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ﬁ } o B STL decomposition
ﬁg ( D eco m pos I t I 0 n) Employed = trend + season_year + remainder

16000 -

STL (Seasonal and Trend decomposition using - _ -
Loess) 72 fWIERS (B FIIBYZ R A 14000 - 2
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R ‘i Cleveland, R. B., Cleveland, W. S., McRae, J. E., & Terpenning, I. (1990). STL: A seasonal-trend decomposition procedure based on
DALV AO | oummal of Official Statistics, 6(1), 3-73. 5



ETF o8 [EJ3 Transformer

Autoformer 73 B8 STransformerE4%E S, BYEXBREEE-FHMHNT, BRKFIITUN T BEMHSRE M.
« BEI (Trend) : FABINFHEBRKATL

« =TI (Seasonal) : {%£H Transformer fite BHAHRR

- RETE—ERBEANE, TERERERZE, FMNEERETREEIL.
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fﬁ.ﬁi#?’ﬁ&l ‘ A0 Wu, H., Xu, J., Wang, J., & Long, M. (2021). Autoformer: Decomposition Transformers with Auto-Correlation for Long-Term Series
@"M*M““W" Forecasting. Advances in Neural Information Processing Systems, 34, 22419-22430. https://arxiv.org/abs/2106.13008
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s WEFIFEENEESHERE (Coarsescale) 5EHIRE (Finescale) BITMHER, RILAFE
NS ESH
« ZREBETIHIIEAENERNETHNESEH
« EIARBTEFESEMAER (40 TimesNet. FEDformer. PatchTST) H3<fg B4R
- ZREFE:
- @IREZ (Fine Variations) | HMEE (& EH&EJJ ﬁ“lg )
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TimeMixer &2 —FHE 1] Z LAY BRI TN SE—EAEE (foundation model) , BIEIZEEIRE (multi-scale) E&E
W, ER-EMTENEEES. AHSREES), SIMBTEH. BHERZIEE

* Temporal Mixer i B AENBRENSE Q. B, B) RS EFHISRE
« Channel Mixing + Time Mixing: BZE2 (=j8) 5ENE (F5) BEEEE
- ZREZER (Multi-Scale Residuals) : it KEI SRR, LTV RS TN

ST MBS TR R 2 B (TS i jE Y Bi4E R (Time Series Foundation Model) HS82EKiT .

(a) Multiscale Time Series (b) Past Decomposable Mixing (c) Future Multipredictor Mixing
L x Seasonal Mixing
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/_ - . / ken o e il s sl
/7 T 7 e Loalas WO, [ o A e
—~/ W Ve I-% " A / g Predictor—%
Down- , _ _ N _/ & e e gy phona |, c /______/
Sompling g = e - - -y = o 7 - T
/ / o i / Top-down ° Predictor[—%
4__W_/ 8 EoermEay o / 2 /___ _/ c
e S 7l LA R e T 7 = /TOEF 7Y 2
/ W / —Z_ S P BT / T Predictor[—% W/_,@_,%J
" A S . / P . i e s o ir s - D s il s il o
Input Series Trend Mixing &

Ef'}"‘\«;iif"élf'?fi: ‘ 4@ Wang, S., Wu, H., Shi, X, Hu, T., Luo, H., Ma, L., Zhang, J. Y., & Zhou, J. (2024, May 23). TimeMixer: Decomposable Multiscale Mixing for Time Series Forecasting. 7he
@ s s S Mt Twelfth International Conference on Learning Representations (ICLR 2024). https://doi.org/10.48550/arXiv.2405.14616
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+ BIEHRE (Reprogramming) . KHIIG A TE S 4ER
(LLM) #:4k 0B 8 R34

s TEEBNRIGSE, REEINIAINTZEINERERS
(Reprogrammer) %ﬁfaxﬂﬂz 5MmRiEF.

- AERESRHBENEFS, BRAARETN

. %ZIKM%J

o EAREIFS] (Input Time Series) LM ERIEsS R
A LM T3 r3k7~ (Prompt/Embedding) -

« KL LLM &S (Frozen LLM) |, {X#AE
Reprogrammer, SCIIRERIERL

. ?%ﬂ?ﬂﬂf?@'”f%?*% (Flan: N, pE. #ER
WE)

Reprog Space

- WEFIIERIEET IMNIEE + IBXXFF, AR ARIN
8] 5 > #rEg
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nofl.ai

Prompt-as-Prefix Z5iE

° \I_J' i*ﬁ{tﬁflﬂrﬁUT%—/%\%Eg%? j_—E/] Hu%ﬁﬁﬁ L_l_//j\\j]”@ﬁl-l_ﬁ COMPLETED TRADES MODELCHAT POSITIONS README . TXT
fiE (min, max, median, trend, lag) 5f%#< (Instruction) , it _

LLMTETE X = (8 P IR R B 375

V3.1 $15,990.85 +59.91% LOWEST: @@ GPT 5 $2,773.38 -72.27%

FILTER: |ALL MODELS V|

V¥ USER_PROMPT

s iﬁiiﬁ]\t?j@%—%\, itLLMfEﬁgﬁﬂLfEﬂi_iﬁ, %k#ﬁﬁ”ﬁzﬁi\igﬁ( It has bet?n 1:'L521 minutes since you started tIadiﬂlg. The
R, BERFLUMAE TR BRI ESHREN ST ES S oot A1E e et v ane met His o it m e

. Below, we are providing you with a variety
of state data, price data, and predictive signals so you can
discover alpha. Below that is your current account
information, value, performance, positions, etc.
fl’he Electricity Transformer Temperature (ETT) indicates the \ ALL OF THE PRICE OR SIGNAL DATA BELOW IS ORDERED: OLDEST —

electric power long-term deployment. Each data point consists NEWEST o _ .
of the target oil temperature and 6 power load features ... Timeframes note: Unless stated otherwise in a section title,

) . ) . . . intraday series are provided at 3-minute intervals. If a coin
Below is the information about the input time series: uses a different interval, it is explicitly stated in that

coin’s section.

kkk

[Domain]: We usually observe that electricity consumption
peaks at noon, with a significant increase in transformer load
%k %k %k

[Instruction]: Predict the next <H> steps given the previous

<T> steps information attached current_price = 108598.5, current_ema20 = 108906.771,

ok . . ) . . current_macd = -348.809, current_rsi (7 period) = 40.191
[Statistics]: The input has a minimum of » @ Maximum In addition, here is the latest BTC open interest and funding
of , and a median of . The overall trend rate for perps (the instrument you are trading):
is .Theetop'ﬁvelags are . Open Interest: Latest: 33409.86 Average: 33421.97
TEND NAT 7 Funding Rate: 1.25e-05

\\;;f{u DATA <,/ Intraday series (by minute, oldest — latest):

Mid prices: [108988.5, 108892.0, 108632.5, 108532.0, 188570.5,
188447 G 108427 0, 108406 5, 108636.5, 108598. 5]
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Prompt-as-Prefix: § 14 ?
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« ERTE)FSIEZRIE (Time Series Reprogramming) #, E{IGFEBIERIES
RE (LLM) ¥BTe]F3] R ERBRET 2B X =5 8],

« BAME B TII%HEY embeddings %EFE ., Hf ZRrExX), EREE
HE,

@ BB EFRFIETRHAZIESRE M embeddings = (8] R {712 Al
s @Rk RK, TEHEIEEREE

» FANAFNIEBRLETE 5 B Bl 75 R AR ok

c BEEFH SSERERMRT, N%KMEERE
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ZI-UﬁEIJZHTIEﬂr_ I BRBEEIRNVG 5ES RAEEEERKR, KU HERE
= 2 BT IEXNBEESRE,

« AR (Text t Prototypes) : BITHIZEIIEHERA (word embeddings) $2EX
—Legn %UE/J 18 *x—t

. 1§lJ!Z—: “BE EFH" (shortup) . “EFRTFE" (steady down)

y E’%ii%?gl‘)lr&ﬁﬂ (Cross- Attentlon) 3 I% XL AR B S [R] Frl A B gt AT IR B,

G, y
GyLELih| A0




v

B AR : Text Prototypes FEEF = A&l

« M HIEERH—/NBRXAREE < He o XEEJRAEIE T HBFES R ()
W, “short up” M “steady down”) , XLEAEIH BT8R BB RY B BEREHE

s FREXRAVGNMEFRIEFEETERE. XTEMNFEHLL {1,., } EXEHEE
#|IEE MERRE W

Hp:

. XEREFFIAE S (EiE)

. M RBXAKRE (#/18)

SN M RFIBNSEIER.

L/%‘iif"é Wik ‘ w Jin, M., Wang, S., Ma, L., Chu, Z,, Zhang, J. Y., Shi, X., Chen, P.-Y,, Liang, Y., Li, Y.-F., Pan, S., & Wen, Q. (2023). 7ime-LLM: Time Series Forecasting by Reprogramming Large
@uwmwm-« Language Models. The Twelfth International Conference on Learning Representations. https://openreview.net/forum?id=Unb5CVPtae 16
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= Attention , , = Softmax
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MERELLER

Model Avg. Win Rate (%) Skill Score (%) Median runtime (s) Leakage (%) #Failures
Chronos-2 90.7 47.3 3.6 0 0
TiRex 80.8 42.6 1.4 1 0
TimesFM-2.5 75.9 42.3 16.9 8 0
Toto-1.0 66.6 40.7 90.7 8 0
COSMIC 65.6 39.0 344 0 0
Moirai-2.0 61.1 39.3 2.5 28 0
Chronos-Bolt 60.3 38.9 1.0 0 0
TabPFN-TS 59.3 39.6 305.5 0 2
Sundial 41.0 33.4 35.6 1 0
Stat. Ensemble 40.4 20.2 690.6 0 11
AutoARIMA 35.2 20.6 186.8 0 10
AutoETS 29.1 -26.8 17.0 0 3
AutoTheta 21.8 9.9 9.3 0 0
SeasonalNaive 14.5 0.0 2.3 0 0
Naive 7.8 -45.4 2l 0 0

1800t 40

Ansari, A. F., Shchur, O., Kuken, J., Auer, A., Han, B., Mercado, P., Rangapuram, S. S., Shen, H., Stella, L., Zhang, X., Goswami, M., Kapoor, S., Maddix, D. C., Guerron, P., Hu, T.,
Yin, J., Erickson, N., Desai, P. M., Wang, H., - Bohlke-Schneider, M. (2025). Chronos-2: From Univariate to Universal Forecasting https://doi.org/10.48550/arXiv.2510.15821
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