Sequential Matrix Completion

O

ooy < R

Author: e Supervisor:
Anne MARSDEN I. Sergio AC:LdLéDO
Churchill College ViSor.

Dr. Anita FAUL

This dissertation is submitted for the degree of Masters of Philosophy
Centre for Scientific Computing
Department of Physics
University of Cambridge
August 2016






Declaration

I hereby declare that except where specific reference is made to the work of others, the
contents of this dissertation are original and have not been submitted in whole or in part
for consideration for any other degree or qualification in this, or any other university. This
dissertation is my own work and contains nothing which is the outcome of work done in
collaboration with others, except as specified in the text and Acknowledgements. This
dissertation contains fewer than 15,000 words including appendices, bibliography, footnotes,
tables and equations.

Anne Christina Marsden
August 2016






Acknowledgements

I would first like to acknowledge my incredible advisor, Sergio Bacallado. I came into the
MPhil with little statistics background and Dr. Bacallado devoted so much time to helping me
bridge that gap quickly. Thank you for always being there for any of my questions, listening
to all my hare-brained ideas, and giving me such a positive experience of pure research. |
can’t imagine this year without you as my advisor. Thank you again and again.

I next must acknowledge the Centre for Scientific Computing and all the people and parts
of it. First, a big thank you to Dr. Philip Blakely, who helped me get Theano installed and
running on the centre’s GPUs. Thank you to Dr. Anita Faul, who developed a great machine
learning community within the CSC and who was always so supportive- even when I needed
aride to the train station! And thank you to Dr. Nikos Nikiforakis for the support and advice.
Also thank you to my fellow MPhil students- my coffee crew- for always being there to help
answer questions I was too afraid to ask Philip, bounce ideas off of, and take long coffee
breaks.

Next I would like to thank the Winston Churchill Foundation for the constant support and
for providing whatever I may need to do my research. To be a part of the Churchill Scholar
community was something I will never forget. Thank you to all the fellow Churchill Scholars
for constantly being an inspiration and a wonderful community of people with the most
interesting dinner conversations. And thank you to Churchill College and all the members of
the MCR for making this year so happy and fun.

Finally I must thank the people waiting for me back home. To Gareth- thank you for
making this year happy despite being so far away. To Kate and Milo thank you for being
wonderful and supportive siblings and always knowing how to make me laugh. To my
grandparents, aunts, uncles, and cousins- thank you for being the most wonderful family,
thank you for every letter and message and thank you for the “top three of the day”. And
finally and most importantly, thank you to my parents- words cannot express how lucky I am

to be your child and to know that, no matter what, you will be there for me.






Abstract

In this work we study sequential low rank matrix completion, or recommender systems.
This topic requires analysing first) methods to accurately estimate a missing entry from a
low rank matrix with only partial observations, second) methods to quantify the uncertainty
in that estimate, and third) methods that exploit this information in an optimal way. Here,
we construct a new recommender system. We address the task of matrix completion and
uncertainty quantification using a Bayesian approach. We use a Gamma process factor model
to estimate the complete matrix and the posterior distribution to quantify the uncertainty. We
compare the performance of estimating the posterior using stochastic variational inference
(SVI) to stochastic gradient Langevin dynamics (SGLD). To choose the sequence of entries to
observe in each iteration we use Thompson sampling. As a baseline comparison we include
a singular value thresholding method. Through simulation with both synthetic data sets and
the MovieLens data set, we find that the Bayesian method outperforms the singular value
thresholding method when the data is higher rank. The performance is particularly good

when the posterior distribution is estimated using SVI.
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Chapter 1

Introduction

1.1 Recommender systems

Recommender systems, or collaborative filtering, became an important area of research
within the last twenty years as a multitude of settings began to arise in which users are
faced with an excessive amount of information and would benefit from recommendations
for products or services that suit them. A recommender system uses a database about user
preferences to predict new products or services to recommend. Commonly this database is
represented as a matrix where, without loss of generality, each row represents a user, each
column represents a product, and the row-column pair represents the user’s rating of the
product. Formally, let M € RP* be the full true matrix with only a few, possibly noisy,
observed entries. Let Z; € {eiejT; i,j€ [n]} and let 2 = {Z,} be our small set of observations

so that for each Z; € % we have corresponding observation Y; as,
Y, =tr(ZI M) + &, (1.1)

where & is the noise in the observation.

Research on recommender systems has focused on the matrix completion problem.
Candes and Recht [8] showed that, if we assume the rewards matrix is of low-rank — or
that user preferences are explained by a few latent features — it is possible to complete a
matrix from a small set of possibly noisy observations. This research will be reviewed in
Section 1.3. Our aim here is to study the matrix completion problem sequentially. Briefly, we
would like to find a sequential rule or policy for product recommendation which will yield
the highest possible ratings after a finite time horizon. For simplicity we assume that if our
recommender system makes a recommendation to a user, the user will respond with their

rating of that item.
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More formally, suppose at each step we can choose an action Z; that corresponds to
observing some, possibly corrupt, entry of the matrix. Where, here, the source of corruption
would be that the user does not rate the product consistently. We define the reward, or rating,
for taking action Z; at step t as,

riz, = ((Z X) +&)B"4, (12)

where (& ),>1 is a sequence of independent noise variables with mean 0 and variance 6. The
variable T; 7, counts the number of times that action Z; has been chosen before time ¢, and
the parameter f € [0, 1] determines a geometric discounting due to observing the same entry
of the matrix repeatedly. The role of f3 is for theoretical purposes since it allows resampling
in order to construct confidence intervals for potential future methods, as well as for practical
purposes since it ensures that the same product will not be recommended to the same user
too many times. Note, for nonnegative entries, 3 = 0 is the case when we make a certain
recommendation at most once and 3 = 1 is the case when the recommender simply aims to
discover the maximum value of the matrix.

At each step ¢, the experimenter observes the reward r; 4, for the action chosen, A;. We

define the pseudo-regret for finite-horizon M as,

M M

Ry(A)= sup E(Zr,zt) —E(Zrt,Al). (1.3)
Zl,...,ZM t:l =1

The goal of our recommender system is to construct an estimator policy with as little pseudo-

regret as possible.

1.2 Exploration-exploitation tradeoffs and bandit algorithms

Our estimator policy relies on an accurate reconstruction of the complete matrix, M, knowing
only observations corresponding to Z. Note that this is only feasible when M is low rank.
The methods to construct a good estimator typically need the observed entries to be distributed
around the matrix. For instance, imagine an estimator policy that only interacts with one
user. Then it would have no hope of completing the matrix to know about the other user
preferences. In this sense the estimator policy must explore the user-item pairs. On the other
hand, the policy must begin to exploit user-item pairs that are expected to be optimal to have
as little regret as possible.

This type of problem relates to well-studied strategies on the multi-armed bandit problem.

The narrative for this problem is as follows. A player is at a casino with multiple slot



1.2 Exploration-exploitation tradeoffs and bandit algorithms 3

machines, called a “multi-armed bandit”. At each step he chooses an arm to pull and then
observes the reward of his choice. The assumption is that the rewards of each machine
are drawn from some underlying distribution. To perform well the player must have a
good “exploration-exploitation” trade-off. That is, he must pull each arm enough to get
an idea of their underlying distributions, but he must also begin to exploit the arms that
seem to have high rewards. Historically, bandit problems have been analyzed using either a
frequentist or Bayesian perspective. The frequentist analysis assumes the parameter of the
model describing the distribution of rewards from each arm is a fixed but unknown value. The
Bayesian analysis assumes that the parameter comes from some prior distribution. Suppose
there are K arms with underlying parameters 0y, ..., 0x € © that respectively describe the
distribution of rewards for each arm. At time ¢ we choose some action A; g, which depends
on the history of rewards before it and corresponds to some arm j. The action then gets
a reward X; which comes from the i.i.d sequence of rewards from arm j, (¥;;);>1, which
has distribution vy; and expectation [ i(0;). The measure of performance for a frequentist

analysis is the cumulated regret, which at time t = n is,
n
Ra(6) =Eoq| Y 1"~ pua,, |, (1.4)
=1

where p* =max {1}, j € [K]}.
With regard to minimising R,(0), the most effective algorithm has proved to be the
Upper Confidence Bound (UCB) strategy [5]. Let X; denote the distribution of rewards from

S
arm i. Let [i;, be the empirical average of s draws from arm i, so [I; s = % Y Xim. AUCB
=1

algorithm uses the history of rewards to construct a confidence interval on ’?}ia mean of each
arm so that the true mean lies in the interval with probability 1 — o, where & can be tuned.
Let C;; be the upper band of a confidence interval centred at Ei,slg,' The policy chooses arm
I; in the tth step by computing

argmax;[Cj |, (1.5)

and selecting an arm from this set. Analyzing this, one can see that arms that haven’t been
explored will be likely to be selected due to their large confidence interval, and as ¢ grows,
arms that have proven to be profitable will be exploited. Bubeck and Bianchi provide a bound
on the regret for the UCB strategy in the case where for each arm i there is a convex function
¢ on the reals such that VA € R,

Ele*Xi—EXD] < o0()  E[AEX]I-X)] < 9(4)

— —_ )

(1.6)
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with this assumption they are able to construct a general upper confidence bound on the mean
of each arm. They show that, in the case of Bernoulli rewards, this is essentially the best
regret possible [5].

Alternatively, from the Bayesian perspective let 7y, ..., Tx parameterize the prior distri-
butions of 0y, ..., 0. A Bayesian measure of performance is the regret averaged over the
parameters 0y, ..., 0 with respect to 7my,..., Tx. Formally, the Bayesian regret up to time
t=nis,

R, =E, [Rn(e)}, (1.7)

where R,,(0) is as described in Eq. 1.4. The policy which minimises Bayes regret is known as
Bayes-optimal and is typically the solution to an intractable dynamic program. An important
exception is the case of a geometrically discounted multi-armed bandit, in which the Gittins
index strategy is provably Bayes-optimal [29].

An effective and simple strategy from both Bayesian and frequentist perspectives is
Thompson Sampling. Let 7; ; denote the posterior distribution for the mean of arm i, L;, at the
"-round. We draw from the posterior 6, ~ 7; , and then choose action Z; € argmax;;(6;,).
Kaufmann et al. show that Thompson sampling attains essentially the same regret as the
UCB-algorithm [15].

They devise an algorithm that is inspired by both Thompson sampling and the UCB
method, the “Bayes-UCB” approach. Through simulation they show that this approach proves
optimal when evaluated by the frequentist regret. We briefly describe the approach. Let
Q(t,p) be the “quantile function” with respect to distribution p so that P, (X < Q(z,p)) =1.
While this is not the same as the confidence intervals constructed in the UCB strategy, it has
a similar flavor. Let 7 be the horizon, I1? be the initial prior, and ¢ be an adjustable constant.
In this notation we use 6; to denote the parameter describing the distribution of the rewards

of arm j, but we also use it to denote the probability distribution function as well.
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Algorithm 1 Bayes-UCB [15]

Initialize n, T1°, and c.
for t=1, ..., ndo
for j=1,..,K do

compute

_ _ 1 t—1
qj(t)—Q<l—m,9j ) (1.8)

end for
take action Z; = arg max;_;  xq;(t)
using reward X; = Yz, ; update the posterior distribution IT’,

75(6;) o< 0;(X,) 7" (6;). (1.9)

end for

Lai and Robbins have provided a lower bound on the number of suboptimal draws for any
“good policy” (i.e. the regret is o(n)). Kauffman et al. show that for the case of Bernoulli
rewards, this algorithm achieves this lower bound. They apply the algorithm to many different
types of distributions and show promising simulation results.

Another important approach to bandit problems is the e-greedy strategy. Let & € (0, 1)
and at each step choose action Z; with one of the methods described above with probability
1 — & and choose an arm uniformly at random with probability &. Auer et al. [5] show that
if & evolves in a specific manner then the regret grows logarithmically.

Finally, Russo and Van Roy [25] provide Bayesian regret bounds for the setting in which
only Thompson sampling is used to determine the policy. If the set of possible actions is

finite and the rewards lie in a bounded set, then we have that

R, < 2min{|A|, T} +4/KT (2 +6log(T)), (1.10)

where A denotes the set of possible actions and 7 is the horizon. In the case of matrix
completion where 8 > 0, A is the set of the matrix entries and so for an N x D matrix the
Bayeson regret is bounded by 27 +4,/NDT (2 + 6log(T)).It is worth noting that this bound
is probably quite weak since the true dimensionality of a low rank matrix is smaller than
N x D.

Whether to choose Thompson sampling or a UCB-type algorithm depends on the setting.

From a UCB-type algorithm it is generally easier to obtain frequentist guarantees. However,
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tight confidence intervals can be more difficult to derive and compute than estimating the

posterior distribution. In this case, Thompson sampling is more convenient and efficient.

1.3 Matrix Completion

For exploitation a good estimation method is critical, while for exploration a good quantifi-
cation of uncertainty is required. Indeed, see Appendix B, which proves that the regret of
any policy is bounded above by the frobenius-normed error of its estimator. Here we review

methods for constructing an estimator of the partially observed matrix.

1.3.1 Convex Optimisation Methods

Recovering a low rank matrix knowing only a small portion of (possibly corrupt) matrix
entries arises in a multitude of different problems including our case of recommender systems
as well as dimensionality reduction, embedding problems, and multi-class learning [23].
Recall the notation, let M € RPN be the true matrix, let Z, € {eie]T;i, JE [n]} and let
% = {Z} be our set of observations so that for each Z, € 2 we have,

Y, =tr(ZI M) + ¢, (1.11)

where & is the noise in the observation. First we give a brief summary of the current methods
when there is no noise. Define Py : RP*M — RPN (o be the operator such that

X, ifZ; e &
(Pg(X))I.: i B4 (1.12)
tj

0, else.

A powerful way of addressing the task of low rank matrix completion without noise is to

solve
minimize rk(X)
* (1.13)
subjectto Py (X) = Py (M).

However the rank minimization problem is NP-hard and there exist no efficient algorithms to
solve it [7]. We instead solve the tightest convex relaxation of the problem,

minimize || X||.
x (1.14)
subjectto Py (X) = Pyx(M),
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where ||X||. denotes the nuclear norm, so if X = Z;i(lx ) o;u;v; is the singular value decom-
position of X, then ||X||, = Z;i(]x ) 5: is the sum of its singular values. [7] shows that, if the
entries 2 are chosen uniformly at random, and with a few assumptions on the matrix that
are satisfied in most cases, the unique solution to the convex nuclear norm minimization
problem above recovers, with high probability, all the entries of M with no error. In [10] it is
proven that this method is nearly as good as any other possible method for exact recovery.

Following the explanation in [7] we give an idea as to why the true matrix M is, with high
probability, the unique minimizer to the convex nuclear norm minimization problem. The
idea is to show that any perturbation around M, say M + H, satisfying Py (M + H) = P» (M)
will only have increased nuclear norm.

First we define a few bits of notation,
o U1, oo Unk(a)5 V15 s Vik(ar) } are such that M = Z:i(lM) oV
* ||-|| denotes the spectral norm (i.e. the largest singular value),
* Py denotes the matrix with Tows uy, ..., i),
* Py denotes the matrix with columns vy,..., v,
o T denotes the linear space spanned by {u;x*, yv?‘};i(lM ) where x,y € RV,
* T denotes the space perpendicular to T,
» W denotes any matrix such that ||W|| < 1, PyW =0,and WP, =0, (i.e. W € Tb),
* Jd||M]||. denotes the subdifferential of ||-||. at M ,
rk(X)

* E denotes any matrix such that Pr(E) = Y._ " ujvi.

In the proofs that follow we make use of the fact that, for any subspace S, the projection
operator Pg satisfies
(PsA,B) = (A, PsB), (1.15)

where (A, B) = tr(A*B).
We begin with the following theorem.

Theorem 1. M is a solution to the convex program (1.14) if and only if there exists some
A=E+W, with E and W as defined above, such that P»(A) = A.
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Proof 1. The dual function of (1.14) is

where (A,Pyx(X —Y)) = tr(A*(X —M)). Since ||-||+ is a convex function, by the Karush-
Kuhn-Tucker conditions, M is a solution to the convex program (1.14) if and only if A such
that VX € RPN L(X,A) > L(M,A), or equivalently,

X[ | 4 (A Py (X = M)) > [[M][.c + (A, P (M — M)), (1.17)

so,
[IX[| = [[M]]s + (P2 AM = X), (1.18)

which is true if and only if P A € 9||M||.. Thus, M solves (1.14) if and only if A such that
Py A € d||M||.. Now, letting X = 0 we have that any Py A € d||M||. must satisfy

(PpA,M) > ||M||« or equivalently, tr((PxNA)*M) > ||M]||., (1.19)

where we bound the spectral norm: ||PyA|| < 1. Since the spectral norm and nuclear norm

are dual to one another it is true that

sup tr(W*M) = ||M]||.. (1.20)
W<t

Therefore if Px A € 9||M||. from Eq 1.19 and Eq 1.20 it must be that
tr((PxN)*M) = ||M]].. (1.21)

Notice that Pr (M) = M and thus for any X, tr (X*M) = (X,M) = (X,Pr (M)) = (Pr (X),M) =
tr(Pr (X)"M). For some X let

Pr(X)=Y X, i X5, + lekzykzv;;z, (1.22)
ki ko
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be the singular value decomposition of Pr (X ). Then notice that if || X|| < 1 and X # E then

tr(X*M) = tr (Pr (X)"M)

* k(M)
( (Z )’kl uklxkl + Z?Lkzykzvk2> ( Z G,‘Ml'v?() )
i=1

ky

< Zlkl Ok, + Zz’kz Ok,
ko

(1.23)

ky
rk(M)
Z = |[M]]«,

where the first inequality follows because u;x; < wu; if x # u; and the second inequality
rk(M)

follows because ||X|| < 1. Therefore, Pr (P¥A) = Y. ©;. And thus we must have,
i=1

PyA=E+W, (1.24)

since in this case we have
tr((PxA)*M) = ( (E4+W)* Z oV} )

rk(M) rk(M)
— Z G,'-I-l‘l’(W* Z G,'l/tiv;-k) (125)

i=1 i=1

rk(M)
= Y =M.
i=1

Thus if we find some A supported on the image of Py, then A = Py A = E +W and M solves
Eq 1.14.

Now we want to show that if M solves Eq 1.14, it is unique. This follows from the

following two lemmas.

Lemma 2. Suppose there exists some A=E +W, Py A = A. Then for any legal perturbation
H (legal in that Po(H) = 0) we have,

M+ H|J. = [IM][..+ (1= [[Pro (M) D] | Pro (H)| ]« (1.26)

Proof 2. Since the nuclear norm and spectral norm are dual to one another there exists some

(Z,Pro(H)) = ||Pro(H)]] (1.27)
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Let Wy = Pyp1(Z) so that
(Wo,H) = (Pro(2),H) = (Z,Pr.(H)) = ||Pr.(H)]|+ (1.28)

Let Z' = E + W, and notice that since ||Wo|| < 1 and Wy € Py, then Z' € 9||M||+. Then by

definition of a subgradient we have,
1M +Hl|. > [|M]||. +(Z H). (1.29)

Since A=E+W and Z' = E +Wy we have Z' = A+ Wy —W. Plugging in to the above
equation gives us,
M +H||, > [|M|[ + (A, H) + (Wo — W, H). (1.30)

Using fact (1.15) and that
A=Pyx(A) and W —Wy = Pp. (Wo—W), (1.31)
we can rewrite the equation above as
IM +H||« = |[M]||«+ (A, Py (H)) + (Wo — W, Pr.(H)). (1.32)
Finally we note that
* Py(H)=0
© (Wo,Pro(H)) = (Ppi(Wo),H) = (Wo, H) = [| P (H))] [«
* W, Pri(H)) < |[WI| [[Pro(H)I]«
Using these we get that

1M+ HI[. > [[M]]s + (1= [[WI[])][Pro(H)|]+ (1.33)

Lemma 3. Suppose there exists some A=E+W, Py A= A, with strict inequality ||Py. (W)]|| <
1. And suppose that Py restricted to T is injective, then M is the unique solution to the

convex program (1.14).

Proof 3. From the above proof we have that

1M +H|J. = [|M][..+ (1= [[W]})]| Py (H)]]+- (1.34)
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So we only need to show that (1) 1 —||W|| # 0 and (2) ||Pr.(H)||« # 0. Strict inequality of
the spectral norm of W ensures (1). As for (2) notice that if Py (H) =0, then H € T. Then
by injectivity of Py and the fact that Py (H) = 0, we have H = 0.

All that is left to prove the solution to the convex program recovers exactly the true matrix
is to prove the existence of such a A and injectivity of P4 restricted to 7. To see the details
of this proof consult [9].

This proof assumed no noise in the observations. In most applications however, the

observed entries of Y have some corruption. Recall the original model
Y, =tr(ZI M) + ¢, (1.35)

where & is the noise in the observation. Let € be the matrix with entries &. Assume that
||Pz(€)||F < 6. In this case we solve

minimize || X||.
o (1.36)
subjectto ||Px(X —Y)||[r< 6

In [7], Candes and Plan show that, under certain conditions that assure the existence of a
A and the injectivity of P4 restricted to T as described above, the solution to ( 1.36), call it

A

M, satisfies

. C,min(N, P
M —M|r < 4 Cpmin(N, P)
p

0+29, (1.37)
where p is the fraction of observed entries and C,, = 2 + p.

The convex optimisation problem can be solved through an iterative Singular Value
Thresholding (SVT) algorithm. In what follows, we apply a sequential policy for matrix
completion which employs the SVT estimate of the matrix. The regret of this policy will
depend on the rate at which the error in the matrix estimate decays (see Appendix B). In [8]

it is shown that for an N x D matrix, if the number of observed entries m satisfies
m > C\/NrlogD, (1.38)

for some constant C, then matrix completion will be exact with very high probability. Thus,
for the analysis of our estimator policies we only need to consider the horizon before which
it is possible to complete the entire matrix with high accuracy.
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1.3.2 Matrix Completion with Bayesian Methods

We discuss three different models to perform low rank matrix completion in a Bayesian way.
The Beta-Binomial process, the infinite factor model, and the Gamma process. Regardless of
the model, completing a low rank matrix in a Bayesian way requires calculating or estimating
the posterior distribution of the model. Several different methods are possible and most of
the literature reviewed below employs Gibbs sampling for posterior inference. The next
main section of this chapter discusses stochastic variational inference and stochastic gradient
Langevin dynamics as methods to sample from the posterior distribution for models with big
data.

Beta-Binomial

Let M € RP™N be the data matrix whose column vectors are the observations m, € R”. In
the Beta-Binomial process we assume that each column of Y can be written as

K
My =Y Mk WV + En, (1.39)
k=1

where A, € R, 7, € {0,1}, uy ~ N (O, %ID), vy ~ N (0, %IN), and €, € RP. Let Z denote
the N x K matrix with entries z,; and columns denoted as Z,,. Note that with this form the
columns of M are independent given {u}, Z, and A. Let A, € RX>*K be a diagonal matrix
such that (A,),;, = l,?znk. We can integrate out the v;s to get that

1
M| A, Z,U NN(O,NUAHUT+<:21D), (1.40)

where U € RP*K ig the matrix with columns uy. If z,; = 1 then observation m,, observes u;
and if z,; = O then it does not. Note that the number of k£ for which 3 » such that z,; = 1
gives the rank of the matrix. The Indian Buffet Process (IBP), which is a distribution over
matrices Z € {0,1}"*%

rank matrix. In practice, since K corresponds to the rank of the matrix, it exceeds D with

where K is unfixed, is used to define a model that favors a lower

very low probability, however in high dimensional problems D is very large and so treating
K as possibly infinite makes sense. The analogy to understand the IBP is that a series of
N customers in an Indian Buffet restaurant choose dishes to sample. Customer n samples
a dish with probability proportional to its popularity (i.e. the number of customers that
have already sampled the dish), and then explores Poisson(a/n) new dishes. In this case
the customers are the observations m,, and the dishes are the u;s. If customer m,, samples

dish u then z,; = 1 and otherwise z,; = 0 [13]. One can show that for any permutation ¢
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we have that P(Zy,...Z,) = P(Zs(1),+;Zs(n))» 1-€- €xchanging the order of the customers
gives the same probability. Given some underlying distribution B that renders the sequence
{Z;} conditionally independent, by the de Finetti Theorem it holds that for any infinitely
exchangeable distribution

N
P(Zy,....7,) = /HP(Z,-\B)dP(B). (1.41)
i=1

Thibaux & Jordan ([28]) find that the underlying distribution that renders the sequence of cus-
tomers conditionally independent is the Beta-Bernoulli process. We draw m; ~ Beta(a/K, 1)
and then z,;|m; ~ Bernoulli(m;). The Indian Buffet Process is the distribution over Z as
K — oo, For a more complete review on the Indian Buffet Process and the Beta Bernoulli
Process the reader is referred to [13], [27]. In practice we draw m; ~ Beta(a/K,b(K —1)/K)
which allows the number of new “dishes” explored by customer » to have some dependence
on the diversity of dishes already explored rather than being a draw from Poisson(c/n). One
can see that through the choice of @ and b one can tune the rank of the data. We define the
full model below as described in [32],

1
my ~ N (0, NUAnUT + O'ZID)

1
Uy ~ N (0, BID)

e~ N(0,1) (1.42)
Zuk ~ Bernoulli( )
m, ~ Beta(a/K,b(K—1)/K)
B ~G(1,1).
For a more complete review of results with this approach see [32]. Large-scale problems

are considered using Gibbs sampling yielding encouraging results compared to existing

methods.

Infinite Factor Model

In the Infinite Factor Model we assume that each column of M can be written as

my =Y W] + &, (1.43)

K
k=1

where the prior construction is as follows.
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. -1
J
u,-jNN 0, (”/H&) s V,‘jNN(O,l)
=1

€, ~N(0,s)
%j ~ Gamma(1/2,1/2) (1.44)
01 ~ Gamma(ay,1), & ~ Gamma(ay,1) £>2
a; ~ Gamma(l,b), a; ~ Gamma(l,D)
s ~ Exp(1).
This model begins with a conceivably infinite number of factors and a finite number of

factors manifests in learning a 6, > 1 and a bound on each ¥;;. In this case as k — oo we

have (y, j Hé':l 54) — 0, which in turn means that u; — 0. Bhattacharya and Dunson [3]
use this model with a simple Gibbs sampler to learn the posterior distribution. They show
it performs well compared to other competitive methods in covariance matrix estimation,

regression coefficient estimation, and variable simulation.

Gamma Process

Finally, in the Gamma process setting we assume that our data can be modeled so that m,,|x;, ~
N(Wx,,o?I) where x, ~ N(0,Ix). We can integrate out x, to get that n, ~ N(O,WWT +
o’I). In this model we place a gamma prior on the entries of W and use a hierarchical

gamma process to complete the prior construction for W,

Wak|ri, ¥ ~ G(¥re, 7)
Fk|7’o,Co ~ G(w/K,co)
G(1,1) (1.45)
YONG( 1)
(1

1)

co~G

Where G(x|a,b) denotes the gamma distribution

ba
G(x|a,b) = ——x*"le . 1.46
(xa.b) = Frg' e (1.46)
As was the case for the two models previously discussed, this model in practice assumes a
large fixed value of K. Unlike the other two models, it is difficult to explicitly calculate the

number of latent factors. The Gamma process performs a soft thresholding on the true number
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of latent factors, K*, in that along each row of W there will be roughly K* positive entries
and K — K* entries closer to zero. We now discuss how to learn the posterior distribution in
these Bayesian models in a more efficient way.

For all of these Bayesian methods, it is key to learn the posterior distribution in a
computationally efficient way. MCMC methods can be unacceptably slow and while the
authors for the infinite factor model and the Beta-Binomial process are able to use efficient
Gibbs-sampling, they are not able to apply the models to big data. This motivates the next
section, which introduces a methodology for fast and efficient posterior learning.

1.4 Variational Inference

1.4.1 Introduction

A key task in many machine learning applications is to calculate posterior moments in
Bayesian analyses of probabilistic models. Historically, Markov Chain Monte Carlo (MCMC)
has been used to do this [4]. In this section we present an alternative method, stochastic
variational inference (SVI). Stochastic variational inference approximates the posterior
distribution and as algorithm evolves, minimizes the “distance” between the true posterior and
the approximated variational distribution. SVI has been used in many different applications
including our application of recommender systems, large scale document classification [14],
computer vision [4], and a multitude of data sets across many different fields. It has been
found to be faster and more easily scalable to big data sets than MCMC methods. In what
follows, we develop the general theory of stochastic variational inference and describe
methods to make it more scalable to big data.

Let w(x,D), n(x), and 7(x|D) denote the joint, prior, and posterior distributions respec-
tively, where D is the observed data. Suppose 7(x|D) is intractable, then let gg be the
“variational distribution” which is an estimate of 7(x|D). The goal of Variational Inference is
to optimize the parameters 0 of gg so that it is as close as possible to 7(x|D). “Closeness” is

measured by the Kullback-Leibler divergence:

KL(x(1D)l00) = | (1D)log ”;92? dx = By logm(x|D)] — Epllogge(x)]. (147)

In general, KIL(7(-|D)||qe) cannot be calculated since 7(x|D) is intractable. Instead of

minimizing the KL divergence one can obtain the same result by maximizing the evidence
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lower bound (ELBO):

w(x,D
L(6) = [ qo(x)tog” 3

=Eq, [logm(x,D)] — Eqq [logge (x)]
Eqy, [logm(x,D)] — Eg, [logge (x)].

Note that (x,D) = n(x|D)x(D) and is much easier to evaluate than 7(x|D). Another
way of writing L(6) shows clearly that it is a lower bound on the log likelihood of the data:

L(6) :/xqg(x)logz(:(’g)dx-l—logn(D)/xqg(x)dx

— —KL(go||7(-ID)) +logn(D) < logn(D),

where the last inequality holds because the KL-divergence is nonnegative (A.1).

In the Mean Field Method we assume that our approximation to the posterior can be fully

factorized:

D
qo(x) = [ Jge,(x). (1.48)
i=1

With this fully factored form we can analytically derive an expression for each gg;(x;)

that produces a local maximum for L(0) (A),

qe,(xi) = Zliexp (E,_, [logn(x,D)]), (1.49)

where ¢_; is the posterior distribution of all parameters excluding the i and Z; is a
normalization constant. When Equation 1.49 can be solved for analytically, the variables
are updated via coordinate ascent. Coordinate ascent variational inference (CAVI) works
similarly to Gibbs-Sampling where the parameters are iteratively set to their local maximum,
dependent on the setting of the other parameters [12]. If we are working with conjugate
exponential families then the above expression is often in closed form and can be calculated
exactly [14]. However, conjugate exponential families are sometimes limiting and a more
complex model is needed to describe the data. In these cases, the update equation is not
necessarily available analytically. Stochastic Variational Inference (SVI) uses the idea that
the posterior distribution can instead be updated using gradient ascent, where the gradient is
a noisy, unbiased, estimate of the true gradient. If the noisy estimate of the gradient can be
obtained more easily then this allows variational inference to be applied to many types of
models and larger data sets.
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We update g, (x;) to maximize L(6) by taking a noisy, but unbiased estimate of the
gradient
VoL(0) = VgE,,[logrn(x,D) —logge(x)]. (1.50)

Note that we update gg,(x;) by updating only the parameter 6; that describes it within some
probability distribution form, we do not allow gg,(x;) to change to a different form of

probability distribution. We thus update
00 =0~ 4 pVorL(6" D), (1.51)

where p; is the step-size. Robbins & Munro [24] showed that if the estimate of the gradient
is unbiased, so E(VyL(0)) = VoL(6) and

Y pr=coand Y p} <o (1.52)

then convergence to the optimal 0 is assured. Although convergence is assured, it can be
unacceptably slow. We discuss our method of increasing the speed of convergence in the

next chapter.

1.4.2 Big Data and Variance Reduction Methods

A difficulty of stochastic variational inference is scalability. Many models arise in the
context of big data for which there is a small set of global parameters and a large set of local
parameters [14]. Examples of this type of model are the hierarchical Dirichlet process topic
model, latent Dirichlet allocation, and the model we use later in this work. In these types of
situations, the ELBO can be separated into a global term and a sum of local terms. Let p(x)
denote the joint distribution 7(x, D) for simplicity. Let ¢; denote the i local variable. Then
the ELBO is,

N
L(8) = Eqgq, [logm(B) —logge (B)] + ; Eg, log7(¢i|B) —logga, (#ilB)].  (1.53)

Variational inference using coordinate ascent can be slow because the global variational
parameter update depends on all the local variational parameters. Thus the local variational
parameters must all be optimized before the global parameters can be reevaluated. Hoffman
et al. [14] alter this so that the gradients of the ELBO are computed much more cheaply
but are still unbiased estimates. A uniformly picked local variational parameter is locally
optimized given fixed values of the global variational parameters. Then the global variational

parameters are updated via stochastic gradient ascent using the optimized local variational
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parameter as though it represented the entire set of local variational parameters. Choose
t € {1,...,N} uniformly and optimize ¢ with  fixed. Then approximate the ELBO as

1,(0) = By, [logm(B) —logqe, (B)] + NEq, [log(9i|B) —loggs, (41B)).  (154)

And since E,[L(6)] = L(0) this is an unbiased estimate that is much cheaper to compute.
This is used to update the global parameters. Then the local variational parameters are
updated via coordinate ascent (which could be approximated stochastically if the update
equation cannot be solved for analytically).

Algorithm 2 Scalable Stochastic Variational Inference [14]

Initialize 6() and set a step size schedule p;.
repeat
Sample  ~ q6,-
Choose index ¢ ~ Unif(1,...,N).
Optimize the local parameters ¢, with respect to B) to construct L;(8).
Update 9[(;+1) = p,9[(;) +(1 —p)VgﬁL,(G(t)).
Update local parameters ¢; using coordinate ascent.
until Convergence

Now we consider maximizing the ELBO via stochastic gradient ascent. Let f(x) =

logp(x,D) —loggg(x), we have the following identity:

VoL(0) = VoEy, [f(x)] = Egy [f(x)Vologge (x)]. (1.55)

We can approximate this stochastically as
1 S )
VolEy[f —9 2 v910{;619( ), (1.56)

where x(8) ~ qe- Let g(x) be a function whose expectation with respect to gg can be
calculated analytically and that approximates f(x) well in the highly probable regions of gg.
An important component of the stochastic gradient method is to reduce the variance of the
approximation to the gradient. Several different methods have been introduced to do this
[22], [19]. One popular method is the control variate method, which uses a tractable function
g that is highly correlated with the intractable update equation and then corrects the gradient
for bias [22]. Here, by “tractable” we mean that g has an analytical form. We construct our
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control variate f so that it has the same expectation as f(x) and variance as small as possible

f(x) = f(x) —a(g(x) —Eqlg(x)]) . (1.57)

Cov(f.8)
Var(g)

covariance are unknown and so are approximated with the sample variance and covariance

Choosing a = ensures that f has minimal variance, however the variance and

that are generated by the stochastic variational algorithm. It can be shown that the reduction
in variance is directly related to the correlation between f and g so that the variance is
reduced more when f and g are more highly correlated. The stochastic approximation with

reduced variance then becomes
VoE,[f(x)] = VoEy[f(x) —a(g(x) + Eyle(x)])]

138 (1.58)
— Ve, g+ § X (£ - agla) ) Vologg(0)
s=1
This describes how to construct a control variate for f(x), however it would be better to
construct a control variate for f(x)Vglogg(x|0) which follows the same method with a
modification described in [22]. A simple form of the algorithm is given below.

Algorithm 3 Stochastic Variational Inference using Control Variates [22]

Initialize 6(©) and step size schedule p;.
repeat
Let g(x) be a tractable function that is highly correlated with f(x).

Sample a small collection x*) ~ ¢(x|8) to form a.

Cov(f,g)
Var(g) *

Sample x¥) ~ ¢(x|0) for s = 1,..., S, where S is an appropriate sample size.

S
Construct stochastic gradient: § = % y ( f (x(s)) — ag(x(s))> Vglogq(x(s)w).

§=

Using the samples to approximate Cov(f,g) and Var(g) seta =

Update 8+ = (1 —p,)0®) +p,8.

until Convergence of parameter 0

The next approach we discuss to control the variance of the approximated gradient is
what we will use later on. In this approach, the variational distribution is expressed as a
transformation of a standard random variate [19]. Let z ~ 7(z) be a random variable such
that x = y(z, 0) has the same distribution as x ~ gg. (For instance let z ~ U[0, 1] and define
y(z,0) to be the inverse CDF: y(z,0) = F, 1(2)). We can rewrite the form of our update
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equation in terms of this random variate z,

VoEgq[f(x)] =Er(z) [Vow(z,0)Vif(y(z,0)]. (1.59)

We approximate this by Monte Carlo by first drawing 729 ~ 7(z) and then setting x8) =
v(z®¥), ) and approximating the gradient as

VoE, f Z Voy(z! Vo f(x®). (1.60)

This transformation generally reduces the variance so well that only one sample is needed
[19]. Some idea as to why this reduces the variance is that on the left side of Equation 1.59
we must compute the gradient of f(x) with respect to the parameter 6 that describes its
variational distribution, but on the right side we compute the gradient of f(x) directly with
respect to x.

1.5 Langevin Method

An alternate method to estimate an intractable posterior distribution is the stochastic gradient
Langevin dynamics method. Recall that 7(x,D), 7(x), and 7(x|D) denote the joint, prior,
and posterior distributions respectively. Similar to the Metropolis-Hastings algorithm we can
construct a Markov chain to converge to the target distribution. The idea is that if we know
a density function up to a constant of proportionality we can define a “Langevin diffusion”
with the target function as the stationary distribution. We say X is a Langevin diffusion for

distribution f with “scaling” o if it satisfies the following stochastic differential equation,
dX(t)=b(X(t))dt+0o(X(t))dB(t), X(0) € R", (1.61)

where B(-) is an n-dimensional Brownian motion, a(x) = o(x)o’(x) is an n X n symmetric
positive-definite matrix with locally uniformly Holder continuous entries, and b(x) satisfies

for each coordinate b;(x),
bi(x) :lia~(x)alogi+51/2 fi 5 12(x) (1.62)
l 25 Y ox; = ox ’

where &(x) = deta(x). Kent [16] shows that if X satisfies the above equation, and a few

non-explosion criteria, then X has f as its unique stationary distribution.
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We know the posterior distribution up to a constant since 7(x|D) o< m(D|x)7(x), so we
use this method. Now let o =1, f = m(x,D) and let i), ~ N(0, &) and consider the discretized
version of Equation 1.61,

Vi = %Vlog(n(xw)) 1. (1.63)

This discrete version must be corrected by a Metropolis-Hastings algorithm. However, if we
let € — 0 as t — oo then, in the limit, this discrete version approaches Langevin dynamics
and thus 7(x(|D)) is its stationary distribution. Thus for large enough ¢, updating x; becomes
the same as drawing it from its posterior distribution.

Welling and Teh [30] combine the idea of Langevin diffusion with stochastic gradients
to form the “stochastic gradient Langevin dynamics” method. At each time ¢ we update the
parameters of the posterior distribution, x, by taking the step

g
Ax; = E’ (Vlogn(x,) + ZVlogn(Di]xt)> + 1y, (1.64)
where & decays in such a way that,
Y e =ccand } & <. (1.65)
t=0 t=0
For smaller values of t we have the stochastic gradient method which gets us closer to the

maximum a posteriori estimate. As shown by Welling and Teh, as t — oo, Eq 4.1 approaches

Langevin dynamics and converges to the posterior distribution.






Chapter 2

Approximate Thompson sampling for
sequential matrix completion

The aim of this chapter is to construct a recommender system that uses the gamma process
factor model introduced in the previous chapter to estimate a partially observed matrix and
Thompson sampling to determine the next sequence of entries to observe.

In this application of the gamma process factor model, slightly differently from the
treatment in the first chapter, we treat the columns of the true matrix as parameters and we

have the observation at time ¢ as,
Y, =t (Z/M)+g, (2.1)

where, again, tr (Z,T M ) corresponds to some m;; entry of M. We assume the N columns of
the true matrix, denoted by my, ...,my € RF are drawn from a multivariate normal

My |x, ~ N(Wx,, 6°T), (2.2)

where x, ~ N(0,I). We can integrate out x, to get that m, ~ N (O,WWT + o?I). In this
model we place a gamma prior on the entries of W and use a hierarchical gamma process to

complete the prior construction for W,

War|ri, v ~ G(yre, )
Fk|}’0,Co ~ G(n/K,co)

(

G(1,1) (2.3)
YONG(L )
co ~ G(1,1).
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In the case that f = 0, which is the case we test empirically in the next chapter, each entry
is only observed once. Because of this we simply treat each m;; as the noisy observation
rather than a parameter to update. To choose an entry sequentially in Thompson sampling,
we must sample the posterior distribution of the unobserved entries. Let m,, be our vector

. muy . .
of observations such that m,, = where m,,;y is unobserved, and m;,, is observed. The
muo

posterior distribution can be written as,

p(muy|mio,....myo,W,0) = p(muy |muo0,W,0)p(W,0|mo,...,mno). (2.4)

The first factor on the right hand side is a normal distribution, which we sample efficiently
using a method described below. The more difficult task is sampling the posterior of W and
o in the second factor. The sections below describe several approximate schemes to perform
this task. For now assume we are able to sample from this distribution.

To sample from p(m,y|mu0,W, o), let £, = WWT + 621, but with permuted rows and
columns so that if ¥,;y,X,00 correspond to the covariance between m,,;; and m,o respec-

tively then,

Y Y
Zn _ nUU nUQO ‘ (2.5)
Y.0u Xnoo
Then
myy W, |Mno ~ N(.anain), (2.6)
where
fin = Zu0%,,00Mn0; (2.7)
and
%y = Zou + ZavoZ,p0En0U (2.8)

For our policy to choose entries we employ Thompson sampling. For computational effi-
ciency, rather than observing only a single entry at a time and then re-evaluating the posterior
we observe Nops at each step.

Before going into detail in both posterior estimation methods we mention that both
stochastic variational inference and stochastic gradient Langevin dynamics estimate the
posterior distribution using the log joint distribution given only the observed entries along

the way. To construct this we must modify the covariance matrix for each m,, as described
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previously and the log joint distribution is,

1

1 - _
logp(mio,....mno, W, 1,7, Yo,c0) = = 0g|2n00|——mTo(Zn00) lmno))

[\)

ZZ (Yrklog —logl(yry) + (yri — 1)logWay — deY)
a

(—log co) —log(T (71?) (E—l)logrk—cork)
k

—Y— % — Co.
(2.9)

On an implementation note, to sample a conditional multivariate normal efficiently we use

the trick described in [11]. To sample from N(fi,,%,) we sample

Zy
Z= < v > ~NO,WWT + 621), (2.10)
noO
and use this to set,
My = Znv +X12X5) (M0 — Zuo), (2.11)

refer to [11] for a full explanation of this method.

For the more general case of B € (0, 1] we must reformulate the method. In this paper,
the algorithms we use do not construct confidence intervals, however it may be useful to
do so in later work. In order to construct a confidence interval, we must be able to sample
the same entry more than once. Thus, for theoretical purposes, we must have 3 > 0. The
logarithm of the joint distribution in this case is,

1 4
logp(Yl,...,Y,,M,W,G,St)°<—§Zlog(&‘) Z Z Yk_mij)z
k=1 i,J k=(i,))
N T, .2 Al T, 2
—Elog(]WW +0°1]) + Z (ww' +o Iy)

Yy (mlogm —logT(yre) + (yri — logWe — wdky)
d k

-l-; (%log(co) — log(F(%) + (% —1)logry — Coi’k)
—Y— "% — co.
(2.12)
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In this case we estimate the posterior distribution for the parameters of M as well and then

for each (i, j) draw corresponding

Ye ~ N (tr (ZY), &) p(YIW,0) p(W,0]X1,....X) . (2.13)

2.0.1 Stochastic Variational Inference Method

In order to calculate the posterior distribution we must approximate it. We use two different
methods and compare their performance- stochastic variational inference (SVI) and stochastic
gradient Langevin dynamics (SGLD). First we discuss explicitly how we use SVI.

For the variational posterior, we can use the form of the update equation 1.49 to see that
the variational posterior should be a product of gamma distributions,

D K
qaW,r,v,%,c0) = [ [ [TaWarlaa bax) [ T a(rlar,, br)a(Yiay,by)q(Wlay,, by )q(colacy, be,)-
d=1k=1 k=1
(2.14)

Normally we would iteratively maximize the ELBO with respect to each variational

K

posterior by setting each ¢;(x;) to the locally optimal update derived previously. However
this can only be solved analytically for cg, thus we use the stochastic gradient method for
each parameter. We will derive the update equation for cp to demonstrate how the mean field
approximation simplifies the update,

(2.15)

10gQ(00!ac0,bco) f fff ( Z IOgN(ml‘O WWT+GZI)+ Zl Z 10gG<deW"k7 )
derk Y% \i=l =lk=

kZ logG(r| /K, co) +10gG(¥|1,1) +1ogG(y|1,1) +

logG(coll, 1)) n kl_T q(Waklagr; bax) H q(rilar,,br)q(Ylay, by)a(Wlay,by).
Because the mean field assumption makes the posterior a product of independent distributions

this simplifies to

[Z//loga el 0/ K €0)q(relaan,, bn )a(Wolayy, by ) | +1ogGlco|1,1) +const.  (2.16)
k=1

c Yo

Working this out one finds that indeed the variational posterior is a gamma distribution with

parameter updates
@ +1
allt = %—1—1, 2.17)
lH(aYo )b}’o
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and

Z W' (2.18)
k=1 F(ark )by,
For the other parameters, we cannot solve the update analytically because it amounts to
integrating over the gamma function. Thus we use the stochastic gradient method where, for
computational ease, we use the very similar log-normal distribution rather than the gamma
distribution. To be clear, the variational posterior construction is,

logWi ~ N (Lw,,, 17, ) (2.19)
logri ~ N(lr,, 07.), (2.20)
logy ~ N(tiy, 07), (2:21)
log}/() ~ N(.uYoa 70) (222)
logco ~ N(py, CO) (2.23)

The ELBO is E,(logp(x,D)) + H(q), where ¢ represents the product of variational posterior
gamma distributions and H(gq) is the entropy. The log joint is given in the previous section
and the entropy is,

H(q) o< (zd:zk:logcwdkexp(uwdk + 1/2)) + (Xk:logarkexp(,urk + 1/2)) (2.24)

+logoyexp(uy + 1/2) +logoy,exp(y, + 1/2) +logoe,exp(te, +1/2). (2.25)

Algorithm 4 Stochastic Variational Inference for Gamma Process Factor Analysis

repeat

For each parameter W\ _pk, r1_k, ¥, %, (co), sample a separate z; ~ N(0,1).
1 1

Set each parameter to log-normal: logWy = Uw,, + szka%dk, log i = Wy, + 2,07,
etc.

Set gy = Viv/. g = Vi 8 = S 8= S (8= 31 )

Using chain rule compute gELBO, gELBO, etc.

Compute step size A using AdaDelta.

Update tw < tw + Auy 851 5o TEPeat fOr Ly, ty, Ly, Ley-

Update oy < ow +Agy, gngVBO’ repeat for 6,,0y, Oy, O,
until convergence
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We express the variational distribution as a transformation of a standard random variate

to control the variance of the gradient as discussed in Section 1.4.2. That is we use that,

VGqu [f(x)] = Eﬂ:(z) [VG W(Za O)VXf(W(za 6)] (2.26)

Here we let y(z, {1,0}) = exp(u +'/%z) and z ~ N(0, 1).
Given the updated variational parameters L, and 64, we can approximate p(W, c|mo,...,myo)
by drawing the model parameters from their variational posterior. For instance, for Wy, we
draw,
zak ~N(0,1), (2.27)

and then set 1

War = Hw, +zdk0‘%,dk. (2.28)

The choice of step size for the variational parameter updates is critical to the runtime of

the algorithm. Here, we use the AdaDelta Method to ensure fast convergence that is mostly
unaffected by the initial choice of parameters. The idea behind AdaDelta is to take a step size
proportional to the ratio of the previous w — 1 step sizes to the previous w gradients. This
helps to ensure that the parameters do not oscillate about the optimum because the gradients
are so large that the optimum is overshot. It also helps ensure that the algorithm does not
search too slowly in a region where the gradient is small. The AdaDelta method removes
the need to artificially construct a step size schedule and is insensitive to large gradients and

noise [31].

2.0.2 Stochastic Gradient Langevin Dynamics Method

Let x = (Wiy,...,Wpk, 1, ...,7k, 0, Op,co). We update our model parameters as described in
Eq. 4.1,

g
Ax, = 5’ (Vlogn(x,) + ZVlogﬂ(mm, ---,WlNolxt)) + 1, (2.29)

where 1, ~ N(0, &), & decays as r~'/3, and log(7(x;)) and logz(D;|x;) are computed using
Eq. 2.9. As is discussed in the previous chapter, for ¢ big enough, updating the parameters
is the same as drawing from the posterior distribution. Thus by updating 6 and W we can
sample from

p(W,c|mio,...,myo) (2.30)

Since each entry of x must be nonnegative we do the following transformation to avoid a con-

strained optimisation. Let u denote our unconstrained variable and define the transformation



29

Algorithm 5 Marsden and Bacallado Algorithm with SVI Posterior Estimation

1: Initialize N, P, some upper bound on the rank, K, some upper bound on the variance, o,
and the discount factor 8 € [0, 1].
Sample K(N + D — K) entries uniformly with replacement
repeat
Construct the ELBO using only the observed entries, i.e. from Eq. 2.9 and Eq. 2.24
Approximate the variance of WWT 4 ¢2I from the yet-to-be-updated variational
posterior using MCMC to determine number of steps for Variational Inference, Nteps
and number of observations to be made, Nops.

6: for i=1, ..., Nyeps do
7: Update ELBO and variational parameters
8: end for
9: for n=1, ..., Ndo
10: Compute p(muy|muo,W, o)
11: end for
12: for i=1, ..., Ny do
13: For each n, draw my, ~ p(muy|muo,W,0)p(W,c|mo,...,myo)
14: Incorporate discount factor for each entry: m,; < mnkﬁN’"nk , where N, , is the
number of times entry (n,k) has been observed
15: Observe the entry with largest corresponding reward
16: end for

17: until Matrix can be solved with convex optimisation method

T as,
x=T(u) =log(1+e"). (2.31)

We update our unconstrained variable u by computing

Auy = (% (Vxlogﬂ(T(u,)) + YV dogr(Di|T (i ))) ) T (uy) (2.32)

We update the unconstrained variable by taking step u; | = u; + Au; and then set x;4.| =
T (ur1) + i

Note that in practice we now add the absolute value of the noise after applying the
transformation to our unconstrained variable. Furthermore, from [21], it seems that, in
practice, it is better to let ¢ be fixed rather than decay. With a decaying ¢ a Metropolis-
Hastings step to correct for discretization becomes unnecessary, however with a fixed r we
would technically need to do this and we instead omit it. Finally, we add noise with variance
to match the scale of the data so that it doesn’t dominate the noise in the model, but also so

that it is not so small it is completely negligible.
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Algorithm 6 Marsden and Bacallado Algorithm with SGLD Posterior Sampling

1:

~

10:
11:

12:
13:
14:

AN A o

Initialize N, P, some upper bound on the rank, K, some upper bound on the variance, &,
and the discount factor 8 € [0, 1].
Sample K(N + D — K) entries uniformly with replacement
repeat
Compute logp(mio,...,myo,W, 1,7, Yo, o, ©) from Eq. 2.9
for i=1, ..., Nyeps do
For each model parameter:W,r, v, Y, co,0 compute the corresponding uncon-
strained update from Eq. 2.32
Set Wyr1 =T (uWsi1) + nw,|, 41 = T (ure1) + |0y, ete.
end for
for i=1, ..., Ny do
For each n, draw m,, ~ p(m,y|mno,W,o)p(W,c|mi0,...,mno)
Incorporate discount factor for each entry: m,; < mnkﬁN’”nk , where N, , is the
number of times entry (n,k) has been observed
Observe the entry with largest corresponding reward
end for
until Matrix can be solved with convex optimisation method

2.0.3 Singular Value Thresholding Method

Algorithm 7 SVT Comparison Method

1:

Initialize N, P, some upper bound on the rank, K, some upper bound on the variance, o,
and the discount factor 8 € [0,1].
Sample K(N + D — K) entries uniformly with replacement
repeat
Compute estimate M of the true matrix M using nuclear norm minimisation
Incorporate discount factor for each entry: my; < mnkﬁN’"nk, where N,
number of times entry (n,k) has been observed
Observe the entry with largest corresponding reward
until Matrix can be solved with convex optimisation method

. 1s the

As a baseline comparison we use a singular value thresholding method. At each step we

simply use our set of observed entries to construct an estimate of the true matrix using nuclear

norm minimisation as explained in the introduction. Given this estimation we greedily pick

the Nops largest predicted entries. The idea is that exploration is achieved in the beginning

when the estimate has a large amount of error, and exploitation is achieved as soon as the

estimation becomes more accurate.



Chapter 3

Results

For the Thompson sampling simulations we use Theano [2] in conjunction with Lasagne, a
small library build to train neural networks in Theano, to compute and update the parameters
and hyperparameters of our model. We run our code on an NVIDIA Tesla K20 graphic card.
Below is a profile of the runtime using a CPU and using a GPU, showing the benefits of
using a GPU. For the singular value thresholding comparison method we use the MATLAB

software written by Emmanuel Candés and Stephen Becker [6].

4 x10
——GPU
——CPU
3 k
E?
H
l k
0 M

0 200 400 600 800 1000
Matrix size: N x N/10

Figure 3.1 Runtime speed-up of the SVI Thompson sampling algorithm using the NVIDIA
Tesla K20 graphics card.

3.1 Posterior Estimation Tests

We first test that both SVI and SGLD are able to effectively estimate the posterior distribution
when given the full data matrix M without any missing entries. To see the ability of each
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algorithm to adapt to different true ranks of the covariance matrix we test a 100 x 100 matrix
with true ranks 1,30, 100 and user-defined rank threshold K = 30.
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Figure 3.2 Plot of the eigenvalues of the estimated covariance matrix. Left: SGLD Method.
Right: SVI Method.

We give the algorithm the full data set and let it update the model parameters as defined
in the SGLD pseudocode and SVI pseudocode. We plot the eigenvalues of the estimated
covariance matrix for each rank and each method. For the SGLD we see a clear response
to the true rank of the data. For the SVI method we also see a response to the true rank of
the data since the eigenvalues decay much faster for the rank 1 matrix, however not quite as
obvious as that for SGLD. Below we plot the convergence of the log-likelihood when the
parameters are updating with SVI with different true ranks. We see that convergence occurs
only a few steps into the algorithm, which is generally not the case. This might suggest that
the SVI parameters are quickly trapped in a local minimum or possibly that the mean-field

approximation makes the centre of the variational posterior very inaccurate.
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Figure 3.3 Evolution of log-likelihood as parameters are updated with SVI. Left: True Rank
1, Middle: True Rank 30, Right: True Rank 100

3.2 Bandit Results with Synthetic Data

To test the performance of each algorithm we construct a D x K factor matrix W, for ranks
K =1,5,10,15,20, and D = 100. We draw N = 1000 columns from a multivariate normal
with covariance matrix WW7 +0.11. Due to slow computation time we are only able to
average each algorithm over 5 different runs. We measure the “regret” in that we construct
the optimal sequence of actions knowing the full true matrix and subtract the cumulative
reward from the cumulative reward achieved by the policy of each algorithm. For these
Bayesian methods we set the user-defined threshold rank to be K = 20. In the analysis we
also include the “Oracle” results where the true covariance matrix is known and at each step
the entries are chosen by drawing from the conditional multivariate normal given the set of
observations. Every test run considers the horizon H = K(N + D — K). This is the number
of degrees of freedom for a matrix with rank K. In general most methods can complete an
N x D matrix of rank K within a factor of this horizon [7]. For the SVI and SVT algorithms
we either update the posterior distribution or perform singular value thresholding 20 times
and observe Nops = |H /20| entries before updating again. For the SGLD algorithm we

iterate 200 times since drawing from the posterior requires the stochastic gradient iteration.
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Figure 3.8

When the rank is low we see that the Thompson sampling methods have faster growing
regret than the singular value thresholding method. The regret of the singular value thresh-
olding method increases at nearly the same rate as the Thompson sampling methods, but
quite soon levels off. This indicates that the method is able to complete the entire matrix
with good accuracy. However the next plots show that as the true rank of the data grows, the
Thompson sampling methods begin to outperform SVT. The transition from increasing regret
to leveled regret is sharper for the SGLD method than the SVI method.

To analyse the exploration of each method we show a sequence of heatplots in which
each sequential frame shows the next 500 observations. To see if there is an effect of the true
rank of the data on the exploration we show the plots for rank 1, however the behavior is

generally the same for ranks 5, 10, 15, and 20.
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Figure 3.9 Sequence of observations with Oracle policy. True Rank: 1.
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One obvious observation is the tendency towards exploitation rather than exploration

on part of the Thompson sampling algorithms, and in particular the SGLD algorithm. Both
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methods seem to observe entries in a highly non-random fashion, even towards the very
beginning when the posterior distributions should not be too concentrated. While the regret
of the methods changes in response to increasing rank, the exploration pattern of the methods
seems to be unaffected.

3.3 Bandit Results with MovieLens Data

We test the algorithms on a 1000 x 100 matrix from the MovieLens dataset [1]. To complete
the missing entries initially we use OptSpace [18], an algorithm known to perform well on
the MovieLens data set [17]. Thus we ultimately use a modified version of the MovieLens
data so that we can compute the regret of each algorithm. Again, we only consider the
horizon K(N + D — K), where N = 1000, D = 100, and we let K = 20.
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Figure 3.13 Cumulated Regret with the MovieLens data set.

The data shows that the Thompson sampling methods outperform the singular value
thresholding method for this data set. The performance is particularly good when the
posterior distribution is updated using stochastic variational inference. Also note that within
this small horizon the regret of the Thompson sampling methods begins to decrease whereas
the singular value thresholding method stays level. This may indicate that even after SVT
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has levelled off, the Bayesian methods have a more accurate estimate of the true matrix since

they are able to account for the large entries not previously chosen.



Chapter 4
Conclusion

This chapter consists of two parts. The first is a discussion of the results and suggestions for

future research. The second is a more rigorous proposal for a new bandit policy.

4.1 Discussion of Results

Both the synthetic data results and the MovieLens results show superior performance of the
Thompson sampling algorithms, particularly the SVI algorithm, for larger rank data. The
poor performance of the Thompson sampling algorithms in the rank 1 and rank 5 case may be
due to the fact that the rank threshold value is too large compared to the true rank. However,
from the initial rank thresholding tests it seems that both the SGLD and SVTI algorithms are
able to adapt to small ranks. Thus we see conflicting behavior. In the matrix completion
setting with a full data set these methods have shown to be independent of the user-defined
rank threshold value. However, in the sequential matrix completion setting this does not
seem to be the case. It is possible that in the sequential matrix completion case it requires
more observations to be able to deviate further from the user-defined rank threshold value. In
future research, further testing of this behavior is necessary.

The heatmaps show interesting behavior on the part of the Thompson sampling algo-
rithms. We see that the variance of the model parameters is too low to allow for efficient
exploration. This is particularly obvious with the SGLD method. While SGLD is effective in
reconstructing the true matrix, it is unable to accurately quantify the uncertainty. The reason
for this most likely lies in the way the algorithm was modified to make it faster. Recall that

in the stochastic gradient Langevin method, at each time ¢ we update the parameters of the
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posterior distribution, x, by taking the step

Ax, = % (Vlogn(xz) +) Viogrn (D,-|xt)) + 1, @)

where 1, ~ N(0, &) and & decays in such a way that,

is,:ooand is,z < oo,
t=0 t=0

For smaller values of + we have the stochastic gradient method which updates the parameters
closer to the maximum a posteriori estimate. Welling and Teh show that Eq 4.1 converges to
the posterior distribution as t — o. However, in the case of sequential matrix completion we
have an iterative process where at each step we must re-estimate the posterior distribution
given the new observations. In order to make the algorithm not too slow we cannot explore
the behavior for very large ¢. Thus we are able to update the parameters close to the MAP
estimate, which explains why the regret of the SGLD method is low. However, we are not yet
able to fully converge to the true posterior distribution, which may explain why the algorithm
is not an efficient explorer.

The reason that the SVI algorithm does not exhibit much exploration may lie in the
technicalities of the parameter updates. When the gradients are very large, in order to stay
in the computable regime, the gradients must be scaled. For the SVI algorithm we used the
well-tested and easily computed AdaDelta method [31]. The idea behind AdaDelta is to take
a step size proportional to the ratio of the previous s step sizes to the previous s+ 1 gradients,
for some s. This avoids two common pitfalls. The first is oscillating about the optimum
because the gradients are so large that the optimum is overshot. The second is searching
slowly in a region where the gradient is small. The AdaDelta method removes the need to
artificially construct a step size schedule and is insensitive to large gradients and noise [31].
However, the scaling of the AdaDelta gradients essentially ensures that the gradients, and
thus the parameter updates, stay on the same scale and within a reasonable range. Perhaps
the variational parameters that describe the variance of the posterior distribution are kept
within too small a range from the AdaDelta method. Again, research into this behavior is

necessary in the future.

4.2 A new proposal

The primitive singular value thresholding algorithm had impressive performance for the rank

1 and 5 cases. Furthermore it was much faster than the Thompson sampling algorithms
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and did not require to be run on a GPU. This makes it an appealing method to use in the
future. However, nowhere does the SVT algorithm make use of the fact that the columns are
drawn from a multivariate normal with a low rank covariance matrix. This leads to the idea
of using an Empirical Bayes approach. That is, perhaps it is more efficient to use SVT to
complete the empirical covariance matrix and then using this low rank approximation for
the true covariance matrix, draw the unobserved entries given the observed entries from the
conditional multivariate. This uses the power of singular value thresholding and incorporates
the knowledge of the model. This method can be cast as a modified matrix Lasso estimator.

For a full set of observations, the estimator would be

S1ass0 = argmin||E — S|3-+A|S]|.
ses?

where SQ denotes the set of DxD symmetric positive-semidefinite matrices, ¥ denotes the
empirical covariance matrix, and ||-||. again denotes the nuclear norm. In the case of
only partial observations we construct one of two possible empirical “covariance matrices”.
Let (z);; be a mask matrix where z;; ~ Bernoulli(8;;). If §;; is constant for all entries, i.e.

Vi, j, 8;; = 6 then we can construct the empirical covariance matrix

| N
T5 = N Z Yn @Yn.
n=1
However if we choose to sample the covariance matrix in a specific manner it may not be the
case that 0;; is constant. In this scenario we cannot simply divide each entry in the empirical
covariance matrix by N since it is possible that some entries are observed much more often
than others. Here we let

1,if Vn € N,yniynj =0
fij=
sij, else (Where Sij = H”b’ni)’nj 7 O} ‘)

Then we construct the empirical covariance matrix

18
Y =% Zyn@)yn,
f n=1
where .x is meant to denote element-wise multiplication. We assume for now that the entries
are indeed chosen randomly within our data matrix Y so that the first empirical covariance

matrix estimator is legitimate. Following the work of [20] we construct a new formulation of
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the matrix Lasso with only partial observations. It is an easy calculation to see that
E(Zf) = (6 — 6%)diag(Z) + 6°%,

where X simply represents the true covariance matrix. To construct an unbiased estimator of

the empirical covariance matrix we take
£5= (87"~ 8 ?)diag(Zs) + 625}
To see that this is an unbiased estimator note that,
L=5E5+ (6 — 5 ?)diag(Z).
Thus the modified matrix Lasso estimator we define to be the following

2LASSOfPARTIAL = argmin| |i§ — S| |% +)L||S||* (42)
Ses?

Lounici [20] shows that this estimator is minimax optimal up to a logarithmic factor.
Interestingly, this estimator has a Bayesian interpretation as a maximum a posteriori (MAP)
estimate under the following prior,

Yu ~ N(O,WWT 4+ 621),

4.3
W ~ N(0,1/V22), @)

where we treat A and o as fixed. In the case of the full data set, i.e. no partial observations,
we have the log joint as

N IS 7ot A2
10gP()’17~--;)’N,W,’”7%YO,CO): —ElOg|S|—§ ZynS Yn _5||W||27
n=1

where S = WWT + 621. Aside from calculating the full posterior distribution, if we want
to find the maximum a posteriori we can simply maximize the log joint since it is proportional
to the posterior distribution. So the maximum a posteriori estimator, 2MA p, satisfies,

« N L 7ot Ao
Yyap = argmax —Elog]S\—E Y s yn—EHWHZ- 4.4)
S=WWT+02] n=1
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The relationship between this maximum a posteriori estimator and the matrix Lasso
estimator follows from two facts. The first is that that the empirical covariance matrix X

satisfies,

N
¥ = argmax ( — —10g|S|—— Z yrs— yn)
Ses? n=1

And so we have,

N
argmax(— —10g|S\—— Z yis— yn> = argmlnHS 5|3
Ses? Ses?

The second fact, as shown in [26], is that if X can be decomposed as U VT, then

Xl = min_[[U][2][V]]2,
uvi=X

thus if we restrict S = WWT, then ||W|[3 = ||S||.. We use these two facts to recast our

maximum a posteriori estimator as

Syap = argmin||S — £[|3 — A(|S] |« = Erasso (4.5)
Ses?

Now in the case of partial data, this equality is no longer necessarily true. Using the

notation from the methods section, the logarithm of the joint distribution is

1 _
logp<ym,...,yNow,r,y,vo,co)=Z< 1oglE00l - 53%o0(E100) 1yno))

n

1
+510g(7t)—7t||W||%-

Thus the MAP estimate in the setting of partial data satisfies

N
S MAP—PARTIAL = argmax  — EIOg\Snoof—z Z )’Z noo)’n HS |-
S=WWT+c621 n=1

Whereas, again, the modified matrix LASSO estimator is

$14550—parTIAL = argmin||E5 — S||3 + 4 |[S].
Ses?
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The relationship between these two estimators has not yet been studied. Future work
might consider studying the relationship between these two estimators and a comparison of

simulations of their corresponding regret when used in the recommender system problem.
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Appendix A

Proof of the analytical expression for the
optimal ELBO update

A.1 The KL Divergence is nonnegative

We use Jensen’s inequality and the fact that logarithm is concave:

And note that the integral is zero if log% = 0 almost everywhere, which is equivalent to

f = g almost everywhere.
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A.2 The Mean Field Method Update Equation

L(q) / [Taixi [Ing x,D) Zloqu (xe) | dx

Kz xj/x [T4i(xi) [logp(x,D) Zlongch)}d

Ji#j
‘IJ xj qu(xi)logp(LD)dx
X-ji]
—/ qj(xj)/ [1ai(xi)] ) loggr(xi) +1ogg,(x;)]dx
% ST =Y

_/q]x] qjlogpr /q]leogq]x] [/ Hq,x,}
X-ii#j
-Y /| qlx / [ Ti(xi)logg(xk)

ktj 7 Xi X-iij
= / qj(x)Eq_, [logp(x,D)] —/ q;(x;)logq;(x;)dx — Z/ [ Tai(xi)logge(xk),
Xj Xj ktjY X—ii#j
where the last equality holds because fxfj ITgi(x;)) =1and ij gj(xj) =1, since each g;(x;)
i#]
is a probability density on its own, and any combination of them is a probability density.
Then looking at the ELBO in terms of just ¢;(x;) we have that,
Lq) = | a5 llogp(x.D)] = | gjtslosg(x)ax— Y, | Taiwlosau(sy)
; A

% =y

:/x q;(xj)Eq_; [logp(x,D)] _/x q;j(xj)loggj(x;)dx+ const
i

j
Zijexp (Eq
[ aoos
Xj

_;[logp(x,D)])
dx 4 const
1
=KL (qj| ] 7 eXp (Eq_; [logp(x,D)] )> + const.
j

q;(x;)

Using the fact that the KL-divergence is nonnegative, the best we can do is when

KL (q il Zijexp (E,_, [logp(x,D)] )) = 0 which occurs only when
qj= Zijexp(quj [logp(x,D)]).

Thus, this is the form for our update equation.



Appendix B

Frobenius Normed-Error of Estimator
Bounds Regret

(Need to reread all of this- don’t waste time editing it yet). We show an inherent connection
between the frobenius-norm error of the matrix estimation and the pseudo-regret. Recall the
notation. The reward for taking action Z at step t is

rz=(Tr(Z"X) +&)B"2,

where (& );>1 is a sequence of independent noise variables with mean 0 and variance 62.
The variable 7; 7 counts the number of times that action Z has been chosen before time 7, and
the parameter 8 € [0, 1] determines a geometric discounting due to observing the same entry
of the matrix repeatedly. We introduce the shorthand: 7r(Z” X) as X7. At each step , the
experimenter observes the reward r; 4, for the action chosen, A;.

The pseudo-regret for finite-horizon M is,

M M
Ru(A) = sup E( ”z,Z,) —E ( Y rt7A,> :
2,y t=1 t=1
We will refer to the sequence of Z;’s above as the “optimal policy” and the sequence of
A¢’s as the “estimator policy”.
In the notation above we use Z to denote an action chosen by the optimal policy and
A to denote the action chosen by the estimator policy. These actions refer to some (i, j)
entry of the matrix and it can certainly be the case that Z, = A, for some ¢,t’. As a warning-
we will have the case that Z; = Z, since the same action can be chosen more than once. To
distinguish between the number of times the optimal policy chooses action Z; before time ¢

and the number of times it is chosen by the estimator policy we let 7; z, be the number of
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times action Z is chosen before time 7 by the optimal policy and we let S; z, be the number

of times action Z is chosen before time ¢ by the estimator policy.

1_BM+1
1-p

We only prove this for the case of zero noise, however a bound on the noise extends to

Theorem 4. Let Ry (A) be as defined above. Then Ry (A) < 2v/M X —X||,

proving the full claim.

Proof. Assume that 6> = 0 so that 1, 7z, = Xz, 7% and r, 5, = X4, B5. Let X4, denote the

value of the A; entry from our estimator. With 6> = 0 we can rewrite Ry;(A) as

M
Ry (A) = sup Zi’z,z,—rt,A,,
Zyyep =1

or equivalently,

M
Ru(A)= sup Y XzB77 —X, B,
Zl7~~-7ZMt:]

Reordering terms, we have the identity:

(XZ,[;TI’Z’ _XAlﬁSz,z, ) + (XAtﬁSz,zt _XZZﬁT”Zt) — ()A(AlﬁSt,z, _XAtBSz,zt ) + (erﬁTt,z, _erﬁTt,Z,).

Summing the left hand side over t = 1,..., M gives you the sum of two regrets- the first is
the regret of using policy (A;) when the true matrix is X, the second is the regret of using
policy (Z;) when the true matrix is X. In particular, both sums on the left hand side are

positive. So, each sum is smaller than the sum on the right hand side. Thus we have

(R, B — X570 ) + (X, BT — Ry, BT

IA
Mx

Ry (A)

H
I
—_

B4 |Xa, — Xa, |+ B | X7, — X7,

IA
Mx

H
I
—_

1_ﬁM+1 .
<2—F Ix-X|,,
and since || X — X ||? < M||X — X||2 we have
l_ﬁM—H .
Ru(A) < ZWWHX—XHF
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