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B What is it like for an offline recommender system?
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Fig. 1 User-item interaction matrix Fig. 2 Filling-in Blanks

Different recommenders provide different solutions to the same missing value prediction problem.
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B Solution 1. matrix factorization (MF)

lterative Inference
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Fig. 3 Matrix factorization-based recommender systems

Linearly factorizing user-item interaction matrix into the user and item parts.
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B Pros and cons of matrix factorization (MF)

» Pro: Efficient to fuse U/l side-information'' » Con: Inefficient to fold-in new users
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Fig. 4 Pros of MF-based recommenders Fig. 5 Cons of MF-based recommenders
E.g., Through Introducing mutual regularization between Note: Fold-in means inferring user latent variable and making
user/item collaborative variables and content embeddings. recommendations for new users with interactions
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B Solution 2. user-oriented auto-encoders (UAE)

Fetch, and set missing
terms to zero

usxm,l 2 3 Variational auto-encoder (Multi-VAE) is
'='-'="r-'a'fa'-'r-';ar-'a"'-'r: used as the specific form of UAE
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Fig. 6 User-oriented auto-encoder-based recommender systems

Take user interactions, embed into user latent variables, and from them direct reconstruct ratings.
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B Pros and cons of user-oriented auto-encoders (UAE)

» Pro: Efficient to fold-in new users » Con: “impossible” to fuse item information
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Fig. 7 Pros of UAE-based recommenders Fig. 8 Cons of UAE-based recommenders

Folding-in new users needs only one forward _ _ _ _ _
propagation of the UAE network. Because: No latent item variables is considered.
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B Summary of background knowledge
» MF-based recommender system » UAE-based recommender system
1
MO0 Qo
2 Q@ F Q@
g st i AT AT AT LA T
s G 1 e ivadlONORONONC
User latent variables ltem content variables i5§:z“§?--§ O O |O |O
® Efficient to fuse side-information ® Efficient to fold-in new users
® [nefficient to fold-in new users ® [nefficient to fuse item side-information

Can we combine the advantage of both worlds?



| . TEWEB
Main Contribution of MD-CVAE CONFERENCE

B The contribution can be summarized into three folds as:

» We have made a key observation that:

the first & last layer weights of UAE = latent item embeddings
» We introduce a mutual regularization trick that makes:

item content embedding = Multi-VAE weights
» We design a symmetric inference strategy that allows

cold-start item recommendations without model retraining
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Methodology: Mutually-Regularized CVAE -z o= =2
B Generation Process of MD-CVAE

Generative Part of MD-CVAE » Draw latent variable u as Multi-VAE from
u~N(0 2,1 )

» |In addition, we draw latent item collaborative
variable z; and content variable z; as:

Z,~N (02, g ), ze~N (01 )

» We set the item latent variable v as:

V=127, +7Z;

conditional on z;,v follows V' (z, 4,1 )
Fig. 9 PGM of MD-CVAE (Generative) *which is the key to tightly couple z, and v

The details for tightly coupling will be discussed later when introducing optimization. 3
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Methodology: Mutually-Regularized CVAE -z o= =2
B Generation Process of MD-CVAE

Generative Part of MD-CVAE > Use an N — 1 layer MLP, gen’ RX¥: > R¥von u

hgen(u) = MLPu,gen(u);

» Def. VS = [v] v],---»v], and draw r from
r~ Multi(softmax (VS : h;?qen (u)) , #Int)

which defs an N-layer MLP with MLB, ;. (u);

» Generate item content feature x from z;.

Fig. 9 PGM of MD-CVAE (Generative)

The gen. model of MD-CVAE: pe(R' X% U VS Z7) = pg ys(R 1 U) - Po (X5 | Z§) - p(VS | Z§) - p(Z§) - p(U)
9
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ethodology: Mutually-Regularized CONFERENCE
B Difference between MD-CVAE and Multi-VAE decoder

» The vanilla Multi-VAE: » The proposed MD-CVAE

® |ts decoder can be formulated as : ® Its decoder can be formulated as :
r~Multi(softmax (W : hgen (u)) , #Int) r~Multi(softmax (VS : h‘gen (u)) , #Int)

where: where:

O W is the randomly initialized last layer weight O V- is the stacked latent item variables

O No item content information is fused. O v is tightly coupled with z; viav =z, + z;

0 Bad for sparse or cold-start items O Item content info. can be used for rec.

In summary, MD-CVAE principledly unifies Multi-VAE and item content module.
10
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Methodology: Mutually-Regularized CVAE -z o= =2

B [nferential Process

» The variational posterior of the latent variables U,V*® and Z; :

qp (U VS Z | R X% ) = qp(U | R)-qp(Zy | X°) - q(V* | Zp),

UAE encoder Iltem content encoder Gaussian with fixed var. that
couples UAE and item VAE

» Optimization: Evidence Lower Bound (ELBO)

L = Eq,[logpo(R, X%, U, V<, Z§) — logqy (U, V<, ZF | R, X))
= Eq,[logpo(R 1 U) +logp(V= | Z) + logpe (X° | Z7)]

—KL (g4 (28 1 X%) I p(Z8)) = KL (qs(U 1 R) I p(U) ) + C

The entropy of q(V® | Z;) is constant due to its fixed variance.
11
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B EM Like Optimization
» UAE part of MD-CVAE: b-step optimization function

Ay .
A E, [logp(V® | Z;
~KL (q¢(U |R) I p(W)) == Z WO \ a,108P (V" 1 Z0)]

In ELBO

» Dual item content VAE: t-step optimization function
*which constrains v; and z,; to

Ay be close to each other
Ltlstep = Eqpezx) [108299 X1Z) = 1V=Z ]

KL (q9(Z: 1 X)) p(zt)) ~2 W
l

Form: Expected Loglikelihood + Regularization + Mutual regularization
L ] L |

| |
Common for all VAEs Unique for MD-CVAE
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Methodology: Mutually-Regularized CVAE -z o= =2

B Symmetric Inference Process

» The weights of the first Multi-VAE layer can also be viewed as item embeddings

r_U_ﬂTE-;r:c_o_d;r_ _______ "r Zoomed-in view of the first dense layer i O The first dense Iayer:
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Ei ) T _ratings Ei [ 15 emb. @l den enc_i O For mutual regularization, we can

! :|:® @ @ @ ©:|' : :r|6emb" @ New i6, but no i6 emb. | inf

| =STeEee e s it B Vel US| reuse V in decoder by setting W, = V'
Fig. 10 Zoomed-in view of the first Multi-VAE layer which we name as MDsym-CVAE
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Methodology: Mutually-Regularized CVAE -z o= =2

B Prediction for normal items
» This can be done by using only the UAE part of MD-CVAE
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Fig. 11 Recommendation of MD-CVAE procedure for normal items

Highly efficient where three steps can be done with a single forward propagation
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Methodology: Mutually-Regularized CVAE -z o= =2

B Prediction for cold-start items

» What happens if cold-start items exist for Multi-VAE?

O The offline case:

usNﬁ eeapiosaiagesenadon  spRARRARRRRARAANS >
vivitiv] 2l dvivizivie]| -Coldstartitemsare
y “i‘.;‘,*:“*:“-"‘?;“ig ::"‘l'j l"*:“'-:-‘"‘ - Corresponding weights will never be updated
. rg‘i“}*:z;*:%‘,; rj“jg?}:‘ ~ | - Inferred user embeddings may contain
rL __________ A TP ﬁﬁ_!__'__'__
ATV WATiA1e 2 .
) Ey:—aﬂlvﬁ:—ﬂ;ﬂ Er;/—i—,—’ﬂ:—\—/a—,ﬂ—;?—- O The online case:
(a) cold start offline case (b cold start- online case = COld-start items exist
¢ - -~ 3 Training users Fold-in users Cold-start items of first/last layer of Multi-VAE
Fig. 12 Two cases of cold-start rec. - 4 expected but 5 actually inputs/outputs (Fig. 12)
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Methodology: Mutually-Regularized CVAE -z o= =2

B Prediction for cold-start items
» How does MD-CVAE and MDsym-CVAE recommend cold-start items?

Yﬁ O The offline case:
user 8‘11812 lll.l3 ll.l'f:lf'§""| '"‘J‘!‘-‘-F-g-'-'h'-g-'d‘-‘-é--' 5
1 ‘;/__‘;/ .2 'E{___‘{ _‘;/_i_‘_/l_? i}{?_ - Mutual regularization to introduce content info.
TV IVAVIE Y B WV .
;-r‘:/_:__JE(Df_.__ﬂ, -r\/_'__ﬂ(ii‘/;_:_. O The online case (MDsym-CVAE only):
a:iv!v!vj? 2 Hvivivi?i?
41212 21v1 V2 :ﬁ;_:'_;}_ - Denote the old-weights as V3, € R/*Kv
r——l———|———|———r——_—: E———I———1 ————— =1 _ . _ : ]
5 \/-:7: \/ :7: V ; ‘/':7:\/7 ? Denote content embeddings for cold-start items as:
(a) cold start: offline case (b) cold start: online case Vgew = [ll;t,]ﬂ’ ugt,]+2' e l‘l:t,]+]'] € R/ *Kv
¢ ___ *Training users Fold-in users Cold-start items _ Calculate the new WelghtS as: Vgurr _ [Vgldllvfiew]

Fig. 12 Two cases of cold-start rec. - Rec. can be made the same as normal items.



Experimental Results

B Datasets and evaluation metrics

» Dataset descriptions

dataset #users #items %density #features
citeulike-a 5551 16,980 0.217% 8,000
movielen-sub 10,881 7,701 0.922% 8,000
toys & games 14,706 11,722  0.072% 8,000

> Evaluation metrics

THEWEB

CONFERENCE

> ltem textual features:

O cituelike-a : title + abstract
O movielen-sub : plot from IMDB
O toys & games : user reviews

Three metrics utilized in the paper are: Recall@20, Recall@40, NDCG@100

Codes and datasets are released at: https://github.com/yaochenzhu/MD-CVAE

17
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B Normal item recommendation

» Comparison with state-of-the-art algorithms

citeulike-a movielen-sub toys & games
Recall@20 Recall@40 NDCG@100 | Recall@20 Recall@40 NDCG@100 | Recall@20 Recall@40 NDCG@100
MD-CVAE 0.303 0.377 0.301 0.353 0.452 0.381 0.141 0.188 0.102
MDsym-CVAE 0.295 0.374 0.297 0.347 0.449 0.377 0.147 0.191 0.106
FM 0.231 0.312 0.238 0.324 0.421 0.357 0.088 0.121 0.062
CTR 0.169 0.250 0.190 0.285 0.398 0.312 0.124 0.179 0.089
CDL 0.209 0.295 0.226 0.311 0.405 0.339 0.133 0.181 0.092
CVAE 0.236 0.334 0.247 0.304 0.422 0355 0.139 0.188 0.094
Multi-VAE 0.269 0.346 0.274 0.326 0.423 0.357 0.114 0.157 0.082
CoVAE 0.247 0.338 0.260 0.338 0.436 0.367 0.120 0.174 0.085
CondVAE 0.274 0.359 0.275 0.341 0.437 0.365 0.132 0.180 0.094
DICER 0.279 0.363 0.277 0.329 0.428 0.359 0.127 0.172 0.092
DAVE 0.281 0.362 0.283 0.340 0.432 0.371 0.125 0.177 0.086

MD-CVAE improves over MF-based tightly-coupled and Multi-VAE-based recommenders
18
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B Cold-start item recommendations
» Discussion of hyper-parameter » Comparisons with SOTA methods

Recall@20 NDCG@L00 . .
(a) citeulike-a
02| PPE2LT Te— g | 02 Recall@20 (NI/CI) NDCG@100 (NI/ CI)
020 4
0] 0151 MDsym-CVAE  0.290 / 0.251 0.286 / 0.249
0:10_ —e— normal 0104 —e— normal
0.05 cold-start 005 cold-start CTR 0.169 / 0.209 0.189 / 0.207
0 25 5 75 10 125 0 25 50 75 10 125 CDL 0.206 / 0.218 0.203 / 0.214
CVAE 0.238 / 0.235 0.236 / 0.232
(a) citeulike-a dataset
Recall@20 NDCG@100 (b) movielen-sub
[ vt
Sl e T —o| o {rne T T Recall@20 (NI/CI) NDCG@100 (NI/ CI)
0.25 1 0.30 1 MDsym-CVAE 0.351/ 0.309 0.369 / 0.275
020
ois —&~ nosmal 02 —4— naimal CTR 0.284 / 0.164 0.310 / 0.195
13 cold-start cold-start
oodd L e T CDL 0.301 / 0.196 0.338 / 0.227
0 25 50 75 100 125 0 25 50 75 100 125 CVAE 0.318 /f 0.279 0.342 f( 0.240
(b) movielen-sub dataset
(c) toys & games
Recall@20 NDCG@100
015 .\ 0.10_\ Recall@20 (NI/CI) NDCG@100 (NI/ CI)
010 opt: 3 —o— normal opt: 3 —— normal MDsym-CVAE 0.113 / 0.099 0.084 / 0.082
Colt start ook stext CTR 0.089 / 0.084 0.072 / 0.069
0.05 T 0.05 CDL 0.096 / 0.090 0.077 / 0.079
0 25 50 75 100 125 0 25 50 75 100 125 CVAE 0.110 / 0.094 0.081 / 0.080

(c) toys & games dataset

MDsym-CVAE improves over tightly-coupled methods for cold-start recommendations
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B Three conclusions can be drawn for MD-CVAE as follows:

» MD-CVAE combines the pros of both MF-based and UAE-based recommenders;

» Specifically, MD-CVAE fuse item content information by mutual regularization

while maintaining the high efficiency of Multi-VAE to fold-in new users;

» Finally, with a symmetric inference strategy, MDsym-CVAE is competitive as

tightly-coupled hybrid recommender for cold-start item recommendations.
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