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Motivation
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The New Nlork&imes

Increasing power demand

Hungry for Energy, Amazon, Google
and Microsoft Turn to Nuclear Power  [_. — —t ——

Large technology companies areinud  ""ERIEF ANALYSIS "We don't disclose exactly the details of how many locations but Gemini Ultra
puclear energy as an emissons-free} ocrosee , 2004 was trained across multiple sites, and multiple clusters within those sites."
arificalinieligence anc oerPUSM Data center owners turn to nuclear as potential electricity

J source Thomas Kurian, CEO Google Cloud

December 2023

Nuclear power plants that have signed agreements to power data centers
(as of Sep 2024)

Problem: local power limitation Solution: training across multiple datacenters



https://epoch.ai/blog/training-compute-of-frontier-ai-models-grows-by-4-5x-per-year
https://www.nytimes.com/2024/10/16/business/energy-environment/amazon-google-microsoft-nuclear-energy.html
https://www.eia.gov/todayinenergy/detail.php?id=63304
https://www.datacenterdynamics.com/en/news/training-gemini-tpus-multiple-data-centers-and-risks-of-cosmic-rays/
https://www.tomshardware.com/tech-industry/artificial-intelligence/microsoft-azure-cto-claims-distribution-of-ai-training-is-needed-as-ai-datacenters-approach-power-grid-limits
https://semianalysis.com/2024/09/04/multi-datacenter-training-openais/
https://www.datacenterdynamics.com/en/news/training-gemini-tpus-multiple-data-centers-and-risks-of-cosmic-rays/
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Motivation

How do we do cross-datacenter training efficiently with open-source stack?

Problem: local power limitation Solution: training across multiple datacenters


https://epoch.ai/blog/training-compute-of-frontier-ai-models-grows-by-4-5x-per-year
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Problem and Parallelism Strategies

= Challenge: high latency / low bandwidth on cross-DC boundary

. . High-bandwidth domain
" Fivbrid paralietism

n .
P Not suitable for Cross-DC:
La?yer—W|se communication Cross-Campus Clusters Cross-Region Cloud
High frequency and/or volume High Bandwidth Low Bandwidth
— High Latency Higher Latency
= Pipeline Npp Suitable for Cross-DC:
Lower frequency and point-to-point (PP
Model: Cross-DC Data Parallelism (DP)
Embedding A DCO o A B DP Comm DCO - — PP Comm
¢ (ZeRO O or 1) . (activation)
Transformer Block ¢ ¢ ¢ t 4 R N
. . . PP Comm
- . DC1 B DC1 - — (gradient)
Transformer Block §
[ ]
Output Projection E : I I I :
]

I

' R
\ / DC npc-1

Forward Backward

AllReduce T T T
or Point-to-point:
R tt, R i
B eAdIllxézstﬁerer DC Npc-1 Send / Receive
_wyr W h -
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Pipeline Parallelism — Data Dependencies

Model: Model: Model Chunking:

P p—p—
O @ m O
'6 . = 2 o
T 9 o O W=
g E ) E a =
£ ug ...g ‘é- 9 WD WD WD b WD | WS | u.
t = = S S0-1 S2-3 S4-5 S6-7 S0 S1 S2 S3 S4 S5 S6 S7
o -
= F ©

Traversal Patterns:

Y m\' /Data Dependency f’m
P1 | 52-3 d__s2-3
. - Cors s
Forward 0SS Function, P3 (s6-7] se-7

\ Time | [ Unidirectional (UD) v
o0 0 cmmul X ﬁ- Y —l s \\ Chunk 1
\ N so [ - i s+ | ~

\ P\ B3 g (55 ] S5 | Z i S1
Data Gradient E P2 8- (56 Y 4 S6 B s2 |
Backward /

(DGrad) P3 Chunk 0 E qm B Loop o
& —& P G s s7 o
m'\ r*m
=».
Enash
/ ~ Wave

Finer-granularity

Weight Gradient
(WGrad) l

[2] Qi, Penghui, et al. Zero bubble pipeline parallelism (2023) 5

Adapted from [2]
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Pipeline Parallelism — Data Dependencies

Model: Model: Model Chunking:
P- ainiE NIRID

~z e [
Q Q o
=] o =
® i z O
5 5 5 o
E E see E E Llj_
= “g ,_g ‘g’- m S S § SV j =) Sy S
tw = =1 = 9 S0-1 S2-3 S4-5 S6-7 S0 S1 S2 S3 S4 S5 S6 S7
Lo { oy
= (@]
= Finer-granularity Traversal Patterns:
(more balanced blocks)
PO mx Data Dependency f'm
s g e S
" P2 ! r
Forward Loss Function 3 e

—_— w Unidirectional (UD) »v*
...# X q- Y q... N
Po &5 54/ sS4 _so

| e \[B,) B _ 8 sz
e L P3 s3 7] s7- =
Backward (DGrad) Chunk 0

=

ees 4_VX£ — VXEZVYC'W 4—VY£ G oo

Weight Gradient Finer-granularity

(WGrad) l

True dependencies at varying granularity
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Pipeline Parallelism — Schedules

@ Single-DC - communication cost ignored Slgnlflcant_

v latency and/or bandwidth delay
icrobatch n, -1 SR EEL P c DC b 4
Microbatch 0 P — PO 0111213 on Cross- oundary

SChEdU”ng P1 0+1+2+0+3+1+4+ P1 01 2
K ol Strate _—_—
0~ ~ 0 9y P2 0—>1->0->2+1->3->2-b P2 01
! o;, c;-- 0 P3 001122 P3 ofdiilt2 TR O I O]
Schedule Dependencies
Data Dependencies
Traversal Patterns: Pipeline Schedule © Cross-DC
» Unidirectional (UD) .
e PO 0123 0415 N
ZBH1
- DCOP1| 1012 08 3 51 2 7
zBV [l R "\ Q N
DC1 P2 01 0 21 32 4 3
,,,,,, A1 1 S P3 001122 33 4
fffffffff W I T Y Pipeline bubbles Bubble strides

R .
T | | What can we do about the bubble strides?
| i '
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CrossPipe — Optimal Schedule

= Frame: job scheduling problem
* |Include communication operations
= Modelling communication time: a- model

Start End
Teomm = o+ On Sender —e= e
Latency  Inverse of  Message , ",
- Receiver »
Bandwidth  Sjze o Start End

= |nput:
= Duration of operations (compute and communication)

= [atency (communication)
= Memory changes (compute) and device limit
= Data dependencies

= Solver: Constrained Optimization

¥ cscs ETH:zurich

Po 01223 041526374 5 6 7
Pt 012 H 42536475 6 7
7
7

P2 01 c’ﬂ 243ﬂ4ﬂ5H B
6

P35 0011223344556 777 :

Objective: minimize

PO 01123 ol<ls [2NelEN e Pel i (4
pCoO P1| 012 0314 [25/36 47\ L) NRE
pcir2| o1l [o2ia| 32143 546 LG]? 2
P3 001122 [3344| [556 707 1
£ Reorder itth‘l::zrratio ) g:::kememory
Po 0/123] 0\4\152\637 a| |5 [ |7 Faster (4
DCo P1| 0123 0/ |142536 |74 o | 4
pcir2| [0123/0] |1 [3475 46576 |7 a
P3 0\01\12\233 44556677 1

Limitation: solver runtime
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CrossPipe — Greedy Schedule

= Dynamic conditions (schedule adaptation)

= Solver runtime = limiting Local (per-device) view Schedule based on

constraints
(same as for optimal)

= Algorithmic approach
=> sub-block scheduling

= Faster schedule generation

=  Same constraints
= Near-optimal

i i i Block dytob
Attractive alternative to optimal schedules Ocks ready to be
scheduled
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Cross-DC DP vs. Cross-DC PP

Model: Cross-DC Data Parallelism (DP) Cross-DC Pipeline Parallelism (PP)
= Performance model Embeddng /?;e‘;;,m;”o,l) T e
Based on Llama 3 Transformer Block . ML ‘o s, G Y-S
- MOdEI: Llama 3 4058 tEChnical report Transformer Block ; HE - = (gradient)
- 2 DC Output Projection i H l T l T J T
\/ DC Npc-1 (: : DC Npe-1 - R
nTP= 8 nPP= 16 nDP= 64 Forward Backward‘ - . -
= T,=109 ms
Cross-DC PP vs. Cross-DC DP
3.0
~ EMIEEY 1.67x 1.75x 122x 1.03x a
ubD ubD Wave Wave QO
- 2.5 a
= PP schedules: € co JENYd 1.67x 1.74x 1.22x 1.03x 0
Traversal pattern (best) — ubD ub Wave  Wave I =
" Cross-DP: ZBV > 50
- T,
" Cross-PP: CrossPipe (UD or Wave) el 3. 04x 1. 66x 1.72x 1.22x 1.02x >
«© uD Wave  Wave e
-1.5 8
1]
E'Hﬂ cXold 1.66x 1.70x 1.19x 1.00x <3

ubD ubD Wave Wave

Cross-DC — Pipeline Parallelism - better choice

4 16 64 256 1024
Bandwidth (GB/s)
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CrossPipe — Implementation

=  Optimization
= Post Recv ahead of Send

=> Based on schedule — maximize overlap
Language Model
L. Execution Plan Generation
UUEL G AT =L e Insert async PP communications
Original (nccy): (Megatron-LM)

e Deadlock-free & maximize overlap
e IO 7

Schedule Selection
Dynamic: CrossUD, CrossUDSub, CrossWave ...

Post Send Sync and comm.

1 J..— - Static: 1F1B, IV1F1B, ZBH1, ZBV ...
' CrossPipe Module
1 E Dynamic Schedule Generation
System Profiling N
uD
e PP comm. cost (LAT & BW) Loop (I .
1 » Static memory allocation Wave U Optimal Greedy
o {F, B} or {F, D, W} block + | B or | W
Post Recv e Activation memory s

e Runtime - W
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CrossPipe — Implementation

=  Optimization
= Post Recv ahead of Send

=> Based on schedule — maximize overlap
= Both static and dynamic schedules

Execution Engine

e Compatible with other parallelisms
Language Model

Execution Plan Generation

e Insert async PP communications
e Deadlock-free & maximize overlap

Training Framework

M -LM

Improved (nccl): (Megatron-LM)
Schedule Selection

o @
Dynamic: CrossUD, CrossUDSub, CrossWave ...
CrossPipe Module Static: 1F1B, IV1F1B, ZBH1, ZBV ...

Dynamic Schedule Generation

Post Send Sync and comm.

1

System Profiling N
H ub
' e PP comm. cost (LAT & BW) Loop (5 _
; 1 e Static memory allocation iy Optimal Greedy
- e {F, B} or {F, D, W} block + FJ or H—’
Post Recv . Actlv_atlon memory s
e Runtime

D — W
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CrossPipe — Implementation

=  Optimization
= Post Recv ahead of Send
=> Based on schedule — maximize overlap

= Both static and dynamic schedules

Execution Engine

e Compatible with other parallelisms
Language Model

TG (e Execution Plan Generation
° (Megatr:n-fM)o e Insert async PP communications

e Deadlock-free & maximize overlap
e IO 7

Schedule Selection

| Dynamic: CrossUD, CrossUDSub, CrossWave ...
Adaptab € (Single-DC/ Cross-DC) Static: 1F1B, IV1F1B, ZBH1, ZBV
CrossPipe Module ’ ! ! !
. . Dynamic Schedule Generation
& Extensible (configure / abstraction) System Profiling PN
e PP comm. cost (LAT & BW) Loop (I .
« Static memory allocation Optimal Greedy

Wave
o EfflClent (optimal / near-optimal) * {F, B} or {F, D, W} block + F W or H—’

e Activation memory [ —

e Runtime - W



MSPCL 9. ey o e (b

spcl.ethz.ch

Evaluation
= Single-DC system: Alps Latency Delay Bandwidth Delay
= Node: 4x GH200 (96 GB HBM3), NVLink 4.0 - Zor 0 O z6H1 - -
= HPE Cray Slingshot-11 interconnect 4] e = 4 -
HPE Cray Cassini-1 200 Gb/s NIC | Dragonfly
Static schedules
= Cross-DC latency and bandwidth delay g 3 | 37 |
= Emulated in single-DC environment = _ -
O
= PyTorch —injected spin kernels (validated) ® 21 0L 21 HL
Q
= Model: M70 (Llama 708) 14 1 -
= 2DC
" Np=4 np=8 npp=1 0 - 0-
s T.=36ms 0 0.5 1.0 2.0 0 0.5 1.0 2.0
e Tiatl T Towl Te

0Oms 18 ms 36 ms 72 ms 30 Gbps 15 Gbps 7.5 Gbps
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Evaluatlon _0 Communication orchestration
-» significant improvement
= Single-DC system: Alps Latency Delay Bandwidth Delay
= Node: 4x GH200 (96 GB HBM3), NVLink 4.0 e o D3 zot1 - -
= HPE Cray Slingshot-11 interconnect 4] e =
HPE Cray Cassini-1 200 Gb/s NIC | Dragonfly
Z i i
= Cross-DC latency and bandwidth delay 0 37
= Emulated in single-DC environment = _ -
O
= PyTorch —injected spin kernels (validated) ® 21 0L 21 HL
Q
=  Model: M70 (Llama 708) 14 1
= 2DC
" Np=4 np=8 npp=1 0 - 0-
s T.=36ms 0 0.5 1.0 2.0 0 0.5 1.0 2.0
e Tiatl T TowlTr
0ms 18 ms 36 ms 72 ms 30 Gbps 15 Gbps 7.5 Gbps
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Evaluation
= Single-DC system: Alps Latency Delay Bandwidth Delay
= Node: 4x GH200 (96 GB HBM3), NVLink 4.0 e o D3 zot1 -
= HPE Cray Slingshot-11 interconnect S p— i?:s;?m:' o 4 -
HPE Cray Cassini-1 200 Gb/s NIC | Dragonfly #7. CrossUDSub
B CrossWave
_ . = 31 Single-DC 3 A
= Cross-DC latency and bandwidth delay 2 5 always o5 good s 2B
= Emulated in single-DC environment - , ,
(@}
= PyTorch —injected spin kernels (validated) 227 ’ 21
o 4 g ¢
S / 4 ¢ g
Al AN Al 2
=  Model: M70 (Llama 70B) 11 ’ ’ ’ a 11
= 2DC ’ ’ ’ ¢
4 4 ’ ’
" np=4 np=8 np=1 0 / / / 4 mprw
= T.=36ms 0 0.5 1.0 2.0 0 0.5 1.0 2.0
A Tiadl T TowlTr

0ms 18 ms 36 ms 72 ms 30 Gbps 15 Gbps 7.5 Gbps
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Evaluation
= Single-DC system: Alps Latency Delay - Bandwidth Delay
= Node: 4x GH200 (96 GB HBM3), NVLink 4.0 e o D3 zot1 - -
= HPE Cray Slingshot-11 interconnect 4 - i::/s_sct)JDI:I i
HPE Cray Cassini-1 200 Gb/s NIC | Dragonfly “#. CrossUDSub
B CrossWave Cross-DC
E - significant improvement
= Cross-DC latency and bandwidth delay 0 3
= Emulated in single-DC environment 'i
O
= PyTorch —injected spin kernels (validated) 227
2 7
} ’
=  Model: M70 (Llama 708) 11 ;
= 2DC ‘
" nNp=4 npp=8 np=1 0 - ‘
= T.=36ms 0 0.5 1.0 2.0 0 0.5 1.0 2.0

Tiat/ Tr Towl/TE

0ms 18 ms 36 ms 72 ms 30 Gbps 15 Gbps 7.5 Gbps
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Evaluation
= Single-DC system: Alps Latency Delay Bandwidth Delay
= Node: 4x GH200 (96 GB HBM3), NVLink 4.0 e o D3 zot1
= HPE Cray Slingshot-11 interconnect 4 - mm i?:s;%[):' o 4
HPE Cray Cassini-1 200 Gb/s NIC | Dragonfly 7. CrossUDSub
B CrossWave A
E 3 A A A
= Cross-DC latency and bandwidth delay 0 N 37 \
= Emulated in single-DC environment = s A s z
@) A Ak A A A "
= PyTorch —injected spin kernels (validated) © 27 a [fass, r Y129 L e st Ok
o A A, A
=  Model: M70 (Llama 708) 1A
= 2DC A Performance model
-> correct trend
" np=4 np=8 np=1 | | | ' 0 | | | .
= 7.=36ms 0 0.5 1.0 2.0 0 0.5 1.0 2.0
Tiat/Te Tow/TE

0ms 18 ms 36 ms 72 ms 30 Gbps 15 Gbps 7.5 Gbps
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Evaluation
= Single-DC system: Alps Latency Delay Bandwidth Delay
= Node: 4x GH200 (96 GB HBM3), NVLink 4.0 - Zor 0 O z6H1 - -
= HPE Cray Slingshot-11 interconnect S p— E?:s;%D:' o 4 -
HPE Cray Cassini-1 200 Gb/s NIC | Dragonfly ; grOSS\L,JVDSUb
0 3 .
= Cross-DC latency and bandwidth delay 0 37
= Emulated in single-DC environment = B ,
o A
= PyTorch —injected spin kernels (validated) ® 27 21 M
Q
= Model: M70 (Llama 708) 14 1 -
= 2DC
" Np=4 np=8 npp=1 0 - 0-
» 7,=36ms 0 0.5 1.0 2.0 0 0.5 1.0 2.0
Tiat/ Tr Tow/Te
0Oms 18 ms 36 ms 72 ms 30 Gbps 15 Gbps 7.5 Gbps

Up to 33.6% training time reduction

(identical memory constraints)
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Evaluation

Latency Delay

Bandwidth Delay

Latency Delay

Bandwidth Delay

1.6 == 1F1B_O _ 1.6 4 . 1F1B_O
3 1F1B : [ 1F1B
ZBH1_O ] ZBH1 O
141 5 zam 1.4 4 T, = 0.0265 4 = zBH1 44 T = 0.036s
28v.0 ZBV.O
1.2 { =3 zev 1.2 — zBv
w BB CrossUD w w EEA CrossUD w
. o 7% CrossUDSub _ n o M o 31 ## crossupsub N o 3 M
Multiple Models: M8 and M70 £ 10 o £ 101 ' g | :
uitipie vioaeils: an £ E £ E
5081 n f | 5 os 5 I S I a
7 g 8 g 21 v 2 g
5 0.6 T 0.6 ¢ ] g
£ -4 = =
0.4 0.4 1] 11
g 0.2 4 0.2 1
Varying number of DCs: 2 and 4 /
.
0.0 AN o, f ; 0- L o N
0 05 10 20 0 05 10 20 0 0.5 10 20 0 0.5 1.0 2.0
Tiat/ Tr Towl T TiatlTr TowlTe
(a) Model M8 (b) Model M70
I n C rea SEd G BS Ty Tw  gage | Static Dynamic (This Work) [wm 116 e oD 10{ == 18 m Crassun
Te T | FIB ZBH1 2BV UDSwb UD  Wave 7 ZBH1  ## CrossUDSub ZBHL ¥ CrossUDSub
ra 1) N CrossWave ZBvV N CrossWave
1 | 0151 0133 0118 0137 0137 0118 =6 = 81
[ 2 [o0174 o168 o0.161 - 0485 04157 us >
3 E - - 0421 0118 0.108 £ E ¢
1 |0168 015 0148 0149 0142 0427 Ca =
I d b d t 025 025 2 |0193 0.187 017 0159 ] o
ncreased memory ouage s | ot oA = 5 4
o
1 | o241 023 2
025 2 2 |o262 o259 2 4
3 R .
1 | 0242 0229 H 3 o0
2 o025 2 |o0262 00258 Consiste ntly best ] 4 8 16
. . 3 . - PP
Activation recompute " osa 0w performance
2 2 2 |03 0331 _ . — —
5 ] ) w/TF = 0.25; (b) Tiyy /TF = 0.125, T3, /TF = 2:
pp = 4): 25% Static Mem. (npp = 4): 25%
Stati D ic (This Work N CrossUD | mm 1r1e e crossup
Lo Dn case | atic ynamic (This Work) 71 1 CrossUDSub 10 ZBHL @ CrossUDSub
a n tra eO | FIB ZBH1 ZBV UDSub UD  Wave o " 2BV B CrossWeve
1 | 0149 0133 0119 0138 0138 0122 = w 8
0 0 2 | 0173 0168 0.6 . 0167 0.157 25 g
3 - - - 0123 0119 0115 E o, E 61
1 | 0177 0158 0.161 0155 0.148 0.141 5 S
025 025 2 |0138 019 0181 - 0173 0.163 £ 31 2 4
3 - E - 0126 0123 0115 & o
. a = 2 =
MIX Iatency + ba ndWldth delay 1 | 0269 0249 0339 0.216 0217 0.286 2
025 2 2 | 0274 0269 0331 . 0198 0.29 14
3 - E - 0158 0162 0262
o- o-
1 | 0268 0248 0337 02 0197 0.214 4 8 16 4 8 16
2 025 2 |0274 0269 033 . 0184 0177
PP PP
3 - E - 0138 0138 0.139
1 | 0359 0338 0512 0268 0271 0.339
2 2 2 | 0349 0348 0.479 . 0213 0.295 (©) Tjr /TF = 1, Ty, /T = 0.25; (d) Ty /Tr = 0.125, T, /TF = 2;
3 - - __ 0178 0178 0264 Static Mem. (npp = 4): 50% Static Mem. (npp = 4): 50%
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Conclusions More of SPCL’s research:

210+ Talks

u youtube.com/@spcl

PASPCL - s cscs ETHzirich el 7 o/ = B &% cscs  ETHzirich

u twitter.com/spcl_eth € HEICH 201115

Cross-DC DP vs. Cross-DC PP CrossPipe — Optimal Schedule CrossPipe — Greedy Schedule
o [ ] D
= Performance model 1 == o~ & i
+ Model: Llama 3 3058 (:(a (n" T o B8 Blatsslen Al (8 (8] 7 .
odel: out o T - st B2 o3[1 42 5 7 b /
2o Ul T B github.com/spcl 5.6K+ Stars
" 0,=8 mp=16 ny.=64 - . - - - Objoctives minieice
. ]
* T,=109ms - y {
' Cross-DC PP vs. Cross-DC DP o e 71 ";:: FI:')T’:"S’?lsU:i:F]}J:s . m‘:l’ ?‘ - III
. B RN B MR N
( 1.67x 1.75% 1.22x 1.03x 5 LHTL 1 1J=_|_IT’ 34 sis J_LH’J’_F_ i IIII
B B e e - e — e, m
- w w ~ 0123 04152637 S e (e
® PP schedules: Eo ElEg167x 174x 122x 103x g .,c..wira.‘m REEr Rl W
= Cross-DP: ZBV z Lo0Y ocirz | Joaasel [a] [ JE 5 e e [ a p I th h
0 4 | leaga s ‘A_Asss_sTLH-rv N
® Cross-PP: CrossPipe [uD or wave) § 166x 1.72x 1.22x 1.02x & eee or S c oe ch
5 up UD  Wave Wave 5
153
8 166x 170x 119x 1.00x -4
= up UD  Wave Viave “

IS | ST

Cross-DC - Pipeline Parallelism -> better choice

4 16 64 256 1024

Bandwidth (GB/s)

reAGSPCL. B, & cscs  ETHziirich I [ e < cscs  ETHzirich
R o T ol n r .
CrossPipe — Implementation Evaluation : - - o O p e So u ce .

- Runtime oW

O Efficient
Mix latency + bandwidth delay

: I . .
- Communication rchesraton github.com/spcl/crosspipe
* NCCL-4 GPU streams A
{Send, Recv) x {Next, Prev} ! s q '
: + Compatible with ot ilel FDCs:
* Post Recv ahead of Send Language Model - S Ve R S e O e e
= Based filing — imi: | Execution Plan Generation > !
asec on pro Tng = maximize overiap ""z‘;’;’;:[:;’_‘f;‘)°"‘ » Insert async PP communications 5 a0
= Both static and dynamic schedules 9 « Deadlock-free & maximize overlap Increased GBS
* Improves static schedules in crass-DC @@ e section ARTIFACT ARTIFACT ARTIFACT
Dynamic:  CrossUD, CrossUDSub, CrossWave ... Increased memory budget
Static: P18, IVIFIB, Z0H, Z8Y .. EVALUATED EVALUATED EVALUATED
A
i + PP comm. cost (LAT & BW) el T —
& Extensible (s T i = p y ASSOCIATION ASSOCIATION ASSOCIATION
« {F, B} or {F, B, W} black + ® or [ ] PP and DP tradeoff
AR - L o3

AVAILABLE REPRODUCED

€ T T = Ty T = 025 1Ty [Ty = 01281 Ty = 2
S Mo e =41 SU% S Moy = 41 0%
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