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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. We sincerely appreciate
their efforts and assistance, and try our best to cite the sources of
the materials used in this course.



Distributed LLM Training: Outline

 Transformer: A Quick View

e Data Parallelism

* Parameter-Server
e All-Reduce

* Memory Optimization



Distributed LLM Training: Outline

» Data Parallelism
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Parameter Server Architecture
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2. back propagation
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Training data

Distributed Parameter Server Architecture: Augmenting Bandwidth



Parameter Server Architecture

{Parameter J [Parameter J
Server 1 Server n » Shared bottleneck
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Optimizing PS Architecture via Scheduling

Computation Communication

— | bPN [T b2 T b L J*r ey [l Pz e
push, — pull,

» push, — pull,

» pushy — pully

Computation order: bpy =2 bpy4 =2 ... 2 bp, =2 bp; =2 fp; 2fp, 2 ... 2 fpy

Data availability order: gradienty = gradienty ; = ... =2 gradient, = gradient,

Layer-wise Computation and Communication for a DNN with three layers



Optimizing PS Architecture via Asynchronism

[ Q Forward D Backward . Sync Wait . Async Comm. Sync Barrier ]

Aggregating parameters of

“WAIT” PERIOD
wastes computing resource

SYNCHRONOUS TRAINING

Iter. t+1 Iter. t+2

Training progress

Synchronous Training: Characteristics include periodic barriers,
where faster machines must wait for stragglers. Resource
utilization is poor. Straggler mitigation via waiting.

DIFFERENT ITERATIONS (Staleness)
may impair convergence
and model performance

ASYNCHRONOUS TRAINIMN

Iter. t Iiter, t+1 . lter. t+2 Iter, t+3

wof:l:-—_@

we (O L

Training progress

reference point

Asynchronous Training: No synchronization barriers.
Workers proceed independently. High resource utilization.
Straggler mitigation via uninterrupted progress.

Asynchronous Training: Mitigating Stragglers



Parameter Server Architecture

(Parameter W L (Parameter 1
Server 1 Server n

Simple, usually for small ML models and
distributed learning in wide-area networks
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Distributed LLM Training: Outline

e Data Parallelism

* Parameter-Server
 All-Reduce

* Memory optimization



Collective Communication Basics

e Collective Communication

“Collective communication is communicatfion that involves a group of
processing elements (fermed nodes in this entry) and affects a data fransfer
between all or some of these processing elements. Data transfer may
include the application of a reduction operator or other transformation of

the data.” (Encyclopedia of Parallel Computing )
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Collective Communication Basics

* Why Collective Communication

e Simplified Programming Interface

* Developers don't need to manually code complex synchronization and data distribution logic
for every scenario.

 Scalability for Large-Scale Systems

* As systems grow to thousands of nodes or GPUs (e.g., in supercomputers or cloud clusters),
managing communication becomes exponentially complex. These libraries support sparse
data handling, fault tolerance, and observability features to ensure reliable operation at scale.

 Decompose Compute and Communication

* Allowing machine learning researchers and system engineers to work on their own.



Collective Communication Basics

* Collective Communication: Basic Operations

 SEND, RECEIVE, COPY, BARRIER, SIGNAL+WAIL (in Message Passing Interface,
i.e. MPI)

Barrier() Barrier() Barrier()
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T1 T2 T3 T4

* Pictures replotted, but originated from Mengyuan @ Zhihu
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Collective Communication Basics

* Collective Communication: More Advanced Operations

e Broadcast: one-to-many

Gather: many-to-one, and All-Gather: many-to-many

Scatter: one-to-many

Reduce: many-to-one, and All-Reduce: many-to-many

Reduce-Scatter: aggregate data and then transmit
* All-to-All: many-to-many

e AlIReduce: ?



Collective Communication Basics

"« COLLECTIVE COMMUNICATION

® Broadcast

Initial State Final State
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AFTER BROADCASTING, =i J

EVERY GPU OWNS THE SAME DATA




Collective Communication Basics

e COLLECTIVE COMMUNICATION: MORE ADVANCED OPERATIONS
e Gather | |

INITIAL STATE FINAL STATE

" eruo I GPU1 GPU2

GPUO  GPUT GPU2 GPU3




Collective Communication Basics

COLLECTIVE COMMUNICATION

Scatter Operation
INITIAL STATE FINAL STATE o

Y

GPU Rack 0 GPU Rack 1 GPU Rack 2 GPU Rack 3 GPU Rack 0 GPURack 1 GPU Rack 2

GPU Rack 3

&

® ¢ Disseminate each shard to a different GPU =




Collective Communication Basics

COLLECTIVE COMMUNICATION

a0+al+a2+a3
1b0+b1+b2+b3

[ —
c0+cl+c2+c3

P——l—ﬁ
d0+d1+d2+d3

aggregation: ‘ 4 A ; ‘
—— SUM, MIN, MAX... = — = 4 \M = /A

rank3 rankO rankl rank2 rank3

rank2

TRANSFORM DATA SHARDS ON DIFFERENT GPUS aee
INTO ONE SHARD (VIA SUM, MIN, MAX...) AT A GPU




Collective Communication Basics

COLLECTIVE COMMUNICATION

* All-Reduce
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Collective Communication Basics

e Collective Communication
e All-Gather

GPU Parallel Data Collection: All-Gather Pattern

rankO rank1 rank2 rank3 rankO rank rank2 rank3 |
a0
EER) )
= c2 c2 2
o JL JU ) (. L L JIL

Collect data shards on different GPUs at every GPU



Collective Communication Basics

* Collective Communication
« Reduce-Scatter “_/\;

—_—

rankO
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Aggregate data chunks and store one shard at a GPU }t



Collective Communication Basics

e Collective Communication
» All-to-All

GPU i sends j-th chunk to GPU j, and GPU j stores the chunk from GPU i at the i-th location

All-to-All is purely a data routing and memory transposition operation



Starting from the most important “All-Reduce”




Ring All-Reduce

Initial State: Local gradient after back propagation

GPU a GPUDb GPUc GPU d

Initial State




Ring All-Reduce

GPUa  GPUb GPU ¢ GPU d GPUa  GPUb GPU ¢ GPUd
T p [ comml ([_comm a0 el a0sw0 |} [0 |} a0 J
at b1 c1 dilln at bl [=>| bl+c d1
a2 b2 2 d2 | D} a2 |48 | = " c2+d2 |
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Initial State Reduce-Scatter step 1



Ring All-Reduce

GPU a GPUb GPU c GPUd GPUa GPU b GPU ¢ GPUd
a0 a0+b0 —p do r ‘ |
b

bl+cl —p f
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‘ c2 c2+d2
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Reduce-Scatter Step 2 Reduce-Scatter Step 3



Ring All-Reduce

e Ring All-Reduce

GPU a

a2+c2+d2

a3+d3

GPUDb GPU ¢ GPUd GPU a GPU Db GPU ¢ GPUd
a0+b0+c0
bl+cl

a0+b0+c0

bl+cl+dl
c2+d2

bl+cl+dl

a2+c2+d2

a3+b3+d3 a3+b3+d3

AllGather step 1 AllGather step 2 |

All-Gather



Ring All-Reduce

e Ring All-Reduce

GPU a GPU b GPU ¢ GPU d

AllGather step 3

AllGather

e Reduce-Scatter

 N:#of GPUs, S: per-GPU data volume
* N —1rounds
* S/N data transmission per round

e All-Gather

* One round boradcastingor N — 1
clockwise rounds

e Datavolume: (N —1) *xS/N

 Total traffic per GPU
«2x(N—1)*S/N



Ring All-Reduce

“All-Reduce = Reduce-Scatter + All-Gather”




Tree All-Reduce

* Tree All-Reduce

GPU 1

* log,N rounds

* At most S data per round

E * Downward
* log,N rounds

* At most S data per round

 Total traffic per GPU

2 %5 xlog,N (naive transmission

without overlapping)

GPU 1

Data communication



Butterfly All-Reduce

e Butterfly All-Reduce

GPUO GPU 1 GPU 2

<>

Butterfly Reduce: Utilizing bidirectional bandwidth

* Butterfly Reduce

* log,N rounds

e S data per round

 Total Traffic per-GPU
* log,N * S



Rabenseifner All-Reduce

e Rabenseifner Reduce

(0] zlo] (0]:]0
& (1 Al 1 1 s o o
/2 S0 @ [2) ; ) R dAE
He ?}1»? ?}—? Aggregation
\_(n)
| e 0
— evs:
\F 2 2 (AT — M B 1% iE A7)
__{ Collection

Rabenseifner Algorithm (~ recursive halving-doubling)
(Allreduce B AN ERRAINIERTTIENMAR)

* Total Traffic per-GPU

* 2log,N rounds

 Different traffic load
at every round

* Total traffic volume:
2343443 =
2N-1s



Cross-Comparison

icati “start-up” transmission efficienc
« Communication Cost start-up” delay y

e Assumption: each GPU can send\xnd rece%a simultaneously

* Classical a-B model: latency = a + ,6’ — «—— | Message size/bandwidth

Large data chunk aggregation
Ring 2(N-1) 2S(N-1)/N 2(N-1)*(a + f*S/N/B) = Relatively small # of GPUs
=  Not suitable for short chunks
= Ease of implementation
= Utilizating bidirectional links

= Relatively smaller data chunk
Rabenseifner 2 [log N] 2S(N-1)/N 2[log N|a + 2(N-1) f*S/N/B = Large # of GPUs
= Periodically changing communication
pairs



Distributed LLM Training: Outline

e Data Parallelism

e Parameter-Server

e All-Reduce

* Memory optimization



LLM training: DP with Memory Optimization

* GPU HBM Content During Training

“ Parameters
£ -
.||!|.

. Gradients

TRAINING
CONTENT

. Optimizer

States

DYNAMIC

. CONTENT

-

Activations

. Buffers

* An example of GPT-3 175B

e OPTIMIZER STATES
{0F | 32-bit Parameter

& | Adam Moment

&} | Adam Variance

\_

700 GB
700 GB

700 GB

/4

16-bit Parameter

o} 350 GB

Activations
(depending on batch size)

16-bit Gradient

~ 350GB

&

Buffer and
Fragmentation



LLM training: DP with Memory Optimization

* How to put an elephant into a fridge?

[ Optimizer States J

- B
How do you fit an
elephant into a fridge?

1 B =

How do you fit an
elephant into a fridge?




LLM training: DP with Memory Optimization

* How to put an elephant into a fridge?

Sharding the elephant into four partitions, and
each GPU HBM holds one chunk!

How do you fit an .

elephant into a fridge?

GPUO GPU1 GPU2



LLM training: DP with Memory Optimization

e ZeRO (Zero Redundancy) optimization: an overview

Memory Consumption Comm

: e Volume
, Formulation Specific Example
gpuO gpul ngN-l K=12 ¥=7.5B N,=64
U 31.4GB
ZeRO-1 P _ 2W + 2@ + 1x
OS LR LR ] ) 4
(2+K)-¥
P 2W¥ + ‘\— 16.6GB i
ZeRO_z 054‘8 ten "o ;
2+2+ K)* ¥ 1.9GB
ZeRO-3 Postgep N, 1.5x

Parameters Gradients Optimizer States

HBM usage with DP degree 64 (i for the number of parameters)
{Fit More and Train Faster With ZeRO via DeepSpeed and FairScale)



LLM training: DP with Memory Optimization

* How to compute the storage stage
¢ Ze RO']. (POS) Gradient + Optimizer

Param
e 14 x ¥
Model States (bytes)|Pys..y =2 x ¥+ N
d

%2‘1’M1—>OC

Param
— 14 x ¥
Model States (bytes)|Ppsiy =2 x ¥+

Gradien Optimizer
e /eR0O-2 (POS+g) t+ Opt

j\r(l

¢ Ze RO'3 (POS+g+p) Param + Gradient + Optimizer
16 x ¥

Ny
~ 0[N — oo

Model States (bytes)|Posigip =



LLM training: DP with Memory Optimization

 /eRO-1&2
* forward is OK because each GPU holds the complete parameter v
* Backward is OK because of the same reason v
* AllIReduce = ReduceScatter + AllGather
* ReduceScatter is OK J
* Update optimizer state shards J

* Incomplete optimizer states at every GPU
* Update parameter shards \/

* AllGather remaining parameter shards to assembly the complete parameter J



LLM training: DP with Memory Optimization
* /eRO-1

gpus gpu g£pu, gpus

Puy gpu,
1 ReduceScatter e b:d =:5 AllGather
Avg Geadient Partition

Baseline

I e ———— s B = | B == — ]
P ReduceScatter Update Param AllGather
| Ave Gradiest Pactitios - | [ ! [ |~.].ll|‘d Param

* Using scatter-reduce and all-gather to obtain global gradient shard, and
using global gradient shard to update the parameter and optimizer shard

* Using all-gather to obtain the complete global parameter



LLM training: DP with Memory Optimization

£pug gpu, gpus gpu, g£pu, £pu, Epus  Epuy

vdate Param
gpu;
) /) [ e
N ReduceSeatter AllGather {
Baseline . r y
Avg Gradieat Partitios Avg Gradient
P ReduceScatter Update Param AllGather
Os - ’ - 3 -
Avg Gradient Pactition Updated Param

P ReduceScatter Update Param AllGather
os + R - » - . -
Gt Newded Gradiont Updated Param

* Similar to ZeRO-1, except not conserving all the global gradient shards




LLM training: DP with Memory Optimization

e ZeRO-3 (parameter, gradient and optimizer sharding)

Forward is NOT OK because of incomplete parameter
* Need to fetch parameter shards from other GPUs via BROADCAST

Backward is NOT OK because of incomplete parameter
* Need to fetch parameter shards from other GPUs via BROADCAST again

Aggregating local gradient shards to obtain global gradient shards
* Reduce Scatter is OK

Updating optimizer shards and parameter shards are OK

* No “AllGather” operation afterwards



LLM training: DP with Memory Optimization

* /eR0O-3: An animation (Implementation on DeepSpeed could be somewhat different)

e All-Gather

* Collecting parameters for
forward propagation

e All-Gather

e Collecting parameters for
back propagation

* Reduce-Scatter
* Obtaining global gradient

e Update OS and param.

Source: microsoft official site



LLM training: DP with Memory Optimization

e /eR0O-3: An animation

Dataset is partitioned into four pieces, each of which stored at a GPU



LLM training: DP with Memory Optimization

e /eR0O-3: An animation

Each GPU is responsible for one piece of the final model



LLM training: DP with Memory Optimization

e /eR0O-3: An animation

Only GPUO initially has the model parameters for MO, so it broadcasts them to GPU-1-2-3



LLM training: DP with Memory Optimization

e /eR0O-3: An animation

. . - - - H _ _ _ T b4 b 000 ERYEEsE [ s 8 e R RS

GPU-1-2-3 store them in the temporary buffer and begin the forward propagation



LLM training: DP with Memory Optimization

e /eR0O-3: An animation

M, Y
" EnN
Datao [53 MESEESEESET ¥ ¥ ¥ ¥ ¥ ¥ ¥ ¥ § ® ) Datal = GESEEEESST I ¥ I % ¥ % ¥ % ® ® )
GPU, GPU,
M M
Dataz == WS = ¥ X O ® ¥ N N O® N ¥ 3 Data3 == SIS @ = 5 % % ¥ ®E §® ® ® )
GPU, GPU;

GPU1 does the same thing, e.g. broadcasting M1 to GPU-0-2-3



LLM training: DP with Memory Optimization

e /eR0O-3: An animation

Mg Loss M, Loss
"N . | BN BN BN BN BN BN BN BN BN BN BN N ‘ [ BN BN | .I A E R R REEREEEEDN -L
Data = D S S R l: Data ) SR 1 D) | |
0 TLLILLR i EEEEEEEE |
GPU, GPU,
M, Loss M. Loss
HE B BB R AR .‘ A E B EEEREER L A B B E E R EEEEEEEEEDm
Data M) ——————— ) I: D at83 e e—— 1 5 ) |
: geguass |
GPU, GPU,

Backward pass: GPU-0-1-2 pass their M3 gradient to GPU3, and GPU3 aggregate the
gradients to obtain the global gradient shard so to generate the final M3 for all data



LLM training: DP with Memory Optimization

e /eR0O-3: An animation

Mg Loss M, Loss
BEEEEEEREEREER [ EEEEEEEREEERER [
Data, " =\ Data; = &l
GPU, GPU,
M, Loss M, Loss
‘EFEEEEEEEEBEER ' FEEEEEEEEERE [
I Data - - Data3 -’ s B 8 B B B E R E L CEE R ,
1 2 pEEDOmEE | ssasssss |
GPU, GPU,

Backward pass: GPU2 pass its M2 parameter to GPU-0-1-3, so that they can proceed backpropagation.
GPU?2 aggregates the gradient shards from GPU-0-1-3 and obtain the global gradient shard for M2.



LLM training: DP with Memory Optimization

e /eR0O-3: An animation

M, Loss M, Loss
E R AN : E R EN |
Data ) | T TS SR { Datal ) | EEET e ETETET SR RS )
0 AEARNARD sEssssss _ '
GPU, GPU,
M. Loss M, Loss
EEAEN |E s EnN |
Data, e ) T T s el |
poEpEEmEEn EEEEEEEn 11
GPU, GPU,

Backward pass: The above steps repeat until GPUO pass its MO parameter to GPU-1-2-3 so that
they can proceed the backpropagation. GPUO aggregated the gradient shard for MO parameter.



LLM training: DP with Memory Optimization

e ZeR0O-3: An animation

M, Loss M, Loss
<age EEEE
oapEEEER __}___l grEnEoRg
EEREEEEE LI EEmEEEEE
EiEgan:  GPU sEssatibu,
BEmEEEEE Samsssas
omARnaan M 2 LOSS amnooonn M 3 Loss

5 <]

%E.“i
ot

0 EEsssEEE EEssmEmm
oriiiEees chu,  HiEcEdsE

T ’ T

- -

Update phase: all the GPUs update their optimizer states and parameters in parallel.



LLM training: DP with Memory Optimization

e 7eR0O-3: DeepSpeed Implementation
» Replacing broadcast by allrgather (why?)

* Intra-layer partitioning instead of inter-layer partitioning

GPUy, [—---* GPU, GPU, GPU, GPU, GPU;
I N\
: o |:> ) t t t
. N I I I I
| | [ I
GPU, GPU; I I I I
Broadcast

Intra-layer partitioning, and AllGather



LLM training: DP with Memory Optimization

* Retrospect: GPU HBM Content During Training

* An example of GPT-3 175B

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

]
I I

r m « Adam Moment (700 GB)
Static Dynamic .

Content Content  Adam Variance (700 GB)

' ’ 16-bit Parameter (350 GB)
16-bit Gradient (350 GB)

| | : |
lParameters l Gradients l Og’iiant\eizser lActivations l Buffers
Activations (depending on batch size)

Buffer and Fragmentation



LLM training: DP with Memory Optimization

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, a -
head number

bsh * 2 Bytes

N

MX :Jeaury

In-total: 5bss + 8sbh



LLM training: DP with Memory Optimization

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, a -
head number

bsh * 2 Bytes

N

3sbh: Linear layer
+ dropout layer

MX :Jeaury

In-total: 5abss + 11sbh



LLM training: DP with Memory Optimization

* Activation is non-negligible sbsh |
s
11bsh+5assb 8bsh
| Zbih
— =
33
> mn 3
- S &
3 = o o
B = a § é
g 8 E g | |5 o s |||I3 1 o| |5
o?: g ﬁ > E 9 = 'r<n v B () 8 g = }% vy
a . = o > * = = o > o
gi’_ Oz*.'zl-?-g#& g+?ﬁgi|—f-§#&ﬂg* z
o § | [ 1 [ B ELF I
- & & g
-

In-total: 5abss + 34sbh

From Zhihu blogger and {Reducing Activation Recomputation in LLMs)



LLM training: DP with Memory Optimization

e Activation is non-negligible
* b: 3.2M tokens/sequence length, s: 2048 tokens, h: 12288, I: 96 layers

e Activation size ?

* Full activation re-computation: only keeping the initial input and recompute
everything
* Minimal memory occupation
* Prolonged training time (doing forward propagation once again) by 30%~40%
e Goal of strategic recomputation (not the scope of this class)
* Significantly reducing memory occupation while slightly increasing training time

* Softmax and Softmax dropout are more suitable to be re-computed

https://lambda.ai/blog/demystifying-gpt-3 {Reducing Activation Recomputation in LLMs)



LLM training: DP with Memory Optimization

 Activation recomputation (simple)

Full checkpointing

M = =| [, £ =| [, = = |5 = =
EEE%

Selective checkpointing

= = = = = = —| = o= £ =l (= -
] % : % ] % ] %

setting activations_checkpoint_granularity = selective or full

Recomputed
during backprop

during fprop

[ ]
[::::::::] Fully saved
&

Saved
activations




Thanks!




