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Spatio-temporal data analysis is a common research topic that requires interpolations of unknown locations and
predictions of future observations by utilizing information about where and when data were observed. Tensor fac-
torization methods are popular in this field because of their capability of handling multiple types of spatio-temporal
data, dealing with missing values, and providing computationally efficient parameter estimation procedures. How-
ever, any methods have been proposed to address the most difficult problems, predicting future observations of
unknown locations. In this paper, we propose a new tensor factorization method that estimates low-rank latent fac-
tors by simultaneously learning the spatial and temporal autocorrelations. We introduce new spatial autoregressive
regularizers based on existing spatial autoregressive models and provide an efficient estimation procedure.
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2: 2

3.1

(DAR: directed autoregressive
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DAR 2DAR 2 .

DAR 2π N

DAR B = {bk,n | ∀(k, n)} p

Ep, p p′

wp,p′ ∈ R≥0 where
∑

p′∈Ep
wp,p′ = 1

. DAR gDAR(U (2), B)

K∑
k=1

P∑
p=1

(
u
(2)
p,k −

∑
p′∈Ep

bk,np′wp,p′u
(2)

p′,k

)2

+
η

2
‖u(2)

k ‖22, (4)

np′ p p′

B̄k ∈ R
P×P

b̄k,p,p′ =

{
bnp′ ,kwp,p′ (if p′ ∈ Ep),

0 (otherwise)
, (5)

(2)∑K
k=1

∥∥∥u(2)
k − B̄ku

(2)
k

∥∥∥2

2
+ η

2
‖u(2)

k ‖22.

3.2
(3.2) [12].

min
U(1),U(2),U(3),A,B,Z

‖Z − C ×1 U
(1) ×2 U

(2) ×3 U
(3)‖22

+ λ1g1(U
(1), A) + λ2g2(U

(2), B) s.t. PΩ(X − Z). (6)

{U (1),U (2),U (3), A,B,Z} (multi-

convex)

2

[13]

4.

∗1

∗1 http://www.nyc.gov/html/tlc/html/about/trip_record_

data.shtml, http://www.citibikenyc.com/
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DAR 0.569±0.079 0.509±0.002 0.317±0.107

DAR+NN 0.568±0.091 0.499±0.001 0.312±0.108

TRMF 0.996±0.041 0.997±0.001 0.350±0.128

FAST 1.095±0.010 1.056±0.002 0.653±0.005

GP 1.256±0.056 1.095±0.060 1.683±0.188
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