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Abstract. Baseline estimate is an important latent factor for recommendations.
The current baseline estimate model is widely used by characterizing both items
and users. However, it doesn’t consider different users’ rating criterions and
results in predictions may be out of recommendation’s rating range. In this
paper, we propose a novel baseline estimate model to improve the current
performance, named PBEModel (Proportion-based Baseline Estimate Model),
which uses rating proportions to compute the rating personalization. The
PBEModel is modeled as a piecewise function according to different rating
personalization. In order to verify this new baseline estimate, we apply it into
SVD++, and propose a novel SVD++ model named PBESVD++. Experiments
based on six real datasets show that the proposed PBEModel is rational and
more accurate than current baseline estimate model, and the PBESVD++ has
relatively higher prediction accuracy than SVD++.

Keywords: Recommender system - Latent factor model + Baseline estimate
model - PBEModel - PBESVD++

1 Introduction

Recommender systems, which are important information filtering mechanisms to predict
item rating or user preference, have been applied in variety internet-based systems, such
as videos, music, news, and some social networks. Recommender systems learn user
preference pattern to items from user-item transactions based on Collaborative Filtering
(CF) [1], to predict users’ possible interesting items from unknowns.

In order to establish recommendations, CF needs to compare items against users,
which are quite different two objects. Usually, the neighborhood approach [2] and
latent factor models [3] are two main disciplines to do the comparison in CF. In terms
of latent factor models, there are several approaches, such as Singular Value Decom-
position (SVD) model [4], pLSA [5], Latent Dirichlet Allocation [6] and SVD++ [7], to
uncover latent features that explain observed ratings by historical feedbacks. In these
models, the SVD++ model proposed by Yehuda Koren [7] has relatively high rec-
ommendation accuracy, and many researchers proposed related models based on it,
such as TimeSVD++ [8], SocialSVD++ [9], and TrustSVD [10].
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To improve the prediction accuracy, most of researchers focus on the key chal-
lenges underlying the recommender systems and collaborative filtering are data
sparseness and personalized data sparseness, such as [7-10]. Some researchers focused
on properties of recommendations to propose more accurate prediction method, such as
integrated QoS prediction approach HDOP [11], prediction method of unknown QoS
properties [12], and reputation measurement based on malicious rating detection [13].
In this paper, we focus on the improvement of baseline estimate model.

Observed from current models, such as [7-10], we can find that almost all rec-
ommender models have a same baseline estimate model, as:

}ui:bu+bi+.u (1)

Where 7,; denotes the baseline prediction for unknown item i by user u; p denotes the
overall average rating; b, and b; denote the observed deviations of user u and item
i from the average respectively.

By analyzed the baseline estimate model in the above Eq. (1), we find the pre-
diction of 7,; for unknown items may be out of recommender range. The main reason is
that the current baseline estimate model doesn’t consider different users’ rating
criterions.

Thus, we propose a proportion-based baseline estimate model, named PBEModel
(Proportion-based Baseline Estimate Model). The improved PBEModel consider users’
rating personalization via a proportional baseline estimate method. To our knowledge,
it is the first time to improve the baseline estimate model based on proportion concept.
In order to prove the rightness, we also proposed a PBESVD++ model to improve the
prediction accuracy of SVD++ based on PBEModel.

This paper has the following innovative features:

(1) We uncover the shortcoming and reason of the current baseline estimate model,
and propose a novel Proportion-based Baseline Estimate Model (PBEModel) to
get better prediction ability.

(2) We propose an improved SVD++ model based on PBEModel, named PBESVD+
+, and get more prediction accuracy based on different recommendation datasets.

(3) The proposed method in this paper may bring a novel approach to improve
prediction accuracy of recommender system.

In the remainder of this paper, we introduce the related work in the next section.
PBEModel is proposed in Sect. 3, and PBESVD++ is proposed in Sect. 4. The exper-
iments and analysis follow in Sect. 5, with conclusion afterwards in the last section.

2 Related Work About SVD++

Collaborative filtering (CF) methods are usually used in recommender systems, based
on collecting and analyzing a large amount of users’ behaviors and predicting what
users will like based on their similarity to other users. One of the primary areas of CF is
latent factor model which try to explain the ratings by characterizing both items and
users.
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As one of the main methods of latent factor models, SVD is a commonly used
matrix decomposition technique. SVD++ is an improved model based on SVD and had
more remarkable improvement of recommendation accuracy than SVD model. The
detailed improvement is that a free user-factor vector p, is complemented by

|Iu|_%~ (ZJ.E,“ y,-) , and a user u is modeled as (pu + |Iu|_%~ (Zjelu yj)>. The equation of
SVD++ is as:

~ _1
rui:bu +bl+,u+qlT<pu+|Iu| 2'(Zj€,”yj>) (2)

where 7,; denotes the prediction of unknown item i by user u; u is the overall average
rating; b, and b; represent the observed deviations of user u and item i, respectively,
from w; I, represents the set of items rating by user u; p, and g’ represent a d-
dimensional latent feature vector of user u and item i, respectively; y; represents the
implicit influence of items rated by user u in the past on the ratings of unknown items
in the future. Kumar et al. [9] merged the user’s social factors into the SVD++ and
proposed SocialSVD++ model to get better prediction performance with equation as:

N 1 _1
Fui = bu+bi+u+q,-T(pu+|Iu| 2~(Zj€,u y_,-) + [pil 2-(Zi€pixi)) (3)

where p; denotes the set of implicit feedback (the set of item that are rated by most
users) in SocialSVD++. Guo et al. [10] took social trust information into account in the
SVD++ and proposed TrustSVD model, which merged trust factor and get better
accuracy, the equation is as:

N _1 _1
rui = bu + bi + ,U + qlT (pu + |Iu| 2. (Zje],, y]) + |Tu| 2. (ZVGT,, Wv)) (4)

where w, denotes the user-specific latent feature vector of users (trustees) trusted by
user u. Yehuda Koren [8] proposed a Time Changing Baseline Predictors to improve
the baseline estimate model by allowed the baseline ratings to be changed over time as

bui = by(tyi) + bi(t,i) + 1, where b, (+) and b;(-) are real valued functions that change
over time; f,; denotes time of rating in term of individual days. Finally, they proposed
TimeSVD++ based on their SVD++.

All of these models have a relatively same baseline estimate model as Eq. (1). As it
is known for many recommender systems, the baseline estimate model is a key factor.
And, these similar considerations were mentioned in the Pearson method, which
considers the differences of user ratings [14], and this concept also inspires us to
improve the current baseline estimate.

3 Proposed PBEModel

As we can see from Sect. 2, related latent factor models for recommender systems are
based on the current baseline estimate model described in Eq. (1) as 7; = b, + b; + 1,
where b, represents the deviation of user u from the overall average rating, that is the
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difference between the average rating 7, of user u# and the overall average rating 7. And
b; represents the deviation of item i from the overall average rating that is the difference
between the average rating 7; of item i and the overall average rating 7. So, b, =7, — F
and b; = r; — r, where ¥ = u. Thus,

Fui =Ty +Ti =T (5)
Let Ar =7, — 7, then
?‘ui = 7’,‘ + Ar (6)

where Ar denotes the difference between the average rating of user u and the overall
average rating (7), which reflects the difference between the users rating habits and the
public habits.

Obviously, Eq. (1) is equal to Egs. (5) and (6). Based on the equivalent equations,
we can easily find the current baseline estimate model does not consider different users’
rating criterions. In real recommender systems, users have different rating preferences.
Some are used to relatively higher ratings for items than others, while some have very
strict rating criterion for a same item. This problem result in that predictions based on
current baseline estimate model would be out of rating range. Let’s take some exam-
ples, and assume the rating range is [1, 5].

Example (1): for user Alice.
Assume 7, = 4.2, 7, =4,/ =3.1,then 7, =4.2+4 —3.1=5.1 > 5.

Example (2): for user Bob.
Assume 7, = 4.2, 7, =4, 1, =42, then 1, =4.2+4—-42=4=7,.

Example (3): for user Carl.
Assume 7, = 1.5,=2,=4.2, then 7,; = 1.5+2 — 4.2 = (—1.7) <0.

In Example (1), Alice’s average rating 7, > 7 and Ar > 0, which means Alice
has relatively slack rating criterion than most of other users, while Carl has stricter
rating criterion in Example (3) where 7, < 7 and Ar < 0. In Example (2), Bob has a
relatively average rating criterion with 7, = 7 and Ar = 0, and his prediction 7,; is
equal to 7;. Obviously, the predictions in Examples (1) and (3) are unreasonable
because of they out of range [1, 5], and it proves that the baseline estimate model needs
improvement. We consider the personalization of users’ rating criterions to improve the
baseline estimate model in this paper.

Definition 1. Rating Strict Level represents a user’s personalization during rating
items. Let L1 denote user’s relatively average criterion to make a rating between given
range; let L2 denote relatively strict criterion that means users in this level will make a
relatively lower rating than others. And let L3 denote relatively slack criterion and
users in this level will make relatively higher ratings for items. Usually, a L1 user’s
average rating 7, = 7, while a L2 user’s 7, < 7 and a L3 user’s 7, > 7. Figure 1
shows these users in different personalized rating.
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Fig. 1. Personalized rating levels

For users of L1, just like Bob in Example (2), their ratings ranged between the
given data area [m, n] of recommender systems. But users of L2, whose rating criterion
is stricter, usually have a personal upper limit for ratings, which is less than the given
range upper limit n. For example, in a recommender system with rating range [1, 5], a
L2 user would think number 4 is the best rating in his mind, while a L1 user would
think number 5 is the best level. In this paper, this difference between users’ rating
criterion is the personalization. Therefore, in real systems, these three kinds of users
have different personalized rating ranges, just as shown in Fig. 2.
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Fig. 2. Personalized compressed rating ranges

Ratings of L1 users ranges between given [m, n], and L2 between [m, n1] while L3
between [m1, n]. Based on the analysis above, we improve the baseline estimate model
according to the three kinds of personalization. We compute users’ rating personal-
ization by rating proportion to improve the current baseline estimate model.

Firstly, assume the range area is [0, n].

(1) When 7, =7, according to Eq. (6), we can get

Tui = Ti

(2) When 7, <7, then

(;'ui - 7'u)/;'u = (71‘ <7‘)/7
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(3) When 7, > 7, then

(P =7)/(n =) = (ri = 7)/(n = 7) )

Based on the above Egs. (7)—(9), we can get the new baseline estimate equation for
system with rating range [0, n], as

N AR GRS when F, <F
Fui = { (1= 7) /(1= F)) - (Fr— F)+ T when Ty > F (10)

Obviously, if 1, =1, Eq. (10) is same with Eq. (5). Generally, if the rating range of
recommender system is between [m, n], the baseline estimate equation could be:

. _J((ru—m)/(F —m))- (i —T)+F, whenr,<F
rm_{((n—r,,)/(n—r))-(r;—r)+ru when 7, > (11)

In Eq. (11), because 7,, 7; and 7 belong to [m, n], it is easy to prove that 7,; also
belong to [m, n]. Finally, the current baseline estimate model 7,; = b, + b; + 1t can be
improved as:

Fui = Lo (12)

nj?,:# -bj+b,+u, whenb, >0

X {”u*“‘m.bi+bu+u, when b, <0

Related elements, such as 7, b,, b; and u, have same meanings as Eq. (1), and
rating area is [m, n] wheren > m > 0. We named this novel baseline estimate model
with Eq. (12) as PBEModel.

4 PBESVD++: An Improved SVD++ Based on PBEModel

In order to verify the recommendation performance of PBEModel, we apply it into
SVD++, and proposed an improved SVD++ named PBESVD++. The SVD++ model
is described as Eq. (2). Firstly, we replace the baseline estimate part in Eq. (2) with
Eq. (12), and get the following new equation, as:

— 1
[ b by ol (put (S0, w) ) when by <0

Tui = n—bu—pt T 1 (13)
et bit byt ptq; - (pu—|—|lu| 2'(21‘61“%‘)) when b, > 0

where 1, represents the set of items rating by user u; p, and ¢! represent a d-dimen-

sional latent feature vector of user u and item i, respectively; y; represents the implicit

influence of items rated by user u in the past on the ratings of unknown items in the

future. All of these parameters have same meanings as in SVD++. We named the new
SVD++ model with Eq. (13) as PBESVD++.
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Model Learning. Involved parameters in PBESVD++ could be learned by minimiz-
ing the regularized squared error function associated. The regularized squared error
function is:

1 A
L=33"3 =) +5 (Zbi+ S+ D lpli+ D llaili+ H»Hi) (14)
u i u i Jj

u i€l

where ||-|| denotes the Frobenius norm, and 4 is to alleviate operation complexity and
avoid over-fitting. We use same strategy proposed by Guo et al. [10] to do model
learning. Therefore the new loss function can be obtained as:

j. 1 1 1
L= Gu—ra) +5 (Z 74 (52 + ||puui)> + S (B2 ) + Do (Ul Pl (15)
u i J

u i€l

Instead of least square solvers, we employ the gradient descent solver to faster
solve this convex problem to obtain a local minimization of the objection function. We
perform the following gradient descents on by, b;, p,, g;andy; for all the users and
items. In addition, the PBEModel is a piecewise function, so the gradient descent
processes are divided into two parts in PBESVD++.

(1) When b, <0,

8L b,’ " 1
— + . . . 2.
ob,, Zielu ((l w— m) e“’) A by

oL by+pu—m _1
[— - o A | 72-b;
abi ZMEU; ( L —m eu1> + U, | b
OL 1
G = i, eu) + 2ol

B3 (e 1 (S ) )+ 0

OL A 1 _1
Viel, (a—yj = Zielu (eui A || 2.qi) + - |U]| z.yj>

(2) When b, > 0, we only need replace the first two steps,

8L bi 1
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oL n—b,—pu ) 1

where e,; = 7,; — ry;, and represents the prediction error the predicted rating from the
real rating for user u on item i.

Complexity Analysis. In terms of space complexity, it is obvious that the growth on
PBESVD++ almost can be ignored compared with SVD++. Due to the consideration of
PBESVD++ is more detailed, the time space complexity cannot be completely ignored.
Nevertheless, the range area limit m and n are constants, so the magnitude of time
complexity is not changed, just a linear growth. The time complexity of the PBESVD+
+ model is mainly from the loss function L (Eq. (15)) and its gradients. In terms of L,
the time complexity is O(d - |R|), where d represents the matrix dimensionality, and |R
represents the number of the observed ratings. And in terms of the gradients, the time
complexities of gTL 3_}1), % and g—; are O(d - |R|), and the time complexity of g—j" is
O(k - d - |R|), where k represents the average of the number a user marks or an item
receives, respectively.

5 Experiments and Analysis
In order to verify the rightness and efficiency of proposed PBEModel and PBESVD++,

we deploy the experiment platform based on LibRec [15]. Table 1 shows the details of
experimental datasets.

Table 1. Details of datasets for experiments

Data sets Users | Movies | Ratings | Density | Rating ranges
ml-latest-small | 700 | 10000 | 100000 | 1.43% | [0.5,5]
FilmTrust 1508 | 2071 | 35497 | 1.14% |[0.5,4]
Flixster 53213 | 18197 | 409803 | 0.04% | [0.5,5]
Minifilm 55 334 1000 |5.44% |[0.5,4]
Epinions 40163 | 139738 | 664824 | 0.05% | [1, 5]
Ciao 7375 | 99746 |280391 | 0.03% |[1, 5]

We perform a series of experiments based on six datasets FilmTrust, Movielens
Latest (ml-latest-small), Flixster, Minifilm, Ciao and Epinions. We test three important
evaluation metrics in experiments, there are MAE (Mean Absolute Error), RMSE (Root
Mean Square Error) and RE (Relative Error). Assumed t = {(u,i)|3,((u,i,7) € R)},
and N is the number of observed ratings.

Z |rui_}ui|
There are MAE = ”ET, RMSE =

Z (rm'—;‘ui>2

(u,i)eT

Z (rfi) '

(uji)eT

,and RE =
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Experiment (1). Baseline estimation performance of PBEModel.

In order to verify the rightness and efficiency of PBEModel, we do experiments on the
six data sets respectively. Each data set is divided into two parts, the first part (80%) is
used for training, the other one (20%) for testing. We compare performances of
PBEModel with other three models. The first one is current baseline estimate model
according to Eq. (1), we name it as BE in experiments; the second one is part of
PBEModel with b, <0, we name it as PBE_1; the last one is another part of PBE-
Model with b, > 0, and we name it as PBE_2 during experiments. Table 2 shows the
detailed results.

Table 2. Performance of PBEModel

Data Sets Metrics | BE PBEModel PBEModel PBEModel Improved
PBE_1 PBE_2 Both (vs BE)
ml-latest-small | RMSE | 0.9262 | 0.9226 0.9136 0.9100* 1.75%
RE 0.2525|0.2515 0.2490 0.2480%* 1.75%
MAE |0.7072|0.7051 0.6985 0.6964* 1.54%
Film-Trust RMSE | 0.8406 | 0.8367 0.8308 0.8262* 1.71%
RE 0.2674 | 0.2662 0.2643 0.2628* 1.71%
MAE | 0.63890.6379 0.6300 0.6289* 1.56%
Minifilm RMSE |0.9694 | 0.9571 0.9556 0.9430* 2.72%
RE 0.3099 | 0.3059 0.3054 0.3014* 2.72%
MAE |0.7307 | 0.7225 0.7221 0.7140%* 2.29%
Filxster RMSE | 0.9080 | 0.9072 0.9029 0.9021%* 0.65%
RE 0.2406 | 0.2404 0.2392 0.2390* 0.65%
MAE |0.6809 | 0.6799 0.6738 0.6729* 1.18%
Epinions RMSE |1.1126 | 1.1062 1.1038 1.0972%* 1.39%
RE 0.2667 | 0.2652 0.2646 0.2630* 1.39%
MAE |0.8423|0.8413 0.8234 0.8224%* 2.37%
Ciao RMSE |1.0542 | 1.0451 1.0375 1.0283* 2.46%
RE 0.2506 | 0.2485 0.2467 0.2445%* 2.46%
MAE | 0.78720.7827 0.7487 0.7442% 5.46%

Note: * is the best value.

We can see that the proposed baseline estimate model PBEModel gets wonderful
higher performances of RMSE, MAE and RE, compared with current baseline estimate
model. It also proves that the two parts of PBEModel are efficient, and has better
baseline estimate accuracy. The improvement is up to 1.7% both in Movielens and
FilmTrust, and up to 2.7% in Minifilm. Especially, the improvement exceeds 5.46% in
Ciao, and 2.37% in Epinions.

Experiment (2). Performance of PBESVD++

We test the performance of PBESVD++ comparing with SVD++ on data sets Film-
Trust, Flixster, and Minifilm. Each dataset is computed with d = 5 and d = 10. Table 3
discloses the data details.
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Table 3. Performance of PBESVD++

Dataset Metrics | SVD++ | PBESVD++ | Improved (vs SVD++)
FilmTrust (d =5) |RMSE |0.8158 |0.8117* 0.50%
RE 0.2595 |0.2582* 0.50%
MAE |0.6250 |0.6220%* 0.47%
FilmTrust (d = 10) | RMSE | 0.8119 |0.8078* 0.51%
RE 0.2583 | 0.2570* 0.51%
MAE |0.6226 |0.6196* 0.49%
Flixster (d = 5) RMSE |0.9873 | 0.9762* 1.12%
RE 0.2492 | 0.2464* 1.12%
MAE |0.7406 |0.7246* 2.16%
Flixster (d = 10) |RMSE |0.9857 |0.9745* 1.14%
RE 0.2488 | 0.2460* 1.14%
MAE |0.7403 | 0.7238* 2.22%
Minifilm (d =5) |RMSE |0.9485 |0.9272%* 2.25%
RE 0.3032 | 0.2964* 2.25%
MAE |0.7182 |0.7062* 1.68%
Minifilm (d = 10) | RMSE |0.9450 |0.9269* 1.92%
RE 0.3021 |0.2963* 1.92%
MAE |0.7235 |0.7051%* 2.55%

Note: * is the best value.

As you can see, results show that PBESVD++ has relatively higher prediction
accuracy than SVD++ during all the experimental datasets. Based on data set FilmTrust,
the performance of RMSE, RE and MAE are improved 0.5% or so by PBESVD++.
And the improved rate exceeds 1.12% during other experimental datasets. Especially in
dataset Flixster and Minifilm, the performances are improved more than 2.22%.

6 Conclusion

In this paper, we analyze the current baseline estimate model, and find some interesting
issues need to be improved. For example, the predictions may out of recommendation
range. The main reason for this phenomenon is that the current baseline estimate
doesn’t consider different users’ rating criterions. We call these criterions’ differences
as rating personalization. Thus, we proposed a novel baseline estimate model named
PBEModel, which uses rating proportions to compute the rating personalization. In
order to verify this new baseline estimate, we apply it into SVD++, and proposed a
novel SVD++ model named PBESVD++. We disclose the mathematics modeling of
PBEModel and PBESVD++ in this paper. We make a series of experiments with six
real datasets, and results show that the PBEModel has more accuracy than current
baseline estimate model, and the PBESVD++ have higher prediction performance than
SVD++.
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