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TS -> ML

Bbibupaem norvky coctaBneHus nNiocKoro gataceta: ropu3oHT npenckasaHus, AnMHy NCTOpPUN, pasMep NepeceveHns okHa
MHaekcbl — cocTaBnsieM B COOTBETCTBME HABNIOAEHMIO B NIOCKOM Tabnuue rpynny HabnogeHun 3 anMHHOMN.

BpemeHHon psag
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PS4 NpeacTaBrieH B Buae
ONTMHHOW Tabnuubl
“‘Hape3aeM” okHa 13 psiga
ANSA KaXaoro okHa
cunTaem arperatbl
nony4yaem LWUPOKUn
patacetTc Xuy

time

value Additional
features

id ids history Ids horizon
0 [0,1, 2] [3, 4]
1 1,2, 3] [4, 5]
2 [2, 3, 4] [5, 6]

base | lag3 | lag2 | lag1 | Max | target1 | target2
ts



TS -> ML: Kak oueHnBaTb Ka4yecTBO?

] History data = Forecasting horizon ] Remaining data

Stride steps
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(a) Fixed Forecasting. (b) Rolling Forecasting.
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CTparternm NnporHo3mpoBaHNsa Ha HECKONbKO TOYEK Bnepen

Recursive

0

1

2

MIMO (multi-input-multi-output)

Recursive - aBToperpeccnoHHas

Mnrocbl: 6uicTpoe 0byyeHne, xopoLlas MeTpuka Ha KopoTKkue
rOPU30HTLI, TPEBYET Manon AnNuHbl psaa, MOXHO NOoSTyYnTb NPOrHO3 Ha
no6on ropnU3oHT

MuHycCbI: MegneHHbIN MHEepEHC Ha ASTMHHbIE TOPU30HTbI, HAaKoMNeHne
OLWMBOK, CNOXHOCTb MCMNOSb30BaHNA 9K30MNE€HHbIX MPU3HAKOB
Bctpeuaetcsa: NLP (Causal LM), RecSys (next item prediction)

MIMO - MHOXXeCTBEHHbIV BbIX0O

Mntocbl: ObicTpoe 0byyeHne N nHdepeHc, nerko 4o6aBnATL NPU3HAKK
MuHycbI: He nogonaeT ANA KOPOTKUX pAOO0B, OANMNHHBLIN TOPU3OHT
BO3MOXEH TOSTbKO AN ANMHHbBIX PAOOB

Bctpeuaetcsa: NLP (multitoken prediction)



3ayem mncnornb3oBaTh pasHble cTpaTternm?
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https://www.kaggle.com/code/simakov/tsururu-demo-images-rec-mimo-std
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https://www.kaggle.com/code/simakov/tsururu-demo-images-rec-mimo-std?scriptVersionId=222853953

3ayeMm ucnonb3oBaTh pasHble cTpaTernn?

He Bce Tak 0AHO3HA4HO, HO:

® Recursive XyXe C pOCTOM LWyMa, Bbllle BONTATUIIbHOCTb METPUK

e  MIMO crnaxuaert Wwym, 6onee ctabunbHa
e RecMIMO 6epert nyywee 13 AByx NOAXOA0B

MHoroe 3aBucuUT ot LymMma B KOHLUE NCTOPpUKn

— Recursive
0.6 4 Recursive 95% interval
—— RecMIMO

RecMIMO 95% interval
~— MIMO
MIMO 95% interval
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Noise STD

https://www.kaggle.com/code/simakov/tsururu-demo

mean MAE

RecMIMO  MIMO

std

0.100000
0.200000
0.300000
0.400000
0.500000
0.600000
0.700000
0.800000
0.900000
1.000000
1.100000
1.200000
1.300000
1.400000
1.500000

Recursive

0.032035
0.057227
0.087785
0.123184
0.168716
0.213032
0.282204
0.336254
0.396425
0.470196
0.502446
0.548604
0.580037
0.594543
0.611975

0.030644
0.054676
0.086059
0.123513
0.166207
0.212531
0.255867
0.310685
0.366704
0.421737
0.470753
0.510278
0.545105
0.583606
0.599659

0.032427
0.061837
0.096687
0.133176
0.182431
0.240233
0.287457
0.338512
0.383235
0.434884
0.468884
0.508815
0.552802
0.581455
0.601766

std MAE

Recursive

0.008071
0.020120
0.032698
0.048445
0.057462
0.075231
0.093897
0.089965
0.086491
0.098842
0.098628
0.087271
0.065129
0.049789
0.035126

RecMIMO

0.008666
0.016745
0.028295
0.043769
0.047758
0.059821
0.070482
0.079553
0.083359
0.086882
0.086665
0.088852
0.076102
0.053381
0.050098

MIMO

0.010568
0.014805
0.022476
0.025141
0.033503
0.032925
0.046723
0.051420
0.063326
0.061166
0.059936
0.058375
0.052443
0.045624
0.036095


https://www.kaggle.com/code/simakov/tsururu-demo?scriptVersionId=222861230

CTparternm NnporHo3mpoBaHNsa Ha HECKONbKO TOYEK Bnepen

FlatWideMIMO
HF
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TapreTa (ToBapa) eCTb CBOW NMPU3HaKMN.



CTparternm NnporHo3mpoBaHNsa Ha HECKONbKO TOYEK Bnepen

Direct
o | 1 2 3 4 5 6 7
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[Noaxoabl K paboTe ¢ HECKOMNbKUMM psaamu

Local
[NepBas Bropas N-ag
mMoaenb mMoaenb moaernb
X1 | Y4 Xo NN .. [ Xn (¥

MHoro mogenewn, No ogHOW ANSA KaXgoro
BPEMEHHOro psaa.

https://arxiv.org/abs/2008.00444

Multivariate
OpHa
mogenb
X4 Xo X || Y1 | Y2 Yn

OpgHa mopenb Ans Bcex OOHOMEPHbIX
BpEMEHHbIX pAOOB.

Mpu3Hakn HabnoaeHWA, OTHOCSALLNXCS K
OLHOW BPEMEHHOM TOYKE, 06 beANHAITCA

Global

OpgHa
Monenb

OpgHa mopgenb Anst Bcex OOHOMEPHDbIX
BPEMEHHbIX PAOOB.

Mpu3Haku oTAenbHbIX HAbNaeHW
He nepeceKarTca Mexay psgamu.


https://arxiv.org/abs/2008.00444
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Multivariate: Cl and CM

J\/\/\/\/\/\ forecast
-_—

(a) Channel Dependent (CD) Strategy
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(b) Channel Independent (Cl) Strategy
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Chanel Independence Ha npumepe PatchTST:

[bs, nvars, seq_len] - batch size, uncno psgos, history

[bs x nvars x patch_num x patch_len] - patching

[bs x nvars x patch_num x d_model] - linear projection

[(bs * nvars) x patch_num x d_model] - combine bs and nvars
[(bs * nvars) x patch_num x d_model] - backbone forward
[bs x nvars x patch_num, d_model] - split bs and nvars

[bs x nvars x horizon] - after head



Multivariate: Cl and CM

J\/\/\/\/\/\ forecast
f —

(a) Channel Dependent (CD) Strategy

forecast .
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(b) Channel Independent (Cl) Strategy
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Chanel Independence Ha npumepe PatchTST:

[bs, nvars, seq_len] - batch size, uncno psgos, history

[bs x nvars x patch_num x patch_len] - patching

[bs x nvars x patch_num x d_model] - linear projection

[(bs * nvars) x patch_num x d_model] - combine bs and nvars
[(bs * nvars) x patch_num x d_model] - backbone forward
[bs x nvars x patch_num, d_model] - split bs and nvars

[bs x nvars x horizon] - after head

Chanel Independence - shared Beca ans kaxgomn
KOMMOHEHThI, N0 cyTn akBmBarneHTeH global



SotA TS forecasting n ero npobnemsi

e HepocraTtoyHada npencTaBNeHHOCTb Pa3fNUYHbIX JOMEHOB => BO3MOXHbIN 0BEPdUT Ha
B6eHumapk (Issue 1)

e Cnabble 6ensnanHbl, OTCYTCTBME Knaccuyecknx bensnanHos (Issue 2)
HenoHATHO, OT Yero KOHKPETHO MOSIBASETCA NPUPOCT MO Ka4ecTByY B CTaTbsAX, Npobrnema
HEKOHCUCTEHTHbIX cpaBHeHUU (Issue 3)

e He nccnenyetcsa Bonpoc LenecoodbpasHocTn (CkopocTb / kKavecTBo) (Issue 4)

Issues 1, 2, 3: https://arxiv.org/abs/2403.20150v3
Issue 3, 4: https://arxiv.org/abs/2310.06119



https://arxiv.org/abs/2403.20150v3
https://arxiv.org/abs/2310.06119

SotA TS forecasting n ero npobriemsbl

e [Ina ctapbix DL mogenen - ucnornb3oBaHve (oMHaHCOBbBIX JAaHHbIX, UCKINIOYEHME HEKOTOPbIX TOYEK U3 cpaBHeHus [1]

[nsa Hosbix DL mogenen - maneHbKkasa anvHa BxoAa, eanHble rurnepnapamMeTpbl Ans Bcex metogos [1], drop last trick [2]

e [1ns doyHOaMeHTanbHbIX MOAENEN - HA COPEBHOBaHMSX NpourpbiBatoT [3], pewweHuns Ha 6a3e LLM paboTtatoT xyxe yem 6e3
HUX [4], HO TpebytoT 6onblue BbIMMCANTENBHBLIX PECYPCOB

e  beHumapku HepenpeseHTaTBHbI, AN UCNOMNb30BaHUA HA KOHKPETHOW 3afade BCE paBHO HY>KHO NPOBEPSTb HA CBOUX
AaHHbIX - Npobrnema nogbopa KOHTEKCTa B (pyHAaMeHTarnbHbIX MOgeNnsax, NpaBunbHas nogadya KOHTEeKCTa U AOMONTHUTENbHON
MHdopMaLumn yny4ywaet kadecTtso [1, 5]

. B Traffic
TSlib & - I B Electricity
LTSF-Linear Energy
Environment
Nature
BasicTs [N Economic
Stock
¥ Banking
Basicrs+ . ® Health [1] https://youtu.be/vNul_AJRPFw?si=Ya71_JxtnDyBXKYd
W Web [2] https://arxiv.org/abs/2403.20150v3
[3] https://cbergmeir.com/papers/Berameir2024L L Ms.pdf
TFB (ours [4] https://arxiv.org/abs/2406.16964
(ours) — I- [5] https://arxiv.org/abs/2410.18959
0 5 10 15 20 25 30

Datasets


https://youtu.be/vNul_AjRPFw?si=Ya71_JxtnDyBXKYd
https://arxiv.org/abs/2403.20150v3
https://cbergmeir.com/papers/Bergmeir2024LLMs.pdf
https://arxiv.org/abs/2406.16964
https://arxiv.org/abs/2410.18959

[TooobHble npobnembl B apyrnx obnactax ML

e RecSys: mHOrne SotA meToabl Npu YECTHOM CpaBHEHMM XYXXe Bornee NpocTbiX 6ensnanHos [6]
RL: 6ensnanH ¢ omyamm na ctaten pabortaeTt nyyile, 4eM MoLenu n3 caMmmx craten [7]
Optimization: HoBble anroputmbl onTummudaumm (LARS, LAMB) okasbiBatoTCcs XyxXe, YeM CTaHOapTHble (Bpoae
Adam) npwu TIOHUHre NnapameTpos [8]

e Graphs: B rpadoBbix 3agadvax [9] okasblBaeTcs, YTO HEKOTOPbIE JaTaceThbl ANA TECTMPOBAHMS anrOpUTMOB Ha
reTepounbHbIX rpadpoB NMEKT cepbe3Hble NpobremMbl, HanpUMep YTeYKy AaHHbIX

e Metric learning: B cTaTbsix yTBEpXX4anoch ynyyleHne MeTPUK 3a CHET HOBbIX JTOCCOB, HO Ha CaMOM [erie OHO
ObIno 3a cHET Bonee NPOABMHYTLIX MOAeNen U OTCYTCTBUS THOHMHIA rnepnapameTpoB B cpaBHeHUsAX [10]

e Tabular: MHOrMe meTogbl aBTOMaATUYECKOM reHepaumm Npu3HaKoB NCNOSb3YHOT TECTOBYIO BbIOOPKY Ana noabopa
onTUMarnbHbIX Npu3Hakos [11]

[6] https://arxiv.org/abs/1907.06902

[7] https://arxiv.org/abs/2305.09836

[8] https://openreview.net/forum?id=E9e18Ms5TeV
[9] https://arxiv.org/abs/2302.11640

[10] https://arxiv.org/abs/2003.08505

[11] https://arxiv.org/abs/2211.12507



https://arxiv.org/abs/1907.06902
https://arxiv.org/abs/2305.09836
https://openreview.net/forum?id=E9e18Ms5TeV
https://arxiv.org/abs/2302.11640
https://arxiv.org/abs/2003.08505
https://arxiv.org/abs/2211.12507

Tsururu

Transform features (optional)

i Approaches Models
ML DL
Global .
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Evaluation
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Backtest
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Rolling
validation

Feature Generation
(Datetime, Categorical Encoding, Lag)
Window Normalizing

LS B N S B & 2

Baselines

Transform targets (optional)

Hyperparameter Value NN models Boosting Overall
yperp Rank Median MAE | Rank Median MAE | Rank Median MAE

Datetime False 1.3819 1.0087 1.3778 1.7026 1.3810 1.0671
Features True 1.6181 1.1323 1.6222 1.8036 1.6190 1.2209
ID Features False 1.7262 1.0780 1.6286 1.8237 1.6975 1.1698
True 1.2738 1.0024 1.3714 1.7486 1.3025 1.1151
Global 1.5476 1.0056 1.0857 1.7048 1.5476 1.1213
Mode Multivariate CI 22619 1.1217 — — 2.2619 1.1217
Multivariate CM | 2.1905 1.1319 1.9143 1.8426 2.1905 1.2380
FlatWideMIMO | 3.9375 1.3080 27333 1.7906 3.6508 1.3770

Prediction MIMO 1.7500 1.0280 27333 1.7210 1.9841 1.0779 httos://aithub.com/sb-ai-lab/tsururu
Strategy Recursive (M H = 1) | 2.4167 1.0314 2.5333 1.8373 2.4444 1.1092
Recursive (M H = 6) | 1.8958 1.0228 2.0000 1.7144 1.9206 1.0877



https://github.com/sb-ai-lab/tsururu

ApPXNTEKTYpPbI. Supervised

Stat & ML

History
Train Set (contexty ~ Forecast
Stat ML R —A——
e (Seasonal) Naive e  sklearn-like models
e ARIMA e CatBoost / PyBoost
e ETS
e Theta

DL

Supervised: Train the model to predict labels for new data, based on patterns

Linear CNN Transformers identified in the train set.
DLinear e TimesNet e GPT4TS
CycleNet e PatchTST
e Crossformer
e iTransformer


https://arxiv.org/abs/2205.13504
https://arxiv.org/abs/2409.18479
https://arxiv.org/abs/2210.02186
https://arxiv.org/abs/2302.11939
https://arxiv.org/abs/2211.14730
https://openreview.net/forum?id=vSVLM2j9eie
https://arxiv.org/abs/2310.06625

GBDT: PyBoost (2022, 13 citations)

Npo6nema: ans MIMO crpaterum ()] OBbtiHoe pepeso: i i - -
o E > : l_ 1 _ 1fert 1 _ right L
NPOrHO3MPOBaHUS HEOBXOANM 3PEKTUBHBIN ‘A}{ A ] O =Hpum g (Hlere =g [ H riane
: Y N 57 .
anroputm npegckasannsa MultiOutput TapreTta. Hipe | Hlign ESSLiZ“Q ﬁgﬁgii;l;l(g:ztgzzzsmamcm
CnoXHOCTb CTaHAapPTHbIX anropuTMoB ByCTUHTa HaUGOMbLLMIA

pactet NMMHEWHO Mo YMCny BbIXOOO0B.
02 Multioutput nepeBo: i
|

Upesn: cuntatb Information Gain He onsa Bcex Age <25 *I =
TapreTos AN\E

O 1 Top Outputs 02 Random Sampling 03 Random Projections
Bbi6ypaem k BbIXO4OB C Camnnvpyem k BbIxonoB ¢ C3M6“ﬂwpye§/l k cnyyaiHbix
HanBonbLel HOpMOﬁ onTuMmaribHbIMU BEPOATHOCTAMU p; KOMOWHaUun BbIXOA0B
rpagueHToB D 2 _

S pe=lgd?/ Y. gl e = ¢l
gl = lgi. ]l = - = llgil j=1
e = - ! HoBbIl BbIXO HOPMUPYEM: 11 € R4 - cniyvaitnast matpuua
Topk C auelikamu i.id. N (0, k1)
.1
Code: https://github.com/sb-ai-lab/Py-Boost 9= kp,gi
L

Paper: https://openreview.net/forum?id=WSxarC8t-T



https://github.com/sb-ai-lab/Py-Boost
https://openreview.net/forum?id=WSxarC8t-T

DLinear (2023, 1842 citations)

Upesn: ncnonb3oBatb NnpoCThble NUHENHble Moaenu

Xi = WX; W eRTXL

MpenobpaboTka:
e [leKoMNO3ULMOHHbIA Moaynb n3 Autoformer

N3BneveHne TpeHaa CKONb3sLLMM CPeaHUM:

X = AvgPool(Padding(X
X: - Xvﬁ ;: (Padding(X)) “— oraenuHuIe Mogenu

3apauu: forecasting
NMocTaHoBka: multivariate (Cl)

Code: https://github.com/vivva/DLinear
Paper: https://arxiv.org/abs/2205.13504

FutureI timesteps

Z = _—

History L timesteps


https://arxiv.org/abs/2106.13008
https://github.com/vivva/DLinear
https://arxiv.org/abs/2205.13504

CycleNet (2024, 6 citations)

Upes: inductive bias gna nepnoanyeckmnx
naTTepHOB.

ApxuTtekTypa:
e lI3BneyeHne LUMKIINYECKON KOMMOHEHTDI
obyyaembimu WwabnoHamu
e MopgenupoBaHue oCcTaTKOB JIMHENHOMN
moaenbto nnu MLP
e BosBpallueHne LUMKIMYecKkon YyacTtu

3apauu: forecasting
MocTaHoBka: multivariate (Cl)

° MO,D,yJ'Ib LMKNa nerko MoXeT ObITb BCTPOEH

B NoGYI0 Apyryto Moaenb

Code: https://github.com/ACAT-SCUT/CycleNet
Paper: https://arxiv.org/abs/2409.18479
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https://github.com/ACAT-SCUT/CycleNet
https://arxiv.org/abs/2409.18479

TimesNet (2023, 1043 citations)

Interperiod-variation

Mpesn: ncnonbsosats 2D Periodd— — — — — — i — ———a
Period 2\ | .9\0__’
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4yacToT ¢ HanbonbLlen amnMTyaoun Op L-:; ::"n;"ﬂ:r':-’;;ﬂ.::d’ "°"°d
* 2D CNN — il 7 VS A7

3apauum: forecasting, imputation,

e FFT 6nok ans onpeneneHus top-k N ' ,i A gl V,g \Hﬁwf V,g/
///;/ xp?‘

ip . . X;
classification, anomaly detection —~(~¥) ! -
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HOCTaHOBKa' mU|tlvar|ate (CD) Timesflack /, Parameter-efficient Lee MW W Ww"\/
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2D Space } ﬁ
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17 ’
\ -
Code: https://aithub.com/thuml/Time-Series-Library | | TimesBlock (FFT for Periods }—»{ Softmax

Paper: https://arxiv.org/abs/2210.02186
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https://github.com/thuml/Time-Series-Library
https://arxiv.org/abs/2210.02186

PatchTST (2022, 1340 citations)

|

Wpes: ogHO HabnoaeHne B KOHKPETHbIN - g Harute e i o Fvod - @
MOMEHT BPEMEHWN HECET Mano MHdopMaL MK | independence L % fm (;>‘

(kak oauH NUKcenb B KAPTUHKE) - nyylle g e

paccmaTtpusarb “naryu’ x € RMXE § NS e PN, e RMXT
ApxuTtekTypa: x® e RV i =1,..,M 2O e R, i=1,..,M

e Transformer

[V\/\/\/\/\/\ /\/\AA/\/\AA/\/\ An 2 e RXT Output Univariate Series

3apauum: forecasting, self-supervised A\ Single-Timestamp Flatten + Linear Head |
MNocTaHoBka: multivariate (Cl) Gioes.Channe: 20 e o
I\f‘/\/\/\/\/\ - L Transformer Encoder
e Yucno nartyenm MeHblLUe OMNHbI paga - ) € RO
COKpaLLEHVE BbIYUCTTUTENBHOM BRSO R R
CMNOXHOCTN MeXaHM3Ma BHUMaHUS ,“/\/\/\,v\/\/\m/\/\M/V\ A ol
/V\/\/\/\/\/\/ Multi-Timestamp vt
/\A/\/\/\/\/v Single-Channel Instance Norm + Patching
o ) M x(® g RIXL Input Univariate Series

Code: https://github.com/yuqinie98/PatchTST
Paper: https://arxiv.org/abs/2211.14730



https://github.com/yuqinie98/PatchTST
https://arxiv.org/abs/2211.14730

GPT4TS (2023, 343 citations)

Wpesn: ncnonb3osath NpefobyyeHHble
TpaHcOopMepHbIe MOAENN Ha ApYruX
aomeHax (NLP/CV).

ApxuTtekTypa:
e [lpenoby4yeHHbin Transformer
(GPT2, BERT)
e FF 1 MHA cnou 3amMopoXxeHbl, Tak Kak B
HUX XpPaHUTCS OCHOBHas MHopmauns ¢
npepoby4eHuns

3apauum: forecasting, anomaly detection,
imputation, zero/few-shot, classification
MocTaHoBKa: global

I

Pretrained (
Params ‘ Frozen Transformer Blocks J
N

\\.

( |
I |
I |
| /'y 3 |
| - Ay |
| Positional 9 RS
I Embeddings 1 Yo |
\ ~

[ Input Embedding ]

[ Instance Norm + Patching ]

I
AN A\ e pepg

Code: https:/github.com/DAMO-DI-ML/NeurlPS2023-One-Fits-All

Paper: https://arxiv.org/abs/2302.11939

I 3

Feed Forward
A

Add & Layer Norm {j

I

" Multi-Head Attention |

4

(ﬂ? Fine-tune

e


https://github.com/DAMO-DI-ML/NeurIPS2023-One-Fits-All
https://arxiv.org/abs/2302.11939

Issue 3: CtpaHHas SotA

Time Series (TS) Data

Word Token Embedding

TS Embedding Semantic Space
Space with Anchors
0 o0
® o%0 | [B] | S0 o200 y 5
%O O5n g L og 00%00080 E.
=
g’ 50| |2 | |®00e o6 ®
Mabpi o 2 00000
apping .
Joint Space Prefix-Prompt with
TS Embeddi
® @@ O < o ~ 4 mbeddng
@ Tg SHC O OO0 O % Pretrained
O O O O- o (@] ® (R g Ok 0O LLM
.’_»9(_‘ o © @e® - Erwe O VTS Forecasts
% o, 2 ooe | [T
e} (5% — SHEgng
" 808 . oo':}? IO k)]
" Prompt Candidate []JTS Embedding -

https://openreview.net/forum?id=gwQVV5R8Y7
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Flatten & Linear !
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Output Patch
Embeddings

:}é: Output Embeddings
’3
Add & Layer Norm
Feed Forward

Add & Layer Norm

Multi-Head

Attention

Input Embeddings

¥

* Pre-trained LLM

(Embedder)

A
/. Patch Reprogram

Patching (@

@ Training

5 Frozen

(A~ “Reprogrammed |
Patch Embeddings

() Multi-Head Attention

Pre-trained
Word Embeddings

Time Series
Patches

Dual-Modality Encoding

Time Series Encoding Branch

Channel-wise

Similarity Retrieval

https://arxiv.org/abs/2406.01638

Time Series Forecasting

Dependencies
Mapping

Multivariate|

O
Transformer— [7]
]

Decoder,
[

Projection

S

P Addition ) Multiplication —» Forward
Frozen % Training & Storage


https://openreview.net/forum?id=qwQVV5R8Y7
https://arxiv.org/abs/2406.01638
https://arxiv.org/abs/2310.01728

Issue 1: nepemeH4nBast SotA

PERFORMANCE OF ADVANCED TRANSFORMER MODELS AND BASIC LINEAR MODELS ACROSS HETEROGENEOUS MTS DATASETS.

Mathods PEMS04 PEMS08 ETTh2 ETTm2
| MAE RMSE WAPE | MAE RMSE WAPE| MAE RMSE WAPE| MAE RMSE WAPE
Informer 27.94 44.74 12.84% | 26.92 43.79 11:63%"| 7.12 6.87 47.44% | 5.84 790  38.97%
Autoformer | 34.72 50.33 14.81% | 33.75 51.23 14.13% | 3.33 491 22.17% | 274 4.58 18.27%
FEDformer | 26.89 41.46 12.39% | 25.14 39.17 10.87% | 3.27 493 21.78% | 2.70 454 17.99%
Linear 37.42 62.14 17.22% |  34.04 57.07 14.71% | 3.18 504 21.19% | 2.52 424  16.80%
DLinear 37.51 62.21 17.26% | 34.15 5718 14.76% | 3.13 5.00 20.85% | 2.49 423  16.63%
NLinear 37.62 62.38 17.31% | 34.11 57.26 14.74% | 3.16 506 21.09% | 249 421 16.60%

Gap

| 39.49%| 49.87%] 39.30%/| | 35.40%| 45.69%.| 35.32%) | 4.28%1 1.83%1 4.26%71|7.78%1 7.27%1 7.72%1

https://arxiv.org/abs/2310.06119



https://arxiv.org/abs/2310.06119

ApXuUTekTypbl. Zero-shot

LLM

Non-adapted LLM Adapted LLM History (context) Forecast
| A
[ I |
e LSTPrompt e Time-LLM
PromptCast e FPT TS
LLMTime e Chronos
e UniTS
e DAM
S pecial ized Zero-shot: Train the model to predict labels for new data without training on

the target dataset, based on patterns identified in the unrelated data.

Using synthetic data Using real data

° ForecastPEN

=B
B%I
S


https://arxiv.org/abs/2402.16132
https://arxiv.org/abs/2210.08964
https://arxiv.org/abs/2310.07820
https://arxiv.org/abs/2310.01728
https://arxiv.org/abs/2302.11939
https://arxiv.org/abs/2403.07815v1
https://arxiv.org/abs/2403.00131
https://openreview.net/forum?id=4NhMhElWqP
https://arxiv.org/abs/2311.01933
https://arxiv.org/abs/2402.16516
https://arxiv.org/abs/2402.02592
https://arxiv.org/abs/2402.03885

ObyuyeHune Zero-shot models for time series

Zero-shot mogenu ans BpeMeHHbIX psiaoB — 3TO B OCHOBHOM TpaHCHOpMEpHbI.
Takke oHM TpebytoT bonbLLOn padHoobpasHbI gataceT Ans npegodyyeHus.

Training
mode

Mixed Dataset

Inference
mode

Unseen
time series
history

-

~

Transformer

\_

/

Time series
prediction



[aHHble ans obyyeHuna zero-shot mogenu

Mogaenb npeackasbiBaeT Te 0COOeHHOCTM (AnNnHa nepuoaa, TPEeHA), KOTOpble 3anoXeHbl B JaHHbIX

[laTtaceTbl ang obyueHua

/\/\N\/ W /VV\/\/\ o 01 Transformer
«\_ / N

Training

02| Transformer

Inference 01 \/\/\/
%
3

28



CHRONOS (2024,
190 citations)

Time Series Tokenization

Historical Time Series

Context Tokens

Training

Context Tokens

Time Series
Language Model

Predicted
Probabilities

ization

Inference

Context Tokens

[]

Time Series
Language Model

o o P

Ve

Probabilistic Forecast

Sampled
ling  Tokens

uanti

Deq
and Unscalin;

Upesn: npeobpasoBaHmne psiooB B NOCreqoBaTeNlbHOCTb ANCKPETHBIX TOKEHOB A5 NPUMEHEHUS A3bIKOBbIX Mogenen. 3to
no3sondeT yHuduumpoBaTtb noaxos 6e3 HeobxoamMMoCcTu K agantaumm nog KOHKPETHbIE AaHHbIE.
ApxeTeKkTypa: MCMNonb3ylTCca CTaHAaPTHbIE TPAHCHOPMEHHbIE apXUTEKTYpPbI, Hanpumep, T5 6e3 moandukaumn ans

BPEMEHHbIX PSA0B

HaHHble: [eHepauus gaHHbIX Yepes rayccoBckue npoueccobl (KernelSynth) n 15 n 27 pataceToB, pasfefieHHble B pasHble
6eH4YMapku ansa in-domain n zero-shot npeackasanuii. Mcnonb3yrotcs ayrmeHTauusa TSMixup, noxoxas Ha Mixup n3
KapTUHOK: CUrHanbl U3 pa3HbiX AaTaceToB CYMMUPYIOTCA B OAMH PSS C pasHbiMu KO3hPUumeHTamm.

3apauum: probabilistic forecasting (uncertainty estimation), zero-shot nporHosb!

MNMocTaHoBKa: zero-shot

Code:_https://github.com/amazon-science/chronos-forecasting

Paper: https://arxiv.org/abs/2403.07815



https://github.com/amazon-science/chronos-forecasting
https://arxiv.org/abs/2403.07815

B P
Mixture | [\
Distribution // y :

Multi Patch Size
Output Projection

M O I ra I (2 O 2 4 y | Transformer (Full Self—Attentionl
116 citations) B N S S S S A

Patch
Embedding

Patch Size 64

Multi Patch Size
Input Projection

Variate 0 Variate | Variate 2

Upes: cbyH,qameHTaanaﬂ Moaernb AnAa BpeMeHHbIX pAaaos, npe,u,o6yquHa$| Ha

pagax c pasnMyHoOn rpaHynsaumnen. Muldiple Domains
ApxeTtekTtypa: MackuposaHHasa encoder-only apxutektypa. ROPE ambeaauHr, i ® % ] S &
flatten ana multivariate gaHHbIX, Gnarogaps Yyemy moxeT obpabaTbiBaTb AaHHbIE C v v v v v v v
NPOWN3BOSIbHON Pa3MEPHOCTLIO. Universal Forecaster

OaHHble: 27 MNpg HabnoaeHnn U3 9 foMeHoB (aHepreTuka, hUHaHChI, | | |

3[,paBOOXpaHEHMNE U Ap.), carpurnpoBaHHbl n3 Monash, GluonTsS, CloudOps TSF,

LibCity u opyrux gataceToB. Bk/toyatoT pasfinyHyto rpaHynsapHoOCTb (0T rogoBbIX

[0 CEKYHAHbIX HAaGNOAEHWUI).

3apauu: probabilistic forecasting

MocTaHoBKa: zero-shot CTH o i |

1) Multiple Frequencies

N
e \:'\
— L ‘4/%\_‘

2) Any-variate Forecasting

3) Varying Distributions

Code: hitps://aithub.com/SalesforceAlResearch/uni2ts
Paper: https://arxiv.org/abs/2402.02592



https://github.com/SalesforceAIResearch/uni2ts
https://arxiv.org/abs/2402.02592

TimesFM (2023, 185 citations)

Mpaen: natumHr psagoBs, cMelluMBaHue pearbHbIX
[AaHHbIX N CUHTETUKM, POPKACT Kak reHepaTUBHas

Saﬂaqa, pasHb|e pasMepb| BXOﬂHOrO |/| Bb'XOﬂHOr( P I \‘ .......................... T ‘. .......................... [ ............................................... ] ................ 1
nat4ya b 2 Residual Block E,S:h':::rk) :
ApxuTtekTypa: TpaHcopmep Aekoaep R R FROOTs PCYRPRSPRRPPPRSFFR b I
3apauu: forecasting (+quantile) e VRed ~5 * ““'“-%ayers

Transformer

NMocTaHoBKa: univariate (+ exogenous features) Causal Self-Attention (SA)

[aHHble: cnHTeTUKa + pearnbHble (~370Mnpg
HabnogeHui)

Table 1: Composition of TimesFM pretraining dataset.

Dataset Granularity # Time series # Time points
Synthetic 3,000,000  6,144,000,000 : i A
Electricity Hourly 321 8,443,584 : \ \ cas (same
Traffic Hourly 862 15,122,928 : b \ Residual Block network):
Weather [ZZP*21] 10 Min 42 2,213,232 TR SRR o s | P e cmsnias sun s smans xenai s omas s dmsribaesna s s :
Favorita Sales Daily 111,840 139,179,538 _______ J _______ — T —— D 0 e J _______
LibCity [WJJ*23] 15 Min 6,159 34,253,622 1 T . ‘ 5 :
M4 hourly Hourly 414 353,500 1 amon ) W) \ ) \ | (12 1
M4 daily Daily 4,227 9,964,658 . y ! ! ! !
M4 monthly Monthly 48,000 10,382,411 i - K ' :
M4 quarterly Quarterly 24,000 2,214,108 Ry stmmm-om-m-smmse[mm-o-oooo oo temdocemaToaaa.
M4 yearly Yearly 22,739 840,644 ~ .
Wiki hourly Hourly 5,608,693 239,110,787,496 input_patch_len=32 .
Wiki daily Daily 68448204  115,143.501.240 output patch Jen=128
Wiki weekly Weekly 66,579,850  16,414,251,948
‘Wiki monthly Monthly 63,151,306 3,789,760,907
Trends hourly Hourly 22,435 393,043,680
Trends dail Dail 22,435 122,921,365 . .
Trendsweekly  Weekly 22435 16.585.438 Code: https://github.com/google-research/timesfm
Trends monthly Monthly 22,435 3,821,760

Paper: https://arxiv.org/abs/2310.10688v2



https://github.com/google-research/timesfm
https://arxiv.org/abs/2310.10688v2

TabPFN (2025, 9 citations (287 an

Upes: in-context learning gns TabnuyHbIX AaHHbIX,
npenobyyeHHbIN Ha peanusaunm KaysanbHblX Moaenem

ApxuTtekTypa: TpaHcopMep 3HKoAep € ABOMHbIM attention

(feature-wise + sample-wise)

3apaun: perpeccusi, knaccmdumkauma ans tadnuy
NMocTaHoBKa: univariate with exogenous features
HaHHble: cnHTeTrka (130MnH gaTtaceToB)

Mpumep reHepaunn cuHteTukn - DAG B Buge MLP.

1. Camnnupyem Hogbl (crion) ua rpada (MLP) (konuyecTtso
duryen) + 1 Hoga Ans Taprerta - nonyvyaem Habnogaembie
Hoabl MLP.

2. [aTacet nony4vaeTcs Kak BbIXo4bl COOTBETCTBYIOLLMX HOA
(cnoés) ¢ nomoLbio chopBapaa n (KONMYECTBO CIMMSOB)
CllydanHbIX BEKTOPOB

Code: https://github.com/PriorLabs/TabPEN (6e3 reHepauun CUHTETUKM U
obyueHuns), https://github.com/PriorLabs/TabPFN/tree/tabpfn_v1 (nepsas
BEPCMS C KOOOM OBYYEHMS U YacTu CUHTETUKM). MOXHO nonb3oBaTbCs
dyHKUMoHanom Tuna fit-predict.

Paper: https://www.nature.com/articles/s41586-024-08328-6

TabPFN is trained on synthetic data to take entire
datasets as inputs and predict in a forward pass

Xiain Yicain TabPFN
—_— neural network =
parameterized by 6
Kiest N a synthetic dataset

-log gy Yrest |--)
Training loss to be optimized
across millions of datasets

?
—>

Prediction

m
]

1 NepBon Bepcun))

TabPFN can now be applied to arbitrary
unseen real-world datasets

Yirain

Prediction

_ TabPFN - @
?

~— An arbitrary real-world dataset

Predictions: ¥ e

b Input dataset 2D TabPFN layer (12x)
X1 Xp y 1D feature attention 1D sample attention
)
" 12 6.1 3.0 l = "
: ® ®
o | 89 9.1 34 -
€ @ ‘4
= 1.0 29 6.7
-y
@ (@)
% a3 2.2 ? - ,
) N
2 O O
We predict this entry s

The vector is transformed
MLP to a piece-wise constant

(Riemann) distribution
. withan MLP

Density

— Each node represents one entry in the table

@ sample underlying parameters

b Build computational graph and graph structure

0 5 10
Predicted y distribution

€ Final datasets

Sample number of data points
Sample number of features
Sample number of nodes
Sample graph complexity

through the graph
Sample graph

Q
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)
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O

X
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For each generated sample, (] Sampl random feature (7)
propagate initialization data

Postprocessing,
quantization and
warping

and target (T) node positions, and

read off data at those positions
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https://github.com/PriorLabs/TabPFN
https://github.com/PriorLabs/TabPFN/tree/tabpfn_v1
https://www.nature.com/articles/s41586-024-08328-6

TabPFNv2 for time series

FeatureTransformer before TabPFNv2:

e running_index: NOpA4KOBbLIN HOMEP AN KaXXOoM TOYKM B paae
e calendar features: dpuya rona + gobaBneHne ce3oHHbIX huyen ot mecsila,

Hedenu, OHA, Yyaca
_ 27 X feature
sin

seasonality — 1

( 21 X feature )
cos

seasonality — 1

https://arxiv.org/abs/2501.02945



https://arxiv.org/abs/2501.02945

LLMTime (2023, 337 citations)

Npea n ApxutekTypa: Kogupyem
nocriefoBaTeNnbHOCTb KaK TEKCT U UCMOMb3yeMm Jobyto
13 OOCTynHbIX LLM.

3apauum: probabilistic forecasting

NMocTtaHoBKa: univariate

Prompt Samples
"and fell asleep"
"The dog jumped up on the bed" "and bit my leg"
LLM
"631, 656, 650, -.., 487, 485, 487" S
492, ..., 499, 501

(LAY N D PV

yl'lpOLLl,eHHO, 3afada nporHo3a — 3TO Ta Xe 3adadva
npoaomxkeHna nocnenoBaTtesibHOCTU

Code: https://github.com/ngruver/limtime
Paper: https://arxiv.org/abs/2310.07820

Kak kogupoBaTb BpeMeHHou psaa?

b=minz; — - (maxz; — minz;)
T — b t t t

Rescaling Ty —

Type-changing 0.123, 1.23, 12.3, 123.0 — "12,123,1230,12300"

"151,167....,267"
"181;16%,...;267"

alpha=0.95, beta=0.3

Tokenization

Kak mogenupoBaTb pacnpegeneHue?

Wepapxnyeckun softmax — cobnpaem BeposTHOCTb YMcna 13
BEPOATHOCTEN BXOASALUMX B HEFO TOKeHOB. Kaxkaas
nocneaoBaTenbHOCTb LMAp COOTBETCTBYET UHTepBany ~ U.

AN

P(0.537) =
P("5") -
P("3"|"5") -
P("7"|"53")

P("3"]"8") I
P("7"|"53")

|“|| P(0.537)
||||||||II||II|| ||II|I||-.....-.,
0.0 0.2 0.4 0.6 0.8

1.0

a a = a-percentile(zy — b,z2 — b,...,zr — b)


https://github.com/ngruver/llmtime
https://arxiv.org/abs/2310.07820

Issue 4: LLM ansa forecasting

XoTtute nu Bbl ncnons3oBatb 400b mogenb Ans npeackasaHnmn?

/ /
® Direct Prompt
A LLM Process
% Multimodal

17 <> Quantitative : r
Al . . W With Context [
o - Exp-Smoothing O without Context .
&) 0.6 -{RETS o O ~ L
9 ' R . O T C I
s 0.4- Arima ] & B
o | | | Aol 1 /

05), 0.3- /é_ /O’ """" == y o i

g‘ Lag-Llama Qwen-2.5-0.5B-Inst / ﬁ ----- 1
0.2- Qwen-2.5-7B-Inst /’ 15
Mixtral-8x7B .'

Ba13 LLama3-70B

} ) Llama-3.1-405B-Inst
0 10 10° 107 108 10° 1010 1011
Parameter Count

Paper: https://arxiv.org/abs/2410.18959



https://arxiv.org/abs/2410.18959

Target [y]

3agada tourism monthly

HdaHHble: 366 noMecAYHbIX PA40B, HEKOTOPLIE HE BbIPpOBHEHbI — Herb3d multivariate
OnwuHa: 91 - MmHMManbHaga, 333 - MakcmanbHas, 298 - cpegHsas

NMocTaHoBKa: ropmn3oHT 36, nctopua 24 (supervised) nnu secb pag (zero-shot)
Pa3bueHue: Tect — nocnegHue 36 Toyek, Banugauns — npegnocrnegHme 36 Toyek

MeTtpuka: MAE Ha Bcex psagax Ha Tecte, MAE Ha cny4daunHbix 10 pagax

unique_id=90 unique_id=311
18000

500
16000 A
14000 A
12000 A
10000 - 300 1
8000
200 1
6000 -

4000 - 100 4

2000 1

&
o 9 0% Rl
Time [ds]

R o o o0 o

Time [ds]

1“0&



https://zenodo.org/records/3898465

DEMO Kaggle

- Baseline (SeasonalNaive)
- PatchTST
- Zero-shot: Chronos Bolt Small

https://www.kaggle.com/code/simakov/ts-demo-notebook



https://www.kaggle.com/code/simakov/ts-demo-notebook

Pesynbrathl

Disclaimer: meTpuku - nogxoabl as is 6e3 TioHa
Supervised:

e https://www.kagagle.com/code/simakov/tsururu-models-example
e https://www.kaggle.com/code/simakov/tsururu-models-example-timesnet
e https://www.kaggle.com/code/simakov/tsururu-models-example-cyclenet

model

All MAE

R10 MAE

PyBoost MIMO

CatBoost Rec

DLinear 23

CycleNet 24

TimesNet 23

PatchTST 22

GPTA4TS 23

3874,589
5017,375

2912,750

2095,231
2451,885

1146,443



https://www.kaggle.com/code/simakov/tsururu-models-example
https://www.kaggle.com/code/simakov/tsururu-models-example-timesnet?scriptVersionId=222911980
https://www.kaggle.com/code/simakov/tsururu-models-example-cyclenet

Pesynbrathl

Disclaimer: meTpuku - nogxoabl as is 6e3 TioHa 1 nogdopa NpM3HaKoB
Supervised:

e https://www.kagagle.com/code/simakov/tsururu-models-example
e https://www.kaggle.com/code/simakov/tsururu-models-example-timesnet
e https://www.kaggle.com/code/simakov/tsururu-models-example-cyclenet

Zero-shot:

e hitps://www.kagagle.com/code/simakov/zero-shot-models-example
e https://www.kagagle.com/code/elineii/gqwen-llimtime/

model All MAE R10 MAE

PyBoost MIMO 3874,589 2095,231
CatBoost Rec 5017,375 2451,885
DLinear 3377,582 1771,220
CycleNet 3020,283

TimesNet

PatchTST

GPT4TS 3184,911 1436,651
Chronos small 3222,315 1770,393
Chronos base 3563,093 1455,220
Chronos large 3286,125 2079,411
Chronos Bolt small 2610,310 1405,167
Chronos Bolt base _
TimesFM 3192,440 791,175
Moirai Small 4054,879 2674,172
Moirai Base 3485,167 2724,329
Moirai Large 3342,392 2103,918
Moirai MoE small 1926,300
TabPFNv2 TS 3178,334 1361,444
LLMTime Qwen2,5 3b 4539,963 2185,284



https://www.kaggle.com/code/simakov/tsururu-models-example
https://www.kaggle.com/code/simakov/tsururu-models-example-timesnet?scriptVersionId=222911980
https://www.kaggle.com/code/simakov/tsururu-models-example-cyclenet
https://www.kaggle.com/code/simakov/zero-shot-models-example
https://www.kaggle.com/code/elineii/qwen-lllmtime/

Issue 2: PesynsraThl

Disclaimer: meTpuku - nogxoabl as is 6e3 TioHa 1 nogdopa NpM3HaKoB
Supervised:

e https://www.kagagle.com/code/simakov/tsururu-models-example
e https://www.kaggle.com/code/simakov/tsururu-models-example-timesnet
e https://www.kaggle.com/code/simakov/tsururu-models-example-cyclenet

Zero-shot:

e hitps://www.kagagle.com/code/simakov/zero-shot-models-example
e https://www.kagagle.com/code/elineii/gqwen-llimtime/

Baselines:

e https://www.kaggle.com/code/elineii/tsururu-baselines

model All MAE R10 MAE

PyBoost MIMO 3874,589 2095,231
CatBoost Rec 5017,375 2451,885
DLinear 3377,582 1771,220
CycleNet 3020,283

TimesNet 3009,491

PatchTST 2912,750

GPT4TS 3184,911 1436,651
Chronos small 3222,315 1770,393
Chronos base 3563,093 1455,220
Chronos large 3286,125 2079,411
Chronos Bolt small 1405,167
Chronos Bolt base 1278,269
TimesFM 3192,440 791,175
Moirai Small 4054,879 2674,172
Moirai Base 3485,167 2724,329
Moirai Large 3342,392 2103,918
Moirai MoE small 3015,249 1926,300
TabPFNv2 TS 3178,334 1361,444
LLMTime Qwen2,5 3b 4539,963 2185,284
Last 5615,765 3070,491
SeasonalNaive 3812,564 2211,820
AutoARIMA 1549,064
AutoETS - 1605,357
AutoTheta | 2484,090 _



https://www.kaggle.com/code/simakov/tsururu-models-example
https://www.kaggle.com/code/simakov/tsururu-models-example-timesnet?scriptVersionId=222911980
https://www.kaggle.com/code/simakov/tsururu-models-example-cyclenet
https://www.kaggle.com/code/simakov/zero-shot-models-example
https://www.kaggle.com/code/elineii/qwen-lllmtime/
https://www.kaggle.com/code/elineii/tsururu-baselines
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id 15, mae: 2223.146089759045

train
context
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TimesFM

id 310, mae: 171.59853193495007
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Chronos Bolt

id 310, mae: 84.18693330552843
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AutoTheta

id 310, mae: 197.2669253963178
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YTo Bbl MOXeTe a1 cebs BbIHECTU:

- 3apada DS — npaBunbHO hopmynmnposaTtb noctaHosky ML

- HauuHas 3agavy, He 3abyab curnbHble 6ensnanHol

- Crartbn YyacTo OTOpBaHbl OT NPAKTUKN, HO UOEN MOXKHO Mepemncrnosib3oBaThb
- Zero-shot — nepcnekTnBHOE HarnpasneHne, HO eMy eLLe HY>XXHO BpeM4

BeiBOAbI 13 IKCMepMMEHTOB BbilLEe Ha APYrom Agartacete 1 npn HaJimdmm
9K30lreHHbIX NMpn3HakoB MOyt USMEHUTLCAH



Cnacunbo 3a BHUMmaHue!
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