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A4 EE Mixture of Experts (MoE) ?

» KIERHRHA, EREFEESHEE—NELH

- PV ESLEE: FRIW. HRER. SR REF—RZEFEX

» —PMREGEPUHEKIEES ("“No Free Lunch”)

* MoE B9tz B 48
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18] F=51 F M 89 No Free Lunch it

* No Free Lunch £ (NFL)

* Wolpert, D. H., & Macready, W. G. (1997). No free lunch theorems for optimization. IEEE Transactions on
Evolutionary Computation, 1(1), 67-82.

» XBEEIHNRE R ARG R NRILKRY .
© BMMERVER R R LR R BRI S AR

o Ht4ammg<H I No Free Lunch?
o BEIFIFUNAHFRRE 2L
- BEAG oREFEE (W MHEZ)
- FEEG o BHEEHH (W FiH)
« FEER o KEBS (20 BEUE)
- FY - MY (0 EERIERD)
« HE - KEWTRE (intermittent demand)
* FEPERER — FERIPRILEE
* ARIMA BKHEH
- ETSHEKZET
* Prophet KB H
« XGBoost/LSTM 18K & Zx3F 4 14
o RIEE (LLM/TimeGPT) EKBEFFIIEH
« REWMANMEET] UEEEK,
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https://doi.org/10.1109/4235.585893
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. ﬁﬂ%ﬂﬂ??ﬂﬁﬁ’ﬁ o] RE Y BRIk
* P AR A ) AR AR T — 1R
¢ R — AR 5 SEROUAE R,

s ARG WHONE: AEIFE—MEIEIZEAAAE SKU. XE. mX. {EHT=.
A

iji “FH TimeGPT / DeepSeek / GPT-5 ARLaEfR T IL?
x , AKIEAE (LLM/FMs) & #kE No Free Lunch

/_\E.
RARAERIE, (BRI 87 £ BUMOR 18] 55 L FIE R
CBERFS. REAES. RHER — BEARNEK.

* Mok (BREETR) B ARRE RN NFL IREEZ—.
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MoE (Mixture of Experts) R R
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MoE MZ iR R R IR EZE S

Jacobs, R. A., Jordan, M. |, Nowlan, S. J., & Hinton, G. E. (1991). Adaptive mixtures of local experts. Neural
Computation, 3(1), 79-87.

* MoE #i& B KiZH

« {§ A Gating network IEF L 3

- BB ARETREEREHHANXE
Shazeer, N., Mirhoseini, Azalia, Maziarz, Krzysztof, Davis, A,, Le, Q., Hinton, G., & Dean, J. (2017).

OQutrageously Large Neural Networks: The Sparsely-Gated Mixture-of-Experts Layer. International
Conference on Learning Representations.

« Google JXE MoE FNEE > 1

* 5[\ Top-Kgating (HERAUA)

s HFRRABUESDER — EXMIE + KA

« 53k GPT-4. DeepSeek. LLaMA =T Bk

Fedus, W., Zoph, B., & Shazeer, N. (2022). Switch transformers: Scaling to trillion parameter models with
simple and efficient sparsity. The Journal of Machine Learning Research, 23(1), 120:5232-120:5270.

* Google &xZ& # Y Mok 1REY
« HERE 11MER (Switch gating)
« WNEREERR, S EFZ, BARTE
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https://doi.org/10.1162/neco.1991.3.1.79
https://openreview.net/forum?id=B1ckMDqlg

https://doi.org/10.5555/3586589.3586709

BAAER (LLM) $f) MoE

* GPT-4 (#M) * LLaMA-3.1 70B MoE (Meta)
* NN Sparse Mok .« E3FFE MoE LLM
* ZREREN e s -
. BHEKBHESHD — HES. BA * Top-k Mok, &XAUERTEH
fEE : \ c FESR
. DeepSeek MoE (DeepSeek-V2/V3/R1 . M
Hybrld I\/IoE (Dense + MoE) Mlxtialu(.MIS.tral Al, 2023)
. %);%en le\%é?%ﬂ%{tkiﬁ * 8 ER, BXAUE2D
) - T . o R M BT (o] ﬁtb% GPT-3.5)
« BRESTMES (het t 4 1= Re
A i) (heterogeneous time . MoE SCFfL B Bhn

» 8|’k 7 DeepSeek = HEIA
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DeepSeek S = K iHiA

« 2025%F1 A 27 H, DeepSeek K HEHMIRE, 5[iE
17%, Wm{EZERAXEHTICET.

« REM=E Eeﬂ—?ﬁﬂ’ﬁﬁ%f‘%'3%?E$TxMJtt/ATE%EIsz%IJQ’J 66 2% 7T,

o HEAKHEIRVE EFIZM DeepSeek A" 19— RATIEH,

- TRBEEME., A PR EEAGHEDL EIE%%O R IR KRR s Bk it
R AYIREE, E OB A ="M E (A& RS

= = HXE R AR B

« BREAMEZZZANETHEATHATE,

. ﬁifﬁ%iﬂbx\gu DeepSeek A HAZE!, B MHX Al ERRERBEIERE

© BUEBEAZCHIANFBRIMN, S0ES£TE TR TREARN T,

. Ki.%f’%’f%itﬂﬁbljl DeepSeek RV RIE T EE, Z=LIKF,

—E R HFETIHME ARG, BENA (Eb40 “uptick rule” &) AY[a) &

oINS, RIFERNEHE TERY

BNATHRE I FERTII T RE:
REZE P,
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MARKETS

The Motley Fool

NVDA +0.33%

Nvidia Stock Investors Just Got
Bad News From DeepSeek, but
Certain Wall Street Analysts See a
Silver Lining

January 29, 2025 — 04:26 am EST

Written by Trevor Jennewine for The Motley Fool >

in f X ¥ &

Nvidia (NASDAQ: NVDA) made stock market history on
Monday, Jan. 27, but not the good kind. The chipmaker saw
its share price decline 17%, due to concerns about an
artificial intelligence (Al) model from Chinese start-up
DeepSeek. That nosedive erased $589 billion of its market
value, the largest single-day loss for any company on
record.




4

Mixture of Experts (MoE) B zh{k M = BA

A5
R
g
Y i &
JG
14

mas  pworwus

Braomin (FR) NERXEHEREK Expert (8%, 1. (€. &)
F\ I RANERES Gating (B&EH#Y)

BNMES T EAR AR Token-level / sample-level routing
REARANTAGEERENL Expert IIiXER &

MoE BT E
— e B TMERITUN I BAEE S .
MAZE—N1TABKEM. BTABAE NELHEEE,
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Ml (Forecasting) £l Y MoE

* TimeGPT (Nixtla) * Google Moirai (2024, &K TS 1%
» {# F Mixture-of-Experts + #l)
Transformer 2844 * 100B+ &% + Sparse MoE
» MRPEABNEFINEWHE R o H 5B RFON
s BAEEKEFYZ * Gating Bl A A[E regions /

patterns k& 3

e 5877 scaling laws SRR
e Chronos-Bolt (Amazon, 2024) L ing laws SR

* Amazon By K FLARAY 8] 51 1= 5
. I\/IoE 251 + Token routing
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AR (B8 &% Embedding)

XNE RIS () HITHREE:
= embed( -:+ + )

Hr:
c - EEONMEER

. IE4FE (weekday, holiday, season)
ANETE (8. RS B2UFH)

. Embedding




IEHe% (Gating Network)

* MoE ML BEFITHER/REFRFEA TR
* WE—IHER (), BEF[EBEXY () M ERINEDW!

()
ex
= softmax( + ), ) = pC )

cexp( )
Hr:
- O w0 A ERERES (O BE
. , . Gating %X

+ <ol TRYE
Sparse MoE (DeepSeek. Moirai. Mixtral &) X Top-(m) BU&:
D=0 if  Top- ()
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%% (Expert) iR

BMER () R— PN ER, .
* ]\ Transformer block
* /JNMLP (MLP expert)
* /)N LSTM / Dilated CNN expert
« Domain expert (@% /Z=%H /€8 / FE)
HE A
() — ()

g O RERWAEROBEAL. THUER:

D= ()= +)

gy Transformer block:
() =FFN (MHSA ())

HHPMHSA A% B2 (Multi-Head Self-Attention), FFN JBBIHRM%ZE (Feed-Forward Network)
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MoE #Hi gt& (Mixture Aggregation)

MoE HIEE & Z MR E Ktk :
() O

IR E Sparse MoE:
() ()
Top- ()
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BTNk (Forecasting Head)

farth AR R (H) HATIUN:

" +1:+ = forecast( )
oy % UM
~ =+ — ( ) + ( )1 — 11 'y
B LB S
|0 e = ) ( )
+ — forecast =1 embed\ - :»
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DeepSeek. TimeGPT. Moirai fY MoE %=

DeepSeekMoE (Hybrid MoE)
£ MoE Z BIfIRA dense FFN (F2EM)
= FFN ( ),

()
()
Top- ()

[
+

TimeGPT / Moirai (Forecasting FM)
- ERHBFIILZETR: (5 ) ER  EAESKU/HH/E

\%’1}

1800t 40




TARKIRER %K@ (Distillation) ?

-%%ﬁ%u—AkFW(%W)ﬁﬁ—¢Ed FR, BEEFNEE (F4)
mBREETERE

. Eﬁﬁ%#E——%%%%%ﬁﬁR, ERFLERR B K
« KRE! (teacher) BEREFA,

s ARBEEFIEAEENTRD ELEE, EXBER IR
c BE—ER. EeMA/MER (student)

CEAEEERY, e “FRER + =ZEES.
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AEBEN=TROTR

ZIMREHEERAESRENIREIESR

FHBERFIZIMEEZ TN HELR. mE RS 5.

« FABEREZ IMNTTA

s MU BEIFMERTEBRERTRERGZIMNE LS 2m (FHAR) .

s FABRIF XA AN, B2 —1E/), EEFEREALSZESTNERE
* 4. Teacher = 70B, Student = 7B

« {B{RE8 T Teacher 70%~90% AYRE 17,
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* Logit Distillation (Z2#217%%)
e 23] Teacher FY% H MR

* Response Distillation (Z%7%18)

o A=) Teacher FIEIE . HEIESE,
» Self-Distillation (KEE BB
* 40 DeepSeek-R1. OpenAl O1
c ZIMRBECEMA B I EKIEE
« FHEFI T, EeHEETL
* Preference Distillation ({R%¥Z&12)

* JERLHF NRF R F4E, BIXTFTREE.
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%5 MoE, FlAHAXR?

* It MoOE NERERE
o KIEE Mok EXRFE 1-7B #itR, ZEBILEREREER .
- 1EIEIE (o) FEIR
o I [E) FAITINFE Z R
« B EPLR T
« SRESIMMHBEIR A
« ZEMEHIEAIEESTINI0 25 100 £E N8R,
« KIRBIRREENZBNA
e GPT-4 — GPT-4-mini / GPT-3.5
* Mixtral Mok — Distilled Mixtral
« BERT — DistilBERT (EFBIKINZ=H)
* LLM — LLM for Forecasting (TimeGPT z&1&/\EHY)
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#7#% Chronos 2 F9ZLIBI =

Knowledge Distillation for Chronos 2
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AIBEHR

* Chronos 2 ;& HuggingFace 89 Tl i (8] =% KRB (TS-FM) , KREZE—1
tokenized BY % Transformer, ZiZBBirBREH =3K;

LAEIREY: 0 Chronos 2 By decoder/encoder 2%, hidden size. num heads F&
M—F¥HEL, EEEMARRFERRFKH 1/3-1/10,

« YUFTEFE (Domain Transfer): it student FREVE B SHI MM IRIFEHUN . 88IRE T
. SHEREIEDSE Z IS,

« ZWTUMERE: Z6TN (H > 1) B5 HIVEFR(drift), @Bidz&{Bo ik
student Y% 45 distribution Efa . B jB] — UM B I1F,
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Teacher =&Y

« Teacher = Chronos 2 il checkpoint
« from transformers import ChronosForPrediction, ChronosTokenizer
« teacher = ChronosForPrediction.from_pretrained("amazon/chronos-t5-base")
« tokenizer = ChronosTokenizer.from_pretrained("amazon/chronos-t5-base")

* Student fREVEEH: —ARBE— R0 D]
 base: 12 layers — 6 layers
 hidden = 768 — 384
 heads = 12 - 6

« from transformers import ChronosConfig, ChronosForPrediction

« config = ChronosConfig.from_pretrained("amazon/chronos-t5-base")
« config.num_layers = config.num_layers // 2

« config.hidden_size = config.hidden_size // 2

« config.num_heads = config.num_heads // 2

« student = ChronosForPrediction(config)
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* Chronos B9%i N2 quantized time series tokens, BIIBELLARTEIFS] (real-
valued time series) B ES tokens, iF A EEIE] LU& E ARIBS — R

Transformer,

* RO IMA:
* (A) EXWNFEUE (ikiff. 2. =)
* (B) 1t teacher XFI| k&t self-training:
 Teacher £ AR H=1,,24 horizon 894>%8 (mean, variance, quantiles)
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Token-level ZZ {8

» Teacher i token BY#ER 475
e Student FX N0

y = ( ¢ 1))




Distribution-level Z& 18
* Chronos iy BIFIUIZ . quantiles, point

* 3 Teacher Y S L 1B student

. = |I"9 =0
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« FIEIEESE student B4R,
* random window crop
* additive noise (Gaussian)
* scaling (1.0-1.25 random)
* time warping
* seasonal shifting

- mEIET ARNERRESERE (4-10) , BDERRN
. Tmﬁ@l‘XEi R TERERNLEREE, BFai0.5-09
- tER/N FEHARRKNER/N DA S ERE IR

« IR BHEIEIEFEING/N-2DMEELR

- ISUESREE: RN KERIESREFHRMEEBREK
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. SRR SR I S
RRTR BEPIER, RN
- A2 A
CRRTE SRBIRENAREE
USSR
RRTR FNESNRREEE EARE
- WERE
RRTR ERBERR, HOHEA)
CRBOXRERMOBRBSY, HIEE. RENENEIR, FANES
ORI & T BB AR E.
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