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e Variational Inference

— Latent Variable Models (LVMs).
— Conjugate Exponential Family (CEF).

Winn & Bishop, 2005 Hoffman et al., 2013
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Freeman J. Introducing streaming k-means in Apache Spark 1.2.
https://databricks.com/blog/2015/01/28/introducing-streaming-k-means-in-spark-1-2.html

e T8 @
®

e Learning from Data Streams

— Continuous Model Updating.
— Bayesian posterior conditioned to non-finite data set.

— Presence of Concept Drift (i.e. non i.i.d data).
Gama et al., 2014
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i=1,..., N

Data Set Stream of Data Batches

e Out-of-the-box temporal extension.

— Global parameters 3; evolve over time.
— Hierarchical prior modeling concept drift.

— Closed-form Variational inference.
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K4rny (2014) and Ozkan et al. (2013)
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i=1,...,N

P(By|z1-1) = / (BB W (Be_s|Z1e—1)dB,

e Explicit Transition Models

— Stationary transition model with requires domain knowledge.

— QOutside conjugate exponential family.
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e Explicit Transition Models

— Stationary transition model with requires domain knowledge.

— QOutside conjugate exponential family.
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At = (1= p)Ay + pAi—1

e Closed-form solution for the Exponential Family

— A natural parameter vector.

— p € ]0,1] is defined by the user.

— p=1equals kK =0 (i.e. maintain all the past data).

— p =0 equals kK = oo (i.e. completely forget past data).

Karny (2014) and Ozkan et al. (2013)
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How to choose p?

e o defines the degree of forgetting.

e Optimal p is time dependent.
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e p; ~ TrucantedExponential(vy), Q(p:) = [0, 1].

— p¢ close to 1 — No Drift at time ¢ (i.e. Si—1 =~ 5¢).
— p¢ close to 0 — Drift at time ¢ (i.e. Bi—1 % B).

o p(pi|x1.+) tracks concept drift.

ICML 2017
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Variational Inference

with HPPs
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q(B, z|\, @) = H (Bk|Ak) HHQ(Zz‘,j|¢i,j)
k=1

i=1j=1

e Variational Inference in plain LV Ms

— (A", @") = argmaxy 4 L(X, 9[x, @)
— Closed-form gradients for CEF models.

Winn & Bishop, 2005 Hoffman et al., 2013
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Q(/Bta <1, Pt\)\t, ¢t7 wt)

e Variational Inference in temporal LVMs

— (A}, 9}, wy) = argMaxN, o, w Lupp(At, Gp; welxe, Ae—1)

— No closed-form gradients.
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Lapp 2> Lapp

e A double-lower bound

_ 9Lupp _ L
OA: X itk = (1 - Eylp])h + Eylpd Aot

OLupp _ OL

op, — o
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e Closed-form gradient

- O = KEaopa) - Kblat) 1 - o

— A measure of concept drift.
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KL(qt,pu) +v < KL(q¢, gs—1)

e Closed-form gradient

- O = KEaopa) - Kblat) 1 - o

— A measure of concept drift.
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Drift No Drift
— di-1 i — Q-1
KL(qt,pu) +v < KL(qs,q:-1) K L(qt,pu) +v > KL(qt, q—1)

e Closed-form gradient

- Ma% = KL(gt,pu) — KL(qt, qt—1) + v — wt.

— A measure of concept drift.
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e Closed-form gradient

o &Ca% — KL(Qtap’LL) - KL(Qt:Qt—l) + 7 — w.

— A measure of concept drift.
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What if only part of
the data drifts?
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e Multiple HPPs

— Place independent py; for each parameter of the model.

— Closed-form Variational inference.
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EXPERIMENTAL EVALUATION AM1DST

B
2 SVB-HPP 1
2 / SVB-MHPP °
%o \ SVB-PP-0.9 R
= \/ \ SVB-PP-0.99 S
;, & « Elp] HPP
g, S Efp] MHPP.
| DA, 9 |
g o | sBX5EEES e <
0 30 10 20 30
step Time step
GPS GPS
g 1x-0.1 y/+>
g 2 SVB-HPP A LLJ
&  SVB-MHPP P
% SVB-PP-0.9 ¥ AR _
5 s e S SN [
AT A A xR o Eel
o Efp] M
TTTTTT tep e step
3 Finance Finance
™
£: A—
} § ] € x
E = Efp] H
g ¢ u Efo] M
%
)
T
30 40 50 60
Time step Time step
(a) TMLL,; improvement over SVB (b) Ey[p¢] for SVB-HPP and SVB-MHPP

e Summary of the evaluation:

— M-HPP is the most robust approach.
— Adaptive forgetting mechanisms are usually needed.

— Concept drift usually affects only a part of the model.
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L0 _Bay: Models of Data Streams

A Java Toolbox for Scalable Probabilistic Machine Learning,

with Hierarchical Power Priors

Variational Inference with
Hierarchical Porwer Priors

Implicit Transition Models

P Pr-1 « A double-lower bound
—— —— N _ obupr _ 0 (;
= (i.e. computed in closed-form).
: 2 PBilari1) = [|PBUB B s|re-1)dB, Lupp > Lupp 3'5 2
o ~ Ouge = 2 (L. computed in closed-form).
Drift No Drift Computing £,n.]
Xp—1 X¢ . .
+ Variational Inference « Learning from Data Streams st
~ Latent Variabie Modls (LVMs). Contimions Model Updating = s H5) I P B
Conjugate Exp (CEF). - Dayesian posterior conditioned to non-finite data set. Kithn <
~ Presence of Concept Drif (ie. non 1d data) « Closod-form gradiont + I only part of the data drifis:
B Kbl KLaan oo Muliple iearcica Powes Pios (M-HPP).
e of et i — Place lndependent o, for each parametes of the model,
A ¥ concopt. it ~ Clased-form Variational inference.
o 1 Ar = (1= p)Au + pAi—1 X .
ur proposa Experimental Evaluation
 Out-of-the-box temporal extension. « Closed-form solution for the Exponential Family . ey tmciy
— Global parameters 4 evolve over time. X notaral parameter vector. . =
5 ~ Hierarchical prior modeling concept drift. relol] "!"”‘“‘" by the user. . -4
p =1 cquals k=0,
~ Closed-form Variational inference. !
=0 cquals & = o, ol it 3303 .

+p1) defined by a general implicit transition model.

N - N Variational Inference
parametric o, =

‘0 need of expert knowledge modeling.

« Variational Inference in plain LVMs e .
9B, 2|z, @) (N,6%) = angmasy ¢ £, 6ix, @) S .
~ Closed-form gradients for CEF modeks . :
© pu ~ TrucantedExponential (), Qpr) = [0,1] .l By Fid
— pi close to 1 — No Drift at time ¢ (i.e. fi1 = By). « Variational Inference in temporal LVMs % B s
~ pu close to 0 — Drift at time ¢ (i.e. Si-1 % B1). Bzt | Ar, by wi) (L iwi) = argmaxy, ., L (e Gl Miot) e e R e . e R E s e e
— Pplxia) tracks concept drift. ! o

No closed-form gradients.
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o p(B:|Bi—1, pt) defined by a general implicit transition model.

— Non-parametric form.

— No need of expert knowledge modeling.
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