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Visual Intuition - SDEs do Track the Optimizers

Theorem 1 (DCSGD). For &¢, . (z) := C¢, (V f,(z)) — V f..(z), the SDE is
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where the stochastic compressors C¢, are independent and 1. Learning Rate: N — KN,
1. B, [Ce ()] = = 2.Batch Size: B — 0B ?
2. [|1Ce(x) — x||3] < w;l|lx]|3 for some compression rates w; > 0. Can we recover Uncom-
g [H (@) HQ] < willels P - 3. Compression Rate: (W —> 50«) — pressed DSGD(n, B, N)?
Distributed SignSGD is a biased compression method with update rule 4 . client Number: N — a V.
Scaling Rule Implication
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1. How do gradient noise and compression interact? J — 1 6(,0 CR+—- BS 1
2. Which method is more resilient to large, possibly heavy-tailed noise? )
R =1 BStT— LR?

3. Are there any scaling laws designed for Distributed Learning?

For DSignSGD, it is enough to ensure that —— 1o preserve the performance.

av 0

Contributions " :
Validation on GPT2-like Model
1. First SDE formulation for DCSGD and DSignSGD; DCSGD - Overview - (n=0.1, w = 3)
2.DCSGD is highly sensitive to heavy-tailed noise, while DSignSGD is robust; 0.2471 ¢ | s Rule 1- Increase Agents (N)
(N=1,B=1) _
3. New scaling rules for hyperparameter tuning; 0.22 \ Wl Rule 2 - Increase Batch Size (B) |
\ W Rule 3 - Increase Both
4. Empirical validation across MLP, ResNet, ViT, and GPT2. . 0.20 \
S
5 0.18 S
Noise Resilience: Empirical Observation SRRTIR W-LB-4)
= —8. B =
al [(N=4,B=24)
DCSGD Heavy Tail Failure - ViT 0-14 }\mﬂ 5= 8)
107- €avy lall Fallure - vil __DCSGD - Large Noise - ViT ’ ‘L
_ - v=1 | 0.12 5
e p=2 (N=8,B=‘8)L
-9 v=3 0.10
o -A- v=38 1 2 3 4 5 6 7 8
S 1 ~¥- V=64 B
QO 10t o- vew | . .
| DSignSGD - Overview
h, 0.11-
| 0.10-
0 200 400 600 800 1000 0 1000 2000 3000 4000 5000
lterations Iterations . 0.09-
. . . O
DSignSGD Heavy Tail - ViT | DSignSGD - Large Noise - VIT S 008 ?
- v=1 | H
e p=2 E 0.07
2 x10°- _‘_ D=3 Dq-)
. ca p=8 0.06
§ -~V v=64
V=0 0.051 —
100 0.04 1
| 0 1 2 3 4 5
0 200 400 600 800 1000 0 10002000 3000 4000 5000 6000 7000 8000 Qf/} Qf/} bg)‘@ \b“@ Qﬁ/) Q;r&\
. : > > ‘
lterations Iterations @ RN R \(\fb RS N



