) TS 2023 R s =
NJUA\ ATSESE

02 RIEFFURIFRALEEFELA

A BIFR o AT HIEEESS. Baseline, FHMENIFIFAMES X
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RIEEFIFNRZE

7 . [17071 [3] Francis [1974] Paul Newbold#IClive
Z< it NE Galton & I & % TN Grangeri& A [E] /535 7E 106N B R 838
wR, & bR RS R TN % LTI, AR

it 8] 7 2 AT AR & & 4 T WE R A K
R B R Ry B — A A, T BT
ZHE T A RE| X — A, R EF
7% & Box-Jenkins#£ & (ARIMA) #J{&
%, NE F ARMIABE 2 & 8 i #F

[ 3£] Maurice Priestley

Rob J.Hyndman. A brief history of forecasting competitions. International Journal of Forecasting. 36(1), page 7-14. 2020.
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[M1] IRETHRAO, &5F. T
Ak, K<E9-132691001MB 8=

BTN E, HENS BT ERR
B, MAMARAFRATE, *
Spyros Makridakis =~ Michele Hibon ‘ iE E B R AR

[M2] 1993529 TMBEFE L
TMXHIEURE

[1979] & T1114\0EF5, t
KRS ENGE, Wik 7R
Rl STERTERFF TR [M3] 1998417 “final attempt”
W R EZMUHAY30031MNFF

& G A 5 R - BARIMA R R £ ?
W £ 7 & 4 Theta /7 i%, B ¥ & M3
Bl E, BT 95 KERTHER



RIEFSIEESE M4

20184F, Spyros MakridakisZ AFFREM4=3E, HAE4100,0004 5 & F % Sais Ay AT
8] 5 FUNESS

Time interval Micro Industry Macro Finance Demographic Other Total
between successive

observations

Yearly 6,538 3,716 3,903 6,519 1,088 1,236 23,000
Quarterly 6,020 4637 5,315 5,305 1,858 865 24,000
Monthly 10,975 10,017 10,016 10,987 5,728 277 48,000
Weekly 112 6 41 164 24 12 359
Daily 1,476 422 127 1,559 10 633 4,227
Hourly 0 0 0 0 0 414 414
Total 25,121 18,798 19,402 24,534 8,708 3,437 100,000

Spyros Makridakis, Evangelos Spiliotis, Vassilios Assimakopoulos, The M4 Competition: 100,000 time series and 61 forecasting methods. International
Journal of Forecasting. 2020,



RIEFSIEESE M4

Methods Description
Naive 1 A random walk model, assuming that future values will be the same as that of
the last known observation.
Naive S Forecasts are equal to the last known observation of the same period.
Naive 2 Like Naive 1 but the data are seasonally adjusted, if needed, by applying a

classical multiplicative decomposition. A 90% autocorrelation test is performed to
decide whether the data are seasonal.

SES Exponentially smoothing the data and extrapolating assuming no trend. Seasonal
o adjustments are considered as per Naive 2.
Statistical Holt Exponentially smoothing the data and extrapolating assuming a linear trend.
benchmarks Seasonal adjustments are considered as per Naive 2.
Damped Exponentially smoothing the data and extrapolating assuming a damped trend.
Seasonal adjustments are considered as per Naive 2.
Theta As applied to the M3 Competition using two Theta lines, ¢y = 0 and , = 2,
Point with the first one being extrapolated using linear regression and the second one
Forecasts (PFs) using SES. The forecasts are then combined using equal weights. Seasonal
adjustments are considered as per Naive 2.
Comb The simple arithmetic average of SES, Holt and Damped exponential smoothing
(used as the single benchmark for evaluating all other methods).
MLP A perceptron of a very basic architecture and parameterization. Some

ML benchmarks preprocessing like detrending and deseasonalization is applied beforehand to

facilitate extrapolation.

RNN A recurrent network of a very basic architecture and parameterization. Some
preprocessing like detrending and deseasonalization is applied beforehand to
facilitate extrapolation.

Standards for ETS Automatically provides the best exponential smoothing model, indicated through
comparison information criteria.
ARIMA An automatic selection of possible ARIMA models is performed and the best one

is chosen using appropriate selection criteria.




MAZE=R (BR7) BEERIM

£eR% (combination) RYZEITT5iEEL
Mes=E I 7EiReeE3K e R IFRIAT A7
BIFTIIMERE ((X— Rl Bigg—Le
W—HF)

iwm (hybrid) FitFINEEZEIEE
BENHE., WUberfgSlawek Smylzg
Bt EiAEECHELURRNN, 3XiE
T IRIFHITNIASER ;

EEZHSEARERT LK
SESHIFTNESE (FOLA
EMREZIEA—ED) |

BEEGEZ 1 HERFIRIER
(information from aggregates of

series) & BirEtEIFFIRIFTNIEE

BRI B8 S 5 AT BB US BF HITR
WIMERE,




Kaggle:
Rossmann store sales

@ Ré;earch Predictign Competition_. . ) - : . B L a e | ‘ [ f-r ¥ '
.. | e Kaggle:
Web Traffic Time $er|es Forecasting 7 Ul N Wikipedia traffic forecast

o e —— 77 -4\ 7 ]
= —> ’ 54 i Prize Money

[~ 1Forecast future frafflat¢W|k|ped|a pages ///

. Google --1,095teams - - 5 years ago e

Baidu KDD CUP 2022
KDD Cup:
Spatial Dynamic Wind Power Forecasting. This task has practical importance for the utilization of wind Spatial Dynamic Wind
energy. Participants are expected to accurately estimate the wind power supply of a wind farm. P F t,
ower Forecasting

Tag: KDD Competition Time: 2022/03/16 - 2022/07/19

99 25, EIREERIEE
Sponsor: Baié® Al CHN ENERGY




HititEXEES

= ETT (Electricity Transformer Temperature): S NFE, DIEE2MNTHRE] (ETTh) 12RAIFI15058Z (ETTm)
ANCRAVEUES. B EUESEE22016-2018FRY7/NHAIFIEIFAE. https://github.com/zhouhaoyi/ETDataset

- Traffic: B&/\RFNCSRENIBELL2015-20163EEWE. http://pems.dot.ca.gov/

= Electricity: &&2012-20145F321MNE PR/ NETR BB I EFESIE.
https://archive.ics.uci.edu/ml/datasets/ElectricityLoadDiagrams20112014

- Exchange-Rate: ©81990-2016581MEZRAY collects the jCE, https://github.com/laiguokun/multivariate-time-series-data

= Weather: 822020 EERIB100CRIOKRSEGE, H21MHIE, WMEE. EBEZ. https://www.bgc-
jena.mpg.de/wetter/

- IL17: 15320022021 EEAREF OB AR RGRRMER R EE LUK BE B ERILLA.
https://gis.cdc.gov/grasp/fluview/fluportaldashboard.html

Datasets ETTh1&ETTh2  ETTml &ETTm2  Traffic  Electricity Exchange-Rate  Weather  ILI

Variates 7 7 862 321 8 21 7
Timesteps 17,420 69,680 17,544 26,304 7,588 52,696 966
Granularity lhour Smin lhour lhour lday 10min  Iweek
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Baseline5}%

- Naivel : FEEFUUERE, ER&E—TUREXEEHFNHEHTIN, B THEEREFFIEE—
BEHlhFERE,

o—90 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 o

[ SEE R T TN 2 35

- IETN: 2SERTIBES Y, Vo) s Vi

n
1
Yn+h = EZ YVt
t=1



Baseline5}%

- NaiveS: XJTRIHBIERTERFSY, EALE— M EEREIRIMEEFEASRBNZIATRIE. X—5X
ROERETERYE, BEUFREEREZNCRANE (granularity)

éﬁfﬁﬁjl‘@}%ﬁuyph;»)’n, Hﬁzﬁﬁjgm: )\I.]
Vn+n = Yn+h-m(k+1)
Hrh, k2 ho *H %@m—/\nﬁﬁm—ﬁ%&mﬂy@
OOOOOOOOOOOOOOOOOOOOC—»

Fiﬂﬁ i i i SIS




Baseline5&

- Drift}5i%: FOHEEIEFYRIRRZEMN. SR ESHE ARSI LITERERIE, B

h n
— 12 (Ve — Ye-1)
t=2

- B, ATARX—EERRSESAYFTN

n
A h
Yn+h =Yn + ——7 1; Ve = Ye-1)

Yn _Y1)

_ h(
yr + 1



Z1%MmJ3 (Linear Regression)

- BIERERIR

ye=xIw+ g
(c)HERO, FE R0 AR 0l oom ] 1/

— fit |:
 x AMRHE? ol — ==~

..................

STy}, ERIHSERFIRAY, = (it Yoz ) B S
~ I o

- 2, ERLETXEMG A SRR S SR SR
- (L= &3k Ordinary Least Square {4it 6 d S
SE @i |

W=argvrvnin2[yt—x?W]2 AT

] 0o 1 2 3 4 5

- HRE TN R



kif8B (k Nearest Neighbor)

- N2 IPRIkaSB A (FEZRMHE) - Embeddingfd#275T(: Delay reconstruction, m-
N A dimensional
- - A Yn = (Vn-n-1y0 Yn-m-2y0 - Yn-v ¥n)
- . | - B FRIEIFRcFR MlagEdelay time
m '

- Embedding[REEE

« {05 m > 2 x box counting dimension

S - -

- ¥ REINEFRAES
- QN{aErf |3 ? - SCRRMN AP EmMAOT

T A BSEESIE SRS (Embed dinng\ S HIEE) = false nearest neighbors [Brown and Abarbanel, 1992]



m3B75E

« MR unknown but continuous F, ¥l z,,. ; ,
@i Sz, A SRRNARz,, . BTz, +1 HITHA Ty
M| (Lorenz's method of analogues) [Lorenz, 1969] //\

\
AR\fit: fails
- }aEZRly, : EF delay reconstructiondkir s

e TN

Yn+An = U Yt+An- R
[Ue(yn)
Yt€U(sn)
Lag=1,
% k=4 NN
Interpolate —F o Xz t_l_ 1
these. .. + +
+
++
To get the final +
prediction +

New Point Holger Kantz and Thomas Schreiber. Nonlinear Time Series Analysis. 2004.



HHUE (3BE) RIER

= Foul

- FIF SRR ER
SIS Lock-Step Elastic
- PR TFRSRSA
R Sliding Kernel
P YT = ey f/\/
pist( || I it > _—

John Paparrizos et al. Debunking Four Long-Standing Misconceptions of Time-Series Distance Measures. SIGMOD. 2020.



HEBNEFESIRNERES
-+ L,-norm (Lock-Step)

n 1/p
Dist(x,y) = (Z |x, — J’t|p>
t=1

- BATE
M(xe,ye) = |x — Ye| + M(Xe—1, Ye—1)

AT

T TS IT &

- BJ[EJAZE (Time Warping)




Dynamic Time Warping

- WA EAERKER B IRIEERS ?

- TSR —RIBRGY

- SxER™, yeR", EX

(DTW(,j — 1)

DTW (i,j) = distance(x;,y;) + min{ DTW (i — 1, )

- #aat
- DTW(0,0) = 0
= DTW(0,j) =,j=1..n

- DTW(i,0) = ,i =1..m

azl—\r_ O (mn)

DTW(i—1,j—1)

\
PREIIEZEE

repeat x;
repeat y;
repeat neither

P

BEHAVIORAL ATTRIBUTE

BEHAVIORAL ATTRIBUTE

35
30+
SERIEST
25+
! /
: | /
200 //[SEGMENT B W;‘SE 7c
SEGMENTA| ‘
) |
/ :
157 SERIES2 |
10 L L L L
0 5 10 15 20
POSITION INDEX
(a) Original series
35
a0l REPEATED |
|ELEMENTS | !
/ l
25) \
[
l SEGMENTC
|
20| SEGMENTB| | /
SEGMENTA| | ‘ /
I I /
\ |
15l I\ ' [REPEATED
| / \ﬁ} ! /| ELEMENTS
| \
| | REPEATED \!
I | ELEMENTS
10 —

5 10

15 20 25
POSITION INDEX

(b) Warped series




HtniE Azl

- SRS = Edit Distance on Real sequences [Chen et al., 2005]
- I'E-I_XT.I-HT_ITE—_IF%_&U“?SAR*E?&: ﬁﬁﬁ D Di—l,j—l If m(xl,y]) =1

ARREIF ST EEER [ Piccolo, 1990],
B FF R NS [T
SHIEE m(x;,y;) = (e — |x; — y5])

- ¥ EE: Time-warped edit distance [Marteau, 2009]

1+ min{Dy j—1, Di—1,j, Di—1j-1}  ifm(xy,y;) =0

- $57EREES * Minimum jump costs dissimilarity [Serra and Arcos, 2012]
- SENERS BN, R s | =
DMIEE (0Kernel, Wasserstein) 5 of
e P i SO % |
5 10 15 20
Time [Samples]

Joan Serra, Josep Ll. Arcos. An Empirical Evaluation of Similarity Measures for Time Series Classification. Knowledge-based Systems. 2014.
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Ry

* ¥ E—EEIREANINE (hold-out)

o—90 0 0 0 0 0 0 0 0 0 0 0 0 0 00 0 0 0 o

WIZx 3

MK B iR

BESHRE

TN ZE R



Ry

« XX EGUE (Cross-Validation)

O

O

O

O

O

O

O

O

O

O

O

O

v

o—90 0 0 0 © e—0 0 0 O (O O0O—"C—"0C—0C—CO—-O >
o—0 0 0 0 ¢ o—0 0 0 0 0 0 0 (O (O—0CO—0 >
o—0 0 0 0 ¢ o—90 0 0 0 0 0 0 0 0 0 ¢ >




By

- fBIREQUE (rolling) , EFHSEEUEIEbacktesting

o—0 0 0 0 0 0 © O—O0—"C0C—""0C—"F0C—"0—"C0C—"C0C—C0C—C0C—=00 >
o—90 0 0 0 0 0 © O—O0—"C—""0C—""C0C—"FC0C—""0C—"C0C—"0C—0C—-00 >
o—0 0 0 0 0 0 © O O0—FC—""7C—""F0C—"C0C—"C0C—"~C—CO—CO—-O0 >
*—0 0 0 0 0 0 ¢ —0 O O0O—"0C—"0OCO—"0C—"~0C—C0C—C0CO—-0 >
o—90 0 0 0 0 0 © —0 0 O O—FC—"C0C—CO—"—0C—0C—-O >
*—0 0 0 0 0 0 ¢ —0 0 0 O O—0OC—"C0C—C0C—C0CO——o0 >



450

- L — HIFE
- BETKEALNGSEGE, MUHKESHRESEE
- ARSI, FEHZERIL — H3Y, ERERFIFTERH T2

') '~ n

O—O—0—0—0 0 0 0 0 O (O—0O0—10OCO—10O—1C—"C0CO—0O—_0O—C0C—-0 >
. O\ )
Y Y
L H
O—CO—"C0O0—C0C—"FC0C—"C0C—FC0C—"C0CO—"—C—"C——C—8—0 000 0 @0 (OO >
O—CO—CO—C— 08— 00 0 0 0 O O—O0—10O—C——C0CO—CO—C0CO—-=0 >
O—O—C—"CO—C—8—0—0 0 0 0 0 O O—O0—1CO—"0O—10O—C0CO—-O0 >

v

O



RIS i=tan

= MAE (Mean Absolute Error)

H
1
MAE = Ez |Vn+i — Yn+il
=1

= MSE (Mean Square Error)

H
1
MSE = Ez (Yn+t — Yn+t)2
t=1



RIS i=tan

= Y RyRIFEWE, mALIERE (NRBSITRIEEESm = 12)

= MAPE (Mean Absolute Percentage Error)

H A\
MAPE = @ lyr+i — Vr+il

H = lyr+il

= SMAPE (symmetric MAPE)

200 ;= Ve
SMAPE = “— Vr+i — Vr+il

H — |Vr4il + P74l

= MASE (Mean Absolute Scaled Error)

H
1 |YT+i - }7T+i|
MASE = E E T

T+H
=1 T 1 H —m&j=m+1 |yj _yj—m|

= OWA (overall weighted average)

OWA = 1 [ SMAPE N MASE
SMAPENa’ive2 MASENa’ive2

2
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RIXJERFAEFNIE RS

- QMBERRCEUE: EF ETI0HTHNE - QMR PR ARIE S
- et () f&E (linear interpolation) : BRiKi - —R AT ARG BINRIEUEIED (short-term
<j, te(t,t), M fluctuations)
t—t, - %58 (Binning)
y=nE (tj — ti) Oy =) - BT AR IRRE—EEbRE (ANiEkRK) |, fE

NERBRBRIE
B R AT R E RS A TS PR R e

Ly itk

- FBmh1Y (hl/Ioving—Average)




RIEEFIAYYT—1

- BFFEUERE (scale) MY

- BAFFEEAS (translation) L

A

- Bix:

T EERERSaGIFEREED, HEFS!
A& 153 Rax + bPAIMERIUERITE

« |3—{¢ (normalization) : EHTFEEEEEYER

Hl7E[0,1]
Yt — Ymin

Ymax — Ymin

Vi =

- VB (Standardization) / Z-Score: GHIFR

R IRAIHELURNES ZE
Yt~ H
0

Zt

« Y1YJ3—4 (Mean Normalization)

Ye — U

Ymax — Ymin

Vi =



Rty a 5k E G i

- FIRIF5 RIS R
- B0 #% (additive decomposition)
Ve =S¢+ Te + Ry

- {32 % (multiplicative decomposition)
Ve = St X Tt X Rt

“Se: ZTII (seasonal component) , ZIEIRTEIFFIRIEIHAE R
=T, : BBIN (trend-cycle component) 2 E R E AT EE S
“R;: FRIN (remainder component)




FTXIFFIRY3EHR

- XJEAL I
* EI R R
= Make highly skewed distributions less skewed

Yt Vy; Vy;
Vlog( )=lo< >=lo <1+—>z
Wt 5 YVt-1 5 Yt-1 YVt-1

I UZE KRBT RAEET K)
. QJ@ZJ’EE’\JYS@‘E%FJT%&SEI’\J)'L@SIZi’S

Vye

/ AN

X Log;o(X)
1 0

10 1
100 2

JUASER(1 x 10 x 100)/3 = 10 5181

= 1000 T T T T T T T
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Box-CoxZ=if

» Box-CoxZZ#2 (1964)

« BRI N —
— 25
HURR ST —
—1 1
@® _ i) —=iie
yt A — ?DE
10 )\. 0 e A
gVt - _1.5 / ==
—_ p —
A s
cye =18y =0 N
Z et xjo//,/ ?Fl///
v # ~ NG
e | t i
o : —x
é_ A=t A=0 A=1 A= =2
E // i = N 0.5 1.0
i 1] | w”
05 10 15 20 05 10 15 20 05 10 15 20 log(x)

Box, G. E. P. and Cox, D. R. (1964). An analysis of transformations, Journal of the Royal Statistical Society, Series B, 26, 211-252.



Box-CoxZ=if

= Box-CoxZHF 0" IES T2 ERTLE

(v - 1) (L7 05
yt()t)z — A#0 d - Yt

log y; A=0

1973 British income data

= .
A = 0.21 A =0
o | w0 =
o ED— o
2
5
=
53 8a 3
5 § -
(] p= (7]
B g &
& £c O oy
= 8 (=
o
=
=2
o | T T : -| T T T i T T g_ ——
0 2 4 6 8 10 12 -2 -1 0 1 2 3 _'3 _'2 -1 {') 1' é :'3 __'4 _'2

Income A Income Income



Box-CoxZ=if

- EEIE/ATFES Vv Ay FHIR LA 15

N

i . — 9.)?2
min ) (i = 91 (-1

i y()l) _ (3//{,/1_1 A+0

- TR A REERNHAN{AAbHE? ‘ nd _
|V ]logy; A=0

Y S, A S, A S,
—0.4 13,825.5 —0.1 11,627.2 0.2 11,784.3
-0.3 12,794.6 0.0 11,458.1 0.3 12,180.0
—0.2 12,046.0 0.1 11,554.3 0.4 12,633.2




R IER(ERS?

- Box-CoxZ#r RETXIBUEIFRAIFFS, AeRbEEERT eI RERFSY?

—ZS#Box-CoxZxHh

= (two-parameter Box-Cox)

((Yt + )M =1

2
yt()_< A

L In(y; + 1)
- SRy > —A,

ifA, £ 0

« {E1IEAYBox-CoxZ#E (Bickel & Doksum)

@ _ |log(ye) if A=0
o= (sign(y)ly:|* —1)/A  otherwise.

A =10, BEFAAZE, BT

Bickel, P. J., & Doksum, K. A. (1981). An analysis of transformations revisited. Journal of the American Statistical Association, 76(374), 296311




R IER(ERS?

- Box-CoxZ#r RETXIBUEIFRAIFFS, AeRbEEERT eI RERFSY?

* Yeo-JohnsonZ>#

(e +D*-1)/2 fA%0,y>0
yt@) ) log(y; + 1) fA=0y=0
~((ye+DEP-1)/@-2) f1#2y<0
|\ —log(—y; + 1) fA=2,y<0

= 10T 9IEFE TR

Yeo, In-Kwon; Johnson, Richard A. (2000). "A New Family of Power Transformations to Improve Normality or Symmetry". Biometrika. 87 (4): 954-959.



Box-Cox3Ha¥S B RIS

- §XFAustralian Quarterly Gas ProductionZ{#Eg, {ERIEIEAYBox-Cox3THa

cccccc

2000 Q1 960 Q1 1980Q1 2000 Q1



Tukey Ladder of Powers

- Tukey Ladder of Powers B 158 {REY72 0" &
IE", BETIESSH (FHEIEERAER)

- BRI, FRUEXRR («E3yt) BTFEHE
y = b, + bx*

'I

=
y* = by, + bx

= TukeyRENX A = OB ZEHElog(MIIF—1NFEEL

A —2 -1 —-1/2 0 1/2 1 2
1 1 ,
y ) o x logx Vx X X

US population (millions)

30 1

25

20 1
151

10 1

20.0

10.0 1

5.0

.. 02 7
0.1 4

1700

1750
Year

1800 1850

2.0
- 1.01
0.5-

1750 1800 1850

Year

1700

The US population from 1670 - 1860.
The Y axis on the right panel 1s on a log scale.

—R&PRHlx > 0




Tukey Ladder of Powers

- EREIRIFE, R < oRIRES N TIRIA
SUREAIRLEEE, AL, ENXTukeyZiR

x? if1>0
y=<logx ifA=0
-(x*)

ifA<0
A -2 -1 —-1/2 0 1/2 1 2
1 1 | 1 ,
y ) —7 NE logx Vx X X

(x, y2) AR ERIARY X &

T, BEKEXRFR (y) ET&ME

fim=1 K05 A=-0.25 N
A=0.25 A=05 A=0.75 ket
- JR a4

| ot
..........

Correlation coefficient
75 8 B85 9 985

1

.9990

.9995




Box-CoxZEHiHFIEEFES]

. CERSE (57 ELSCHR) uniform
1 n c
Re(f) = BplL(f (x;0), %] = 52 z yijlog f;(xi; ©), N

- RFEUED, = {(x;, P}z, BRIRIEATIEEA, SEBRITEX

pi=klyi=5x) =@ =kly, =) =nj

-
Nig=1—nforj=k symmetric

Mjk =7 forj # k

 HSEARURIILR] (F) = Ep, [L(f (1), 5]

Zhilu Zhang, Mert R. Sabuncu. Generalized Cross Entropy Loss for Training Deep Neural Networks with Noisy Labels. NeurIPS 2018: 8792-8802



CEFIMAE

. CEi84: » MAE#RS
RL(f) = Ep [L(f(xi 9)»3’x)] LMAE(f(x)»ej) = ”ej — f(x)lll
R =2-2f;(x)
%Z Z yijlog fi(x;; 0)
=1 j=1

. . = symmetric, noise robust
= Nonsymmetric, sensitive to label noise

AR S MR EREL?

1
> - Vof,, (x;; 8) for CE
i dL(f (x;;0),y;) Ji= fy e 0) 7
4 00 i
i=1 z — Vo fy,(x;; 8) for MAE/unhinged loss
\i=1




Generalized Cross Entropy Loss

- CEfRk  MAFHRA

n

1
R.(f) = 52 Z yijlog fi(x;; 0), Luae(f(x).¢) = e = F®Il, = 2 = 2£; ()

=1 j=1

- {FFEBox-Cox35ih

1 — f.(x)4
L) = g(x))

Hr, g €(0,1]
q—- 0, T/UHCE, q=1TMHAIMAE

0Ly (f (x:;0), ;) 1 )
BT = f (x5 01 (— 7, (%2 6) Vo fy, (xi; 9)) = —fy,(x;;0)7 Vo, (x;;0),




TukeyTHEHF IR ES]

ground truth distribution

calibrated distribution O

A A few-shot features *
* A A features sampled from
calibrated distribution
class boundary e
Classifier trained with Classifier trained with features
few-shot features sampled from calibrated distribution

Algorithm 1 Training procedure for an N-way-K-shot task

Require: Support set features S = (x;, y) N <™

Require: Base classes’ statistics {g; }. 7%/, {2,311 YiesyMi T o Yiesy i ta

I: Transform (af;l)):’j K with Tukey’s Ladder of Powers as Equation = E+1 = k

2: for (z;,y;) € Sdo q

3:  Calibrate the mean g and the covariance X' for class y; using x; with Equation D. — , N 3 D SY
4. Sample features for class y; from the calibrated distribution as Equation 7] v {(@. y)le ~ N(p. %).V(p. X) €8}
5: end for

6

: Train a classifier using both support set features and all sampled features as Equation
° PP P f \ = Z —log Pr(y|; 0)

Shuo Yang, Lu Liu, Min Xu. Free Lunch for Few-shot Learning: Distribution Calibration. ICLR 2021 (®.y)~SUD, |,y




	02 时间序列的预处理和评价
	本章概要
	时间序列预测竞赛
	时间序列预测竞赛
	时间序列数据集M4
	时间序列数据集M4
	M4竞赛的（部分）重要发现
	其他竞赛
	其他相关数据集
	本章概要
	Baseline方法
	Baseline方法
	Baseline方法	
	线性回归（Linear Regression）
	𝒌近邻（𝒌 Nearest Neighbor）
	近邻方法
	相似性（距离）的作用
	面向时间序列的距离度量
	Dynamic Time Warping
	其他距离形式
	本章概要
	评估方式
	评估方式
	评估方式
	评估方式
	预测评价指标
	预测评价指标
	本章概要
	应对缺失值和噪声
	时间序列的归一化
	其他的时间序列预处理方法
	针对序列的变换
	Box-Cox变换
	Box-Cox变换
	Box-Cox变换
	如何处理负值序列？
	如何处理负值序列？
	Box-Cox变换对时序的影响
	Tukey Ladder of Powers
	Tukey Ladder of Powers
	Box-Cox变换用于噪声学习
	CE和MAE
	Generalized Cross Entropy Loss 
	Tukey变换用于小样本学习

