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APPENDIX

A  PROOF OF CLAIM

Proof. Consider n scalar functions that for each i € V, f;(z) = (1/2)(x — a;)? for some aj;,
and complete graph with W = (1/n)1,1]. Leta; = a,¥i = 1,...,n/2, and a; = b,Vi =
n/2+1,...,n,andb—a > 2B +1. Let x? =a+0.5,Vi € V. Then, Vi € V, vanilla normalization
reduces to

n

1
1_ 1 0 cion(a® — .
i =~ E (a:T asign(x; a,))

r=1

n
=20 — % Z sign(z¥ — a,)
r=1

n/2 n
0 @ . o} .
=z, — — sign(0.5) — — sign(0.5 — (b—a
- ; (05) — T_%;H ( (b—a))

=T,

Therefore, 2! = a + 0 5,Vr € V,Vt > 0. Since the optimal solution to the original problem is ‘“’b

the optimality gap is T - 05> B. D

Remark 9. Note that the proof above can be further extended to the case where the gradient oracle
admits almost surely bounded gradient noise. We can use the noise bound to adapt the choices of
a,b, e such that all signs still get canceled. Similar examples have been used to show divergence
results in[Shulgin et al.|(2025).

B PROOFS OF THEOREMS

Proof structure. The central recursion of our analysis leverages the descent lemma for L smooth
functions applied to consecutive network averages of {mf“} and {z!} (Lemma . This recursion
involves two coupled error sources: consensus errors between {x!}, {y!}, and gradient estimation
errors. We establish the intricate coupling between these errors through a series of intermediate lem-
mas. Our proof strategy proceeds as follows: we first derive two key lemmas that bound consensus
errors in terms of gradient estimation errors (Lemma 4] and [6), then decompose gradient estimation
errors into constituent components, including average gradient estimation errors (Lemma [/) and
stack gradient estimation errors (Lemma(§)), and bound each separately. With all error bounds estab-
lished, we substitute these into the main recursion and optimize hyperparameter selection to achieve
the final order-optimal convergence rates.

B.1 PRELIMINARIES

We define some stacked long vectors,

F(z') = [fi(@]),... falal)],

VE(@') = [Vi(e)', ...,V u(2) '],
6) [gl(wlaél) 7"'7gn(w;a€;)—r]—r
v'=

(:Ztt, t
= (Ui) ""7(UZ)T]T7
_ (W)’ n)T}T
lytll ™l
et = [(ah) () ]
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Then, Algorithm[I]can be rewritten in the compact long-vector form:

o =g (1= Pgla' )
y=Wel)y '+v —v'),
't = (W L) (z' — aN(y")).

We define the following averages over network:

~t 1 S t — 1 t

o= v 9 :Zyw Z =12 =
n Hyz I n &

From the doubly stochasticity of W, the global average updates as

t
_ _ « Yy _ ~
wt“:wt—fg =g — oyt
n ¢

B.2 INTERMEDIATE LEMMAS

We first present some standard useful relations to be used in our analysis.

Lemma 1. The following relations hold:
1. yt =t
2 W 1,1 /n=W —-1,1] /n)(I, — 1,1, /n) = (I, — 1,1
3 Wk 1,17 /n=(W —1,1] /n)F Vk € N;
4. (1/vn) i laill < llall < 325 | =laf,...,a,]"
Sral < (S0 a)” <mPmtYT 6P ¥m € Ny, Va; € Ry

i=1 0 =

.

We then present a standard decent lemma for L-smooth functions .

0 /m)(W

€ Rnd

(6)
(7
®)

1 n

(©))

(10)

— lnl;lr/n);

Lemma 2 (Decent lemma for L-smooth functions). Let Assumption |2\ hold. For any x,y € RY,

there holds

F) < F@) + V@) @y -2)+ 5 o~y

We next present the main descent lemma on the network average.

Lemma 3 (Decent lemma for network average). Let Assumption[2|hold. Let €' = g* —V f(x!). We

have

T-1 T-1 T-1 n

t=0

Proof. Since ||zt*! — zt|| = a||g’|| = «, applying Lemma[2on z'*!
f@™h) < f@) + Vi) (@ -2+ ||€'3tJr1
(@) L
< @) -aly' —€) g+ Sa?

(i) B _ B L
< f(@) — o) g +alle| + 507

16

, Tt gives that

7t||2

T—1
_ _ Q _ L
E o V(@) < f(&°) — fu + E 2a/|€t]| + E - E ||yt*yf||+§:§a2.
t=0 t=0 i=1 +=0
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where we used the definitions (9)(10) in (i), and used Cauchy-Schwartz inequality followed by
[t] < 1in (ii). Next,

—t n

=75 == [y 5 S G~ )
<11+ 15 Y s vl
L Iv s+ e+ 57 15~ |
=1
v+ e+ 230 15 -l 12
=1
whee we used [ = [VF(@") + ¢ > |V£(a)

(4), and |HaH — ||b||| € ||l@ — b]| for any a,b € R? in (ii). Plugglng in (12) into (11, and summing
overt =0,...,T — 1, we have

T—1 n T—1
_ _ L
f@") < f(@°) =) a|ViE \+Z2allet||+z ley —yil+ ) 5ot
t=0 i= t=0
Using f(2”) > f. and rearranging terms above give the desired result. O

Wlth Lemma 3] it remains to bound the gradient estimation error ||€’|| and the consensus error
y! — g'. Let us decompose the gradient estimation error as follows:

e =y -Vf@)=v" -Vf(@") =v"-VF(z")+VF(z") - Vf(z'). (13)

:=Et1’ €R4 :=656Rd

It is clear that €} is the gradient estlmatlon error, and €4, exploiting the smoothness property 1nl

can be bounded by the consensus error ! — Z'. Slnce the consensus error is also used in bounding

€}, we need to first bound the consensus errors ! — z' and y! — y'.

Lemma 4 (Consensus errors of {x!}). We have forallt =0,...,T,
1<, a\
— . — . 14
nznwl TI=1"3 (14)
i=1
Proof. Using the relation 4 in Lemma|[I] we have
LS ot~ < ot ~ 1, 04| (15)
n ~Vn " '
From the compact form update in (8], we have
t—1
= (W & Id)mo -« Z(W X Id)tik./\/.(yk).
k=0
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It follows that
&' — 1, @ &'

1

t—1
) 1 -
Ll Y (a1 @ L)W @ 1) N )|
k=0
t—1

_ 1
<all Y IWE = 1T LN

k=0

@) =t 1 -
<ald W - Elnlﬂtz IV Pl
k=0

t—1
<ayn ) ANTF (16)
k=0
i)y /m
< .
< (17)

where we used the double stochasticity of W and =¥ = £°,Vi € [n] in (i), the relation 3 in Lemma
[1]in (47), and Assumption]in (iii). Substituting into gives the desired bound in (14). O

Before proceeding to bound consensus errors for {y!}, we present the following bound on vector-
valued martingale difference sequence from |Liu & Zhou|(2025).

Lemma 5. Given a sequence of random vectors d; € R%, Vt such that E[d; | Fi_1] = O where

Fi =o(dy,...,dy:) is the natural filtration, then for any p € [1,2), there is
T T 1
B[ dil] < 2var[( S ldifr) ] v > 0.
t=1 t=1
Lemma 6 (Consensus errors for {y!}). We have forallt =0,...,T,

1 n
B[ Iyt~ ']
=1

t 1 t
1,1 P 1 1 —
< 2vani (5 - 1) (Do) g 4 (G =) NTE[IVEEY) — o],
k=0 " k=0

Proof. Similar to (15), we have
LS ot = ey e as)
n vn

Following from (7),

y -1.oy (19)

17)

(Ind - %17111 ® Id) (W ® Id) (yt71 + ’Ut — ’Util)

=(Wol— %1,;1 @Iy '+ (Wel;— %1n12 ® I) (v — v

K3

=(Wel, - %mg ® 1) (Ina — %17112 ®I)y'" '+ (Wel, - %ml ® Ig) (v — ')

t
i 1 _
(@) S (Wel - 51,11;[ @ I,) ! — oY), (20)

k=0

—~
=
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where we used relation 3 in Lemmalm and used y? = 0,4,Vi € [n] in (ii). From the update in
(6, we have
v =o' = (-1 + (1= B)g(a’ ) = (1= B)(v" — v + (1= B)(g(a", &) — v").
Then, there holds,

ot — vl = (% ~1)(g(at, &) — vh) = (% _1)(g(at, &) — VF(@') + VF(@') — o). (1)

Putting the relation above into and applying recursively, from y) = 3", we have

t
Hyt -1, ® gtH < (% — 1)” Z (W ®I;— %1711;[ ® Id)t—k-‘rl (g(wk,ék) . VF(a:k))H

k=0
1 ¢ 1 T t—k+1 k k
G-I (Weli- 1.1, 0 L) (VE@E) - )|
k=0
(22)
We note that the first half of the right hand side above can be addressed by Lemma [5}
t
1 —k
E[IY. (W e L ~1.1] @ L) ™ (g(a*,¢") - VF (b))
k=0 t 1 (23)
<2V2R[( S AP gk 65 - V@) )]
" k=0
We observe that
t
2V/3E (ZA<t—k+1>p||g<w’as’f)— F@OIP)” | 7]
¢ n 1
< 2V3E (Z NP (3 gi(ark, €8) — VA(@hI)") | Fia)
i=1
@ L »
< 2VIR[ (30 S AP g, b gh) — V fi(@h)P) | Fid]
" k=0 i=1 (24)
£ 2va(8[3 W gy (et €) — VA7 | Fiol]
=1
t—1 n 1
30 A gy, €F) - V(b))
k=0 i=1
t—1 n 1
a3 (e 4 3 S A g, (2t ) - V() 7)
k=0 1=1

where we used relation 5 from Lemmalm Jensen s inequality in (i%), and Assumptlonlm (4i7).
From (23), taking expectations on both 51des of @ , and applying the above arguments recursively
from F;_o to Fy, we have

t 1
1 T t—k+1 k sk (t—k+1)p\ P
E[%(W@Id—nlnln@rd) (9(a*,€") - VF(a"))]] <2xf(2A ") no
Therefore, using the relation above, and (18], (22)), we reach the desired relation. O

We then bound average gradient estimation errors €] = ¢ — VF(z?).
Lemma 7 (Average gradient estimation errors). Forallt =0,...,T, we have

E[Hf)t —vF(mt)H] < ﬁtJrlHVf(a—:O” 51\/51 (Zﬁ(t*k)P(l ) o+ Zﬂt k+1( 20{)\
¥ k=0
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Proof. Following from the step 4 in Algorithm(I] Vi € [n],
vf = Vfi(a}) = Blo; " = Vfi(zi™h) + (1= B)(gi(}, &) — Vfi®) + B(V filz{™h) = V fi(z}).

(25)
Averaging the above relation over ¢ = 1, ..., n leads to that:
e =o' - VF(z")
I RS - -
= (o~ VF@ ) + (1 5) -~ S (gi(al, &)~ Vhilah) +6 -~ S (Vi) - Viilal)
i=1 i=1
:=stcRd i=ztcRd
t
_ ﬁt-l-l + Zﬁt k B)Sk + Zﬁt_k+lzk.
k=0
Taking Euclidean norms on both sides gives that
t t
letll < 8 et + 1) 87 = B)s™Il + 11 Y 512, (26)
k=0 k=0
We now bound the terms on the right hand side of (26) one by one. First,
lex* I =11o7" - ~ Zsz M = IVF@°)]l- 27)

Second, notice that {3*=*(1 — 8)(g;(x¥, £F) — V f;(x¥))} is a martingale difference sequence that
falls into the pursuit of Lemma@ and thus we obtain

E[l Sk - 8)s" ]

k=0
= TE[IY0 3840 - ) (gt &) — V)] 28)
k=0 i=1
< P2R[(SO0 18R - B)lgilat €6) ~ VAEh)IP) .
k=0 i=1
Note that
225 (3 I8 H (1 - A)(gi(at &)~ VD)) | Fioa
k=0 i=1
Q2 (5[ S S k1 - (et €) - VAP | i)
k=0 i=1
< 22 (B[ Y0 87t €) - VA | Fio] 09)
t—1 n 1
30D IB T - A)gilat €5) — Vi) )
k=0 i=1
D201 pper+ 318741 - Alautat. €D — VG IP)

k=0 i=1

where we used Jensen’s inequality in (i) and Assumption[3|in (i¢). From (28), taking expectations
on (29), and recursively applying the preceding arguments from F;_» to Fo, we have

: t—k k 2\@ d (t—k)p P %
E[Ilkzoﬂ (1-8)s"|] < 1;(;05 (1-p8y) . (30)
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Third,

t
H Z Bt—k-‘rlzlc”

< Zﬁf b L Z(Wi(wf‘l)—wi(wf»ll

i=1

< ZW“( an — V@) + - an 1) — Vi@
k=0

=1

*%Z 195" — Vb))

n

1o 1
g (L an“ S+ L= E T -+ L Y[ — o)
i=1

i=1

INS
ol
u M~
[}

—~

IN S
&

]~

=~
Il
=]

€2y

where in (i) we used Assumption 2] and in (ii) we used (I4) in Lemma [ Putting relations
E7BO)@I) together leads to the final bound for this lemma

We next bound the stacked gradient estimation errors.

Lemma 8 (Stacked gradient estimation errors). Forallt = 0,...,T, we have
Effv" — VF(z")]]
i > 20\
< t+1 Ia 1 ) ( t k)p 1 _ ) P t— k‘+1< >L
<BHVE(L @ 2% +2v2( )8 By no+n2/3 Ty te

k=0

Proof. Define €} := v' — VF(z!) € R". Similar to (23)), we have
v~ VF(z') = B0~ = VF(@'™")) + (1 - 5) (g(z',£') - VF(z")) +5 (VF(z'") - VF(a'))
:=gtcRnd :=ztcRnd
t t
=pE + ) BByt Y pER
k=0 k=0
Taking Euclidean norms on both sides gives that

t t
€t < B HIE I+ 11D B8R = B)&* |+ (1) B ER.
k=0 k=0
Similar to the analysis in Lemma[7] we bound the right hand side above term by term. First,
el = IVF (1, @ 2°)]].

Second, notice also that {3~%(1 — 3)8*} is a martingale difference sequence and can be dealt with
using Lemmal[5} We have

B[ 871 - B)s*]

k=0

=E[|> 871 - B)(g(a', &) — VF(x"))] (32)

k=0

<2VIE[(Y 4P (- P llg(at, &) — VE@)|)P].
k=0
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In addition,
t

2V2E[( Y B P(1 - pPllg(at, €' — VF(2!)|P)

k=0

=

| Fii]

(#) 1
< 2V3(B[Y AU (1 - g7 g(at,€") - VF@)|] | Fon)
k=
(i4) ¢ 1
< 2v2(B[_ gt anz @l,&h) = Vi@))"] | Fion)
k=0

k=0 i=1

t
>
0
(i’it) 1
2 aVa(B Y30 81— (el — VAP | i) ()
S 01— By Vgi(at, €) = VH@DIP | Fooi]

=1

=2v2(E[

t—

1 n ¥
+ 30D B gy gi(at, €)) ~ Vfi(@h)])”)”

k=0 i=1
t—1 n 1
<2v2((1 = Bynra? + 30" B4R - B lgi(w!, €)) — Y filah)|)
k=0 i=1

where in (¢) we used Jensen’s inequality, and in (i¢), (i) we used relations 4,and 5 in Lemma
[T} respectively. Based on (32), taking expectations on both sides of (33), and applying the above
arguments from F;_o to Jy, we obtain

t

||Zﬂt H(1 - 8)8t] < 2v2( 3 8P - B) e

k=0

=

Third,

t
H Z ﬂt7k+12~’,k”

k=0

t
< Y BTEYVE(@M ) — VE ()
k=0

ZZ BRIV i@y ™) = Vi)

\/\
-~ H

) LIV (@b = VAE@E T+ VL@ - VAE] + Vi) - @)

(@) t
: z RRG=EOE
k=

where ( ) follows from similar arguments in O

Now we are ready to prove our main theorems.

Proof of Theorem[I} We observe that

T 1 n 1T71 n
LSS ENVAEDI < - S0 S B[V - Vi@ + V@]
t=0 =1 t=0 i=1 - (34)
- -
=1 A SRV @)].
t=0
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From Lemmas[3} (13, and Lemmal6]

T—1
> allviE
=0

T-1 o T— 10& n TflL
< J@) = o+ Y 20(lelll + IVE@) - Vi@ ) + 32 53 gt - ull+ 3 5o
t=0 t=0 i=1 t=0
< f@°) - f.
T-1 22 /< 1 20\ AL
+22a{5t+1Vf(io)||+n£(kz_oﬁ(t"“)1)(1—ﬂ ) a+26t k+1(1a/\+ )L+ - )\}
1 t
Z {anz 3 _1)(2/\(t7k+1)17)1’0+%(% _1)Z)\tfk+1]E[||VF(mk)_,vk”H
k=0 k=0
+%a2LT
@ ., 0 o 4420 11 4L o?T 2L 9
Sf(w )_f*+2||vf($ )H 176_‘_77,17_%0((1_6) PT+17)\175+17>\O[T
2\/0 1 1,
— —1)aT + =L-a’T
(1_)\)% (5 o +5L-a
~ < t—k+1( pt+1 0 1-1 2nL  af
t o aZZA—+(5+||VF(1n®:z)||+2\/§no—(1—5) Ty Tog)

where in ( ) we used 8 < 1, A < 1 and Lemma/(8] Denote f(z°) — f. = Aq. Dividing o7 from the
above relation on both 51des and putting it into (34)), then rearranging terms leads to

T—1 n
TZZE IVf(x
t=0 i=1
Ao 2|V 1-p)'"% 4L  « 3L L
< — 4 . -
St aogr T It 1—ﬁ+<1—x+2>“
22,1 IVF(1,®2% 3-1 220 1,1 1
+——7-n2(5 1)+ - nz(—-—1)(1- P
(1=XN)7 (ﬁ ) - A n:  1—2X (5 Ja=5)
L 2L
(1_/\)2 n2ow
© A 2| VI (1-8)'» , 4L  a  B35L
<= 4 .
~ar T a=ar + V20 e S A T
20120 1 W|VF1, 2z 1-8 20/20 . 91 2L 1
—  .n2(1 - . .n2(1 — P 2
+(17A)% nz(1-p6)+ T . + T nz(1—p) +(17A)2 n2a
@ (Ao 2|V (1 6)1*% LA, 3.5LAg
<O(=>+ 7 + 420 - — + +
(T (1-8T nl=% (1-MN(1-pT (1—NT
N 204/20 _n%(l_ﬁ)+10||VF(1n®:E0)H . 1_5+ T aba-prta nz LA )
(1—A\)7 1—\ na 1—A (1—N)2T
(@) \ LA 3.5LA
< 0( l f( 2)II+ I o4 0
T T2  pl 5T = (1— \)T32 (1-NT
N on? IVF(1, ® )| o ni n¥LA, )
1-NpT5=  (1-AniTwz  1-ApEs (1—X\2T
(35)
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where in (¢) we take 8 > 1/10, in (4i) we used

o Ao(1—p)(1—)) \/Aou—A) (1—A)2A
O‘_mm(l’\/ ALT N T35 N\ T onior ) (36)

and in (74i) we used 1 — 3 = —L—. O
T3p—2

Proof of Theorem[2] Note that (33)(ii) still holds under the same choice of « in and § > 1/10.
Continuing with 1 — =1/ /T, we have

T—-1 n

7L ElV(@

t=0 i=1

-0 %
< O( HVf(CE )” + g i 1 - + 11 LA(] 3. 5LAO i i_’_
T VT % 7% Ti V1 /\ (1- (1=X\7# VT
IVFE(1, @z L onz 1 mLAO )
(1-XNnz VT 1-2A T22;1

Rearranging above terms leads to the desired upper bound. O

C ADDITIONAL EXPERIMENT DETAILS

C.1 BASELINE DESCRIPTIONS

Please see Table 2] for detailed descriptions of baselines.

C.2 ADDITIONAL DETAILS FOR SYNTHETIC EXPERIMENTS

Loss function. Let (X 1, y; 1) denote the k-th sample of sub-dataset (X;, y;) on node i. The loss
function of the considered nonconvex linear regression model on this sample is ¢(y; . — Xi,kwﬁ),

where the
P b (1— [1- (T)2r> if r < c,

5 otherwise

=%

)

N

and we use the suggested value ¢ = 4.6851 in the robust statistics literature.

Hyperparameter tuning. Please see Table [3|for hyperparameter searching ranges for this experi-
ment.

Hardware. We ran this experiment on Mac OS X 15.3, CPU M4 10 Cores, RAM 16GB.

C.3 ADDITIONAL DETAILS FOR DECENTRALIZED TRAINING OF TRANSFORMERS

Transformer architecture. We consider the following decoder-only Transformer model (GPT):
vocabulary size is 10208, context length is 64, embedding size is 128, number of attention heads is
4, number of attention layers is 2, the linear projection dimension within attention block is 512, and
LayerNorm is applied after the 2nd attention block. The total number of parameters of this model is
3018240.

Hyperparameter tuning. See Table 4| for our grid search range for algorithm hyperparameters.

Hardware. We simulate the distributed training on one NVIDIA H100 GPU, using PyTorch 3.2
with CUDA 12. The total hyperparameter search and training procedure took around 100 GPU
hours.
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Table 2: Summary of Baseline Methods

Method Parallel update on node ¢ Hyper-parameters
DSGD it =30 wi (2l — ag, (2, €L)) «a: constant stepsize
DSGD-GClip it =" wial — aclip(gi(!, €),7) «, T: stepsize a,
and /2 clipping
levels 7
DSGD-CClip it =" wiat — aclip(gi(zt, €),7) a, T: stepsize a,
and
component-wise
clipping levels 7
DSGD—-Clip it =31 wal — oy clip(gi(xt, €0), ) «, T: stepsize
ap=af(t+1),
and /5 clipping
levels
7 =T1(t +1)2/°
t+1 n t t gt t—1 gt—1
1 W; + x - x .
GT-DSGD ylt_H Z:l_l " (y: Ir (t Tl’ &) —or(@ ™ 67) «: constant stepsize
P = E'r:l Wiy (wz - ayr+ )
mt+1 51’”’1? + (1 — 51)8%
vit! = min (Bv! + (1 — Ba)st @ s, G)
t4+1
GT-Adam scﬁ“ = Ele wirxt — aimjﬂ «, G: constant
Vv te .
t+1 H1 stepsize «, and
= Vfi(z;") upper bound G,
sf“ =31 wy,st+gtt —gt stabilization factor
€
mit! = B! + gi(x!, &)
it n t+1
= wir (X, — M,
0G-DSGDm ' E{" i (@ = ) n, B, p: constant
d; = (z; xi)/n stepsize 7,
mt+1 _ Mm + (1 _ )df momentum

parametes 3,

SClip-EF- Networkt

m; " = Bml + (1 - B) W, (gi(xh, &) —m!) .
[ N NR

1 v 1 .
* =D r_i Wir (3’33 —aymyt ) Component-wise
smooth clipping

operator \I’t( )=

\/t—&- \/y2+‘r t+1)8/5°
stepsize

ap=a/(t+1)1/5,
momentum stepsize

By = B/VEt+ 1.
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Table 3: Hyperparameter grid search in synthetic experiments

Method Hyperparameter search set

DSGD a € {1075,5%107°,1074, 5% 1074,1073,5 %
1072,1072,5% 1072,1071,0.5,1,5,10}

DSGD-Clip a € {1075, 5% 107°,1074, 5% 1074,1073,5 %

1073,1072,5% 1072,1071,0.5,1,5, 10}, 7 €
{1073,5%1073,1072,5 *
1072,1071,0.5,1, 5, 10,50, 102}

GT-DSGD a € {1075, 5% 107°,1074, 5% 1074,1073,5 %
1073,1072,5 % 1072,10,0.5,1, 5,10}
GT-NSGDm a € {1075, 5% 107°,1074, 5% 1074,1073,5 %

1073,1072,5% 1072,1071,0.5,1,5,10}, 8 €
{0.01,0.1,0.2,0.3,0.4,0.5,0.6,0.7,0.8,0.9,0.99}

SClip-EF-Network € {1073,1072,0.1,1,10,30},8 €
{1072,0.1,0.5,0.8,0.99}, ¢, €
{1,5,10,20, 30,50}, 7 € {0.1,1, 10,50, 100}

Table 4: Hyperparameter grid search in decentralized training of Transformers

Method Hyperparameter search set

DSGD a€ {1074, 5% 1074,1073,5% 1073,1072,5 %
1072,1071,0.5,1}

DSGD-GClip a € {1074,1073,1072,1071,1,10,10%},7 €
{1073,1072,1071,1, 10, 10}

DSGD-CClip ae{107%,107%,107%,1071,1,10,10%},7 €
{10*3, 1072,1071, 1, 10, 102}

DSGD-Clip e {1074,1073,1072,1071,1,10,10%},7 €
{1073,1072,1071, 1, 10, 10}

GT-DSGD a € {1074, 5% 107%,1073,5% 1072,1072,5 %
1072,1071,0.5,1}

GT-Adam a€{5x107°,107%,5%107%,1073,5 *

1073,1072,5%1072,107*,0.5,1,5,10},G €
{1073,1072,107%,1,10},e = 1078

QG-DSGDm n€{5*1075,107%, 510741073, 5 *
1073,1072,5% 1072,1071,0.5,1,5,10}, 3 = p €
{0.01,0.2,0.4,0.6,0.8,0.99}

GT-NSGDm a€{1074,1073,1072,1071,1,10},8 €
{0.01,0.2,0.4,0.6,0.8,0.99}

SClip-EF-Networke € {1074,1073,1072,1071,10%,10%,10%},3 €
{0.01,0.4,0.8,0.99}, ¢, € {0.1,1,10,102}, 7 €
{0.01,0.1,1,10}

26



	Introduction
	Contributions
	Related Work
	Notation

	Problem Formulation
	Algorithm Development: GT-NSGDm
	Main Results
	Experiments
	Robust linear regression on synthetic tokenized data
	Decentralized training of Transformers

	Conclusion and Future Work
	Proof of Claim 1
	Proofs of Theorems
	Preliminaries
	Intermediate Lemmas

	Additional Experiment Details
	Baseline descriptions
	Additional details for synthetic experiments
	Additional details for decentralized training of Transformers


