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Model size growing exponentially
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« Even if the model can be fitted in 2 single GPU [for example, by swapping parameaters More than
between host and device memoryl, the high number of compute operations required :
can result in unrealistically long training times without parallelization, For example, 8000X increase
training 3 GPT-3 model with 175 billion parameters would take 3é years on eight V100
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GPUs, or seven months with 512 V100 GPUs
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Parallel and distributed training

Data parallelism
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Pros:
a. Easy to realize

Cons:

a. Using DP alone may NOT work for large
models, but works with others (OP, PP)

b. High allreduce overhead

This work (Ok-Topk) aims to solve
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Data parallelism
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f(w) =Egp F(w; &)

wdenotes  Fistheloss §is adata batch

the model  function. sampled from a
parameters. distribution D.

Training: update w to minimize f (e.g., SGD).
9t =3 X0 o VF(wr. &) Wes1 = We—1ige
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Synchronize the gradients (g0, g1, g2)
using Allreduce
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Revisit Dense Allreduce (Rabenseifner’s algorithm)

PO P1

P2

P3

Dense Dense Dense Dense
gradient gradient gradient gradient
Reduce-Scatter space space space space

(Recursive halving)

Latency-bandwidth model:

a is the latency; f is the transfer time per word;
p is the number of processes;

n is the message size.

Allgather
(Recursive-doubling)
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g —

Comm. Cost = 2(lg p)a + 2((p-1)/p)np
Bandwidth optimal and scalable, but w.r.t. n
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Gradient sparsification (Topk SGD)

Topk SGD: each process only selects the largest (absolute value) k of n components from the gradients,
and usually the density k/n is around 1% or less.

PO Pl P2 P3
local top-k values | |X X X
[X] and their indices X
(in COO format) % % % %
X X X X
X X X X
X[X X[ X XX (X X
X[X X X X X X X

How to Allreduce these sparse gradients?
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Algorithm 1: Sparse Allreduce based on Allgather (TopkA)

PO Pl P2 P3
local top-k values X X X
[X] and their indices X
(in COO format) X X X X
X X X X
X X | X X
XX [ %] X XX| X [X
X|X X| X | e X ([ ] X
o DRIXXK] XXX XIXIXIX]  [XIXIXX
Data packaging [i5seix] [XIXXIX| XXX [XIXIX|X
S~ o _—
— e PO P2 P3
XXX XIXIXX] XXX XXX ol reduced
X XXX XXX[X (XXXX XXXX Local !.iFI— !n!_ ;!_ [top-kualues]
XXX XXX[X| XXXX| XXXX summation
Allgather  [Srseeix [RIXIXIX| [XIXXIX] XXX ] £ £
(Recursive-doubling) IXXX] DXXX| XXXX| XXX  —)-
XIXX[X| XXX[X| XXXX XXXX : ]
XIXIX[X| [XXX[X| [XXX[X| [X[X[X[X i
XXIX[X| [XXX[X| [XXXX [XXXX
Comm. Cost = (lgp)a + 2k(p-1) Not scalable!
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Algorithm 2: Dynamic Sparse Allreduce (TopkDSA, SC’19)

Inspired by dense Rabenseifner’s algorithm PO P1 P2 P3
P Y 8 Hat_ Suffer from fill-in,

dynamically switch

PO P1 P2 P3 tﬁ: — to dense format

local top-k values X X X -
[X] and their indices X A|'|gather ' /’
(Recursive-doubling) -

(in COO format)

X X| X x| |
X X X X
X X X X >
XX IIES X[X| X X |
XX X X X X X X ]

PO P1 P2 P3
reduced kv -
[ e ﬂ,:?:z,,di:.',:j o

(in COO format)

L
r™
| -
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L at.
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£

Comm. Cost = (p+ 2Ig p)a + [(4k(p-1)/p) B, ((2k+n)(p-1)/p) B] Suffer from fill-in issue when scaling up!



spcl.inf.ethz.ch
w escen ENH ZUrICHh

Algorithm 3: Global Topk (gTopk, ICDCS’19)

Reduction
tree

) on &
top-k selection e

PO P1 P2 P3 P3
X X X Broadcast %
X tree n’
X
: x e X < X xx wpz i'il
X X
XX ES XX ES L3 * F3
XX X X L X | X F3
\
v

— ] ® 1] PO ,!.%

o/
N\

"

Ky

AN
o

Ll

.
e
top-k selection T e

ﬂ Solve the fill-in issue, but

_ (1) high top-4 selection cost, and
Comm. Cost = (2Ig p)a + 4k(log p) B (2) suboptimal bandwidth cost.
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O(k) sparse Allreduce
PO P1 P2 P3
local top-k values X X X
and their indices X
(in COO format)
. X X X X
Efficient X X X X
local top-k selection b"4 X ¥ P4
X X X X XX (X [X
X X X X X X X
PO P1 ' P2 P3
U —
X X X
X
X X X X
X AT 1T 114 ~ X
X X X X
X X X X
X1 - | ] X
XX X[ (X XX X [X
Eikenesti X by
communication volume | XX X X X X X X

(1) Balanced
Split-and-Reduction

Eaess—

B s values
PO P1 P2 P3
L
L3
el
1]
3
[T0T] CIIT] e ([
Lt e

The cost of balanced split_and_reduce = (P - 1)a + 2k ((P - 1)/P) B



spcl.inf.ethz.ch oo @
; @spZI_eth E'HZUFICh

O(k) sparse Allreduce

(2) Global top-k selection & balanced Allgather

/| and their indices

l global top-k values‘

[ — reduced

top-k values (in COO format)
PO
'ﬁ*!' v M "F PO P1 P2 P3
PO pl\/)/(\/ \ Vi V| OV WV
P1 VI V| VOV
Lk . aad v
W = Vi V| (V] [V
e V| V| (V] [V
VIV
it~ = Bl Y570
v V| V| [V [V
P2 v VI i V| OV
P2 v VM V] &
P3 P3 W
P3 VR g ¥
Efficient Data Data Allgather
global top-k selection packaging Balancing (recursive doubling)

Total Cost <= (2p+ 2Ig p)a + 6k((p-1)/p) B Less than 6k, asymptotically optimal
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Scalability analysis for dense/sparse Allreduce algorithms

©
Algorithms Bandwidth Scalability i
-
Dense [12] 2!1%3,—15 ag;
TopkA [36,47]  2k(P-1)p e < —
- : p-1 P-1p,1 > gTopk
TopkDSA [36] [4k*5=B, (2k + n)5=p]" " 3
gTopk [42] dk(log P)p b 'g Ok-Topk (<6k)
Gaussiank [41]  2k(P-1)p e 2
(I)L"T(}pk l:()llrh') [Zk %ﬁ, (‘lkp;;,lﬁ] I 0 T ] ] ’

Number of workers P

Existing sparse Allreduce algorithms
suffer from scalability issue.
Ok-Topk solves the issue!



spcl.inf.ethz.ch oo @
; @spZI_eth E'HZUFICh

Efficient local and global top-k selection

I v
Real — 0.036a
3 0E+6- E I -d':stn?:ﬁtion o —— i i
| W gistribution T g I : Accurate threshold cure
2 | PreTrea™ o1
BERT on Wikipedia 3 2046 | '
with density = 1.0% I 0.08m -
I 40920 L
1 OE+64 | Training iteration
|
: In Ok-Topk (local and global top-k):
5 I (1) We calculate the thresholds once

0.04 -0.02 0.00 0.02 0.04 and reuse them in 7’ iterations
Gradient value (temporal locality)
(2) O(n) overhead rather than O(nlogn)
in sorting based top-k selection

~=-Accurate =+ Ok-Topk (local) (3) More friendly to GPU than sorting
=== Gaussiank Ok-Topk (global)

Ll
4]
+$
=
(=)

BERT on Wikipedia on 32 GPUs
(density=1.0%, T’ =128)

Oe+00-

Number of selected values
o
+$
=]
o)

50000 100000 150000 200000
Training iteration

Cos



Ok-Topk parallel SGD algorithm

Inputs: stochastic gradient G(-) at worker i, value k,
learning rate a.
Initialize 6{) = (), Ga =0
fort=1toT do
acc§ = 6;_1 + aG§_1(1~',_1) > Accumulate residuals
uy, indexes = Ok_sparse_allreduce(acc,, t, k)

elf = acc: - acci(indexes) > Update residuals
Wy = Wp_g — %u, > Apply the model update
end for
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Convergence analysis for Ok-Topk SGD

{ Bl 1 P—1 | ‘ For full proof refer to:
Topk(— Z(QG{(W,) + e;)) - Topk(— ZTopk(aG}(w,) + e;)) s@laG,(w,)H Dan Alistarh, et al., The
P &= P s P ———— convergence of sparsified
- @ Dense gradient gradient methods, NeurlPS'18
True global top-k gradient Ok-topk gradient
6- - Ok-Topk (density=1.0%, T'=128) 30~

Ok-Topk (density=2.0%, T'=128) ~~ Ok-Topk (density=1.0%, T'=32)

s g 20~ Ok-Topk (density=2.0%, T'=w
- 5
- E 2}
> 2- = 10- Ak
" ’ M»’»‘"W
0- ! . . - ' 0- ) ' . .
0 2500 5000 7500 10000 0 50 100 150
Training iteration Epoc.h
BERT on Wikipedia on 32 GPU nodes LSTM on AN4 running on 32 GPU nodes

The effect of £ is dampened by both small learning rates and P.
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Evaluation

= (CSCS Piz Daint supercomputer

= Each node contains an Intel Xeon E5-2690 CPU, and
one NVIDIA Tesla P100 GPU

= Cray Aries interconnected network

= mpidpy as the communication library, built against
Cray-MPICH 7.7.16

Dense/Sparse algorithms used in evaluation

Algorithms Bandwidth

Neural networks used for evaluation

Dense [12] 2n%ﬁ

Tasks Models Parameters Dataset

TopkA [36,47]  2k(P-1)B _ : :
TopkDSA [36] 4k % B, (2K +n) % B! Image ClaSSIﬁCfll:lOI‘l VGG-16 [44] 14,728,266  Cifar-10

Tonk (log P Speech recognition  LSTM [21] 27,569,568 AN4 [1]
gTopk [42] 4k(log P)f Language processing BERT [13] 133,547,324 Wikipedia [13]
Gaussiank [41]  2k(P-1)p

Ok-Topk (ours) [2k%ﬁ, 6k%ﬁ] !




Weak scaling evaluation

4= (&)
" .

Runtime per iteration (s)
(]

Communication

. Computation + 10

Top-k values selection

DUEID@ 4] e

32 256 32,256 32,256 32 256 32,256 32 256 32 256
GPU: ~ GPU: GPU: ~ GPU: GPU:  GPU:z GFUsz ~ GPUs GPU: ~ GPU:z GFUs ~ GPUs GPU: ~ GPFU:

Dense DenseOvip TopkA TopkDSA qlopk Gaussiank Ok-Topk

BERT training time,
scaling from 32 GPUs to 256 GPUs
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For Ok-Topk :

(1) Much better scalability for the
communication overhead than
the others.

(2) Threshold reuse strategy for
top-k selection is very effective.
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Model accuracy evaluation

Runtime el 10'
PN S ET TS 5 e e G o e e o ) oy
g , o Runtime: 358.2 o - DenseOvip
3 oo g S o8- « TopkA
g @ -+ TopkDSA
8 -= DenseOvlp © - gTopk
® - TopkA t}ﬁ_ 06- -=- Gaussiank
® 80- <+ TopkDSA g = Ok-Topk
g ! - gTopk w \/\
& -= Gaussiank p 04- E L
.9 &0 k-TOD k 2 e "-T_::-;T'-t:-vo R ‘*—“’-’;?5??-?_:_
70- 0.2 Runtime A& Runtime: 122 Runtime: ¢
0 100 2bo 300 b /I 40 60
Training time (minutes) Training time (minutes)
VGG training on 16 GPU nodes LSTM training on 32 GPU nodes
» 8-
8 - DenseOvip
D6- - Gaussiank
; - -+ Ok-Topk
g

Z 20 160 150
Training time (hours)

BERT Pretraining on 32 GPU nodes
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Conclusion

1. Model size rapidly grows 2. Sparse algorithms suffer from scalability issue

ASPCL w ETHzirich ETHzirich
Model size growing exponentially Scalability analysis for sparse Allreduce algorithms
NVIDIA DEVELOPER @
More than e
8000x increase
-]
Algorithms Bandwidth Scalability 3
£
= Dense [12] anlelp ‘ug
- TopkA [36,47]  2k(P-1)ff ER ) £
o 1e+03- TopkDSA [36]  [4kE5Lp, (2k +m)E5Lp)" g '§
g Topk [42] 4k(log P)f " 3 okTomk <8k}
@ nso Gaussiank [41]  2k(P-1)f £r) s
o T Ok-Topk (ours)  [2kZ5Lp, 6kZGL ]
L pk (ours)  [2kE5p, 6k L5 p) (4] L
Number of workers P
2016 2017 2018 2019 2020 2021 Existing sparse Allreduce algorithms
date suffer from scalability issue

3. O(k) sparse Allreduce 4. Ok-Topk SGD and convergence analysis 5. Evaluation on supercomputer

b7 o = B ETHziirich ASPCL ETHziirich
0(k) sparse Allreduce Convergence analysis for Ok-Topk Evaluation
PO P1 P2 = g - For full proof refer to: * (CSCS Piz Daint supercomputer
Tocaltop-k values Topk(— Z(aa:(w,) + f;}) - ’I‘upk(—J Z Topk (aG;(w,) + f;)) s@\a(}!(w, [} Dan Alistarh, etal., The = Each node contains an Intel Xeon E5-2690 CPU, and
(30 and their indices: P = convergence of sparsified one NVIDIA Tesla P100 GPU
i 000 format ~ ~ Densegradient  gradient methods, NeurlPS'18 * Cray Aries interconnected network
Efficient True global top-k gradient Ok-topk gradient .
localtop-kselection * mpidpy as the communication library, built against
o reduced Cray-MPICH 7.7.16
|| & values N = Ok-Topk (density=10%, T'=128) R
[l g OF Topk tdosiy=20% Tz} ~+- Oke-Topk (density=" 0%, T'=32) y orith di ,
At VNN M e~ N wan Ok-Topk (density=2 0%, T'=32) i g, Dense/Sparse algorithms used in evaluation
o 'kj s A Y 4 , LI,
H /“ H R Algorithms Bandwidth
ER S0 jor Neural networks used for evaluatio
1) Balam:ed. B | S0 Facs Dense [12] =P n
t-and-Reduction ’f-"‘"" Tasks Models Parameters Dataset
o- o TopkA [36,47]  2k(P-1)f
8 G e 10bo0 b E— 180 TopkDSA [36]  [4kE5Lp, (2k +n)E5tp! Lm““"l" ‘i’.'.'“" ?;;“"l”[: ; ] ;;Zfzz;; (\;\5‘;’[11?
N o ¥ A Speech recognition  LSTM [2 569,568
— BERT on Wikipedia on 32 GPU nodes LSTMon AN4 running on 32 GPU nodes gTopk “'il[ ; ‘:‘1“*;’/’ Language processing  BERT [13] 133,547,324 Wikipedia [13]
Gaussiank [41]  2k(P-1)f
communication volume |
% The effect of { is dampened by both small learning rates and P. Ok-Topk (ours) [sz;_I,;_ Ak%’,—‘/)‘]'

6. For the future work, we will study how to use Ok-Topk with a hybrid data and pipeline parallelism.

For more questions: shigangli.cs@gmail.com



