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ChatGPT
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ChatGPT: Optimizing
Language Models
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Causal Inference: A method for identifying the causal relationship between an intervention (such @7 &/

as a treatment or policy change) and its outcome by controlling for confounding variables and
establishing counterfactual scenarios.

11t =Z(Causal Inference):
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The limitations of Correlation-Based Machine Learning are: 09

1. Lack of Causality: Correlation-based Machine Learning only captures associations between
variables, not causality.

2. Confounding Variables: Correlation-based Machine Learning can be biased by the presence
of confounding variables that affect both the predictor and the target.

3. Overfitting: Correlation-based Machine Learning models can easily overfit to the training data,
leading to poor generalization performance on new data.

4. Linearity Assumptions: Correlation-based Machine Learning assumes that the relationship
between the predictor and the target is linear, which may not hold in all cases.

5. No Counterfactuals: Correlation-based Machine Learning does not allow for the estimation of

counterfactuals, making it difficult to estimate treatment effects.
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Causal Al research can contribute to current Al technology in the following ways:

1. Better Decision Making: Causal Al can help Al systems make better decisions by taking into
account causal relationships between variables, rather than just correlations.

2. Improved Interventions: Causal Al can inform the development of effective interventions by
estimating the causal impact of different treatments.

3. More Robust Models: Causal Al can lead to the development of more robust models by
controlling for confounding variables, leading to more accurate predictions.

4. Better Understanding of Complex Systems: Causal Al can provide a deeper understanding of
complex systems by explaining the underlying mechanisms that drive relationships between
variables.

5. Counterfactual Analysis: Causal Al can enable the estimation of counterfactuals, allowing for
the assessment of the impact of an intervention in different scenarios.

6. Fairness: Causal Al can address fairness concerns by controlling for confounding variables
that may affect the results of Al models.

7. Improved Explainability: Causal Al can increase the transparency and explainability of Al
systems by providing an explanation of the relationships between variables that drive their

= L2t 22 B4 22 x| Al 7|0l 7[0fe = /AUSL|C

AP B7: The ok &2 24|71 OF ] B 7k9f 9t 2 A| S 12{5t0{ O L2 S|AL 2

a2 25101

=
> — 14
iy Moo >
H = lorQ

>

\d
o s}
°
1
09
gl
P
L
1o
&
o
2
0

Q
ol
)

QI 7HRI 7H 7ts
T Eot d™e BRE N Tts
|2 HAHLIESE 29. O 22 Ols M

0
0

HI
il
El
L]
e
+>
uu ro
é

!
:

T —lTI—
I [> ot o

m

2

o

oL
AT

i

b M
Ay
0
fo
ol
2 o
[
[ujo

U= ¢)

ba

2 Tl0
i=)
=OII__I

r
I

Z 0

o rx
P
1=
>
I
I
10
e
P
—
184
10
02
09
[ujo
0l
N

1IN

i

mo N

o o
I
09

0% O rE JiI HL

0z 0d > I
moox n>
i » 42
02 =
N
or ‘o
0x
1y
0d <
|0 09 M
L= oo O
L
o
i
4
2 go o v

rr

El

r

rE

4>

i

é

<

ol

)

O

i

0x

el

é

i

=OII__I

X

N

olr



Qlnt =22 2021 =EFHsHY =X
o ZHAO|EE Sl “2 XY 22T 10| R20ISH EOEX| Y=CI"E HTXOE 7Y
o MEUXIS TS| SHE + gli= O[T QABPAS XEY S UATE Sh= YYE AT

)
=
3
12
7
=
m
n
m
3
o
>
7]
o

THE SVERIGES RIKSBANK PRIZE
IN ECONOMIC SCIENCES IN MEMORY
OF ALFRED NOBEL 2021

Guido
W. Imbens

"for their methodological
contributions to the anzlysis
of causal relationships”

David Joshua
Card D. Angrist

“for his empirical
contributions to labour
economics”

THE ROYAL SWEDISH ACADEMY OF SCIENCES
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The effect of increasing
the minimum wage

Card and Krueger used a natural experiment
to study how increasing the minimum wage
affects employment.

The researchers identified a treatment group
(restaurants in New Jersey) and a control group
(restaurants in eastern Pennsylvania) to measure the
effect of increasing the minimum wage.

CONTROL GROUP TREATMENT GROUP

PENNSYLVANIA

Control Group
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— New Jersey
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1 April 1992: The hourly minimum wage in

New Jersey was increased from 4.25 dollars
to 5.05 dollars. Despite this, employment in
New Jersey was not affected.

Treatment Group
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\NEW JERSEY
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Natural Experiment
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Correlation does not imply causation
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F. H. Messerli: Chocolate Consumption, Cognitive Function, and Nobel Laureates, N Engl J Med 2012
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’ WE FOUND THIS CORRELATION
IN THE DATA. EVERYONE
TAKE A RAZOR.
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0= 47| HBS JE X 2F 2 2[=2rZ (Abraham Wald)
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Confounder Collider
Exposure Outcome Exposure Outcome
Distorted association when failing to Distorted association when
control for the confounder controlling for the collider

Criffith, G.J., Morris, T.T., Tudball, M.). et al. Collider bias undermines our understanding of COVID-19 disease risk and severity.
Nat Commun 11, 5749 (2020). https://doi.org/10.1038/s41467-020-19478-2
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- UC Berkeley gender bias
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- Top 3 Statistical Paradoxes in Data Science (Observation bias and sub-group differences generate statistical paradoxes).

admission
rate
https://towardsdatascience.com/top-3-statistical-paradoxes-in-data-science-e2dc37535d99

- P J. BICKEL, E. A. HAMMEL, AND J. W. O’'CONNELL, Sex Bias in Graduate Admissions: Data from Berkeley: Measuring bias is harder than is usually assumed, and
the evidence is sometimes contrary to expectation. Science, Vol. 187 (1975), pp.398-404.
- https://weapedagogy.wordpress.com/2020/01/13/3-simpsons-paradox/
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DALLEO|| S A} O|O|X| X

DALLEO| 2 & O[0|X] 2F
https://www.vox.com/future-perfect/23023538/ai-dalle-2-openai-bias-gpt-3-incentives

- R2|= Alignment A7 E S3ll WL E 7|22 ArE510], GPT-3ELCH ALEAT Q| =& E
Human-in-the-loopSE E3l EH &

2N O A M2 SAH EA

— -

st & Rolfst ¢10] RS =AHIMSLICE
SHE InstructGPT 222 O|X| APIOA 7|2 210 R Z HYZ EILICY. https://openai.com/blog/instruction-following/
s

Rooting Out Anti-Muslim Bias in Popular Language Model GPT-3, 2021. https://hai.stanford.edu/news/rooting-out-anti-muslim-bias-popular-language-model-gpt-3
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2 A/B E[AE, RCT (Randomly Controlled Trials)
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Online Controlled Experiments

m= X E 7|gE2 des 3ol 1A= O[5t UAS
o 2EII0|M= MH|E2E +H2 MES ALY S US

o ME X MH|A WM S fIo] +EH2 HH0| O|FHX[1X JZ. Product Analytics
MSN Home Page Ads 37t

Shopping Shopping

50% g 50%

e,
7|&EHH MZZ2 HH

CHZ= 2 A
12271 5% nZHo|| sl e (REA AKX Ed)
SETEER 0.35% &4, 14 L H|O|X|RE 0.35% L4
Xto] H 0= =7} ClH| 24 2™ 71x|7F 2 => &0 =Ct
£ gol0|y
= Aq . . . . =
=4 Ads with site link experiment (=7 & X Z)
Esurance® Auto Insurance - You Could Save 28% with Esurance.  “%|| Esurance® Auto Insurance - You Could Save 28% with Esurance, A%
www.esurance.com/California www.esurance.com/California
Get Your Free Online Quote Today! Get Your Free Online Quote Today!
Get a Quote - Find Discounts - An Allstate Company - Compare Rates
A B
1ZHo| H 2| 51| WO|X|2 HIZ HZ2 7ts
0 22t =10 29 A[ZF SO{SHX[TE A7E F O~ S| 0| E S J7t AL

Book. Trustworthy Online Controlled Experiments: A Practical Guide to A/B Testing
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o Booking.com_ HLE 25,0007*°| HAEES =W
o AtLH &1l 232} Anyone at the company can test anything—without management’s permission

How Booking.com Experiments with Site Improvements

Every day, employees at the company use A/B tests to try out their ideas for tweaks. Below are two examples.

L scewwon | SCENARIO 2

Hypothesis Hypothesis o
Highlighting a neighborhood's walkability helps users make better Displaying the checkaut date whean HIPPO | E Da ta 7 TAJ
decisions sbout croperty location. users salact the age of childrenin their

party imgroves thoir experionca

The Control The Treatment The Control
Shows the site’s current practice Adds walkability information Shows the site's current practice W h at i S
FRooms Asms Chicrer
e i = HIPPO?
/Ages of children at check-out
av 1w
g Highest
The Treatment pa Id
Adds the chackout date above children's ages Person’s
feces Acns Crucrer Opinion
1 v 2 v 2 v
Children's ages 0n Jul 23, 2016 —
1o vom € 341 .39 4 v L&
First used by Avinash Kaushik in
his book Web Analviics: An Hour
The Result The Result D
Thetreatment had no significant impacton the key metric. The treatmant had 2 sigrificant
The current oractice s kept in place. positive impact on the key metric, and

thechange is implemented.

Why Guess? Just Test

CIXIES7t XIS E = MM, 7[E2 2 &S oFX| §=CHHE 0t S 4 Qltt. R2[= =Mt A2 Z4of thsl SAlof =27He] SA| dHS Tdstn ATt
oj2{gt S Sdoll, 1Zo| RS &lot= X| FH5E LRIL QUL R2|= 20| A= AS &7| flsl At 14 MH[0|S & = A= s=HO| ATt

- Mark Okerstrom, the CEO of Expedia Group

Building a Culture of Experimentation. https://hbr.org/2020/03/building-a-culture-of-experimentation
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Ei=32 FH MdH0| 2EL}? (Confounding Bias)
o =5 X[ 0| X0 0|x|= it 21 27| ?loiA =, H| L =t ZH0f| BiasE S{OHOF &
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ENEM score by Tablet in Class ENEM score by Tuition Cost

o
=3
o

600

erem_score
3
o
enem_score
5
o
o

ENE! X|#
200 200
_— ] ° _Jlk_g - LI%
0 0 . ° . AR = o _?_
False Tiue 200 400 600 800 1000 1200 1400 1600 E7tHM U= EISSE X[
Tablet Tuition
] ) E[Scorey| Tablet = 0] < E[Scorey| Tablet = 1]
EfS3 6{f= g0 Ik 0|H

Treated vs. Untreated 7t 7|CH Z1t X}O|7} Q10{OF
. —0l=E | =1
enem_score Tuition Tablet Ej=ale == x210| ZHaHOF (Bias7} 21010} E[Scorey| Tablet = 0] [Scorey| Tablet = 1]
0 227622953 674.0 False

1  219.079925 1299.0 True E[Yl T=1]- E[Y| T =0]

ElY,|T=11-E[Y,|T=0] (HZII55tZ22)

2 400.889622 1085.0 False
3 122.761509 548.0 False o '— HA
4

315.064276 826.0 False EY,\|T =1]-E[Y)|T =01+ E[Y,|T =1] - E[Yy|T = 1]
ELY, - Y,|T = 1]+ {E[Y,|T = 1] - E[Y,| T = 0]}

ATT BIAS
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Propensity Score

Q= E2 TreatementOf| CHet @ =0t CHEF ZE XIO|E H= A
o Mol CHERY| £5h= A Y= SESH £ME 7HK0F e, H| W a3k 5f{of
o SHZF X MO SESIEE AT CHE O{A O] E[0{OF, Qlaf 235 A& = U2
IS R
o Z0{ Xl ZEHZ X0|| CHSH TreatmentZt o= gtz e) =P(T=1[X=x) X1 T|eX)
o CiAHR X 2t = LA Score 2422 HiAl= ML ALE (e.g. Logistic Regression)
ENEM score by Tuition Cost Jé-)l'?';l: -I‘Jlk—E I:I|jl_'<'>§ I-é-I:-IE EH}—E% DHjch
Tablet ~
goo °* Ffalse .
True .. ‘. & o O . O s @®
i ® o o Papulation ° e
Cem e e [ @o o @ g
£I4oo ¢ s ...”o‘ ° ° B ° . a O
g T A R e o ® o
et Teees Study Group with Matching

0 L ] L ]
200 400 600 800 1000 1200 1400 1600 . . ‘ ‘ ©®00 e
Tuition
@@ cocco ::-: jooo.

A
ﬁ A
® o o . Treatment O Control
. o ® % % vy v © o ©
= ® ¢ Lis 2 o © S EYIT=1
8 o .Og e o (o)} 8 ® (@) 0 = E[Y,|T = 1]
2 2 o .0 30 0 44 e 0.0 o - BIAS
4 Q ® 0 7 ° o
= ® 2 o. e} s o e 0 ~ E[Y,|T =0] _
e o e o EfE3l X9 @
School Tuition School Tuition
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W& 210 20t =4, DiD

O|= XI2H, Difference-in-Difference
o TV Zm|Ql0|Lt | Z 1T ZH2 Macro Intervention?| &HE ™I, H| W CHAS 37| {22
o m[elo|l M= Ao Xt S7HES 15tH, Amel 7[HES &3
o 0f]) Hetd HR0|M S| 2o 0HA|E 21t XM= olg 57t fI¢
- Porto Alegre Al0f| 2108 370E 6& ote S &X|. =712 2 Florianopolis Al2| 0l & Ci|O[E{ = =&

Counterfactual Estimate
k9% Porto Alegre A0 &1 EO| AX|=|X| £RULCHH Of| F22

deposits poa jul O
= =
ZnEto| MX|E|X| &2 Florianopolis2| 0|2 CIO|EE & &

0 42 1 0
) Ll 1 0 1 0
. R 2 52 1 0 A
oo s 3 119 1 0 F1
%, N e a 21 1 0
; | < % :Ei‘él-:
i i Florla ese o0 000 506
NP
S S S, ‘ﬁy 4595 195 0 1
STy
o ee 4596 231 0 1
' 4597 270 0 1 >
4598 343 0 1 June (0) July (1)
4599 325 0 1 o o N
Porto Alegre?| 0|2 #Hat2 11T atE US| 0{2H = (P1 - PO)
4600 rows x 3 columns - Florianopolise| Xt Z7t2 2 UFSE (F1 - FO)

| -

L .
. e=mo
S Y ~~ )

- (P1-PO) - (F1- FO)
- PlOl= XA SB7HE + E 0TS

- Causal Inference for The Brave and True, https://matheusfacure.github.io/python-causality-handbook/landing-page.html
- Book. 159| H2rAN|E Qlnt2tHA|2t 2OIQIT, Joshua D. Angrist, Jorn-Steffen Pischke, Mastering ‘Metrics: the Path from Cause to Effect, 2011
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https://matheusfacure.github.io/python-causality-handbook/landing-page.html

T ZA|Q XtABTHEO| ZTHe 7PE O 2 mah A At

— FL
2001 __ o F1
15p | (= Counterfactua Counterfactual Estimate
1o FO = 4| Q1S SFX| AUACHH XtH B7HE2
140 1 = Florianopolis®| oll2 Z7t&
120 -
0 P1 |9l F 1}
0| == P1-PO)- (F1-FO

'39’,, ——in Y Porto2| Z7t20|A Florianopolis 7122

40

M;y Jul

MH AMAS HOHZREH o5 22 S TrS0 A, 21080 S me| Zuff H|W
o0& 2H2 10 MO HO[H = stgotd, #11 7[7F S2tel A1utE o=
- |12 QM EHO| Cieh 2f e 2 of| 5 22 &8 (Counterfactual Estimate)

o BSTS (Bayesian Structural Time Series) A| A€ 0|Z YHE AL

N
. . ies)QF ZHS A|H|Y BM e e
| Observed Value AR;IM_A, BSTS(Bayes:an S.tructural Tlme_Serles) f : ALY 2 =¥
_ M& 3|2 (Linear Regression), 28 E2| 3|7 (Decision Tree Regression)2t &
Countelfactua/ Estimate 8 7|7:"%—|F$ 7|tﬂ' ?"—l:l'll E%% %g
/// Hal R. Varian, Causal inference in economics and marketing, Proc. of the National
S Academy of Sciences 113(27) :7310-7315, July 2016

June July
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S AE ol

Regression Discontinuity, A2X B= SHC2 AN XS Lis = US [
o RDE ZIQI X|H0f| A g

8 o3 QI 27T} AR

21M| O] &0l 518

0 SF

- O30 A

agecell

o L-O

L OX L
— OOT1T —

Al

= L

£t

—

mva

o HERS LT MK
0] &

, RD

| Xl

suicide
105

19.068493
19.150684
19.232876
19.315070
19.397260

92.825400
95.100740
92144295
88.427760
88.704940

35.829327
35.639256
34.205650
32.278957
32.650967

11.203714 100

all

12.193368 »
11.715812
11.275010 35

mva

10.984314
30

14

suicide

28

Death Cause by Age (Centered at 0)
i.°

.

-0.5 00 0.5 1.0 15
agecell

21N

=l =10

2.0
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rdd_df = drinking.assign(threshold=(drinking["agecell"] > @).astype(int))

model = smf.wls("allvagecellxthreshold",

model.summary().tables[1]

Intercept
agecell
threshold

agecell:threshold

all =93.62 + 0.8270 X agecell + 7.6627 X threshold + (—3.60) X agecell X threshold

RDDO|| A A Z/C R+ HRIE
omHln &

|:|T'|E L'-I‘EII‘ E|:|7-” jél

coef
93.6184
0.8270
7.6627
-3.6034

std err
0.932
0.819
1.319
1168

2 21Ml E2 7.6627 ZRIET} Bt (B8F
- MAE2 8% STt (7.6627+93.6184)/93.6184

t
100.399
1.010
5.811
-3.111

rdd_df).fit()

P>|t]
0.000
0.318
0.000
0.003

[0.025
91.739
-0.823

5.005
-5.937

7Hs9=, Threshold =1)

tofl w2t 27t HebE

OI
T A

0.975]
95.498
2.477
10.320
-1.269

(=3
=

Impact of Alcohol on Death: 8.19%

« === predictions
100
E ——
% .r
-1.5 -10 -0.5 0.0 0.5 1.0 1.5
agecell
Impact of Alcohol on Death: 15.15%

’ . == predictions

-15 -10 -05 0.0 0.5 1.0 15
agecell
Impact of Alcohol on Death: 15.39%
0 14 == predictions ’ :
3 —
K"
2 12
15 -10 -05 00 0.5 1.0 15
agecell
Regression Discontinuity (Local Regression)
105.0 g we= predictions
102.5
100.0
= 975
©
95.0
92.5 e
90.0
=2 =1 0 1 2
agecell



OO A |.OI:L | "‘hoil%
W=7 Z0 O|X|= oo|:,
ws He7r Az S 0[X|=717
o JHQl A2 O|X| S LYot IE HIL US = US
o O[2{Tt 2|7 Wk QIXIZE AlHSIAHLE ZE5t7| 0{FELCHH?
R HEE ZE (Instrumental Variables)
o W QIX{OL PEIBLT, WKOT BAH T} QU WAS &S,
ot kE Stk gt weEEE
Y= ot T+ B Wit
Yi=Pp+k-T;+v; vi=p-W+uy
EAHE 72 (W SEI0|1, TE SsHA T Yo Bk &)
Cov(Z,v) =0 wetsg
Z-YAMEEHNE 7 - X MEEAZR ES Its

Cov(Z,Y)=Cov(Z,fy+x-T,+v,)
=«x-Cov(Z,T)+ Cov(Z,v)
=k-Cov(Z,T)

Cov(Y,,Z)IV(Z) Reduced Form
K = =
Cov(T;, 2,)/V(Z)

Ist Stage

30

data = pd.read_csv("./asciiqob.csv")
data.head()

log_wage vyears_of_schooling year_of_birth quarter_of_birth state_of_birth

5.790019 12 30 1 45

5.952494 " 30 45

5.315949 12 45

5.5695926 12 30 45

A W N o ©

1
30 1
.
1

6.068915 12 30 37

" Ability

| )
LY ’
- ’
~ -
S -=-=g
. -
. .
. .
* .

b4 T . Y
»

Quarter of Years of
Birth Schooling

X

Oobzen



13.0

12.8

Years of Schooling

12.4

30

5.915

5.910

w w w
@ o o
© =] =]
@ =] vl

5.890

Log Weekly Earnings

5.885

5.880

{

.

Quarter of
Birth

T)

=N 1= | oA Al ||.OI22"‘O

o SHUET|t WA, 7 AU A I JAS = =2l (2 -> ”
= =N ke = =2 -d = oo o9 HIS
- 4527 ST AR OHE 27| SMXAECN EHECE 0.19 o B2 'S B3
Years of Education by Quarter of Birth (first stage) first_stage = smf.ols("years_of schooling -~ C(year of birth) + C(state_of birth) + g4", data=factor_data).fit()
_ﬂ,nﬂ_ 1/] print("g4 parameter estimate:, ", first stage.params["q4"])
/J’(H{ print("qg4 p-value:, ", first stage.pvalues["q4"])
A W ,
1/\/ A g4 parameter estimate:, 0.10085809272785462
g4 p-value:, 5.464829416657941e-15
o ;fxlﬂ’\:(
N/
A z
Quarter of Years of
2 34 o » 38 40 Birth Schooling
Year of Birth

XA H | |-O|:|- AR} O | |-O|22"‘O

o Z 27\t g 7 AT US S =l (2 ->Y)
H L = =) o|l1 Lo
- 42710 RO AR S 2 BHEHOZ 250/ 0.8% O =3
Average Weekly Wage by Quarter of Birth (reduced form) reduced form = smf.ols("log wage ~ C(year of birth) + C(state of birth) + g4", data=factor_ data).fit()

g4 parameter estimate:, 0.008603484258925376
q4 p-value:, 0.0014949127203772554

3} print("q4 parameter estimate:, ", reduced form.params["g4"])
\L/ A /\< ﬂ R / h 4 print("g4 p-value:, ", reduced form.pvalues|["qg4"])
[ Vg

V V. 5B z Y
Quarter of Years of
Birth Schooling

o AL —1 = =
© JT'—-"='I-E_I_9' (I):! (] 7LI- (I)_IJ_‘I'l- -Q-J_‘l'l-E $§ ) Reduced Form
reduced form.params["qg4"] / first stage.params['"q4"] ATEIV —
- 130 20| 8% QA= O 2 Of &F Ist Stage

0.08530286490881953
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HIEF2

0S40 IHE HX| 222 F™ot= MLEE S o= (S, T, X Learners)

;

ThY Al 'd 2ES o5 (S-Learner)

X T Y Training Predicting
X X
A/ S8/l
OlH. T= =1
X y, \ . auEn
- MxT) ) X
J |) Mx.T)
<A 42, 1, vAs ' :
’ y Oy y =9 41 ‘ | : = : ’
B : *|T=0 *1T=1
< B) 22, O:|’ ’ O’ Y()> : L J — L Y
CATE
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CHAb /CHZR 20| CHaH 242t OjAlE Y RS &H (T-Learner)

Training @ Predicting

X | —  MOX) :
v

T=0 N
MO(X) M1(X)

A4 . .
y*|T=1

T . Ty 1 . N
M1(X)
y*|T=0

A

CATE

=
T

O1Zl xoi sl & 222 x}0|Z 2l 23F= A&t M1(X) - MO(X)

O S-Leaner2| 25t T QIXt 2X| sHZE
ol —

o
H2ER/ES F

o>

| k=2 | Y=
STl
2 5

=}
0| CHZ==20i| 53K Cl|O|E{ 7t

=
A

H1

1=
Spe

220 ot

ol

|

XQF Conterfactual2te| x}0| (£2})E et&535

34

N

T-Learner2| &= /CHZ= = H|O|H

CHH|Of| A T-Learner A5}

=EE L
5342 ALBI0] 3HS BRO| StAE,

Second Stage

First Stage
X v
Train /M;()
T=0 (
YO0
Prediction '\4‘,-" CATE
/\: Final
X Train \'\;
- > M1(X) li
T=1 - \
Y1 §\R|
AN
l/PS(X) )
: N 4

Counterfactual 2 A2,
7ts s e

STHAO| M 3HE MO(X), M1(X)E AFE5104, C
b,

=0d =HEHZ

MM

o cl A
SRR

Oobzen



Olnf== 1

D OW hy e DoWhy library
o https://microsoft.github.io/dowhy/ P

o QIIpEZ0| LR MU 7|5 S K ZsH= mo| M 2to| ez o e ———

CQIMAE S8 TR M| A (BRI Qlutat Al Bt xd =™K HEy) 00 7 =

o {EH B E i

°© https://github.com/microsoft/EconML
o ML 7|t9| O| & MX| 24} =F 7|5= M3 St= TjOo| W mh7|X],
- Q= |2 EAEE A FAE W7 X EconML: A Python Package for ML-Based
. =™ 9 (Double Machine Learning, Causal Forests, Meta- ¥ 9§ Heterogeneous Treatment Effects Estimation
Learner, DML with Instrumental Variables, and etc.)

causal-learn
o https://github.com/py-why/causal-learn

o Ol} EfM Ot 12| ZS TSt IYF|X
- Constraint-based, Score-based causal discovery methods,
Granger causality, ...

35 (QOobzen


https://microsoft.github.io/dowhy/
https://github.com/py-why/causal-learn

o Oi|oF /4 Al, DZ40| OfFSHE! AT [ S HES To| HEFS X
o A$IS 5 OfE7l? HEHBIA| O OFYUT Wt CHE B2 BHRAS ) 02 3128 22I7H
 G|O|E

SZEZIo| Alx| SEIoIM 7IL £ A| SE gl

b | 2| = E SEIO|| CHSt oo X &
- Of|oF &I}, =B

— I

O
, =81 7|2t 4¢el, oEl0| Sl/EE= Ot7| ==, AL 7tset FXAt 5

B Treatment
@ Outcome

Unobserved
Confounders

Booking
Changes

: I Previous

Cancellations

Hotel booking demand datasets, https://www.sciencedirect.com/science/article/pii/S2352340918315191
36
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https://www.sciencedirect.com/science/article/pii/S2352340918315191

el R M, Modeling
o df HAL} o 2f A S SHM Qluf L2 E D (H[O|EH2FE QI EfMigt £« =2 E0H[Ql X[AC 2R E)
- Market Segment -> Lead Time: TA agent 2L} TO operator?} 2L} &M|eh X[ &, 0f| 2~ =2 A|ZH i E)
» Country ->{Lead Time, meal }: 2712 H2| Y M AAL QA CHE
- Difference Room Assigned -> Booking Cancelled: & HZA2 of|2f F|A2| 0| R 7t & = JUS

Unobserved Confounders @
(o> G

Different Room Assigned

import pygraphviz

causal_graph = """digraph {

different_room_assigned|[label="Different Room Assigned"];
is_canceled[label="Booking Cancelled"];
booking_changes[label="Booking Changes"];
previous_bookings_not_canceled[label="Previous Booking Retentions"];

model= dowhy.CausalModel(
data = dataset,
graph=causal_graph.replace("\n", " "), A
treatment="different_room_assigned", {;,_
outcome='is_canceled') ‘
model.view_model()
from IPython.display import Image, display
display(Image(filename="causal_model.png"))
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° =2 Ay
o 12 EOiI rrraromr st o] et AT Al
. gf HAHI} Of| 2FF A 2] Common Cases AlEH (CHE Ho b2 AHEl H 0] 2|35l Blocked)
hotel days_in_waiting_list, is_repeated_guest, booking_changes

#ldentify the causal effect
identified_estimand = model.identify_effect(proceed_when_unidentifiable=True)

print(identified_estimand) — —

(:__.\l.ukcl \ynuixl(;/\- -—(fuul‘.l[\ A _
- — < —I— ~——

:I\XI 4

/‘m

':- Different Room Assigned :

Estimand type: nonparametric-ate

### Estimand : 1 T \\\ —
Estimand name: backdoor o _Booking Cane “*’:"— o
Estimand expression: -

d

(Expectation(is_canceled|hotel,days_in_waiting_list,
d[different room assigned]

is_repeated_guest,booking_changes))

Estimand assumption 1, Unconfoundedness: If U—{different room assigned} and U—is canceled then P(is_canceled)|

different room assigned,hotel,days in waiting list,is repeated guest,booking changes,U) = P(is_canceled|
different_room assigned,hotel,days in waiting list,is repeated guest,booking changes)

38

-\: B soking Changes . ( is repeated guest )
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— T O
o QI L= MX| e HFC=Z Qlot A4t HEH I J[E A& (FH2 A EHA
o B HHAO| Y™ FA=H=F0| SHOHE (26%)
FH™ K| 43S (Refutation)
o 29| ZE 2ol
. IdentificationQ 2 ZE2I0I0| AlHE[Qlon 2 [}E HAE HE=Cn siA 2/ K| 7 HHY K| &S
o SEfA|

&
L K| HSZ DR\ 2 STISIH, 2Tt 00| E A

estimate = model.estimate_effect(identified_estimand,
method_name="“backdoor.propensity_score_weighting",
target_units="ate")

print(estimate)

k Xk Kk

*** Causal Estimate

## Realized estimand

b: is_canceled~different room assigned+hotel+days in waiting list+
is_repeated guest+booking changes

Target units: ate

##t Estimate
Mean value: -0.26205752379462516

39

refutel_results=model.refute_estimate(identified_estimand,
estimate, method_name="random_common_cause")
print(refutel_results)

Refute: Add a random common cause
Estimated effect:-0.26205752379462516
New effect:-0.26205752379462505

p value:2.0

Refute: Use a Placebo Treatment
Estimated effect:-0.26205752379462516
New effect:0.05594788858884926

p value:0.0
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X\ X Y X ) g
S (2] ]
A B C
X Y X Y X 4
I P
D E F
A: Ground Truth E:A-B-C=E AZAE M #2300 A,

B7t A, Co| 2R =71/ 40| 205t 2ZQULCHH,
A ->B<-C & A% (Collider, v-struture)

= X->7<-W
X5ty 7H =21 840] 7t= 27t 2R S7IM0)| Zo1gHCHH
A= e o T —d A ’
y X->Z->Y X<-Z<-Y X<-Z->YQ 4% E AU

= B0} K|S JHEl C AR A 1 B| C 7} ElS X| M3 F: LIOIX], A->B-Co| 8%, B->C2
YLW|ZXLW|Z B7t 22 SEE0| 20} Z, B->C
Y->Z->W

Glymour, Clark, Kun Zhang and Peter L. Spirtes. “Review of Causal Discovery Methods Based on Graphical Models.” Frontiers in Genetics 10 (2019)
40 Ogobzen



FCI(Fast Causal Inference)

o UHX[X| G2 WEHHLZ 51 ESH

o WZIAIL = R0 BZHOE =H|

2=

I_
=7
—

A
.I

O LIER

A: Ground Truth.
UE LNXX| 42, 2

o

o

- 43H0| AlE|X| o

=]
=]

ZEX| F2 S8

Lo

S JpjZZ E3

L—

5 02 EAl ST E AR o
W9|'E EEI)-
Confounder UO]| 2|5H| A2+t

Y, Z7 +01It

o (Y7t R

=210|X|2t Y7} Collider

[
e
ol
At
O
el
.I.
_I_
OII
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A, Cross-sell OFAH|E!

Uber Atg|: WX} IO 21 2 A (Cross—sell OHA[ &)

o UberO|A 2H ALE DZHH|AH| SH O|XE
o 17 O|O|E 2 7t&te| AmelS M, =21t

o RHL RHO|X SA| AFEXAS EZI OF2 HS HEZCZE £, 0= KIO| S Al L

T Au|elS 5h= A0| 20N

AEXHO)|AH @B 0|= 0|8 &7

H
HS 7”22, 77| ¥ &7 |2ts BEH O|O|X|7HEZ = U

rLIItI -IO

EconML/CausalML KDD 2021 Tutorial
Causal Inference and Machine Learning in Practice with EconML and CausalML: Industrial Use Cases at Microsoft, TripAdvisor, Uber

https://causal-machine-learning.github.io/kdd2021-tutorial/

43
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https://causal-machine-learning.github.io/kdd2021-tutorial/
https://causal-machine-learning.github.io/kdd2021-tutorial/

SLHe H O|X SA| AFEXIS] ™+ 0= 2 2t7f 28 O|AF 22 =0l
o Riders-to-Eaters Zim|Q1 2 &t+5 OjE0| ZIISIE 2, WA T T2 M S Xl
o EESE A X Lift7F U S(SAl| AFE XS] SH OlE =3). Eats A2 == Rides X2 SO 7|CH

Uber, Uber Eats 20| At25t= n2nt P L PHO|= SA| A
Uber Bt AtE5H= 04 7 S OIE2 H|W CiFst wEtHa~2 112y A48 /o

171 Ol Co|H=ZRE 174 23 (Uber)

O—0——0-0-O> tuu /
o i

O————O—>tz212

NI} 2 7|7t QO stoxag O 24 A8 T=0
0

Consistent Results across Meta Learners

S Learner (LR) S Learner (XGB) T Learner (LR) T Learner (XGB) X Learner (LR) X Learner (XGB) R Learner (LR) R Learner (XGB)

ATE 0.4473 0.3964 0.4479 0.4405 0.4479 0.4437 0.4458 0.4450
Lower 0.3923 0.3478 0.3928 0.3933 0.3928 0.3975 0.4451 0.4444
Upper 0.5024 0.4450 0.5030 0.4876 0.5030 0.4899 0.4465 0.4457

Baseline 0.2896 0.3405 0.2891 0.2964 0.2891 0.2932 0.2911 0.2919

Lift 1.5446 1.1641 1.5495 1.4859 1.5495 1.5131 1.5313 1.5246
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Supply-side Demand-side

—

» *“"_ It's time

= S tofallin
B love

'S N

Uber Bidding Platform
" again

{ = Ad

Exchange
AdX, McPub,
Rukicon
AppLovin etc.

Dynamic Bidding

Strategies

Machine Learning
Models

Uoer
Fats

Publishers
NYT, WSJ, ESPN
Weather.com etc.

Advertiser

Incrementality

Measurement
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506.34
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HZ 4H(ATE] 3406
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3.F3
4. INCOME_DESC
5.FA
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Treatment Effect
CATE ATE
19-24 46 (0.0574) 30.80
25-3¢  142(01773) 40.00
35-44 194 (0.2422) 33.20
45-54 288 (0.35%96) 3080
55-64 59 (0.0737) 38.00
65+ 72(0.0899) 3670

CATE (Conditional ATE): &% AR 2S00 CEt 249 QI A

8 Cifa 4 (618)
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FYHL DA+ 0 2 Azt cha e 2 %* (=2 ]
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Configurable Systems

A|Ao| A|AHS HEHE £ W MES Soff HLE, AETao|X IT AJAH,

o

o OFO|ZZA{H|A OFZ|EIN, MH|A 0|+, Serverless, Z1E[0|L] & FHUY|E[A
o 22}RLE MH|A QIARA EHEA| £l Ax ZASH X AHYISTH X

o E'%I:-én__l' ?:-nl il = = = (| = ‘O HA
o 2t AIXHE = Cjrot B ™IS 7HX|H, S0 w2t 2|8 ™ g 80| 2R
(o) o

o

M

Highly Configurable SystemOf|A|, d& /71 M g}

== ArE0ol¢ #el 24 Sl off & WE = MAlot= d+

UN1coRN: Reasoning about Configurable System

CADET: Debugging and Fixing Misconfigurations
using Counterfactual Reasoning Performance through the Lens of Causality
Md Shahriar Igbal’ Rahul Krishna’ Mohammad Ali Javidian Md Shahriar Igbal Rahul Krishna Mohammad Ali Javidian
University of South Carolina Columbia University Purdue University University of South Carolina IBM Research Purdue University
migbal@email.sc.edu rahul krishna@columbia.edu mjavidia@purdue.edu migbal@email.sc.edu rkrsn@ibm.com mjavidia@purdue.edu
Baishakhi Ray Pooyan Jamshidi Baishakhi Ray Pooyan Jamshidi
Columbia University University of South Carolina Columbia University University of South Carolina
rayb@cs.columbia.edu pjamshid@cse.sc.edu raybg@cs.columbia.edu pjamshid@cse.sc.edu
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NVIDIA DeepStream
o MA|ZHX|SE HIC|Q AEZI BEM 28 714 SD
o GPU 7|HIQ| H|C|Q, QC|Q, MIA AlS AEZ

o HOoN WE WAtE, FAH HZ S AT, MEAME 2ZLEHE S

)

cj2ld 28

o| 4 mo|Zefelof| Mo 2 A

Parking Management

Traffic Engineering

B ,J lq Y .?;_".:

Retail Analytics Securing Critical Infrastructure In-Vehicle Analytics Law Enforcement

# Configuration Options

@ 44 14 86 55 86
..’

o - Stream Primary Object __"Secondary
? 4»‘! Muxer Detector Tracker Classifier

Alerts

Analytics

1F TensorFlow

53

€ ONNX =B

TensorFIow Lite
! > b ¢ ¢ &

Visualization

. 4

WATEYN S

K. https://developer.nvidia.com/deepstream-sdk
X 2| 5! Object Tracking &2

2279 &M - Swappiness, Scheduler Policy, ...

SIESI0]

&M - CPU Freq., CPU Cores, ...

M - Decoder: 6, Stream Muxer:

7, ...

Decoder®| ATEQ| SM

CRF 13,18, 24, 30

Bitrate 1000, 2000, 2800, 5000

Buffer Size 6000, 8000, 20000

Presets ultrafast, veryfast, faster medium,
slower

Maximum Rate | 600k, 1000k

Refresh OFF, ON

obzen



Misconfiguration

2 t7|AZE ALK 28] S

A >99.99%

10| s #
S 2 L
3 SR e
> ~—y -
< 5| 4 o3 2| M50 72 AlAR) A
12 g B (%)
g .hg 2
K. S Mygtel 3zto| 3,
............................................................. v ~
= L $  MEYMSEFHI0| S
. O
50 Varies by 5x N

5 10 15 2 25
Latency (Seconds)

HI7|SH &8s o[

- -

NVIDIA.DEVELOPER

CUDA performance issue on tx2

Home > Autonon Machi > Jetson & Embedded Syste Jetson TX2

- CUDA AA FEE TX10|M TX22 O|AlE i, A|AHIO| Ol”or71| SERICt
- RE2|=TX2GPUZ} TXTELE = Hie| AFE SH2 71X Q= WS L}

7| 20|, TX27} MO = TXTELC}30% - 40% T Wit Zd0|2t 1 A ZHHCt

. ofX|2t FE CHREF0| TXTELE F Hi2| A[ZHS ERZ Lt &, TX2E TX1
ol 172 X2 MYt RE|= TX22| CUDA API7 2 A20| A0 A
TXT1ECHEW S2|A| AJMEICH D M2isict,

ds =Hl ol

high latency, low throughput, high energy consumption.
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Options Options
Bitrate | Enable [...] Cache | ... Through * *
(bits/s) |Padding Misses put (fps)
C 1k 1 .| 42m | ... 7 Throughput ={5.1 X Bitrate +|2.5 xBatchSin
—
C2 2k 1 .| 32m | ... | 22 + [12.3 X Bitrate X BatchSize
Cn 5k 0 | 12m | ... 25 1
Interactions
Observational Data Black-box models Regression Equation
- Nsusny
EEE > M=
- o o
MEY LS

inferring the correlations between configuration
options and performance objectives
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Throughput (FPS)

[+
o

[
o

o

100k 200k

Cache Misses

Al 0| AT} S2|@
x{2|240] SofLtch

Options Options

= =R v
s — TR
cn | 5k 0 |[..[ 12m |.. T |

L O AL o
A|_I E| O |- 7 | O-I EI':I E T (A)AI O Observational Data Black-box models Regression Equation
O = [=) ¥o)
|H AM2|ZFo| BOrEIC? 2™ =fot 4
A o A SO 711 o S
HEr AT wEtiHs 22 SR & (Confounder)
= o
CHE A|AEIG| O|HE| 7] 01242 (Not Transferable)
L] o . e A
HE2 Xavierd| AFEE[7| 0122 (Xavier H|O[H = R ShE)
a\ LRU
& DeepStream (Environment: TX2) Each term in the regression equations is
—_ considered a predictor
4; - Throughput = 2 X Bitrate + 1.9 X BatchSize + 1.8 X BufferSize + 0.5 X EnablePadding + 5.9 X Bitrate X BufferSize
..% +6.2 X Bitrate X EnablePadding + 4.1 X Bitrate X BufferSize X EnablePadding
%0 10
o
E DeepStream (Environment: Xavier)
= p— — Throughput = 5.1 X Bitrate + 2.5 X BatchSize |+ 12.3 X Bitrate X BatchSize
Cache Misses
X xH S E Ho|gieo = = =| = =
A S0l SHet HIOIRIS = o= M5 Y8 BE2 M2 HZ0M T Hatsiol FEt =} Hof

Zt 22 LR FHA| O|A Q| 77t X e|=t

k=2 A o
LAZ 0[RS L =AU
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[N
=]

-
=]

Throughput (FPS)

=]

0
ic]

0%
olr

H1
I

Clut Jeffmmoff 7|dret Qlat 22 Sdll, 450 B2
o ol1t T2 (Graphical Causal Model, GCM), &, H=
o Qlut EIMZ F5l Mo

2t HI| = Qi A E2Z MAIEE = U=
o tHa Zh oIt X = A HEE[X]| %=

) Cache Policy affects
X o O roug put via ache ISSEeS.
& Throughput via Cache Mi
= 20
=
2,
x <
%010 LRU
o - FIFO
= S T loLro
=, i MRU
Cache Misses Cache Misses
ol JLX ErM
. e b Al SSRQl
Azt 7t
ol X
. olntE iyt F£H
AP H > s
Modeling, Identification, Estimation
57

TX22} XavierQ| Q1ot LR = 72| FAL

A partial causal performance

model in Jetson TX2
Enable
Padding

Branch
Misses

A partial causal performance
model in Jetson Xavier

Buffer Batch
Size Size

Cache
Misses

\
S

Enable
Padding

Cycles
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Unicorn

Unicorn =72 Ql1}

d5 22 448 B

o Performance Query) ds 2H|0f| CHot 2 F

o Causal Performance Model) H|O|E| 2 2 E
o |terative Sampling) QlatJz{T =2 HE Z2

o Update Causal Performance Model) &
o Estimate Causal Queries)

/P:ré}:e Tasks
* What is the root-cause of fault?
* How do | fix misconfiguration?

* How do | optimize perf.?

* How do | understand perf.?
System Stack

Software: DeepStream
Middleware: TF, TensorRT

Hardware: Nvidia Xavier
Configuration: Default

Performance Fault/lssue
Th > 40/s

kObserved :Th < 30/s £5/s

QoS :

= O HA =

Estimate probability of satisfvina QoS if BufferSize is set to 6k?

{’(Th > 40/s | do(Buffersize = 6k))

Ol M AlZf-70% Hs 7Mool 2e
E£H #Ha 2k ola A E == (FCI)

O M BHA

OO T

MAHIIS2 II—IE'SHO [[HO| Jk-l'— 7|-|)k-|

1- Speéify l
Performance Query \/
——L——} Causal
Inference
e Engine

'Y
5- Estimate
Causal Queries

l l- o
Y Decoder Muxer

" Buﬂer Batch Enable
@ @

Branch
Misses

Cache
Mnsses

@

of 0l=2= 74§0ﬂ CHol it 2
M™ZFO 2 AlSsH

215 LA 2

7S XX
A= T O

~— Uses
~—3p Stage

3- Determine
Next Configuration

e OO [ S—

oy
4- Update Causal l I
Performance Model

Initial
Perf. Data

No of
Cycies

/

[ S ——

2- Learn Causal

w Performance Model

y Causal Performance Model

21t 2 ut et (ACE)
If T2 Iof
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Stages

o Performance Query) ds =A|0f| Cigt 2 Z0i| A A%
o Causal Performance Model) C|O|E{ 2 E =X H4 7 Qlut 2HA| £ == (FCI)
Performance Queries
Query: What are the root causes of my performance
fault and how can | improve performance by 70%?
292 HAZL UM HAE

Bitrate | Enable |...| Cache | ... |Through

(bits/s) [Padding Misses put (fps)
¢ | 1k 1 42m 1- Recovering the
& | 2k | 1 32m 22 Skeleton
Cn 5k 0 12m 25 fully connected graph

given constraints (e.g.,
no connections btw
configuration options)

Batch
Size

RI2HEZ 7|4k Qlmt

v-Structure

Bitrate

Directions
{:

tests

3- Refining Causal

Bitrate

2- Pruning
Causal Model
»

Branch

Misses Misses Cycles

@

statistical
independence

orientation rules &
measures +
constraints (colliders
v-structures)

3- Orienting

M Causal Relations
=

Latent search

Acyclic Directed
and entropy

Mixed Graph (ADMG)

@
Cycles
LA

Energy

FPS

Partial Ancestral
Graph (PAG)

HHo|= 7[gt olut 2yek M7 (Conditional Entropy)
H(X|Y)7t H(X)E2CE =CHH, y71 xof| CHSH M2 E MlSst QUCH Azt

59
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o lterative Sampling) 2l 12{ X2 2E At d5 HE-0| 0| 2= F=0] Ll B 11 21 718 (ACE)

Bitrate | Enable [...| Cache | ... Through
(bits/s) |Padding Misses put (fps) Bitrate
C4 1k 1 .| 42m | ... 7
cy 2k 1 .| 32m | ... 22
. .. . Y . . .. Branch
Cn 5k 0 .| 12m | ... 25 Misses
[ ]
st /)
cC o /
° £ 1
o
C ]
() 5 !
c 9
o 3
"E I
£> |
b

OO o

Individual Causal Effect (ICE)
Estimation

Recommended
Configuration

ACE, Average Causal Effect

SiLte| A= ofof = 4 A0f| CH3HA ACE AL

, Branch \__,

Bitrate Bi5}0]| (L2 BranchMisses2| H15}2F| I

1
ACE(BranchMisses, Bitrate) = ﬁ Z E(BranchMisses | do(Bitrate = b)) — E(BranchMisses | do(Bitrate = a))

]
\l

FPsz2| oI

0

120]| CHaH, ACE 7 |1= Top K AR

Select Top K Paths

- — _ using Average Causal

=~ Effect (ACE)

Bitrate

Branch
Misses

FPS

Selected Subsection of
Causal Performance Model

PACE, Path ACE

PACE B4+=E A29| M2 E ZH

Py oi(Z,Y) = %(ACE(Z, X) + ACEX,Y))

Oobzen



Bitrate | Enable [ ...| Cache | ... [Through Select Top K Paths
(bits/s) |Padding Misses put (fps) Bitrate - using Average Causal
C 1k 1 42m | ... 7 T~o - Effect (ACE)
cy 2k 1 32m | ... 22
.. e “es e e Branch Cache
Ch 5k 0 12m | ... 25 Misses Misses
\Y
- ,’ Bitrate
© C
3 < m I
Intervention = e ,'
- c 9
A8 23 ! Causal Performance Model Branch
@ 8 ! Misses
= I
£s
b
QOO0 o ~
Individual Causal Effect (ICE) Selected Subsection of
Recommended Estimation Causal Performance Model
Configuration MEHE| ZA 20|l CH5H What I_f’é' =1
$1xl Bitrate?} 60000| 11 X 2|2k M 50| KLt BitrateS 1000022 S7HA|7|H ME|ZF US SHE2?
Top K paths
Set every configuration
_.--= option in the path to all
’ permitted values
Bitrate
, Measure
. Performance
Enumerate all Change with
Br‘anch ICE (change) _ S:t)i:‘feizi? * Proceed to next stage
Misses possible changes ' the largest ICE
‘ Yes ‘
v !
Inferred from n
FPS *~-.. observational data. This is
very cheap

* Terminate
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Enable
Padding/ 1- Evaluate Candidate
Interventions

—tp Intervention A} HIA
Interventions on Hardware,
Workload, and Kernel optior

Misses

2- Determine & Perform

beliel & KL; Causal * 1 b o4 porf. Measurement

Expected change in l
effects on objectives

4- Replace Causal
Performance Model

Option/Event/Obj | Values

Performance "' —— Bitrate 1k
Bitrate stfz':’ @ Data Buffer Size 20k
, Batch Size 10
Model averaging _

. Enable Padding 1
Branch 4 Branch Misses 24m
Visses 3- Update Causal Cache Misses 42m
Performance Model No of Cycles 73b
FPS 31/s
Energy 42J

QI azj=of M22 Y2 S S

Estimate the probability of satisfying QoS given BufferSize=20000
P(Throughput > 40/s | do(BufferSize = 20000))

62
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outout (K}

== s

Il =
I—

.\|\|H

DeepSpeech

Image Recognition
(50,000 test images)

Voice Recognition
(5 sec. audio clip)

BERT

)

BERT

[walle ] [ ](emlle] - [&]
M EEE

I
Sentence 1

Sentiment Analysis
(10000 IMDb reviews)

Sentence 2

X264

Video Encoder
(11 Mb, 1080p video)

=M el 1A Fet YU E: ZHEHESE

Accuracy Precision Recall Gain Time'

% - 5 9| ® s 9| % -
=) & o =) & o ) = e, ) & o 5] »
; S %S¢ S 5| S 5 2 S 5% 2
Z = QA Z @ Q Z = A Z @ Q Zz =
5 O a & RA|5 © a & &|5 0 a & &|5 O a & 8|5 &
DeepSTREAM | 87 | 61 62 65 81 [ 83 66 59 60 71|80 61 65 60 70 [ 8 66 67 68 79| 08 4
> | XCEPTION 86 |53 42 62 65 | 8 67 61 63 67 | 83 64 68 69 62 | 82 48 42 57 59 | 0.6 4
¥ % BERT 81 |56 59 60 57 |76 57 55 61 73 |71 74 68 67 65|74 54 59 62 58 |04 4
E‘ E DEEPSPEECH 81 |61 59 60 72 |76 58 69 61 71 (81 73 61 63 69 |76 59 53 55 66 | 0.7 4
X264 83 |59 63 62 62 | 82 69 58 65 66 | 78 64 67 63 72 |8 69 72 68 71| 14 4
DEepSTREAM | 91 | 81 79 77 87 | 81 61 62 64 73 |85 63 61 62 75 | 8 68 62 61 78 | 07 4
w | . | XCEPTION 84 J 66 63 63 81 | 78 56 58 66 65|80 69 55 63 68 |8 59 50 51 62| 04 4
E %’3 BERT 66 59 53 63 72 |70 62 64 64 65 (79 61 54 63 66 | 62 49 36 49 53 | 0.5 4
;é 5 DEEPSPEECH 73 | 68 63 72 71 | 75 55 59 54 68 |78 53 52 59 71|78 64 48 65 63 | 1.2 4
X264 77 71 70 74 74 | 83 63 53 61 66 |78 67 53 54 72 (87 73 71 76 76 |03 4

CBI - Statistical debugging for real-world performance problems, 2014
DD - Iterative delta debugging, 2011
ENCORE - Encore: Exploiting system environment and correlation information for misconfiguration detection, 2014
BUGDOC - Bugdoc: A system for debugging computational pipelines, 2020
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el =E 7Y

Causalens
o 7|H& Causal Al Z3HE 72 (AAIE AutoML + Causal Discovery 7|s)
o = 4 (Innovate UK) H'd 2020, Z2L+19%f 22 #|7| EHA| 2Hot= 4H|X (FEX], OrA3 S)
9| QA QOIS THHSI D ME MM HA D 22 A2 Holof Coll RRZSH R 22|, S+ 214 &K
Causal Al models
outperform by 42% _
[ Sionas resTva | [ success | .
™ siccess w» OB
Model score . it o
i
® Models including spurious correlations
® Models built with Causal Al e? /@
- ~ . _ e ©
« X ML 7|=2 2t MIAI0f| OverfitEl A ZHO|7| 20|, SE | . . XPARDHE| A3 Ol MO oe
ot S5 A|AE0) HE Al Ajet, | - -
o7} Al 7192 EFXISIT L 0| X2 W HSH= ooo| ol T— : =7 0|5 X Hat s,
- 3t A| 39 2 EIX|S 0| =& H[7HStH= Causal Al 20| H . OJLIX] 7HK Aol B,
UAHO TR W2 O E Y %
a7l ot wst Mo e,
S5 T3 o1 2 7|4t
« AIEAIE Hol 2ol 24 8l of
e 2 olmat £Xt A H|
bl pr b= B L) S [ | PN =]
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Causaly
2AE Xts F=0F10 A|2%} (Causal Knowledge Graph)
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Conclusion

Clt=E2 Next AlS| 2] 7=

< J. Pearl’s Causal Hierarchy >
Association (Seeing, What is?)

- OHEStE X|Alof| 7|ukot of| = ZA|of| CHet B
- O|X oi|o|E{oi| 7}&E Ztt2 ZutE 2|H

- HZ2] o[O|X|of| M =2 77 (XY Al)

Intervention (Doing, Intervening, What if?)
- Aa 2 EME Sol Aol ol 29HE Yot

. OFAI2IZ BCHR £50| o=

Counterfactual (Imaging, Retrospection, Why?)
. BHEG|0|E{2EE| folTt Q1T S o

- 5= 837 ¢ A0| OtAL|ZIO|RUL?

SYSTEM 1

Intuition & instinct

S Al= 21X, X|Z}0]| 2hek EFA 0|
gg— A|-E:I % DI_I-%—T,— 9}1% Unconscious

Fast
Assaciative
Automalic pilot

H= XI| orCclk o E
O|D|X| 1T E-Q-lolzl, EEOI: I:Il-xl
Source: Daniel Kahneman

Figure 1. The causal hierarchy. Questions at level 1 can be answered only if information

from level i or higher is available.

Level (Symbol) Typical Activity Typical Questions Examples
1. Association Seeing What is? How would What does a symptom
P(ylx) seeing X change my tell me about a disease?
belief inY? What does a survey tell
us about the election
results?
2. Intervention Doing, What if? What if I do X? What if I take aspirin,
P(yldo(x), ) Intervening will my headache be
cured? What if we ban
cigarettes?
3. Counterfactuals Imagining, Why? Was it X that Was it the aspirin that
Ply,Ix, y') Retrospection caused Y? What if I had stopped my headache?

acted differently?

Would Kennedy be alive
had Oswald not shot
him? What if I had not
been smoking the past
two years?

SYSTEM 2

Rational thinking

Takes effort

Slow
Loy Causal Al
Indeci:ive

Marketing, @& FH|, ---

A|Zg £10 =2 xel HEre WREshs
A A 2 ELA SO A OFE] 7| £XQl 45

Judea Pearl, The seven tools of causal inference, with reflections on machine learning, February 2019 , Communications of the ACM
Bengio, From System 1 Deep Learning To System 2 Deep Learning, NeurlPS’2019
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“JUST EXTRAORDINARY." —SCIENCE FRIDAY (NPR)

JUDEA PEARL

OREILLY’
L o Behavioral
| Data Analysis Causal

BOOK OF S SR e

WHY The
- - Effect

An Introduction to Research
THE NEW SCIENCE Design and Causality

OF CAUSE AND EFFECT ‘Sﬁ?ﬂ.’é‘.

A CHAPMAN & HALL BOOK

T
g

Scott Cunningham

Floremt Buisson

https://theeffectbook.net/ https://mixtape.scunning.com/

« Judea Pearl, The Book of Why: The New Science of Cause and Effect, 2018
- Nick Huntington-Klein, The Effect: An Introduction to Research Design and Causality, 2022

- Florent Buisson, Behavioral Data Analysis with R and Python: Customer-Driven Data for Real Business Results, 2021
« Scott Cunningham, Causal Inference: The Mixtape, 2021

Causal Inference for The Brave and True
https://matheusfacure.github.io/python-causality-handbook/landing-page.html

QlutFEZo| H|O|E{tst, https://www.youtube.com/@causaldatascience
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Prediction vs. Causation

Retention 0|
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https://towardsdatascience.com/be-careful-when-interpreting-predictive-models-in-search-of-causal-insights-e68626e664b6
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SHAP value
(higher means more likely to renew)
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