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Recommender Systems

o Goal: to find most relevant items (products) for users
o Or, to find most relevant users for items

o Used in many areas such as Amazon, Facebook/Instagram, Spotify,
Netflix/Youtube/TikTok, UberEats, Google Ads, etc.
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Content-based vs. Collaborative Filtering

o Basic idea: to find users/items similar to engaged users/items

o Content-based algorithms

o Content similarity
o Assume that user/item features are available

o E.g., user profiles, product descriptions, etc.

o Collaborative filtering (CF)

o Interaction similarity
o Assumes that user-item interactions are available

o E.g, userl clicks/likes/rates item100
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Content-based vs. Collaborative Filtering

o Basic idea: to find users/items similar to engaged users/items

o Content-based algorithms

o Content similarity
o Assume that user/item features are available

o E.g., user profiles, product descriptions, etc.

o Collaborative filtering (CF)

o Interaction similarity
o Assumes that user-item interactions are available

o E.g, userl clicks/likes/rates item100
o Popular since

o There's no need to analyze users/items
o Performs well empirically
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Outline

(@ Collaborative Filtering
o Matrix Factorization
o AutoRec

@ Implicit Feedback & Personalization
o Bayesian Personalized Ranking (BPR)
o Neural Matrix Factorization (NeuMF)

(3 Sequence Awareness
o Self-Attentive Sequential Recommendation (SASRec)

(@ Using Side Features
o Factorization Machines (FM)
o Deep Models

(8 Performance Evaluation & System Design
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Rating Matrix

Iqh[xN'e}RplxN

Moviel Movie2 Movie3 Movie4 Movie5
u1 5 4 2 1
u2 1 5 3
u3 1 4 4 il
u4 2 2
us 3 1 i

o M: number of users

o N: number of items

© Ry, interaction between user m and item n
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Rating Matrix

Iqh[xN'e}RplxN

Moviel Movie2 Movie3 Movie4 Movie5
u1 5 4 2 1
u2 1 5 3
u3 1 4 4 il
u4 2 2
us 3 1 i

o M: number of users

o N: number of items

© Ry, interaction between user m and item n

o Goal: to estimate missing values

o Example recommendations: top items in R, . € RN for user m
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Outline

(@ Collaborative Filtering
o Matrix Factorization
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Singular Value Decomposition (SVD)

Rating B \

o Approximates R with a low-rank, dense matrix
o Denote K the target rank, K < M,N

Shan-Hung Wu (CS, NTHU) Recommender Systems Machine Learning 8/43



Singular Value Decomposition (SVD)

Rating B \'r

o Approximates R with a low-rank, dense matrix
o Denote K the target rank, K < M,N
o Problems:

o Slow to compute
o No incremental update

o Newly observed interactions?
o New users/items?
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Funk-SVD [5]

o Model parameters: P*K and QV*K such that

RMAN  pM*N — PMK(QVK)T \where

K
Rm,n = Z Pm,ka,n
k=1
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Funk-SVD [5]

o Model parameters: P*K and QV*K such that

RMAN  pM*N — PMK(QVK)T \where

>

Rm,n = Z Pm,ka,n
k=1

o RMSE (root mean square error) loss:

K
L= Z (Rm,n - RmJl)z = Z (Rm,n - 71Pm,ka.,n)2

{mn:Ry ,>0} {mn:Ry ,>0} k

o Regularization terms (minimizing ||P,,:||* and [|Q,.||*) omitted
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Funk-SVD [5]

o Model parameters: P*K and QV*K such that

RMAN  pM*N — PMK(QVK)T \where

>

Rm,n = Z Pm,ka,n
k=1

o RMSE (root mean square error) loss:

N

K
L= Z (Rm,n - Rm,n)2 = Z (Rm,n - Pm,ka.,n)2
{mn:Ry ,>0} {mn:Ry ,>0} k=1

o Regularization terms (minimizing ||P,,:||* and [|Q,.||*) omitted
o SGD training: for each randomly sampled batch of observed R, ,,
update P, and @, .

o agrlr‘uk = _Z(Rm,n _Rm,n)Qk,n and %ﬁ,k = _Z(Rm,n _Rm7n)Pm7k
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Bias-SVD

o Introduces bias terms

K
Run =Y PuiQun+ pYser 4 pltem | p,Global
k=1

o bY%r ¢ RN compensates user bias
o E.g., mean or kind

o b"**™ c R compensates item bias
o E.g., good or bad

o b'*™ c R compensates global bias
o E.g., data preprocessing

o Greatly improves performance empirically
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Outline
(@ Collaborative Filtering

o AutoRec
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AutoRec [9]

o Code e
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Decoder
o Idea: to use an autoencoder f(-;®) to reconstruct RM*VN

o Bottleneck layer learns underlying manifold
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AutoRec [9]
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Encoder Decoder

o ldea: to use an autoencoder f(-;®) to reconstruct RM*VN
o Bottleneck layer learns underlying manifold

o User-based: f takes R,, . as input
o Objective: argming Y'Y, Ry —f(R,-;0®)|?

o Item-based: f takes R., as input
o Objective: argming Y'¥_, ||R., —f(R. ,;0)|?
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AutoRec [9]
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Decoder
o Idea: to use an autoencoder f(-;®) to reconstruct RM*VN
o Bottleneck layer learns underlying manifold
o User-based: f takes R,, . as input

o Objective: argming Y'Y, Ry —f(R,-;0®)|?
o Item-based: f takes R., as input

o Objective: argming Y'¥_, ||R., —f(R. ,;0)|?
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Outline

@ Implicit Feedback & Personalization
o Bayesian Personalized Ranking (BPR)
o Neural Matrix Factorization (NeuMF)
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Explicit vs. Implicit Feedback

o So far, we use only the observed interactions (explicit feedback)

o The missing values in RM*V

are ignored
o Problems:

o Very sparse
o Only enough to train a global model; not personalized ones
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Explicit vs. Implicit Feedback

o So far, we use only the observed interactions (explicit feedback)
o The missing values in RM*N are ignored
o Problems:
o Very sparse
o Only enough to train a global model; not personalized ones
o Can we utilize the missing values (implicit feedback) in RM*N?
o Semantics behind implicit feedback:

o Negative (users are not interested in the items)
o Neutral (the users have not interacted with the items yet)
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Implicit Feedback & Personalization

o More available data, which enable personalized models
o f(-;0©) learns from R,,. € RV of a particular user
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Implicit Feedback & Personalization

(*]

More available data, which enable personalized models
o f(-;0©) learns from R,,. € RV of a particular user

o Let I"* (and I"") be the set of items that user m has interacted with
(or not)
o Basically, each item x() (i=1,--- ,N) is an N-dimensional one-hot
vector

o Point-wise approaches
o f(x@;0@) =1 if x() € I"*; 0 otherwise
Pair-wise approaches
o f(x1;0) > f(xV);0) for any x() € I+ and xV) € "~

©
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Outline

@ Implicit Feedback & Personalization
o Bayesian Personalized Ranking (BPR)
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Bayesian Personalized Ranking (BPR) [8]

o Let >,, represent the desired personalized total ranking of all items for
user m

o BPR loss

where
P(B] >,) =< P(>, |®)P(O)
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Pair-wise Data with Implicit Feedback
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o Let X = {(x,x0):x( e "+ xU) € "~} be the pair-wise dataset
with implicit feedback for user m

Shan-Hung Wu (CS, NTHU) Recommender Systems Machine Learning 18 /43



Model & Objective

o BPR model (pair-wise): given (x(,xU)) € X, outputs
o(f(x7;0)—fx");0)) e R

o o(:) is the logistic function
o f(-;@) is an underlying point-wise model (to be discussed later)

o BPR objective

argming L = argming —InP(>,, |®) —InP(®)
= argming — ¥, 10)ex N0 (f(x);0) — £ (x1); ©)) + 1| 0|

o Can be solved by gradient descent
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Underlying Model f(-;0)

o BPR is a general framework and can work with different underlying
models

o For example, let f(-;®) be matrix factorization:
f)=pTq"
where ® = {p,q\) € RE}Y |

L L
(91)’ ap(’)

o GD training: gradients can be easily computed

Shan-Hung Wu (CS, NTHU) Recommender Systems Machine Learning

20/43



Outline

@ Implicit Feedback & Personalization

o Neural Matrix Factorization (NeuMF)
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Neural Matrix Factorization (NeuMF) [3]

o Can work with either point-wise or pair-wise loss (under BPR)
o Wide-and-deep architecture

o Wide network: extended matrix factorization (no summation)
o Deep network: representation learning

Training )
Score @ Log loss ( Jui) Target
[

[ NeuMF Layer 1

e

GMF Layer

lement-wise Rell

MLP Layer 2

Product MILP Layer 1
Concatenatio
[ MF User Vector | | MLP User Vector l | MF Item Vector ‘ ‘ MLP item Vector ‘
o oo Mo o ] "ol00 ofd] o -]
User (u) Item ()
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Outline

(3 Sequence Awareness
o Self-Attentive Sequential Recommendation (SASRec)
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Long- vs. Short-term Interests

o So far, we analyze user interests using long-term data RM*V

o For example, the P,,. from matrix factorization represents the
long-term interests of user m

o In practice, users also have short-term interests

o E.g., news/trending topics, social events, seasonal events, time-limited
sales, etc.

o Interactions given by a user are not i.i.d.
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Long- vs. Short-term Interests

o So far, we analyze user interests using long-term data RV

o For example, the P,,. from matrix factorization represents the
long-term interests of user m

©

In practice, users also have short-term interests

o E.g., news/trending topics, social events, seasonal events, time-limited
sales, etc.

o

Interactions given by a user are not i.i.d.

©

Why not use sequential learning models?
o CNNs, RNNs, or transformers?
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Outline

(3 Sequence Awareness
o Self-Attentive Sequential Recommendation (SASRec)
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Self-Attentive Sequential Recommendation
(SASRec) [4]

o Sequential, collaborative rating tensor
o Ry, the interaction between user m and item n at time ¢
o SASRec model (based on the masked self attention):

RM><N><T

o Input: ST*N whose rows are one-hot vectors
Expected =
Next ltem ’ [ }

' Prediction Layer
Point-Wise

[ e ] [FeN ] FeedForward

One Block
(Can Stack More) Self Attention
Layer
—

ul
ju
z

- Embedding
Layer

- §

S1 S2 S3 Sa

Sequence

o-I-

_—
=

Training Action [
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Model Architecture & Loss

o Architecture similar to the decoder of “Attention is all you need” paper
o Residual connects, layer normalization, dropout, etc.

o Point-wise loss:

leRm —APoNP

o Q € RV*K is embeddings of all items
o A € RT*K is output of the last (L-th) attention block
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Model Architecture & Loss

o Architecture similar to the decoder of “Attention is all you need” paper
o Residual connects, layer normalization, dropout, etc.

o Point-wise loss:

leRm —APoNP

o Q € RV*K is embeddings of all items
o A € RT*K is output of the last (L-th) attention block

o As compared with MF (where R, . sz,;QT), Aff) is similar to “user
embedding”

o Based on sequence behavior only; not tied to a specific user
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Outline

(@ Using Side Features
o Factorization Machines (FM)
o Deep Models
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Content-based vs. Collaborative Filtering

o Content-based algorithms
o Assume that user/item features are available

o E.g., user profiles, product descriptions, etc.

o Collaborative filtering (CF)
o Assumes that user-item interactions are available
o E.g, userl clicks/likes/rates item100
o Popular since

o There's no need to analyze users/items
o Performs well empirically
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Content-based vs. Collaborative Filtering

o Content-based algorithms
o Assume that user/item features are available
o E.g., user profiles, product descriptions, etc.

o Today, with DL models like BERT [1] or CLIP [6], embedding
users/items becomes easy

o Collaborative filtering (CF)
o Assumes that user-item interactions are available
o E.g, userl clicks/likes/rates item100
o Popular since

o There's no need to analyze users/items
o Performs well empirically

o Can we consider content features in CF?
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Outline

(@ Using Side Features
o Factorization Machines (FM)
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Factorization Machines (FM) [7]

o Feature-rich dataset: X = {(x() € R, y\))};cinteractions
o x{) contains one-hot encodings features for users and items

e F \
eature vector x Target y
r N P—
x®[1]ofo]..J1]o]o]o]..|osfosfos]o][..[13]o[o]o]o]. |5y
x@[1]ofol.Jof[1]o]o]..]03[0a[0a3[o]..[14l1[o]ofo]..|[3]y
x@[1]ofo|..folo|1]o]..]o303l03]0o]../16lo]1]0]0]. y<2J
@ of1]ol.Jolol1]0 0 ofoslos|..|5 ofofofo]..ff[ 4]y
x@ol1ol.Jofofo[1]..l oofoslos]..[8lolo]1 o]..|[5]y
x®[ oo [1]..f1]o]o]o].|os[ofos[o]..[a]of[o]o]o].|ff[1]w
x|l ofol1].Jolol1]o]..los[ofos|o]..l12]1]0]0]0 B%
A B C ..JTI NHSW ST .. TI NH SW ST
L User Movie T\mo Last Movie rated
|\ J
o Model:

Y(x;b,w, W) b—l—Zw xs—i—z Z W XXt
s=1t=s+1

o Linear regressor with cross-feature weights
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Connection with Matrix Factorization

o Model:
Y(x;b,w, W) b—l—Zw xs—i-z Z W XXy
s=11=s+1

o The weights corresponding to the one-hot encoding dimensions
of user and item perform matrix factorization

( Feature vector x Targety )
i 57 —

x[1]0]0 1]ofofo]..lo3f03l03]0]..[13 5y

x| 100 ol1]o]o]..l03l03l03[0]..|14 3 |y®

x| 1]0]0 ofof1]o]..l03l03]03[0]..|1. jy@)

xof1]0 ofof1]0 o]oloslos]..[5 [4]yo

x| ol1]0 oflofof1]..] ololoslos|..|8 5 |y

x®l 0|01 1/0[0|0]|../l0o5/0(05 0f..|9 1 |y®

x@ olol1].lolol1]o]..os[ofos[o].. 12 0 Ey@
A B C ..JTI NHSW ST .. TI NH SW ST

L\ User 4 Movie ) (ime{ __Last Movie rated )
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Reducing Cross-Feature Costs

o W € RP*P may be too large to learn!
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Reducing Cross-Feature Costs

o W € RP*P may be too large to learn!
o Simplification:

WD — yPxK(yP=EY T \where K < D

o The cross-feature term becomes

D D D D K
Z Z Ws,txsxt: Z Z ZVs,kVt,kxsxt

s=1t=s+1 s=1t=s+1k=1

o Evaluation complexity O(D?K)
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Reducing Cross-Feature Costs

o W € RP*P may be too large to learn!
o Simplification:

WD — yPxK(yP=EY T \where K < D

o The cross-feature term becomes
D D D D K
Y Y Warn=3 Y} ¥ VeuVire
s=1t=s+1 s=1t=s+1k=1

o Evaluation complexity O(D?*K)
o Further reduction

Z?:l 1ZZ‘D:S+1 Zszl Vs,k Vz,kxsxz
=3 (B X2 Xk VeaVirxsx — X2y Yoy ViaViaksXs)
1 vK D D D 2 .2
=72 Xi=1 (Zszl Vs7kxs) (Zzzl Vr‘kxt) — L Vs,k'xv

2
= %Zszl (Z?:] Vs,k-xs) - Vs kx }

o Evaluation complexity O(DK)
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Outline

(@ Using Side Features

o Deep Models
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Deep Factorization Machines [2]
o Still “wide-and deep,” but consider side user/item features

Output unit

o
T
4

Layer /

Concatenate

Embedding e, e, 500 e

Field 7 Field 2 Field f
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Explicit User Features in SASRec [4]

o Let P € RM*K be the user embedding matrix
o Obtained via side user features

o Point-wise loss: Zm7,||Rm,;7,—(Pm_;+AEf))QT)|!2

® v i
' ' Prediction Layer
Point-Wise

[ren ] [en ] [FeN |  FeedForwara

One Block
(Can Stack More) Self Attention
Layer

Expected
Next Item

Embedding
Layer

Training Action ?
Sequence =

- 5

S1 S2 S3 Sy
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Outline

(8 Performance Evaluation & System Design
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Performance Evaluation Metrics (1/2)

o Common metrics: average precision@k, recall@k, or NDCG @k
across users
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Performance Evaluation Metrics (1/2)

o Common metrics: average precision@k, recall@k, or NDCG @k
across users

o For each user m, let

o y=A be next interacted item in the ground truth
o Y={B,A,C,F, -} be top items predicted by Model 1
o Y={G,H,A,B, -} be top items predicted by Model 2

o PrecisionQk:
TPOk

TPOk+ FPQk
o Model 1: precision@1 = 0/1, precision@2 = 1/2, precision@3 = 1/3
o Model 2: precision@1 = 0/1, precision@2 = 0/2, precision@3 = 1/3

o Recall@k (or hit®@k):
TPOk

TPOk +FNQk

o Model 1: hit@1 = 0/1, hit@2 = 1/1, hit@3 = 1/1
o Model 2: hit@1 = 0/1, hit@2 = 0/1, hit@3 = 1/1
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Performance Evaluation Metrics (2/2)

o NDCG@k (Normalized Discounted Cumulative Gain):

l .
N ERIE ifAeY
0, otherwise.

where iy is the index of A in Y

o Model 1: NDCG@1 = 0, NDCG@2 = 0.63, NDCG@3 = 0.63
o Model 2: NDCG@1 = 0, NDCG@2 = 0, NDCG@3 = 0.5
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Performance Evaluation Metrics (2/2)

o NDCG@k (Normalized Discounted Cumulative Gain):

l .
N ERIE ifAeY
0, otherwise.

where iy is the index of A in Y

o Model 1: NDCG@1 = 0, NDCG@O2 = 0.63, NDCG@3 = 0.63
o Model 2: NDCG@1 = 0, NDCG@2 = 0, NDCG@3 = 0.5
o At same k =3, Model 1 still outperforms Model 2 in terms of NDCG
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Remarks on Recommender Systems in Industry

o Two steps to cope with very large M,N and multiple objectives:

@ Candidate retrieval (from millions to hundreds)
o Approximate KNN search of relevant items from simple (MF) model
o Popular or trending items (to avoid the cold-start problem)
o Diffused items along social graph
o Diverse items (in geographies, topics, etc.)
o User features (for personalization)
@ Scoring & re-ranking (from hundreds to tens)

o More expensive (deep) models are used to
o Consolidate results to max click rate, watch time, session time, etc.
o Personalize Ul list by

o Removing dislikes
o Increasing freshness, diversity, fairness, etc.

o Step 2 can run at client side
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