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Common Algo Framework (X N B9 B R 75 5E)

Feature

FTRL, DNN, XGBoost, FFM 'tem/User/User2ltem Statistics
Ensemble User Profile: (Demo,Interest profile,

Rerank Feature search profile, view history)
ltem tags, categories, topics
item/tag/topic relevance scores

Rank n

Match

Data
'tem Based CF, DNN CF ETL
Slim CF offline/streaming
Tag to Iltem,
User2user?2ltem
Star2ltem

Popularity, Trending
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- ltem based 5 3%EEUser based H3EE BN,

- FBRA Puser HETHERE, RFEKN, temiIEEBRERLEITAEZ, varanceE /),
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User Interest Latent Vector
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AP A5y iERRIwork - CTR

- Collaborative Topic Modeling for Recommending Scientific
Articles

1. For each user 7, draw user latent vector u; ~ N (0, Ay ' Ix).

2. For each item 7,

(a) Draw topic proportions #; ~ Dirichlet(a).

(b) Draw item latent offset €; ~ N (0, A\, ' I'x) and set the
item latent vector as v; = €; + 0;.

(c) For each word wjn,

i. Draw topic assignment z;,, ~ Mult(8).
ii. Draw word w;j» ~ Mult(8:,,, ).

3. For each user-item pair (%, j), draw the rating

rij ~ N(uivj,ci; ). (6)
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AP KBy =R work - CTPF

Content-based recommendations with Poisson
factorization

1. Document model:
(a) Draw topics B,x ~ Gamma(a, b)
(b) Draw document topic intensities 84, ~ Gamma(c, d)
(c) Draw word count wg, ~ Poisson(67 3,).

2. Recommendation model:

(a) Draw user preferences 7, ~ Gamma(e, f)
(b) Draw document topic offsets ¢4, ~ Gamma(g, h)
(¢c) Draw 7,4 ~ Poisson(n! (8 + €4)).

A Practical Algorithm for Solving the Incoherence Problem
of Topic Models In Industrial Applications
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F SRR IE AYwork - CTPF with popularity, stars tags and queries

CTPF with popularity, stars, tags and search queries TOp'eA8s A uasd, 307139

BE| 24.12363362

< : Rt 23.62279569
E‘Ef')_'b’l"“fﬁ'é%ft, scalable to 1. Document model: {£46 18.76789941

. P —A¥ 15.72578497
INnternet scale (@) Draw topics fi, samma(a, b) 2E 14.3499465

B s ~ 8% 14.09372048
(b) Draw document topic intensities 3 ;. ~ Gamma(c, d) SIEE 1294013481

i Do T FORTE 10.20048983
(c) Draw word count w,, Pomson(@dﬁv) Nt o sisedan

E J-parameter serverZ2 i \
2. Document tag model: #F 7.77842085

A2 R TVSEI | -
(a) Draw tag topics @, ~ Gamma(i, j) Topic433 value:2.875541
(b) Draw tag count ;, ~ Poisson(qu)v) %}ég;ﬁt%j;:;;{s};; -------
=]PFAN YA E \ 15.48903876
EMAZZREEL. TS 3. Document search queries model: fg‘?ﬁ 1 §e2 009807
PAN N J— - .
Mopic#HIT ALEZ, BIF (a) Draw search query topics v, ~ Gammal(l, m) I 12.6045356
NI \#/_\; N ) T FLE 12.54367218
NS EFITIEN. (b) Draw search query count p;,, ~ Pozsson(ﬁdvv) 47335 12.53610959
ALAS 10.76938512
4. Attributes(popularity/stars) model: gg{g e i
N REI| Y RN+AnEs+meta+ i (a) Define attributes(popularity and star) set of length s {popularity, star,, star,,... )
TS (b) Draw attributes(popularity and star) topics 17, ~ Gamma(l, m) e o
(c) Draw attributes(popularity and star) count «;,, ~ Poisson(egns) 9;?58 .2'32,12121?278
; Ei& 7.04246583
T MBEEH 121 e o e o 5 csonta:
similarit (a) Draw user preferences 1),; ~ Gamma(e, f) TH 56835127
y ) 1530 4.40256621
(b) Draw document topic offsets ¢ ~ Gamma(g, h) +HER 4.38128264

. FJk 4.37505014
(c) Draw r, 4 ~ Pmsson(q{((—)d+ ed)) 4] 4.35832843
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i1 — —Phased GRU RecNet
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Based on: SESSION-BASED RECOMMENDATIONS WITH RECURRENT NEURAL NETWORKS -
|CLR2016
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1 HR RS 25 B4R - 14 Phased GRU RecNet cont.

GRU:
hy = g(Wx¢ +Uhy_q)

he = (1 —z¢)h¢_q + 7y
zy = o(W,x¢ + U,hy 1) update gate
I’It — tanh (WXt -+ U(I’t O ht—l))

r¢ = o(W,x¢ +Urhg_1)  reset gate
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Phased GRU RecNet cont.
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Based on: Phased LSTM: Accelerating Recurrent Network Training for Long or Event-based Sequences
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FHTFNystrom CURBexploration
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Hierarchical View Feedback Aggregation
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