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ABSTRACT

In recent years, low-bit training has gained significant attention as a key technique
for reducing the computational and memory costs of large language model (LLM) pre-
training. Although various optimizer designs—such as momentum adaptation, gradient
clipping, and adaptive learning rates—have demonstrated strong convergence and sta-
bility under standard precision (e.g., FP16/BF16), these methods often fail to transfer
effectively to lower-precision settings (e.g., FP8/FP4), resulting in instability, degraded
performance, or even divergence. Fundamentally, this limitation arises from the reliance
of existing optimizers on high-precision numerical environments to ensure accurate gra-
dient estimation and momentum accumulation, lacking robustness to quantization noise
and reduced state precision. Moreover, most existing work on low-bit training focuses
primarily on quantization schemes, with limited attention to systematically preserving
the structural advantages of high-precision optimizers in low-precision contexts. There-
fore, developing optimization algorithms that integrate structural inheritance with nu-
merical robustness is of significant importance for improving the stability and efficiency
of low-bit training.

This thesis” proposes Stable—SPAM, a novel optimizer designed to enhance
the stability of 4-bit training. Building upon the SPAM optimizer, it introduces three
key improvements: adaptive clipping based on historical gradient spikes, global gradient
norm normalization, and periodic resetting of momentum statistics.

Experimental results on LLaMA-1B show that St ab1e—SPAM achieves the same
target loss with half the training steps required by Adam and reduces perplexity by ap-
proximately 4 points under comparable settings, demonstrating its effectiveness in low-

precision training.

Key Words: LLMs; LLM Pre-training; 4bit training; Machine Learning; Optimizer

©This work is based on the author’s internship at UT-Austin and has been submitted to a double-blind peer-
reviewed conference. Copyright is jointly held by the VITA research group and may not be used without permission.
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H2x 1074 B2 E ) A1 GradClip HLZMIEITFERS 1. NF
Adafactor, FATRABGESXPHBESEILE, e = 107, ¢, = 1073 Al
d =10, SPAM [NESHEIESHE KEBREREN 500, ¥ SIRMBSE
BB 150, GSS HEHEE D 5000, X T Stable—SPAM, 1E 4 LbRF LLM JIIZk
H, BATRE y; =07, v, =09, 6 =0.999; £ BF16 JlIZx, NIEE y, = 0.85,
2 =0.9999 1 y; = 0.999, HEIFMAIES L EMESHEEIEZ IR —

\|

BT SKIWER
—. 4 LERRESREIGE R0

VRS TE 4 EERE LLM JIZRARRYRIL, FRATRA FP4 (E1M2: 1 F5%L, 2 {7
XD FINT4 (4 5D PRI REL)IGRRIEH TR, C4 BIEE L RH
UL LLaMA BB ETIIZRZANE 1.1 FoR, RARKRESRICE TR 4.1 H,

AR 5 BF16 YIZrtHEL, 4 HERFIR2 SR ERIMERE N %, 11K 4.1
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HERPE AR AR R
F 4.1 AECa B L, FRELESHT LLaMA S5 INT4 5 FP4 25 LEER,

INT4 Ik FP4 %5

130M 350M 1B 130M 350M 1B
Adam 264 2414 2159 289 2459 2201
Adam+GradClip 2630 21.64 19.74 2827 20.84 20.25
Adafactor 25.11 2045 20.65 26.89 20.53 20.03
SPAM 25.03 20.19 1998 26.78 2035 19.74
Stable-SPAM 2433 1776 1742 2631 19.49 18.48
Adam (BF16) 2453 2138 1973 2453 2138 19.73
125 Token %X 2.2B

Ffi7R, BF16 (Adam) 5 INT4/FP4 (Adam) 2 [R] [ IR 2% 22 BR7E T A A AR
vt 1.5, (N TSR RAPk . &l 1.1 RIA, fE4 KRR, &
KEFEMT Adam, EFHIL T 16 2 Adam PRI, £ 4.1 SRR T HTH
fse v 28, 40 Adafactor F1 SPAM, TERTH FLEH, 51 GradClip BB
TREAKIAEREE, 1M Adafactor 5 SPAM RIS TXfH FH GradClip FI /575, fE
TEAXAEF—F1IIZ5 Token FITEHL NIXEIS Adam MHFIHIMERE, WIE 1.1 FiR, 1E
KRA—FINGLERNIEEN T 5 Adam HFEIRIKRE, [EIFEEREZ, 1FEAHE
B (40 LLaMA-350M 1 LLaMA-1B) ERYZRIMC Oy,  RILH R R
R RN o X AT RER R KBS FE I 25 00 25 5 R B AR [ il 7
R XA R i E R R ZR 75 50 932 3

— RIS

FIEE stable—SPAM EARRAE LR RAYREL, FMT7E LLaMA-350M |
BT T35, R T A2W2 (INT2). A3W3 (INT3) 1 A4dW4 (INT4) Bl &, &
KIEFRUIE 4.1 FioR, S55RRA, TEMAIERIRES, Stable-SPAM YA
ZALT Adam, Ff HAE INT3 JlIZR FHYRIE £ 5 BF16-Adam HH3,

=. BF16 fEE T KIBSREAVIZRE

NiE—H I stable-sPaM IIARMIE, FATEZ D AFEFER LLaMA
BERY AT TARIE BF16 YIZR30E, SCRRET C4 BUEE. VIZRihZe R &R X
FESBIANE 4.2 F1 K 4.2 FiRe 3R 4.2 /R, Stable—SPAM fEFTEBIAIRIE L
HRUMHBRAIMERE, BE@SH RS A ess,

14



HEREBARKEAR RIS

Eval Loss
w >
(@)} o

w
o
;

A2W2
—— StableSPAM  —4— Adam

A3W3

AAWA
BF16-Adam

4.1 [N StableSPAM TEMRAKRS EEZE IR, SK567E 350M A=A 1 A C4 HdE St
1725, BF16-Adam F~ S8 Adam (L/C#57E BF16 /8 F#ATYI1ZR, WAHZRIESE
R AR
30 (2) LLaMA-130M (1) LLaMA-350M 19 (3) LLaMA-1B
X 231 %, ™~
._Ev \\\ \ \‘ \\..
g 27 \\\\\\\ 211 % = 17 ‘\ \-\‘
3 N el , N oad TSN
3 \\\ __~;"'.:—=.-—.__g .‘\ -y !\-
& 25 AN o LT 15 e
I | . | hat Ny
23 it 17 i Trerees 14 i i
7K 11K 15K 19K 12K 28K 44K 60K 30K 50K 70K 90K
Update Steps Update Steps Update Steps
-=- Adam -=- Stable-SPAM
Bl 42 ARBRET BF16 fEINZRRITERERM, LR ETE 4 FIEE LIZH
LLaMA AT,

Ak, & 4.2 B7R, 7 LLaMA-350M fl LLaMA-1B I, Stable-SPAM {E
{E R —FEBEDIHSEEE R FRIEENS Adam MHIFERHERE, RIUET
Stable-SPAM{E BF16 LLM JJIIZrH&EfE DABE /DAY IIIZK Token IKFIHH A YRR,
IRGERRAA, stable-spaM LB AGEH TIREE 2k, &M TR

1 BF16 1%,

742 BF16 K PARILLSSHITERELLER. B iRk S RITEIR NI IE S b RIRZKE (Perplex-

ity)o

Rk 2% 60M 130M 350M 1B

Adam-mini 3410 24.85 19.05 16.07
Adam 34.09 2491 18.77 16.13
Adam + GradClip 33.33 24.88 1851 1522
Adafactor 32.57 2398 17.74 15.19
SPAM 30.46 2336 1742 14.66
Stable—-SPAM 28.84 2221 16.85 13.90
Y25 Token £ 11B 22B 64B 11.6B




FRERMERR KRR 6
70, MoE &N FRER DR

Stable-SPAM [FIFEHE T T MoE #AIRI|ZrA2 @, FA1# FH Stable-SPAM #
Adam /L28, 7E BF16 5% NIIZ5 T OLMOoE-1B-7B 78] 3 3 000 25, Kk
S5 R PR, Stable-SPAM TEENIZREFEHF I BT Adam, JXFHH Stable-

SPAM HRIE58 T MoE HYIZRAEE 1.

#F 43 1ESIF 3,000 HEH T, OLMoE BAHIRIERIK, Adam I Stable-SPAM )% >] %
PIE RN Ir=1x 1074,

e % 1,000 25 22,0004 553,000 25
Adam 5.43 4.73 4.65
Stable-SPAM 5.28 4.25 4.11

RGRUFSIMESPRINIZGER

Stable-SPAM JEIIF3E T HE B E R BIGRLRE, X—URFALHIITEIER
illgs (a0 BF16) i, EEHFI29 85T BF16 185 S80I 2R sk EE AT
PURSING  IX AR T 1A Stable-SPAM RE{L T BF16 N Adam, 4 7 i
—HRIFEAEE S B ST IE N, BATERMFS] (MuJoCo) FIIN A F2)
T CRATR) SR TEYNER, Rl 27E RS ZReEH A 5]
AT 10% H S5 EHE DUNBEIIZA TR E M. 0 FHEBRSATR, Stable-SPAM 1E

XA ZZ HRARTSE AL T Adam, (RILH EAE ZFUESSHHI) 2B 301,
# 4.4 TE=/ MuJoCo }£% (HalfCheetah, Ant, Hopper) HHIEZIMIH2Z]])

At HalfCheetah Ant Hopper

Adam 5276.1 +1542.9 3835.6 +759.5 2447.5+1037.9
Stable-SPAM  6762.6 + 1414.2 4907.6 +954.6 3435.1 +1178.3

# 4.5 RARWMNESHRZENNIRIRA, IREE 10 RES LML, FHE
PEIBEIL A 109 FEALEE A AERITS RS £ X = X + N0, Severity x max(X)),
X RN, S ATCEERE,

flLibas S=0 S=2 S=5

Adam 0.151 0.2003 0.346
Stable-SPAM  0.150 0.186  0.316

=T SUBMUBHENER

B AdaGN 5 AdaClip &% N Stable-SPAM i, ERATHARTS
TENTEG ] IS EMIEe3A, Aitt, T AdacN fl Adaclip MAHT
PRIEEATE A28 Lion! 1 Adam-minil*, FRA 198X Lion 5 Adam-mini



P ERRE AR A AR S
JRGERRAR, PAK S AdaGN Al AdaClip HEMRMAMIT T X EEsLa, SLieiE
N4 EERFIZR, KRN LLaMA-60M F1 LLaMA-130M, EdES N C4,

4.6 WERER, £ LLaMA-60M 5 130M ', AdaGN 1 AdaClip £
INT4 1 FP4 14517 5 R II6ERR E T2 T Lion 5 Adam-mini (YMERE, (EIFIEREM
&, £ LLaMA-130M [ INT4 125+, Lion B EXE R F 51X 5.88, MifE LLaMA-
60M HJ FP4 JJI|Z57, Adam-mini FYEF 9 1.72, XEKHFE A T AdaGN 5
AdaClip BBRHMSER M,

# 4.6 AdaGN 5 AdaClip ff Lion 5 Adam-mini fEfb35 ERIRI, LIEET LLaMA-
60M/130M HY 4 LERFIIIZR,

INT4 &5 FP4 i)l

et ds

60M 130M 60M 130M
Lion 39.36 35.28 39.89 34.20
Lion+AdaGN+AdaClip 38.49 29.40 36.75 31.63
Adam-mini 34.84 29.79 36.37 32.95
Adam-mini+AdaGN+AdaClip 34.61 29.65 34.65 32.39
1125 Token %% 1.1B

BT MNGRESERER DT

NEAEBRATIRHA AdaGN fl AdaClip fEFEF LLM I A E
R, BATRET T A0 N A T

B, BATE T =M E T RYIZ IR SR EEE e (UEH Adam,
{#iFH Adam + AdaGN, PAMfEH Adam + AdaGN + AdaClip. S£¥03%H FP4 ¥
¥, 1€ LLaMA-130M _E3HT, 223208 3e-3, GNIE 4.3 ffior, BAARHEF Adam B,
WEZRRKAFTERBES, BETOEUNE R, A AdaGN J&, IZriHamik
S, BRETUELRE RN, TEHEA ESIN Adaclip, H— i T RRE A
PN

HIR, BATER TEARRZESR (M 5x 107 2] 5x1073) FIRLHRAIR,
SLIGFET LLaMA-60M, 35S A FP4 #1 INT4 & &, 1K 43 FiVR, Stable-—
SpAM BRI - FEAART e, WAHEAERF IR MR G ERE
£

EREER I FRIA, AR AdaGN 5 AdaClip AIEREW BE T LLM
ERRIREE 5 — 30
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Q 8
| - =X -k
= % 2 / !
S 2711 26 | /
§§> L 3 / 0 /
S0 s [ 55 i 5 7
= =i \ - * *
R g5 < I : 4
£V = g / s
CINS & e V—— m4 ! 4 I
NQ Lot shon e 5 = K (=X e - —A
0 1K 2K 3K 4K 5K 0 1K 2K 3K 4K 5K le-3 3e-3 5e-3 le-3 3e-3 5e-3
Update Steps Update Steps LR LR
Adam Adam + AdaGN + AdaClip ~ =<- SPAM-INT4 —k - SPAM-FP4
—— Adam + AdaGN =X:- Stable-SPAM-INT4 =k - Stable-SPAM-FP4

43 AdaGN 5 Adaclip MFE FP4 LLM JIZRMTER., AMEN LLaMA-130M (%3]
R =3e-3), GMEN LLaMA-60M,

FERT HRERIGITSERE S
N ¥ F Stable—SPAM = A 4H K EE 4
BB, BATHIT T 2EOEMERE, AR, TBATR

MoRet. AdaGN Ml

AdaClip
T IR

(1) FATK MoRet. AdaGN fl AdaClip B 5| AF| Adam fkesH, BF
i EAT7E FP4 5 BF16 WA ZRIEE NN FIH & MERERR T

(2) FA ¥ adaclip EHih SpikeClip®, ¥ AdaGN E#t A GradClip!?,
HE—25 AT AT TR HH AR A AR BT R

RAT R TERER, FEMNEM:

MoRet TE FP4 f1 BF16 &8 N RERETRFMERE;

£ FP4 %5, HORE A AdaGN 27HEIR, H5 Adaclip 4545 BEMK
KT RARRE;

MR, TEBF16 K& T, AdaGN BMEREET KA, MA AdaClip/a
WER /N, X FhZE T RTREJR T FP4 JIIZRH S AT IR SR BN 52, [T T
BHEZE AdaClip KAERUE R E R 75 m,

&5, ¥ AdaClip B SpikeClip!®!, AdaGN &l GradClip!!¥ & S8
AR A, H—PRUE T B HEHE) AdaGN fl Adaclip HIERME,

CVARTIN ko2 GG iy

Stable-SPAM FIA TVUNEZEL: viv 1on 13 F1 AT, HTH & Adam HY
Theg. HM, y 1y, KT Adam FH g, K g, A TG —FHE m,,,,, F1=B
FE U HFIBTRE, B8Ry, 5 v, KEEEFEMNENE, MK L ETE
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2 4.7 Stable-SPAM {HAISER:, SLHFET LLaMA-60M 1 C4 B4

le}

ity FP4 BFI6
Adam 3547 34.09
Adam + MoRet 3240 3147
Adam + MoRet + AdaClip 31.97 30.29
Adam + MoRet + AdaGN 32.26 28.96
Adam + MoRet + AdaGN + AdaClip (Stable-SPAM) 31.40 28.84
Adam + MoRet +AdaGN+SpikeClip™ 32.01 28.90
Adam + MoRet +GradClip!"*'+AdaClip 31.95 29.87
Adam + MoRet+AdaGN+AdaClip (Stable—SPAM) 3140 28.84
1J11£% Token %X 1.1B
B G HE R VA T 4 AR YO
v WA T REIRFIRIER R RIE, BAEER, BIEZMETE, BERT,

NS CE2VEL - TREy EN L

N THRXEES BN, A6 TENFESEE NI RE R RE
HHZ%: ¥, M 0.5510.9, y, M 0.8 £]0.999, y; M 0.9 ]0.999, AT M 250 £ 5000,
WEGH T LLaMA-60M, 7E C4 HESE DA FP4 X E 115 1.1B Token, WK 4.4,

A 4.4 R, /NEOS KRIVESEUER = SEERE TR, A, XLEE=

WEABENRER, ERuelvET R EE, HHERAHD

IR

A, TEARIECH, FATRA 7, =0.7. v, =09, 3 =0.999 F1 AT = 1000 7E/9EK

IWECE, CEMTA 4 HRIZRES R R,

361 361 367 367

331 334\/ 331
31k

Perplexity
w
w0

, ~30L , -30L , -30 L ,
0.5 0.7 0.9 0.8 0.9 0999 0.9  0.99g 0.99999250 Ik
AT

5K

Y1 Y2 Y3
44 B (Hyper-parameter Analysis), SE30{# F LLaMA-60M 1 C4 £, £

FP4 IR 7E NI4T, EIZR Token 4 1.1B,
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FHE SE5MXIME

F—T MBEXIE

Kb BRINGRARRENE: KESHEE (LLM) YIZRd AR R 1A
W, HRICIARTIE (loss spike) MU HEME & HL (catastrophic divergence) 2122
C9 IR RKERT NG E ERRIIF, XETFERBAT AT =K (1) BE
WAt (2) FfB (3) VALK,

B FE AL TR 75 7238 B A LA BIE IS e o s B i R AR e M 25, 1140, 16
FEHBY (gradient clipping) 131 22— A NKINEER, M TR IR GG R
—NEEME, S, Adafactor? $7 HIKF BN R M IFIEHE SO SECE#T, I
H, SPAM! R J7sE B SR T HE BARIIHF 38T S W, SR, XLy i iR
FAE— DI FEFENIE BE,

1E£5H9 2 H , Xiong et al.”¥ & ¥f Post-LayerNorm (Post-LN) S HUARSE | 11K
ﬁ?ﬂ%?%%lﬂi$%ﬁ, [l Pre-LayerNorm (Pre-LN) ﬁ'éﬁjgf%%ﬁﬁﬁii&, M
LI EARE M), Embed LayerNorm (Embed LN) X RN EHATIH—1L124, H
A BESZMARET M GE2]; Embed Detach!?6-27) I3 I 2k Wi 156 S SR i iR S 5818 . Deep-
Norm!28! @I 4 U 25 E AR E IR T aReparam!?®! A F L )T — v 254
77 B IR TSR 4,

FIRE L SRS MR A B R A T /b FE IR E %S . Scaled Embed!!? AJA3E
LayerNorm /%, 1M Scaled Initialization!*®! JEIJ A0, \/m/ \/ﬁ) AR
J7 %, Fixupl3!-32 M52 2 XEk LayerNorm, 8% 7 Vd—1 (norm-free) 2843, R
EIXETTIEAME R0, BIIZREEE M2 RIE SRR R PR —,

IR R BURIIER : EARE I 2R3 i Sk ORI ER T B RCR RN 17
MERIEHFE, Hrf, FP16P8 5 BF161% 2 Y4 7ife) 2 R E R
NTH—SRENE, 8 R 6E, Fl, LM-FP8i0 325 FPs ¥
EEYIZR, w7 Hed, BEEUIGMET K (W 250B tokens), IS EFH R
H#1H (activation outliers) [FIFIAUEZ™ &, PRAL T IR EHERSZCAYRIKTOEL,

N T fRPUX— A, U7 33— g ks, w5\ Hadamard 285k
RIS SRR AR, AN, BB NaE A IZRRINA E RN, INTS
EHATER 2R ER I, 1 FP8 £ NVIDIA Hopper GPU ZEHJFR1S ] T
LR, MX R B EAERIRIAGES), (HE AR AT 12,
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TEARTAES, FATE SRR TS ISR A RE ME R, Haid ik
BRI T O TR, B TTERT SIABORIRE, J9fE AR B I ZRA9ES
MR AL T EANI R T R

BT 41t

ARG T KIES AT 4 EERFE AU ZRA I A I 2R R e (AT R
FATEIM, REMAEEINZRRIERRL T NFEFTHRE R, (Beth B 7
SIRIEUENE, RS TERE SIS R R AR,

NT R ERAE, BAHEH T Stable-SPAM Lfbas, ZFIEME T =
&R AR AdaClip. AdaGN fl MoRet, fEARFEFMAEA) LLaMA 7Y b3t
ITHISEUERZE R AA, Stable-SPAM MYUERERH T 4 HUIIZGRIFRE M, &
TEMERE LU TENAE e, EEEREEEN NEE T BF16 BIUIZRSER.

BAh, FATEE— P IUE 7T IXEREM RS ZE A, Adaclip M
AdaGN FHMHATE Lion 1 Adam-mini SE{CIbasH R R RFEE,
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PR A A FEAR

F—T FES5ESH

BAHEARTTHNHAT 4 ELLEF BF16 Wl 2709 LLaMA #BAIZEF R BS54
AlE, 2% Zhaoetal.Pl, Lialin et al.l', 38 A1 F|H T RRIEEARIFIFE R 3268
ZH,

FTEERIR R R A IR0 256, It ARVINA 512, BRI 131K tokens, Fx
THER A S5 FRE2R A 2000 2 195 > PRk (warmup) , FHEEFHARTZIE K (cosine
annealing) TRIERE S RZ M EWIEER 10%,

R A1 AXFEME LLaMA BAECE,
SHE REELE PREEE RIS B

60M 512 1376 8 8
130M 768 2048 12 12
350M 1024 2736 16 24

1B 2048 5461 24 32

N FEREARIAE (M 60M 2 1B), FAIHE le—4 | 1e=3 JEEIANLL2x 107
PRI EIR, BREBIRIFERNKEIEREMNYE SR, BT 5ER A2

M F£A3HRE T Stable-SPAMTE 4 FLRHH BF16 JIZR FHYIFAHESEECE,
F A2 AXH stable-SPAMTE 4 HURTIUIZRSER T AUBESETLE,

S LLaMA-130M LLaMA-350M LLaMA-1B

¥ 3% (LR) le—3 4e —4 Qe —4
AT 1000 1000 1000
" 0.7 0.7 0.7
¥ 0.9 0.9 0.9
73 0.999 0.999 0.999

R A3 AXH stable—SPAM {E BFI16 Ml ZRSLEe FHIBESENCE,

S LLaMA-60M LLaMA-130M LLaMA-350M LLaMA-1B
FrifET)IIZE (Standard Pretraining)

3% (LR) le—3 8e — 4 de — 4 2e—4
AT 1000 1000 1000 1000
7 0.85 0.85 0.85 0.85
7 0.99999 0.99999 0.99999 0.99999
Y3 0.999 0.999 0.999 0.999
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HERRER AR
FT HERFFIFIES

BANHER R AT S5 _EXEAT THONER, O TR EREIER, (]
TEREAF L 10% AIRESR S| N T8 . SCI0AE Weather I AL FFIEHESE © (T,

K FH PatchTSTIW A BEIZAT 10 IR, SLRLERNE A1 PR,

TR TR, BB R R R E (5) BN, stable—-SPAMAHA T Adam
HIMEREM AR B3, M, Stable-SPAM EFFEIZEFIMLT SPAM, #
—SIUE T BA T IER R E A R

(2) A=10%, S=2 (3) A=10%, S=5

(1) A=10%, S=0

2]
%]
<]
- 0.3511
-
3
=
— L —-0.304 ; ;
50 100 50 100 50 100
Training Epochs Training Epochs

Training Epochs
Adam  =—— SPAM —— Stable-SPAM

B A1 KRN BRFAEEE RIS RPNk, 55 EIEEEE 10% RENLER T H
AN EHINERTgEE AR, BN X = X 4+ Gaussin(0, S - Max(X)), EHMA X NHA,

S WA H R,

@https://www.bgc-jena.mpg.de/wetter/
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B=1 HARB
Bk Al BRT Stable-SPAM Ak 2SI AR S B,

ik A1l Stable-SPAM

Input: A layer weight matrix w € R™", learning rate «, decay rates f, = 0.9,
f, = 0.999, initial parameters w, y; = 0.7,y, = 0.9 for AdaGN and y; = 0.999
for AdaC1ip, momentum reset interval AT, small constant ¢ = 1 X 107, and
total training steps 7.
Output: Optimized parameters wy.
1 whiler < T'do

2 g, ER™" « -V ¢ (w,) // Gradient of the objective at
Step t.
Emax — Max(abs(g,))

Tthreshold « Tthreshold 0+ (1-0) Emax

7 T;;hreshnld . .
5 T ihreshold < 1o // Bias correction for threshold
6 MaSkspikes « (abs(gt) > T;hreshold)
7 if sum(Masky.,) > O then
& [MaSkspikes] A
8 8t [MaSkSpikes] - X threshold
max
9 end
10 Enorm < ”gt”2
1 Myorm < Y1 Mporm + (1 - 7/1) &norm
2
12 Unorm <~ 72 Unorm 1 (1 - yZ) Enorm
A m A U .
13 Mo =, Dyorm o // Bias-corrected norm
11—y -7
estimates
m
14 adaptive_norm <« forn

\/D +e

norm

15 g < & X adaptive_norm
norm
16 if (Mod(t, AT) = 0) then
17 m <« zeros_like(m)
18 v« zeros_like(v)
19 end
20 m, — fim_, +(1-p)g,
2 v =B +(1-P)g
AN m . .
2 m, « —— // bias correction
1-p
v
23 D, « — - // bias correction
1-p
a
24 W, <~ Ww,_;—a
D, +e
25 te—1+1
26 end

27 return wy.
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BT FSiREA

—HENGS
RAL AEOETTEN AR

(SRS L

g, 51 R AR

m,  —EhETt (BBEEEREs )

v, et (BRI s) )

m, fmZERIE R —M =

v, mZEAL G —Fa) &

n 2 3)# (step size)

B, B, BIERFRE

€ BUERRE H

-1l &, V5L

lgll, 551 PRER ¢, TEE

c, 5 1 2 B IE N A EEETH(E

t MZRIERDEL

b Block K/]N (block size)

L FHKE  (sequence length)

D PR/ A4EE  (hidden size)

N RIS SN

PPL  RIZEFEHR (Perplexity)

. AXGEES5ARE
RAS AXHEHH5KIE

w5 WA
LLM Large Language Model, KI& & A
FP16 16 77 RtgX (1 FF5AL + 5 5500 + 10 ¥R
BF16 Brain Floating Point 16, 3&% IEEE-754 Y 16 %3
FP8 / FP4 8 AL /4 friF s (L A BAM3/ESM2 5 E2M1/E3MO )
INT4 4 (e ARSI
Adam Adaptive Moment Estimation {/L{.2%
Adafactor WALy i — B SR NAE = Adam 22K
Adam-mini PRI = s B AR E I Adam ZE(R
SPAM Spike-aware Momentum {ft.25 (& SpikeClip 5 Momentum Reset)

Stable-SPAM AR A SPAM, HT 4 HeFFRE VIR
GLU / SWiGLU  Gated Linear Unit 5H: Swish Z{AIIE BK K

C4 Colossal Clean Crawled Corpus £{#E5E

MoE Mixture of Experts HHZE45
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B, BB RGN BRI E—E RN MESREXFH! 1E
RN EERE B, FA BENR] 52 A2 b A ek,

BGFRTE UCSD ZHIRAHANERIN TRFEEIM, BR2ORANIESE
AIRWATES, 2HEHREFESIERZET; B UT Austin BIEKIHE N,
& IRARE RIRIHL S IEFRIRAKIE 5 BANX/Mius; RO UCT 2SR AT R
fE&0m, FESTERARERIN RLEFB B E] T H I E AT T A B ARRE R
FHIEZ R, EERNTES NIRE —RAEIF AN TRIFEIRT T RO bR
MINEIME 7 IS RS TRIAERTE S, RIS rE I E &7 it
BImR., &1EE: 5. Bl tianjin, keyi. haocheng... TEIHFRIC ARG ERER
YR, TERESET ., HEREERE, Z2T0RE 20T TRAEIE,
RFRAVEE BRI, ®EIN, EAETSE T TIREAREY! RONES—~
ZIMARIEARNEHA], FREE T OIE, BERKEBRED A & W AT,
ke T B CHY N2 5 |

AR Y5k — BE AR FEAVGF KA, — B2 It A bR AR Ik (AR 7K Izt BE A FR Y
IWIZE, TS aFAmT7, BIRATFTEE, 7 EIm!

S R F BRI A A,

BHR © ki,

T HORR G AR Z B EN, IERERZNZEEE] TR, HO8H
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FAE R MBI R EE GG, BRI MR 2 EOMm, S TRE
fny FEFERRAR, HASAKIZHICIRIRIEEEZ, BIMIEREKRE, FZER,

e, TAEHRAEEEC! PNEARERRE, RPURR, HEIE! 1045
ZHECEERIIE R ARG ! (tunafish B{# avocado &BTEAEE)
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