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Memory usage of Adam
e model sized

e two momentum buffers (m, v): 2d additional memory

o float32 (4 Bytes): 8d (B)
o bfloat16 (2 Bytes): 4d (B)
e Existing work

o AdamW-8bit: 2d (B)

o Can we do better?



MicroAdam

e Designed for finetuning
o not all gradient entries are necessary for optimization

e Store a window of m sparse gradients
o Top-K
o  99% sparse
o store largest 1% components (indices and values)

e Error Feedback
o stores the compression error and corrects the gradient
o quantized to 4 bits

e Constructs the Adam update dynamically at each step using CUDA kernels
o We do not store m and v, so no additional memory used

e Memory footprint (bytes)
o 0.9d compared to 2d for AdamW-8bit



MicroAdam algorithm

1: Input: 81, B2,€,G,T,d, k
2: Mg, Vg Od,Od

51,A1 < 0,0

e1 5 Ozlib
3; fort ={1,2 ...; 1} do

4 g < Vof(6:)

5: ar < gr + Q (e, 0r, Ay)

6: Ly Ve <_Tk(|a’t|)

Te at[It] 0

8: Ot+1, Arqr = min(ay), maz(ar)
9- etr1 — Q(ag, 011, A¢y1)

10: G + (T, V)

11; 1y < ADAMSTATS(f31,G)

12: Oy < ADAMSTATS (s, G?)

13: Ory1 < O — =

e+t
14: i+ (2+1)%m
15: end for
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: Input: 81, B2,€6,G,T,d, k
Mo, Yo — Odaod

51, A 0,0

€1 < Ofib

0¥t = {1, 2, .1} do
gt < VOf(et)

’ at <+ gt + Q (e, 6, Ay)
It, Vt < Tk(|at|)
at[It] +—0
Ot41, A¢y1 < min(as), max(ay)
err1 < Q(at, 0py1,A¢y1)
gi,: — (It,Vt)
m¢ < ADAMSTATS(S1,G)
0y + ADAMSTATS(S32,G?)

Opr1 < 0 — 4 6+m\/t:5—t
— (i+1)%m

end for
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Opr1 < 0 — 4 6+m\/t:5—t
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MicroAdam algorithm

L: Input: B17627€7gaT7 dak
2: Mg, vg ¢ 04,04

51,A1 < 0,0

€1 < Ofib

3 10Ft = {1,200l | 40

4: gt + Vof(6:)

5: at <—9t+Q_1(et76t’At)
6: Ti, Vi < Ti(la])

7:mp ai[Zi] 0

8: Or41, g1 = min(az), maz(a)
0- etr1 — Q(ag, 6¢y1, Apr1)
100 Gi: + (T, Vh)

11: 17y < ADAMSTATS(S1,G)
12: O < ADAMSTATS(f3,G?)
13 Or41 < 0 — e

e+ D¢
14: i < (1 +1)%m
15: end for



MicroAdam algorithm

L: Input: B17627€7gaT7 dak
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MicroAdam algorithm

L: Input: ﬁla 627 €, ga T7 d7 k
2: Mg, vg ¢ 04,04
51, A 0,0
€1 < Ofib
0¥t = {1, 2, .1} do
gt < Vo f(0)
at +— g + Q™ (es, 05, Ay)
Ti, Vi + Ti(|as|)
at[It] +— 0
Ot41, A¢y1 < min(as), max(ay)
2 err1 < Q(at, 0py1,A¢y1)
10: Gi.. + (Zy, Vr)
11: mp 1y <+ ADAMSTATS(S1,G)
12: mp 0, + ADAMSTATS(S32,G?)

13: mp 9t+1 5 Ht — N 6+m\}1:):
14: i < (1 +1)%m
15: end for
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MicroAdam - LLM Finetuning Results

Table 2: FFT results for Llama-2 7B/13B on GSM-8k.

LLaMA-2 size Optimizer Accuracy State Total Runtime
Adam 34.50% 25.1GB 552GB 1hl17m
7B Adam-8b 3434%  12.55GB 42.5GB  1h 18m

MICROADAM (m = 10) 34.72% 5d63GB 37.1GB l1h 8m
MICROADAM (m = 20) 35.10% 825GB 39.7GB l1h 37m




Theory: Gradient and Error Compression

Assumption 1. The gradient compressor C : R* — R% is g-contractive with ) < q < 1, i.e.,
IC(x) — z|| < qllz|l, foranyze R
Assumption 2. The error compressor Q : R — R? is unbiased and w-bounded with w > 0, namely,
E[Q@) =z, [Q@) -zl <wle|, foranyaeRe.

Assumption 3 (Lower bound and smoothness). The loss function f: R? — R is lower bounded by
some f* € R and L-smooth, i.e., |V f(0) — Vf(@)| < L|6— |, forany 6,0" € R

Assumption 4 (Unbiased and bounded stochastic gradient). For all iterates t > 1, the stochastic
gradient g; is unbiased and uniformly bounded by a constant G > 0, i.e., E[g:] = V f(6;), |g:| < G.

Assumption 5 (Bounded variance). For all iterates t > 1, the variance of the stochastic gradient g;
is uniformly bounded by some constant 0> > 0, i.e., E[||g: — Vf(6;)]|?] < o>

Assumption 6 (PL-condition). For some p > 0 the loss f satisfies Polyak-Lojasiewicz (PL) inequality
IVFO)I > 2u(f(8) — f*), forany 8 € R



Theory: Non-convex and PL Convergence Rates

Theorem 1. (Non-convex convergence rate) Let Assumptlons 1,23 4 5 hold andlqw = (14w)g <

.| Then, choosing n = T

—4LC’

1 v 3 f(61) — f* | L(o®+ C3G?) G*(G +d)
7 2BV @I <200 (F9TL 4 HETREN ) o (FE9)

with constants Cy 1= \/ 4((11_“";22))23 G2 4+ eand Cy == wq(1 + 12_‘12)2 ).

Theorem 2. (PL convergence rate) Let Assumptions 1, 2, 3, 4, 5 and 6 hold, and|q,, < 1.| Then,
choosing n = CO;‘}gT <3 LC , MICROADAM (Algorithm 4) satisfies

. _ J@)—f* logT (LC?2 %+ (C,+ C3)G? (10(1+(;'1)(1+d)(;2
Blf(ers)] - £ < L0 =L BB (B0 £ (012G A

L5 (G‘*(i; d))

with constant Cy :=

Lo (1+ Ca) + 2.



Thank you!



