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o {RFE : 2016%F~2022FLEARDNR—-ATREARE//(SA-FHMIEIT S ERE
o (BRDLLMI\SA-SEDFAR

le+27

le+26

le+25

Training compute (FLOPs)

2028%EtA: 9.0 x 1e+25 FLOPs (J374h) - 0.85 Trillion parameters (X34&D)
2029£FtA: 1.5 x 1e+26 FLOPs (9J3740D) > 1.10 Trillion parameters (ZX340)
2030£ELA: 3.0 x 1e+26 FLOPs (9J3740D) > 1.59 Trillion parameters (ZX340)

|  EEOENXERAGIEEOHE

Deep Learning Era
\ Large-§ca|e Era

2022 2023 2024 2025 2026 2027 2028 2029 2030

Publication date
Figure 3: Trends in training compute of N102 milestone ML systems between 2010 and 2022. Notice the emergence of a possible Source: arXiv:2202.05924v?2 [CSLG] 9 Mar 2022

new trend of large—scale models around 2016. The trend in the remaining models stays the same before and after 2016.
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(EZHATMERE: 43.4~86.8 EFLOPS)

o IETEIEHE:

. i}iﬁ??é LLMOERIFEE240~80H T T I 3D EBRENALEE HEE %L:OPS _ s\
o {NE FLOPS = FLOPs/sec

o TransformerX—ADLLM
o J\SX=A%L : 1.59 Trillion parameters (*1) > wE:tE=: 3e+26 FLOPs = 3e+8 EFLOPs (*2)

o EERIZ: 40% (= DOE/ONRL 1/—REITTOERZNZE (*3))

o ERIFHDEKXAIYREZ AT INEERTBRFE. HEROERAIERE(TEHIENBILRTE

EORAIMERED S E | ERAIERECH I 3BT BICETZHE

3 x 10® [EFLOPs]

v: FERH [Days] = o e (FFLOPS]

/(3600 x 24)

o EAIF B THE : 80H
o ERERDAIMEE: 43.4 EFLOPS
o EKIEFHAIYHEE: 108.5 EFLOPS (= ERERDAIMEEE / 40%)
o EAIF B THE : 408 -
o ERERDAIMEE: 86.8 EFLOPS 20 l l%
o ESKIEZHAIMEEE: 217.0 EFLOPS (= E3KREXDAIYEEE / 40%) To 43t 808 150 200 250

Effective Al Performance (EFLOPS)

1.59 YR/ NS A —SFDLLMDERIFE Z40~80HLIANTTE T 9 D&
43.4~86.8 EFLOPSDEZIAITEEEN N E

*1: A4 R [FEEROLLMISA=AEDOFH | 2508, *2: 254 R [ HEBSTEE(FLOPS)DETE | #5088, 3: 51K [DOE/ANL Aurora&Polaris(ch I 3F EIFRIDOHETEICAVVTEERIER |0
[DOE/ORNL FrontierCO/EEZIZR |[#S08

Estimated Pre-Training Time
(Days)




AILHANFT Y ARICDONT

o AIFiTC KD EFAEVRIAZFTAR
o LI, AIDRERBEEIRIZDOIRR BN EF CRIAMBIAFTA R 2 EH T EHITS

o AIEMFIAICLDIURY
o AIRMIOMESR(FIARRCEOTRERBEZEIST — A THIRBRELUI, JULSR—23> TFAN
S—RE. TFIITAIRIRE, FhlEREHEUS A RE

o ATHNFTIA*DEE
o INBDFRBE(CKIUT BI8h. RNRIVRAITINF > ADRHEHDME LN EFS
* ATHNNFOREF AIBATORFEEF FZELECEE - BEEE I 2DDTTE I — IV ANZZXLDFEFR. ALD
IR R EERZRIET 201 RS2 ORIE. ALICLOTELIURIOFHIE EFE, 2L CAIRIMIOFIFCEE IS
SRR B EOHARRENZEN S,
o AIRMOBRBFERE(CAFV. HNFIRANZZALZREL., ENMiTDLEFEZ TELL EFRED
DNFEHEE. VKON DEREN DD,

AIDFF DBIENIRU RV ZRFEBEMNERE - EIEEUIANS.

ALERICKBREANDEMER AT DEOD/\S > RZB DB EN. A\ X TlEskdENS,




SFENO



WHEFTEE(FLOPS)DHETE [1]
o ZZ-ULJ

o LLMOFBICBVT. C FLOPSEIDEEHN ARSI, FEUTHERRADE N
TIWHAZ(GA=5E: N, ) ERERBEBRFET—I(MI28 1 D, I 0
T OREFRN DI,

ptzAXCa DoptZBXCb

Table 2 | Estimated parameter and data scaling with increased training compute. The listed
values are the exponents, a and b, on the relationship Nop: o C* and Dy o cP. Our analysis suggests
a near equal scaling in parameters and data with increasing compute which is in clear contrast

[—1
L &, b, A, B G;EE to previous work on the scaling of large models. The 10™ and 90 percentiles are estimated via
\ = = - b ing data (80% of the d i led 100 times) and h i hesis.
o Kl—_ﬁk[ 1](Tab|e Z)ODEJEJET(JI a} bO)ﬂE(j::/tl\:(L,%"JO. 5&}EfE_l_ ootstrapping data % of the dataset is sample times) and are shown in parent es1sb
\ ~ . _ Approach Coeff. a where N,,; «< C*  Coeff. b where D, o C'
® Krﬁk[ 1 ] (Ta ble 3)@1@7)\‘3 A = ,9>< .ZO 2 t B_.Z. 85 tjé 1. Minimum over training curves 0.50 (0.488, 0.;02) 0.50 (0.501, 0.212)

2. IsoFLOP profiles 0.49 (0.462,0.534) 0.51 (0.483,0.529)
3. Parametric modelling of the loss 0.46 (0.454,0.455) 0.54 (0.542,0.543)

EFNYAXEND LLMDF BB ERHER(C, )L M- IVB(D,, ) OB, ociew
BLVAT-UYJRI0H NN
Table 3 | Estimated optimal training FLOPs and training tokens for various model sizes. For

1 b various model sizes, we show the projections from Approach 1 of how many FLOPs and training
tokens would be needed to train compute-optimal models. The estimates for Approach 2 & 3 are

a 2 N\a 185 ok e
{1 Creq = (ﬂ)a — (L) 2 Dreq = B X (Z)a — T x N = 2056 x N similar (shown in Section D.3)

A oOx1 O -2 Parameters FLOPs FLOPs (in Gopher unit) Tokens
SYP— = S DT1) = '/ 400 Million  1.92e+19 1/29,968 8.0 Billion
9 1}(7x 957;0'%(] 20 h a/o)?gb ‘%E 1 Billion 1.21e+20 1/4,761 20.2 Billion
10 Billion 1.23e+22 1/46  205.1 Billion
. 67Billion 5.76e+23 1 1.5 Trillion
—t 3 _t4 b 175 Billion 3.85e+24 6.7 3.7 Trillion
T — A C' a O 0 9 A/ C' T — C — 1 8 5 A/ C 280 Billion  9.90e+24 17.2 5.9 Trillion
N — X — V. X D opt B X . X 520 Billion 3.43e+25 59.5  11.0 Trillion
opt p
1 Trillion 1.27e+26 221.3  21.2 Trillion
10 Trillion 1.30e+28 22515.9 216.2 Trillion

o C., DEHOH
o 1 Trillion parameters (N=1x10!%): C,,, = 1.23e+26 FLOPs (= 1.27e+26 in Table 3)
e 2 Trillion parameters (N =2x10%?): C,,, = 4.94e+26 FLOPs
e 4 Trillion parameters (N =4x10%?): C,,, = 1.98e+27 FLOPs
e 10 Trillion parameters (N=10x101%): C,,, = 1.23e+28 FLOPs (= 1.30e+26 in Table 3)

eq
[1] arXiv:2203.15556v1 [cs.CL] 29 Mar 2022



DOE/ANL Aurora&PolarislcHl} 3B iFHOHEE(CHVWLEEZIER
e ANLTOLLMEFINETRFHOHEEICAHWNE 40% ZEEREVTER

60K GPUs 2K GPUs
L ] L ] L ]

Training Models on Aurora/Polaris

AuroraGPT set of models (1.5B, 7B, 13B, 70B, 2008, 1T, ...)
Aurora BFP16 HGEMM ~ 180 TF per tile x (127,488 tiles) = 22.9 EF/s

Pa ra::ti-.zt:r{:i:f Training Tokens Training Eﬂ-:::t:';;‘:;f in Total Training | Aurora Time | Aurora Time | Polaris Time  Polaris Time
Billions) (Trillions) F/P/T BF16) Compute (EF-days) (Days) (Hours) (Days) (Hours)

1.5 1 5] 9E+21 0.10 0.01 0.25 1 35
1.5 2 b 1.8E+22 0.21 0.02 0.49 3 71
15 3 B 27E+22 0.31 0.03 0,74 d 107

7 1 & 4.2E+22 0.49 0.05 1.14 7 167

7 2 B BAE+22 0.a7 0.10 229 i4 333

7 3 & 1.26E+23 1.46 0,14 343 21 200
70 2 & B.4E+23 9.72 0.85 2288 139 3,333
70 3 B 1.26E+24 14.58 1.43 34,31 208 5,000
70 4 & 1.68E+24 19.44 1.91 4575 278 6,667
200 B B T2E+24 8333 217 196.08 1,180 28,571
200 10 & 1.2E+25 138.89 13.62 326,80 1,984 47,619
200 15 & 1.8E+25 208.33 2042 480,20 2,976 714249
1000 1D B GE+25 653444 63,08 1633.99 8,921 238,095
1000 20 & 1.2E+26 1388.89 136.17 326797 19,841 476,190
1000 30 B 1.8E+26 208333 204,25 4801.96 28 762 714 286

We assume abouf 40% pfficiency for LLM BFP16 flops utilization relative to HGEMM measurements

Slide courtacy: Rick Steven at the TPC (Trillion parameter consortium) workshop, Feb., 2024



DOE/ORNL FrontiercDiE&EsE [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
e FORGE-S (1.44B): 63 TFLOPS per GCD (Efficiency: 32.6%)
e FORGE-M (13B): 63 TFLOPS per GCD (Efficiency: 32.6%)
e Training performance in 1,024 GCDs (= 196.1 PFLOPS) in Figure 9
o FORGE-S (1.44B): Projected 60 PFLOPS (Efficiency: 30.6%)
e FORGE-M (13B): 47 PFLOPS (Efficiency: 24.0%)
o FORGE-L (25.6B): Projected 42 PFLOPS (Efficiency: 21.4%)
e 175B: 32 PFLOPS (Efficiency: 16.3%)
> FBRAIRGN-RI1I7. YIMNII7. PIIVX ADOBEALICLDEE RN AHUEET I K KRIRRITICE T 40% LRBERTE

Node Performance

FORGE-S -
6 FORGE-M 0 60 O
s0 FORGE-L .
—+— 175SB 8 -
pa0 o ideal e % 20
Note that on a single device (1 GCD), the performance will g 30 : 0O ‘%30 ey

be higher, and about 77 TFLOPS is obtained for a 1.76B param & 0] vy 9
model of similar architecture as FORGE-S (the difference is that th f,-f ~20
hidden size is increased to 2304). This indicates that it is possible 101 / ' 10
achieve around@of the MI250X peak performance for thi 01 | _ _ . ]
model. 0 200 mgr ac S{Sm 800 1000 R . -

Tensor Parallel

Figure 9: Scalability of training FORGE m odels and 175B pa— Figure 6: Assessing com putation perform ance (TFLOPS per—

rameters up (o 2048 GCDs on Frontier. (lefl) aggregated per GOD) by training FORGE-Sand FORGE-M at di fferent tensor
for_m_ance n PFLOPS_(rlght) TFL(?PS—perﬁCD and time for parallel (TP) levels on a single node, and training GPT-173B
training FORGE-31 with a baich size of 16.8M. The per GCD

batch size is adjusted accordingly. on 385 GCDs with various paralldism techniques ([TP, PP,

DP]).

[1] Jungi 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
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