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min f(w) = " Z fi(w)
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>LR:  f(w) =237 [log(l + e vx W) 4+ 3||wl|?]

n

>SVM: f(w)=13"  [max{0.1— yx]w}+ 3[|wl’
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Training throughput (samples/s)
Top-1" Top-2® Slowest” Median®

Model Batch size

#infeasible® #candidate”

Llama-7B 3 200 192 022 082 41 64
Llama-13B 4 082 058 027 042 42 48
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O BEEYLEEE (FRFIT)
> BEH L I A(SGD)

Wep1 €W — 77tvfit(Wt)
BB R R A 2R
m e o (1) RO
0() (—Hm)
mERERTTEE: 0(d)
> |\ EBENEE TP (mini-batch SGD)

Nt
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i ey K12 44— N
O 5 s ANEIEF TR A —
radient Average 1
- > S . . Communication
53\4%EEBJE¢[L¢%}E—FB%%;i;ﬁ*%(DlStrlbuted SGD) : Gradient 1 Gradient 2 Gradient 3 Gradient 4
e E T F5zmini-batch SGD wikey
e
XIRIKIXI XIXIXIXLS
. . - . SN\ /AR . ¥ ')‘43‘4.?’1‘}‘1‘}‘4'
et KA TIFSRES; SADRIREE MEREn; & | 0D JUH A0S 4 B G
o e - o o . § Load data
BEDHFUDEIZINTTRE, TR ERES D SIREIC/FDy ; o)) Qo) Qo) Cotmawers)
fort =0,1,2,...,T — 1 do: .
FERIEJR:

fork =0,1,2,..., K — 1 do:
T RANAHBEIESE D, FE RAEFEREER/INIbRIETHE S i ;

T EETEE g i = %Ziegm Vfi(we);
EEg,, BAREG = 15000
HITSEEFNW 1 = we —NGe;
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>N S]: LocalSGD. SCOPE. pSCOPE . OrLoMo
>Fr MBS LARS/LAMB. SNGD. SNGM
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> &8/ IR, EF-signSGD. DGC., GMC
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O SCOPE

Task of Workers in SCOPE:

Initialization: initialize n and ¢ > 0;

For the Worker_k:

fort=0,1,2,....7 do
Wait until it gets the newest parameter w; from the Master;
Let uy 0 = w¢, compute the local gradient sum zj, = Z,I-Epk V fi(wy),
and then send z;. to the Master;

Wait until it gets the full gradient z from the Master;

A2 37

z///T\\\\\\a

Master

Worker_1

D,

for m =0to M — I do

Randomly pick up an instance with index iy ,,, from Dy;

Uk m+1 = Wkm — T](vfz'kjm (uk,m) - Vf-z'k’m (Wt) +Z+ C(uk,-m - WI‘.));
end for

Send uy, s or the average of these {uy ,, }, which is called the locally
updated parameter and denoted as uy, to the Master;
end for

&3 énl
5
3

]

K %

NANJING UNIVERSITY

Worker_p

D

D

Shen-Yi1 Zhao, ..., Wu-Jun Li. "SCOPE: Scalable composite optimization for learning on Spark." Proceedings of the AAAI Conference on Artificial Intelligence. 2017.
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>BEFE: BRA1%A: 0(nTy); SCOPE: 0O(T;)

ST A
O SCIERNER

>ESpark‘

25 EsCI

>TTAEA. BRHRAERRG), 8atlas, 157tPRSShLRAYIZ:

communication time
] 16 32
#cores

(c) KDDI12
Shen-Yi1 Zhao, ..., Wu-Jun Li1."'

FRE

40
#cores
ime(millisecond)

(e) Speedup (f) Synchronization cost
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'SCOPE: Scalable composite optimization for learning on Spark." Proceedings of the AAAI Conference on Artificial Intelligence. 2017.
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HF22R5588 (Parameter Server) 2244

O

webspam

D.'I'.
Server_1 Server_2 Server_q Sne
wl w2 IIIIIIIII wq sl i
T a4t
£
|
£
:
g st
Worker_1 Worker_2 Worker_3 Worker_p :
- - T | wemsasans - == P5-Lite (1 Server)
D, D, D, D, =6=PS-Lite (2 Servers)
-or == Spark-SCOPE
: -8 PS-SCOPE (1 Server)
. L. PS-SCOPE (2 S )
Figure: Distributed framework of PS-SCOPE. . , , , —

0 50 100 150 200 250
Time (s)

B PS-Lite: ETFSSP/ASPLINAYSEIARSSES [Mu Li, et al., OSDI 2014]
B EUPS-LiteRETEEI EB1E

Shen-Yi1 Zhao, ..., Wu-Jun Li. "SCOPE: Scalable composite optimization for learning on Spark." Proceedings of the AAAI Conference on Artificial Intelligence. 2017.
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O Proximal SCOPE (pSCOPE)

Task of the ~th worker:
fort=0.1.2,...T"—1do
Wait until receiving w; from master;
Let ug o = wy. calculate z;, = ZieDk fi(w¢) and send z; to master:
Wait until receiving z from master;
form =20,1,2,..M —1do
Randomly choose an instance x;, € Dyg;
IEalculate Vien = Vi (W m) — Vi (W) + 2 I
Update uj ;1 = proijn(u;cjm — NVk.m)

NANJING UNIVERSITY

end for
Send uy, ps to master
end for .
. 2
proxp ,(u) = arg min(R(v) + —||v —u|*)
3 N 2??
Shen-Yi Zhao, ..., Wu-Jun Li. "Proximal SCOPE for distributed sparse learning." Advances in Neural Information Processing Systems. 2018.
FHRE REESHINEFES 19
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Assume ™ = [F1(+), ..., F,(+)] is a|(e, £)-good partition w.r.t. P(-), For convenience,
we set i, = pi. Ly = L.k = 1,2....p. If |[w; — W*||* > €, then
. 2L%n + 2¢ o
E|[weer — w[* < [(1— iy + 2L%2)" + = fwe — w

O Sk L

kdd2012: §§i‘“‘“‘-~——___
- —
119,705,020 %,
VA £ E
54,686,4524%1F
g g S COPE
§ 5 — FISTA
g = s PROXCOCOA+
8 Workers Y B — - | =
0 30
time (second) ’ 10 time (Siind] 300 400

Shen-Yi Zhao, ..., Wu-Jun Li. "Proximal SCOPE for distributed sparse learning." Advances in Neural Information Processing Systems. 2018.
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10%; T
- - +ResNet20;
8 -I-ResNet56:
o
Q
£ 10’

)

o

=

S
100;‘ N A
101 102 108 10*

batch size
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Wir1 = Wi ~ Kb

K: =828
b: HEEA/N
T: 1BEIREL

K

> Vi)

k=1 l.EDt’k

T-1

1 2

= > IVFwIl? < 0¢
t=0

1
\/TKb)

AT PN
B SR E D

CNN, CIFRA10 CNN, CIFRA10
25, 80
—B =128
—B = 4096
@ 2 >60
o o
=1
1.5 S 40
£ o
® I
s 1 220
—B =128
—B = 4096
0.5 ‘ ‘ ' 0 - ‘ ‘
0 50 100 150 0 50 100 150

#grad/n #grad/n

@ 5 BB AHESSEERIZ(UIERE T IEF
Bir: RIEBREZIEE (BBEBEXER) AR T
1K) 18Rt E

FRE

BRSBTS

NANJING UNIVERSITY

22



NANJING UNIVERSITY

BRI E
O Stochastic Normalized Gradient Descent (SNGD) [Hazan, 2015]

9 =1Dh1 Soiep,, V.i(wi)/(Kb)

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

_ 9 3BT RS i
Wit = Wy — 77 lg.1 &)\ EE N

> BAi & ST Enon-convexFZF T, SNGDWEIHEERTAIEML, RERHSNGD with Momentum (SNGM),

O SNGD with Momentum (SNGM)

My = Jmy + ’Zt| B €l0,1)
t

W1 = Wy — N4

[1] Shen-Yi Zhao, Yin-Peng Xie, and Wu-Jun Li. "On the convergence and improvement of stochastic normalized gradient descent." Science China Information
Sciences (SCIS). 2021.

[2] Shen-Yi Zhao, Chang-Wei Shi, Yin-Peng Xie, and Wu-Jun Li. "Stochastic normalized gradient descent with momentum for large batch training." SCIS 2024.
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BEFRINICRE
O SNGD with Momentum (SNGM)
>EEBIEMNEE E, SNGMSIESGD (MSGD)RIRSLY, (B = Kb,C = TB)

NANJING UNIVERSITY

METE My = fmy + 1o My = fm, + g,
SRR ATF0 n < (1-6)*/((1+B)L)
TSR B %jﬁ;mvmwmz O(a) %EEWP(WII < m
H B A Ve O(min{ L")

> BT HEREER N EERIAL
>FBALayer-wise normalization (LARS/LAMB3¢

}) RERERUIURER

/

Shen-Yi Zhao, Chang-Wei Shi, Yin-Peng Xie, and Wu-Jun Li. "Stochastic normalized gradient descent with momentum for large batch training." SCIS 2024.
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O SNGD with Momentum (SNGM)
>BEE52E (A ResNet20/Cifarl0; 5.E: VIT{E)

7K,

NANJING UNIVERSITY

1.6 3.0
—-=- MSGD ==- MSGD _
1.4 LARS 25 LARS
. —— EXTRAP-SGD —— EXTRAP-SGD _ _ — — —
m:z oo a0 T o B =128 B = 1024 B = 4096 B = 8192 B = 16384
g — SNGm 8 y— SNGM MSGD 98.96% 99.02% 98.93% 98.81% 98.40%
0.8 ol.5
£06 z CIFAR-10 LARS [34] 99.08% 98.97% 08.94% 08.85% 98.36%
g T 1.0
" 04 - SNGM 99.00% 99.12% 98.98% 99.00% 98.82%
0.5 -
0.2 MSGD 92.91% 92.99% 92.86% 91.57% 85.84%
oo 00 CIFAR-100 LARS [34] 92.59% 92.57% 91.80% 92.17% 90.36%
0 20 40 60 80 100 120 140 160 o 20 40 60 80 100 120 140 160
Epach Epoch SNGM 93.06% 92.99% 92.93% 92.36% 90.48%
(a) B =128 (b) B = 8192
920
o5 % Table 3 'Training time (second) per epoch of SNGM on the ResNet20/CIFAR-10 training task.
L R 1 15 74 a e ||
5% 380 B 128 1024 2048 4096 8192
£75 £1s
%7 $2 time/epoch 13.95 2.15 1.78 1.6 1.49
Bes ~=- MSGD %
LARS
60 —— EXTRAP-SGD 60 —— EXTRAP-SGD
55 ~—— CLARS 55 ~— CLARS
—— SNGM —— SNGM
50 0 20 40 60 80 100 120 140 160 50- o 20 40 60 80 100 120 140 160
Epoch Epoch
(c) B=128 (d) B = 8192

Shen-Yi Zhao, Chang-Wei Shi, Yin-Peng Xie, and Wu-Jun Li. "Stochastic normalized gradient descent with momentum for large batch training." SCIS 2024.
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O SNGD with Momentum (SNGM)

hik#

NANJING UNIVERSITY

Table 6 Test perplexity results on WikiTex-2.
B =20 B = 1000 B = 2000

MSGD 113.26 114.34 118.50
LARS 115.71 116.29 119.35
SNGM 113.74 112.90 115.65

Table 7 Training time (second) per epoch of SNGM on the LSTM/Wikitext-2 training task.

B 20 1000 2000
time /epoch 69.8 24.44 15.22

Shen-Yi Zhao, Chang-Wei Shi, Yin-Peng Xie, and Wu-Jun Li. "Stochastic normalized gradient descent with momentum for large batch training." SCIS 2024.
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O SNGD with Momentum (SNGM)
> REERTN

MSGD ADAM LARS LAMB SNGM
B =1024 0.7397 0.7311 0.6065 0.7066 0.7489
B = 8192 0.5 0.6666 0.6006 0.6811 0.7514
0.BO 0.B0
0.75 0.75
‘3 0.70 3 0.7
2 2
2 2
g 0.65 ; 0.65
0.60 — = M3GD 0.60
— ADAM
LARS
0.55 — LAMB 0.55
— SHGM
0 2 4 [ B
Epoch Epoch
(a) B = 1024 (b) B = 8192

NANJING UNIVERSITY

Shen-Yi Zhao, Chang-Wei Shi, Yin-Peng Xie, and Wu-Jun Li. "Stochastic normalized gradient descent with momentum for large batch training." SCIS 2024.
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i ey R L A= EA gaiky

O 2 /FH
>EN BFREEEARRICERT
Xz . BR =2\ AL [EF original gradient g |-3.1] 0.1 [o.0f80
> (NBEEDHEE .

81
1-p=0.76 — 0.56
— [l gl 2 1
2 withprob. 1 — p=0.24
0 1 D 2 1 €u(lgal,4) = 3
; with prob. p = 0.24

4 2
One element _ compressed gradient §

(32 bits)

/
Gradient

|
QR T
/
| 2 3 4

original gradient -3.1] 0.1 F0.03 2.1
(T T T BENEN
top-k selection m;

/!
sparsrcaton [J] - ] ‘

sparsified gradient |.3.1| 2.1 1] 4

gradients indices

Top-k FHlR

Zhenheng Tang, et al. "Communication-efficient distributed deep learning: A comprehensive survey." arXiv preprint arXiv:2003.06307 (2020).
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O Global Momentum Compression (GMC)

Algorithm 1 GMC

=

1:

=]

9:
10:
11:
12:
13:
14:
15:
16:
17:

Input: sparsification compressor C(-), number of workers K, number of iterations T,
model parameters wo, learning rate 1, momentum coefficient 3 € [0, 1), training dataset
Dy, Vk € [K];
Set w_1 = woq, e = 0,Vk € [K]:
for iteration t € [17] do
Workers:
for worker & € [ parallelly do
Randomly pick a mini-batch of training data Z; . C Dy, with |Z; ;| = b and compute
ViwiZig) = {—1, €T, 1 V f(wi: §);
et_;_%_;;_ =€+ vf(wt It.lc) - %(Wf = Wt—l);

Generate a sparse vector C(e and send C(e to the server;

1‘+%,k) f+g,k)
Update the error residual e, = €Lk~ C(eH%_k):
Receive wiy1 — wy from server;
Get wiy1 by Wiy = Wy + (Wip1 — Wy );

end for

Server:

Receive C(e from all the workers;

t+%.k)
o1 .
Witl = Wi — )7 Zke[m C(ef+%.k)r
Send wir1 — w; to workers:
end for

NANJING UNIVERSITY

Chang-Wei Shi, Shen-Yi Zhao, ..., Wu-Jun Li. "Global momentum compression for sparse communication in distributed SGD." arXiv 2019, arXiv 2024.
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BEEHERAEE
O Global Momentum Compression (GMC)
> B BTREREN (PR Mworker)

B Worker 1: Fo(W) = f(wi&) = > (d—i) [ = (i+1  IRIMBERx = [1,2, ..., d]"
i€[d

B Worker 2: Fi(w) = f(wi&a) = S (d—i)«[w® + i+ 1) 5 TRAMERx = [—1, —2,...,—d]"
i€ld)

>EFERRE: F =" 2BiRIVERx = [00,..,0]7
d

> (d=2)

N
%]
4
s
&

2.00 e
1.75 == DMSGD ™ . .
DGC (w/ mfm) 1 \ _ 1 1 Sy 1 - —

1.50 —— DGC (w/o mfm) & e N R &N,
=125 — GMC ~ .," 7“"\_" ’z,: \ ’.rﬁr: \ :' k’p :‘ ey ’»nr:
= S P Voo S Lo Yoy S o W S P R
T 1.00 2 Y Z«,y‘ I z SR U H LN % /o = RN L WA
i (@) |+ (&) |1 (&) |+ (&)

0.50 -1 - -1 e -1 -1 s g

025

PO i o e s =5 6 7 = g 7 = 8 7 5 0 7

w w w w
(a,) d=2., s=0.5d (a) DMSGD (b) DGC (w/ mfm) (¢) DGC (w/o mfm) (d) GMC

Chang-Wei Shi, Shen-Yi Zhao, ..., Wu-Jun Li. "Global momentum compression for sparse communication in distributed SGD." arXiv 2019, arXiv 2024.

FRE BRSPS HIEEFS 30



CIE B

NANJING UNIVERSITY

BEEHERAEE
O Global Momentum Compression (GMC)
> B BTREREN (PR Mworker)

B Worker 1: fo(w)=/f(w:&) = %(d_ i) ¢ [w' = (i +1 IMERXx = (1,2, ..., d]7

B Worker 2: Fi(w) = f(wi&a) = S (d—i)«[w® + i+ 1) 5 TRAMERx = [—1, —2,...,—d]"

>EFERRE: F =" 2BiRIVERx = [00,..,0]7
d

> (d=20) - . .
- —=—=— DMSGD ——— DMSGD —== DMSGD
&0 DGC (w! mfm) & DGC (w/ mfm) & DGC (w/ mfm)
50 —— DGC (w/o mfm) 50 —— DGC (w/o mfm) 50 —— DGC [w/o mfm)
™ — GMC " — GMC -l — GMC
Tl ¥ ¥
10 “H WW'WW 10 ”-.c 10
[} S 0 h‘-‘ 0
/] 100 200 300 400 500 [1] 100 200 200 A00 500 1] 100 200 300 00 00
t 1 t
(b) d=20, s=0.1d (¢) d=20, s=0.5d (d) d=20, s=0.8d

Chang-Wei Shi, Shen-Yi Zhao, ..., Wu-Jun Li. "Global momentum compression for sparse communication in distributed SGD." arXiv 2019, arXiv 2024.
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O Global Momentum Compression (GMC)

>f$i/b\§j\1;)_—r Lemma 3 Let z; & w; + TZ(Wf — Wi 1) — 7138 then we have:
n
Zi41 = (W Zy).
1—8
Lemma 4 With Assumption 1, 2, if § < \/f the error residual can be bounded:
1 3 )
& 2 Elewl® < £,
kE[K]
where B2 = (1-5)(1+4)G?

1-[(1- A2+ D+

Lemma 5 The gap between z, and w; can be bounded: E||z, — w||*> < C1n?, where C; =
6(2624G2)32 22
(1-p)* (1-p8)%"

Theorem 6 With Assumptions 1, 2, 3 and 4, if § <
the following convergence rate:

4\/? and n < 2 Algorithm 1 has

4(1 — B)(F — F* QL 2
( / )( (ZD) ) o A +2(~r L27]2

1 .
— E||VEF 2 <

te[T)

6(2E%4G2)5° 2F2

where C1 = =—Gg—g7— + g9

hiRF

NANJING UNIVERSITY

Chang-Wei Shi, Shen-Yi Zhao, ..., Wu-Jun Li. "Global momentum compression for sparse communication in distributed SGD." arXiv 2019, arXiv 2024.
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O Global Momentum Compression (GMC)

>ResNet20/CIFAR1 O'I J | Table 1: Empirical results of different methods under 11D data distribution.

‘ , DGC DGC o .
gﬁ\ Dataset Model Method (w/ mfm) (w/o mfm) CSER DEF-A GMC

Accuracy 92.44% 92.30%  91.70% 92.29% 92.30%
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ResNet20 (BN)

= [ ROC  0.66%  0.66%  0.62% 0.65%  0.64%
>1 i 1 =0.1%, top_k D vt Accuracy 83.67%  83.35%  76.81% S2.67% 83.46%
RCC 0.82%  081%  0.62% 0.81%  0.80%

Accuracy  68.05% 68.66%  66.62% 68.72% 68.89%

. . . ResNe BN \ O NP O . 1 e
11D data distribution S 20BN Tpec”T 064%  0.64%  0.65%  0.64%  0.64%

Accuracy  59.28% 59.15%  50.35% 56.56% 59.28%

ViT ) i o : )
RCC 0.80% 0.79% 0.65%  0.79% 0.78%
10 w0
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70 0
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0 , .rﬁpar\f\' s & @
70l =70 ;50 im
£ 4 § 5
&0 60 . 3 8
: £ b -1 -
%50 DG (wi mfm} F 50 DGE (w/ mfm) ] DGC (w! mfm} &
& —— DGE [wio mfm} & — Doe [:.fn n;:n] ta ~—— DGC (wio mfm} =
0 —— CSER “ —— CSER 10 - ggsi 30
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(a) ResNet20, CTIFARI10 (b) ViT, CIFARI10 (c) ResNet20, CIFAR100  (d) ViT, CIFAR100

Chang-Wei Shi, Shen-Yi Zhao, ..., Wu-Jun Li. "Global momentum compression for sparse communication in distributed SGD." arXiv 2019, arXiv 2024.
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BSHEMLEE
O Global Momentum Compression (GMC)
. Table 2: Empirical results of different methods under non-IID data distribution.
»ResNet20/CIFAR107)l

, , DGC DGC ) .y
gﬁ\ Dataset Model Method (w/ mfin) (w/o mfm) CSER DEF-A GMC

Accuracy  67.13% 81.93%  78.65% 82.15% 86.51%

ResNet20 (GN)

\ — RCC 0.65% 0.65% 0.63% 0.65%  0.64%
>]%1EO.1%, top-k R —-— Accuracy  6024%  7L35%  67.35% T2.05% 73.34%
RCC  081%  081%  067% 081% 081%

Accuracy  50.02% 52.79%  50.17% 52.07% 58.59%

»Non-IID data distribution crearioo [ OV RO 06%  06%  06%  060% 063

Accuracy  53.29% 55.00%  45.91% 50.74% 57.77%

ViT y y : ;
RCC 0.79% 0.80% 0.70% 0.79%  0.79%
2,00 200 3.0 . 30
\ DGC (w! mim) | A\ )
1.75 | — DGC (wio mim) 175 25 \\\:\ 25 o,
150f —— CSER - 0 \m\.\_
w SN w n 2.0 " PEY) .
21.25 \: — GMC 2125 ke o 3 Hha 3 —
= - ) Rk - b -
21.00 E100 L - P15 . — P15 \\\k
8 ors Bozs DGE (w/ mfm) g B DGC (w/ mfm} - K] DGC [w/ mfm) ‘\\
= g = —— DGC (wio mfm) . F 101 — poc (wio mim) — F 101 — DG (wio mim) =
0.50 e 0501 csER —— CSER —— CSER
M“““-u_: — DEF-A 0.5 DEF-A 05 DEF-A
0.25 — o5t 20 — e o
00055 50 75 160 135 150 175 200 00055 50 75 100 125 150 175 Zo0 P0T5 @ s 75 160 135 160 175 200 "5 % s 75 160 135 10 175 200
poch Epoch Epoch Epoch
90 L 60
80 55 N,\,rr’"/w 55
50 ﬂ Wl:.f-ﬁ) 50 ﬂjf
3‘” e = E r i® W M e
feo : A : Pl
g G f’" o f,l'"‘ g% 7 A
550 DGC (w/ mfm) Zas «.P' DGE {w/ mfm) Bas / DGC (wf mfm)
2 = i —— DGC [wio mfm} = ,,A’f. —— DGC [wio mfm}
4 _ zggwfwh ik n £ —— CSER 30 f o .
30 DEF-A 25 ﬁ;" DEF-A 25 ﬂ.a DEF-A
— GMC [ —— oMe # = ome
W52 s 75 100 135 180 175 200 20525 S0 75 160 125 180 175 200 LA N E;noghus 150 175 200 0 25 50 75 E;ﬁh 125 150 175 200
poc
\ . i Ii) 1 ( ) T { J
(a) ResNet20, CIFAR10 (b) ViT, CIFAR10 (c) ResNet20, CIFAR100 d) ViT, CIFAR100

Chang-Wei Shi, Shen-Yi Zhao, ..., Wu-Jun Li. "Global momentum compression for sparse communication in distributed SGD." arXiv 2019, arXiv 2024.
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O OrMo: olEfNR T 0 HISGDEE
>NEHIEREEIRASZITZNEETNIRE, (BESS oM EEZFEEIMA
ESRaE, BEnhRBFmRAE;
SRH TRESHNEEZFEFNES, it TETFERIENRLE S B
HAZ0rMo, IEISUEBHTUENE, FEIREN T hal2lIBRe o Hh I B ZIEERA
K FAEIR_E5RAVIEIE, SLIOIOUE ¥ B, 18X AR T NeurlPS 2024,

bel ‘ 64 (homogeneous
M

2 s) Iarcgsnemls}
ethods ‘ Training ceuracy | aining Loss  Test Accuracy | Training Loss ~ Test Accuracy | Training Loss  Test Accuracy
ASGD 0.51 £0.01 66.16 £ 0.36 0.96 = 0.03 61.61 £ 0.59 0.51 £0.01 65.94 £ 039 0.95 £ 0.03 61.74 £ 0.30
naive ASGDm 0.54 £0.01 65.46 + 0.20 1.03 +£0.05 59.96 + 0.90 0.53 +0.00 65.69 + 0.42 0.97 + 0.06 61.13 £+ 1.02
.83 ® + ﬁ 2 ¥ + ﬁ 1 ® + }‘3 0 " shifted mome2mum 0.47 £0.01 66.37 + 0.14 0.82 +0.01 63.55 £ 0.32 0.47 +0.00 66.28 + 0.14 0.82 + 0.04 63.28 £ 0.66
SMEGA 0.41 £ 0.00 67.32 £ 022 0.69 &+ 0.00 64.16 £ 0.12 0.40 £ 0.01 67.29 £ 0.16 0.68 £ 0.02 64.12 £ 0.53
OrMo 0.41 £ 0.01 67.56 + 0.34 0.56 £ 0.00 6548 + 0.17 0.40 £ 0.01 67.71 £ 0.33 0.58 £+ 0.02 6543 £ 035
200 171 200 1
1 %0 T 1751+ 90T
T :
£ 1
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1 E VF 2 < O a IX 3 IX Ems | \!\J\ i fa |‘"" 'Mr“ 0 fr
T IVE(w)[|” < =tz T+ oo g e |
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(a) homogeneous (b) heterogeneous

Chang-Wei Shi, Yi-Rui Yang, Wu-Jun Li. Ordered Momentum for Asynchronous SGD. NeurIPS 2024.
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BSRIMAEE
O OrLoMo: maIENAERRE D HINSGDEA
> AR D U4 E BRYE IR MBS IR KR )12
28 TFRR =R ER ST o HISGDEE,
T Y BT EENAEN RS 2 HIlSGDEIAOrLoMo, EOrMofYEA £,
E:—MFJZ DTSR, i__LTﬂEﬂlIEUi'FEJ:H& MEAMKERTFREIR R AT, SC

iZRAA, OrLoMofE E*’JE%EJ?E:'E’\JU HIREF LRI EE 2 EIU L, BMER
Eﬁ*@ﬁéﬁﬂ, H)l|lZnRE B R THENANELSEE. i’lf)SZZvi%%"AAAI 2026,

/\

\

The: urem 1. With Assumptions 1, 2 and 3, letting 16LS~y < 70
(1- )% and 60 60
L5 <2K 80 80
"y — K ? > > > >
L [ Y ® 870 @70 8 % 8 %
OrLoMo in Algorithm 2 has the following convergence rate: 360 360 g40 g4o
< < < <
E|VF(wr)|® < 2K (-5 (F(w ) ) 50 PRSGDm 450 PRSGDmM =30 PRSGDm 530 PRSGDm
vST 2 40 AL-SGD 2 40 AL-SGD 2 20 AL-SGD 2 20 AL-SGD
dyLo* LS - 1)o? — local OrMo-DA — local OrMo-DA — local OrMo-DA — local OrMo-DA
- + 2 —5—, 30 30 10 10
K(1-5)2 (1-23) — OrLoMo — OrLoMo — OrLoMo — OrLoMo
where E|[VE(wp)|? = oreuiorlVEmol? - 205 50 100 150 200 20 5 50 100150200250300350 00 50 100 150 200 00 50 100150200250 300350
Pher) Mokt g ek Wall-Clock Time (s) Wall-Clock Time (s) Wall-Clock Time (s) Wall-Clock Time (s)
ST e, EIV Fiwe))|?
ORI o L R (a) homogeneous (CIFAR10) (b) heterogeneous (CIFAR10) (c) homogeneous (CIFAR100) (d) heterogeneous (CIFAR100)

Chang-Wei Shi, Shi-Shang Wang, Wu-Jun Li. Ordered Local Momentum for Asynchronous Distributed Learning under Arbitrary Delays. AAAI 2026.
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Device 3
Device 2
Device 1

Device 0
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3(3/1]]951=E8Y (Inter-layer model parallel) , 1&& P mini-batchHYJfE

A5 98 /Mmicro-batch, MTZEZER K ZEH 1Tl

NANJING UNIVERSITY
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. —Pmini-batchfINE[EZCE

LN g g LR g bl)

\ /
Gradients

[FintEE

. —“mini-batchHUINNE R E#T
mgizee: [N + 0]

weee: [0 + 0 (KN --
AR RMRA B—NMEBiRIAS/MGILE
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O DeepSpeed ZeRO

> P IREIEFHTEAN,, BRI (optimizer states)Y I3 AN R, BN T RINEF
ST D RRMAERIRSIISE, BREFHEEMall-gatherBEEFFIE S

> P, BT RN E CATRIEn 2450 A Bgradientffreduce, BEIE BgradienttI FHAYE
7, M F—/Rreduce-scatteri@ (=

>P . BT TURAFEECHFENSH O R, FEEEweightfJHall-gatherEB{S3RE

AN

» Sharded Dada Parallel (SDP): P,
» Fully Sharded Dada Parallel (FSDP) : P

ostgtp

[1] Samyam Rajbhandari et. al., ZeRO: Memory Optimizations toward Training Trillion Parameter Models, In Proceedings of the International Conference
for High Performance Computing, Networking, Storage and Analysis, 2020.
[2] Samyam Rajbhandari, et. al., . ZeRO-Infinity: Breaking the GPU Memory Wall for Extreme Scale Deep Learning. arXiv preprint arXiv:2104.07857, 2021.
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O DeepSpeed ZeRO
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op 7.5B Model (GB) 128B Model (GB) 1T Model (GB)
P(}S P()S—I—g Pos—}—g+p PDS PUS—I—g Pﬂs—l—g—}—p P(}S Pf)S+g Po.@—}—g—kp
1 120 120 120 2048 | 2048 2048 16000 | 16000 16000
4 52.5 | 41.3 30 896 704 512 7000 | 5500 4000
16 35.6 | 21.6 7.5 608 368 128 4750 | 2875 1000
64 31.4 | 16.6 1.88 536 284 32 4187 | 2218 250
256 304 | 154 0.47 H18& 263 8 4046 | 2054 62.5
1024 || 30.1 15.1 0.12 513 257 2 4011 | 2013 15.6

Table 1: Per-device memory consumption of different optimizations in ZeRO-DP as a function
of DP degree . Bold-faced text are the combinations for which the model can fit into a cluster

of 32GB V100 GPUs.

[1] Samyam Rajbhandari et. al., ZeRO: Memory Optimizations toward Training Trillion Parameter Models, In Proceedings of the International Conference
for High Performance Computing, Networking, Storage and Analysis, 2020.
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O DeepSpeed ZeRO Memory | K12

P=7.58
> e AILAIZRAFE RRIERREY gPUo gpu; gpuy,  Consumed |\ g,
V=2 o AL . N _._ Baseline .

>IRR: BETHEXR, JIE8EARS @+2+K)+W | 12068
P.. 2'I'+21P+K1;:' 31.4GB
Poseg 2W+(2+§j*‘" 16.6GB
2+ 2+ K)+W¥ 1.9GB

Pos+g+p N, '

Parameters Gradients Optimizer States

Figure 1: Comparing the per-device memory consumption of model states, with three stages of
ZeRO-DP optimizations. ¥ denotes model size (number of parameters), K denotes the memory
multiplier of optimizer states, and N, denotes DP degree. In the example, we assume a model
size of U = 7.5B and DP of N; = 64 with K = 12 based on mixed-precision training with
Adam optimizer.

[1] Samyam Rajbhandari et. al., ZeRO: Memory Optimizations toward Training Trillion Parameter Models, In Proceedings of the International Conference

for High Performance Computing, Networking, Storage and Analysis, 2020.
[2] Samyam Rajbhandari, et. al., . ZeRO-Infinity: Breaking the GPU Memory Wall for Extreme Scale Deep Learning. arXiv preprint arXiv:2104.07857, 2021.
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O Megatron-LM: PTD-P (pipeline, tensor, and data parallelism)

Deepak Narayanan et. al., Efficient Large-scale Language Model Training on GPU Clusters Using Megatron-LM, In Proceedings of the International
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OB88xHTAA

>BAETHEE . FlexFlow, ...

>EEEANX! : DNN-Partitioning, Colossal-Auto, ...
>aISALK . Galvatron, Piper, DAPPLE, Pipedream, ...
> RAAIE: Alpa, ...
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ntra-Layer Automatic Parallelism by MIQP
i, FERERIUAYFHTRES
SESIZI RN

SBIFHTRESE

SAEN AL SV

Hao Lin, Ke Wu, Jie Li, Jun Li, Wu-Jun Li. UniAP: Unifying Inter- and Intra-Layer Automatic Parallelism by Mixed Integer Quadratic Programming. CVPR 2025.
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BT
O UniAPRYfCITREY (Cost Model)

> B EJAREY
B 1RIEE N sampleBIRIAAS B 1THE—ERIHITHTE]
B RIEk ERVEHHMRIB(SEfall-reducel B EMiT T S NHE(SHTE]
B RIEK BV EHHME (S E P2 PB SR GiIHET S E (ST E]
B \ITE-BEEERF, BMEITHRE

> BFRE
B RIESK=ERIAIN. SUESREF I EX/IMETT EFHFE
B XINE R E T EFEEHERENETHE, BMEIhEE

Hao Lin, Ke Wu, Jie Li, Jun Li, Wu-Jun Li. UniAP: Unifying Inter- and Intra-Layer Automatic Parallelism by Mixed Integer Quadratic Programming. CVPR 2025.
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Hao Lin, Ke Wu, Jie Li, Jun Li, Wu-Jun Li. UniAP: Unifying Inter- and Intra-Layer Automatic Parallelism by Mixed Integer Quadratic Programming. CVPR 2025.
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BalHAT
Algorithm 1 Unified Optimization Process

D UnlAPH/\Jé}E_1jﬁ1’tﬁ$3nE (UOP) Input: Profiling results PR, strategy dictionary SD,

mini-batch size B, computation graph G, and the number

> AT KT ITRIEE of GPUs .

Output: Optimal cost cost,,in, pipeline degree deg,,in,

the number of micro-batches ¢,,,;,,, layer placement P,,,;
SN2/ = min, 1aYEr p mins
>¢ng1ﬁ&¢tt$k/ .J \ and intra-layer strategy Sp,in

deg’nn'n =1

> TAKGFHTRIORBRIAHT  r o

A, R, , M =calculateCost(PR, SDI[1], G, B);

== = COStmina sz’na sz’n = QIP(A, Ra AI):
>BEeRsitE for deg in {2, 4, ...,n) do
forc=2to Band c| B do
Micro-batch size b = B/c;
A, R, R', M =CalculateCost(PR, SDl[deg],
g, b);
cost, P, S =MIQP(A, R, R', M, deg, c);
if cost < cost,,;,, then
COStmina deg’min: Cmins sz'na Smin = cost, d(?.g,
c, P, S;
end if
end for
end for

Hao Lin, Ke Wu, Jie Li, Jun Li, Wu-Jun Li. UniAP: Unifying Inter- and Intra-Layer Automatic Parallelism by Mixed Integer Quadratic Programming. CVPR 2025.
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O UniAPRYSCEE 4

Env. Model Training throughput (samples/s) [\finirgum I\faxirclilum
Galvatron Alpa UniAP speedup speedup
BERT-Huge  33.46 &+ 0.28 3156 £0.04  33.46 £ 0.28 1.00 1.06
ENVA T5-Large 23.29 + 0.04 MEM x % 23.29 £ 0.04 1.00 1.00
ViT-Huge 109.51 £ 0.07  97.66 £ 1.42  109.51 £ 0.07 1.00 1.12
Swin-Huge CUDA x*) N/AY 67.96 + 0.12 N/AY N/AY
BERT-Huge 6.27 £ 0.17 8.95 £ 0.06 10.77 £ 0.13 1.20 1.71
Envg | Do-Large?  8.06 + 0.06 MEMx ” 7.98 £ 0.05 0.99 0.99
ViT-Huge 3220+ 0.17 38744+ 020  45.58 + 0.54 1.18 1.41
Swin-Huge 13.90 £ 0.17 N/AY 19.08 + 0.10 1.37 1.37
ENVC  Llama-7B 122001 N/AY 4.63 £ 0.007 3.80
Env. Model Strategy optimization time (min.) I\;llrm"gum I\:axn;]lum
Galvatron Alpa UniAP speedip speedp
BERT-Huge  6.44 £ 0.588 >40 0.37 + 0.002 17.29 > 107.41
ENVA T5-Large 12.41 + 0.122 MEM x ») 0.89 + 0.007 13.98 3.98
ViT-Huge 6.29 £+ 0.464 > 40 0.57 + 0.009 10.95 > 69.60
Swin-Huge 11.88 + 0.666 N/AY 2.16 = 0.004 5.49 5.49
BERT-Huge  2.04 +0.010 >40 1.51 + 0.005 1.34 > 26.32
Envg  Do-Large” 2,64 £0.110 MEMx 0.91 = 0.005 2.90 2.90
ViT-Huge 2.37 £ 0.180 > 40 1.11 + 0.011 2.14 > 36.01
Swin-Huge 4.29 +£0.320 N/AY 2.29 £ 0.010 1.87 1.87
ENVC Llama-7B 6.84 + 0.055 N/AY 0.58 + 0.006 11.83 11.83

B
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Wl Swin-Huge-48
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b
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£
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Models with mini-batch size

Swin-Huge-48
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Hao Lin, Ke Wu, Jie Li, Jun Li, Wu-Jun Li. UniAP: Unifying Inter- and Intra-Layer Automatic Parallelism by Mixed Integer Quadratic Programming. CVPR 2025.
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OUniAP: EfkE 8T X 4 DCUM R

Model Training throughput (samples/s) Strategy optimization time (min.)

Megatron DeepSpeed UniAP Megatron  DeepSpeed UniAP

Llama-7B  2.01 + 0.005 SOL x 2.01 = 0.005 > 8.0 hours SOLx 3.07 + 0.121
Llama-13B  0.82 + 0.001 soLx"  0.82+0.001 >2.5hours SOLx ! 1.95 + 0.076

Training throughput (samples/s)
Top-1" Top-2* Slowest” Median®

Llama-7B 3 2.01 1.92 0.22 0.82 41 64
Llama-13B 4 0.82 0.58 0.27 0.42 42 43

Model Batch size

#infeasible” #candidate®

Hao Lin, Ke Wu, Jie Li, Jun Li, Wu-Jun Li. UniAP: Unifying Inter- and Intra-Layer Automatic Parallelism by Mixed Integer Quadratic Programming. CVPR 2025.
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>REOERM: #8508, 8fE. SENE EFEIms
> BT RIPEERON G ZFEFIUIRS S E SR A
S T T BB SR RE DTS ;fBASGD/BASGDm, R T
IRSZESE(SNE)E, HServer NEFEHFA, 884 non-iidEHE. B Serverfs
?11%":—2|§E§ET)L%§IQIIEI"J#Q#/f HXIBILZFZTFTICML 2021/JMLR 2023,

N

T l
D06 0 6 T BV )IH<O([ uk 1)
e Workers . O ( . D dCT )
@ @ q r +l (g—r+1)2

GD

rDdxk 2LDDA? Ty 56

‘ Buffer_0 ‘ \ Buffer_1 l I Buffer_2 J l Buffer_3 } | Buffer_4 ’ }Ehuﬁers on + () (( I 114 ) + () ( g 112 ) rdam

e server q r+ 1)2 (q r+ 1)4 am
E;c?c poch

Yi-Rui Yang, Wu-Jun Li. BASGD: Buffered Asynchronous SGD for Byzantine Learning. ICML 2021/JMLR 2023.
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OByzSGDnm: ETFASEHWEIENELESTTNFIE A
> BEURNIEISHISEYS EUERR Y BEESPET REE e 0 RERYIEIN, &ICAItERX
NN ZIEX, (EEREBANESENZEE FE;

>R T E T AN EUEIERNEEByzSGDnm, BILAFIFEXRRIIME, BEILLERLE
EERIBE. NI B NEETTHE, RAFIEE, BXIEARFTICLR
2024,

oK Z
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) Batch size Best | 32x8  64x8  198x8  256x8  512x8 10248
1 L= Batch si ByzSGDm with KR ByzSCDm | KR | 83.45% | 38.55% 5415% 55.98%  50.28%  83.42%  83.45%
- Z E(|VE(wy)|* <U(B) atch size ByzSGDnm + KR | 85.93% | 43.47% 70.88% 80.20% 82.83%  85.12% 85.93%
T = d=20 g =1 §y=3 ByzSGDm + GM | 87.62% | 63.11% 70.88% 82.08% 87.62%  86.95%  S4.75%
' ) 1 8 8 ByzSCDnm + CM | 89.13% | 69.45% 83.23% 86.63%  88.66% 89.13%  88.16%
B 3 3 (cd(1 +com)\3 ioh 328 91.08% 55.84% 38.55% ByzSGDm + CM | 83.25% | 33.11% 55.66% 66.38%  82.47%  83.25%  80.94%
= 16L2 (Fp)2m m(l—0) o3ls . o o 00 0 ByzSCGDnm | CM | 86.03% | 61.28% 71.46% 80.24%  83.55%  86.03%  85.74%
0 ' 64x8 89.98% 63.22% 54.15% ByzSGDm + CC | 87.46% | 72.83% 79.45% 4.94% 87.25% 87.46%  83.70%
Agg(uil) o ugm)) 198% 8 89.71% 75.06% 55.08% ByzSGDnm + CC | 88.53% | 78.50% 83.91% 86.56%  88.32% 88.53%  87.89%

Wil = Wi — - — - s S S Batch si 32x8 648 1288 2568 5128

|Agg(ml. ... ul™))| 2568 89.15% 84.47% 59.28% — 9;5 e 2297 106,95 12505
L . ) 3 512% 8 R6. ]_"j% 85. 68% 83 _12(/( ByzSGDm  2007.39s (x2.04 faster) (x3.84 faster) (x5.47 faster) (x6.38 faster)

L 1= 6 {\/ Sema(1 —3) - 1] *(5LEeY)T 18| \/2emd(1 0] + 1} P o NS o Ao ] ~ 978.50s 515.465 376.70s 327.62s
T Z E|VF(w)|| < — 4 — : 1024 x 8 84.97 /f 83.48 /C‘ 83'45% ByzSGDnm  1985.78s (x2.03 faster) (x3.85 faster) (x5.27 faster) (x6.06 faster)

- C4 C2
t=0

Yi-Rui Yang, Chang-Wei Shi, Wu-Jun Li. On the Effect of Batch Size in Byzantine-Robust Distributed Learning. ICLR 2024.
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Theorem 3.1 (Lower Bound). Ifan (f, k)-robust aggrega- ; Multi-Krum (Blanchard et al., 2017)
tor is e-accurate, we have € > ﬁ a=0.1 a=1.0 a = 10.0
0 (=mean) 89.42% 89.36% 89.55%
Table 2. Values of € for different robust aggregators 1 88.05% (-1.37%) 87.50% (-1.86%) 88.36% (-1.19 %)
Aggregator | GM ™, M | Lower bound 3 83.500% (—5.9267;;) 84.492’{0 (—4.872/0) 87.022’{0 (—2.532’{0)
) ‘ : ﬁ LTELI_JIJ ‘ % ; 69.86% (-19.56%) | 80.40% (-8.96%) 84.64% (-4.91%)

40.31% (-49.11%)

FRE

68.54% (-20.82%)

73.69% (-15.86%)

BRSBTS

Yi-Rui Yang, Chang-Wei Shi, Wu-Jun Li. On the Tension between Byzantine Robustness and No-Attack Accuracy in Distributed Learning. ICML 2025

57



UniAP: RRMHDHUERFIFEMER gaikd

UniAP + SNGM UniAP + ByzSGDnm

100+
i Y, y — ?r:? RE
iRt V3287 MEXD BETREREE HHE fw®e
80 ewlmmean . oo™
T
. . . T. N (1] —~ o]
ViT-Base 2 x 4 NVIDIA Titan XP <19 MSGD 63.78% ?\j 60 |
SNGM 74.20% ol
g 401 |
L0 MSGD 70.22% b /f/ﬁ"
. SNGM 76.85% s'
ViT-Huge 1 x 8 NVIDIA Tesla V100 <19 MSGD 56.59% 20 ,
SNGM 70.03% ’
0 25 50 75 100
IREIE RS
- 5 - £ 54 YNAEIBFSEIRS BRIINE RN
A YIGRIRTE ERN FHEE FHEHREN 3 g
1024 SNGM 165.89 GPU ¥ = JE 44 ByzSGDnm &% ATP
ViT-Base 2 x 4 NVIDIA Titan XP SN(’WD 5449 2 7.50GB 6.25GB
8192 SNGM 17.64 4 9.08GB 6.68GB
SNGM-3D 11.78 '

8 12.17GB 7.73GB

> FEIAGPURRITHEE R E ECUDAMRAR T 22 HRIEN S B
BRI CUDA s i,

Zil2%+F: UniAP
> UniAPETIMERE AR SN ZEATRIILE “CUDA+”
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ANTi)

throughput
(sample/s)

ZHl (2T

UniAP
ATP 2DP 2PP
micro-bsz=1

#mic=4

2.2154 (+65%)

=, 16K), global bsz=8

Megatron
8TP 2PP
micro-bsz=1

#mic=8

1.3381

BRSBTS

F5f]
ATP 4PP
micro-bsz=1

#mic=8

2.1817

NANJING UNIVERSITY

F1]
2TP 2DP 4PP
micro-bsz=1
#mic=4
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(sample/s)
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ZH 4=, 32FK), global bsz=16

UniAP Megatron Fa/] Fa)]
ATP 4DP 2PP 8TP 4PP 8TP 2DP 2PP 2TP 4DP 4PP
micro-bsz=1 micro-bsz=1 micro-bsz=1 micro-bsz=1

#mic=4 #mic=16 #mic=8 #mic=4
41170 (+68%) 2.4548 2.5513 OOM
SRR, UniAPIRFHER A
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&R Qwen3-8B

> Z 4L
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SEERF /N 28T e, &R
IUHEZR: MPI

RET

CR RS
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R zllIZk

U Qwen3-8B, #iES: llama2 dataset

>global-batch-size: 256, micro-batch-size: 1, FF/S5sequence-parallel

F1IFREHME (tokens/s)

FRE

8t
8t
2t
41t
2t

0-1
0-2
0-2
0-2

0-2

O O O O O

0-20
0-1d
0-40
0-1d

N-20

0-Tcp 70.83
0-Tcp 65.73
0-Tcp 158.05
0-2Cp 51.60
0-2Cp 86.85
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K

=: gsm8k, o IIEZE:

»rollout n: 5, max prompt length: 512, max response length: 1024

FRE

F1IF-REIE (tokens/s)

8t
8t
8t
41
2t

0-1
0-2
0-1
0-2

n-2

O O O O O

0-20
0-1d
0-1d
0-1d

n-20

0-1cp 13.8368
0-1cp 12.9950
0-2CP 5.2994
0-2CP 11.2994
0-2CP OOM
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