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SETTINGS

Latent Variable Models (LVMs):

e PCA, MoG, LDAs, HMM, Kalman Filter, Factorial Models, Hierarchical Linear Regres-
sion, Matrix Factorization, etc.

Winn & Bishop, 2005 Hoffman et al., 2013
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THE PROBLEM

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 Learning LVMs from (non-stationary) Data Streams

— Continuous Model Updating.

— Presence of Concept Drift.

Gama et al., 2014




OUR PROPOSAL
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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.







Exponential Forgetting




EXPONENTIAL FORGETTING
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Exponential Forgetting:

e p is the exponential forgetting rate.

e Assign a decreasing weight to each data sample.

e Older data samples has less influence in the parameters.




EXPONENTIAL FORGETTING
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Bayesian Learning with Exponential Forgetting:

T—1

p(Blxy, ..., @1, p) = p@1,..., @8, p)p(B) _ p(B) [izy p(®ilB)°
yooos ) p(wl,...,ivT,P) p(ml,,,,,mT,p)

Variational Inference with Exponential Forgetting:

T
Lo(A) =Eg[>  p" " Inp(a;|8)] — KL(q(BIN)|Ip(B))
1=1

Honkela and Valpola, 2003




Implicit Transition
Models

K4rny (2014) and Ozkan et al. (2013)




EXPLICIT TRANSITION MODELS
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p(Byl 1) = / P(Bul By 1)D(By_1@re—1)dB,

e Explicit Transition Models

— Stationary transition model with requires domain knowledge.

— QOutside conjugate exponential family.




IMPLICIT TﬁANSIT}QN MODELS
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p(Byl 1) = / P(Bul By 1)D(By_1l@1e—1)dB,

Karny (2014) and Ozkan et al. (2013)
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IMPLICIT TRANSITION MODELS
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IMPLICIT TﬁANSIT}_QN MODELS
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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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IMPLICIT TﬁANSIT}QN MODELS
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Exponential Forgetting Implicit Transition Models

T
np(x, ..., x7|B8,p) = Y w;lnp(xi|B)

w; = pT—i :p € (0,1] ‘ ‘J

0.8 At — (1 — p)Au + pAt—l
Masegosa et al. 2018
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h |
021 e = argma H ()

KL(upe) <5




IMPLICIT TﬁANSIT}_QN MODELS

How to choose p?

e o defines the degree of forgetting.

e Optimal p is time dependent.




Hierarchical
Power Priors

Masegosa et al. 2018




HIERARCHICAL POWER PRIORS

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.
Masegosa et al. 2018




Variational Inference

with HPPs

Masegosa et al. 2018




PREVIOUS KNOWLEDGE
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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




HIERARCHICAL POWER PRIORS
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q(By, zt, pt| At, Py, wi) = p(By, 2t, pe| T, - - -, Tt)

e Variational Inference in temporal LVMs

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

— No closed-form gradients. Masegosa et al. 2018
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HIERARCHICAL POWER PRIORS

Algorithm 1 SVB with Hierarchical Power Priors and Truncated Exponential (SVB-HPP-Exp)
Input: A data batch x;, the variational posterior in previous time step A;_1.
Output: (A, ¢;,w:), a new update of the variational posterior.
At — A1,
Eq [Pt] + 0.5.
Randomly initialize ¢;.
repeat
(/\t, ¢;) = argminy, ¢, L(A¢, @[Tt Eq[pe] A1 + (1 — E[ps]) o)
= KL (q(B¢| ) || pu(ﬂt)) — KL(q(B¢| M) || ps(BelAe-1)) +
Eq[Pt] = = el—“’t) uTt
until convergence
return (A, ¢;, w;)

N A AN i > e

Lgpp > Lgpp

Masegosa et al. 2018
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HIERARCHICAL POWER PRIORS

Algorithm 1 SVB with Hierarchical Power Priors and Truncated Exponential (SVB-HPP-Exp)

Input: A data batch x;, the variational posterior in previous time step A;_1.

Output: (A, ¢;,w;), a new update of the variational posterior.

At — At—l-

E,[pt] + 0.5.

Randomly initialize ¢,.

repeat

(At, ¢y) = argminy, o LA, ¢t|mta]Ea[pt]At—1 +(1 - ]E[pt])a,%

= KL@(BM)||2u(By) — KL @(BI%) 2B ) +7

q[PtJ A—eo0) — ws

until convergence

return (A, ¢, wy)

N A A > e

Lgpp > Lgpp

Masegosa et al. 2018




MEASURING CONCEPT DRIFT
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Drift No Drift

g Qg
— Q¢—1 ° — Q-1

KL(QLHpu) + v < KL(Qtaqt—l) KL(Qtapu) =+ 8 > KL(Qta qt—l)

A measure of concept drift:
wt = KL(gt,pu) — KL(gt,qt-1) +

Masegosa et al. 2018
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HIERARCHICAL POWER PRIORS

Algorithm 1 SVB with Hierarchical Power Priors and Truncated Exponential (SVB-HPP-Exp)
Input: A data batch x;, the variational posterior in previous time step A;_1.
Output: (A, ¢;,w;), a new update of the variational posterior.
: At — At—l-
E,[pt] + 0.5.
Randomly initialize ¢,.
repeat
(At, @;) = argminy, ¢, L(A¢, G|z, Eglp] Ae—1 + (1 — E[p]) )

M&Wﬂuﬁt» — KL(q(By/Ac) | p5(BeAe—1)) +7
]EQ[pt] = A—e—%t)  ws

until convergence
return (A¢, ¢y, wy)

N A A > e

Lgpp > Lgpp

Masegosa et al. 2018




MEASURING CONCEPT DRIFT
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KL(Qt7pu) + Y < KL(Qt: qt—l)
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KL(QhPu) + Y > KL(Qta Qt—l)
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Masegosa et al. 2018




What if only part of
the data drifts?




MULTIPLE HPPS




e Multiple HPPs

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

— Closed-form Variational inference.

Masegosa et al. 2018




Experimental
Evaluation
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EXPERIMENTAL EVALUATION
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Different Domains and Different Models:

e Energy Data Set with a Linear Regression Model.
e Finance Data Set with a MoG Model.

e GPS Data Set with a MoG Model.

e Text Data Set with a LDA Model.

Compare with SOTA Methods:

e SVB (Broderick et al. (2013)): Incremental Bayesian Updating

e SVB-PP (Broderick et al. (2013),Gaber et al. (2005)): Bayesian Updating with
(fixed) Exponential Forgetting.

e PVB (Mclnerney et al. (2015)): Population Variational Bayes.
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EXPERIMENTAL EVALUATION
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Test Marginal Log-Likelihood (Perplexity)

DATA SET SVB PVB SVB-PP SVB-HPP SVB-MHPP
@)) 2) 3) 4) p=09 p=0.99 Exp Exp NORM
ELECTRICITY -4491 -51.01 -52.19 -51.11 -61.70 -43.92 -44.80 -40.05 -40.02  -39.91
GPS -1.98 -2.10 -2.77 -1.97 -4.49 -1.94 -1.97 -1.97 -1.86 -1.86
FINANCE -19.84 -22.29 -22.57 -20.40 -20.73 -19.05 -19.78 -19.83 -19.83  -19.82
NIPS -4.07 -4.04*%  -4.21%* -4.01 -4.12 -4.02 -4.06 -4.01 -4.00 -4.00

¢ Summary of the evaluation:

— SVB-MHPP 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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EXPERIMENTAL EVALUATION
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¢ Summary of the evaluation:

— SVB-MHPP 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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Bayesian Modeling of Concept Drift
in Deep Learning
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BAYESIAN DEEP LEARNING

<

Bayesian Reasoning: Deep Learning:

e Mainly Conjugate and Linear Models. e Rich non-linear models for classification and sequence prediction.

e Complex Inference. Scalable learning using stochastic approximation and conceptually simple.

e Unified Framework for model building, inference, prediction and decision making. Easily composable with other gradient-based methods.

e Explicit accounting for uncertainty and variability of outcomes. Only point estimates.

e Robust to overfitting; tools for model selection and composition. e Hard to score models, do selection and complexity penalisation.

Bayesian Deep Learning

oyl wip(w)
PlWIY @) = e, w)p(w)dw

[Using Modern Variational Inference Methods]




BAYESIAN DEEP LEARNING

-w1 (Bayesian)
-b , (Bayesian)

— W, (conventional)
— b1 (conven tional)

0.8 3.1

Variational Deep Learning

w|y7 HCI(sz\

[q is inside exponential family]




BAYESIAN DEEP LEARNING
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Bayesian Modeling of Concept Drift:

e Learn DNNs from non-stationary data streams.

e Address Catastrophical Forgetting.

e Help in Domain Adaptation Problems.
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HIERARCHICAL POWER PRIORS

Algorithm 1 SVB with Hierarchical Power Priors and Truncated Exponential (SVB-HPP-Exp)
Input: A data batch x;, the variational posterior in previous time step A;_1.
Output: (A, ¢;,w:), a new update of the variational posterior.
At — A1,
Eq [Pt] + 0.5.
Randomly initialize ¢;.
repeat
(/\t, ¢;) = argminy, ¢, L(A¢, @[Tt Eq[pe] A1 + (1 — E[ps]) o)
= KL (q(B¢| ) || pu(ﬂt)) — KL(q(B¢| M) || ps(BelAe-1)) +
Eq[Pt] = = el—“’t) uTt
until convergence
return (A, ¢;, w;)

N A AN i > e

Lgpp > Lgpp

Masegosa et al. 2018




Thanks for your
attention

0 https://github.com/andresmasegosa/slides



EXPONENTIAL FORGETTING
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arg mﬂalenp(miLB) — ESSyr = Z 1=T
=1 1=1
T T T

: . 1-
arg mgux Z p! "t n p(x;|B) m— ESS, = Z pl =t = P

Exponential Forgetting:

e Equivalent Sample size (ESS) depends only on p.

e Sliding window considering the last ﬁ samples of the stream.




