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Improved domain understanding
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DATA PRODUCTS, KNOWLEDGE & INSIGHT
DOMAIN - specific data applications and problems

ANALYTICS & DATA/KNOWLEDGE ENGINEERING
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Northwest ~ Scientific Machine Learning

* Machine Learning algorithms should be:
* Domain-aware
* Interpretable
= Robust
= Data-intensive
= Scalable, deployable

 Machine Learning must contribute to:

= Enhance current modeling and simulation
= Automation and decision support

DATA MODELS DOMAIN

(Features) (Algorithms) KNOWLEDGE

BASIC RESEARCH NEEDS FOR
Scientific Machine Learning

Core Technologies for Artificial Intelligence

SCIENCE

RICK STEVENS
VALERIE TAYLOR

JEFF NICHOLS
ARTHUR BARNEY MACCABE

L
i
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Data

« Data products
= Beyond raw data
* Models, workflows

« Data governance and data
stewardship

» Define process and procedures

= Ensure compliance and security

= Manages data, tools and processes
= Comprehensive policies

« Data quality

= Metrics

* Privacy preservation
» Privacy-preserving analytics
* Privacy-preserving Al/ML

DATAHUB

Pucific Nortswmat

Search by keywords, authors and much more... °

Categories Datasets Data Sources Projects Publications People

DATASET

OmicsLHV-SHAEO003

OMICS
TRANSCRIPTOMICS

Omics-LHV, SARS

M Download Projects (2)

Omics-Lethal Human
Viruses, SARS

Experiment SHAE003

Omics-LHV Profiling of Host
Response to Severe Acute
Respiratory Syndrome (SARS)
Infection The Systems Virology
project was one of four systems...

The purpose of this SARS experiment was to obtain samples for transcriptome analysis in Human Airway
Epithelial (HAE) cells infected with SARS-CoV, SARS deltaORF6, SARS BatSRBD mutants in a longitudinal

study. BIOLOGY
HUMAN HEALTH

Overall Design: Primary Human airway epithelium (HAE) cells (resembling in vivo pseudo- stratified
mucociliary epithelium) were infected with SARS-CoV, SARS deltaORF6, SARS BatSRBD mutant at an MOI of
2. RNA triplicates/quadruplicates are defined as 3/4 different wells, plated at the same time and using the
same cell stock for all replicates. Time matched mocks done in triplicate from same cell stock as rest of
samples. Culture medium (the same as what the virus stock is in) will be used for the mock infections. Time
points used were: 0, 24, 48, 60, 72, 84, and 96 hrs post-infection.




Pacific

Northwest

NATIONAL LABORATORY

Structured vs unstructured data

* e.g., knowledge extraction from literature sources

Efficient data structures
= graphs

Feature engineering
= feature selection
= feature synthesis

Representation learning

= interpretability

material 1light_tox dark_tox
Zn0 6.23 5.8

Cu0 5.71 4.24
V203 3.78 3.48
Y203 5.84 5.79
Bi203 4.02 3.55
In203 3.48 2.83
Sb203 3.66 3.12
A1203 2.75 2.43
Fe203 2.54 2.4
$i02 2.92 2.54
Zr02 3.04 2.58
Sn02 3.24 2.53
Ti02 4.68 2.14
Co0 3.33 3.13
NiO 3.87 3.79
Cr203 2.06 2.00
La203 5.56 4.90

Data Representation
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\%/ Opportunities for Accelerating Scientific Discovery
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Coupling limited experimental data with physics

° KnOWIedge representations models improves accuracy and reduces the risk of
= Equations model overfitting in subsurface transport modeling.

u Kn OWl ed g e g ra p h S DNNs: 8, 6y, 6 Outputs AD layers PDE & boundary residuals

» Causal models
» Distributed knowledge models

VK

<

N AN -
e veocooedagooooosios
\ 1
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\
\ 7 !
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Darcy Eqn.

e Domain-aware features

e |

Advection-Dispersion
Eqn.

r -— —— o -

2y Knowledge embedding . AN
T = Constraints - —
— - . T ————— L

% LOSS f_LJnCtI(_)n . . Update (6, 6y, 8¢) by minimizing | w
0 = Coupling with simulations Physics-infomed los
-

<

m MOdG' StrU cture He Q et al.. 2020 Physics-informed neural networks for multi-physics data

assimilation with application to subsurface transport. Advances in Water
Resources (2020) 141.
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« Coupling autoencoders with:  Variational autoencoders with:

= Clustering algorithms * Predefined priors
= Classification algorithms

L(x,%) + A4 zmil + Ay Lctustering

i classifier

Classifier
C|ustering e.g., topology preservation

encode > decode >

Input Output input hidden output
~ - - /«/;:‘:i\\\\
~ Jparegy s (2|) ;;,ff’:’:"?:“::?\&*%e\ po(z|2) |
=N N T T SN T T K N K T
S R S AN //_\\ - ////_\\ S // -
_— \ VA S LN\ / /L 0\ —
\, ol RN, % 3
= v AR O AERXN Bl A A . :
AN = AN = AN AN~ AN S AN « Domain-informed prior
| I AR N S A A A N | . .
PN VA Sl N o N B PR « KL term in the loss function enforces the
| \E/ - ~~_\ | . s . . .
= T RN desired probability distribution

-

<
-
-

<
-

Encoder Decoder
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Total Loss: Lot = weLle + (1 — we)L, — Labels_0
Decoder e Ly ; Non-Biodegradable
x i 8 Biodegradable
B Hioder §> Mean Squared Error
2 or @) o)
Z g" Binary Crossentropy E E
1
Molegular = > b
Descriptors . & ‘:,J 2y
i j AL Kullback Leibler % ,.%
i q “¢°  Divergence Classification
A oy il Clusteringloss —» | of Molecular Labels_0
Clustering / Classifying Layer: Properties e Non-Biodegradable
» Biodegradable
. T 2 _lta
Loss: L, = KL(P||Q) = Zzpijlogfﬁ Soft label assigning do= (1 + ||z — 5l1?) L Ene-2done
el gi; point z to cluster p. S (1 ||z — |2
) J 1 ] 7 7 /J/] C d)
. 2 . ) ¢ .«y
Label hardening for i = T/ D G Using true label for B = 1, j = true label b;:?&
clustering layer:  “ "~ 37.¢%/3%,¢;;  classifying layer: "’ 0, otherwise UL ,ﬁ 53 s@; BT o
i X . .
o o
2 2
clustering weight: 0.0 clustering weight: 0.2 clustering weight: 0.4 num of clusters: 3 num of clusters: 4 'ClJ 'CIJ
B X
g g 2 g g 8 8 Training Labels 3‘;& ’
- = b 0y b i D o Non-biodegradable % oagres %
o~ I\ N o~ N § %o, X& MRXe R X x
@ @ @ d b » Biodegradable X e85, S
3 2 a @ @ Testing Labels R ¥ R
Labels_0 . . 5 x’é
«  Non-Biodegradable % Non-biodegradable " o
tsne-2d-one tsne-2d-one tsne-2d-one tsne-2d-one tsne-2d-one > Clodegradeble . Biodegradable 4
clustering weight: 0.6 clustering weight: 0.8 clustering weight: 1.0 num of clusters: 5 num of clusters: 6 tsne-2d-one tsne-2d-one
2 E £ E E
3 3 g g 3 t-sne projection: (a) raw data; (b) autoencoder; (c)
2 2 2 < c . - .
# ¢ 2: . . clustering ; (d) classification
tsne-2d-one

tsne-2d-one tsne-2d-one
The 2-dimensional T-SNE projections

tsne-2d-one

tsne-2d-one

The 2-dimensional T-SNE projections

of hidden layers, clustering weights = 0.6

H. Hu (UW), Y. Liu (UW), Y. Chen (UW), R. Rallo (PNNL)

of hidden layers, number of clusters = 2
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Integrated multi-modal features

* Heterogeneous data

 Domain-informed stacked autoencoders - integrated features

DEEP AUTOENCODER
(Modal Features)

DESCRIPTORS
| 1 —
Integrated
Multimodal
Features I
‘ Structure Property Relationships
Informed by . ‘°é ..km
structure-property _
relationships

L —_ LT +LSPR
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Attention layer

— - p— S ———

P e

k 000000

N

* Medical knowledge / Knowledge graphs

Deep LSTM

layers i *@
SNOMED CT DESIGN

CONCEPT < Concepts ) (Hierarchies) ( Attributes ) ( Identifiers > CDescr'ptions) (RelationshipsD ] m

i \

— e Pl . S

Embedding (-: :

/ SNOMED CT HIERARCHIES \

IERS : g
: sa >
e g B o —
- * Clinical finding - Diagnosis =
[ Evont codes Patient(t @ Patient(t+k—1)
|+ Linkage concept LL / \
e 8?gsaenr\i/sarlr)lle entity RELATIONSHIPS
- + Pharmaceutical / biologic product sa / Is a relationships connect \
|« Physical force concepts in a hierarchy
« Physical object
::Sml:reglue lsa kAnhropathy —{ Isa J— Joint finding / -
:Eggcg?j%i:'véaﬁxpﬁch context . . Node2vec Metapath2vec Poincare CUI2vec Med2vec
- Special concept ka am. relationships connect — Node Classification 0.817 0.3287 0.8579 0.5685 0.0409
S e —* e e Link Prediction 0.986 0.3988 0.7135 0.7222 0.8665
- * Subetance isa \""P"’““’“'s mom';wv }lnﬂammmon/ Concept Similarity (D1) 0.79 0.3 0.7 0.16 NA
_ M Q — 4 Concept Similarity (D3) 0.90 0.46 0.31 0.15 NA
U Concept Similarity (D5) 0.81 -0.32 -0.06 -0.01 NA
Patient State Prediction (All Diagnosis) 0.3938 0.3359 0.4197 0.3948 0.3881
Patient State Prediction (Frequent 20) 0.8465 0.9749 0.85 0.8035 0.7980
Patient State Prediction (Rare 20) 0.018 0.001 0.019 0.019 0.011

K. Agarwal, T. Eftimov, R. Addanki, S. Choudhury, S. Tamang, R. Rallo, KDD — Workshop DSHealth, 2019 (https://arxiv.org/abs/1907.08650)
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Domain-awareness

* Reservoir computing
Generalization of recurrent neural networks Structured reservoir | Graph analytics
: Network Science
= Dynamical systems
= Maps inputs onto a high-dimensional space
= Hardware implementation

v

Input serial data Input layer Reservoir Output layer

Elements
| |n put |ayer /\J’K/' : 2o ; -

v random weights = * DL =y
. N 0¥ .- Y — >y P
= Reservoir ‘ it \
v Random spar§e c.onnectlwty /\’\/\/\l\/ Trained (morphable)
v" Non-linear activation / Random, output weights
: fixed Random, fixed
= Readout layer Input recurrent
v’ Linear transformation of the reservoir state weights connections

v’ Fast adaptation using ridge regression
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Tracking Projects Models
{ P t k A I /M L kfl Record and query Packaging format for General format for
rove n a n Ce ra C I n g I n WO r OWS experiments: code, reproducible runs sending models to
data, config, results on any platform diverse deploy tools
* Metadat '
e a a a O n . m| GitHub  Docs
= Task | .
Experiments hyper_param_runs_artifact
. D ata Default
Experiment ID: 27 Artifact Location: s3://mliflow
n AI . t h individual_runs
g O rl m S hyper_param_runs Search Runs: State: Active v
u ( H yp e r) p a ra m ete rS individual_runs1 Filter Params: Filter Metrics: : Clear
hyper_param_runs1
o P e rfo rm a n Ce individual_runs3 5 matching runs Delete Download CSV &, = B0
Q " f massspect = Date » User Run Name Source Version Parameters Metrics
¢ rt I a CtS massspec5
2019-05-02 09:18:00 thom991 [hyper... 2055e6 algo: tpe.suggest test_rmse: 0.885253336276
. individual_runs_artifact epochs: 16 train_rmse: 0.499372126663
o P a C ka g I n g hyper_param_runs_art... max_runs: 4 val_rmse: 0.51224515909
metric: rmse
seed: 1000
e D e p I Oyl I l e n t training_data: ../sklearn_elasti...
training_experi... 26

2019-05-02 09:11:41  thom991 (Jhyper...  a055e6  batch_size: 1 test_rmse: 0.885253336276
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CHEMISTRY

Structure

as produced

Properties

in-situ

BIOLOGY

Genome Proteome Metabolome

EFFECTS

*
MATERIAL BIOLOGICAL RESPONSE

. Macro-Molecular Cellular Organ Organism Population
Nanomaterial . .
interactions Responses Responses Responses Responses
Structure Receptgr/Ligan Gene activation Lethality Structure D ATA
& .
MULTISCALE Properies el RSl
oeA Binang | POl INTEGRATION
) Altered Impaired
Protein :
Oxidation Signalling Reproduction

modeling endpoints

Multiple levels of biological organization

Roca CP, Rallo R, Fernandez A, Giralt F. Nanoinformatics for Safe-by-Design Engineered Nanomaterials. In Towards Efficient Designing of Safe
Nanomaterials: Innovative Merge of Computational Approaches and Experimental Techniques, Leszczynski J and Puzyn T (Eds.), 2012, RSC Publishing
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Interfacing with scientific
instruments

« Edge computing for in-situ processing.

« Opportunity to leverage existing real-time
control and optimization capabilities.

« Optimal exploration of large combinatorial
spaces.

Beyond automation: autonomy

« Hypothesis generation, validation and
refinement.

* From machine learning to machine
reasoning
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» Rethinking software engineering
= Composable software systems
* Heterogeneous computing

« Connecting “Software 1.0" with
“Software 2.0”

» Managed and scalable deployment
of Al/ML models
» Lifecycle management
= Reproducible results
* Model governance
= Monitoring and operational use

Scalability and Deployment

MLOps= ML + DEV + OPS

ane
%A%

Experiment Develop Operate
Data Acquisition Modeling + Testing Continuous Delivery
Business Understanding Continuous Integration Data Feedback Loop

Initial Modeling Continuous Deployment System + Model Monitoring

m 2.Develop/Test Feature Pipelines ) 3. Develop Model ) 4. Train/Validate Model 5. Deploy/Monitor

@

@

DataO Feature Store MLOps
ataOps Data
CI/CD Platform [—>| |<ommit-o0e7 > CI/CD platform 9900
Commit-0002 Model Repo, Serving
git ‘. & Monitoring

Data engineer

Model Training &
Data Scnentlst Model Validation

Adapted from:
The fundaments of MLOps — The enabler of quality outcomes in production environments



https://radiant.digital/the-fundamentals-of-mlops-the-enabler-of-quality-outcomes-in-production-environments/
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Better new hypothesis I
understanding of DISTRIBUTED KNOWLEDGE
To HIGH-THROUGHPUT
_ bio-nano CoOMPUTING __ EXTRACTION Syall
interactions [ DSS
! « Hypothesis generation \l/\[/ N
N /’J\\ /\ J
= S
DATA Dg-LA E é lnew hypothesis ‘;( - \};\/ /
Nl NN
GENERATION S E P
S . *  Data Repositories S MATERIALS S\ DAV,
aw, - Dat tati O T e
*  Physicochemical oo . D:t: ZEZﬁts o - MODELS N E
SiElClas el e  Ontologies Data-driven
. Provenance Ll Machine Learning
* Data governance *  Deep Learning
A i . .
Simulation
*  Multiscale/multiphys
0 : Active learning *  Multifidelity
Enhanced - "« " | Optimal design of experiments

_—

predictive
capabilities SCIENTIFIC COLLABORATION PLATFORM
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