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TLDR:

e AdamW is good, but (memory) expensive d R “

e A general online subspace framework for memory efficient optimization — W, = P.OH(W .. S;) — (0w H(W ;. S

e Subspaces can be updated arbitrarily — via hamiltonian view dt t t¥s ( b t) ( o ( £ t)) Methoo, MREFC Rik 5512 MNLI ONLI  QQP AV
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Table 2: GLUE on 7B

Algorithm 1 Online Subspace Descent

1: Required: Optimizer OptimizerW, learning rate €}, weight decay A" for model weights Wy; dt
dt

and {OptimizerP, ¢, AT’} for the projection matrix P;. Proper initialization.
2: for iteration ¢ do
3: Calculate gradient G; = VL(W); Update model weights W, by

P; = F(PuVL(Wt))a

(A, 8;) =OptimizerW(P/ Gy, 8i—1), Wiy =W, +¢ (PA — AW, System Advantage
4: Calculate G = VLg,(P;) for Lg,(+) in Eq (6); Update the projection P; by

Why is it Faster?
(AP, SP) = OptimizerP(GF, ST ),  Pui=Py+ P (AP — \PP,) d . d

2 2
5 df &H(Wh St) — = 8WHt d aS'Ht U + <8WHt>Pt8‘§Ht> — <6‘§Ht, PtT(‘?WHt>
: end for
6: Remark: We added weight decay as a common heuristic. We recommend using Adam for both — —1ow H 2 OcH 2 < 0 ' L A:9030 = SVP
optimizers, and set €. = ae}¥ with a constant « (e.g., & = 5), and \W = AP, 2 wiille Stitlle =% 10° RTX 3090 - Online PCA
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Grawent Descenys Wiy = Wip— etPtIAJt o e VL(Wy), ) TLDR: works better than Galore 5 iR M
Momentum Wt_|_1 — Wt — GtPtMt, Mt — (]. — /B)P;I_Gt + /BMt—17 ,_%
: S 2 — 10116.38X 51.00x | 57,93
Lion-KC : Wt_|_1 — Wt = GtPtV,C(Nt), Gt — P:Gt ]\[ethod l)erpleXlty(..v) i 7 i
N;=(1-5)G:+ B M, M;=(1-B2)Gs+ B2 M;_4 ' — — |
Adam: Wy =W, — P M G, = P/G e - e T x'1376- 1024 x 27% 2048 x 5461 4096 x 11008
ar e e e e L 8bit-AdamW (Full Rank) 32.75 3043 29.40
R " & A A ©2 5 L] e N
M, =(1-p1)Gt+ 1eMi—1, Vi=(1—-P2au)G; + P2arVii. GalLore (Rank =512) 53703 4434 3552 o is slow
Ours (Rank =512) 56.12 43.67 31.30 e single-step is fast
A Natural Update Rule . | e P updates can be executed in parallel, no overhead
Pretraining LLaMA 1B SS 256, 10K steps, AdamWa8bit
e Cost of SVD can’t be masked out

Wt_|_1 — Wt — EtPtP;rGt, Gt = VL(Wt)

e 7B LLaMA model Ref
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