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Alighment
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e Supervised Fine-Tuning (SFT, Instruction Tuning)
o ETIICECEZFZHEMELTEEZITO

e Direct Preference Optimization (DPO)
o RILERIAND2DODEIZEFHDELLAITFELLIVMNEZHERELT, ETILHN
KYIFFLWVEIZZT HKIITIET

e Reinforcement Learning (RL)

o HWADRLELZRBHMEIMETILZRALT, BIZFHLWLVEAFHLEGHS
ETILEFHELTLK

N Preferred
14 pD Networks



ARBETIVEERICEITS Alignment

SFT #{To=ETI/ILER—X[Z DPO % BL 1750 A — A%
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https://arxiv.org/abs/2411.15124
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https://arxiv.org/abs/2405.07863
https://arxiv.org/abs/2307.06435
https://arxiv.org/abs/2407.21783
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SFT [FFHLWE DO EZRIZIEFFE (Gekhman et al. 2024) T, FiEOBMIZIE
xR DK A2 TH Continual Pretraining Z 175D M —fi%#H

Pretraining/ XELTITHLTROEEE SFT A—H—DEBELLMIZ KD EE
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Preferred Networks(PFN)I&., REZELE DY T o7 #Kifi | PENOTOFFMIDNTHZ TS, |
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https://arxiv.org/abs/2405.05904
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e Continual Pretraining THEERIEA] (Catastrophic forgetting) [E#2Z%
o FLLWIIEDZEBICL>TRAF O TV -MFBEENTLEIERR

o WUHMSHIDIMEIXEAICHTEINTLNS
o Pretraining BEDT—RIZT7 VA TESIG AL, TD—E% Continual
Pretraining THEDZEICLYREZHIFITE S
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LoRA (Hu et al., 2021) (£, FEINS/\NTA—=3HDIZWNEMNIEH{E &
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https://arxiv.org/abs/2106.09685
https://arxiv.org/abs/2405.09673
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GPT-3.5-turbo

Qwen2.5-72B X—ZA M

E7 /LI Huggingface GPT4 ETILIE GPT-40 8%
TR !
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https://arxiv.org/abs/2305.14314
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o /NEVZETILIZIEA) AR
o RAVKF7O—2IZF74L0F 0N
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o NALGETILIE—HRICIIRELETILIZHREE TE AN, FAMUFRK ST
Fine-Tuning 172 &TL INSKTHEZ HAIEEEN H D
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https://arxiv.org/abs/2407.14679

PLaMo-2-2B

PLaMo-2-8B # Pruning L1z 2B ET LG ULMEREZFZERLT-

Pruning TYERLT= PLaMo-2-2B [Z D WEEHEET

Minitron (Muralidharan et al. 2024) % o EEFELIL1BETIL
AN—ZX[ZLfz Pruning + Hz8iz% & e REIAIZ 100B tokens 1+ EFL1= 8B ETI/L

FUBELVEREZERLT

7~ N
ALdmO }\ 3L #Bokenlh $EHHE | JMMLU default JHumanEval
\_ PtaMo288 ) *\ o [10718 FLOPs] | (5 shots, acc) | (0-shots, pass@1)
\\HNIE;JI:tthKﬁ

\\ PLaMo-2-2B 100B 2800 * 0.505 0.311
N PLaMo-2-1B 4T 24000 0.334 0.189

X FLa m u
pruning U | PLaMo228 8BET /L (REEF) 100B 4800 0.365 0.232

* Pruningt T#HAPLaMo 2 8BBOFBHEELHRE2BERDEE IILE
K HELARBTLBICFIAT BBOHRDIAEELEHI-E

P Preferred

25 Networks



=EOH

o HMIZIEUT=# 4% Fine-Tuning & PFN TOEHIEEH(ZHBS
o Context EMD¥EFE: ABF RoPE + Long-Context Continual Pretraining
o Alignment: SFT + DPO, RL
o HIERDBM : R K AL T Full Parameter/LoRA Continual Pretraining
o (IMBYE: Pruning & £Ni#7%25)

o RAEVHEKOFEMICTYFLERMZEINTSOIENER
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Making the real world computable




