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1.3 *itHEERBERERTERINDS Al 4&E
1.3.1 2030 FEOREHEEBR TERINS R Al 8E

2030FLHD R AFTE B EEEFETERENSRIHAITEEE

o HETEIERE: E
o IREIBLLMOERIFB%40~80H T T I 3DICHEBREMALEE 46 FLOPs = i3/ EE
o {R3E FLOPS = FLOPs/sec

e Transformerr—AMDLLM
o J\SXA=A% : 1.59 Trillion parameters (*1) > KEFtE=: 3e+26 FLOPs = 3e+8 EFLOPs (*2)
o JEEZIER: 40% (= DOE/ONRL 1./—REITTOEEIEX (*3))
o BRIFBOERAIMEEZEILEE, LVEELBRFE. HBOBERAIMRITHLZENILRE
o EREXATIEEE : 43.4~86.8 EFLOPS

BERAIMREDHE oo | IR CH T 3BT BICBETZEM |
Al = . :é 180 3x10° [EFLOPs]
° %%ﬁi};{ﬁiﬁ' gge EFLOPS ; 160 Y: $ R [vays]:xv§%“ﬁ[ﬁg [Erulps] /(3600x24)
2] [N . ‘2 140
o ERIBIFHAIMERE: 108.5 EFLOPS (= ERERDAIMEEE / 40%) Eg120
o SHIFBXTHK : 408 V&’)
o EREPAILEE: 86.8 EFLOPS e
o ERIBSHAIMAE: 217.0 EFLOPS (= ERERDAIMEE / 40%) : @ — 1
20
> ERFBE40~80BELANTRTIBRHICI 43.4~86.8 EFLOPSD " =~ a9 s6g, -
EIAIEREN B E Effective Al Performance (EFLOPS)

1.1 2030 FEEHOXIACGH H M FE TER 2 H5h AT PERE

RIRGHFEBBAR cER I N2 AL EREICOWTHEE T 2 (KD, #ET 2. KESSEE T
)L (LLM) OR14E % 40 80 HTIE T3 2 DICHERFER AT HEMREL €8T 2, Fadr MG e 525 LLM
. 1.59 JK (1.59 x 10'2) DT X — X% H T % Transformer X—ZADEFILL T3 G, [EB2AF%
Zi), ¥/, oG EF 5 LLM OFF1IFEEICHERFERE 3 x 102 FLOPs(= 3 x 108)EFLOPs &
HEE 3 2 (FEMIE. EEBMR), B AL MEREICH S 2 5250 Al E OHEMRE 40% & L= GFEZ.
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34 % 2M), F/o. HilFEOBR AT HEEE X, XY BERERYY., HROER AT HaEEm
EINDRET %o

MEDRED? S M ILI D7 71TRENDIE D OFEN AT RIS 2 HREFCE T 2 HEE REH 2 2
EWAHETH %, ZORMED D H oL HATEE R 80 HTE T T % 72D ERME Al MEAEDS 108.5 EFLOPS.
FORSERN AT MEREDS 43.4 EFLOPS., HHi%8 % 40 HT5E 7§ 3 72 ISR AL EAEDS 217.0 EFLOPS,
BRI AL EREDY 86.8 EFLOPS TH 2 L HEET 2 Z e N TE %, M EOHEERED &, KGRI
FHTERXNZEN AL REOHIEEY LT 43.4 ~ 86.8 EFLOPS MU EX T 23D0RZUTHELEZOND,

1.3.2 2030 FEICFEAINS LLM DINS X —2EDFH|

FROLLMIS A =580 FH
o {RFE : 20165 ~2022FLFHRDNR—ATRHEHEE/INTA-SENIEINT B LRE
o JFROLLM/SA-SHDFE
o 2028£FtE: 9.0 x 1e+25 FLOPs (4574&h) > 0.85 Trillion parameters (H34D)
o 2029£FtE: 1.5 x 1e+26 FLOPs (9J574&h) > 1.10 Trillion parameters (X3&0)
e 2030%FtE: 3.0 x 1e+26 FLOPs (43740) > 1.59 Trillion parameters (F34&0)

IREDEI(ERALGTEEOHTE

ning Era

ep Lear

logis2=030103 —————» 03
07— e
o1

Training compute (FLOPS)

logia1=0

Source: https://web.quizknock.com/semilog-graph
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N

2015 2016 201
Publication date
ween 2010 and 2022. Notice the emergence of a possible Source: arXiv:2202.05924v2 [cs.LG] 9 Mar 2022

2
models stays the same before and after 2016.

compute of n102 milestone

1.2 D LLM 85 X — X BOHEE

2030 LIS R AEH R F CER XN 5 AL PEREDHEEI1TIE. 2030 FLHICHZIHZE S L5 LLM D%
FIRX—RBEWETIREND S, T2 TlE. Sevilla 5DFZE ENCBWTER I N K 2 ITREND 7
7 7WHEHDSNTHET 2, 2D T 7id, #XFEEH (Publication data) 12X LT, ZDiX TRES N
LLM %283 2 DICRERGHER (FLOPs) OBRERT /77 TH %, LrL. ZOMETIH 2022 FF T
WRRENLETNVICHEE DS, 20D LIF 2016 F£~2022 FORICRER XN LLM L AHEOR—ZT
DERFHE RN T 2 L RE L, 2028 F£~2023 FICHERFIHEEZHEE Lz, ZORE, 2028 FHEICIX
9.0 x 10%® FLOPs, 2029 £EtHIZ1Z 1.5 x 106 FLOPs, 2030 £EtHIZIZ 3.0 x 1026 FLOPs Ot HEHNE
LEN5 LLM 2853 2 L HEE LT, BHiIoREInBEA (X 3) kb, CoRBERFEREIZAZH

*1 Jaime Sevilla, Lennart Heim, Anson Ho, Tamay Besiroglu, Marius Hobbhahn, Pablo Villalobos, ” Compute Trends
Across Three Eras of Machine Learning”, arXiv:2202.05924v2 [cs.LG] 9 Mar 2022
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0.85 Jk. 1.10 Jk. 1.59 JkD $5 X — &% D LLM IS EHho+ o RstERIcHY T 3, U EOHEE» 5.
2030 FEEICHTEH XN LLM D85 X — &8 1.59 KEATH 3 L HEE T 3,

133 LLM ONSFA—2BUCKH T ZHELFTEE (FLOPs) DH#E

WEFEHE(FLOPS)DHEE [1]

o Z7-UYJRI
o LLMEFIFBICHWT, C FLOPSEIDEENOIRERIBE(C, FBOIRERHERAD N = AXCE D.. = Bxch
EFIHAZ(SA=FE: N, )ERERBBRF BT —I(M-I248 1 D,, I ort ort —
T ORRNBLDIIO.

o a, b, A, BDIEE
o XHR[1](Table 2)DFAATIE, a, bOMBEEFE(THI0. SEHETE
o MHEK[1](Table 3)DMENS A =9x102 & B=1.85¢9%

ing curves  0.50 (0.488,0.502) 0.50 (0.5
les 049 (0.462,0.534) 0.51 (0.483,0.529)
delling of the loss 046 (0.454,0.455) 0.54 (0.542,0.543)

o LLMEFINYA X ()T BRERHER(CopEM—IV8(D,, ) OBIR, & oo
URT—-USIRIDEHT

N b e
2 2 N\a _ 185 o
21| Croq = (5)° = (5am) | #2| Drea = Bx ()" = 253N = 2056 xN

> 1(5X-95EDK20h I QLB ME

FLOPs_FLOPs (in Gopher unit)
920419 1/29,968
fon  1.21e+20 1/4,761
108Billion  1.23¢+22 1/46
on  5.760+23 1

85e+24 67
172

H3| Nope = AXC? = 0.09%xVC | # | Dope = BXC? =1.85 xV/C

e 2213 21:
10 Trillion _1.30e+28 225159 216.2 Trllion

o C,,, ORHOF
o 1 Trillion parameters (N=1x10'2): C,,
o 2 Trillion parameters (V=2x1012): C,

eq

1.23e+26 FLOPs (= 1.27e+26 in Table 3)

= 4.94e+26 FLOPs
o 4 Trillion parameters (N=4x1012): C,, = 1.98e+27 FLOPs

o 10 Trillion parameters (N =10x10%?): C,,, = 1.23e+28 FLOPs (= 1.30e+26 in Table 3)
[1] arXiv:2203.15556v1 [cs.CL] 29 Mar 2022

1.3 LLM 085 X — ZBOH ¥ 2 R EAFHEE (FLOPs) OHftd

DERFEEDRED DX, Hoffmann & OWf% BoRRINLR 7 — 1) v ZHNCE SV THEE T %
(M 3), 27—V ¥ ZHlzid. LLM 0¥ 2BWT C FLOPs BlQEENAIRER LGS, HERERRA
D LLM ODETAH A X (28T X =28 Nopy) & RARRBEREZE T =& (b =2 Y8 Dopy) LT,
Nopt o C% Dopy o< C* OBIRAIM DD Z ¥ 2R LTV, Hoffmann & DRFFETIEEBIC a KT b
25 0.5 12722 L EBRINTRLTWS, —77, HBIERICE LTI+ @ Table 3 OfE» HH#EET 5 Z & T,
Nopt = 9.0 x 1072 x C%5, Dgpy = 1.85 x C*° OBIFAZE e hTE 3, ZOXEABIEZZLT
OR1~4 ZHHTZ 2P TES, X 1~21F EFAYAXH N O LLM O¥EICHEREE
(Creq) EFBUREIL N =27 VB (Dreq) PBIGRRE 2, FHTK 205 1 T RX—&2BH/HF)20 b—2
DYEHRRETH DB bD %,
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DOE/ORNL FrontierTDEE%E [1]

e Training performance in 1 GCD (= 191.5 TFLOPS) in the sentence
e 1.76B: 77 TFLOPS per GCD (Efficiency: 40.2%)
e Training performance in 385 GCDs (= 73.7 PFLOPS) in Figure 6
o FORGE-S (1.44B): 63 TFLOPS per GCD (Efficiency: 32.6%)
o FORGE-M (13B): 63 TFLOPS per GCD (Efficiency: 32.6%)
e Training performance in 1,024 GCDs (= 196.1 PFLOPS) in Figure 9
e FORGE-S (1.44B): Projected 60 PFLOPS (Efficiency: 30.6%)
o FORGE-M (13B): 47 PFLOPS (Efficiency: 24.0%)
e FORGE-L (25.6B): Projected 42 PFLOPS (Efficiency: 21.4%)
e 175B: 32 PFLOPS (Efficiency: 16.3%)
S BRAIEFN-RYIF, YINIIT7, P AV AOSEILICEDREZ RN KHUEET I IARHURRITICE VT 40% ERBERE

Node Performance

of = o o “
|
a0 ideal G . b:ao
Note that on a single device (1 GCD), the performance will gao s 5‘30 - Egiiii
be higher, and about 77 TFLOPS is obtained for a 1.76B parameter & 2 ; é
model of similar architecture as FORGE-S (the difference is that the ~20
hidden size is increased to 2304). This indicates that it is possible to 10 10
achieve aroundof the MI250X peak performance for this 0
model. 0 200 400 600 800 1000 o TP=1 TP=8

#GCDs

TP=2
Tensor Parallel

ining FORGE,
048 GCDs on Fron

els and 175B pa-

geregated per-
per-GCD and time for
f 16.8M. The per GCD

Figure 6: Assessing computation performance (TFLOPS-per-
GCD)by training FORGE-S and FORGE-M at different tensor
parallel (TP) levels on a single node, and training GPT-175B
on 385 GCDs with various parallelism techniques ([TP, PP,
DP)).

P
training FORGE-S4 with a batch si
batch size is adjusted accordingly.

[1] Junqi Yin and Sajal Dash and Feiyi Wang and Mallikarjun Shankar, "FORGE: Pre-Training Open Foundation Models for Science", SC23, Nov., 2023, DOI¥:10.11
45/3581784.3613215

1.4 DOE/RNL Frontier T® LLM Hi{¥E OEELNE

134 LLM ZBOEEMNROHTE

ZHAUZE Yin 5 O BCE SN EMR 40% 2HHALE (W ILE), ZOMFEcE 2y, BHFATE
40% DIEHBERNR P ERT 2 2 IR HEY RoTWa A, R AIMIN—RY =27, Y7 w7,
T X LDEEIC X D EENRBS KR E FAEKREETICBWT 40% 2223 IRET 5,

*2 Jordan Hoffmann, Sebastian Borgeaud, Arthur Mensch, Elena Buchatskaya, Trevor Cai, Eliza Rutherford, Diego de
Las Casas, Lisa Anne Hendricks, Johannes Welbl, Aidan Clark, Tom Hennigan, Eric Noland, Katie Millican, George
van den Driessche, Bogdan Damoc, Aurelia Guy, Simon Osindero, Karen Simonyan, Erich Elsen, Jack W. Rae, Oriol
Vinyals, Laurent Sifre, " Training Compute-Optimal Large Language Models”, arXiv:2203.15556v1 [cs.CL] 29 Mar
2022

*3 Jungi Yin and Sajal Dash and Feiyi Wang and Mallikarjun Shankar, ”’FORGE Pre-Training Open Foundation Models
for Science”, SC23, Nov., 2023, DOI 10.1145/3581784.3613215
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