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Disclaimer

Machine learning systems is a broad and rapidly evolving field.
The course material has been developed using a broad
spectrum of resources, including research papers, lecture slides,
blogposts, research talks, tutorial videos, and other materials
shared by the research community.



Distributed LLM Training: Outline

* Data Parallelism

* Parameter-Server

* All-Reduce

* Memory Optimization
* Model Parallelism

* Pipeline Parallelism

* Tensor Parallelism

e Sequence Parallelism

* Mixture of Experts



Pipeline Training

* Retrospect: GPU HBM Content During Training

* An example of GPT-3 175B

- * Optimizer States
Training
Gontent e 32-bit Parameter (700 GB)

I
I I

* Adam Moment (700 GB)

l Contont l Contont « Adam Variance (700 GB)
' ’ ) 16-bit Parameter (350 GB)
16-bit Gradient (350 GB)

| | : |
lParameters l Gradients l Og’iian:;zser lActivations l Buffers
Activations (depending on batch size)

Buffer and Fragmentation



Pipeline Training
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Pipeline Training

* Letting data parallelism be SUFFICIANTLY large

* Linearly increasing network latency (an)
* |Inefficient small data chunk transmission

» Straggler effect caused by any communication pair



Pipeline Training

Worker 1 Worker 2 Worker 3 Worker 4

Input
stage

Output stage

Layerwise partitioning on multiple GPUs

Large bubble 0(%) -> underutilized GPU
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Naive model parallelism
(F for forward; B for backward)




Pipeline Training

Fso | Fa1 | Faz | Fas| Bass | Bsz | Bax | Bao Update
Fzo | Fa1 | Faz | Fas B2s | Baz | Bai | Bzo Update
Fio | Fi1 | Fiz | Fis Bis | Biz | Bui | Bio Update
Fao | Fos | Foz | Fos Bubble Bos | Boz | Bos | Boo | Updte
b: baich size
b : microbatch size

K: # pipeline stages
M: # microbatches, b =b,,*M

Bubble ratio: 0O(

K-1
K+M-1

29%
41%

32%

22.5%

4
/ 65.6%

{ GPipe: Efficient Training of Giant Neural Networks using Pipeline Parallelism)

computation

» weight update

recompute
load imbalance

bubble
overhead

setup overhead



Pipeline Training

Cannot be discarded before BP

VAN T * Computation time
\‘\c;\ﬁu\;\‘ | Fs./' \é | e Forward time is half of backward time (why?)
L 1 * Communication load
G‘P‘{JZ B | F | B * Intermediate activation between two partitions
GPU\;\\ | ,l ] é | e Memory footprint
- \‘\< , T l . * First stage usually needs more memory: K * M

* Re-materialization (re-computation) Further

reducing memory consumption
/ Gradlents 5 y P

Keep F,

F-then-B: Forward then Backward

{GPipe: Efficient Training of Giant Neural Networks using Pipeline Parallelism)



P| pe ‘ | n e Tra | n | n g Flush is an important operation

to avoid model discrepancy, but
also creates more bubbles

Wasted computing power /

BP is twice wider than FP

Pipeline flush

Device 1 123456738 2 |3 |4 |5 |6 | 7 | 8 REINNNVAIENEYEY

Device 2 123456738 3 14| 5 9 10111213141516

(o)
~N
o}

Device 3 12345678 4|5 |6 |7 910111213141516 E
Device 4 12345678 5|6 |7 |8 910111213141516nm
Time — Devices idle
B Forward Pass Backward Pass

Frequent pipeline flushes lead to increased idle time



Pipeline Training

-

o

Orchestrating execution orders of forward and
backward passes for microbatch so as to reduce
bubbles and peak memory footprints?

~

* Some KEY concepts

* Synchronous pipeline versus asynchronous pipeline

* Interleaved versus non-interleaved



Pipeline Training

Steady state

* Minimizing lingering time of

Worker 1 activations

Worker 2 ' 1 . . -

" S o0 o Immediately executing BP

orker 3 ¢ ERERN _

after FP for the first

Worker 4 11 2|2 3

- : : : microbatch at the output stage
/ Startup State Steady State q
> °
Warmup T At steaaqy state
B Forward Pass [ | Backward Pass Idle . Strictly alternative Forward
and Backward operations
1F1B: One Forward then One Backward * Asynchronous weights

{PipeDream: generalized pipeline parallelism for DNN training)



Worker 1
Worker 2
Worker 3
Worker 4

Pipeline Training

* Challenges

1

k ! RER Q
N\ 111 2|2 ‘I 3
Startup State " Steady State
Time >

B Forward Pass [ ] Backward Pass XN Idle

1F1B: One Forward then One Backward

{PipeDream: generalized pipeline parallelism for DNN training)

* How to split a DNN model into
different stages?
LOAD BALANCING across stages

 How to update parameters?
After backward pass, the
gradient can be used
immediately to update the
parameter



Pipeline Training

* Observations in stage 1

Worker 1 * The forward pass of microbatch 5
Worker 2 .
Worker 3 \\\\ 1 o090 is performed after the update of
Worker 4 N\ 1]1 | | microbatch 1
Startup State >Stealdir State - * The backward pass of microbatch 5
Time .
I Forward Pass [ ] Backward Pass Idle IS performed after the updates of

microbatches 2, 3 and 4

[ Forward and backward passes operate on different versions of parameters! J

{PipeDream: generalized pipeline parallelism for DNN training)



Subscript: stage ID, superscript: model version ID

: : LA Backward pass
Pipeline Training

Per-worker buffers:
l Weight versions

Four stages

_ Worker 1 ' 1 2 {3 3 4 N 5 LW{I)IWF)AWP)IW{”J
Worker 2 : 1 \ 2 5 :WZ(Z)IWZ(”IWZ“)}
1 . 4 N e (4) )
Worker 3 && 1 2 3 5 6 | W, Back r
% - ackward pass
= Worker 4 && 1 2 3 K 4 il 6 &Wi )| using this version
Time
mmm Forward I Backward S 1dle
Pass Pass

[ No guarantees across stages! ]

* Weight stashing of PipeDream
* Keeps multiple versions of model weights—one for each active minibatch.
* Forward pass: each pipeline stage uses the most recent weight version available. Once the
forward pass for a minibatch is completed, the corresponding weight version is stored.
* Backward pass: the same version is reused to compute gradients and update weights,
ensuring that both passes for a given minibatch use identical parameters within a stage.



Memory

Pipeline Training

* Experiments

O
Hl VGG-16 Bl GNMT-8 BN GNMT- T S B /o pipelining B Pipclining (4)
mn ‘gg 4+ W Pipelining (2) s Pipelining (7)
210 £ = 34
k= 5.5
= 2
9 5 % o ] -
S D E
=0 2 0
Stage 0 Stage 1 Stage?2 Stage3 DP 2
Memory footprint of PipeDream Speedup ratios on 4 V100 GPUs

PipeDream still saves memory by trading multiple versions
of parameters for large activations




Pipeline Training

Before: W, w®
After: W, w®

Worker 1
Worker 2
Worker 3
Worker 4
Time ——— Before: W», w® t =21
After: W, w
- Forward Pass Backward Pass

PipeDream-2BW:
> less frequent flushing than Gpipe
» keeping no more than two model versions.

Think why? How does it relate to pipeline depth K and number of microbranches M

{Memory-Efficient Pipeline-Parallel DNN Training)



Pipeline Training

Operations use weight version from last flush

Pipeline flush

Backward Pass

et
5 2 401 w# \nter-layer MP
2 8 s Tensor MP
= & 30 )
=g @ GPipe
S @ B PipeDream-Flush
= . 107 B PipeDream-2BW
= 0 s 25
Batch size

{Memory-Efficient Pipeline-Parallel DNN Training)

Flushing causes more bubbles
 Warmup + Colddown
Flushing needs less memory

Training BERT 2.2B with 8-way
model parallelism (8 V100 GPU)
PipeDream is much better than
vannila GPipe

https://juejin.cn/post/7262274383287484476



Pipeline Training

* IFIB integrated in Megatron-LM later on * Key ides:
* Further dividing each
Device 1 n

Device 2 Gl -0-0-0-0:0 0 R microbatch into even
Device 3 - n5n6=7n8 n 9101112“13“ smaIIer chunks

Assign multiple stages  Microbatch and small

to each device

chunks execute alternatively

Device 1 1234IHS& L

Device 2 ({824 ; E
1
6
1
5

vevices (R 11X, b

E * Advantages/disadvantages
ol e * Smaller bubble
Forward Pass [ ] Backward Pass * Higher inter-state traffic

Chunk | InterleavedllelB load
(Stages: 4, Layers: 16, each device assigned with 2 chunks. Layer 0-1, 8-9 on Device 1;

Layer 2-3,10-11 on Device 2; Layer 4-5, 12-13 on Device 3 and Layer 6-7, 14-15 on Device4 )

4 5
Device 4 <BC\PN5 1 6 2 7 3 8 4 NG 1 ;91

Time

{ Efficient Large-Scale Language Model Training on GPU Clusters Using Megatron-LM )



Pipeline Training

* |FIB integrated in Megatron-LM later on

Device 1
Device 2 naRoHRDRD
Device 3 nan-nanhnn

Device 4

Time

Assign multiple stages

to each device

. 111
vevice 1 TR i
vevcez (R 00 2 <o« ] iR

Device 3 II E H 1”H

Device 4 NP5 162 7 3 8 40

Time ——

Forward Pass [ ] Backward Pass

* Model placement:

Stages: 4, Layers: 16, each device
assigned with 2 chunks

Layer 0-1, 8-9 on Device 1

Layer 2-3,10-11 on Device 2
Layer 4-5, 12-13 on Device 3
Layer 6-7, 14-15 on Device 4

Be aware of the communication scheduling!

{ Efficient Large-Scale Language Model Training on GPU Clusters Using Megatron-LM )



Pipeline Training

Storing the first partition of model0 and the fourth partition of modell
model%)

Here we assume equal workload between forward and backward passes for simplicity. model model

o [ 1] ol [ 0 10 replica0 replical flush
0 0 1 1 0 1 0 1 PO(SthGO) (sta§e3> 0 112712131310 1
0 0 + 1 1 = ol Mo 1 P1(sta§e1)(5ta_§iz) 0(2]1(3(2(0(3]|1
G H IGIENE "pzcsta§ez> GegD _[2[0]3[T[0]2[1]3
. . (stage3) 2| |13/0j0f1(1({2| (3
N/ 2 = 2 micro-batches, where N=D =4 7 down pipeline \P3 — stag=C) Chimera P
model replical ¥ flush
: 2|2 3|3 2|12|3(3 POO| |1(2] 2 |3 310 1
2 2 + 3 3 - 2| |13]12] |3 P1 [0]2]1]3 2 |03 ]1
2 2 3 3 2| |3 2| |3 P2 (201312 [0 2 [173
2] (3 3120 Bl 2] Bl)es[2] [3]0@] 0 @] [1]2 3
N/ 2 = 2 micro-batches, where N=D = 4 up pipeline Chimera (backward is 2x workload of forward)
X || X | Forward and backward passes of model replica0 for micro-batchx |Y || Y | Forward and backward passes of model replical for micro-batch y Bubble

Chimera: double pipeline

* Smaller bubbles yet doubled memory occupation for model replicas and FP/BP activations

{Chimera: Efficiently Training Large-Scale Neural Networks with Bidirectional Pipelines)
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Pipeline Training

* Orchestrating bubble mitigation and data-parallel synchronization

model model
replica0 replical

(stage3)

stage(
(a) Gradient synchronization after all local computation is finished

model model
replica0 replical

(stage3) 2] 2 [3]

211(3 2

210|3 0

2| |3 0

(b) Eager gradient synchronization for deeper overlapping

Hide the gradient synchronization overhead by
overlapping them with computations, e.g.
shifting S; to an empty slot in the left.

flush
1] 7 | 4 5
1 4 | 7
3 6 5
6] 5] 6 7
2D mijcro-batches, wh
6 5
4 7
flush
PO 23] 2 [6]7[ 3 |06 |17 5
P1 2(3 6(7| 2|03 |1 |6 | 4 5
P2 2(3 6(7 0|2 [1]3[4]¢66 7
P3[2]3] 6|7 0 1 [ 2[435 7
(c) Concatenation with forward doubling (no intermediate bubbles)
flush
PO 213 2 /6|7 3|06 |17 ] 4 5
P1 2|3 7| 2 0 3 1 6 4 7
P2 (2|3 7 0|2 (1|3 [4]|6]|5
P3|2[3]| |[6]7 0 1| 2[4[3[5]6 7
—>p2p (d) The final schedule of forward doubling

Select # replicas, # stages and Assemble blocks

{ Chimera: Efficiently Training Large-Scale Neural Networks with Bidirectional Pipelines)

after removing half bubbles at the beginning



Pipeline Training

* Linking Chimera with Hanavo

Flush
polo| [1]2 3 0 1
Chimera P1 o218 0 1
4-St :
298 : . g 2 A 2 1 ‘ > Forward propagation marked green and
| Backward propagation marked orange.
| $ Flush » Back propagation illustrated twice as long as
POjo| |10 FOn T 1 10 ! forward propagation.
P1 0/0|1 1 0 0 1 1 .
» Purple and pink blocks to represent P2P
: . 2 : : S - communication that goes downward and
upward.
| - - Flush » Numbers on the blocks show which of the
Pojo, J1jop o 1 1 10 ! micro-batches is being processed.
Hanayo P1 |00 |1]1] 0 0 1 1 Flush
2-Stage, 2-DP 1
PO| O 10 0 1 1 0 1
P1 0/0 1 1 0 0 1 1
e S|

communication

{Hanayo: Harnessing Wave-like Pipeline Parallelism for Enhanced Large Model Training Efficiency)



Pipeline Training

* Linking Chimera with Hanavo

polo[1]2]3] ll|4|4 5|5|m|6|6|m|7|7|” HITI I]|1| Il|2| lI|3|
P1| |o]1]2 ﬂ|4|35 4L6|5¥7|6]ﬂ o | 7 [ 1] I]|2| Jal
P2 01 |4|2536|4!]75 [!o 61|"|17H2| [!3|
. P3 ol/[4]1]/5]2 63_____|__4_ __o_|__5_ _1__|_€l- 2|7 _3__] ________________
Chlmera » pa [4][o]5 1-23-2-; |0H4 1-H-5 2|6{L3H71]]
P5 4|5 0]6172 03$1 n4!12 5|3||6[n |7L
P6 |4/5|6 o[7][1 0 [2] 1 |[3] 2 | | 4 3|5|LI lfs!1 |7L
P7l4|5|6|7 o] o [1] 1 [|2] 2 |[3] 3 L4 ] | 5 | | 6 | 17 |
. Po0|1]2]8 o[ 0 [1] 1

Hanavo with » o Tolils I g

one wave P2 o[1] [o[2]1]|B]2

(after folding) P3 olofrhilz[2]lsls

H ) POD[ olo[n oofl1]22 olo[1]1][2]2 o] 1] [2
anavo with » P1 0[R2 1//02]1 1 (o1]82] [ol8]1]/[o]2]1][8]2]/08]1] [2
two waves P2 01 021 1021/ oB1] lof2]1/[8[2(o [ 1][o[2]1][8f2
P3  0oift 10 olo[1[1][2]2] olo[1]1][2]2]




Pipeline Training

* A microscopic view of BP

Forward Backward
A
X
VL
A\ 4
w
— W x wTy,L
N
N x » v,L x N
V.,L VwL
do(2) z . w
o(2) g5 VoL > V,LxT ——
A
y
V,L
v

{Zero Bubble Pipeline Parallelism)

* Derivative over input
* for backward propagation
* Derivative over weight

e for updating model directly

© Vwf(z, W) ¢

computed immediately after
dl
Va: f(wv W)T d_y



Pipeline Training

* A microscopic view of BP

Forward Backward
A
X
VL
A\ 4
w
— W x wTy,L
N
N x » v,L x N
V.,L VwL
do(2) z w
o(2) 72 v,L > V,LxT +——
A
y
V,L
v

{Zero Bubble Pipeline Parallelism)

e Question
e Which one should be

computed first in the

pipeline?

Vo f(z, W) &
or
wa(iB, W)T %



Pipeline Training

e Dividing BP into BP for input (urgent) and BP for weight (not urgent)

Device 1

Device 2

Device 3

Device 4

Time

Device 1
Device 2

Device 3

Device 4

Time o

- L

- w Optimizer step

Upper (ZB-H1): strictly follow 1F1B, and fill W to ensure all workers maintain the same number of in-flight microbatches.
Lower (ZB-H2): theoretically zero bubble as # of microbatches is sufficiently large; large memory occupation over ZB-H1.

{Zero Bubble Pipeline Parallelism



Pipeline Training

* An illustration of zero bubble with 16 stages: inserting W ops strategically

Device 0
Device 1
Device 2
Device 3
Device 5

Device 6
Device 7 - | Ll

Device 8

Device 9

Device 11 1NN

Device 12

Device 12 R L L L L L 010 R
Device 14 m

Device 15

Device 0 MIINIEETRRLTEERRERORNLIE ] 000 O O g | ] IO T
Device 1 M I]
Device 2

Device 3

Device 4

Device 5

Device 6

Device 7

Device 8

Device 9

Device 10
Device 11
Device 12
Device 13
Device 14
Device 15
Time

i

Onptimizer Step

{Zero Bubble Pipeline Parallelism



Grammar
Acceptability Translation

Summarization

Pipeline Training

e Multi-task model pretraining
* |Input sequence lengths are non-uniform

(Write highlights for this article: Dressed in a Superman shirt, 5-year-old Youssif' 108 -
__held his sister's hand Friday...(omitted) Parents beam with pride, can't stop... | w» 106 1

4 N\ E 4
What are the important parts of this article? As he awaits a crucial progress g 107 1
\report on Iraq, President Bush will...(omitted) President Bush to address the... O 102 -
100 4

f How is "Wie Sie sicher aus der Presse und dem Fernsehen
| wissen...(omitted)" said in English? As you probably know...

0 10000 20000 30000 40000 50000 60000
Input Sequence Length

"Ich bitte Sie, sich zu einer Schweigeminute zu
erheben.” Say this using English. | ask you to...

= (left) Orange texts are instructions to the model. Inputs to

.

Is the following sentence linguistically acceptable?]
"The pond froze solid." [options]. Acceptable.

process are colored black. Expected responses are in red

Generate a short sentence that is}

= (upper) The sequence length distribution in dataset

High variance in sequence length

unacceptable. I'll fix you a drink. /1

{DynaPipe: Optimizing Multi-task Training through Dynamic Pipelines)



Pipeline Training
* Multi-task training pipeline: packing and scheduling

04I1526I374 5 6 7 Devicel 0123456 071 2 |3 4 5 6 7

Devicel 0123

Device2  [0J1]2 OB 1@ 2B 3B 25 [6] [7 Device2  [0J1[213]4 051(6 273 45 6 |7

Device 3 01 OR2[1[312]4 3[5]41[6]5]([7 6 7 Forward Pass Device 3 O3 (2] [ 0 |3]1 (4] 2 |53 |6] 4 |45 6 7 Forward Pass

Device 4 O oI 12123134 4[51516] 6[7] 7 Backward Pass  Device 4 0l 0 A1]2] 2 |3]3|4] 4 5/5|6| 6 |47 Backward Pass
(a) 1F1B (uniform micro-batches) (c) Adaptive Schedule

Device 1 OZ]3 | 0415 > BI3E [2]5 | 6 17 Devicel 756241011 (713 |5 6 2 4 01 3

Device2  [0J1I[2 031 4 253 (6 475 6 |7 Device2  [75 [6]2]4]/7]0] /51 6 32 4 01

Device 3 01 0213 2 435 4 6 57 6 7 — Device 3 /5 [6]7]2]/5(4] 6 |0 2 |1 4 3]0 |1 |3 Forward Pass

Device 4 0Ol O 11| 1 2 2 |13 3 4| 4 |55 6 6 77 Backward Pass Device 4 7| 755 |6 6 2 2 |4 4 10| O || 1|3 3 Backward Pass
(b) 1F1B (dynamic micro-batches) (d) Adaptive Schedule & Micro-batch Reordering

¢ ¢

Adaptive scheduling controls the injection time of
micro-batches into the pipeline; reordering adjusts the
sequence of computations for different microbatches

Misaligned pipeline with irregular bubbles



Pipeline Training

e Multi-task model pretraining (for reference)
* Seek the best micro-batch assignment 1T to minimize iteration time
min {(c — 1) -max{t(M;)|M; € n} + Z t(Mi)}
Mien

e Construct a dynamic programming algorithm to optimally partition samples

Stage 1

Stage 2
Stage 3
Stage 4 0 a 1 .

(c 1) tf(Mo) t(M) E (= 1) ty(M_)
M;em :

(1) (2) (3)

e Other related works: FlexPipe (ATC 2025), WLB-LLM (OSDI 2025)




Distributed LLM Training: Outline

* Data Parallelism

* Parameter-Server

* All-Reduce

* Memory Optimization
* Model Parallelism

* Pipeline Parallelism

e Tensor Parallelism

e Sequence Parallelism

* Mixture of Experts



Tensor Parallelism

* A visual perception of TP
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Self-Attention

Transformers
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Tensor Parallelism (Intra-Layer)

MLP

\ hi\

4 | \

l i ‘
1 o
X —» S —» § —><_,—>;§
| 1g. ‘ 5

Split weights W and VAT across multiple GPUs

W = [Wl.Wg.W;;.“’.]]

V=

Easily understandable, but

v,
Vs
A\
_Vl

NOW?

{Demystifying Tensor Parallelism) by Josh Levy-Kramer
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Tensor Parallelism

* Mathematical principle of tensor parallelism (e.g. GEmm)
* 1D: segmenting a matrix by column or row only

* FirstlinearlayerY = XA:A= [A,A)] 2 Y= [XA,XA;] = [V, Y;]

SERIAL PROCESS PARALLEL PROCESS (GPU MODEL PARALLELISM)

MODEL SPLITTING VERTICAL SPLIT
o |
Eld s

.LJ




Tensor Parallelism

* Mathematical principle of tensor parallelism (e.g. GEmm)

* 1D: segmenting a matrix by column or row only

e Second linear layer Z = YB:

B
2= [% Yol ]

* Compute Y;j B independently and aggregate Z = Y;B; + Y,B,
e Question: memory usage? communication load? end-to-end latency?

* 1/P computation, 1/P parameter, Full activation, 2(P — 1) /P communication load, 2(P-1) latency

P: computation



Tensor Parallelism

* Mathematical principle of tensor parallelism (e.g. GEmm)

* 1D: segmenting a matrix by column or row only

* Firstlinear layerY = XA: -2.

K
i
LB

I
Layer Activations (A) (2x4
- Column-wise Split

X

)
_BEEE

Output Activations (C)
(2x4)

Model Weights (B) (4x4)
- Row-wise Split

Output Activations (C)
(2x4)

A
— [X1 X;] A;]
srur BB
BN, 00 _DEDE
EE | DOo0.
moca 1 HEES
4 EEEN
GPU 2 - N e 8 Final Output
EE, _eEEF
BE ([ OoEE
FFiFr



Tensor Parallelism

* Mathematical principle of tensor parallelism (e.g. GEmm)

* 1D: segmenting a matrix by column or row only

e Second linear layer Z = YB:

=[] 1o

* ComputeY; B; independently and aggregate Z = Y;B, +Y,B,

e Question: memory usage? communication load? end-to-end latency?

* 1/P computation, 1/P parameter, Full activation, 2(P-1)/P communication load, 2(P-1) latency



Tensor Parallelism

* How to split matrices

* The column-wise and row-wise styles can be combined for multiple linear layers

/LM outputs
- e HHH - - FH - -
INputs v |

B O O~ - IR
!
o [ - HH-FHE | B e -

A P

weights weights  outputs

YVV

Communication between

wo GPUs not n
Source: https://cloudthrill.ca/what-is-vlim-features two GPUs not needed



Tensor Parallelism

Nonlinear column-wise
operator

* Transformer MLP

- G, > ————————————— T, . . G G —— ————— —— — {————

Y = GeLU(X A Z = Dropout(Y B) ‘\\
/

| |
: = | X XAy = |
| O |
I - I
X |= S |= 2] |
| o) I
| = B
: =X = XAz = :
| |
| |
l }
\\\ A= [Ala A2] //'

" Column-wise sharding Row-wise sharding

f and g are conjugate, fis identity operator in the forward pass and all-reducein the backward
pass while g is all-reduce in forward and identity in backward



Tensor Parallelism

)
=k
=
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,
2
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Z =

/
l
|
|
|
|
|
|
|
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|
|
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|
|
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|
|
|
|
{
\
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Y = GeLU(XA)

’—-—-——--_-—--—--———-——Q\

P

— m— e e e e m e s e e e e

-

---—————————-—————————_/



Tensor Parallelism

* Transformer MLP: communication analysis

(ARSI S S S, e e, S, S S G G CE G S S S S S S ——— S D, G, G G G S G S G — - — G — G ——

Y = GeLU(XA) Z = Dropout(YB)
'l \l 'I \‘
| I | '
[ ® B [
: =X =] XA, mﬂ-ml-ﬁ» 1B, -@I::» {
| = | o |
i X|[= IIReduce(BackwardT 1.: AllReduce (Forwar =v-§ = i
| o ml = |
: = | X |=| X4; = 2@. = !

I I
| o S :
| F ‘ i :
| s B, [
\\\\ A = Al) A2] //I \\\ B = [Bz] ///I

_________________________ W l RSN e R
i . No AllGather
Column-wise sharding Row-wise sharding

f and g are conjugate, f is identity operator in the forward pass and all-reduce in the
backward pass while g is all-reduce in forward and identity in backward



* Partition three parameter matrices

Tensor Parallelism W, Wy and Wy by columns and

partition the linear layer B by rows

* Transformer Self-Attention * Forward pass
________________________________________  “Copy” X to both GPUs via f
’ Y = Self-Attention(X) \ L * Execute math operations such as
_qu computing Q, K,V
i W §~ =>-§ >®= | * “Add” Z; and Z, for a complete
| -k & |5
= T output Zvia g
Q}nggw@m » Backward pass
| -E.- 2] § ' “copy” 0L/0Z to both GPUs via g
o 0 = [01,05] % le * Execute math operations
Rt ention heads - {’;Z[[’;iff:]] Rowwmeshardmg e “Add” partial derivatives of X on

Column-wise sharding two paths via f



Tensor Parallelism

* Transformer Self-Attention

e e

Y = Self-Attention(X) N

!/ [ |=[Aa 4 Z = Dropout(YB)
| =ix|-Iem= [¢] [s) l ié — s
i %:’ =) @’®‘:’I Y18, :’I:’ :
|  -mEm 2] I |l m
i X |=fAlIReduce (Backward) AliReduce (Forward :»-§ =
: — p— 11 = )
| Sy 2 =WARE i . ;
: }@ 3 =8 S :ﬁo Y,B, @I:o ;
; =X |~-l0l=-d (2| |S I | — |
i V, i:l = Bl] E
: 1 % BZ y
:‘ Q= [Ql» QZ] E o //
\_ Splitattention heads - { K = [K1, K] g

V=[] Row-wise sharding

~ o

Column-wise sharding

f and g are conjugate, f is identity operator in the forward pass and all-reduce in the
backward pass while g is all-reduce in forward and identity operator in backward
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Tensor Parallelism

TP communication analysis

AllIReduce (Backward)
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[ Xew}os ]

[ nodoig ]
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wj®wlq

Split attention heads —» {

-

Q =[Q1,Q,]

K= [KHK2] ,"
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-

AllIReduce (Forward)
1

\\\\\
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1nodouqg
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AllIReduce (Backward)
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Tensor Parallelism

* Transformer layer: communication analysis

Ve N\ /7 N
[/ J— I’ ------------- h \ .“’ f ot i e e e X \‘\
X -TMEY -~ -1
<s| '8l Bl IS VI3 NS ol (&} |5 ¢
X =3 | = %cogc::»-gr:>@+~:>2r—p8co,‘!cog r:o-g.—o@—o-<
o| | S |E ol = c =l |
Model i Model |
.. Parallel .. Parallel
2 All-Reduce 2 All-Reduce
(forward + backward) (forward + backward)

Total communication complexity: 8 ®. (P is the volume of the corresponding parameters)

{ Accelerating Large Language Model Training with Hybrid GPU-based Compression )



Tensor Parallelism

e Submatrix Multiplication

* More GPUs working simultaneously

GPU1 GPU2
(r---r-w\lr—---\
GPU1 I § 4':‘ !
ot — - g
I il )
X . e |
GPU2 | e )
lr ~|r 5
‘;__._/l‘;___‘/'

One-dimensional decomposition
Partitioning based on Scalar Rows/Columns

GPU1 GPU2 GPU1 GPU2

7

|

lr h 4 8

| |

\k— J- = L- -A — -J/

G G\ Gim G

= i

IL J J J
sl

|

1 |

Two-dimensional decomposition
Partitioning based on Block-Rows/Block-Columns

GPU3 GPU4 GPU3 GPU4



Tensor Parallelism

e 2D Tensor Parallelism: each color represents a different GPU

GPU1 GPU2 GPU1 GPU2

oo [Au| (B [ B
Al Aul (B [Bu

GPU3 GPU4 GPU3 GPU4




Tensor Parallelism

Broadcast #1
column of matrix

J  Ato theright

—

Broadcast #1 row
of matrix B down

== [A10.Boo

D\

Aoo, Boo

- Ago, Bo1

A10,B10

- Aq0, B11

N

_ B | [ Bo |

[ Ajo, BOJ

= \
A10 * Boo

Ago * Boo

Ago * Bo1

Ago * Boo

Ago * Bo1

A10 - Bo1




Tensor Parallelism

- - Broadcast #2

A A column of matrix
\ 00 \ 01 A to the left
A1o) |A11

of matrix B up

|

£\

A1, Boo

A11,B10

A1, Bo1

- Aq1,B11

___

Broadcast #2 row

{Aop B10]

[ A01»B11J

Bo| (B = | Bw | [ Bu ]

‘f N
A11° Byo

A11* Bio

- Aq11°Big

Ao - B10/

Ao1 - B11

A11-B1g




Tensor Parallelism

e 2D Tensor Parallelism Sequential computation

Aoo * Boo| | Aoo * Bo1

\A10 'Boo) \Alo * Bos )

AOO ) BOO B AOl ) BlO

10 * Boo T+ 411 * B1o

|
|

2D Tensor Parallelism with more rows and columns?

N\ 4 )

B \A01 'B10) | A01 'B11/
A11 * B1o | Agg 311)

(Ao * Bo1

~

T AOl ] Bll

=/

A1 * Boy

\\

Ll All ; 311\

J




Tensor Parallelism

e 2D Tensor Parallelism: general procedureon Y = AB
* Demand P = g GPUs, and partition both input and parameters on P GPUs

Less per-GPU communication

- S’ | 1 1

 Computation: 0 (%)

 Memory (parameter and activation): O (%)

1

q) (note that broadcast is replaced by All-Gather)

e Communication: O (



Tensor Parallelism

e 2D Tensor Parallelism
h/q

4h/ 4h/
”"‘.l . |y [

. SUMMA - . nonllnear

input

(a) MLP

(b) self-attention

Green: activations, Blue: Transformer modules

{SUMMA: Scalable universal matrix multiplication algorithm)



Tensor Parallelism

e 2D Tensor Parallelism: still many ongoing works, supplementary reading

A\

Time

Cannon SUMMA Collective Wang et al., 2023 MeshSlice

Compute 0000 LODEoone o EEEE AEE0E

conm, EIDIEE 0000000 pnom
conm,, EIMEEE  [I0000ND DEEE IEEE

Total Time [ Total Time | | Total Time { Total Time | ) Total Time ‘
\ | | |
High traffic due to skewin High sync overhead due . L Overlaps only one
g ffi 9 g ’y . Blocking communications .P -y OV‘?’ laps _b oth
and square mesh to fine-grain packets dimension dimensions

{MeshSlice: Efficient 2D Tensor Parallelism for Distributed DNN Training)



Tensor Parallelism

* 3D Tensor Parallelism: further segmentation for less memory usage

* Supplementary reading

e

y
vt T 77 y a4
d
/|
j (ij.D) / d A1o /
/I{/ z f_/
@ 9% /
P // % Aqp
/
/1 - X (a) Broadcast A;;

Colored block

represents an

example of a single processor.

L'\110

/
By, *Bm /
(b) Broadcast By

{Maximizing Parallelism in Distributed Training for Huge Neural Networks )

(c) Reduce C;;

An example of the 3-D parallel matrix multiplication

111

AN

N



Tensor Parallelism

* Recap

* Tensor parallelism segments matrix on feature dimensions (i.e. hidden
dimension and out dimension) that addresses the multiplication of large
weight matrices

* Tensor parallelism introduces multiple AlIReduce operations that demand
nontrivial communication burdens, and is thus constrained by the high
bandwidth domain

* Only for Attention and MLP
* Keeping the entire input and output to the Attention and MLP layers



Distributed LLM Training: Outline

e Data Parallelism

* Parameter-Server
e All-Reduce

* Memory Optimization

* Model Parallelism

_ —» Sequence parallelism and context parallelism
o Pipeline Parallelism 7 are mixed in this subsection

* Tensor Parallelism ,

-

* Sequence Parallelism --

* Mixture of Experts



Sequence Parallelism

* Sequence Parallelism
* Tensor parallelism reduces the memory footprint of model data, how about
non-model data”?

 Activation memory is O(n?) in self-attention with n being the sequence length

e Attention scores not stored in HBM

* Activations include Q, K, V matrices

. QK"
Attention(Q,K,V) = softmax V

Jax

* Some layers have not been parallelized: layernorm and dropout



Sequence Parallelism

* Sequence Parallelism

160

120

baseline present work baseline present work baseline present work baseline present work

Memory (GB)
3

4

o

o

22B 175B 530B 1T
m parameters and optimizer state memory m activation memory

Parameters, optimizer state, and activations memory
{Reducing Activation Recomputation in Large Transformer Models)



Sequence Parallelism (Recap)

[ Output of a previous layer, intermediate variable ]

 Activation is non-negligible

* Forward propagation y=Wx+b
dlL.  dL

* Backward propagation _ 4
aw  dy '\[ Cannot be discarded after FP ]

e Size of activation

e Standard transformer: b - batch size, s - sequence length, h - hidden layer dimension

bsh * 2 Bytes

N

MX :Jeaury

In-total: 5abss + 8sbh



Sequence Parallelism (Recap)

[ Output of a previous layer, intermediate variable ]

 Activation is non-negligible

* Forward propagation y=Wx+b
dlL.  dL

* Backward propagation _ 4
aw  dy '\[ Cannot be discarded after FP ]

e Size of activation

e Standard transformer: b - batch size, s - sequence length, h - hidden layer dimension

bsh * 2 Bytes

N

3sbh: Linear layer
+ dropout layer

MX :Jeaury

In-total: 5abss + 11sbh



Sequence Parallelism (Recap)

bsh

8bsh

 Activation is non-negligible

Output Layer and Loss

¢

Layer Norm

Transformer ﬁ
Layer

x L

Dropout

I
Linear (4h->h)

- |

GelU

8bsh

11bsh+5assb

2bsh

Linear (h->4h)

Layer Norm

Add

>zo:._o=#

Dropout

Linear (h=>h)
|

Self Attention

1

Layer Norm

Position + Word
Embeddings and Dropout

In-total: 5abss + 34sbh



Sequence Parallelism

* What to keep for a Transformer block in HBM?

 VILP e Attention
° |nput to MLP J d Input to Attention J
* Input of Dropout v * Q,KandV v
° QKT

* Input of GelLU

Softmax(QK'") (removed via

* Inputs of linear matrices v ,
flashattention)

Dropout Mask (removed via
flashattention) v



Sequence Parallelism

* Representative SP frameworks
* Megatron-LM SP

« {Reducing Activation Recomputation in Large Transformer Models )
* Deemed as a further optimization of Tensor Parallelism
* DeepSpeed Ulysses

« {DeepSpeed Ulysses: System Optimizations for Enabling Training of Extreme Long
Sequence Transformer Models )

e Colossol Al SP
« {Colossal-Al: A Unified Deep Learning System For Large-Scale Parallel Training )

* Megatron Context Parallelism

* https://docs.nvidia.com/megatron-core/developer-guide/latest/api-

guide/context parallel.html



https://docs.nvidia.com/megatron-core/developer-guide/latest/api-guide/context_parallel.html
https://docs.nvidia.com/megatron-core/developer-guide/latest/api-guide/context_parallel.html

Sequence Parallelism

* Megatron-LM sequence parallelism

e | | | S | | |
< | | = — || |19 < | [ | = — =
E - ANERE S L NEAREIN- N NG
2==:’ 4:)0::)‘”? #’gﬁEB Zzii’ Ple Pl (o |7 &I:’g:’@:’
o | | . =1 e Q | [ cl (8] c
3 (= - 3 | I =
S ' & I | 3 [ I | |
| | - | | | | I |
| I | | | | I |
Sequence: : Tensor : : Sequence | : Tensor | | Sequence
Parallel \  Parallel \ Parallel /} \ Parallel ’ '\ Parallel
_____ = NS e T = \‘_______// S0 —

Tensor parallelism only segments inputs and outputs of self-attention and MLP



Sequence Parallelism

* Megatron-LM sequence parallelism

* layernorm operation
* The shape of an input matrix: [batch_size, seq_len, hidden_dim]
 Compute mean, variance and a learnable affine transformation for each TOKEN
e Can be naturally partitioned by tokens without any cross-device communication
* Dropout operation

* Each GPU compute dropout independently

g 2bsh A
Activations (input/output of layernorm) on each GPU:
bsh
Activations (dropout) on each GPU: ~




Sequence Parallelism

[ Needs the complete input]

Segmentation at
sequence dimension

* Megatron-LM sequence parallelism{ Segmentation at }

* Segmenting input sequence hidden dimension

———————————— \ SO, AT A S S AT AT AT A A, S A S A A A . A A .
e \\ /[
/ S [
i

4

(| \
LY ) I
p - : | ! ) N : '
H.’::’%@':Sﬁ:’ ‘ﬂl'{m;h_r:o%:o,_ﬁ@ =S = =
=0 - |
- |
3 : | : :
e d : : | :
T | | — : | PR
< | | ~ ) ' | 3
® | A o
35':’2’:’&:.;’ ﬂ%m;mﬁmw,mgmg-’m = |X[=[8 |= 8%
o) | I N o o= NS | | =
3 I | | —
3 | | - J I | S
T | | : |
\ |
Sequence Parallel ,J % Tensor Parallel 7 \ Sequence Parallel
7 N e

G ————_ SIS IS GEED GEND CEED GENS GEES GEND I SIS GIED IS GIN I GENS IS GEND IS SE Gu G S T ———

MLP layer with tensor and sequence parallelism. g and g are conjugate. g is all-gather in forward pass and
reduce-scatter in backward pass. g is reduce-scatter in forward pass and all-gather in backward pass.



Matrix multiplication needs

Sequence Parallelism the complete Input

. The currently buffered
* Megatron-LM sequence parallelism output is not what you need

to proceed to Dropout

 MLP layer (forward pass)

\\ - & //—— = \\ I y N {/——— S
| | ! [ b
2 1l B | 5 1 e g,
- EEINEEEN IAESEAIN IRE HER RERGREN RE 2
= = (1)
E% Z:v‘:) "Jlbrl)'::’gﬁ:> lebgw@ Z:F’ ‘f"gdewg? ?89@:”5%
e Q1 | = = || - | || = B | . - -
& 3| | Y I T 3 [N | | A =
s | | . | | | | ; | 3
| I | | | | | ,
Sequence: : Tensor : : Sequence | : Tensor | | Sequence
Parallel \\ Parallel ) \ Parallel /} % Parallel /’ '\ Parallel
_____ — Al e (TN N S ot S e ol P |

AllGather to obtain ReduceScatter to obtain
the complete input the output fraction



The currently buffered

Sequence Pa ra”ehsm output is not what you need

to proceed to Dropout

Matrix multiplication needs

* Megatron-LM sequence parallelism the complete input

 MLP layer (backward pass)

N - ) A\ /LT I - A PO\
s | I | u» | | | | | o
= = || ® | | | : | S
53’ s R | > | |S 1B g rd B o Bl | g 93'
Sz TNl T ECE R TR
5 3| | || 5 | B 3| | | | = o
3 el 0 ! DS il | 1 s 3
L | E p !
Sequence: : Tensor : : Sequence | : Tensor | | Sequence
Parallel \  Parallel ) \ Parallel /} \ Parallel /’ '\ Parallel
_____ = NG I e e N NI e S mee = P |
. 16bsh 21bsh ' . '
Finally: S5bsh + becomes ReduceScatter to obtain  AllGather to obtain

t t the output fraction the complete input




Sequence Parallelism

* Megatron-LM sequence parallelism

e Attention (forward pass, backward pass omitted)

\ y ) y
- - | o (8 _ ) .
| | | v | | | | | |
5 : : 2 : B o | | : | | lo
< = | < | = = D o
o = B 3 B NRENEGIIR RE
I6d HEAEAH GEGEEIEIEE HAEEEAE BHEEE]
AR B H HE 0 BN BE
3| | | - | | . 3| | I I | £
| | . | | | | | |
-/ | = | | - I ey - I | | | -/
| | [ | | | | |
Sequence: : Tensor : : Sequence | : Tensor | | Sequence
Parallel \_ Parallel ) \_ Parallel /} \_ Parallel P, | Parallel
) i . 5bass+8bsh 5bass+13bsh
AllGather to obtain  ReduceScatter to obtain| Finally: 5bsh + n becomes "

the complete input the output fraction



Sequence Parallelism

* Megatron-LM sequence parallelism
* Slicing input/output of layernorm, and input of dropout

* Changing AllReduce into ReduceScatter and AllGather
* Almost ZERO extra communication overhead

10bsh

e Changing their memory consumption from 10bsh to

* An example: batch_size = 64, hidden_size = 4096, seq_len = 32768, sp =8
* Memory consumption per-block changes from 86 GB to 10.7 GB



Sequence Parallelism

e ZERO extra communication over

[} d _
_ &) 83
gl : £5!
. | Dropout | § &I
. _ I ey
s

,  ame e —————— g
Linear /_
_ |
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| GelU | 2%
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|
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Linear 5|
{ a7 |
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Self Attention| H o _
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Sequence Parallelism

* DeepSpeed Sequence Parallelism

 Megatron SP in fact slice activations at the token (sequence) dimension

-

-

How about slicing sequences in the very beginning?

\

)




Sequence Parallelism

4

* DeepSpeed Ulysses Sequence Parallelism

Mode not partitioned!

[N,d] (Local:[N/P, d])

alltoall comm alltoall comm

4

N

RN
[d, di\'\ \ \\\ [N,d] (Local:[N/P, d])

3 4 \"'-\.\ g = g ; \ [N, N] N, N]
L Wo \ Q d 11d " 1 .@—u 1 IN,d]
Slicing sequences ©d | \ oy Nt NS e Local:iN/P, d])
\ [N,d] (
2\ Gt —» :

ocal:[N/P, [N, d/P]
12 —’ IID/ Qn Kn S H
1 34 >
>

\ 4 T - 4
Wy \ X KT K; / I .

[N, d/P]

~—

11

\ ~

" N, d/P
(d, d] \ [N,d] (Local:[N/P, d]) Na/P
12
34 ’—’ i > |

4 1 Vl
Wy Vv &\ I jj
[d, d]
N: sequence length ; i
NOt SIlCEd d: hidden size - ]

hc: head count

P: total processor (GPU) count
Assumes P=hc=4

[N,d] (Local:[N/P, d])

0

https://blog.csdn.net/xiaobubu2015/article/details/153819317 https://huggingface.co/blog/exploding-gradients/ulysses-ring-attention



Sequence Parallelism

* DeepSpeed Ulysses Sequence Parallelism

e Slicing input X=(N, d), with N for sequence length and d for hidden dimension
* Each GPU has an input (N/P, d), with d for # of GPUs

* Attention weight matrices Wy, Wk and Wy, © R4*4 not partitioned

* Sizes of Q, K, V chunks are (N/P, d) / [ Cannot proceed directly, WHY? ]

MX :Jeaul




Sequence Parallelism

* DeepSpeed Ulysses Sequence Parallelism

* All-to-All communication
* Before all-to-all, each GPU holds the SEQUENCE CHUNK of ALL HEADs (i.e. (N/P, d))
* After all-to-all, each GPU holds ALL SEQUENCES on a specific HEAD (i.e. (N, d/P))

N

s N ("

o @ W e @O
\_ Y, | 4
( . ) Al ( — )

rank 1 - - . To . | rank1 { } J [ J
\_ - Y, A" < >
@ N (" h

we @ W e @
\_ J A J

Looks like a transpose operation!

https://mdnice.com/writing/974038f2cc3d46239377b0928e8b%eea



Sequence Parallelism

* DeepSpeed Ulysses Sequence Parallelism

e All-to-All communication Multi-head Attention Computation

t [N, d/P]

r H [N, N] [N, N]
o el ] @ {1]

lIr/ Qn Ki Sn
»
Cmatmul )

=
Ku I Pr Y
[N, d/P] " ' \Output dimension: (N,d/P)

.
‘
-~ 1
1

N, d/P] |




Sequence Parallelism

* DeepSpeed Ulysses Seauence Parallelism

alltoall comm

* MLP can compute  nw
' : \ N, d/P] (Locallrj[,:]/ﬂd])
at each sequence R CEDS G =
B ///v ; -+» 11
chunk granularity
4
<)
[d, d]
* DeepSpeed Ulysses :

[N,d] (Local:[N/P, d]
1

backward pass ;

-]

3
0

Output dimension: (g d)
after ALL-to-ALL

W, dimension: (g, d)



Sequence Para

llelism

* DeepSpeed Ulysses Sequence Parallelism: Communication Analysis

[N,d] (Local:[N/P, d])

alltoall comm alltoall comm

|

All-to-All
(, d] N [N d] (Llél IN/P, d]) [N, d/P]
4\ ( e\ = L
Qh
W, Q 1 — 1 [N,d]
@, ] [N ) (LocalN/P. d [d,N] I:[d, N/P}) [d/P, N] _ g \ N, d/P] (Local:[N/P, d])
; i 1 ‘= »m/ Qn Ky Sh + IE| £ 1
> 4
Wi K —— Ki 7 Pn P
\ All-to-All narl N
(d, d] \ [N,d] (Local:[N/P, d]) — All-to-All
12 -t0-
Wy v \ N ! W, ) ) ‘
= y
[d, d]
All-to-All N: sequence length ; :
d: hidden size W,
hc: head count "y ¢| R d]
- . ,d] (Local:[N/P,
Forward pass: four All-to-All in total! P: total processor {GPU) count
0



Sequence Parallelism

* DeepSpeed Ulysses Sequence Parallelism: Communication Analysis

[N,d] (Local:[N/P, d])
alltoall comm

alltoall comm

All-to-All
£ .
X \\ N l
\ N
[d,d]\‘:\\ S INd (akN/R, d) AR
2 e
34 A\ ; *f—f - \ [N, N] [N, N)
W, Q - | X 1 1 N,d
[d'Qd] \ [N.d] (Local:{N/P. g] I:[d, N/P)‘E [d/P, N] Q _ .@ — : \ N, d/P] (Loca[I:[N]/P, d])
| n Kp Sn
) \ o IR o> [
4 /7 - 4
W K C— KT Kii _— Py p
\ All-to-All NP —
(d, d] \ [N,d] (Local:[N/P, d]) ~ All-to-All
12 - -
i ’_’ : ? ] 7 }
h j)

Wy 174 \ ,\\ = : Jj '
All-to-All o
to N: sequence length ; :

d: hidden size W, !
Backward pass: four All-to-All in total! hc: head count IN.d] (Local{N/P, D

P: total processor (GPU) count

(Can be improved possibly due to different execution  assumesp=hc=4 :
paths of computing derivatives on Q, K, V)




Sequence Parallelism

* DeepSpeed Ulysses versus NVIDIA Megatron

* Megatron SP splits attention and MLP layer parameters by using tensor
parallelism, and splits layernorm and dropout inputs accordingly. The
computations are carried out on the heads at different GPUs.

* Ulysses splits attention and MLP by segmenting the input sequences, and the
computations are carried out on the heads at different GPUs. No segmentation

on the attention layer parameters.



Sequence Parallelism

* DeepSpeed Ulysses versus NVIDIA Megatron

Attention MLP
Megatron-LM 4Nd 4Nd
(combined with TP) Forward: ReduceScatter + Forward: ReduceScatter +
AllGather, Backward: AllGather, Backward:
ReduceScatter + AllGather = ReduceScatter + AllGather
DeepSpeed 8 N d/P 0
Forward: 4 All-to-All, MLP is element-wise,

Ulysses
y Backward: 4 All-to-All naturally fitting SP



Sequence Parallelism

* DeepSpeed Ulysses versus NVIDIA Megatron

TFLOPs

DeepSpeed-Ulysses vs Megatron LM (7B GPT Dense Model)

B DeepSpeed-Ulysses

175
e Megatron LM

150
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100 1
75
50
25
0

Sequence Length

TFLOPs

160 -

‘ l i mam Megatron LM
& ol Fo3

140

120

80

60

40

20

DeepSpeed-Ulysses vs Megatron LM (30B GPT Dense Model)

mmm DeepSpeed-Ulysses

+ +
X >
S R

Sequence Length



Sequence Parallelism

\‘7

* DeepSpeed Ulysses versus NVIDIA Megatron
e N=1M tokens, d =4096, P =128, FP16
* Megatron: 8 x N xd =8 x 1e6 x 4096 x 2 = 65.536 GB
e Ulysses:8xNxd/P=65.536GB/128=0.512 GB

“Ulysses reduces communication volume by eliminating All-Gather in

MLP and using All-to-All only in attention, achieving near-linear scaling
for sequence lengths up to 1IM.”

“Megatron-LM sequence parallelism incurs a communication volume

per link of 4Nh which is P times larger than that for DeepSpeed
sequence parallelism.”
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* Colossal Al Sequence Parallelism

Device 1

Enabling attention
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{Sequence Parallelism: Long Sequence Training from System Perspective )

Partitioning
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* Colossal Al Sequence Parallelism

Enabling attention
* Q, K,V partitioned on the sequence computation

* Computing attention scores need T — I vt |
: , | | o ]
full @, K, V on all tokens, in which ez 2

communication is inevitable

Yo o
I y
l I
I (4
l

Micro Batch 1 |/
Micro Batch 2 l

* Ring Attention adopted in Colossal-Al

[

Partitioning
input sequences
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* Colossal Al Sequence Parallelism

e Convoluted with Attention mechanism (without di,v«i’ﬁ,gzi'nto

Step 1: for each Q;, compute attention
score by feeding K; and V;, and obtain 0;;

Step 2: for each Kj and V}, repeat Step 1
and update O;;, and eventually obtain 0;

Step 3: change Q; to Q;1, repeat Step 1
and Step 2 until Q.

From https://zhuanlan.zhihu.com/p/4963530231

(N, d)
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Segmented into
multiple blocks
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algorithmic details)

KO KI K2 K3 |
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y
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\ 4 Sl s
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* Colossal Al Sequence Parallelism
KO K1 K2 K3 el
Qo \7 00| 501 | 502 503 VO 7\ 00
(C, d) (C, N) Vi ﬁ (C, d)
C V2 ’
| ] v
(N, d)
2@ 9 *® e[
soo| |VO S01 [V1] so2| |V2 S
06 =607; =i 66 : '5475‘ Fings D0

Update Update Update

https://www.themoonlight.io/en/review/usp-a-unified-sequence-parallelism-
approach-for-long-context-generative-ai

N
Mathematical deduction shows

that 500, 501, Soz, and 503 can be

\computed in an arbitrary order!

Ring-Attention
Inner loop (p2p)

hex
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Output: O

Outer loop

From https://zhuanlan.zhihu.com/p/4963530231
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* Colossal Al Sequence Parallelism

Compute attention using
local Q, K, V blocks
attn(Q1, K1, V1)

---------------

; ' Il Computation

' m Communication
Receive K, V blocks ' m ; Send K, V blocks
from previous host @ to next host
GPU 4 - K4, V4 = GPU1 GPU 1 - K1, V1 = GPU2

..............

S8 e

Ring Attention Explained

Step 1: GPU1 computes 01 using Q1, K1 and
V1 (other GPUs do the same thing)

Step 2: GPUT sends K1 and V1 to GPU2, and
receives K4 and V4 from GPU4; compute and
update O1 using Q1, K4 and V4

Step 3: GPUT sends K4 and V4 to GPU2, and
receives K3 and V3 from GPU4; compute and
update O1 using Q1, K3 and V3

Step 4: GPUT sends K3 and V3 to GPU2, and
receives K2 and V2 from GPU4; compute and
update O1 using Q1, K2 and V2

The network communications are illustrated by
the blinking arrows.

From https://coconut-mode.com/posts/ring-attention/
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GPU1 |Q1 | ¥ (K1 ||V

Iteration: 0

Query (a1 ](e2 (a3 ](@a)

(R

Sequence Dimension [01 ) + [02} + [03] + [04]
lllustrate for N devices, it will
@ take N iterations to finish the
whole output comptutation.
GPu4 (@4 (ke ) (v4 [E E] Gpu2 [Q2 |3 (k2] (V2 Watch for each iteration on
each device, different partial
(01)+(02)+(03])+(04) [E E] (01]+(02)+(03)+(04) sum of the output s
= computed with the K, V block
ﬁ it currently has, and it
eventually sees all the K, V
LTEREERE e ICMEE blocks and has all the partial

sum for the output!

|01]+(02]+(03)+(04)

R

Ring Attention Explained

From https://coconut-mode.com/posts/ring-attention/



Sequence P3 ra”e“sm d: hidden dimension

c: sequence length after slicing

* Colossal Al Sequence Parallelism

* Memory Complexity

» Storing current K and V blocks (in FP16) needs 2dc floats or 4dc Bytes
* Receiving new K and V blocks needs 2dc floats or 4dc Bytes

 Storing Q; block needs 2dc Bytes

 Computing the output needs at least 2dc Bytes

* In total at least 12dc Bytes, where c is the chunk size

 Communication Complexity

* Each step sends 2dc floats or 4dc Bytes, and the total number of rotations is around S

* At eachinner loop a GPU sends 4sd Bytes, and the outer loop has p rounds

* Total communication load is around O (sdp), which is much higher than Megatron and Ulysses



Sequence Parallelism

* Recap
* Megatron CP: sharding weights and some inputs on the hidden dimension

* Ulysses CP: sharding input token sequence

* Ring Attention CP: letting KV blocks flow on the ring



Thanks!




