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N
4 TODAY’S PAPERS

* NADE (Neural Autoregressive Density Estimator)
« 2011 AISTAT.
* Alternative to Restricted Boltzmann Machine (RBM).

« CF-NADE (NADE to Collaborative Filtering)
* 2016 ICML.
* Apply NADE to Collaborative Filtering (CF) Problem.

* Matrix Completion is one of the popular algorithms to solve CF Problem.
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>
. MOTIVATION

* The Netflix recommendation engine use hybrid models combined with
matrix factorization based models (Biased-MF, ...) and deep networks [3].

e Not Netflix Prize.

* The main model used for deep networks is RBM-CF [9].
+  The RBM-CF apply RBM to CF problem.

* An algorithm that works well with practical data.
* Authors of CF-NADE were in Hulu, which is a competitor of the Netflix.

* Jo enhance their recommendation engine.
* By replacing RBM-CF to CF-NADE.

* Personally, the CF-NADE paper is able to get several insights on engineering.
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: RBM TO NADE

* RBM is not tractable by the partition function.

E(v,h)=—-h ' Wv—-b'v—c'h
p(v) =) exp(—E(v,h))/Z,

Z is the partition function.
We should calculate Z by considering all possible v, h

* The goal of NADE:
 Make RBM be tractable.
* To do this, the author of NADE convert RBM to a Bayesian network.

D
p(V) — Hp(vi|vparents(i))
1=1

The thing we need to train in NADE
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: NADE

* The model of NADE:
p(vz- — 1|V<i) — Slgm (bz -+ (WT),L,hZ)

OO0
h, = sigm (c + W. «ivi),

% ‘.
T Z—logp Vi) ZZ log p(vi|v<i) 7

(7
Cisie (01)(v2)(vs)(v)

* ltis a tractable.There is no partition function or similar things.

* For fixed length binary vectors.

* Practical for high dimensional data.

e Practical version of NADE: p(v; = 1|v;) = sigm(b; + V; -h')
h; = sigm(c + Z W.

1<
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-
4 NOTATION AND PROBABILISTIC MODEL

* The training case for user u: r* = (r% 1,7";'#,, 27---77% )
O O °D

* o0isa D-tuple in the set of permutations of (/, 2, ..., D).
* Theitems m; € {1,2,...,M}.
e ¥ €41,2,...,K}.

Mo,

* For simplicity, the index u of r“ can be omitted.

* We want to model the below equation by NADE.

D
p(x) = [Ip (rm.,ltm._,)
1=1

* Tm,_. = (Tmo, s "meys -+ Tm,,_, )i the firsti-I elements of r indexed by o.

* D is the number of ratings by user u.

* 0:ordering.
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N
4 THE BASIC MODEL

* The objective function:

e where .
o (5, (m._,))

* g( ) :activation function like tanh.
¢ Wk ¢ REXM js 3 [atent matrix. V¥ ¢ RM*H js a weight matrix.

e bF e RM and ¢ € R¥ are the bias terms.

KAIST Il




I FIGURES OF THE MODEL
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4 FIGURES OF THE MODEL

Then, we can calculate p (Tm% = k\rm%i) by softmax.

It can be viewed as single-hidden-layer MLP.
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N
4 THE ORDER OF THE RATINGS

* At fist, the authors used timestamps to make order.

 The benchmark datasets (e.g,. Movielens, Netflix) contains timestamps information.

* They found that a random order works well in practice.
* For fair comparison with other algorithms.

* There was no significant difference from using timestamp information.

* The order has to be prefixed before training.
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TEST PHASE FOR BASIC MODEL

* Training phase:

D
— logp(r) = — Zlogp (rm% |rmo<i>
i=1

* Jest phase:
* Given a user’s past behavior r = ("“mo1 y Tmegy e - ,"“moD) :

* The user’s rating of new item m™ can be predicted as:

Pmx = Ep(r,,«=k|r) k

* where
Sppe (T) = b + Vi h(r)
D T
hr) = glet) Wi
i=1
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N
4 WEIGHT SHARING

* 2 kinds of weight sharing in this paper.
 Between users

* Between ratings

* Between users:
* The CF (Collaborative Filtering) has sparsity problem.
* The training data of CF problem is too sparse.

c W, K, ¢ b are shared between users.

* Between ratings:

* Share weighs between different ratings. Why? and How?
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N
4 WEIGHT SHARING BETWEEN RATINGS

* Why!
* Some items may not be rated much.

* lItems that are less rated are less optimized.

* To enhance optimization of items that are less rated

* How! using other weights of other ratings.

(rm ) = [ e+ WS | ——— (e ) =g [+ 3 WE,

1< 1<t k=1

Sl’fnoi (rmo<i) — b]:noi —|_ anOi,:h (rmo<z’) Slfnoi (rm0<z’) — Z (bznoi _|_ V.znoi’:h (rmo<i))

<k

[ Basic model | | Weight sharing between ratings |
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4 WHY WEIGHT SHARING BETWEEN RATINGS WORKS?

* When calculating the parameter of rating k in weight sharing,
the parameters of rating |, ..., k of the basic model are added.

* |tis a kind of regularization,
which encourages the model to use as many parameters as possible to
explain the data.
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4
4 REGULAR COST Cree AND ORDINAL CoOST Coro

 |n the basic model, we use softmax function to calculate cost.

* We call it as regular cost Creg.

* However, rating data has ordinal nature.

* If user u want to give the movie m 4-star score,
the PMF by ordinal cost is more reasonable compared to that by regular cost.

* Ordinal cost could be calculated by ranking loss.

0.5 0.6
0.375 0.45
0.25 0.3
0.125 0.15
| 2 3 4 5 | 2 3 4 5
[ PMF by Regular Cost Creg | [ PMF by Ordinal Cost Cod |
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: ORDINAL CoOST Corp

* What is ordinal nature!
* Suppose T, = k.
* the ranking of preferences over all the possible ratings can be expressed as:
k~=k—1> ... >1
k~k+1> ... =K

* k > k —1 denotes the preference of rating k over k-1.

* ltis used by multiplying two ranking losses (kind of heuristic | think).

* Jo capture this ordinal nature:

p (rm"i ~ klrm%z‘) T K K/
Zk’—l €XP Smoi rm°<z‘

exp(sy, ) exp(sh,,
-_— D (Tmoi — k"rmod) — H ‘ z H K z
regular to ordinal
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SOME NOTES FOR ORDINAL CoOST Corp

Lo exp(st, ) K exp(s), )
p (rm i — k‘rmo<z> — H J t H K t
j:k t—1 eXp(Smo ) j:k Zt:j eXp(Smoi)

* |.Ordinal cost is inspired by Xia et al (2008) [4].
* 2.the equation of PMF by ordinal cost is not PMFE.

* We have to normalize!

* 3.the ordinal cost can not always capture ordinal nature.

e ex.sl s2s3sts2=12.7 23,1

0.5

0.375

0.25

0.125

KAIST 26




N
» THE EFFECTS OF ORDINAL COST

e et h)'bl”ld cost: Chybrid — (1 — A)Creg + ACord
* CF-NADE: the basic model.
* CF-NADE-S: the basic model with shared parameters.

—a CF-NADE

e—e (CF-NADE-S

0.845 |

* The model with weight sharing
outperforms the basic model.

Test RMSE
—
@0
=

* The ordinal cost outperforms

0.835 the regular cost.

0.830 ' ' ' '
0.0 0.2 0.4 0.6 0.8 1.0

Weight of ordinal cost
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: MAKE CF-NADE BE DEEP

* The basic CF-NADE model can be viewed as single-hidden-layer MLP.

* To make CF-NADE model be deep,
all we need is to define the relation between hidden layers.

L) (I. ) _ (cm L WORD (r ))
Mo ; Mo ;

* This architecture is adopted from Uria et al. (2014), which makes original NADE be
deep networks [5].
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: TO TRAIN DEEP NETWORKS

* Training deep networks is difficult compared to training the basic model.

* It has the quite large numbers of free parameters.

* This paper suggest 2 tricks to handle the situation training deep networks.
* |.Data augmentation

* 2.Reduction of free parameters in the networks.
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N
4 DATA AUGMENTATION

* As | mentioned earlier,a random order works well in practice.

e Different order is an different instantiation of CF-NADE for the same user.

* This is key to extend CF-NADE to a deep model.

* Training all possible orderings:
D

C = <1:OCC’) Z _ lng (rmoi ‘rmo<i ; 0)
i=1

* Given a context r,,, , CF-NADE be equally good at modeling r,,,, .

()

e Cost function is rewritten as:
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>
~ REDUCTION OF FREE PARAMETERS

* oo many parameters...
e Wk € REXM  yk ¢ RMxH kedl,2,..., K}

* Netflix dataset, M=17700, H=500, K=35, then 89 million free parameters.
* Weight decay and dropout is ok, but...
* Solution: Factorize W, V by a product of 2 low-rank matrices.

J J
7=1 j=1

¢ e.g.][=50,M=17700, H=500, K=5, then only 9-million free parameters
for Netflix dataset.

* |s this the best way! | think there is better way to make scalability.
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| EXPERIMENTS

o . )2
* Metric: RMSE = \/ Zi:l(g T')

* T is the i-th true rating and 7; is the predicted rating by the model.
* Sis the total number of ratings in the test set.

* 90% training set and |10% test set.

e Benchmark dataset:

dataset H#Users Hltems #Scales #Ratings

Movielens |M 6040
Movielens |OM 71567
Netflix 480189
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N
4 USER-BASED VS. ITEM-BASED

* The model described in previous slides are user-based model.

* We model rating vectors of user: rv.

* Similary, item-based CF-NADE model rating vectors of item: r.

* Some CF papers said item-based CF model outperforms user-based CF.
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Test RMSE

4 EXPERIMENT RESULTS - MOVIELENS | M

0838 f ! ! ! METHOD TEST RMSE
| e—e I-CF-NADE-S (SINGLE LAYER)
0.836 | PMEFT 0.883
U-RBMx 0.881
U-AUTOREC (SEDHAIN ET AL., 2015) 0.874
08341 LLORMA-GLOBAL (LEE ET AL., 2013) 0.865
[-RBMx 0.854
0.832 | BIASMPFx 0.845
NNMF (DZIUGAITE & ROY, 2015) 0.843
LLORMA-LOCAL (LEE ET AL., 2013) 0.833
0.830 |- I-AUTOREC (SEDHAIN ET AL., 2015) 0.831
U-CF-NADE-S (SINGLE LAYER) 0.850
0.828 |- U-CF-NADE-S (2 LAYERS ) 0.845
I-CEF-NADE-S (SINGLE LAYER) 0.830
| | | | | I[-CF-NADE-S (2 LAYERS) 0.829
300 300 400 500 600 700 800 7: Taken from (Dziugaite & Roy, 2015).

Hidden size

x: Taken from (Sedhain et al., 2015).

* In Movielens |M dataset, CF-NADE outperforms all state-of-arts algorithms.
* The double hidden layer model outperforms single hidden layer model.

* |tem based CF model outperforms user based CF model.
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P
y EXPERIMENT RESULTS - OTHER DATASETS

Table 2. Test RMSE of different models on MovieLens 10M. Table 3. Test RMSE of different models on Netflix dataset.
METHOD TEST RMSE METHODS TEST RMSE
U-AUTOREC (SEDHAIN ET AL., 2015) 0.867 LLORMA-GLOBAL (LEE ET AL., 2013) 0.874
I[-RBM7 0.825 U-RBM7 0.845
U-RBMj 0.823 BIASMFj 0.844
LLORMA-GLOBAL (LEEET AL., 2013) 0.822 LLORMA-LOCAL (LEE ET AL., 2013) 0.834
BIASMEFT 0.803 [-AUTOREC (SEDHAIN ET AL., 2015) 0.823
LLORMA-LOCAL (LEE ET AL., 2013) 0.782

U-CF-NADE-S (SINGLE LAYER) 0.804
I-AUTOREC (SEDHAIN ET AL., 2015) 0.782 U-CE-NADE-S (2 LAYERS) 0.803
U-CF-NADE-S (SINGLE LAYER) 0.772 t: Taken from (Sedhain et al., 2015).
U-CF-NADE-S (2 LAYERS) 0.771

7: Taken from (Sedhain et al., 2015).

* CF-NADE shows the best performance even on the larger data sets.

* Now, it is one of the best performing algorithms except MRMA (NIPS 2017).

* MRMA model is not deep networks, but a matrix factorization based model.

* They didn’t use item based CF-NADE because of the computational issue.
* | think that the performance will be better if we use item-based CF-NADE model.
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N
4 ITEM-BASED VS USER-BASED

* At first, the RBM-CF paper [9] said that item based CF model outperforms
user based CF model.

* The AAE paper [8],AutoRec [7] and CF-NADE [2] paper presented the
experimental results supporting the claim.

* There are pros and cons: performance vs computational cost.

* Why item based model outperforms user based model?
* The AutoRec [7] paper said that
* The average number of ratings per item is much more than those per user

* |tis inconsistent with the experimental results with movie lens 100k data of
other papers.

* High variance in the number of user ratings leads to less reliable prediction for
user-based methods.
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VISUALIZATION OF THE LEARNED MODEL

* tSNE of the representations of the movies on Movielens | M dataset.

RED: Documentary
BLUE: Children’s
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COSINE SIMILARITIES OF THE W VECTOR

* They picked 5 most similar movies of the left side movies
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N
4 CONCLUSION

 CF-NADE:

* An efficient and powerful architecture for CF tasks.

* Sharing parameters is a good way to improve performance.

* Better scalability by factorization.

* Can be extended to a deep version and performs well.

* Ordinal cost for rating data

* Meaningful representations

e Source code at:
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https://github.com/Ian09/CF-NADE

: A FOLLOW-UP STUDY

* Implicit Feedback vs Explicit Feedback

 The recommendation using the implicit feedback data (e.g., click or view).

* Generally, implicit feedback problem is more difficult than explicit feedback
problem.

* Because, the view or click can not tell the positive preference.

* Implicit CF- NADE [6]:

p(tlc) = HP (tilt<i,c<i)

* where tis |mpI|C|t feedback data and ¢ is confidence level.

M
y 1 />0 U U
t; :{O - C; :1—|—CW‘7; CZ—ZCﬂOgP(ti\t@,CQ)
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