Item Popularity
Prediction
x̂ui

#interactions with item i
=
#interactions

Power-Law Nature of
#Interactions

Pros & Cons
+ simple & efficient
+ no parameters to train
+ solves cold-start problem
+ works well due to power-law
nature of interactions
no tailoring of
recommendations to users’
specific preferences

Frequency Distribution of Movielens-20M Ratings

Matrix Factorization (MF)
Prediction

Pros & Cons

x̂u,i = hxu , xi i + µu + µi + µ

+ Well-established model with
lots of extensions (ALS, time
incorporation, online algs.,
vector q
, and each user u is associR Non-neg.
MF, . . . )

Training Objective
Squared Loss or BPR Loss
C OV ER F E AT U RE

Serious

f

Braveheart
The Color Purple

i

Amadeus

Sense and
Sensibility

Ocean’s 11

+ Usable with MIPS

Geared
toward
males

Dave
The Lion King
The Princess
Diaries

Dumb and
Dumber
Independence
Day

Escapist

ated with a vector pu R f. For a given item
i, the elements of qi measure the extent to
which the item possesses those factors,
positive or negative. For a given user u,
the elements of pu measure the extent of
interest the user has in items that are high
on the corresponding factors, again, positive or negative. The resulting dot product,
qiT pu, captures the interaction between user
u and item i—the user’s overall interest in
the item’s characteristics. This approximates
user u’s rating of item i, which is denoted by
rui, leading to the estimate

+ Interpretability

Lethal Weapon
Geared
toward
females

+ Fast & efficient predictions
tailored to user’s tastes

Gus

Fails to learn user-user and
item-item similarities
Prediction is only a bi-linear

r̂ui = qiT pu.

(1)

The major challenge is computing the mapping of each item and user to factor vectors
Figure 2. A simplified illustration of the latent factor approach, which
f
qi, pu R systems”
. After the recommender
Image Source: “Matrix factorization techniques for recommender
Y Koren, Rsystem
Bell,
characterizes both users and movies using two axes—male versus female
completes this mapping, it can easily estiand serious versus escapist.
mate the rating a user will give to any item
by using Equation 1.

C Volinsky

Collaborative Metric Learning (CML) (1/3)4
Embedding of users and items in a metric space (U [· I, d) with
distance metric d(u, i).

After

Before
Margin
User
User
Positive
item
Positive Item
Imposter
Negative Item
Gradients
Gradients

Figure 1: An illustration of collaborative metric learning. The hinge loss defined in Eq. 1 creates a gradient
that pulls positive items closer to the user and pushes the intruding impostor items (i.e., items that the user
did not like) away until they are beyond the safety margin.
• We do4 “Collaborative
not have the L
because
item can
pull term
Metric
Learning”,
C an
K Hsieh,
L Yang, Y Cui, T Y Lin, S Belongie, D Estrin
be liked by many users, and it is not feasible to pull

Collaborative Metric Learning (CML) (2/3)
Profits from the phenomenon of similarity propagation, because
distance metric d respects the triangle inequality:
8u, i, j :

! Similarity of (u, i) and (u, j) is propagated to (i, j).

ent, capture item j’s
j’s eventual location
es away from f (xj ).
rs of the function f ,
n:

j)

d(i, j)  d(u, i) + d(u, j)

vj

2

.

Collaborative Metric Learning

Matrix Factorization
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as a Gaussian prior
1
2
j when we have more
2
1
). Note that the funcItem
User
aining, we simultanem described earlier to
m each other. SpecifFigure 3: Example latent vector assignments for maUser-user
and item-item similarities automatically learned.
informed by v!and
trix factorization and CML. The table on the right
most relevant to users’
shows user/item’s preference relationships.
a way that the items

Collaborative Metric Learning (CML) (3/3)
Prediction

Pros & Cons

x̂ui =

+ Benefits from similarity
propagation ! user-user &
item-item similarities
automatically learned

d(xu , xi )

Training Objective
WARP Loss with Cov. Reg.
L(✓) = Lm (✓) + ⌦(✓)
Lm (✓) =

X

X

(i,j)2S (u,k)62S

+ Interpretability
+ LSH possible

s.t. kx⇤ k  1.

⇥
wij m + d(xu , xi )2

d(xu , xj )2

⇤

+

,

Metric space geometry must
suit the latent geometry

Hyperbolic Recommender Systems (1/2)6
Harness hyperbolic metric space to represent the relevances.
Poincaré Ball

Amazon Sports Embeddings

Shoes and Jewelry

Sports and Outdoors

Motivation:5

Cell phones and Accessories

Power-law nature of
bi-partite interaction graph
5
6

!

Complex
Networks

!

Toys and Games

Hyperbolic
Geometry

“Hyperbolic geometry of complex networks”, D Krioukov, F Papadopoulos, M Kitsak, A Vahdat, M Boguná

“Hyperbolic recommender systems”, T D Q Vinh, Y Tay, S Zhang, G Cong, X L Li
“Scalable Hyperbolic Recommender Systems” B. P. Chamberlain, S. R. Hardwick, D. R. Wardrope, F. Dzogang, F.
Daolio, S. Vargas

Hyperbolic Recommender Systems (2/2)
Prediction
x̂ui = ↵d(xu , xi ),

↵ > 0.

Pros & Cons
Dataset
Clothing
Sports
Cell Phones
Toys & Games
Tools & Home
Automotive
Patio/Lawn
Musical

Interactions
235,906
113,119
32,885
111,301
64,182
34,167
10,702
16,501

# Users
7,917
3,740
1,141
3,143
2,047
1,211
374
471

# Items
171,760
54,744
18,797
61,733
35,793
26,096
7,293
12,206

% Density
1.74
5.53
15.33
5.74
8.76
10.81
39.24
28.70

+ Similarity propagation
+ Interpretability
+ LSH possible

Table 2: Statistics of all datasets used in our experimental
evaluation

Prediction power depends on
in the interest of space.
The statistics of the datasets
are resuitability
of geometry
ported in Table 2.
Figure 2: Illustration of our proposed HyperBRP architecture.

Evaluation Setup and Metrics We experiment on the
collaborative ranking (or one-class collaborative filtering)
setup. We adopt Hit Ratio (HR@10) and nDCG@10 (normalized discounted cumulative gain) evaluation metrics,
which are well-established ranking metrics for the task at
hand. Following (He et al. 2017; Tay, Anh Tuan, and Hui
2018), we randomly select n negative samples which the
user have not interacted with and rank the ground truth
amongst these negative samples. We set n = 100 since
found thisu
to be sufficient
for probing differuwe empirically
j
i
ences in relative performance amongst compared baselines.
For all datasets, the last item the user has interacted with is
withheld as the test set while the penultimate serves as the
validation set. During training, we report the test scores of
the model based on the best validation scores.

Training Objective (BPR)
where (i, j, k) is the triplet that belongs to the set D that
contains all pairs
of positive and negative items for each
X
user; is the logistic sigmoid function; ⇥ represents the
model
L(✓)
=parameters; and is the regularization
log ( parameter.
(↵ (d(x , x )
Gradient (u,i,j)2D
Conversion. The parameters of our model are
learned by using RSGD (Bonnabel 2013). As similar to
(Nickel and Kiela 2017), the parameter updates have the
form:
✓ t+1 = R t (

t

R L(✓ t )),

(7)

where R t denotes a retraction onto B at ✓; t is the learning rate at time t; and R L(✓ t )) is the Riemannian gradient

d(x , x )))) ,

Compared Baselines In our experiments, we compare
with five well-established and competitive baselines.
• Bayesian Personalized Ranking (BPR) (Rendle et al.

Neural Collaborative Filtering (NCF)3
Prediction

Pros & Cons
Score

Training
Log loss

ŷxui
𝝈

xyui Target

and MLP, we propose to initialize NeuMF using the pre
trained models of GMF and MLP.
We first train GMF and MLP with random initialization
until convergence. We then use their model parameters a
the initialization for the corresponding parts of NeuMF’
parameters. The only tweak is on the output layer, wher
we concatenate weights of the two models with

+ Non-linear prediction

NeuMF Layer

+ Robust joint-model of
simple GMF and MLP

Concatenation
MLP Layer X

…… ReLU

GMF Layer

Lacks interpretability

MLP Layer 2

Element-wise
Product

ReLU

MLP Layer 1

h

Expensive prediction

Concatenation
MF User Vector

0 0 0

MLP User Vector

1

0

0

MF Item Vector

……

0 0 0

MLP Item Vector

0 1

0

……

Item ( i )

User (u)

Figure 3: Neural matrix factorization model

Specifically, the model for combining GMF with a one-layer
MLP can be formulated
(u,i)2Das

3

qi + W

pu
+ b)).
qi

(11)

Cannot be used with
LSH or MIPS

x̂ )]

“Neural collaborative filtering”, X He, L Liao, H Zhang, L Nie, X Hu, T S Chua,

However, sharing embeddings of GMF and MLP might

(13

where hGM F and hM LP denote the h vector of the pre
trained GMF and MLP model, respectively; and
is a
hyper-parameter determining the trade-off between the two
pre-trained models.
For training GMF and MLP from scratch, we adopt th
Adaptive Moment Estimation (Adam) [20], which adapt
the learning rate for each parameter by performing smalle
updates for frequent and larger updates for infrequent pa
rameters. The Adam method yields faster convergence fo
both models than the vanilla SGD and relieves the pain o
tuning the learning rate. After feeding pre-trained parame
ters into NeuMF,
uiwe optimize it with the vanilla SGD, rathe
than Adam. This is because Adam needs to save momentum
information for updating parameters properly. As we ini
tialize NeuMF with pre-trained model parameters only and
forgo saving the momentum information, it is unsuitable to
further optimize NeuMF with momentum-based methods.

so that they can
mutually reinforce each other to better
Training
Objective
model the complex user-iterm interactions?
Binary
Cross-Entropy
neg.
sampling
A straightforward
solution is towith
let GMF
and MLP
share
the same embedding layer, and then combine the outputs of
X This way shares a similar spirit
their interaction functions.
with the=
well-known Neural
Tensor
Network
(NTN)
L(✓)
[xui
log(x̂
(1 [33].xui ) log(1
ui ) +
ŷui = (hT a(pu

hGM F
,
(1
)hM LP

Autoencoders for Collaborative Filtering2
Prediction x̂ui = h(xu , ✓)

Pros & Cons
+ Non-Linear ranking
+ No negative sampling needed
Lack of interpretability
No automatic discovery of
user-user item-item similarities

Training Objective
Reconstruction/Prediction
Error or ELBO

Predictions over all users or
items ⇥(min |U | , |I|)
LSH or MIPS not possible

Major Challenge: Sparsity of inputs/gradients
· Item-based RS

· Dense re-feeding: h(h(x)) = h(x)
2

“Autorec: Autoencoders meet collaborative filtering.” S Sedhain, A K M, S Sanner, L Xie
“Collaborative filtering with stacked denoising autoencoders and sparse inputs.”, F Strub, M Jeremie
“Training deep autoencoders for collaborative filtering”, O Kuchaiev, B Ginsburg
“Variational autoencoders for collaborative filtering”, D Liang, R G Krishnan, M D Ho↵man, T Jebara

