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Recommender Systems - Introduction



Recommender Systems - Introduction

view
s

A good recommendation system takes into account users’ needs,
while going through all possible items.



Top-N Recommender Systems

Top-N recommender systems recommend to the user a ranked list
of N items.



Thesis Focus

Developing algorithms to
improve the quality of top-N recommendation systems,

utilizing implicit feedback data.
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Figure: User-item implicit feedback matrix R.



Nearest Neighborhood Approaches
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r̃ui = rTu si (1)

minimize
S

1
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∑
u,i

(rui − r̃ui )
2 + β

2 ||S||
2
F + λ||S||1

subject to S ≥ 0, diag(S) = 0.
(2)



Latent Space Approaches
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Research	Questions Methods

How	do	we	exploit higher-order	sets	beyond	
pairs,	to	perform	top-N	recommendation?

Item-based Approaches

How	do	we	personalize more	to	individual	
users,	beyond	a	global	model?

Item-based	Approaches

How	do	we	apply	a	global	and	local	model	to	
latent	space	approaches?

Latent Space	Approaches

Since	missing entries	are	treated	as	zeros,	
recommendations	come	from	entries	with	
highest	error.	Which	are	its	properties?

Item-based	&	
Latent	Space	Approaches



Datasets

Name #Users #Items #Non-zeros Density

synthetic 5,000 1,000 73,597 1.47%
ml100k 943 1,681 100,000 6.30%
bms1 26,667 496 116,704 0.88%
delicious 2,989 2,000 246,430 4.12%
ctlg3 56,593 39,079 451,247 0.02%
retail 85,146 16,470 905,560 0.06%
jester 57,732 150 1,760,039 20.32%
groceries 63,034 15,846 2,060,719 0.21%
bms-pos 435,319 1,657 3,286,742 0.46%
flixster 29,828 10,085 7,356,146 2.45%
ml10m 69,878 10,677 10,000,054 1.34%
netflix 274,036 17,770 31,756,784 0.65%



Evaluation Methodology

I Leave-one-out cross-validation.

I Performance metrics:

HR =
#hits

#users
(4)

ARHR =
1

#users

#hits∑
i=1

1

pi
(5)
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Identifying and exploring higher-order sets of items



Higher-Order Sparse LInear Method (HOSLIM)
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Estimation of S and S′

r̃ui = rTu si + r
′T
u s′i (6)

minimize
S,S′

1
2

∑
u,i

(rui − r̃ui )
2 + β

2 ||S||
2
F + β

2 ||S
′||2F + λ||S||1 + λ||S′||1

subject to S ≥ 0
S′ ≥ 0
diag(S) = 0, and
s ′ji = 0, where{i ∈ Ij},∀i .

(7)
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Estimating multiple user-subset-specific item-item models
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Global and Local Sparse LInear Method (GLSLIM)
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Global and Local Sparse LInear Method (GLSLIM)
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Model Estimation

r̃ui = rTu (gusi + (1− gu)spui ). (8)

minimize
S,{S1,...,Sk},p,g

1
2

∑
u,i

(rui − r̃ui )
2+ 1

2βg ||S||
2
F + λg ||S||1+∑k

pu=1
1
2βl ||S

pu ||2F + λl ||Spu ||1,

subject to 0 ≤ gu ≤ 1,
pu ∈ {1, . . . , k},∀u,
S ≥ 0,
diag(S) = 0
Spu ≥ 0, ∀pu ∈ {1, . . . , k}
diag(Spu) = 0, ∀pu ∈ {1, . . . , k}

(9)



Performance against competing approaches
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Initializing with random user subsets
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Varying Global and Local Singular Value Decomposition
(vGLSVD)
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Refined Global and Local Singular Value Decomposition
(rGLSVD)
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vGLSVD & rGLSVD

r̃ui = gupT
u Σrqi + (1− gu)pcT

u Σc
r qc

i (10)



Performance against competing approaches
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Comparing standard global approaches with global & local
approaches
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Comparing standard global approaches with global & local
approaches

Table: The training time for ml10m dataset with 5 clusters on one node
(= 24 cores).

Method mins

rGLSVD 9.3
SLIM 39.9
SLIM-warm 2.6
GLSLIM 199.2
GLSLIM-warm 53.7
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Identifying the error properties of the top-N
recommendation models
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Identifying the error properties of the top-N
recommendation models
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Identifying the error properties of the top-N
recommendation models
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Top-N Recommendation Error

I SLIM models:

ėui =

{
rTu si , if rui = 0

0, if rui 6= 0.
(11)

I PureSVD models:

ėui =

{
pT
u Σrqi , if rui = 0

0, if rui 6= 0.
(12)
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Verifying that similar users should have similar error

I Create the user similarity matrix A of rating similarities.

I Create the user similarity matrix C of error similarities.
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Verifying that similar users should have similar error
I Create the user similarity matrix A of rating similarities.
I Create the user similarity matrix C of error similarities.
I Compute the similarity of the rating-based and error-based

representations:

User Rating.Error Similarity =

∑n
u=1 cos(au, cu)

n
. (13)
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Verifying that similar items should have similar error

I Create the item similarity matrix B of rating similarities.

I Create the item similarity matrix D of error similarities.
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Verifying that similar items should have similar error
I Create the item similarity matrix B of rating similarities.
I Create the item similarity matrix D of error similarities.
I Compute the similarity of the rating-based and error-based

representations:

Item Rating.Error Similarity =

∑m
i=1 cos(bi ,di )

m
. (14)
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Testing the hypothesis on PureSVD models
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Testing the hypothesis on PureSVD models
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Testing the hypothesis on SLIM models
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Testing the hypothesis on SLIM models
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Rating.Error Representation
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Error-constrained Sparse LInear Method (ESLIM)

r̃ui = rTu si (15)

minimize
S

1
2

∑
u,i

(rui − r̃ui )
2 + β

2 ||S||
2
F + λu

2 ||C− A||2F + λi
2 ||D− B||2F

subject to S ≥ 0
diag(S) = 0.

(16)



Performance of ESLIM vs SLIM
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Performance of ESLIM vs SLIM
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Conclusion

I Utilizing higher-order sets improves performance, when such
sets are present.

I Global and Local approaches outperform standard global
models.

I Insight into how error at the missing entries correlates with
performance.



Future Research

I Combination of vGLSD and rGLSVD (with regularized SVD).

I Error-constrained approach with underlying latent space
model.
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HOSLIM datasets

Table: The average basket size of datasets we evaluated HOSLIM on.

Name Average Basket Size

groceries 32.69
synthetic 14.72
delicious 82.45
ml100k 106.04
retail 10.64
bms-pos 7.55
bms1 4.38
ctlg3 7.97



Verifying the existence of higher-order relations

I Found all frequent itemsets.

I Computed quality metrics:

dependency max =
P(ABC )

max(P(AB)P(C ),P(AC )P(B),P(BC )P(A))
,

(17)
and

dependency min =
P(ABC )

min(P(AB)P(C ),P(AC )P(B),P(BC )P(A))
.

(18)

I Selected itemsets that have quality metrics exceeding
threshold.



Coverage

Figure: Coverage by affected users.

Figure: Coverage by affected non-zeros.



Sensitivity to the support of the itemsets
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Efficient recommendation by controlling the complexity

nnz(S′
HOSLIM) + nnz(SHOSLIM) ≤ 2nnz(SSLIM). (19)
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Comparison among proposed approaches
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Sensitivity on the number of Clusters
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Comparison among proposed approaches
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Sensitivity on the number of user subsets
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ėTu ėv
||ėu||T ||ėu||

=
rTu rv

||ru||||ru||

∑
i∈Nu∩Nv

||si ||2√∑
i∈Nu
||si ||2

∑
i∈Nv
||si ||2

(20)
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