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Large Language Models

ChatGPT, https://chat.openai.com/ Image: Yang et al., “Harnessing the Power of LLMs in Practice: A Survey on ChatGPT and Beyond”, 2023.
Evolutionary :
What are Large Language Models? el dG [GPT-4 [Qurassic-2Je2 [ClaudeAY
Tree So LLaMA "@EE © L s :
2023 -
& PO o 007 #] Galacticay TR
ca
Large Language Models (LLMs) are powerful artificial intelligence systems that are designed c]
Sparron©
to understand and generate human-like text. These models, such as OpenAl's GPT-3, are oo
trained on vast amounts of text data to learn the statistical patterns and structures of Minervd G
Closed-Source 0P ~
language. PaMG
— (Chinchilld©®
" GPT-Neoe
LLMs are based on deep learning techniques, particularly using a type of neural network @23 LaDAG ‘
LGN, Gophel O ERNIES. 0:{ 15t | frorera

called a transformer. Transformers allow LLMs to process and generate text in a hierarchical
——

Jurassic-1Ja2

manner, taking into account the relationships between words, phrases, and sentences.

The training process for LLMs involves exposing the model to massive amounts of text from TR
diverse sources such as books, websites, and articles. By predicting the next word ina @2:1)
sentence or completing a given prompt, the model learns to generate coherent and 8 13§
contextually appropriate responses. @@ i = 7 |am

, - | ol G il
LLMs have a wide range of applications. They can be used for natural language processing GPT-2[6) . "o
tasks such as text classification, sentiment analysis, language translation, summarization, 2019 G A
and question answering. They can also be employed in creative tasks like generating | Ai2 o GPT1lc 5 - g-.-
human-like text, poetry, or even composing music. £e e 5‘ - g

7 9 G

GPT-3, for example, with 175 billion parameters, is one of the largest LLMs developed to date.
These massive models have demonstrated impressive language understanding and Data scale 7 Model size 7 Cost 2
generation capabilities, although they also raise concerns related to ethical considerations, > 1T tokens + >1T parameters 4 > 40K A100 GPU days

biases, and potential misuse. (e.g., Chinchilla, LLaMA) (e.g., GLaM) (e.g., BLOOM)
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Parallelism for massive data and models

Forward pass Backward pass
| D
pre activation O O
(i) No parallelism o EH:H:H:H:> hy = Wyay_, oL _ w,T oL O O
(w/ 1 device) (ap = x) 0a;_y ohy x wW,OeOW, L
input O (O loss
activation error
a; = ¢(hy) e, = oL =¢' (6_L) < ©_° |
6hl aal
':a:a:a:h::) G1 |G, | = |61 [G2 gradient
i1) Data parallelism oL
) ) G = W, eaj_

(w/ 2 devices) g
o FHPLT)= CF:

O Mini- or micro-batch

IDEJ Forward/backward at x-th layer for O

Eh{:&@ (6] .
(111) Pipeline parallelism Quantity for x-th layer calculated for O

w/ 2 devices
( ) %ﬁ% D % Collective communication

=== Point-to-point communication (send/recv)

and more model parallelism (ZeRO, Megatron, MoE, etc)
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Bubbles in pipeline

Pipelining creates bubbles of time in which accelerators become idle.
The overhead of pipelining mainly comes from the low utilization of accelerators.
_ We can assign extra work to the bubbles to gain auxiliary benefits.

[Our approach] PipeFisher automatically assigns the work of K-FAC (a second-order optimization
method based on the Fisher information matrix) to the bubbles for accelerating training.

(4 pipeline stages, 4 micro-batches) (2 pipeline stages, 2 micro-batches)
(a) GPipe (Huang et al.,2018)
Device 1 .-. [ [ [ H H g ;E D
w2 - pallRe "EEET  mm
evice
Device 4 .=---- [ [ [ | [ %ﬂ% D
(b) PipeFisher for GPipe
Device 1 AAAAL A T @ | | | | B B 1l @@ @
VMl 0 AAAAA | | [B/BB -E!
Device 3 AlAA ---- BB B A ABE | l
Device 4 [ [ [ | [N A A A A (B

Pipeline bubble === Pipeline flush @ Device 1
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Why second-order optimization?

First-order Optimization (gradient descent)

AU 9 _ v L(6®) £(0®

100_

Faster convergence
Second-order Optimization

1071

Q(H—l) %9@)—770_1V[,((9(t)) 0 200 400 200 800 1000

Precondition the gradient by the curvature matrix

Figure from J. Martens, 2010
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Why second-order optimization?

First-order Optimization (gradient descent)

AU ) _ v L(6) £(0®

100_

Faster convergence
Second-order Optimization

1071

AUTY g _ oL (o) ;

200 400
t
Precondition the gradient by the curvature matrix \ f \f
SE\V/gs

Hessian -> Newton method
C :> Fisher information matrix -> Natural gradient method [Amari, 1998]

(= positive-semi definite approx. of Hessian)

600 800 1000
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Why is second-order optimization unpopular in DL?

First-order optimization Second-order optimization
Forward/backward V. e RY vV, cRY
""""""""""""""""""""""""""""""""""""""""" care ¢ eRPFP )
Inverse Ol e REXP > Overhead
Preconditon ('~ lv/ e RY ) O(PS)
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Why is second-order optimization unpopular in DL?

First-order optimization Second-order optimization

Forward/backward vV, cRY VL e RY

Training a 3-layered MLP on MNIST w
2% 10° \\\ —— lst-order 6 2x 100’ —— lst-order \ Ove rh ead
\ —— 2nd-order @ | —— 2nd-order 3
= ‘
10° ._g’ 10° ’ O (P )
W (04 wn |
26 x 1071 'iq:')_ 2 6x 1071 ‘\L /
4x107 el fg) 2 4x107 ka """"""""""""
3x10-1| |\ fasterl 3x1072 Y slower. .
0 200 400 600 800 1000 0 Lst-order 2nd-order 650100 150200250 £(9( ))
lterations to converge X Time / iteration = Total time
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Kronecker-factored Approximate Curvature (K-FAC) Martensand Grosse, 2015

Step1. Layer-wise block-diagonal Step2. Kronecker-factorization (for each layer)
Neural network Full Layer-wise A € R1Xd: B ¢ Rdsxda
4 layers 4 x 4 blocks 4 blocks
( y ) ( ) ( ) C} k ® Al,lB cee Al,dzB
A ® B := : : = Rdldgxd2d4
O Kronecker product Ay B - Ag a,B
i C5 i Q — 1 —1

Q

1 1

)G ¢~ (o=d) = O

0(P3) — 0(PP) oP?) — 0(R>?)
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Kronecker-factored Approximate Curvature (K-FAC) Martensand Grosse, 2015

Step1. Layer-wise block-diagonal Step2. Kronecker-factorization (for each layer)
Neural network Full Layer-wise A e RUXd B c Rdaxds
41 4 x 4 block 4 block
(4 layers) (4 x 4 blocks) (4 blocks) C} ~ X) A B - A1 4,B
1 2 3 4 ‘ A®B:— [ ’ ] € Rdsxdzd
N I Clr Kronecker product Ay B - Aga4,B
> [T o ( 1 _1
C ~ SRR AR —1 —1
) A S [, -+ G|~ (O )= 0%

Training a 3-layered MLP (P; = 12560, P, = 136, P; = 90) on MNIST

off; 0
2x10 56D . 2x10 SGD
— Adam w | —— Adam
0 Layer-wise o4 w Layer-wise
8 ) —— KFAC g 8 ) K-FAC
6 x 10 £ 6 x 107|]|
= ,
4 %1071 _gz 4% 1071 R
3x 10! A 3x 1071
Ao A B P el 0 | —
0 200 400 600 800 1000 SGD Adam  Full Layer-wise K-FAC 0 100 150 200 250
still faster! Iteration lower cost! still faster! ~ timels]
lterations to converge X Time / iteration = Total time
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PipeFisher

(a) GPipe
Device 1 -..-

Device 2 =- -
Device 4 - .-

(b) PipeFisher for GPipe

Device 3
Device 4

Pipeline bubble === Pipeline flush @ Device 1

What exactly are the work of K-FAC?

11
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Work of K-FAC

batched error

batched activation

'S
-
&yl ° Ua,l—l

(mini-batch)
SGD

oL

e dad
L oW,

(d9" x B) (B x di") B : mini-batch size

g = vec(Gy) € R
P = dlout . d%n

k _
K-FAC 91~ F g,

Fisher block for I-th layer

Forward pass Backward pass
|
pre activation 5 7 O O >
L L
h; = Wa;_1 = WlT— O O
(ag = x) 0a;— oy  x W,O¢OW, L
dat O ~ O
activation error {
a = (k) e_a_L_¢,<a_L) ¢ °°
! ! =%, ? \8q,
gradient
oL r
G = aw, — édi-1

o+  9) _pC-tvL(e®)

Precondition the gradient by the curvature matrix

A W N =

Full
(4 x 4 blocks)

1. 2 3 4

________________

Stepl. Layer-wise block-diagonal

Layer-wise
(4 blocks)

Q

0(P*) — O(P})

Step2. Kronecker-factorization (for each layer)

Cl~0Oe[ ]

Kronecker product
-1 = 1
(0ed) = o=

0P — 0B

AecRW*% B e Rbxd

ApB - A14,B
A9B:=| : . eR
A4 B - Ag 0B

—1

C| =

12
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Work of K-FAC

Forward pass Backward pass
batched error . >
batched activation pre activation e
. . -/
(mini-batch) oL / hy = Wia;_4 S WzTa—L O O
sGD Gj=—=U,;-U' @=n R x T WOGOW,
(9 Wl &, l 1 activation error O O
(dg’uf x B)(B x d") B : mini-batch size iy = Behs) o = 0L Y ( aL ) ¢ ,
P ahl aal
gl — U60<Gl) E R l gradient
. oL -
= d?U’t )" G = aw, -~ e

k _ _ . _ _ .
K-FAC g fac%Fl g~ (A B) T lg = (A @B g = vee(B~H1GIATY)

Curvature work Inversion work work
A = Ua @ Ua.T Ainv = inverse(A) . .
B = Ue @ Ue.T Binv = dinverse(B) = Binv.e@ G @ Amnv

(@) SGD (b) K-FAC

oAb (L)

13
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K-FAC with parallelism

(a) SGD (b) K-FAC

(i) No parallelism Eﬂﬂ#:) =Te
(w/ 1 device) O

O Mini- or micro-batch

: I : ] IDHD Forward/backward at x-th layer for O

Quantity for x-th layer calculated for O

= g:> [ 716, A7 JI; ~1G,A; ;T % Collective communication

X ===> Point-to-point communication (send/recv)

(i1) Data parallelism
(w/ 2 devices)

(+ inversion parallelism) Osawa et al., 2019

5,

Gy
ofH—HP (o o=t E@ g=>| PG | 1. Less memory consumption.

o i el ! ) L
(iii) Pipeline parallelism \ 2. Inversion work are split without

(w/ 2 devices) %HE:) D Gz
Gz ; collective communication.
W g-g-om |

Better accelerator utilization.

\_ PipeFisher (our approach) )

14
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Profiled results (1/2) [GPipe (Huang et al, 2018)]

= BERT-Base (12 Transformer layers) w/ 4 pipeline stages (3 layers per stage) and 4 micro-batches
= CUDA kernel execution times on NVIDIA P100 GPUs

GPipe [GPU util. 41.7%]

........ |.|=| PipeFisher
nnnn BB BB Gl 4 Step 1: Measure the times for the
I

B | | | forward/backward works and bubbles in a

0 200 400 600 800 1000 1200 1400 training step

N /
Y

one training step

= flush @ GPU1 mm forward mm backward
15



ST N Qo ETHziirich

spcl.ethz.

Profiled results (1/2) [GPipe (Huang et al, 2018)]

= BERT-Base (12 Transformer layers) w/ 4 pipeline stages (3 layers per stage) and 4 micro-batches
= CUDA kernel execution times on NVIDIA P100 GPUs

GPipe [GPU util. 41.7%]

o0 1 BN EEE EEn PipeFisher
§E3§ IIH. ........ l“l. 4 Step 1: Measure the times for the |
cu4)  HINHENNENNNEN ]| HEEE forward/backward works and bubbles in a
0 200 400 600 800 1000 1200 1400 training Step.
_ /

4 Step 2: Measure the times for the

curvature/inverse works in a training step.
one training step

= flush @ GPU1 mm forward mm backward
16
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Profiled results (1/2) [GPipe (Huang et al, 2018)]

= BERT-Base (12 Transformer layers) w/ 4 pipeline stages (3 layers per stage) and 4 micro-batches
= CUDA kernel execution times on NVIDIA P100 GPUs

GPipe [GPU util. 41.7%)] N ] )
- TT] PipeFisher
TN | | | | :
- 4 Step 1: Measure the times for the
GPU 4 forward/backward works and bubbles in a
0 200 400 600 800 1000 1200 1400 training Step.

GRIpE w) Elbefisher [GEU utll. 89.0%] [ Step 2: Measure the times for the
ceu 1 HHE B o [y | | curvature/inverse works in a training step.
cpu 2 [N IR SRRRN 10T I-l] i : :
cru3fl NI UNURTRBmE I I i A Step 3: Assign the curvature/inverse works to

GPU 4 ll----_l | ] the bubbles within a training step(s) and the

T orecondition work at the end of every step.
GPipe w/ PlpeFlsher (w/ data & inversion parallel) [GPU util. 86. 2%]

égﬁé -. =- ==— =‘g§ /1 therato = (Curvgture+inverse) /. t?ubbles determines the
gpU 2 | _=- ] -_-" a1 frequency of updating the preconditioner (e.g., every 1-2 steps).
8"; H g’; & ':"_—.-—-. T /-/‘}E/ k f ac —1 t1hoe:r11 Oc:%);nhnI]gohner I;ec(?ilce'
GPU 8 EEENENEN 0 gnwm 0 o l ~ F g P -

0 200 400 600 800 1000 1200 1400 \_ )

Time (ms)

m— flush @ GPU1 W forward B backward B curvature B inverse s precondition
17
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Profiled results (2/2) [Chimera (Li and Hoefler, 2021)]

= BERT-Large (24 Transformer layers) w/ 8 pipeline stages (3 layers per stage) and 8 micro-batches
= CUDA kernel execution times on NVIDIA P100 GPUs

bidirectional pipelines Chimera [GPU util. 59.8%] (cf. GPipe: 41.7%)

OOOOOOOO
TUUUTUUTUTU
cccccccc
CONOUTAWN-

H BN N N | mmco
N N | Bma
el | O ] .'=!il

OOOOOOOO
TUUUUUTUTU
cccccccc
CO~NOUTAWNEF

e 1 1 1 | | 98 1 17
6000 7000

Time (ms)
== flush @ GPU1 B forward e backward B curvature B inverse @272 sync-grad v/ sync-curvature [ precondition

18
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BERT-Base Pretraining

= BERT-Base (12 Transformer layers) w/ 4 pipeline stages (3 layers per stage) and 4 micro-batches
= Pretraining on the English Wikipedia
= Time measured on 256 NVIDIA P100 GPUs

—— NVLAMB (final loss = 3.41)
= K-FAC (final loss = 2.92) 10

—— NVLAMB by Chimera (847.8 ms/step)
w—  K-FAC by Chimera w/ PipeFisher (980.2 ms/step)

faster! still faster!

Pretraining loss
(o)}

Pretraining loss
[e)}

41 4
_____________ P __bﬁ'}-__.—.‘ B o i i e e o .
I !
21° | < Y 21 > Y :
2961 steps | 48.4 min ) |
<€ L} > € 1 ;l
. “{038 steps 0 99.1 min :
0 1000 2000 3000 4000 5000 6000 7000 0 20 40 60 80 100

Step Time (min)
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BERT-Large Pretraining
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= BERT-Large (24 Transformer layers) w/ 8 pipeline stages (3 layers per stage) and 8 micro-batches
= Pretraining on the English Wikipedia

= Time measured on 8 NVIDIA P100 GPUs (total training time is simulated)

Optimizer

Pipeline scheme

NVLAMB
K-FAC

Chimera
Chimera w/ PipeFisher

Phase 1

Phase 2

Steps

7038
5000

Time/step*

2345.6 ms
2499.5 ms

*

Time
275.1 min
208.3 min

Steps

F1

1563
1563

90.1%
90.15%

Bee..==
=
:
4
i
LN

DOOOOOOD
TVUTUUUTT
cccccccc
ONOUTRWNF

Chimera w/ PipeFisher (w/ data & inversion parallel) [GPU util. 97.6%]

H N N N | W ommomo
[T/ 1] [

i
L S5 IR S S
o S

NN W N N | I mlom

[T T8 7
AN ERRER N SR
[T

B NERND NN BRI

[ [ 7]

| 47

fios] | [ ] ,
5 FE R N S

2000

=== flush @ GPU1 mm forward mm backward Bl curvature B inverse w7 sync-grad 74 sync-curvature

7000

[ precondition

20
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Conclusions

ASPCL " .. ETHziirich
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Bubbles in pipeline

= Pipelining creates bubbles of time in which accelerators become idle.
= The overhead of pipelining manly comes from the low utilization of accelerators
= We suggest to assign extra work to the bubbles to gain auxiliary benefits.

= PipeFisher automatically assigns the work of K-FAC (a second-order optimization method based
on the Fisher information matrix) to the bubbles for accelerating training.

(4 pipeline stages, 4 micro-batches)
(a) GPipe QW @
ol - mEE V7
Device 3 ] T T [
Device 4 - L] @

(b) PipeFisher for GPipe

Device 1 AAAA__A EE [ BB[BB| B T
Device 2 AAAA_A BB B A 8 W |
Device 3. AAA .| _ABBBBHNA A B
Device 4 ____AaAABBBBIA LA B}
Pipeline bubble = Pipeline flush @ Device
|

>

5@5 We can fill pipeline bubbles with extra work!

21
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Conclusions
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Bubbles in pipeline Why second-order optimization?

= Pipelining creates bubbles of time in which accelerators become idle.
= The overhead of pipelining manly comes from the low utilization of accelerators
= We suggest to assign extra work to the bubbles to gain auxiliary benefits. plt+1) . p(t) _ nvﬂ(g(f/))

= PipeFisher automatically assigns the work of K-FAC (a second-order optimization method based
on the Fisher information matrix) to the bubbles for accelerating training.

First-order Optimization (gradient descent)

R VSN
Faster convergence N

Second-order Optimization
(4 pipeline stages, 4 micro-batches)

10 : : : v
. t+1 t —1 t 0 200 400 600 800 1000
@ GPipe ® 3] D) ) _ po-tvL(e®) °
Device 1 - I A - i ]
Devica2 -— -=—- Precondition the gradient by the curvature matrix
Device 4 ] 5
(b) PipeFisher for GPipe
Device 1 N slellsl g et
Device 2 888 slA B W | |
Device 3. BBBBLA A B 1
Device 4 A BB BBIA Al B |
Pipeline bubble == Pipeline flush @ Device 1 Figure from J. Martens, 2010 N
—
S 4
- -

p + Faster convergence (loss vs # steps) !

22
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Conclusions
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Bubbles in pipeline

Pipelining creates bubbles of time in which accelerators become idle.
= The overhead of pipelining manly comes from the low utilization of accelerators
= We suggest to assign extra work to the bubbles to gain auxiliary benefits.

= PipeFisher automatically assigns the work of K-FAC (a second-order optimization method based
on the Fisher information matrix) to the bubbles for accelerating training.

(4 pipeline stages, 4 micro-batches) ‘
(a) GPipe | QW @

Device 1 [ | N Y A

Device 2 TSN [ D o | e

Device 3 N [ T

Device 4 [ Y G2

(b) PipeFisher for GPipe

Device 1 AAAA__A EE [ BB[BB| B T

Device 2 AAAA AL BB B B s W | | |

Device 3. AAA .| _ABBBBHNA A B

Device 4 _____AAAABBBBIA | DAL B |
Pipeline bubble = Pipeline flush @ Device 1

MASCL Qe . ETHziirich
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Why second-order optimization?

First-order Optimization (gradient descent)

O+ 9 — v L(6®)

e
Faster convergence

]

Second-order Optimization

0(t+1)<_9(t)_n071v£(0(t)) 07 200 400 goo 800 1000

Precondition the gradient by the curvature matrix

Figure from J. Martens, 2010

K-FAC with parallelism g
ONopmitin o JRRSGTe) i?:jj;j_; T S ¢ ° PIpeFISher > K_FAC n plpe“ne bUb.bleS
— -\ /- o K-FAC (layer-wise preconditioning) is
g SHEEEIZ BTG & porm e compatible with pipelining!
*FHPE= B o gt gl B -~ -
(*inv cmn panllclism’) %
(i) Pipeline parallelism ¢ l\\ ’,;',S G ¢ Wy }:f Ewg’:g =
S Hie EQ,E%CI

23
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Conclusions
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Bubbles in pipeline

Pipelining creates bubbles of time in which accelerators become idle.
= The overhead of pipelining manly comes from the low utilization of accelerators
= We suggest to assign extra work to the bubbles to gain auxiliary benefits.

= PipeFisher automatically assigns the work of K-FAC (a second-order optimization method based
on the Fisher information matrix) to the bubbles for accelerating training.

(4 pipeline stages, 4 micro-batches)

@ Gipe Oﬂﬁfzﬂ 3y

Device 1 (| vy A
oo m———— 4 it i i
M“"h-- -] Precondition the gradient by the curvature matrix
Device 4 =] ] &) ]
-
(b) PipeFisher for GPipe
Device 1 AAAA A " BB‘BB | [ ] ] L4
Device 2 AAAA A BB B BA B -u
Device 3. AAAL T ABBBBA Iy [
Device 4 . AAAABBBBIA Al B |
Pipeline bubble ~ —— Pipeline flush @ Device 1 Figure from J. Martens, 2010
-

ASPCL 9. ETHziirich

@spe eth
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Why second-order optimization?

First-order Optimization (gradient descent)
O+ 9 — v L(6®)

UV
o Faster convergence N i
Second-order Optimization

0(t+1) <—9(t)—n071V£(0(t)) R T TRT) goo 800 1000

MASCL Qew  ETHziirich
K-FAC with parallelism

() SGD (b) K-FAC

(i) No parallelism 5
ooy MR

O Mini- or micro-batch

(] (6. ‘Quantity for x-th layer calculated for O
ﬂ:ﬁ;a,?} o @t ﬂ#@ = mgn = ) L —
o Gy
3 G2 3
e e Gt .%Q
50,

(# inversion parallelism)

P OWEQQ.::;

(iii) Pipeline parallelism 4%, A7 A

(ii) Data parallclism
(w/ 2 devices)

(W/ 2 devices) & il
2 e e |
=B~
PipeFisher (our approach)

—r.,Al_iPEL

cl.othz

BERT-Large Pretraining

= BERT-Large (24 Transformer layers) w/ 8 pipeline stages (3 layers per stage) and 8 micro-batches
= Pretraining on the English Wikipedia
= Time measured on 8 NVIDIA P100 GPUs (total training time is simulated)

Phase 1 Phase 2
Optimizer Pipeline scheme N N
Steps  Time/step® Time* Steps
NVLAMB Chimera 7038 2345.6ms 275.1min [ 1563 90.1%

K-FAC  Chimera w/ PipeFisher | 5000 2499.5ms 208.3 min | 1563  90.15%

Chimera [GPU uil. 59.8%)

Ly

P
B

e Higher GPU utilization!
e Faster training (F1 vs time)
(reduction to 50-70%)!

24
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Conclusions

S e . ETHziirich a7 L
Bubbles in pipeline Why second-order optimization?
= Pipelini tes bubbles of time in which lerators b idle. 1
ipelining creat es_ u : _es of time in which accelera ors_ -eco.mel e First-order Optimization (gradient descent) Evo'l_ut-lmr!y " .
= The overhead of pipelining manly comes from the low utilization of accelerators T @ G BardG (GPT-4 & [Purassic-2J82 [CLaude)AX
= We suggest to assign extra work to the bubbles to gain auxiliary benefits. plt+1)  p(t) _ nvg(g(f/)) ree LLaMAToN
= PipeFisher automatically assigns the work of K-FAC (a second-order optimization method based
on the Fisher information matrix) to the bubbles for accelerating training. @23 Tthropic
Second-order Optimization OPT-IML(#.N . .
(4 pipeline stages, 4 micro-batches) | ChatGPTI& BLOOMZ[% [ Galactica®N |
o T B g _ oy (p Be G
ot W/, ! . Sparrol©
Dedce2 Precondition the gradient by the curvature |
e B3 — . [BLOOM] |
(b) PipeFisher for GPipe _Upen-. =5 = Minerva 3
o WERRGRR TREREE ™ Closed-Source S e m. FaNG

Device 3 | |
Device 4 AAA

A8 5360 A &
555 ala Al B — [Chinchilld©®

ASECL 9., ETHzirich MASPCL

GPT-NeoX(@)

Pipeline bubble = Pipeline flush @ Device 1

LaMDAG
ERNIES. 0% v | >

GPT-J[@]
K-FAC with parallelism BERT-Large Pretrainin
b 9 9 GPT-Neol)
(@)SGD (b) K-FAC = BERT-Large (24 Transformer layers) w/ 8 pipelir @ 2:1)
; ) [¢.) = Pretraining on the English Wikipedia
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Image: Yang et al., “Harnessing the Power of LLMs in Practice: A Survey on ChatGPT and Beyond”, 2023.
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Qe . ETHziirich
Bubbles in pipeline

= Pipelining creates bubbles of time in which accelerators become idle.
= The overhead of pipelining manly comes from the low utilization of accelerators
= We suggest to assign extra work to the bubbles to gain auxiliary benefits.

= PipeFisher automatically assigns the work of K-FAC (a second-order optimization method based
on the Fisher information matrix) to the bubbles for accelerating training.

(4 pipeline stages, 4 micro-batches)

@ Gipe Oﬂﬂfzﬂ 3y

Device 1 = A\

Device 2 . A

Device 3 -

Device 4 ] 3

(b) PipeFisher for GPipe

Device 3
Device 4

Pipeline bubble = Pipeline flush @ Device 1

First-order Optimization (gradient descent)

gD 9 _ v L(e®)

el
Faster convergence N i

Second-order Optimization

0(t+1) <_e(t) —n071V£(0(t)) 07 200 400 goo 800 1000

Precondition the gradient by the curvature matrix

Figure from J. Martens, 2010

MASCL Qew  ETHziirich
K-FAC with parallelism

() SGD (b) K-FAC

¢ ]e)
(i) No parallelism . J -
(w1 device) oﬂ#@ Ouﬂi#ﬂo : N R

— O Mini-or micro-batch
;" 8

| .
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atxth layer for O

(+ inversion parallelism)

(ii) Data parallclism
(w/ 2 devices)

(iii) Pipeline parallelism N

(w/ 2 devices) %
@]

PipeFisher (our approach)
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BERT-Large Pretraining

= BERT-Large (24 Transformer layers) w/ 8 pipeline stages (3 layers per stage) and 8 micro-batches
= Pretraining on the English Wikipedia
= Time measured on 8 NVIDIA P100 GPUs (total training time is simulated)

Phase 1 Phase 2
Steps  Time/step® Time* Steps

7038 2345.6ms 275.1min | 1563 90.1%
5000 2499.5ms 2083 min | 1563  90.15%

Optimizer Pipeline scheme

NVLAMB Chimera
K-FAC Chimera w/ PipeFisher

Chimera [GPU uil. 59.8%)
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