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Preliminaries of Vector Autoregressive

HERX: (5 N HTERY {v:}L,, VAR(p) BEEAIF A
yr = Ays—1 + Aoyr—o + - + Apyr—p + €4, (1)

Hrh:
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o Ay, Ay, ..., A, € RVXN BEERIRIISEER,
o ¢, € RN BV EDTH. WEAE. W EHRGEERIIESEI.
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HFRL: 82 N HRIAERFS (v}, VAR(p) RELIHZZUA:

yr = Arye—1 + Asyp—o + -+ Apyi—p + €4y (1)

i
oy € RN B t BHZIAIEE,
o Ay, Ay, ..., A, € RVXN BEERIRIISEER,
o ¢, € RN BV EDTH. WEAE. W EHRGEERIIESEI.
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o SHETEEYNEBRITISITA;
o EFHPEIBHITSETNN, HZRTERF. £/l MNERZEM
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Preliminaries of Vector Autoregressive
SATK AR R AR ?

LA yr,y2, -+ yr SIRZAT 2 By B NS,

yr = A1ye + Aays + €7,
Yo = A1ys + Aays + €,
ys = A1ys + Aoys + ¢5,
ya = A1ys + Agya + €4,

(Y3 = A1y2 + Asy1 +€3.
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Preliminaries of Vector Autoregressive
SATK AR R AR ?

LA yr,y2, -+ yr SIRZAT 2 By B NS,

yr = A1ys + Aoys + 7, (e7 = yr — Arye — Aays,
Yo = A1ys + Aays + €, g6 = Yo — A1ys — A2y,
ys = A1ys + Aoy +e5,  — €5 = Y5 — A1ys — A2y,
ya = A1ys + Agya + €4, €4 = Y4 — A1ys — Azyp,
(Y3 = A1y2 + Asy1 +€3. e3 = y3 — A1y2 — Aoy
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Preliminaries of Vector Autoregressive
SATK AR R AR ?

LA yr,y2, -+ yr SIRZAT 2 By B NS,

yr = A1ye + Aays + €7, (e7 = yr — A1ys — Aoys,
ye = A1ys + Aays + €6, g6 = Yo — A1ys — Aaya,
ys = Arya + Agyz + 5, — g5 = Y5 — Arys — Ay,
ys = Aryz + Asys + €4, €4 = ys — Arys — Aoy,
(Y3 = A1ya + Agy1 +€3. e3 = y3 — A1y — Asu1.
BN (it
T P 2
i - Apyy_ 2
Af,r.l.l.glp Z Yt Z LYt—1 ( )
t=p+1 /=1 2
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Preliminaries of Vector Autoregressive

R EEEIERY U R B

(1) 2¥EX WF "BmE" BEE (BN > 1), 2 S88E5
pN?, ImRTFALNEE NT.

(2) EEFRMRIZ

(3) XRKAE/ BE B

(4) BIFKRBESFARIRE, NESEKHATTN
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The Proposed Two Methods
Tensor Decomposition-Based VAR

&4 VAR(p):

Yo = A1y + o+ Ay p + e, A1, Ay € RV, (3)
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The Proposed Two Methods
Tensor Decomposition-Based VAR

£48 VAR(p):
Yo = Avye1 + -+ Apyrp + &1, Ar,ooe Ay € RV, (3)
B AL Ay HERE—NKE A € RV )

A(l) = (Al,AQ, s ,Ap) S RNXPN.
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The Proposed Two Methods
Tensor Decomposition-Based VAR

&4 VAR(p):
Yo = A1y + o+ Ay p + e, A1, Ay € RV, (3)
& AL Ay HEDNIKE A € RVV>P,
Ay = (A1, Ag, -+, Ay) € RVPN,
772 (3) AILIEER
ye = (A1, Ao, Ayl oyl )T e B Apyae e, (4)

HEF' Ty = (y;r—la e 73/;—10)—r e RPN,
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The Proposed Two Methods
Tensor Decomposition-Based VAR

FIF Tucker BERITIKE A € RVNVxP H4TERE:
A =G x1U; xo2 U x3Us,

Hrh G € R"X72X73 () 1y < N, 73 < p) BIDKE, U; € RV 21
NEF, Uy € RV*m2 2IMEF, Us € RP*™ 2iaREF.
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The Proposed Two Methods
Tensor Decomposition-Based VAR

FUFS Tucker SEEXIKE A € RVN<r TR
A =G x1U; xo2 U x3Us,
Hrh G € R"X72X73 () rg < N, 73 < p) BDKE, U; € RV 21
NEF, Uy € RV*m2 2IMEF, Us € RP*™ 2iaREF.
o 1&4% VAR(p) B9SE9 pN>.

e TVAR(p) BE&EN rirars + 11N + 12N + r3p.
o & Uy, Us, Us AHIERFERE (HOSVD 10f%), NSHEH—FHEN

rirars + ri(N —ry) +ro(N —r2) + r3(p — r3).
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The Proposed Two Methods

BSETFRE (SFM) #HIESEFHRE (DFM)

BEFREZ ORI VA FREFESEHEIENTFET,
BSEFIRE (SFM):
yr = Afe + ey
Hrh:
v € RYN(BHERTEFS), f c RUBEEF, r < N),

A € RV(EFEHEER),  o(RER).

B (ERSEUERIRRYE, B SIIFAEE, NERTRIFITL.
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BSETFRE (SFM) #HIESEFHRE (DFM)

BEFREZ ORI VA FREFESEHEIENTFET,
FSEFIRE (SFM):
yr = Afe + ey

Hrh:
v € RYN(BHERTEFS), f c RUBEEF, r < N),

A € RV(EFETER),  «(RER).

150 (ERSEEnIMRYE, (SRR, NERTEFIR,
I SEFIEE (DFM):

yr =Afi +e,  fr =Afi1 + v
150 455 SFM (BR4E) + VAR (BTEEEts), oTRFAIEFaml,
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The Proposed Two Methods

TVAR (GREB[EIF) vs. DFM (FI7SEFARE)
DFM 2%

yr = ANfe +et,  fi=Afio1+ v (5)
TVAR 223 :
Yr = (G x1 U1 X2 Uz x3 Us)(1yTt + €.

B U, BFIERER, [fE:

Uty = Gy (Us @ Uz) e + Uley. (6)
DFM TVAR
Afy Ui,Us, Us
4
PRI | ) (ST
s | 2 PR e o et
fi=Afic1+w
sam | ovn ) | O
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Sparse Higher-Order Reduced-Rank VAR (SHORR)

TVAR BiReRE]:

T
i 2
ar min — x1 Up X9 Uy X3 U T 7
gg,Ul,Uz,Ugt:’Z;lHyt (Gx1 Ui Ua s Uy, (7)

SHORR B#Fif%s:

T
al“gngIllvl(i]glvUB t:;rl |yt — (G x1 Uy x2 Uz x3 U3)(1)37tH; +A\|Usz @ Uy @ Un |1
(8)
WR:
o BT L1 IENMY, (ESEFEITHER U, EEWEMT,
o TEFFERNIER, RERENAIREEAITTERE.,
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TVAR BUSMEIERS S

FRERM: SRIPANNANFHESTE
A(Z):IN—Alz_"‘_Apr (9)

FrERDIVERMESN, BD (2] > 1.
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TVAR BUSMEIERS S

PRtESRM: BEAIRARETE
Alz) = In = Arz — - — AP (%)

FrER/RIERAESN, BD |2| > 1.
=6 —MERE (AR(1)) B2

zy = a1 + & BWFERA 2 =o' (10)

BR1: o<1 Wa =05, Wa=05z_1+e ()
BR 2: jai| >1WMar =12, Way =125 +& (FFFR)
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TVAR BUSMEIERS S
MLR {hit=EaIENX :

.AMLR = arg Urln({lIQlU T Z Hyt g X1 U1 X9 U2 X3 U3)(1)£Ct”% (]_1)
EE 1 (MEESY): aiaFsl {v) BEE (5) £k, B:
* Ellefl5 < oo,
° N,P [EE,
® (7’1,7’2,7“3) E%Dl .
NAEFRHEERET, G2 Avg BEINIESDS !
\/T {VeC(AMLR(l)) - vec(.A(l))} i) N(O, EMLR), (12)
Hr:
Smr=HH"JH)H'. (13)
1 7~ Moore-Penrose {1,



SHORR HIRER

4 MEgFEM:

BRig 1 (BHRRE): iREW ¢, RMOER 0. AERER ¥, EEHIHR
MESHEHDH: & ~N(0,3.).

Big 2 (IREM): RFERE U, WE—7RZEE s MEETE,
i=1,2,3,

Rig 3 (IEZRMLR): EFHERE U HE:

UeR¥, U'U=1I, Uj>v>08U;=0.

Hpy=py=N,ps=P, v 2.
g 4 (HEXHBEE): KE A = mode BRGNS RIEHRTE

o5 1 (Aw) — 05 (Aw) > 6071 (A,
Heb § > 0 =515 REAIERAN.
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SHORR HIRER

EE 2 (1RER): RFERBHEENEIEFEMY 1-4 5z, BHESH
(r1,7m2,73) X, BIENMLSE )\ FIEAREL T HE:

2
A2 M mg(z%rp), T > log(N?P)+M?dmin[log(N P),log(cNP/d)],
M EANREFRHE :
1. Frobenius iRZER:

2 S
| Astorr — AllF < ClT\F ) (14)
(6%

2. FRMRESR:
R SA?
T " [[(Asorr — A)yzel3 < 02727~ (15)

t=1
3. BRERGRIE:
1 — Cexp(—clog(N?P)) — C exp{—cdmin[log(N P),log(cNP/d)]}.
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Numerical Experiments

HEISIE MLR 0 SHORR YIRS R

SEIEERY: 1Rl MLR #0 SHORR BMEIHRENSE, HURARTTIERIE
THERE

Ebes5ik:

(1) &/ _3REIT (OLS):

mjnz lye — A3
t
(2) EREERIFER (ARRR) :

i — Axzyl|2,  s.t. rank(A4) <
mf{nZ;Hyt z¢||3, st rank(A4) <7

(3) AHY MLR Fi%:
'[| — X X X 2
7 11171127 , Et IIyt (g 1 Uy xo U X3 D3)(1)%”2

(4) A3ZHY SHORR Ai&k:

min Z lys — (G x1 Ur x2 U x3 Us) 1)z + A|Us ® Us ® Ut |y
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Numerical Experiments

HEISIE MLR 0 SHORR YIRS R
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Numerical Experiments

XFECE Tl /RARAY VAR T3k

1. Lasso (L1 IEMI{EMEINT)
mjnzt: lye — Az]|5 + Al Al

2. ¥%B#1 (Nuclear Norm, NN)
. B 2
mjnzt: |y — Azellz + Al Al

3. IR R{ESHREYI (RSSVD)
. o 2 T _ T _
gl&g,zt:!\yt USVa2 + AU+ AV st UTU = L,VIV = 1.

4. IRIRIERZEF[E (SOFAR)
%lzt: lye — UBz|j3 + AU, st UTU = 1.
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Numerical Experiments

XIELEEER
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