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Outline

* Memory Consumption for LLM training

 Partitioning and reducing the memory for data parallel
training

o Partition optimizer states

o Partition gradients

o Partition parameters

« Other memory optimizations
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Model Parallel Training

Model Parallel: memory usage and computation of a model
s distributed across multiple workers.

Distributed layer-wise computation Distributed tensor computation
weights outputs
loss 4 R
.
device 3, layer 3 | F, | B.,
device 2, layer 2 | F, { B, ~ g
| f I is equivalent to
device 1, layer 1 Fy { B, p N

device O, layer 0 [ Fy 1 Byg . _ .

grad update X Al A2 A3 )




Comparing Data and Model Parallelism

Pros Cons
Model Parallelism Good memory efficiency | Poor compute
/communication
efficiency

(5% of peak perf in
training 40B model with
Megatron)

Data parallelism Good Poor memory efficiency
compute/communication | (Every device has one
efficiency copy of model)




Memory Consumption in DDP (Mixed Precision)

Each GPU needs to store (20N + act) Adam Optimizer

= Byme — (1 — B)V4
» Model parameters (N * 2 bytes) Zf:z Bﬁzﬁrl (1( _ ﬁf)l()w((;ctt)))z

Iy . Mg
» Forward activation for each layer (d ™t+1 = 17— g+
* * |~ * v
len * b * n_layer) By, = 1 _t+1+1
2
» Backward gradients (N * 2 bytes) i

Xt+1 = Xt — f—ﬁtﬂ N Emt+1
» Optimizer state (for Adam) N *4 * 4

o parameters, gradients, momentum,
variance



DDP Memory Consumption

Transformer Layers Transformer layers
Datag = HUUUUUUOUOUUCU i SdiBEENEEENEERREEE

GPU, GPU,

Example: two data partitions on two GPUs

* 16 layer Transformer Model



DDP Memory Consumption

Transformer Layers Transformer layers

Datag™ WL H i HEHHHE Kb Data; @HHHHHHHHHHHHHH

1]

GPU, GPU,

» Each cell represents GPU memory used by the
corresponding transformer layer



DDP Memory Consumption

Transformer Layers Transformer layers
= | JUUUUUUOUUUUUUU

Datao FP16 Param

GPU, GPU,

FP16 Param

» Each cell represents GPU memory used by the
corresponding transformer layer

* FP16 parameters, FP16 Gradients, FP32 Optimizer States
(Gradients, Variance, Momentum, Parameters)



DDP Memory Consumption

Transformer Layers Transformer layers
Data, = DOCOOOO000000000_ e = (0000000000000000

FP16 Parameters
FP16 Gradient

FP16 Paran
FP16 Gradien

GPU, GPU,

» Each cell represents GPU memory used by the
corresponding transformer layer

* FP16 parameters, FP16 Gradients, FP32 Optimizer States
(Gradients, Variance, Momentum, Parameters) 10



DDP Memory Consumption

Transformer Layers Transformer layers
Data, = DOCO0O0000000000_ e = 0000000000000000
FP16 Gradient FP16 Gradient
FP32 Gradient FP32 Gradient
GPU, e GPU, s

FP32 Parameters FP32 Parameters

» Each cell represents GPU memory used by the
corresponding transformer layer

* FP16 parameters, FP16 Gradients, FP32 Optimizer States
(Gradients, Variance, Momentum, Parameters)
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DDP Memory Usage

LLaMA-3 8B
Parameters: 16GB
Gradients: 16GB
Optimizer states: 128GB

Total: 160GB

GPT-3 1/5B
Parameters: 350GB
Gradients: 350GB
Optimizer states: 2800GB

Total: 3500GB

12



Other Memory Usages in DDP

Temporary Buffers:

o otoring intermediate results. Operations such as gradient all-
reduce, or gradient norm computation tend to fuse all the
gradients into a single flattened buffer before applying the
operation in an effort to improve throughput.

Memory Fragmentation:
o In extreme cases can be 30%.

13



Goal: Reduce Memory Usage
INn DDP =>» Training Extremely
Large Models



Outline

* Memory Consumption for LLM training

— ¢ Partitioning and reducing the memory for data parallel
training

o Partition optimizer states

o Partition gradients

o Partition parameters

« Other memory optimization
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Common Approaches to Reduce Memory

« /eRO: Partition Optimizer States, Gradients, Parameters

* Reducing Activation Memory
o Activation Checkpoint, Compression

« CPU Oftload
o Requires CPU-GPU-CPU transfer, which can take 50% time

« Memory Efficient Optimizer

o Maintaining coarser-grained statistics of model parameters and

gradients .



ZeRO - Zero Redundancy Optimizer

* Key idea:
o Eliminating data redundancy in DDP by partitioning the optimizer
states (zero-1), gradients (zero-2), parameters (zero-3)

« Widely used for large language model training.
o /B model memory: 120GB = 30GB (with 4GPUSs)

* Implemented in Deepspeed.

Rajbhandari et al. ZeRO: memory optimizations toward training trillion parameter models. SC 2020.
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Activations Activations
I former stack T former stack
Data() ............... Datal ...............
GPU, GPU,

18



ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Activations Activations
Transformer stack Transformer stack

 Partition the optimizer states to K parts, each GPU process
one partition

» forward pass to produce activations and loss (by fp16
parameters) 19



ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Activations Activations
1l former stack 1l former stack
............... Data AL R oA R e A LR 7 e 100 2 A R
Datao FP16 Paramet 1 FP16 Parame ters
GPU, GPU;,

 forward pass to produce activations and loss (by fp16
parameters)
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

[ 1] Activations I ] Activations
1l former stack Il former stack
Datao ............... Datal ...............
(] ] FP16 Paramet N FP16 Parame ters
GPU, GPU;

 forward pass to produce activations and loss (by fp16
parameters)
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

E Activations 1] Activations
1l former stack Il former stack
Datao ............... Datal ...............
(]| FP16 Paramet EE FP16 Parame ters
GPU, GPU;

 forward pass to produce activations and loss (by fp16
parameters)
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

AGiiyations Agiii/ations
T former stack ] former stack
............... Data b b i e s U oo e e 2 -
Datao EE FP16 Parame ters k EE FP16 Parame ters
GPU, GPU;,

» forward pass to produce activations and loss (by fp16
parameters)
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Activationam Activationmm

» forward pass to produce activations and loss (by fp16
parameters)
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Activations 1] Activations 1|

ranstormer stac ranstormer stac
Datao ............... Datal ...............

mm FP16 Parameters mm FP16 Parame ters

 forward pass to produce activations and loss (by fp16
parameters)
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Loss Loss
Activations T 1] Activations T 1]
Transformer stack Transfarmer stack
Dat ............... Data ...............
1
mm FP16 Parameters mm FP16 Parameters

 forward pass to produce activations and loss (by fp16
parameters)
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Loss Loss
Activations Bl Activations 1]
Transformer stack Transfarmer stack
DataO o <:| Datal —
FP16 Gradient FP16 Gradient
GPU, GPU;

» backward from loss to calculate fp16 local gradients
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Loss Loss
Activations Activations
Dat aO ..... Transformer stack__ <} Dat al ..... Transfarmer stack | || | L
FP16 Gradient FP16 Gradient
GPU, GPU,

» backward from loss to calculate fp16 local gradients

28



ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Loss Loss
Activations Activations
Dat aO ..... Transformer stack__ | <} Dat al ..... Transfarmer stack | | !
FP16 Gradient FP16 Gradient
GPU, GPU,

» backward from loss to calculate fp16 local gradients
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Loss Loss
Activations Activations
Dat aO ..... Transformer stack | <} Dat al ..... Transfarmer stack = | !
FP16 Gradient FP16 Gradient
GPU, GPU,

» backward from loss to calculate fp16 local gradients
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Loss Loss
Activations Activations
Dat aO ..... Transformer stack_ | <} Dat al ..... Transformer stack | _ !
FP16 Gradient FP16 Gradient
GPU, GPU,

» backward from loss to calculate fp16 local gradients
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Loss Loss
Activations Activations
Dat aO ..... Transformer stack = | = <} Dat al ..... Transformer stack | _ !
FP16 Gradient FP16 Gradient
GPU, GPU,

» backward from loss to calculate fp16 local gradients
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Loss Loss
Activations Activations
Dat aO ..... Transformer stack = | = <} Dat al ..... Transformer stack | _ !
FP16 Gradient FP16 Gradient
GPU, GPU;

» backward from loss to calculate fp16 local gradients
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Loss Loss

Activations Activations
Transformer stack <} Transformer stack

GPU, GPU,

 gradient gathering from another GPU and average gradient
CalCU|at|On 9 glObal gradlent rank O rank 1 rank 2 rank 3 rank 0O rank 1 rank 2 rank 3

m.mee L )
e ncclReduceScatter IIE-’ T [we]
out3

outY[ﬂ = sum(iln}([Y*coulnHi]) 34




ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Loss Loss

Activations Activations
Transformer stack <} Transformer stack

Datal ...............

EEEEEEEEEEEEEEEE EEEEEEEEEEEEEEEE
FP32 Gradient FP32 Gradient

GPU, GPU,

 gradient gathering from another GPU and average gradient
calculation = FP32 global gradient

rank0 | rank1l | rank 2 | rank 3 | rank 0 { rank 1 | rank 2 | rank 3 |

o]
* ncclReduceScatter Ig B | T S R
lous | o

oty il = eumfin X Y *count+in




ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Loss Loss
Activations Activations
T former stack 1 former stack
Data() ............... <} Datal ............... <:|
--------------------------------
GPUO FP32 Variance GPRU; FP32V

» fp32 variance update
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Loss Loss
Activations Activations
T former stack 1 former stack
Data() ............... <} Datal ............... <:|
--------------------------------
GPU, GPRU;

FP32 Momentum FP32 Momentum

* fp32 momentum update
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Loss Loss

— <1

hatey ™ FE S SO0 EEE
FP32 Parameters

FP32 Parameters

» fp32 parameters update
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Loss Loss

Activations Activations
Transformer stack (]

Data,

16 Parameters

arameters
Ug < G
EEEESEEEEEEEREEE FP22 Parameters EREEEEREEREERERE|rra2 Parameters

« copy fp32 parameters to fp16 parameters

Transformer stack Q
P
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Loss Loss
Activations Activations
Transformer stack Transformer stack
Datao ............... Q Datal ............... Q
llllllllllllllll P16 Parameters EEEEEEsssEEmmmns P16 Parameters
--------------------------------
GPU GPRU
0 1
EEEEEEEEEEEEEEEE FP32 Parameters SEMMEEEEEEEEEmEs FP32 Parameters

» fp16 parameters ready
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ZeRO Stage 1: Partitioning Optimizer States
K GPUs (=2 in example)

Loss Loss

Activations Activations
Transformer stack Transformer stack

Datao ............... <} Datal ............... (:]

GPU, GPRU;

» AllGather the fp16 weights to complete the iteration

rank0 { rank1 | rank 2 | rank 3 | i rank0 i rank 1 { rank 2 | rank 3 |

e ncclAllGather 8= = EE BE B

| in3 |

41
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/ZeRO Stage 2: Partition Gradients

« Key idea:
o Each GPU compute all parameter gradients for its data partition

o but only stores one partition of gradients instead of all gradients.

o Passing the gradients out of its responsibility to the GPU
responsible for those gradients.

« Memory for gradients reduced by K times. (K=# of GPUSs)

42



/ZeRO Stage 2: Partition Gradients
K GPU%.O(:Af in example)

0SS M, Loss
--------------------------------

GPU, GPU,
M, Loss M Loss
Bl s s EEEEEEEEEESN |® BEBE tt"SsssssEsEEEEES ﬁ
Epatn il = b
E i Data, |
LI
GPU, GPU;

* |In backward pass, GPU 0,1,2 hold temporary buffers for the
gradients that GPU 3 is responsible for (M3)

43



/eRO Stage 2: Partition Gradients

K GPU%(:4 In example)

Loss M, Loss
EEEEEEEEEN EEEREE EEEO E S BN EEEEEEEEENEEE
Datao = “’l. ¥ meg \‘[ Dastal = | T f:
IERAEEEE [ | = ) (% 5 65 10 23 6
GPU, GPU,
M, Loss M. Loss
llIlllllllillllI} i EEEEEESN I
)l Data; = @
| e
GPU, GPU,

« GPU 0,1,2 pass the M3 gradients to GP

J 3 (nCCIReduce)

‘( ).

qut[i] = sﬁmﬁﬂx[i])l



/ZeRO Stage 2: Partition Gradients

K GPU%(:4 In example)

o Loss M, Loss
EEEEEEEEEEEN [ @@l ""ssEEEEEEEs [
By * | Data; = * |
GPU, GPU,
M, Loss M,  Loss
llllllllllll | E R EEEEEEEEN
» Data =) T f‘.’
| 1 T
GPU, GPU,

Then GPUO, GPU1, GPUZ2 delete M3 gradients, GPU 3
keeps M3 gradients.
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/ZeRO Stage 2: Partition Gradients
K GPU% U(:4 Ig example)Loss " .

lllllllllllllllllllllllll

M, Loss M, Loss

GPU, GPU,

» Continue backward pass: GPU 0,1,3 hold temporary bufters
for the gradients that GPU 2 is responsible for (M2)
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/ZeRO Stage 2: Partition Gradients
K GPUs (=4 in example)

Loss M, Loss
EEEEEEE R ElElEiE EEEEEEEEEEEE
Datao = ————————— 1 P e G Bawtal( =) ‘ » '-:c-:su:m.;:’ O
EEEREEEE L%k%L';: EENEEEEEE
GPU,
) M, Loss
EEEEENEESN EEEEEEE R
~1 Dat33 R e h
ENENENEEE < ! aREENEEE
LI EEEEERTE
GPU, GPU,

« GPU 0,1,3 pass the M2 gradients to GPU2 (nCC Reduce)

ank 0 | rank 1 | rank 2 | rank 3 | ank 0 | rank 1 | rank 2 | rank 3 |
i ( of) | i

outfi] = sum(inX[i])




/ZeRO Stage 2: Partition Gradients
K GPU%U(:4 In example)

Loss M, Loss
llllllll L EEEEEEREN [
Datao ) TSR EEEES 3 ‘r Datal ) eSS ¢ ¢DF ¥ T ¥ ¥ 1‘
GPU,
Loss M, Loss
(¥ BEEE Ctcc""ssss L
> Ul R T e T T T ‘
| Data, ol
GPU,

« Then GPUO,1,3 delete M2 gradients, GPU 2 will keep M2
gradients.
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/ZeRO Stage 2: Partition Gradients
K GPU%O(?Ar In example)

Loss M, Loss

EEER E
Data, » m— |
L5

« Continue backward pass for M1 gradients
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/ZeRO0O Stage 2: Partition Gradients
K GPU%I“(:Ar In example)

Loss M, Loss
L
Datao [ S R S T U S S N S o S e Datal [ TG (o S (e SRS (i SN Sh S (e S S b |
GPU, GPU,
M, Loss M, Loss
L k
Daltaz L B = B o P ) B e ) S BN > Data3 ) | s e ) |
’ i Ll Ll ]l D N | | | S | | | ] ] ]
GPU, GPU,

« Continue backward pass for MO gradients

50



ZeRO Stage 3: Partition Parameters

K GPUs (=4 in example)

Activations Loss
- Transformer layers
Datao EEEEEEEE _ QPl(S Params Data1
FP16 Grads
GPUO
Aclivations Loss
~_ Transformer layers = Q
Dataz P16 Params Data3
FP16 Grads
GPRU5

Partition parameters to K parts

Activations

GPU.

Activations

~ Transformer layers .

GPU,

Loss

F(jP16 Params
FP16 Grads

Loss

F<:]P16 Params
FP16 Grads

o1



/ZeRO Stage 3: Partition Parameters

K GPUs (=4 in example)

Activations Loss Activations Loss
- Transformer layers ﬁ] ~_ Transformer layers Q
DataO EEEEEEE P16 Params Data1 — HEEEEEEER P16 Params
FP16 Grads FP16 Grads
G GPU,
L L LOSS
Aclivations Activations
- [iransformer layers Q - Transformer layers Q
Data;  pessssus 16 params D185 ™ wummmnnn P16 Params
FP16 Grads FP16 Grads
GPRUs GPU;

Partition parameters to K parts
During forward, GPUO send first params to other GPUs(ncclBroadcast)

52



ZeRO Stage 3: Partition Parameters

K GPUs (=4 in example)

L LossS L LossS
Activations Activations
Transformer layers Q Transformer layers Q
Datao EEEEEEEE P16 Params Data1 EEEEEEEE P16 Params
FP16 Grads FP16 Grads
GPU, GPU,
L LOSS
Activations Loss Activations
Transformer layers Q Transformer layers Q
Data;  pessssss ot params D203 aummmnan P16 Params
FP16 Grads FP16 Grads
GPRUs GPU;

Partition parameters to K parts
During forward, GPUO send first params to other GPUs(ncclBroadcast)

compute forward for first part layers

53



/ZeRO Stage 3: Partition Parameters

K GPUs (=4 in example)

L LossS L LossS
Activations Activations
Transformer layers Q Transformer layers Q
Datao EEEEEEEE P16 Params Data1 P16 Params
FP16 Grads FP16 Grads
GPUO GPU1
L LOSS
Activations Loss Activations
Transformer layers Q Transformer layers Q
Data2 P16 Params Dat33 P16 Params

FP16 Grads FP16 Grads

GPRUs GPU;

GPU1,2,3 delete first part parameters, GPUO still keep first part params

o4



ZeRO Stage 3: Partition Parameters

K GPUs (=4 in example)

Activations Loss Activations Loss
~_ Transformer layers ﬁj ~_ Transformer layers Q
Datao EEEEEEEE EEEEEEEE < FHP46-Params Dat31 ENEEEEEE P16 Params
FP16 Grads FP16 Grads
GPUO GPU1
L L
Activations R Activations S
- Transformertayers ﬁ] . Transformer layers Q
DataZ EEEEEEEE P16 Params Data3 1"“““ P Params
FP16 Grads FP16 Grads
GPRUs GPU;

Continue forward for next part, GPU1 send its params to other GPUs
(ncclBroadcast), compute forward for second part layers

95



/ZeRO Stage 3: Partition Parameters

K GPUs (=4 in example)

L LossS L LossS
Activations Activations
~_ Transformer layers S:] ~_ Transformer layers. Q
Datao EEEEEEEE EEEEEEEE P16 Params Data1 ENEEENNI EEEEEEEE P16 Params
? FP16 Grads FP16 Grads
GF?UO GPU1
i L
Activiations Loss Activations 25
~Transformer layers ~ Transformer layers Q
Dataz ________ ED16 Params Data? > EEEEEEEE P16 Params
FP16 Grads FP16 Grads
GPRUs GPU;

Continue forward for next part, GPU2 send its params to other GPUs
(ncclBroadcast), compute forward for 3 part layers
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ZeRO Stage 3: Partition Parameters
K GPUs (=4 in example)

L L L. Loss
Activations > Activations
- ITransformer layers S:] ~_ _Transformer layers Q
Datao ped EEEEEEEE FP16 Params Data1 EEEEEEEE EmmmEEEE FP16 Params

*

6 Grads FP16 Grads

GPU, GPU,
L Loss LOSS
Aclivations |
~ Transformer layers Q r layers Q
DataZ EEEEEENN EEEEEEEE FP16 Params Data3 mmmmmmmE FP16 Params
FP16 Grads FP16 Grads
GPRUs GPU;

Continue forward for next part, GPU3 send its params to other GPUs
(ncclBroadcast), compute forward for 4 part layers

S7



/ZeRO Stage 3: Partition Parameters
K GPUs (=4 in example)

Activations Loss Activations Loss
~_ Transformer layers S:] ~_ Transformer layers. Q
Datao EEEEEEEE EEEEEEEE FP16 Params Data1 HEEEEEEER EEEEEEEE FP16 Params
FP16 Grads FP16 Grads
(3PU, GPU,
Activations Loss Activations Loss
~ Transformer layers Q ~ Transformer layers Q
Dataz EEEEEENEEEEEEEEE FP16 Params at83 EEmmmmmn FP16 Params
FP16 Grads FP16 Grads
GPRUs GPU;

During backward, compute backward for 4 part layers
Reduce grads to GPU3 (same as ZeRO stage 2)
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ZeRO Stage 3: Partition Parameters
K GPUs (=4 in example)

L L. L
Activations Loss Activations 2>
~_ Transformer layers S:] - Transformer layers = . Q
Datao EEEEEEEE P16 Params Data1 HEEEEEER P16 Params
FP16 Grads FP16 Grads
GPU, GPU,
o L
Activations Loss Activations 5
- Transformer layers Q - Transformer layers Q
Dataz — P16 Params Data3 mmmmmmmn FP16 Params
FP16 Grads FP16 Grads
GPRUs GPU;

GPUO,1,2 delete 4" part parameters and gradients
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/ZeRO Stage 3: Partition Parameters
K GPUs (=4 in example)

L Loss . Loss
Activations Activations
Transformer layers Q D Transformer layers Q
Datao e —— CT 1T 11111 P16 Params ata 1 EEEEEEEE EEEEEEEE P16 Params
FP16 Grads FP16 Grads
CLaUR GPU1
L L Loss
Aclivations Loss Activations
Transformer layers Q Dat Transformer layers Q
Dataz — P46 Params d a3 EEEEEEEEssssssns FP16 Params
FP16 Grads FP16 Grads
GPRUs GPU;

Continue backward, GPUZ2 broadcast its parameters to GPUO, 1, 3
All GPUs perform backward to calculate local gradients for part 3
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ZeRO Stage 3: Partition Parameters
K GPUs (=4 in example)

o L o
Activations > Activations Loss
~_ Transformer layers S:] ~_ _Transformer layers Q
Datao — i P16 Params Data1 EEEEEEEE EEEEEEEE P16 Params
FP16 Grads FP16 Grads
GPU, GPU,
o L
Activations Loss Activations 5
- Transformer layers Q - Transformer layers Q
Dataz — P46 Params DataS EEEEEEEEsssmssss FP16 Params
FP16 Grads FP16 Grads
GPRUs GPU;

GPUQ, 1, 3 sends its gradients for part 3 to GPUZ2 (the same as ZeRO stage 2)
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/ZeRO Stage 3: Partition Parameters
K GPUs (=4 in example)

o L o
Activations > Activations Loss
~_ Transformer layers S:] - Transformer layers = . Q
Datao EEEEEEEE P16 Params Data1 HEEEEEER P16 Params
FP16 Grads FP16 Grads
GPU, GPU,
o L
Activations Loss Activations 5
- Transformer layers Q - Transformer layers Q
Dataz — P16 Params Data3 mmmmmmmn FP16 Params
FP16 Grads FP16 Grads
GPRUs GPU;

GPUQO, 1, 3 deletes its parameters and gradients for part 3
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ZeRO Stage 3: Partition Parameters

K GPUs (=4 in example)

o LossS
Activations
~_ Transformer layers = . S:]
DataO EEEEEEEEAREEEEEE P16 Params Data1
FP16 Grads
CLaUR
o Loss
Activations
~_ Iransformer layers = Q
DataZ EEEEEEEEEEEEEEEE P16 Params Data3
FP16 Grads
GPRU;

Continue backward for part 2, part 1

o L
Activations 2
- Transformer layers Q
EEEEEEEE P16 Params
FP16 Grads
(3PLJ1
L L
Activations 2
~ Transformer layers Q
EEEEEEEE EEmmmmmn FP16 Params

FP16 Grads

GPU,

63



Memory Consumption for ZeRO in DDP

« LLM with N parameters, Optimizer needs M bytes for each
parameter (e.g. M=8, 12 or 10)

* Original memory: 4N + M*N
« /eRO-1: 4N + M*N / K

« /eRO-2: 2N + (2+M) * N / K
« ZeRO-3: (4+M)*N /K

« But, at the cost of additional parameter transfer

64



ZeRO Communication Cost

Zero stage 1 and 2 (optimizer state and gradient) doesn't

introduce additional communication, while enabling up to 8x
memory reduction

Zero stage 3 (parameter) communication

o 2X broadcast during forward/backward, plus Reduce in ZeroZ2.
Total 3x communication overhead.

o Baseline needs ScatterReduce + AllGather

65



Outline

* Memory Consumption for LLM training

 Partitioning and reducing the memory for data parallel
training

o Partition optimizer states

o Partition gradients

o Partition parameters

—>* Other memory optimization
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ZeR0O: Reduce Memory for Activations

 Partitioned Activation Checkpointing

o Tensor Parallelism by design requires a replication of the
activations

o Split every activation to different devices. Gather them when
needed.
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ZeRO: Buffers

« Constant Size Buffers (similar to Bucketing in pytorch ddp)
o Buffer is used in doing all-reduce to improve bandwidth.

o Modern implementations fuses all the parameters into a single
buffer.

o ZeR0O uses constant size buffers to be more efficient for a large
model.
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ZeRO: Memory Defragmentation

* Memory Defragmentation

o Long-lived memory (Model parameters, Optimizer state). Store
together

o Short-lived memory (Discarded activations)

« We can further improve by memory reuse as in LightSeaq.

69



Reduce Communication in ZeRO DDP

* Applying block-wise quantization technigue to parameters
during forward (broadcast params). FP16 = INT 8.

o zeropoint quantization

* Apply quantization during backward ReduceScatter,
FP16=> INT8 or INT4

 better partition parameters: maintain a full set of parameters
on each node

Wang et al. ZeRO++: Extremely Efficient Collective Communication for Giant Model Training. ICLR 2024. 70



Memory Benchmarking of ZeRO

* Theoretical: On a 32GB V100 clusters (Up to 1024 V100),

* Enable the training o

"a model with 1 Trillion (1000B)

DP 7.5B Model (GB) 128B Model (GB) 1T Model (GB)
Pf:-s Pﬂs+.r;r Pﬂ£+.r;r+p PDS Pas-l-g Pos+g+p PDS Pos-l-g Pos+g+P
1 120 120 120 2048 | 2048 2048 16000 | 16000 16000
4 02.9 41.3 30 896 704 512 7000 2000 4000
16 3.6 21.6 7.D 608 308 128 4750 2875 1000
64 31.4 | 16.6 1.88 D30 284 32 4187 2218 200
2006 30.4 15.4 0.47 H18 203 8 4046 2054 62.5
1024 || 30.1 15.1 0.12 ol3 207 2 4011 2013 15.6

Per-device memory consumption of different optimizations

re)
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Training Performance of ZeRO

* Traina 1/B model (Turing-NLG. The largest as of 2020.1)
and has SOTA perplexity in Webtext-103.

e ZeR0 Speed-up ® 7eRO A Baseline-MP A Baseline w. internode MP 15 Pflops 10 Pflops
14 .
Megatron-LM-8.3B v 12
> 13 g 45
= —Model-ZeRO-178B a. a :0
> TE® o o ® =
o 12 S 35 ¢ g 3
[ o :
v 30 [ ] o
e 11 S e A e ° . 2
O M a “’ A ° LA
% 10 5 20 .
E £ 15 4 L
© 5
> 9 o 10 2
= S - 4 4 A A A
8 1] 4 0
0 100000 200000 300000 15 8 40 60 80 100 120 140 170
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Combining ZeRO with Pipeline Parallelism
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Combining ZeRO with Pipeline Parallelism
and Tensor Parallelism (3D Parallelism)
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Summary

ZeRO : reducing memory footprint in distributed training
o =» enables training significantly larger models

Key idea: partition optimizer states, gradients, and parameters.

Pros:
o Lower memory usages significantly.
o Scalable, flexible, easy-to-use.

cons:

o Some stages introduce extra communication overhead, depending on
infrastructure (PCI-E / NVLink)
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Code Example

 https://github.com/limsystem/limsys code examples/blob/m

ain/deepspeed example/DeepSpeed-Example.ipynb
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