FZOO: Fast Zeroth-Order Optimizer for Fine-Tuning
Large Language Models towards Adam-Scale Speed
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FZOO vs. MeZO vs. Adam on RoBERTa-large

Fine-tuning LLMs with Adam consumes >10x inference
memory (e.g., 633GB for OPT-30B). ZO methods like
Me/ZO cut memory to inference level but converge ~20x
slower.

Can ZO methods achieve Adam-scale speed? Yes!

= Adaptive step-sizes via loss variance normalization

= Rademacher (£1) perturbations for efficient bit-level
opS

= Batched parallel forward passes on GPU

FZO00 Method

RoBERTa-large On MNLI

RoBERTa-large On RTE

RoBERTa-large On SNLI

100 —— MeZO 10 —— MeZO  10° —— MeZO
1071 101 -~ FZ0OO - ~—-- FZOO
——— Adam
1072 107=
n 107 0 103
o ke

I
104 - 104 ‘
107> I 105
10—&
- 10—6_
1077, | \
07

Forward Steps(X100)

0 250 500 750 1000 1250 1500 1750 2000 0 250 500 750 1000 1250 1500 1750 20
Forward Steps(X100)

0 ' 250 500 750 1000 1250 1500 1750 2000
Forward Steps(X100)

Figure 1. FZOO is 18 x faster than MeZO in forward steps, approaching Adam-scale convergence.

Results: RoBERTa-large (350M, k=16)

Speed Analysis

Given N Rademacher perturbations u; € {+1, —1}%
li = L(0; + eu;; By), ly= L(6s; By)
Gradient estimate (one-sided, batched):

| N
= > (= lo) u;
gt N 2:1( 0) u
Adaptive step-size via loss standard deviation:
|

Update rule:

Large steps in flat regions (o; small), small steps in steep
regions — Adam-style adaptivity at inference-level memory.

Method SST-2 SST-5 SNLI MNLI RTE TREC Avg
/ero-shot /90 355 502 488 514 320 49.5
FT (6xM) 919 475 775 70.0 664 850 /4.9
HiZOO (2xM) 93.2 46.2 74.6 649 668 79.8 70.9
Me/ZO 90.5 455 685 58.7 640 /6.9 6/.4
FZOO 93.3 47.6 759 649 679 788 714

+5.9% avg over MeZ0O, 18 x fewer forward passes, compa-
rable to HiZOO at 1 x memory.

Results: Auto-Regressive LLMs —
Classification & NLI (1000 examples)

Task SNLI COPA WIC CB

F/ZOQO speedup 20x 10x 9% 8x
w/ parallel 40x 20x 18x 16x

Adam commonly achieves 20x over MeZO. FZOO matches
or exceeds this.

Comparison with ZO Variants
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Figure 2. Batched one-sided estimates with Rademacher
perturbations and parallel forward passes.

Theoretical Guarantee

Model  Method SST-2 RTE CB BoolQ WSC WIC MultiRC

Phi-2 Adam 844 61.6 /9.0 68.8 59.6 67.7 77/.8
Phi-2 MeZO 86.6 6/.1 750 724 59.6 544 /3.2
Phi-2 FZ00 874 704839 79.3 615 56.7 81.3

Llama3 Adam  94.6 80.7 94.6 83.3 644 /1.6 84.7
Llama3 MeZO 922 744 69.6 /6.7 635 5/.8 7/.6
Llama3 FZOO 943 77.669.6 81.8 654 60.8 81.5

OPT-13B Adam  92.1 79.1 /14 77.0 63.5 69.6 /6.2
OPT-13B MeZO 914 66.1 66.0 6/7.6 63.5 594 5/.3
OPT-13B FZOO 93.7 71.169.6 722 63.5 60.5 66.0

Results: Auto-Regressive LLMs — MC &
Generation

Proposition. E[o7] = ¢*||VL||* + O(¢’), so ¢;/o; is a normal-
ized stochastic gradient = FZOO = normalized-5SGD in ZO.

Theorem. Under £-smoothness + bounded variance:

1 & 1
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matching SGD’s convergence rate for nonconvex optimiza-
fion.

Memory Usage

Model Method COPA ReCoRD SQUAD DROP Avg (11)

Phi-2 Adam  84.0 68.7 204 411 /1.2
Phi-2 MezZO  86.0 /1.7 85.7 37.8 /0.7
Phi-2 FZ00 860 720 86.7 374 73.0

Llama3 Adam 890 86.9 89./7 584 81.6
Llama3 MeZO 88.0 85.6 86./ 571 /54
Llama3 FZOO 88.0 85.3 879 565 77.2

OPT-13B Adam  88.0 81.0 845 31.3 /40
OPT-13B MeZO  88.0 81.7 84.7 30.9 688
OPT-13B FZ0OO 870 81.0 84.8 28.7 70.7

F/ZOO outperforms MeZO by avg +2.75% across all 11
tasks. Scales to OPT-66B (+2.43%).

Training Loss Curves across LLMs
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Figure 3. FZOO = inference-level memory. Adam+prefix still needs
several x more.

llama3 On BoolQ OPT-13B On BoolQ Phi2 On BoolQ

) 070 e MEZ0

L2 0.65
Lo -~ FzoO0 |w —— FZOO | 060
’ I
‘M 0.55 ‘ | i
os ou ml I!l”” LT g, |0z IJ,I IIM' I 1I,IVI | I,I IIII’ .{I”I i ‘III
= 0.6 = 0.55 M 2045 M N
}W{M‘ 040 | “ WWMMMWW
0.4 WWMMM 0.50 0.35 4_ \
Y MeZO
0.2 WWWWWWWWMMMMWW 0.45 0.30 + FZOO
0 50 100 150 200 250 300 350 400 400 0 5 1 0 0 400

00 150 200 250 30
Forward Steps(X100) Forward Steps(X100)

00 150 200 250 300
Forward Steps(X100)

Figure 4. FZOO converges ~8x faster than MeZO. Up to 7.4%
accuracy gain on BoolQ.
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Figure 5. Loss curves on OPT family. FZOO consistently converges
faster across model scales.
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Method Avg Acc Memory Runtime

/0O-SGD 884 1.0x 1.0x
/O-Adam 86.1 24/x 1.04x
HiZOO 905 2.04x 1.3/x
FZOO 904 1.0x  0.56x

Matches HiZOO accuracy, half the runtime, minimal mem-
ory.

Efficient Batched Forward Pass

Rademacher (£1) perturbations turn matrix multiply into
sign-flip additions — all N perturbations run in parallel via
batch stacking:

YU = ywllylu-1 4 e(U® Y(j—1>)

N

F(]) P(])
On OPT-125M (N = 8):

Overall speedup: | f X min(p, )
1.92 x wall-clock gain.

Algorithm: FZOO

Require: 6 € RY loss L, steps T, scale ¢, batch N, LR {n;}
1. fort=1,...,7T do
2. Sample batch B C D
3. Compute [y = L(0; B)
4. fore=1,...,Ndo
5 Sample seed s;; generate u; € {41, —1}¢
6: 0 < 0+ eu; {perturb}
8 0 <— 0 — eu, {reset}
9. end for
10: O < Std(ll, . ,ZN)
11 grad; < (l; — ly) / (N - oy)
122 fori=1,...,N do

13: Regenerate u; from s;
14; 0« 0 —mn-grad; - u;
15.  end for
16: end for
Takeaways

= FZOO = Adam-scale speed + inference-level memory
for LLM fine-tuning

= Adaptive o,-normalization = normalized-SGD in ZO
regime, O(1/+/T) convergence

= Plug-and-play with PEFT; scales 350M-66B on single
GPU

Contact: darknight1118@stu.xjtu.edu.cn

Code: https://github.com/DKmiyan/FZ00
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