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Microcredit Experiment

 Simplified from Meager (2018a)

K microcredit trials (Mexico, Mongolia, Bosnia, India,
Morocco, Philippines, Ethiopia)

* Nk businesses in kth site (~900 to ~17K)

[amcharts.com 2016]
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Microcredit Experiment

* Priors and hyperpriors:

() ((2) ) (7)ol ) )

012 * I(a,b) C ~ Sep&LKJ(1, ¢, d)
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Microcredit Experiment

Sensitivity of the
expected
microcredit effect (1)

Normalized to be on
scale of Tstd devs

T mean (MFVB):
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T std dev (LRVB):
1.83 USD PPP
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Microcredit Experiment

Normalized sensitivity

e Sensitivity of the 10-
expected N N
microcredit effect (1) .-
e Normalized to be on -
scale of Tstd devs 30-
« Tmean (MFVB):
3.08 USD PPP |
Normalized sensitivity
e 7std dev (LRVB):
1.83 USD PPP
* Mean is 1.68 std 001 -
dev from O 0.00 -
e Aut 4= 0.04 !




Microcredit Experiment

Normalized sensitivity

e Sensitivity of the 10-
expected N N
microcredit effect (1) .-
e Normalized to be on -
scale of Tstd devs 30-
« Tmean (MFVB):
3.08 USD PPP |
Normalized sensitivity
e 7std dev (LRVB):
1.83 USD PPP
* Mean is 1.68 std 001 -
dev from O 0.00 -
e Aut 4= 0.04 !

= Mean > 2 std dev



Criteo Online Ads Experiment

» Click-through conversion prediction

o Q: Will a customer (e.qg.) buy a product after clicking?

* Q: How predictive of conversion are different features?

e Logistic GLMM; N = 61,895 subset to compare to MCMC

e Model:

C n
Yin ~ Bernoulli(pgy, ) Dier, = xp(Pkn)

1 + exp(prn)

Pkn = $Zn5 + Uk

* Priors and hyperpriors:
up ~ N (p, 0°) B ~ N (B, diag(v))
p o~ N(po, o5)

(6*)~! ~ Gamma(a, b)
10
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e \VB: 57 sec;

VB + LRVB:
553 sec
(9.2 min)

+ MCMC (5k

10

samples):
21,000 sec
(5.85 h)



Criteo Online Ads Experiment

° : .
VB - 57 SeC: VB means: global parameters VB means: random effects

VB + LRVB: ...
553 sec

(9.2 min) .
- MCMC (5k .. " P
samples): | ™

21066 sec ™.

>
mfvb
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Criteo Online Ads Experiment

° . .
VB . 57 SeC! VB means: global parameters VB means: random effects

VB + LRVB: - =
553 sec - e
(9.2min) .

- MCMC (5k .. ?_ Pt

21066sec = 1 i |
(5.85 h) MCMC MCMC

Uncorrected MFVB sd: global parameters
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e VB: 57 sec;
VB + LRVB:
553 sec
(9.2 min)

« MCMC (5k
samples):
21,0006 sec
(5.85 h)

Uncorrected MFVB sd: global parameters
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Criteo Online Ads Experiment

e VB: 57 sec;
VB + LRVB:
553 sec
(9.2 min)

« MCMC (5k
samples):
21,0006 sec
(5.85 h)

Uncorrected MFVB sd: global parameters

10 MCMC

mfvb

VB means: global parameters
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VB means: random effects
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Criteo Online Ads Experiment

° : .
VB - 57 SeC: VB means: global parameters VB means: random effects
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. MCMC (5k ..

VB: 57 sec; VB means: global parameters
VB + LRVB: ..
553 sec
(9.2 min)

mfvb

samples): i

0.0+

Criteo Online Ads Experiment

VB means: random effects

21.066sec * .
(5.85 h)
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Computational complexity
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Posterior means: revisited

* \Want to predict college GPA Yn

e CO

» Collect: regional test scores 7,

9 1ndep

 Moadel: y,|8,z,0° '~

13

2kl 02~ N(0, p?)
B~ N(0,%)

 Data simulated
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Posterior means: revisited

* \Want to predict college GPA Yn
* Collect: standardized test scores (e.qg., SAT, ACT) =z,
» Collect: regional test scores 7,

 Model: y,|3, z, o2 P (5Txn + Zk(n)Tns 02)
2lp? KN, 0% (0°)7" ~ Gamma(ag2, bye)
B~ N(0,%) (p*)~' ~ Gamma(a,z,b,2)
(P%) std ¢
* Data simulated 1.00 4 —»
from model (100 0.75 " 4
data sets, 300 0.50 - / ¢ °
' : 0.25 -
data points): 0002 LRVEB
0.00.51.01.52.02.5
MCMC mean MCMC std dev

13 [Giordano, Broderick, Jordan 2015]
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Conclusions

» [inear response variational Bayes (LRVB). supplements
VB for:

e Fast covariance estimates
* Fast robustness gquantification
e Priors, likelihood, data

 \WWhen can we trust LRVB?
 Data summarization for scalability (Next part)

14 [Giordano, Broderick, Jordan 2015, 2017]
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