of the reinforcement learning models. Our

experimental results show that the simpler and faster Bayesian based approach proposed in

this chapter works equally well but much more lightweight, see Figure 5.1. λDNN [168]

also aims at using serverless infrastructure for training ML models. However, this work

focuses on training single static ML model instead of the dynamic workflow scenario that

this chapter targets for. Barista [38] uses a workload characterization and prediction mech-

anism to maintain SLOs with minimal cost. However, Barista’s mechanisms are limited

to the inference phase that has relatively less variation in resource dynamics than for the

training. In contrast to all of these systems, SMLT does not require prior knowledge of the

workloads because of its adaptive capability, does not require extra tuning of its sched-

uler supported by the Bayesian optimizer, and covers ML training phases that have more

dynamic resource requirements.

5.5 Summary

We believe serverless plays a critical role in future machine learning routines. SMLT is

the first fully-automated serverless framework for scalable and adaptive ML design and

training on public cloud. The key contributions of SMLT are to: 1) equip public serverless
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platforms with an overarching view and dynamic adaptation capabilities for ML workflows,

2) offer user-centric deployment and execution of ML tasks on serverless platforms, and 3)

provide an open-source end-to-end framework that provides fast gradient synchronization

and addresses the key limitations of serverless ML platforms. Our extensive experimental

evaluation demonstrates the effectiveness and robustness of SMLT, which outperforms the

state-of-the-art approaches by up to 8× faster in training speed and 3× lower in monetary

cost.



95

CHAPTER 6

DIFFUSION-BASED, DATA ASSIMILATION ENABLED WIND

SUPER-RESOLUTION

6.1 Preliminary

6.1.1 Denoising Diffusion Probabilistic Models

Denoising Diffusion Probabilistic Models (DDPMs) [73] are a type of generative model

that use a progressive denoising process to generate high-quality images from pure Gaus-

sian noise. These models consist of two main processes: a forward process and a reverse

process. In the forward process, noise is incrementally added to the data over a series of

forward steps, ultimately transforming the original image into pure Gaussian noise. At each

time step t, a small amount of noise is added, controlled by a predefined noise schedule βt.

This schedule determines the rate and extent of noise addition at each step. Over T time

steps, the image is progressively corrupted by Gaussian noise until no recognizable features

remain.

q(xt | xt−1) = N
(
xt;
√

1 − βtxt−1, βtI
)

(6.1)

In the reverse process, DDPMs undo the forward process step-by-step, starting from ran-

dom noise and iteratively refining the sample to generate images. The reverse process is
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Figure 6.1: The figure demonstrates the DDPM’s forward process of adding noise and the reverse denoising
process.

(a) Correlation coefficient (b) Root mean square error

Figure 6.2: Correlation coefficient (left) and root mean square error (right) between WRF and HRRR data
averaged over 5 days. Despite advances in NWP, significant model biases remain, especially at coarser
resolutions and in areas where complex terrain makes parametrization difficult. Data driven approaches can
rectify these differences without the need for computationally expensive physics.

guided by a deep neural network denoiser, typically a U-Net for image data. The neural

network is trained to predict the noise added at each step in the forward process, gradually

learning to denoise the image. The objective of training is to minimize a variational bound

on the negative log-likelihood, which reduces to a weighted mean squared error (MSE) be-

tween the actual noise added in the forward process and the noise predicted by the network.

By optimizing this loss (MSE), the model learns to effectively reconstruct the orginal image

from noise, one step at a time.

pθ(xt−1 | xt) = N
(
xt−1; µθ(xt, t), σ2

t I
)

(6.2)

When doing training for the neural network model, the objective is to approximate the
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reverse distribution such that we can effectively denoise the noisy samples, we show the

forward and reverse diffusion process in Figure 6.1. The model is trained to predict the

noise ϵ that was added during the forward process. The training loss can be expressed as:

Lt = Ex0,ϵ,t

[
∥ϵ − ϵθ(xt, t)∥2

]
(6.3)

Where ϵ ∼ N(0, I) represents the Gaussian noise, and ϵθ(xt, t) is the model’s predicted

noise. The training objective minimizes the difference between the true noise ϵ and the

predict noise ϵθ. Through this training, the model learns to reverse the forward process,

allowing it to generate and refine images by starting from random noise.

6.1.2 Data

The ultimate goal of this study is to produce high-resolution wind speed data at turbine

rotor-height and at the wind farm-scale resolution. Ideally, we would use numerical model

simulations with resolutions in the tens to hundreds of meters, supplemented by assimi-

lating in-situ observations, to train our diffusion-based SR model. However, such high-

resolution data are not widely available over a large geographic area. Numerical models

are typically run at resolutions of a few kilometers, and hub-height in-situ observations are

sparse and often not publicly accessible. To demonstrate our workflow, we utilize the state-

of-the-art WIND Toolkit Long-Term Ensemble Dataset (WTK-LED; [54]), which provides

wind data at a spatial resolution of 2 km and temporal resolution of 5 minutes. This dataset

is used to train our SR model. We then incorporate high-resolution rapid refresh (HRRR)

data as a proxy for ”ground truth” to assist with data assimilation, the HRRR data is at



98

a 3 km spatial resolution. Once validated, our framework will be expanded to include

ultra-high-resolution numerical simulations (e.g., large eddy simulations) and in-situ rotor-

height observations from meteorological towers. We illustrate the relationship between the

two datasets in Figure 6.2. The correlation coefficient and RMSE are calculated based on

the average wind speed over five days.

High resolution data for training WTK-LED provides wind speed and direction at mul-

tiple altitudes (10 m to 500 m above ground level) as part of its Weather Research and

Forecasting (WRF) model outputs. Detailed model configurations are described in [54].

The dataset spans three years (2018–2020), with 2 km spatial and 5-minute temporal reso-

lutions, covering 2649 (west-to-east) × 1949 (south-to-north) grid cells across the U.S. and

surrounding oceans. For training, we sampled 100 m wind speeds every three hours from

2018 to 2020. Terrain height (elevation) data from the WRF model were also included

to account for the influence of terrain on wind patterns. For testing, we used 2020 data

sampled at 1-hour intervals. Further details of this dataset are provided in Table 6.1.

Observational data for data assimilation HRRR data, developed by National Oceanic

and Atmospheric Administration (NOAA), serves as our ”ground truth” for data assim-

ilation. HRRR operates with a 3 km spatial resolution and hourly temporal resolution,

incorporating radar data every 15 minutes to enhance output accuracy. HRRR has been ex-

tensively validated for wind resource assessment across various terrains [132], [49], [156].

Although HRRR performs well compared to in-situ observations, it still struggles in com-

plex terrains, such as mountainous regions. While not a perfect ground truth, HRRR pro-

vides a flexible data source, allowing us to sample random locations and create in-situ data

format. This flexibility is invaluable for demonstrating our workflow and testing model

performance.
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Data WRF HRRR HGT
Source WTK-LED NOAA WTK-LED
Type Wind Wind Terrain
Spatial 2 km 3 km 2 km
Temporal 3 hr 1 hr Constant
Years 2020 2020 N/A
HR 128 × 128 128 × 128 128 × 128
LR 16 × 16 16 × 16 16 × 16

Table 6.1
Dataset specifications forWRF, HRRR, and HGT

(a) Terrain (b) Wind speed variance

Figure 6.3: The figure illustrates the relationship between terrain complexity and the corresponding average
wind speed variance over five days, showing that more complex terrain correlates with greater wind speed
variance.

Given that the WTK-LED and HRRR datasets cover slightly different regions, we first

crop the WTK-LED data to match the HRRR coverage. Next, we regrid the HRRR data

onto the WRF grid, ensuring that all datasets are aligned on the same grid for training and

data assimilation. Due to the large data size—comprising over five million grid cells—the

entire domain is divided into smaller patches, each containing 168 × 168 grid cells. All

results presented in this chapter are conducted at the patch level.
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Figure 6.4: Image generation process incorporating both data assimilation and diffusion to downscale wind
speed data. We interpolate sparse observation data over the inference grid then apply a soft bleed mask. The
observation pixels are in-painted to the simulation results, and the composited image is used to guide the
image generation process through the diffusion model, extra terrain information serve as condition during the
reverse diffusion process.

6.2 Method

6.2.1 Overview

In our work, we integrate the data assimilation process into the diffusion-based downscaling work-

flow by inpainting sparse observational data into low-resolution images. These images are then

processed by a diffusion model for downscaling. We employ the SR3 model as our primary down-

scaling tool. During training, terrain information is included as an additional condition alongside

the initial condition xt and low resolution image, enhancing the model’s downscaling performance.

During inference, to ensure the sparse observational data effectively influences the output, we have

developed an method for dynamically adjusting the impact radius of the Gaussian kernel. This

design considers both the terrain information and the variation in wind speed surrounding the ob-
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servation points, optimizing the effectiveness of the observations.

6.2.2 Condition in Training

Wind speed is influenced by various factors including temperature and pressure differences, which

drive atmospheric movements from high to low-pressure areas, altitude plays a role as wind gener-

ally speeds up at higher elevations due to reduced surface friction. Surface roughness from terrain

and vegetation also affects wind by increasing friction and slowing it down. In our case, since we

investigate the 100 meters height wind speed above ground, one of the important impact factors

to the wind speed is the altitude. By comparing the wind speed image and the terrain information

image, we can find that the wind speed is highly correlated with the terrain information, as showed

in Figure 6.3, which inspire us to incorporate the terrain information as a condition to training the

diffusion model.

Our backbone model for super-resolution tasks is the SR3 model, which employs a UNet archi-

tecture as shown in Figure 6.4. The SR3 model starts with a pure Gaussian noise image, xt, and a

low-resolution condition image. We enhance this setup by integrating terrain information directly

into the condition. Specifically, we add terrain data as an extra channel using a 128x128 matrix, This

matrix is concatenated with the interpolated low-resolution image and Gaussian noise image to form

a comprehensive input consisting of the terrain channel, the low-resolution image, and the Gaussian

noise image, these inputs are then processed by the UNet for denoising. Throughout this chapter, we

use this enhanced model, which incorporates additional terrain conditions, as our pretrained model

for downscaling tasks. Unless otherwise specified, this pretrained model with integrated terrain

information serves as the backbone model for WindSR.
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6.2.3 Data Assimilation in Inference

Following similar inpainting techniques in [75, 114, 149], we incorporate observations into the con-

ditioning image prior to the inference phase. To simulate sparse observations, we randomly sample

observation points from HRRR data. To quantify the effectiveness of the assimilation process more

easily, we select either single or multiple observation points within 128x128 pixel areas. Given

that the resolution in WRF data is 2 km, this corresponds to having single or multiple observation

points across a 256 km x 256 km area. In real world, these observation points represent weather

variable data recorded at observation towers, weather balloons or weather radar within the model

simulation image domain. We use these sparse observation points to perform interpolation, scaling

them to match the size of the simulation image. This interpolated image is then utilized to create a

surrounding support area using the softmask in next step, the details are showed in Figure 6.4.

We adapt the softmask method from DiffDA [74] to blend observation data with WRF data using

a Gaussian kernel softbleed function, creating a supportive area around each observation point. A

key innovation in our approach is the dynamic adjustment of the impact radius d, influenced by the

terrain variance and surrounding WRF wind speed data variance. This design accounts for the fact

that wind speed changes can vary dramatically across different regions. For instance, in areas with

complex terrain, wind speed can fluctuate rapidly, which diminishes the representational capacity

of a single observation point. In such cases, we limit the impact radius of the observation point to

a smaller area. Conversely, in flat regions where wind speeds are more consistent and show less

variance, an observation point can effectively cover a larger area. As illustrated in Figure 6.3, for

the Mountains region with complex terrain, exhibit higher wind speed variance compared to flat

regions. Previous studies [74] have overlooked this variability, treating each observation point as

having an equal impact on the simulation data, which has led to suboptimal performance.

Our method for determining the observation point’s impact radius involves incrementally increas-

ing the radius by 1 pixel at each step and calculating the variance within the terrain and the model
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Algorithm 1 Dynamic Impact Radius
Input: Coordinate p, terrain deviation threshold T1, wind speed deviation threshold T2

1: procedure DIR(p,T1,T2)
2: Define min radius← 1,max radius← 6
3: Initialize the impact radius r ← min radius
4: while r < max radius do
5: a = {(x, y) ∈ R2 | (x − px)2 + (y − py)2 ≤ r2}

6: σh =

√
1
N

∑
p̂∈a(h p̂ − h̄)2 , hp̂ : terrain height at point p̂

7: σs =

√
1
N

∑
p̂∈a(sp̂ − s̄)2 , sp̂ : wind speed at point p̂

8: if σh < T1 and σs < T2 then
9: r ← r + 1

10: else
11: break
12: return the impact radius r

PSNR (↑) SSIM (↑)
SRCNN [53] 27.34 0.7005

ESRGAN [166] 28.16 0.7021
WindSR w/o Terrain 31.69 0.8105
WindSR w/ Terrain 32.83 0.8207

Table 6.2
The average SSIM and PSNR across 200 random sampled images for various models.

simulation data (WRF data) for the current radius covered region. We set a threshold for variance,

once exceeded, we cease radius expansion and set this final radius as the definitive impact radius for

this observation point, the radius boundaries are constrained between 1 and 6 pixels. This dynamic

adjustment process is detailed in Algorithm 1, illustrating how we tailor the kernel size based on

localized environmental conditions of the observation points.

Once the impact radius is determined, we use this kernel to mask out portions of the interpolated

observation image and incorporate these segments into the model simulation image for downscaling.

This composite image process can be formalized as shown in Equation 6.4, where ms represents the

weight of the observation values through the softbleed function, xHRRR is the observation image

with sparse observation point, and xWRF is the model simulation image. The resulting composite

image, x, is then processed through the pre-trained WindSR downscaling model, which integrates

pure noise and terrain condition. Following the downscaling process, we obtain a high-resolution

image with the observation data assimilated, effectively enhancing the detail and accuracy of the
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Radius 2 Radius 4 Radius 6 Dynamic
MAE (↓) RMSE (↓) MAE (↓) RMSE (↓) MAE (↓) RMSE (↓) MAE (↓) RMSE (↓)

SRCNN [53] 1.78 2.17 1.70 2.11 1.69 2.10 1.69 2.09
ESRGAN [166] 1.92 2.34 1.82 2.25 1.80 2.23 1.81 2.24
WindSR w/o Ter. 1.81 2.20 1.74 2.15 1.72 2.13 1.71 2.12
WindSR 1.76 2.15 1.70 2.08 1.68 2.12 1.64 2.01

Table 6.3
Different models with different radius comparison.

simulation data.

x = (mweight ⊙ xHRRR) + ((1 − mweight) ⊙ xWRF) (6.4)

The composite image x combines simulation model data (WRF data) with sparse observation data

(HRRR data) and serves as the initial condition for the reverse diffusion process.

6.3 Experiment

We conduct extensive experiments to assess the downscaling and data assimilation processes, com-

paring them with state-of-the-art methods. The experiment setting is detailed in subsection 6.3.1,

in subsection 6.3.2, we perform comparative experiments against various super-resolution models

to evaluate the effectiveness of our downscaling approach. subsection 6.3.2 further explores the

effectiveness of assimilation of our methods.

6.3.1 Implementation

Our WindSR downscaling model is trained on a dataset of 10,000 images, each with a resolution

of 128x128 pixels. These images are randomly sampled from 2020 WRF wind speed data. For
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Figure 6.5: Visual comparison of different SR models

Figure 6.6: All six images represent the same geo-spatial location, and each row corresponds to images from
the same time step. The images exhibit minimal model bias, indicated by white or near-white colors.

training, the images are downsampled to 16x16 pixels, creating pairs of high-resolution and low-

resolution images. The training is conducted on a single node equipped with four A100 GPUs,

spanning 300,000 iterations over six days. The parameter settings adhered to those specified in the

original SR3 model. All inferences are performed on a single A100 GPU, with each image requiring

approximately 90 seconds to process.
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(a) Plain region (b) Mountain region

Figure 6.7: Cumulative density functions of wind speeds across different terrain regions of the US, comparing
values recorded by HRRR, WRF, and our model. In both regions, data assimilation brings the distribution of
wind speeds from our model closer to HRRR data.

6.3.2 Comparison of Downscaling

Various deep learning models are widely used in the field of image super-resolution, each with

its own unique characteristics. The SRCNN [53] model is a straightforward CNN-based approach

known for being lightweight yet effective. On the other hand, GAN models, particularly the ESR-

GAN [166], have shown significant advantages in super-resolution tasks. ESRGAN [166] leverages

the principles of generative neural networks to produce high-resolution images with remarkable de-

tail. The SR3 model, a vanilla implementation, has become one of the most popular choices for

super-resolution tasks today. In our study, we compare the performance of these super-resolution

models within the WindSR framework for downscaling tasks. We particularly highlight the ad-

vantages of our pretrained model, demonstrating its superior performance. Table 6.2 showcases

a comparative analysis of average SSIM (Structural Similarity Index) and PSNR (Peak Signal-

to-Noise Ratio) across 200 images for a variety of super-resolution models. The WindSR model

with terrain data integration (WindSR w/ Terrain) demonstrates superior performance, achieving

the highest PSNR of 32.83 and SSIM of 0.8207 among the listed models. In contrast, the SRCNN

model has the lowest PSNR and SSIM values at 27.34 and 0.7005, respectively. Additionally, the

WindSR model without terrain data (WindSR w/o Terrain) still outperforms the more traditional

SRCNN and ESRGAN models with a PSNR of 31.69 and an SSIM of 0.8105. This suggests that

the enhancements in the WindSR model, particularly with the inclusion of terrain data, significantly

improve image quality metrics compared to the other models evaluated.
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To visually demonstrate the performance differences between the models, we select a representa-

tive image tile for detailed visualization and comparison, this image is 128x128 pixel which covered

256 km x 256 km areas. Figure 6.5 showcases the visual comparison of different super-resolution

(SR) models. From this figure, it is evident that while SRCNN [53] achieves relatively accept-

able metrics compared to ESRGAN [166], it substantially lacks in capturing fine-grained details.

In contrast, the WindSR model excels both in metrics and visual effects. When training the ESR-

GAN [166] model, initial challenges with convergence were encountered due to the high weight of

content loss in the model’s default setting, which is typically designed for objects with clear textures

and contours. This approach was less effective for wind speed images, which do not have distinct

contour patterns. To address this, we adjust the loss weights, reduce content loss while increasing

pixel loss, enabling ESRGAN [166] to converge and capture more fine-grained details. Conversely,

SRCNN [53], with its shallower layers, effectively simulates the interpolation process but lacks the

ability to generate detailed visuals, its metric success is largely due to fitting pixel values.

6.3.3 Comparison of Data Assimilation

From the previous section, we verified the effectiveness of the diffusion model for downscaling

wind speed data. In this section, we assess the data assimilation process and further validate the

effectiveness of our design. Differing from the earlier section that utilized PSNR and SSIM to

evaluate image super-resolution quality, we now focus on the pixel-level differences between the

ground truth HRRR data and the generated images with and without data assimilation. Additionally,

we evaluate our dynamic radius design against various fixed radius configurations to demonstrate

the enhanced effectiveness of our approach.

Table 6.3 detailed the performance of various super-resolution models, including SRCNN [53],

ESRGAN [166], WindSR with and without terrain conditioning (Ter.), measured by Mean Absolute

Error (MAE) and Root Mean Square Error (RMSE) across different radius settings and a dynamic
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radius scenario. The results show that the WindSR model with conditioning consistently outper-

forms the others, particularly in the dynamic radius setting where it achieves the lowest MAE (1.64)

and RMSE (2.01) at the same time. This indicates that dynamic radius in the WindSR model sub-

stantially improves accuracy, reducing both the MAE and RMSE across all tested scenarios.

To visually demonstrate the effectiveness of our model, we provide Figure 6.6 to show a compara-

tive analysis of model biases in two scenarios: one is WindSR which incorporates data assimilation,

and a counterpart model without data assimilation. In each scenario, our model consistently shows

lower Root Mean Square Error (RMSE) values (3.173 m/s, 5.176 m/s, 3.757 m/s) compared to the

no data assimilation model (4.025 m/s, 6.425 m/s, 4.834 m/s), highlighting the effectiveness of data

assimilation in reducing simulation model errors.

We further illustrate the effectiveness of our data assimilation techniques with the CDFs of wind

speeds across different terrain regions of the United States, shows in Figure 6.7, specifically focusing

on plain and mountainous areas. These plots compare wind speed values of HRRR data, WRF data,

and our WindSR model. Our visualizations show that in both terrain types, the integration of data

assimilation significantly enhances the alignment of wind speed distributions from our model with

the HRRR data, which serves as the ground truth. This closer alignment validates the superior

performance of our model in capturing and replicating accurate wind speed dynamics.

6.4 Summary

In this chapter, we present WindSR, an innovative wind super resolution method that synergisti-

cally combines sparse observational data with rich simulation data in the process of downscaling

using advanced diffusion models. We introduce a dynamic radius technique that optimally merges

observational and simulation data, establishing a novel condition for the diffusion process that en-

hances its effectiveness. Furthermore, terrain information is meticulously integrated during both the
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training and inference stages to augment the data synthesis process. We rigorously evaluate our ap-

proach against conventional CNN and GAN-based models in terms of downscaling efficiency and

data assimilation effectiveness. Our findings demonstrate that WindSR significantly outperforms

these traditional methods, offering substantial improvements in precision and integration of diverse

data sources.
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CHAPTER 7

CONCLUSION AND FUTURE WORK

7.1 Conclusion

The primary objective of this dissertation is to explore the significant challenges that currently hinder

the efficiency of AI for Science infrastructure, particularly in terms of resource utilization on large-

scale supercomputers and cloud platforms. This research seeks to address the critical question

of how to design high-performance infrastructures that can be seamlessly integrated with AI for

Science workflows to enhance computing efficiency. To mitigate these challenges, this dissertation

proposes several innovative frameworks and use cases.

First, we introduce MalleTrain, a novel framework designed to optimize the utilization of un-

derused resources on supercomputer clusters. MalleTrain employs dynamic resource allocation

method that adapt to the varying computational needs of AI applications, thereby maximizing

throughput and minimizing idle times.

Second, the dissertation proposes a large object in-memory caching system that significantly im-

proves the data retrieval process. This system is designed to reduce latency and increase data access

speed, which is crucial for processing large data sets that are typically used in scientific research.

By keeping large data objects readily accessible in memory, the system ensures that computational

tasks receive data input without unnecessary delays, thereby streamlining the workflow.

Third, we introduce an adaptive and scalable machine learning training framework that operates

atop serverless computing infrastructure, typically hosted on public cloud platforms. This frame-
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work intelligently adjusts computing resources according to varying workloads, enabling efficient

and scalable utilization of serverless computing for machine learning training.

Lastly, we present WindSR, an AI application for climate research, as a demonstrative example

of how AI serves as a valuable tool in scientific fields. This framework integrates data assimila-

tion into a diffusion-based super-resolution process, achieving significant improvement compared

to traditional methods.

Through these contributions, this dissertation not only tackles the pressing issues of resource inef-

ficiency but also sets the groundwork for future innovations in AI for Science infrastructure. These

frameworks and systems collectively aim to revolutionize the integration of artificial intelligence

into scientific computing, making it more robust, scalable, and efficient.

7.2 Future Work

There could be a lot of potential extensions to the methodologies and results in this dissertation

for both efficient usage of supercomputers and efficient data storage on cloud. We highlight some

directions for future research below.

7.2.1 Large languagus model traning and serving on unfilled super-

computer nodes

For future work, several promising directions emerge from the concept of training and serving

large language models on unfilled supercomputer nodes. First, a deeper investigation into adaptive

scheduling algorithms could further optimize the use of supercomputing resources by dynamically
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allocating idle nodes to AI tasks based on real-time demands and workloads. Additionally, exploring

advanced techniques for model partitioning and distribution across multiple nodes could enhance the

efficiency and scalability of both training and serving processes. Another area of potential research

involves developing more robust failover and recovery systems to ensure uninterrupted service and

data integrity during the deployment of models on intermittently available resources.

7.2.2 Extend in memory caching system to persistent storage system

on serverless platform

Extend the in-memory caching system to include a persistent storage system on a serverless platform

could dramatically improve data handling and performance scalability. This initiative would aim to

integrate the high-speed access of in-memory caches with the durability of persistent storage, pro-

viding a hybrid solution that ensures data persistence without sacrificing performance. Key areas

of focus would include the development of innovative data synchronization techniques to main-

tain consistency between volatile and non-volatile storage layers, and the implementation of smart

eviction policies that optimize storage use based on real-time demand and access patterns. Addi-

tionally, exploring the potential of serverless architectures to dynamically manage and scale these

storage resources could further reduce operational overhead and enhance system responsiveness.

This extended system would support more complex and data-intensive applications, broadening the

capabilities and applications of serverless computing platforms.
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