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SDE Definitions

The (simplified) SDE of SignSGD is

0X, = — |25 F(X,)dt + \/ﬁ\/ I, - %diag (stv f(Xt))2th. (1)

T

The SDE of AdamW for 3, = 1 — np;, 1;(t) = 1 — e 7, and P, = diag\/V; + e1/12(t)1, is

dXt = ) L(Qt(;) Pt_l(Mt + MNp1 (Vf (Xt) — Mt)>dt — HXtdt,
1

dM, = p1 (Vf(X;) — My) dt + /npi/ 2 (X)) dW,, (2)
AV = p2 ((V (X)) + diag (X (X;)) — V;) dt.

Problem of Interest

1. How do gradient noise and adapitivity interact?
2. What is the role of decoupled weight decay?
3. Are there any scaling laws involving weight decay?

Contributions

1. First SDE formulation for SignSGD and AdamW,;

2. Adaptivity brings resilience to large noise;

3. Decoupled weight decay brings extreme resilience to it;
4. New scaling rules for hyperparameter tuning of AdamW.
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Noise Resilience: Empirical Observation

_ If we change the batchsize, how do we adapt the other hyperparameters?
10°- >GD _ SignSGD
— optim This Paper: Malladi et al.:
—  Qptim. 10" -
o Lo 1.B — §B; 1.B — 6B;
——  Qptim.
- Limit

_imit

Limit

wth.n_ o Bhend b . Do s b collen 08D noch B . A . B
g = 103) VY PN VOTP W W T ITTW ST T W wp PV W

. . . . . 107° 41, . . . .
2 7 1
0 5000 50000 75000 100000 0 25000 50000 75000 100000 31-0.9 B2-0.9875
Iterations Iterations e B120.09 B2-0.975
103 - B e B |
Adam " 31=0.9, B2=0.95
b ¢ A
® /N
8 *
O / \
D- L 4
0 102- \
n n 1 ] ,/ .
wn n : \
® ® - /
—l —l - . °
- / \ \
& N P P
X P Q Q
2 7 4 4
: Q° .\@ .\® (@}
0 25000 50000 75000 100000 0 25000 50000 75000 100000 \\@b \\@5 ,OQ@
lterations lterations @ R° {\\cﬁ
R
24
—e— (1=0.975, B2=0.9875
~._ o= B1=0.975, B2=0.975
Assumptions: Let f : R? — R be u-strongly convex, L-smooth, ¥(z) = o%1,;. 23- s, . —o= [31=0.975, p2=0.95
- ’.\ "~ =e- B1=0.95, B2=0.9875
Theorem 1 (SGD). 2 X 5o ..\ ‘=e: B1=0.95, p2=0.975
) o nlLd <z 1=0.95, B2=0.
B [f(X) = f(X.)] < (F(X0) = F(XG))e ™+ (1—e ) pmx 3) S . — P1=0.95,82=0.95
o
Theorem 2 (SignSGD - Simplified). 7 21
B B Ld o) =
_ < _ —2p B _ 2P 124 _
B [f(X0) = (X)) < (f(Xo) = F(Xe))e 7 (1= e 5) Tomx — 2 o
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