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Computing has been evolving over the last three
decades with multiple phases:

* Phase 1 (1975-): Scientific Computing/HPC

* Phase 2 (2000-): HPC + Big Data Analytics

* Phase 3: (2010-): HPC + Al (Machine Learning/Deep Learning)
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Emergence of the Computing Continuum
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Al-Driven Digital Agriculture

ARTIFICIAL INTELLIGENCE IN
AGRICULTURE

N

Grounddata: Soil‘and plant analysis

https://ccag.tamu.edu/research-project/digital-agriculture/ https://medium.datadriveninvestor.com/artificial-intelligence-in-agriculture-62f71f8f6ae6

SC-Asia ‘24



Al-Driven Foodshed Supply Chain Management?

Which food supply chains
will likely be affected by
an approaching storm?
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Al-Driven Animal Ecology

Basic science: The focus of Animal Ecology is understanding the functioning and behavior of
animals individually and in groups in the context of environment and evolution.

Science + translational:

Monitoring, understanding, and protecting biodiversity of the planet

Monitoring and understanding the impact of changing habitats on animals that live in them

Translational: biodiversity conservation and mitigating the impact of climate change
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Broad Challenge

Designing the next-generation intelligent
cyberinfrastructure for a computing
continuum with heterogenous resources
that is usable in a plug-and-play manner
by stakeholders to solve societal
challenges?
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Objectives: Intelligent Cyberinfrastructure for Computing Continuum

Use Inspired Science Domains
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articipation:
14 Organizations, 33 faculty, 41 staff, (58 PhD, 16 MS, 16 undergrad, 6 K-12) students & many
Collaborators
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* Highlights of Federated Learning Activities
* How to get Engaged?
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Research Plan: Overall Vision

FOUNDATIONAL SYSTEMSAI

INTELLIGENT CYBERINFRASTRUCTURE

SOFTWARE CO-DESIGNFOR
CI FOR Al Al FOR CI-FOR-AI ARCHITECTURE AND USE INSPIRED
e et SCIENCE
VISUAL ANALYTICS FOR ClI PRIVACY, ACCOUNT ABILITY
AND Al EXPLAINABILITY AND DATA INTEGRITY
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Thrust: Foundational Systems Al

Components address Cl complexity and heterogeneity for plug-and-play J

v v v

Adaptive Al

Conversational Al

Model Commons

Knowledge Graphs Federated Learning

* Multimodal KG * MINT to support * Context-aware * Heterogeneity * KG- and model-
to encode & reason ICICLE use cases, * Efficient update * Context-aware commons-aware
rich data modalities KG, and models * User-friendly * Privacy- * LLM-powered
(e.g., camera trap) * Precise profiling adaptation process preserving and * Grounding LLMsto
* Auto construction * Flex composition * Adaptation of robustn the context

* Interplay with LLM * Versioning and foundation * Goin
and knowledge- provenance models, C
based QA conversational Al

ond * Hallucination
ification (GNN, reduction
oundation models) Complex reasoning
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* How to get Engaged?
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Federated learning (FL) in ICICLE use cases

* Data in animal ecology, digital agriculture, and smart
foodsheds are usually collected by individual stakeholders
using distributed devices (e.g., drones, camera traps)

Animal Ecology Digital Smart Foodsheds
Agriculture

* There is a need to train powerful Al models, potentially
using all the data and available computational resources.

* There is a need for data privacy, protection, and ownership.



Focus of ICICLE’s federated learning (FL) research

* A versatile framework to address:
* Data heterogeneity (e.g., non-IID distribution) across users
* Communication constraints
* Training powerful but deeper models
* Personalization needs

* Integration with ICICLE use cases:
* Visualization and diagnosis
* Analyzing geospatial resilience of multicommodity food flows
* Conversational Al parser for effective question-answering
* Trainingmodels for camera traps and digital agriculture



|ICICLE’s FL framework

@) Bayesian ensemble [ICLR 21]
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Highlight: FixBN for training deeper modelsin FL

* Our FixBN practice makes it possible
to train deep neural nets with Batch
Normalization (BN) in FL!

Results on CIFAR

Normalization Layer

| Acc (%)

BN (Ioffe & Szegedy, 2015) [53.97 + 4.18
GN (Wu & He, 2018) 59.69 £ 0.76
GN +WN (Qiao et al., 2019)[66.90 + 0.81
LN (Baetal., 2016) 54.54 £ 1.21
IN (Ulyanov et al., 2016)  |59.76 +0.43
FIXUP (Zhang et al., 2019) |70.66 & 0.24

FIXBN (Ours) 76.56 + 0.66

Results on ImageNet

Method|  Network  |Acc. Agn
N aones R
FixXBN (He et al., 2016) 52.43+ 0.68 (+4.1)

Results on Cityscapes (segmentation)

Method | Backbone | Mean [oU A gy

GN - 43.2+40.33
MobileNet-v2
BN | (Sandler et al., 2018) | 48-9+0.36

FIXBN 54.0+0.29 (+5.1)
GN ResNet50 47.840.30
FIXBN v 57.24+0.32 (+4.6)

[Making Batch Normalization Great in Federated Deep Learning, arXiv:2303.06530]



ICICLE’s FL visualization tool

Global scope Local scope

* A novel visualization tool to uncover
the FL training trajectory, to help
users monitor training progress

* The tool leads to new
understandings:
* Pre-training makes FL more robust to

data heterogeneity, enabling
convergence to the same minima

[Understanding Federated Learning through Loss Landscape o ’ R “
Visualizations: A Pilot Study, NeurlPS 2022 Workshop] (a) Random (b) Pre-trained



Hierarchical

Commodity Types

ICICLE’s FL work for the resilience of food flows

A Food supply networks

* Understandingand measuring the resilience of food | | S } L
supply networks is a global imperative to tackle = A
increasing food insecurity.

* However, the complexity of these networks, with their
multidimensionalinteractions and decisions, presents
significant challenges.

Food availap‘i_lity agent-based model

Scenario Options

Knowledge graphs
| rafsciass | | osscre | [ chsnacs |
f

time:hasTime rdf:type

rdfs:subClassOf - rdfs:subClassOf

cfs:CFValue |+ cfsthasCFValue > cfs:CFObject | cfs:hasCFCode cfs:CFCode

cfs:hasCFAvgMileage

cfs:flowsFrom
cfs:CFAvgMileage cetflowsTo cfs:hasFoodOn
| |
[ ] " CfS:hﬁanFeature{ kwg-ont:Region I | foodon:00001002 |

(food product)

cfs:hasGeometry

cfs:hasGeometryCollection

G —
Multiple Supplers/Customers | geo:Geometry | | geo:GeometryCollection

KEUMSEOK PETER KOH, PhD. AYAZ HYDER, PhD., AND REBECCA RENO, PhOD., M5V
Hyder Computational Epidemiology Lab



ICICLE’s FL work for the resilience of food flows

e \We propose FLEE-GNN to A Federated Learning System for Edge-enhanced Graph Neural Network

enhance food supply { J J
network resilience analysis
aCross geographical regions. Decentralization Scalability Generalizability

Knowledge Graph Embedded Representation Machine Learning Task

* FLEE-GNN combines the
robustness and adaptability
of GNNs with the privacy-
conscious and decentralized
aspects of FL.

(9r

[FLEE-GNN: A Federated Learning System for Edge-Enhanced Graph Neural Network in Analyzing Geospatial Resilience of
Multicommodity Food Flows, ACM SIGSPATIAL International Workshop on Al for Geographic Knowledge Discovery]



Global Server

Local Silos

ICICLE’s FL work for the resilience of food flows

Federated learningarchitecture for the edge-enhanced graph neural networks

Global EE-GNN
Secure Multi-Party Computation, Federated Averaging
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ICICLE’s FL work for the resilience of food flows

.. Traditional methods: underestimate the global resilience (bluer)
\X\j\l‘ l‘j 0s ) \\V ‘
Proposed methods: better performance (close to white colors)
\\.\1\" /\_]}) . € ~
/ /- mé “E
= . 2
U’/ [\‘\\l‘\

[FLEE-GNN: A Federated Learning System for Edge-Enhanced Graph Neural Network in Analyzing Geospatial Resilience of
Multicommodity Food Flows, ACM SIGSPATIAL International Workshop on Al for Geographic Knowledge Discovery]



|ICICLE’s federated semantic parsing for QA

Proposed solutions (Lorar) Proposed benchmarks

SQL Questions Unique tables SELECTS
pi Py Py Lorar Domain Train Dev Test | Pattern /unique query / query / query
@ p§ count count I Max I Max

/ X - Advising Course Infomation 2629 229 573 174 21.7 3.0 9 1.23 6
ATIS Flight Booking 4347 486 447 751 5.6 38 12 1.79 8§

M - > " GeoQuery US Geography 549 49 279 | 98 3.6 1.1 4 177 8
P Restaurants Restaurants/Food 228 76 74 17 16.4 2.3 4 1.17 2

i (Adjust) Scholar Academic Publication | 499 100 218 | 146 42 32 6 .02 2

V@,‘ ngl g Academic | Microsoft Academic | 120 38 38 | 92 1.1 3 6 1.04 3
: Ly g D_r%lﬁi IMDB Internet Movie 78 26 26 52 1.5 1.9 5 .01 2

Yelp Yelp Website 78 26 24 89 1.2 2 4 1 1

For ours (Lorar):

Improved results
p; = |Di| ALY/ 3 icc, IDil AL

AdvisingT ATIST GeoQuery§ Restaurants§ Scholar§ Academic* IMDB* Yelp* MacroAvg MicroAvg

Finetuning 84.47 53.91 72.76 98.65 74.31 57.89 2692 3333 62.78 71.47
Centralized 85.51 56.38 79.21 100 72.48 65.79 61.54 41.67 70.32 74.21
: S FedOPT 7976 5123 7742 98.65 66.51 50 3462 833 5832 6849
Lorar adjusts each client’s [FedOPT,,,, 8098 5235 7599 98.65 5368 6842 3846 2083 6355 69.39
contribution to the global model FedAvg 7644 5001 59.86 72.97 38.07 263 769 125 4003 57.89
. . FedAver,e 7360 989 6882 98.65 39 69 4605 3 6006 6391

update based onitstrainingloss [T
_ FedProx 7452 5056 6595 81.08 3853 1053 385 833 4167 58.84
reduction [FedProxiyo,  73.12 4966 6738 98.65 48.17 6316 46.15 20.83  58.39 62.42

[Federated Learning for Semantic Parsing: Task Formulation, Evaluation Setup, New Algorithms, ACL 2023]
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Multiple Levels of Collaboration and Engagement

e Using the Released Software/Cl components

Available at https://icicle.osu.edu/cyberinfrastructure/software

Get engaged as a member in the Stakeholder Roundtable (more details below)

e Become a part of ICICLE (multiple options)

Student Associate

Visiting Research Fellow
Academic Collaborator

Industry Partner

Stakeholder Roundtable Member

More details at: https://icicle.osu.edu/engagement/join-us

e Join the ICICLE mailing lists (https://icicle.osu.edu/engagement/mailing-lists)

icicle-announce

icicle-discuss
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Thank You!
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