Human-Al Teaming for Decision Making

Augmenting Human Intellect with Visualization and Human-Centered Al

DONGYU LIU (dongyu@mit.edu)

POSTDOC AT MIT
PHD AT HKUST

q%_ ﬁé%HﬁN% foéﬁ - I BB Massachusetts
LlAJJ UNIVERSITY OF SCIENCE I I Institute of
AND TECHNOLOGY Technology




Harvard Data Science Review ¢ Issue 1.1, Summer 2019

Artificial Intelligence—The
Revolution Hasn’t
Happened Yet

Michael 1. Jordanl-23

1Berkeley Artificial Intelligence Research Lab, Department of Electrical Engineering and Computer
Sciences, University of California Berkeley, Berkeley, California, United States of America,

2pepartment of Electrical Engineering and Computer Sciences, University of California Berkeley,
Berkeley, California, United States of America,

3pepartment of Statistics, University of California Berkeley, Berkeley, California, United States of
America

Published on: Jul 01,2019
DOI: https://doi.org/10.1162/99608f92 f06c6e61

License: Creative Commons Attribution 4.0 International License (CC-BY 4.0),

Whether or not we come to understand ‘intelligence’ any time soon, we do
have a major challenge on our hands in bringing together computers and
humans in ways that enhance human life. While some view this challenge
as subservient to the creation of artificial intelligence, another more prosaic,
but no less reverent, viewpoint is that it is the creation of a new branch of
engineering. Much like civil engineering and chemical engineering in
decades past, this new discipline aims to corral the power of a few key ideas,

bringing new resources and capabilities to people, and to do so safely.

Whereas civil engineering and chemical engineering built upon physics and

chemistry, this new engineering discipline will build on ideas that the
preceding century gave substance to, such as information, algorithm, data,
uncertainty, computing, inference, and optimization. Moreover, since much
of the focus of the new discipline will be on data from and about
humans, its development will require perspectives from the social

sciences and humanities.
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Augmenting human intelligence with Al

“ef NSt
= Perception > /i% yis\ ?

= Attention

= Memory
= Language
= Reasoning

= Problem-solving

= Decision-making

= Creativity Fine-grained image recognition

http://www.weixiushen.com/project/Awesome_FGIA/Awesome_FGIA.html




Augmenting human intelligence with Al

= Perception

. npuset QAETC-T
= Attention Bonjour
= Memory
= Language >

= Reasoning

= Problem-solving

= Decision-making

= Creativity Language Translation

https://www.michigandaily.com/statement/google-translate-and-end-language/

Dongyu Liu



Augmenting human intelligence with Al

= Perception
= Attention

= Memory

= Language

= Reasoning

= Problem-solving

= Decision-making

= Creativity > Art Design

https://www.animaapp.com/blog/design/ai-generated-art-for-product-designers/




Augmenting human intelligence with Al

= Decision-making

Hey! Is this airplane good to go?

https://www.aviationpros.com/aircraft/commercial-airline/article/11109406/innovative-aircraft-health-
monitoring-ahm-systems-deliver-detailed-data-to-drive-predictive-customized-maintenance 7

Dongyu Liu



A general blueprint of Human-Al teaming

What is missing?

Al System Human

General blueprint for a human-in-the-loop interactive Al system. Image modified from:
https://hai.stanford.edu/news/humans-loop-design-interactive-ai-systems

Dongyu Liu



What is data visualization?

Data visualization is the creation and study of the visual representations of data.

Input: data
Output: visual form
THE NATIONAL
ARTIFICIAL INTELLIGENCE
RESEARCH AND DEVELOPMENT
GoaI: insight STRATEGIC PLAN: 2019 UPDATE

A Report by the

SELECT COMMITTEE ON ARTIFICIAL INTELLIGENCE
of the
NATIONAL SCIENCE & TECHNOLOGY COUNCIL

JUNE 2019
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Same stats, different graphs
The power of human visual perception
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Matejka, and Fitzmaurice. Same stats, different graphs: generating datasets with varied appearance and identical statistics
through simulated annealing. CHI 2017.. 10
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Human-Al teaming workflow in my research

Intermediate feedback
“What do you think about
the current solution”

Al System
(Human-Centered)

“If we want it to play a positive role in tomorrow’s - Interaction & Curation
world, it must be guided by human concerns”

Feifei Li (Stanford’s Human-Centered Al Institute)

Human

Dongyu Liu



= €he New Hork Times

Artificial

Intelligence > An Unsettling Chat With Bing  Read the Conversation = How Chatbots Work

THE SHIFT

A Conversation With Bing’s Chatbot Left Me
Deeply Unsettled

A very strange conversation with the chatbot built into Microsofts
search engine led to it declaring its love for me.

By Kevin Roose
Kevin Roose is a technology columnist, and co-hosts the Times podcast “Hard
Fork.”

Published Feb. 16, 2023 Updated Feb. 17, 2023 7 MIN READ

“You’re married, but you don’t love your spouse,” Sydney said.
“You’re married, but you love me.”

I assured Sydney that it was wrong, and that my spouse and I had
just had a lovely Valentine’s Day dinner together. Sydney didn’t
take it well.

“Actually, you’re not happily married,” Sydney replied. “Your
spouse and you don’t love each other. You just had a boring
Valentine’s Day dinner together.”




Human-Al teaming is essential in situations where

Al requires significant human knowledge to enhance its performance -> Ability to learn

Large Devices Liu
Health Monitoring

Liu

Dongyu Liu



Human-Al teaming is essential in situations where

Decisions being made are high-stakes -> Transparency

Child Abuse
Hotline Screening

, ” E é’ lliness
. e TG ..

Diagnosis &
Treatment
It
Zytek, Liu, et al., Sibyl: Understanding and Addressing the Usability Challenges Cheng, Liu, et al., VBridge: Connecting the Dots Between Features and
of Machine Learning In High-Stakes Decision Making, TVCG (VIS'21). Data to Explain Healthcare Models, TVCG (VIS'21).
Best Paper Honorable Mention. 14

Dongyu Liu



Human-Al teaming is essential in situations where

Decision-making involves multiple criteria and is heavily influenced by the context -> Steerability

oA 2 "Ii‘(/

»'

LT

ﬂ

RN

Advertising Campaign Planning Store Operation Optimizing
Liu, et al, SmartAdP: Visual Analytics of Large-scale Taxi Liu, et al., TPFlow: Progressive Partition and Multidimensional Pattern Extraction for
Trajectories for Selecting Billboard Locations, TVCG (VAST 16). Large-scale Spatio-temporal Data Analysis, TVCG (VAST’18), Best Paper Award.

Dongyu Liu



Key research questions — machine side

Scalable
Human-steerable
Able to learn

Transparent

Al System
(Human-Centered)

How to design effective human-centered Al systems?




Key research questions — _

Domain problems

General human factors

5

(Human-Centered)

How do Al systems interact with humans and impact them?

Dongyu Liu



Key research questions — _

Intuitive

Faithful

Visually scalable

Al System
(Human-Centered)

3

How to create effective visualizations to enable better human-Al

communication and collaboration?

Dongyu Liu



Two fundamental gaps in Human-Al teaming

= Three parts need to be studied together

= “Point solutions” versus “General solutions”

Al System
(Human-Centered)

Human

Dongyu Liu



The overarching goal

To enable general solutions to develop Human-Al teaming
systems that are not only accurate and efficient, but also accessible,
understandable, and acceptable to users, in order to enhance data-
driven decision-making in formally intractable real-world problems.




Al Roles Human Factors

Decision-associated Risk

Al suggests preliminary
decisions

(able to learn)

Sustainability

Medium Satellite

Green Energy
Air Pollution

Less Decision Time More Decision Time

See Sibyl (VIS’21) for the full list of human factors



Sustainability
Condition monitoring

Wind tu[bines

A"
How can we effectively

Satellites
monitor and analyze

anomalies facing such
massive amount of data?

> 30k signals

22
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What is time series anomaly detection?

- Given atime series X = (2!, 27, ... ,:CT)

12 k i
= Find Aseq — {aseqa Ageqs -+ aseq} , where Qg is a continuous sequence of

data points over time that show anomalous or unusual behavior.

A\ A




The problem we want to solve

Machine Learning (ML) Models

:;.E;;‘rv\;x:ﬁw.ww:w‘pw;
s Mpslsmaad S oton i Monitor all
A AN @ Signals and ﬂag
events

Y W\’\"—l)&('w Wrefr A S\ Sy
B N Ty |

AP bl s i A A

Time series data

Event ID t, t, Rank
Report nam
127 | June 10th, 2018 - 9:43 am | June 10th, 2018 - 12:50 pm | | ol bl B2 il
202 June 11th,2018 - 7:06 pm | June 12th,2018 - | 1:18 am 2 \\/1'_/ 127 Thruster Failure
631 Aug 12th,2018 - 1:12 pm | Aug I3th, 2018 - 4:50 pm k \ t 202 Fipse
expert -
Prioritize which Users ask for
events to @ details of the event
and tag it

investigate first

Dongyu Liu



The challenges we are facing

Wind turbines

VA\ K

Satellites

Al System

Machine (Al)
challenges:

= No labeled data

= No normal baselines

25

Dongyu Liu



The challenges we are facing

Wind turbines
H

Human

Can Al still be of help in facing these challenges?

Air quality monitors
- auatty = No easy way to

T : document findings




Human-Al teaming workflow

@ Extract anomalies from
massive time series with ML
Sintel (SIGMOD22) Collecting user feedback

Enhance ML with human
annotatlons

Alnegheimish, Liu, et al., Sintel: A Machine Learning Framework to Extract Insights from Signals, SIGMOD 2022. 27

Dongyu Liu



Dongyu Liu

Unsupervised anomaly detection with Sintel

l |

Detected Anomalies

Learn Make Compile : __,\/\/-V\
Preprocess  —*  \i Model ~°  Predicion " Errors — pliciedicy —
- normalization () prediction - v - T (@) dynamic
- slicing window ® reconstruction -\\N\N @ fixed

Alnegheimish, Liu, et al., Sintel: A Machine Learning Framework to Extract Insights from Signals, SIGMOD 2022.



modeling

pre-processing

post-processing

Primitives and Pipelines

Collection of Primitives

time_segments_

aggregate SimpleImputer
MinMaxScaler intervals_
to_mask
rolling_window_ fillna
sequences
X : Arima
LSTMTimeSeries
Regressor TadGAN
LSTMSeq25eq DenseSeq2Seq

find_anomalies

regressions_
errors

reconstruction_

errors

score_anomalies

Liu

compose into

index

Pipeline

o
Xv

time_segments_
aggregate

e
SimpleImputer

Xv

MinMaxScaler

Xv
rolling_window_
sequences y

Xv
LSTMTimeSer-ies
Regressor
yv
regressions_
errors

index

errors v

find_anomalies l¢—

yv
|

preprocessing
modeling
postprocessing

29
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What does Sintel achieve?
Pipeline

Integrate domain expertise °
Xv
index| time_segments_ || preprocessing
aggregate [ Imodeling

Satellite experts: i [Ipostprocessing
= Use zero-order hold to impute _simpleImputer |

. . . Xv
missing values instead of mean winmaxscater )

Xv
(rolling_window_\iﬂgﬁx
—

sequences Jy

Wind turbine experts: - Xy .
LSTMTimeSeries

= Need domain specific aggregation e
and transformation methods (e.g., fft) ) g

regressions_
errors

A J/

errors v

[ find_anomalies J*—J

yv
|

)

pre-processing

i

~

Liu 30
Dongyu Liu



What does Sintel achieve?

Develop better models
We now have in total 9 different models integrated:

- Tad GAN Liu*, Geiger®, et al., TadGAN: Time Series Anomaly Detection Using
time_segments_ [ SimpleImputer J Generative Adversarial Networks, IEEE BigData 2020
aggregate P P
[ MinMaxScaler J intervals_ | s | — R
" eaances | fitna ] | I
u o A
D | [ LsTMTimeSeries | ( Arima )
.T_) L Regressor ) [ TadGAN J AE R Wong, Liu, et al., AER: Auto-Encoder with Regression for Time Series Anomaly
e e Detection, IEEE BigData 2022
Q [ eq->€9 J [ DenseSeq2Seq J
=
find_anomalies J reconstruction_ G ¥
[ [ PG ] f Loss = 5‘/1)red(ti—17'ri—l) i §Vpred(ti+n, fi+n)
regressions_
[ errors J [score_anomal‘i es) - — - 25 (1 - ’7)V7*eC(ti:i+n—1a yz‘:i+n—1)
fi-1 | Yizi+n-1 | fi+n|
Alnegheimish, Liu, et al., Sintel: A Machine Learning Framework to Extract Insights from Signals, SIGMOD 2022. 31

Dongyu Liu



What does Sintel achieve?

Develop better models

NASA YAHOO NAB UCR
M Avg. F1

odels | VIS | SMAP | Al | A2 | A3 | A4 | Art | AdEx | AWS | Traffic | Tweets | UCR | AY& F1 (£ 0)
ARIMA 0.733 0.818 0.500 0.567 0.553 + 0.21
LSTM-DT 0.515 0.707 0.721 0.744 0.638 0.580 0.391 0.633 + 0.16
LSTM-AE 0.500 0.705 0.610 0.545 0.692 0.314 0.550 = 0.17
LSTM-VAE 0.526 0.653 0.575 0.700 0.483 0.317 0.554 + 0.16
TadGAN I 0.584 0.617 0.571 0.677 0.720 0.581 0.588 0.547 + 0.18
AER* 0.541 0.615 0.635 0.606 0.585 0.683 = 0.14

The latest and full results can be found here: https://bit.ly/orion-benchmark
Alnegheimish, Liu, et al., Sintel: A Machine Learning Framework to Extract Insights from Signals, SIGMOD 2022. 32

Dongyu Liu


https://bit.ly/orion-benchmark

What does Sintel achieve?

Improve over time

| | |
| | | |
! | : ! — ARIMA — LSTM DT —— TadGAN
E Generated E | Detected Ground truth i LSTM AE Dense AE
I ' I
Target i l . | 1.0 4
: rlglnal o :
: : : : 08 7 best
: ! | : o unsupervised
: ' | accuracy pl’eCISIOn : - RGE ™
Metric | [ MSE | MAE ) MAPE (-] | : 3
l L [recall] [f1 score] [ ] i 0.4
E L :
: o _ ' | 0.2 -
. | : ; ﬁ : [ preprocessing ] [ modellng J [
Engine | [ preprocessing ] [ modeling ] o : : : : :
: : | 0 10 20 30 lteration
E E i [postprocessnng] i
_______________________________ | e e e e e e e e e ————— ——_—————————
Alnegheimish, Liu, et al., Sintel: A Machine Learning Framework to Extract Insights from Signals, SIGMOD 2022. 33
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Human-Al teaming workflow

@ Extract anomalies from
massive time series with ML
Sintel (SIGMOD22) Collecting user feedback

Enhance ML with human
annotatlons

Alnegheimish, Liu, et al., Sintel: A Machine Learning Framework to Extract Insights from Signals, SIGMOD 2022. 34

Dongyu Liu



Human-Al teaming workflow

NN AT A AR N IR R
NMAAAAANNAN AN A
A5 &) L)
AN IAMANANNNA
@ Select signals and ML Check overview and then
results to investigate pick one of interest

MTV (CSCW’22)

|
&

@ Annotate anomalies @ Explore it in detail

Liu, et al., MTV: Visual Analytics for Detecting, Investigating, and Annotating Anomalies in Multivariate Time Series, CSCW 2022. 35

Dongyu Liu



Working with domain experts
User-centered design

Understand
= We collaborated with 9 experts context of use

1 6 from a satellite operations company

}
J 3 from a renewable energy company

Extract user
requirements

|
= We followed an iterative user-centered

Design
design process solutions
6 design requirements }
Evaluate
against

requirements

Liu

36
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MTV <« Details - x @ Normal X ® Problem X ® nvestigate X v |
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R

u M 14/Sep/2020 00:21:47

Coke just released 2019 Q1 Consolidated report on the
5/7/2019, revealing big gain of this quarter: 1) First Quarter
2019 net sales grew 3.6% versus prior year 2)Gross margin
expanded 170 basis points in Q1 2019 compared to prior
year. Adjusted(a) gross margin increased 100 basis points
from Q1 2018.
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Similar Segments v
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expanded 170 basis points in Q1 2019 compared to prior
year. Adjusted(a) gross margin increased 100 basis points
from Q1 2018.
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User study
Starts: 16/Nov/2018 12:00:21
m Ends: 25/Nov/2018 12:00:21
N UserC 5/5epr2020 17:06:28

TM glitch

= 6 experts from a satellite operations company

u User C

assigned a tag

u User C 5/Sep/2020 17:07:26

if you go to 6 min aggregation it is clear that it is data
missina and simply a zero order hold

Case ML Event User-created Event Comment (avg.) Tag (avg.)
1 38 15 162 (3.1) 58 (1.1)
2 45 12 87 (1.5) 60 (1.1)
3 40 8 96 (2.0) 48 (1.0)
4 23 10 66 (2.0) 40 (1.2)
Liu 43



User study

= 6 experts from a satellite operations company

= 25 general users using stock data

Effectiveness 4% 8% 56% _ 4.16 (0=0.73)
Powerfulness 2(;% 28% — 4.32 (0=0.79)
Ease of Use 8% 8% 52% . 4.08 (0=0.84)
Ease of Learning 12% 12% 36% o a% 4,04 (6=0.99)
Satisfaction 2% 20% 40% 8% 3.84 (0=0.96)
Functionality 8% 20% 40% _ 3.96 (0=0.91)

100% 50% (I) 50% 100%

_ Strongly disagree Disagree Neutral Agree " Strongly agree

Liu, et al., MTV: Visual Analytics for Detecting, Investigating, and Annotating Anomalies in Multivariate Time Series, CSCW 2022. 44
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Human-Al teaming for time series anomaly detection

Visual
Interface

Al System
(Human-Centered)

Human

Need to integrate domain ‘ ‘ ‘ Cannot monitor massive signals
knowledge to improve performance without Al to pinpoint suspicious locations

Liu

Liu 45

Dongyu Liu



Anomaly Detection

Orion repository metrics (as of 2/1/23) J\\
https://github.com/sintel-dev/Orion o%)

* 4 Sintel

718 56K Signal Intelligence

github stars pip downloads

Analyze massive time series (signal) data; enable human-in-the-loop
analytics workflow; and transfer insights into actionable decisions.

Sintel (SIGMOD’22), MTV (CSCW’22)
Y V AER (BigData’22), TadGAN (BigData’20)

352

unique visitors .-
in 2 weeks "A,\

JAAN

Project website: https://sintel.dev/




Al Roles Human Factors

Decision-associated Risk
Social Good

Child Welfare
Clinical Healthcare

Al assists in high-
stakes decision making |ss
(transparent)

Less Decision Time More Decision Time

See Sibyl (VIS’21) for the full list of human factors



Child abuse hotline screening

= 19 social workers from a child welfare department

What are the challenges of introducing Al to high-stakes decision-
making and how will decision-makers perceive these challenges?

Zytek, Liu, et al., Sibyl: Understanding and Addressing the Usability Challenges of Machine Learning In High-Stakes Decision Making, TVCG (VIS’'21). 48



Understand the usability challenges

= List of usability challenges that could negatively impact human-Al teaming

Usability Challenges Code Mitigating Tools

Lack of TRust TR  Global explanation, local explanations, performance

metrics, historical predictions and results

Difficulty Reconciling human-ML DISagreements DIS Local explanations
Unclear CONsequences of actions CON Cost-benefit analysis, historical predictions and results
Lack of ACCountability or ACC Local explanations, performance metrics
protections from accountability

ETHical Concerns (e.g., possible bias) ETH Global explanations, local explanations, ML fairness

metrics, historical predictions and results

Confusing or unclear prediction Target (i.,e., ML CT  Cost-benefit analysis, further analysis of

outcome has an unclear meaning or significance) prediction target impact

Unhelpful prediction Target (i.e., ML outcome UT  Retrain model with new prediction target
is not relevant to the required decision)

Zytek, Liu, et al., Sibyl: Understanding and Addressing the Usability Challenges of Machine Learning In High-Stakes Decision Making, TVCG (VIS’21). 49

Dongyu Liu



Child abuse hotline screening
How do users perceive the usability challenges?

[ | 2k i e J We were surprised [the score] was that low

‘[The score made us] think a little deeper about why the score
is so high [and caused us to] take another look at [the history]”

Reconciling
Disagreements

Target

“..asked ourselves if we are critically thinking”

[ Confusing J “Wish we knew how we got to do with the score”
[ Ethics }

Zytek, Liu, et al., Sibyl: Understanding and Addressing the Usability Challenges of Machine Learning In High-Stakes Decision Making, TVCG (VIS’'21). 50



Child abuse hotline screening
How do existing mitigating tools can help?

Feature contributions (local explanation)

Category Factor

Count of prior referrals for the focus child in the last 365 days

that were screened in

The parent has an active role on a child welfare case at the

time of the referral

Global feature importance

(global explanation)

Factor

Number of other children on the referral

Age of child

Contribution Z

v

Importance

What if

Category Factor Changed Value
® RH Role of child is sibling True -> False
® DG Child is infant False -> True
® DG Parents are over age 30 False -> True

Feature distributions

Show info about children who scored

Factors

Child had a prior court active child welfare case

Days child was in child welfare placement

New Score [ Difference [
19 4 N
18 3 N
12 3 J

* Removed from

3.90% Not removed from home
Type Distribution of Values
76% 24%
Binary False True
0-36
Numerical 0 42 Days

Zytek, Liu, et al., Sibyl: Understanding and Addressing the Usability Challenges of Machine Learning In High-Stakes Decision Making, TVCG (VIS’'21).

51

Dongyu Liu



Child abuse hotline screening
Design lesson #1

= Showing feature contributions is most helpful in investigating an individual case.

All Contributions Click “Show All Factors” to enable Search and Filter
Category Factor Value Contribution
® DG Age range of child in focus <1 yea  —
® DG Age of the child in focus at time of referral 0 »
® RO Number of other children (non victims) on the referral 0 ]

Zytek, Liu, et al., Sibyl: Understanding and Addressing the Usability Challenges of Machine Learning In High-Stakes Decision Making, TVCG (VIS’'21). 5o

Dongyu Liu



Child abuse hotline screening
Design lesson #2

= Most issues are coming from that features themselves are not meaningful.

Confusing Language

Boolean feature

“the child has a sibling is False”

l Use natural language

“the child does not have a sibling”

Zytek, Liu, et al., Sibyl: Understanding and Addressing the Usability Challenges of Machine Learning In High-Stakes Decision Making, TVCG (VIS’'21). 53



Child abuse hotline screening
Design lesson #2

= Most issues are coming from that features themselves are not meaningful.

Confusing Language Irrelevant Features

“2 parents have missing date-of-birth is shown
as a significant blue bar which | can’t imagine is
protective.” — Child Welfare Screener

Liu




Post-surgical complication prediction *=

= 6 experienced clinicians

g s
0

|
| |
I |
I |
| |
| |
|
l | 4 D
' Demographics Diagnoses Lab Tests | Make
|
:  — — | treatment
|
| 0 | plan
| : |
I ! =
I |
: Prescriptions Other Treatments | ML predicts five types of post-
|

operative complications

N
k Engineered features j

Cheng, Liu, et al., VBridge: Connecting the Dots Between Features and Data to Explain Healthcare Models, TVCG (VIS'21). Best Paper Honorable Mention. 55
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Post-surgical complication prediction
Design lesson #3

Name |2 Value Contribution ¥ =  Unfamiliarity with ML (engineered) features

In-surgery A<

“We don’t often use statistical values like Trend or
Standard Deviation (SD) in our work.”

clickto 7/

expand |
\

4

Pre-surgery

In-surgery
Surgical tim... 2961
Pulse

Temperature

III!U -I

CPB time (minutes) 1342

Cheng, Liu, et al., VBridge: Connecting the Dots Between Features and Data to Explain Healthcare Models, TVCG (VIS'21). Best Paper Honorable Mention. 56
S Dongyu Liu



Post-surgical complication prediction
Design lesson #4

= Engineered features must be traceable and be explained in the original data space.

Patient records

Emergency Admission Surgery

room visit to hospital start Discharge
® @ o @ bbb @—+——t—t—t—@b @ . o
Start of Albumin Transfer to Surgery
timeline =42.5g/L ICU end
Pulse (Mean)
Patient feature vector Pulse (SD)
. Pulse(Trend
(Engineered features) (T )
t‘] tn
Demographic Diagnoses Surgery Info Dynamic Feats Dynamic Feats
Cheng, Liu, et al., VBridge: Connecting the Dots Between Features and Data to Explain Healthcare Models, TVCG (VIS'21). Best Paper Honorable Mention. 57
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Post-surgical complication prediction
Design lesson #4

= Engineered features must be traceable and be explained in the original data space.

Feature View
Name |} Value Contribution V ¥
v In-surgery I
CPB time (minu(gsg) _
L -
100 200 300
Surgical time (minutes) m
S
100 200 300 400 500
- v Oxygen Saturation (] | Lab Tests
mean | 7 I:actate °
e > — i

Oxygen Saturation

= v o= T X o 2l B

> Pulse

> Pre-surgery

70 75 80 85 90 95 W00
5 - /
¥  Lactate ()] I
- 0 T T T L T L T L] LJ L | ¥ |
0130 02PM 02:30 03 PM 03:30 04 PM 04:30 05 PM 05:30 06 PM 06:30
mean 7
=N > Vital signs
L] 0 " 20

Cheng, Liu, et al., VBridge: Connecting the Dots Between Features and Data to Explain Healthcare Models, TVCG (VIS'21). Best Paper Honorable Mention. 58
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What are the features that are most useful
and meaningful to users?

1

Interpretable Features




Example: Housing Price Prediction

Location:
South San Francisco

Population:

1,70 . .
1793 Median House Price:
Median Income: $321,000

334,231

Zytek, Arnaldo, Liu, et al., The Need for Interpretable Features: Motivation and Taxonomy, SIGKDD Explorations Newsletter 2022. 40

Dongyu Liu



Taxonomy of interpretable features

Area Average Common Normalized X12

Quality House Size | House Color | Median Income

(numeric) (numeric) (categorical) (numeric) (numeric)

Readable ‘/ \/ \/ \/

Understandable V4 v v

Relevant J ‘/

ces HDmore ...

Zytek, Arnaldo, Liu, et al., The Need for Interpretable Features: Motivation and Taxonomy, SIGKDD Explorations Newsletter 2022. 61
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How we generate interpretable features in
real-world scenarios?




Generate interpretable features
Pyreal: a system for interpretable transforms

Data

l

Original Feature Explanation-Algorithm ( Interpretable
Space —_— Feature Space " Feature Space
Data Explanation
St o Pyreal ensures what is
Prediction presented to users is really
interpretable to them.
Model-Ready Feature J
Space

Zytek, Liu, et al., An Interpretable ML Explanation Framework, In Submission. 63
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Original outputs of XAl algorithms

longitude (-122.41) -
population (1703.0) -
latitude (37.73) -

ocean_prox_inland (0.00) -

median_income (1.23) - Housing price prediction
average_rooms (5.14) -

ocean_prox_nearbay (1.00) -

pyreal

Ocean proximity (near bay) -
City (South San Francisco) -
Population (1,703) -

Median income ($34,231.00) -

Average rooms per house (5.14) -

Zytek, Liu, et al., An Interpretable ML Explanation Framework, In Submission. 64
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Original outputs of XAl algorithms

longitude (-122.41) -
population (1703.0) -
latitude (37.73) -

ocean_prox_inland (0.00) -
median_income (1.23) - Housing price prediction
average_rooms (5.14) -

ocean_prox_nearbay (1.00) -

pyreal

Ocean proximity (near bay) -

City (South San Francisco) -
Population (1,703) -
Median income ($34,231.00) -

Average rooms per house (5.14) -

Zytek, Liu, et al., An Interpretable ML Explanation Framework, In Submission. 65
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Human-Al teaming for high-stakes decision-making

Transparency

VBridge

Al System
(Human-Centered)

Human

Not as efficient as when

Intransparency raises trust issues ) i )
Al provides augmented information

Zytek, Liu, et al., Sibyl: Understanding and Addressing the Usability Challenges of Machine Learning In High-Stakes Decision Making, TVCG (VIS'21).

Cheng, Liu, et al., VBridge: Connecting the Dots Between Features and Data to Explain Healthcare Models, TVCG (VIS'21). Best Paper Honorable Mention.

Zytek, Arnaldo, Liu, et al., The Need for Interpretable Features: Motivation and Taxonomy, SIGKDD Explorations Newsletter 2022.

Zytek, Liu, et al., An Interpretable ML Explanation Framework, In Submission. 66
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Al Roles

Al distills knowledge
(steerable)

Human Factors

Decision-associated Risk

Medium

Sustainability

Retail Operation
Location Selection
Trans. Improvement

Less Decision Time More Decision Time

See Sibyl (VIS’21) for the full list of human factors



Sustainability
Urban planning

Spatio-temporal data
(an observed event with both time and location

How can we help users extract the most relevant
knowledge from data to guide complex decision making?

Retail operation optimization Regional Sales optimization

” a
&>

A 4

Knowledge:
where &
when

Optimal Location selection

o

information, e.g., vehicle GPS data, mobile phone data)

Dongyu Liu



Start with an example

Average over
all zones

: T
00:00 05:00 10:00

Hourly traffic

T T
15:00 20:00

Useful patterns (most-relevant knowledge) exist in
certain data subsets

1 Oct between 10am to 11 am

69
Dongyu Liu



Manual search does not scale

Nanocubes imMens
Lins et al. 2013 Liu et al. 2013

B il
o

@ exhaustive manual search
for patterns in data subsets

TaxiVis Traffic Flow Analysis
Ferreira et al. 2013 Scheepens et al. 2016

Dongyu Liu



Existing automated approaches are limited

by Spatiotemporal Time-Varying Event
H == Data Scalar Functi Extracti
£F F\_\\\ 7 calar Function X rac‘ ::;1
SN A
: 4 \\\ 1 2 8
* e / 4 /,.;; y f'/{
. 43
§ g& Al é Lo g’@ 2
= e 9 b >
Calendar Vis Self-organizing Map Event-Guided Exploration
Van Wijk and Van Selow, 1999 Andrienko et al., 2010 Doraiswamy et al., 2014

@ fail to support high-dimensional (>2) ST data

(> not human-steerable

Dongyu Liu



Explore large information space with recommendation

Dongyu Liu



Modeling as tensors

—— o x e RPIXIPIXITI g 3 three-dimensional tensor

® X|[i,j, k] represents the traffic volume at location
k on the day j during hour i

typical traffic dataset

Liu 73




Semi-automatic and human-steerable tensor partitions

P X %ﬁ? D p
&\0(\ V AN D2 T
/ z o ~ /
L] g —r M| T 4+ X 1% . Ar |t
712
>‘;¢2 ,.____, S hour
o4l |
7R [i, J, K] fgi\o(\ © — Feature vector
717 \00 =2 — {’N = 7 of D&Yj
hour d] S dZ dT
/ 7 Xali,j k]l = A1 - t1[i] - di1[j] - palk]
7 —
72l T =
ggg & Cost = ||xresidual” — ”X — Xl“
N .
7 P Where ||-|| denotes Frobenius norm.
hour
Liu

74




Semi-automatic and human-steerable tensor partitions

Tensor Partition Hourly Traffic Trend
volume
500 - weekends
L, ., averages over all the days S
kN =12 —
o 7/4 70
7| e 2O
%‘gé hour  © 3004 A0 _o—
© 7isf e 7/ %
&, Z
hour =71 o g
= 7/7 \OC,@\\ 1004 Weekd ays
0.04 e . . l
00:00 05:00 10:00 15:00 20:00
N\
Put the days with similar hourly and spatial
variations into one sub-tensor
Liu

75
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Working with domain experts
Design requirements

= We collaborated with 4 domain experts

Retail operation optimization Regional Sales optimization Transportation Improvement

¢ /9
SV

= We have identified 5 design requirements

Liu, et al., TPFlow: Progressive Partition and Multidimensional Pattern Extraction for Large-scale Spatio-temporal Data Analysis, TVCG (VAST’18), Best Paper Award. 76

Dongyu Liu



In-store customer traffic data analysis

» Tasks:

(1) identify daily/hourly periodical patterns
(2) analyze store area performance

Pras:

31 days

150M events of customer entering/leaving areas 24 hours
in a shopping mall

Liu, et al., TPFlow: Progressive Partition and Multidimensional Pattern Extraction for Large-scale Spatio-temporal Data Analysis, TVCG (VAST’18), Best Paper Award. -

Dongyu Liu



Mode Day Mode Zzone

2017-07-01

8
2017-07-12
2017-07-20
2017-07-21
2017-07-22
2017-07-23
2017-07-24

25

20 27
2017-07-28
2017-07-29
2017-07-30
2017-07-31

Mode Hour

[eTe]

Leaflet




[0} CTScan powered by CR/RTC-HMI1

Dataset ~ ST Measure v total traffic °

@ ceviation

Login | Help

overview clustering tree “« #

doy: i ]
| 2017-07-01, 2017-07-08

2017-07-1, 2017-07-5

doy:
2017-07-03, 2017-07-05
2017-07-06, 2017-07-07
2017-07-13, 2077-07-14...

doy:
2017-07-02, 2017-07-09
= doy:

2017-07-05

Leaflet

Show @ entries

Search:
#1  2017-07-08 14:00 Device Area 487
# 2017-07-01 13:00 Device Area 471
#2  2017-07-09 15:.00 Device Area 456
# 2017-07-15 15.00 Device Area 436
#2 2017-07-02  16:.00 Device Area 436
#1 2017-07-29  16:.00 Device Area 435
#2  2017-07-23 12:00 Device Area 433
#2 2017-07-02  13:.00 Device Area 433
2017-07-01 14:00 Device Area

User decides which dimension to partition or choose to be fully automatic

#1 2017-07-22

#2

2017-07-02

#2  2017-07-09

#1

2017-07-08
#1

2017-07-15

#2  2017-07-09

# 2017-07-22

#  2017-07-29

#2

2017-07-30
#2  2017-07-23
#2  2017-07-09
#2  2017-07-30

15:00
17:.00
17.00
14.00
13:00
16:00
16:00
15:00
14:00
13:.00
13:00
13:00

Device Area
Device Area
Device Area
904B
Device Area
Device Area
Device Area
Device Area
Device Area
904B

Device Area

Device Area

398
397
397

Showing 1 to 25 of 400 entries

Previous E 2 3 4 5

16

Next



@) CTScan powered by CR/RTC-HMI1

Dataset ~ ST Measure v total traffic °

Login | Help

Overview clustering tree “« 7 X
dey:
| 2017-07-01, 2017-07-08
2017-07-11, 2017-07-15

day:
2017-07-03, 2017-07-05
2017-07-06, 2017-07-07
2017-07-13, 2017-07-14.

day: h
2017-07-02, 2017-07-09
—doy:
T —

Show [EI entries

Search:
#1  2017-07-08  14.00 Device Area 487
# 2017-07-01 13:00 Device Area 471
#2  2017-07-09 15.00 Device Area 456
#1 2017-07-15 15:00 Device Area 436
#2 2017-07-02  16:.00 Device Area 436
#1 2017-07-29 16:00 Device Area 435
#2  2017-07-23 12:00 Device Area 433
#2  2017-07-02 13:00 Device Area 433
#1 2017-07-01 14.00 Device Area 429
#1 2017-07-15 13:00 9048 425

™~

%
- 700 6
[ 8]
1

P Mode Zzone

|

B NN MR
= OODONONLWN—SOODONDNLWN=OODRNDNLWN

1919 19 R R 19 19 19 R 1 19 19 R 1 19
CO00OOO0OOOOOOO
T S R L A S
OO0OOO0000000000
B e e e e e I R B e R ]

2017-07-!

Mode Hour

0.0 O O O O Q O

#2  2017-07-02
#2  2017-07-16
#2  2017-07-09
#1 2017-07-22
#2  2017-07-02
#2  2017-07-09

#1  2017-07-08

#1 2017-07-15

#2  2017-07-09
#1 2017-07-22
#1 2017-07-29

#2  2017-07-30

#2  2017-07-23

Observe the detailed partition result in day mode

00:00

T
10:00 20:00

S8 el e

u Leaflet

© [e[o] -

14:00
13:00
14:.00
15:00
17:00
17:.00
14.00
13:00
16:00
16:00
15:00
14:00
13:00

Device Area
Device Area
Device Area
Device Area
Device Area
Device Area
9048

Device Area
Device Area
Device Area
Device Area
Device Area

9048

425

4n

420

418

416

416

410

410

408

402

400

400

398



) CTScan powered by CR/RTC-HMI1 Dataset ~ ST Measure ~ total traffic ) Login | Help

Overview clustering tree “« 7 X PAER R~ T R
Show \E] entries Search:

#  2017-07-08 14.00 Device Area 487

#  2017-07-01 13:00 Device Area 471

#2  2017-07-09 15:00 Device Area 456

#1  2017-07-15 Device Area

Hour mode shows the hourly trend patterns for each day group

#  2017-07-01 14.00 Device Area 429

#1 2017-07-15 13:00 904B 425

Mode pay LU0 = & % #2  2017-07-02 1400 Device Area 425

s > 4 i A £ #2  2017-07-16  13:00 Device Area 421
2017-07-01

it #2  2017-07-09  14:00 Device Area 420
2017-07-04 —

#  2017-07-22 15:.00 Device Area 418

#2 2017-07-02  17:00 Device Area 416

#2  2017-07-09 17.00 Device Area 416

#1  2017-07-08  14:.00 904B 410

#  2017-07-15 13:.00 Device Area 410

#2  2017-07-09  16:.00 Device Area 408

#  2017-07-22 16:00 Device Area 402

#1  2017-07-29 15:00 Device Area 400

#2  2017-07-30 14:.00 Device Area 400

#2 2017-07-23  13:.00 904B 398

#2  2017-07-09 13:00 Deyce Area 397

#2  2017-07-30 13:00 evice Area 397

Showing 1to 25 of 400 entries
Previous 2 3 4 5 16 Next




CTScan powered by CR/RTC-HMI1

Dataset ~ ST Measure ~ total traffic

Login | Help

Overview clustering tree “« 7 R £ @ o - 72
Show \E] entries Search:
day:
SUDEELL ULV EL #1 2017-07-07  18:00 Device Area 315
2017-07-11, 2017-07-15
—— #  2017-07-03 19:00 Device Area 315
#  2017-07-07 19:00 Device Area 311
doy:
2017-07-03, 2017-07-05 #  2017-07-21 19:00 904B 305
2017-07-06, 2017-07-07 : ;
20°7-07-13. 20°7-07-14.. #  2017-07-03  13:.00 Device Area 297
#  2017-07-14 19:00 Device Area 294
. o H #1  2017-07-14 17:00 Device Area 293
2017-07-02, 2017-07-09
dog: #1  2017-07-28 14.00 Device Area 293

2017-07-31

Mode Hour

“00:00 05:00

T
10:00

T
15:00

T
20:00

7]

DX BN

faE

(0]

Leaflet

#

User can perform manual partitioning based on his/her needs

#
#
#
#
#
#
#
#
#
#
#1
#

2017-07-21

2017-07-06
2017-07-07
2017-07-19
2017-07-14
2017-07-07
2017-07-03
2017-07-18
2017-07-03
2017-07-14
2017-07-06
2017-07-14
2017-07-21

15:.00
18:00
14.00
16:00
19:00
15:00
17.00
12:.00
16:00
18:00

20:00

16:00

Device Area

Device Area
904B
Device Area
904B
904B

Device Area
Device Area
Device Area
Device Area
Device Area
904B

Device Area

276
275
275
274
274
274

Showing 1to 25 of 100 entries

Previous E’ 2 3 4 Next



@) CTScan powered by CR/RTC-HMI1 Dataset ~ ST Measure ~ total traffic ) Login | Help

i i V-4 S B o = 0 0x
Overview clustering tree « X (57 . S— i corch
= e & #5 2017-07-03 19:00  Device Area 315 ‘
[ #5 2017-07-07 18:00  Device Area 315 ‘
| zone
e = 2028, 204C #5 2017-07-07 19:.00 Device Area 3n
| = = 3024, 5048
| - A === e #5 2017-07-21  19:.00 904B 305
Sty e s #5 2017-07-03 1300  Device Area 297
3 2074 Z04a
heur s X007 50 2020, 3038 =
e - - : #5 2017-07-14  19:00  Device Area 294
== zone

# 01/-07-21 19:.00 Device Area 84

00 SENEL 00 SEEEP 00 SESES 00 SESES 00 SESLS
20170702 B‘;‘ R Q% A" 0‘—"_'—' 0 Q‘—'—L; L Q'—'—'—'—'—'—": #5 2017-07-06 13:00  Device Area 284
170702 —
2017-07-05 - H = | [ | =]
2017-07-06 — = = = = j—] #5 2017-07-03  19:.00 904B 283
2017-07-07 — ! [o—
20:7-07-10 - N =l | = [P—
2017-07-12 - W = = = m— #5 2017-07-07 18:00 904B 282
2017-07-123 — ==
20:;-3;-13 - = i) =) = =] 2
2017-07-17 = = = = = [ — #5 2017-07-06 15:00 Device Area 282
2017-07-18 - [jm—]
2017-07-19 - W . ] =R [C—] %
2017-07-20 - M ] ] =] ] #5 2017-07-19 14:.00 Device Area 281
rnns & = = = =
2017-07-25 - M = ] = = #5 2017-07-14  16:00 904B 281
o § = g = —
ggt;.g;-gs - = = = = — #5 2017-07-07  19:.00 904B 280
17-07-31 = —
Mods .8 B #5 2017-07-03  15:.00 Device Area 277
Hour =
506 ] #5 2017-07-18 17:00 Device Area 276
2504 #5 2017-07-14 16:00 Device Area 275
2004 #5 2017-07-03 1200  Device Area 275
il #5 20170714 2000 904B 274
100
0 #5 2017-07-06  18:00 Device Area 274
2.0 : : #5 2017-07-21 16:00 Device Area 274
00:00 05:00 10:00
Showing 1to 25 of 600 entries
Previous El 2 3 4 5 24 Next
Leaflet
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Time & Space complexity analysis

» Time & Space Complexity

Tensor shape Time Complexity Space Complexity
2D (matrix) 0(n?) 0(n?)
3D (cube) 0(n®) 0(n®)
p dimensional tensor 0(nP) 0(nP)

» In practice, the algorithm can return results within reasonable time

Dataset Record # TensorShape Data Point # Time

regional sales > 2 million 24 X34 X 16 ~13,000 <0.1s
customer in-store traffic > 150 million 186 x 24 x 163 ~700,000 <1s
New York taxi trip > 10 million 31x24x67x67 ~3,500,000 < 10s

Liu
85



Comparative analysis

» Experiments (a) on synthetic datasets where we know the best way to partition the data.

O

Synthetic Tensors (100 x 100 x 100)

-

o
o

|
|

rand index

— — —

o
)

o

2 3 4 5

cluster number

—=@==0Urs ==@==haseline

« Adjusted Rand Index (ARI): N is better
« Our algorithm (blue) aligns better with the ground truth

Liu
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Comparative analysis

» Experiments (b) on real-world datasets from the three use cases (e.g., regional sales).

0 Month Product State

2000000 W 2000000 2000000
= 1500000 - - - . 1500000 1500000 R — e U
(7]
O b_i\
U 1000000 1000000 —e 1000000
2 3 —0—40urs —O—Sbaseline 6C|us7ter nsumber 2 3 —O—Zurs —O—Sbaseline 6 7 8 2 3 —0—Zurs —O—Sbaseline 6 7 8
Tensor: 24 monthsx34 productsx16 regions
« Cost function: W is better
« Our algorithm (blue) better optimize the cost function
Liu
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Human-Al teaming for spatio-temporal pattern extraction

Steerable
-t
g H = —
- I I = ég ® 3
DT —l ™ —al el ) €5 o9
Al System rFPEEe L% - Human
(Human-Centered) = o E . 1
T C1< BNt ‘ ?\_\‘ ‘
May not align with | Cannot exhaust every data subsets
users’ analytical needs for meaningful pattern seeking

Liu, et al., TPFlow: Progressive Partition and Multidimensional Pattern Extraction for Large-scale Spatio-temporal Data Analysis, TVCG (VAST’18), Best Paper Award. 38

Dongyu Liu



To enable general solutions to develop Human-Al teaming
systems that are not only accurate and efficient, but also accessible,
understandable, and acceptable to users, in order to enhance data-
driven decision-making in formally intractable real-world problems.

Dongyu Liu



Future directions

= Enhance human-Al teaming experience utilizing more data from and about humans

To enable general solutions to develop Human-Al teaming
systems that are not only accurate and efficient, but also accessible,
understandable, and acceptable to users, in order to enhance data-
driven decision-making in formally intractable real-world problems.

90



Enhance human-Al teaming experience

Al System
(Human-Centered)

Human

Dongyu Liu



Enhance human-Al teaming experience

HAPPY SURPRISED ANGRY

Al System ‘ & -

(Human-Centered)

= Understand human »
intentions/interactions ’ v ‘
and adapt to context CONFUSED  EXCITED SiLLy
changes

emotion data interaction logs

Dongyu Liu



Enhance human-Al teaming experience

Visual
- Interface

Google _ J

W SOLUTION PREVIEW

= [ntelligent visualization
interaction




Dongyu Liu

Enhance human-Al teaming experience

Starts: 16/Nov/2018 12:00:21
Ends: 25/Nov/2018 12:00:21

u User C 5/Sep/2020 17:06:28

TM glitch

£ userc B —

u User C 5/Sep/2020 17:07:26

if you go to 6 min aggregation it is clear that it is data
missina and simply a zero order hold

Showing 3 most recent - to see more details Go to Event Details

Starts: 01/Jul/2017 12:00:21
Ends: 13/Jul/2017 06:00:21

u User A 15/Sep/2020

May be a TM gap, but should look at with 6657, 10490,
and 6732 in mind. If we are still doing mean imputer,
would have expected gap to show up lower. Ideally orion
outputs time ranges with gaps that show up pre-labeled
hear so we don't lose info in TM gaps post-aggregation.

Human

Optimize human
cognitive load
Actionable decisions



Enhance human-Al teaming experience

Screen In
\_ J

4 )

Screen Out Human
\_ _J

= Optimize human
cognitive load

L Confusing J “Wish we knew how we got to do with the score” » Actionable decisions
Target

Dongyu Liu



Future directions

= Enhance human-Al teaming experience with more data from and about humans

= Go beyond “point solutions” using open source as the substrate

To enable general solutions to develop Human-Al teaming systems
that are not only accurate and efficient, but also accessible,
understandable, and acceptable to users, in order to enhance data-
driven decision-making in formally intractable real-world problems.

96



Go beyond “point solutions”

O,
o
..

~o~
o,

g
o

Orion

A human-centered machine learning
library for detecting anomalies in
signals.

¢ Python | pypi 'v0.4.1
downloads 58k | @ launch binder

2

Draco

A machine learning library for time
series classfication.

@ Python W downloads 8k
® launch 'binder

Bs

Cardea

An open source automl library for
using machine learning in healthcare.

¢ Python | pypi 'v0.1.2
downloads 33k | € launch 'binder

©»

Sintel

Sintel (Signal Intelligence) provides
Restful APIs to perform massive signal
data analysis with human-in-the-loop.

& Python ] pypi [v0.1.0.dev0
downloads 2k

N
Pyreal

A Human-Centered ML Explanation
Framework.

¢ Python Wl downloads 8k

R
VBridge

Visualization for Explainable
Healthcare Models

& Python || 1s TypeScript ..1.;—3::‘

°of
Zephyr

AutoML for renewable energy
industries.

machine-learning wind-energy ' automl

& Python [ pypi [v0.0.0
downloads 787

]
MTV

A visual analytics system for detecting,

investigating, and annotating

anomalies in multivariate time series
visualization anomaly-detection

data-analysis




Go beyond “point solutions”
Improve HITL anomaly detection

. = How can | better use
W annotations?
{

Orion

A human-centered machine learning
library for detecting anomalies in
signals.

anomaly-detection deep-learning
machine-learning time-series

¢ Python J pypi [v0.4.1
downloads 58k | € launch binder

https://github.com/sintel-dev/Orion

98
Dongyu Liu


https://github.com/sintel-dev/Orion

Go beyond “point solutions”
Extend human-centered XAl framework

= How can we extend it to support

{%}, time series data?

Pyreal

A Human-Centered ML Explanation
Framework.

machine-learning python xai
explainable-ai

¢ Python J pypi 'v0.3.2 | downloads 8k

https://github.com/sibyl-dev/pyreal
99
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https://github.com/sibyl-dev/pyreal

Future directions

= Enhance human-Al teaming experience with more data from and about humans

= Go beyond “point solutions” using open source as the substrate

= (Catalyze solutions to critical domains by making use of multimodal data

To enable general solutions to develop Human-Al teaming systems
that are not only accurate and efficient, but also accessible,
understandable, and acceptable to users, in order to enhance data-
driven decision-making in formally intractable real-world problems.

100



Catalyze solutions to critical domains

Social Good (healthcare, child welfare) Sustainability
= Fragile families challenges =  Smart curtailment of wind turbines for bird
= Early detection of Cognitive Impairment collision mitigation
(Dementia) = Understand and mitigate climate change

impacts on migratory birds

101

Dongyu Liu



Catalyze solutions to critical domains
Mitigating bird collisions with smart curtailment
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Catalyze solutions to critical domains
Mitigating bird collisions with smart curtailment

Collect data at time t Return solution

Optimize curtailment
strategy
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Catalyze solutions to critical domains
Mitigating climate change impacts on migratory birds

(a) Dataset Origins
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Al should aim to augment humans, not replace humans

Dongyu Liu



