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Abstract

This paper introduces PaZO, a preconditioned accelerated zeroth-order optimization
algorithm for fine-tuning large language models (LLMs). First, we theoretically
demonstrate the necessity of preconditioning in zeroth-order optimization, proving
that zeroth-order stochastic gradient descent (ZO-SGD) alone fails to achieve the
ideal convergence rate. Building on this, we propose a Preconditioned Simultaneous
Perturbation Stochastic Approximation (PSPSA) and theoretical version of PaZO,
and demonstrate that setting the order of preconditioner as −1/2 in PSPSA yields
the improved convergence rate for PaZO. Moreover, we design a practical version
of PaZO that stabilizes training via diagonal Hessian estimate and moving average
technique. Extensive experiments on diverse downstream tasks with models like
RoBERTa-large and OPT show PaZO’s effectiveness. Compared to other zeroth-
order baselines, PaZO achieves better performance across models and tasks. Code
is available at Code.

1 Introduction

Fine-tuning pre-trained large language models (LLMs) has become one of the dominant method-
ologies for adapting models to specialized downstream tasks [19] and aligning them with human
instructional preferences [42]. However, as models are scaled up [1], the memory overhead extremely
increases during fine-tuning, since computing gradients during backpropagation needs to cache model
activations and historical gradients (e.g., for Adam-based optimization [28]). Parameter-efficient
fine-tuning (PEFT) methods [29, 31, 23] reduce memory overhead by fine-tuning only a small number
of extra parameters but still need to cache large quantities of activations. Recently, zeroth-order
optimization algorithms (ZO) [37, 59, 58] have enabled the fine-tuning of LLMs with billions of
parameters on a single consumer-grade GPU, due to their requirement for only forward passes to
estimate gradients, without backpropagation and the storage of activations. Lightweight memory has
solidified its role as a critical methodology for fine-tuning tasks in resource-constrained scenarios.

As research on zeroth-order optimization methods for fine-tuning LLMs advances, whether precondi-
tioning zeroth-order algorithms with higher-order information can enhance optimization efficiency
has become a pivotal challenge, since adaptive first-order optimizers such as Adam [28] and AdamW
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[35], which can be regarded as preconditioned algorithms with (diag{g◦g})−1/2 as a preconditioner,
show improvement on convergence speed. However, for zeroth-order optimization, one cannot
directly estimate the Hessian by first-order information. Direct adaptation of Adam to zeroth-order
algorithms (e.g., ZO-Adam [58]) introduces large variances and has a significant impact on the
fine-tuning performance [59]. Moreover, Hessian-informed perturbation for estimating zeroth-order
information [59, 55] is a significant methodological advancement, but how to incorporate Hessian
information into the perturbation process to obtain the best convergence speed and performance
remains a significant challenge.

When we delve into and rethink the preconditioned zeroth-order optimization problems, the more
pressing challenge lies in whether preconditioned zeroth-order optimization methods can truly
achieve a provable convergence rate from a theoretical perspective. This problem may appear
counterintuitive, but mature theoretical research [24, 17] on first-order methods has substantiated the
following facts: for least squares regression, only SGD can achieve the near-optimal convergence
rate Õ(d/T ) and match the lower bound when ignoring the logarithmic term, which indicates that
at least for this problem, preconditioning techniques provide no improvement on convergence, as
SGD has already attained the information-theoretic limit of the problem. Therefore, whether this
conclusion for zeroth-order optimization remains determines the effect of preconditioning techniques
in zeroth-order optimization. Moreover, even if we posit that precondition holds effectiveness for
zeroth-order optimization, how to appropriately apply preconditioning techniques emerges as another
challenge. Specifically, determining the optimal order of the preconditioner to guarantee the fastest
convergence rate becomes a critical consideration. Finally, from the practical perspective, how to
estimate Hessian information through zeroth-order perturbation stochastic approximation to integrate
abundant information, ensure stability and control memory overhead is also a challenge in practice.
Based on the three above, we think that the following three problems demand reasonable resolution
in preconditioned zeroth-order optimization for fine-tuning LLMs:

A. Do we truly need preconditions in zeroth-order optimization?
B. If the answer to question A is “yes”, how to achieve the fastest convergence by

selecting the optimal order of the preconditioner?
C. How to effectively estimate Hessian information through zeroth-order perturbations

in practice and improve fine-tuned model performance on downstream tasks?

In this paper, we provide reasonable answers to the three questions above. We propose a precondi-
tioned accelerated zeroth-order optimization algorithm PaZO, with a theoretical guarantee to obtain
a faster convergence rate by selecting the optimal order of preconditioner, and better empirical
performance on a wide range of downstream tasks for fine-tuning LLMs. Our contributions are:

1. (Answer to Question A.) We construct a general Preconditioned Simultaneous Perturbation
Stochastic Approximation (PSPSA) and corresponding algorithm PaZO (Theoretical Form
3.2) with any given order of Hessian information H−α. Our theoretical analysis on quadratic
functions in Theorem 3.5 demonstrates that only ZO-SGD (α = 0) cannot achieve the
fastest convergence rate. We need preconditions in zeroth-order optimization.

2. (Answer to Question B.) We provide the convergence analysis of PaZO for general objective
functions. The result in Theorem 3.8 demonstrates that PaZO can achieve the fastest
convergence rate if and only if we select α = 1/2. In other words, we need to use H−1/2 in
PSPSA (or H−1 as the preconditioner) to accelerate zeroth-order optimization.

3. (Answer to Question C.) We propose PaZO (Practical Form, Algorithm 1) for fine-tuning
LLMs, with unbiased diagonal Hessian estimation incorporating current zeroth-order gradi-
ent information and moving average techniques to ensure stability in practice. We conduct
extensive experiments across different models (RoBERTa-large, OPT-1.3B), different meth-
ods (FT, LoRA, prefix), and different downstream tasks to verify the effect of the PaZO.
Results show PaZO achieves better performance across models, tasks and PEFT methods.

Notations. Let O(·) and Ω(·) denote upper and lower bounds, respectively, with a universal constant,
while Õ(·) and Ω̃(·) ignore polylogarithmic dependencies. For functions f and g: f ≲ g denotes
f = Õ(g); f ≳ g denotes f = Ω̃(g); f ≍ g indicates g ≲ f ≲ g. We use λmax(·) and λmin(·) to
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denote the largest and smallest eigenvalue of a matrix, respectively. Let ∥θ∥A denote the Mahalanobis
(semi) norm where A is a positive semi-definite matrix as ∥θ∥A =

√
θ⊤Aθ. We use θ∗ to denote

the minimizer, i.e. θ∗ △
= argminθ f(θ).

2 Related Work

Zeroth-order Optimization: Zeroth-order optimization, is to estimate the gradient by just forward
passes. A substantial body of theoretical research has been devoted to the detailed analysis of conver-
gence rates in zeroth-order optimization in convex settings [3, 16, 26, 39, 44, 46] and non-convex
[53]. Representative method SPSA [48] demonstrates strong performance in challenging settings
like non-convex multi-agent optimization [21, 50] and black-box adversarial example generation
[11, 10, 33]. Notably, MeZO [37] pioneers the adaptation of classical ZO-SGD for LLM fine-tuning,
matching conventional performance while drastically cutting memory consumption. Then various
following works [58, 59, 12, 49] try to improve zeroth-order optimizers for efficient fine-tuning.
However, whether and how precondition works in zeroth-order optimization is still lack of discussion.

Enhanced Optimizers with Hessian: Researchers focus on how to incorporate second-order infor-
mation to provide acceleration for gradient descent during the training. For example, [9, 40] utilized
curvature information as the preconditioner; [38] applied diagonal Hessian as the preconditioner; [36]
estimated the Hessian information with conjugate gradient. Sophia [32] introduced a lightweight esti-
mate of the diagonal Hessian for pre-training. However, these methods can only be used for first-order
methods with a heavy GPU-memory overhead. HiZOO [59] has been proposed as a preconditioned
zeroth-order optimizer for fine-tuning LLMs. However, how to effectively leverage preconditioning
information in zeroth-order optimization to accelerate convergence remains understudied.

3 Theoretical Insights of PaZO

Preconditioned methods in first-order optimization have been generally studied [40, 4, 28, 32].
However, few works discuss the necessity, potential and limitation of preconditioned zeroth-order
optimization. In this section, we try to clarify two questions below from the theoretical perspective.

A. Do we truly need preconditions in zeroth-order optimization?
B. If the answer to question A is “yes”, how to achieve the fastest convergence by

selecting the optimal order of the preconditioner?

We provide theoretical insights into the two questions A and B. First, we show the necessity of
using preconditions in zero-order optimization, since only ZO-SGD [48] cannot achieve the potential
ideal convergence rate Õ(d2/T ) for least squares (as stated in Theorem 3.5), while the first-order
SGD can match the optimal rate Õ(d/T ) without preconditions [17]. This difference indicates
that preconditions play a key role in ZO, especially. Second, we propose a general Preconditioned
Simultaneous Perturbation Stochastic Approximation (PSPSA) using H−α as preconditioner with
any given order α and Hessian H to extend traditional SPSA [48] for zeroth-order gradient estimate.
We provide the convergence analysis of the preconditioned zeroth-order optimization with PSPSA in
Theorem 3.8. The results explicitly direct us to choose the optimal α to obtain the fastest rate.

3.1 Problem Setup

We consider the standard stochastic unconstrained minimization problem as:

min
θ∈Rd

f(θ) = E(x,y)∼D[F (θ; (x, y))], (1)

where the expectation is taken over the data distribution (x, y) ∼ D. Given the Hessian matrix Ht at
the decision point θt, we first define the following general Preconditioned Simultaneous Perturbation
Stochastic Approximation (PSPSA) as:

Definition 3.1 (Preconditioned Simultaneous Perturbation Stochastic Approximation (PSPSA)).
Given a model with parameters θ ∈ Rd and the loss function F , PSPSA estimates the zeroth-order
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stochastic gradient ∇̃F (θt) at (xt, yt) as

∇̃F (θt; (xt, yt)) =
F (θt + µH−α

t u; (xt, yt))− F (θt − µH−α
t u; (xt, yt))

2µ
·H−α

t u, (2)

where u ∈ Rd and u ∼ N (0, Id), µ is the perturbation scale, Ht is the Hessian matrix at θt, and
α ∈

[
− 1

2 ,
1
2

]
is the precondition order.

With the estimated zeroth-order stochastic gradient generated by PSPSA, the preconditioned zeroth-
order optimization algorithm can be stated as follows:
Definition 3.2 (Preconditioned Accelerated Zeroth-order Optimization, PaZO (Theoretical Form)).
PaZO is an optimizer with learning rate η that updates parameters as

θt+1 = θt − η∇̃F (θt; (xt, yt)), (3)

where ∇̃F (θt; (xt, yt)) is the PSPSA gradient estimate at θt with Ht.

PSPSA and PaZO can be regarded as the general preconditioned extension of the existing zeroth-order
perturbation approximation and algorithms. Intuitively, ignoring the higher-order infinitesimal term
of µ, we obtain the expectation of the PSPSA gradient estimate as

E
[
∇̃F (θt; (xt, yt))

]
= Eu

[
2µ∇f⊤(θt) ·H−α

t u

2µ
·H−α

t u

]
= H−2α

t ∇f(θt), (4)

which indicates that the PSPSA gradient estimate is equivalent to a H−2α
t preconditioned gradient.

When α = 0, PSPSA degenerates to SPSA [48] and PaZO is reduced to ZO-SGD.

We introduce the assumption below to construct the relation between the outer product of the gradient
and the Hessian for our analysis.
Assumption 3.3 (Unbiased Estimate of Hessian). We assume that the expectation of the outer product
of F (θ∗, (x, y)) is the unbiased estimate of H∗ as:

E
[
∇F (θ∗; (x, y))∇⊤F (θ∗; (x, y))

]
= H∗, (5)

where θ∗ is a minimizer of the objective f(θ), and H∗ is the Hessian defined at θ∗.

Assumption 3.3 is a common assumption when considering stochastic gradient descent [17, 24, 5, 25],
especially for least squares regression [17, 24], whose Hessian is fixed and can be exactly calculated.

3.2 Case Study: Least Squares Regression

First, we try to provide an intuitive answer to the question A. We consider a representative case of f :
least squares regression, whose optimization dynamic can be clear and meticulously calculated due
to the fixed Hessian as:

F (θ; (x, y)) =
1

2C
(y − ⟨θ,x⟩)2 . (6)

We have access to stochastic gradients zeroth-order obtained by PSPSA with sampling a new example
(xt, yt) ∼ D. These examples satisfy

y = ⟨θ∗,x⟩+ ϵ,

where ϵ is a noise on the example pair with E[ϵ] = 0 and E[ϵ2] = σ2, and θ∗ is a minimizer of
the objective. Note that the Hessian of the objective H∗ def

= ∇2f(θ) = 1
CE[xx⊤]. The following

estimate holds

E
[
∇F (θ∗; (x, y))∇⊤F (θ∗; (x, y))

]
=

1

C2
E[ϵ2xx⊤] =

σ2

C
H∗. (7)

By setting C = σ2, we exactly obtain the result in Assumption 3.3. The analytical tractability
of (6) offers deeper theoretical insights. Specifically, previous studies [17] demonstrate that for
first-order algorithms the optimal rate achieves Õ(d/T ) and construct the lower bound, where d is
the dimension of problems and T is the iteration steps. Moreover, the studies show that only SGD can
match the near-optimal rate with only the difference of logarithmic terms. In other words, for least
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squares regression and first-order stochastic algorithms, only SGD is enough with any precondition
making no effect of acceleration. When turning to zeroth-order optimization, intuitively, we think
the ideal convergence rate achieves Õ(d2/T ) since in zeroth-order optimization we can only access
one-dimension information per step. Varieties of theoretical studies of zeroth-order algorithms [2,
41] also show d times slower convergence rate than first-order ones. However, the results stated in
Theorem 3.5 indicate that only ZO-SGD is not enough.
Assumption 3.4 (Fourth Moment Conditions). Suppose B is a positive semi-definite matrix, and
consider data vector x. It satisfies Ex

[
xx⊤Bxx⊤] ⪯ O (tr (H∗B)H∗).

Theorem 3.5 (Convergence Rate of PaZO on Least Squares). Suppose we are given access to the
PSPSA, running PaZO for least squares regression (6) satisfying Assumption 3.4 with a learning rate η
satisfying 1

λmin((H∗)1−2α)T ≲ η ≲ min
{

1
λmax((H∗)1−2α) ,

λmin(H
∗)

λmax(H∗)tr((H∗)−2α)tr((H∗)1−2α)

}
for 2T

steps with T ≳
λmax(H

∗)tr((H∗)−2α)tr((H∗)1−2α)
λmin((H∗)1−2α)λmin(H∗) allows PaZO to achieve the following convergence

rate:

E

[
f

(
1

T

2T−1∑
t=T

θt

)]
− f(θ∗) ≤

(
1− ηλmin

(
(H∗)1−2α

))T
ηT

∥θ0 − θ∗∥2(H∗)2α +
Dα

T
, (8)

where Dα = tr
(
(H∗)2α−1

)
· tr
(
(H∗)1−2α

)
and α is the precondition order defined in PSPSA.

Theorem 3.5 provides an affirmative answer to question A. Since the first term decays exponentially
with T , the rate depends on the second term Dα/T , which is a trade-off between tr

(
(H∗)2α−1

)
and tr

(
(H∗)1−2α

)
. Through Cauchy-Schwarz inequality, we have Dα ≥ d2, where the equality

holds if and only if α = 1/2. In other words, only ZO-SGD is not enough to match the ideal rate
Õ(d2/T ). Therefore, Theorem 3.5 demonstrates that different from first-order algorithms, we need
preconditions in zeroth-order optimization.

Moreover, we consider the convergence analysis with approximate Hessian H̃t in PSPSA. When the
gap between H̃t and Ht can be well controlled, we can also achieve the fastest rate when α = 1/2.
The detailed assumption and analysis are shown in Appendix B.

3.3 General Functions

Second, we propose the theoretical analysis for general smooth functions. Based on the affirmative
answer to question A provided by Theorem 3.5, we conducted a more in-depth analysis of general
functions, thereby establishing a more reasonable solution to question B. We may also obtain the
results under approximate Hessian. For convenience, we assume its exact.
Assumption 3.6 (Gradient Uniform Continuity). For any given sample pair (x, y) ∼ D, the stochastic
gradient of the objective∇F (θ; (x, y)) satisfies uniform continuity.
Assumption 3.7 (General Hessian Smooth). For any given θ1, θ2 and α′ ∈ [−1, 1], the Hessian of
the objective H(θ1) and H(θ2) are invertible and satisfy∥∥∥Hα′

(θ1)−Hα′
(θ2)

∥∥∥ ≤ ρ|α′|∥θ1 − θ2∥|α
′|.

Assumption 3.7 is the generalization form of Lipschitz continuity of Hessian. When α = 1, it reduces
to Hessian Lipschitz continuity. We use it to limit the gap between H−2α

t in PSPSA and (H∗)−2α.
When the objective is strongly convex, the Hessian is naturally invertible, while for others we assume
its invertible property. We propose the convergence rate of general functions in Theorem 3.8.
Theorem 3.8 (Convergence Rate of PaZO on General Functions). Suppose we are given access to the
PSPSA, running PaZO for general functions (1) satisfying Assumption 3.3, 3.6 and 3.7 with a learning

rate η satisfying 1
λmin((H∗)1−2α)T ≲ η ≤ 1

λmax((H∗)1−2α) for 2T steps with T ≳
λmax((H∗)1−2α)
λmin((H∗)1−2α)

where H∗ is full-rank and E∥θt − θ∗∥p ≤ ϵp0 for any t ∈ [T, 2T − 1] and p ∈ [0, 3] allows PaZO to
achieve the following asymptotic convergence rate:

E

[
f

(
1

T

2T−1∑
t=T

θt

)]
− f(θ∗) ≲

(1− ηλmin((H
∗)1−2α))2T

η2T 2
∥θ0 − θ∗∥2(H∗)4α−1

+
tr
(
(H∗)2α−1

)
· tr
(
(H∗)1−2α

)
T

+ Ērr,

(9)
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Algorithm 1 PaZO (Practical Form)
Require: parameters Θ = {θi ∈ Rdi}, loss L : Rd → R, running steps T , perturbation scale µ,

learning rate schedule ηt, smooth scale β1, β2, initialized diagonal Hessian Σ0 = I, random seed
s, a random number generator, Hessian reset frequency T0

for t = 1, ..., T do
Step 1: Perturb Parameters through Diagonal Hessian

Sample batch B ⊂ D and random seed s
ℓ← L(θ;B)
θ← PerturbParameters(θ, µ, Σ−1/2

t−1 , s)
ℓ+ ← L(θ;B)
θ← PerturbParameters(θ, −2µ, Σ−1/2

t−1 , s)
ℓ− ← L(θ;B)
θ← PerturbParameters(θ, µ, Σ−1/2

t−1 , s) {Reset parameters before descent}
Step 2: Estimate Diagonal Hessian

g̃← (ℓ+ − ℓ−) ∗Σ1/2
t u/2µ {Estimate unbiased zeroth-order gradient}

Σ̃ =
(
(1− β1)Σ

2
t−1 + β1 · diag2(g̃ ◦ g̃)

)1/2
{Adding information from ZO gradient}

Σ̂t =
1

2µ2 (ℓ+ + ℓ− − 2ℓ)
(
Σ̃ (diag(u ◦ u)− I)

)
{Estimate unbiased diagonal Hessian}

Step 3: Take Moving Average and Reset Diagonal Hessian
Σt ← (1− β2)Σt−1 + β2|Σ̂t| {Take moving average of diagonal Hessian}

if t%T0 = 0 then
Σt ← I {Frequently reset diagonal Hessian}

end if
Step 4: Update the Parameters

Reset random number generator with seed s {For sampling ui}
preconditioned_grad← (ℓ+− ℓ−) ∗Σ−1/2

t /2µ {Using Σ−1 as preconditioner}
for θi ∈ Θ do

Sample ui ∼ N (0, Idi
)

θi ← θi − ηt∗ preconditioned_grad ∗ui

end for
end for

where Ērr = O
(
ηρϵ30 + ηρϵ

2|α|+1
0 + η2ϵ0 + η2ρϵ

2|α|
0

)
represents the higher-order infinitesimal

term, and α is the precondition order defined in PSPSA.

We observe that the dominant term of the rate in Theorem 3.8 aligns with the rate in Theorem 3.5,
which further demonstrates the generalized validity of our analysis on the role of preconditioning in
zeroth-order optimization: for general problems, selecting α = 0 alone induces a slower convergence
rate than the optimal choice α = 1/2. Moreover, the Ērr is defined as the higher-order infinitesimal
term O

(
ηρϵ30 + ηρϵ

2|α|+1
0 + η2ϵ0 + η2ρϵ

2|α|
0

)
that negligibly impacts the convergence rate of the

dominant term. When T grows, we can choose the smaller η to obtain the controlled Ērr.Thus,
Theorem 3.5 can be regarded as a special case of Theorem 3.8, and we propose the proof in detail in
Appendix A. By selecting α = 1/2, PaZO achieves the fastest convergence rate Õ

(
d2/T

)
compared

with MeZO for general functions, providing a reasonable answer to question B.

4 Algorithm for Fine-Tuning LLMs in Practice

In this section, we introduce PaZO (Practical Form) in Algorithm 1 for fine-tuning LLMs in practice.
We provide an answer to the question below.

C. How to effectively estimate Hessian information through zeroth-order perturbations
in practice and improve fine-tuned model performance on downstream tasks?

6



Algorithm 2 PerturbParameters

Require: model parameters Θ = {θi ∈ Rdi}, perturbation scale µ, diagonal Hessian Σ
−1/2
t ,

random seed s, a random number generator
Reset random number generator with seed s {For sampling ui}
for θi ∈ Θ do

Sample ui ∼ N (0, Idi
)

θi ← θi +µΣ
−1/2
t ui {Modify parameters in place}

end for

Specifically, we apply the theoretically optimal order of preconditioner H−1/2 in the PSPSA process.
Then we estimate diagonal Hessian with incorporating the current zeroth-order gradient information
and moving average techniques through the same PSPSA process for estimating the preconditioned
zeroth-order gradient. Our algorithm can be divided into four steps.

Step I. Perturb Parameters through Diagonal Hessian. First, we apply PSPSA to our practical
algorithm to obtain the preconditioned zeroth-order gradient. Inspired by our theoretical results, we
use Σ−1/2 as the preconditioner in the PSPSA process, where Σ is the estimated diagonal Hessian.
Through twice forward passes of PSPSA we obtain

ℓ+ = F (θ + µΣ−1/2u; (x, y)), ℓ− = F (θ − µΣ−1/2u; (x, y)).

Moreover, we run another additional forward pass before adding perturbation to obtain ℓ =
F (θ; (x, y)) for estimating Σ in the following steps.

Step II. Estimate Diagonal Hessian. We try to estimate the diagonal Hessian through ℓ+, ℓ− and ℓ,
with O(d) memory cost against O(d2) for the full Hessian. Specifically, in the theoretical analysis of
the Hessian-aware zeroth-order optimization [55], they demonstrate that

Eu∼N (0,Id)

[
1

2
u⊤A

1
2HA

1
2u ·

(
A− 1

2uu⊤A− 1
2 −A−1

)]
= H, (10)

where H is the Hessian matrix, and A is any given positive definite matrix. Thus, letting Σ be a
positive definite diagonal matrix and setting A = Σ−1, we obtain the diagonal version of (10) as

E

1
2
u⊤Σ− 1

2HΣ− 1
2u︸ ︷︷ ︸

I

·Σ (diag(u ◦ u)− I)

 = diag(H). (11)

We use ℓ+, ℓ− and ℓ to estimate I. Through Talyor expansion, we have

ℓ+ = F (θ; (x, y)) + µ
〈
∇F (θ; (x, y)),Σ− 1

2u
〉
+

µ2

2
I +O(µ3),

ℓ− = F (θ; (x, y))− µ
〈
∇F (θ; (x, y)),Σ− 1

2u
〉
+

µ2

2
I +O(µ3).

(12)

Thus, we can obtain I by the combination of ℓ+, ℓ− and ℓ as

ℓ+ + ℓ− − 2ℓ

µ2
= I +O(µ). (13)

Moreover, incorporating the current gradient information into the preconditioner is demonstrated to
be effective in first-order optimizers [28, 35]. We additionally estimate

g̃ = (ℓ+ − ℓ−) ∗
Σ

1/2
t u

2µ
= uu⊤∇F (θ; (x, y)) +O(µ)

as an unbiased zeroth-order gradient and incorporate diag(g̃ ◦ g̃) as a correction item to integrate
local first-order estimated information into Σt through a moving average mechanism as

Σ̃ =
(
(1− β1)Σ

2
t−1 + β1 · diag2(g̃ ◦ g̃)

)1/2
.

Then we use (11) to update the diagonal Hessian as

Σ̂t =
1

2µ2
(ℓ+ + ℓ− − 2ℓ)

(
Σ̃ (diag(u ◦ u)− I)

)
. (14)

7



Step III. Take Moving Average and Reset Diagonal Hessian. In practice, we empirically discover
the instability of the estimated diagonal Hessian. To solve this problem, we take the moving average
of the historical estimate and the current one to maintain the smoothness and stability of Σt as

Σt = (1− β2)Σt−1 + β2|Σ̂t|, (15)

where |Σ̂t| means taking the absolute values of Σ̂t to maintain positive definite. Moreover, when
the iteration step exceeds a threshold, excessive accumulated historical information may no longer
positively contribute. Therefore, we reset the Σ frequently after some steps.

Step IV. Update the Parameters. Finally, we layer-wisely compute the preconditioned gradient by
PSPSA, where the gradient estimate is equivalent to a Σ−1 preconditioned zeroth-order gradient.
Remark 4.1. For β1, we first clarify that the correction term g̃ ◦ g̃ is introduced to mitigate training
instability caused by outliers from the stochastic zeroth-order oracle. Specifically, since the precondi-
tioner order is set to α = 1/2, excessively small values in the diagonal Hessian estimate can lead to
numerical instability (e.g., NaN values) during training. This correction term promotes numerical
alignment between gradient magnitudes and adaptive curvature scaling, similar to the mechanism in
Adam. However, applying such a correction introduces bias into Eq. (14). By choosing a small β1

to constrain this bias, we observe that this nearly negligible term enhances estimation robustness
against outliers and ensures training stability. As shown in Appendix C.7, setting β1 too large (e.g.,
1 or 10−2) causes optimization divergence and results in NaNs, as the correction term introduces
non-negligible bias. Conversely, when β1 is too small (e.g., 0 or close to 0), the correction fails to
take effect, potentially leading to numerical instability and NaNs. Only within an appropriate range
(around 10−8 to 10−10) does the algorithm achieve stable and reasonable performance.

For β2, it is designed to reduce the high variance in Hessian estimates from the zeroth-order oracle.
For the Hessian estimate Σt at step t, a small β2 ensures that the cumulative variance from the
sequence {Σ̂k}t−1

k=0 remains controlled, thereby enabling lower-variance and more stable updates
during training. A similar hyperparameter configuration is adopted in other zeroth-order fine-tuning
optimizers, such as in [59]. Our experimental results further confirm that, under identical parameter
settings, PaZO improves the performance of fine-tuned model across tasks.

5 Experiment

We conduct experiments on both masked LMs (RoBERTa-large, 350M [34]) and large-scale generative
LMs (OPT-1.3B [57]) with zero-shot learning, linear probing (LP [22]), in-context learning (ICL [8]),
full-parameter tuning and PEFT including LoRA [23] and prefix-tuning [31] (see Appendix C.3 for
details). We compare PaZO with other representative zeroth-order optimizers including MeZO and
HiZOO (see Appendix C.4 for details). We first show that PaZO achieves significant improvement
over zero-shot, ICL, and LP. Compared with first-order optimizers (FT), PaZO drastically reduces
the memory cost while maintaining comparable performance. Moreover, PaZO realizes better
performance compared with MeZO and HiZOO. Detailed settings are presented in Appendix C.2.

5.1 Masked Language Models

We conduct experiments for RoBERTa-large (350M) on sentiment classification, natural language
inference, and topic classification tasks. We sample k examples per class for k = 16, running zeroth-
shot learning, LP, fine-tuning, MeZO and PaZO. We summarize the results in Table 1. First, we
show that: (1) PaZO works significantly better than zero-shot and LP; (2) PaZO achieves comparable
performance to FT. Moreover, we show the better performance of PaZO compared with MeZO.

PaZO achieves better performance compared with MeZO. As shown in Table 1, PaZO achieves
improved performance on average across all the datasets, tasks and PEFT (we choose the best results
from LoRA and prefix-tuning). For sentiment tasks, the improvement of PaZO is universal, while for
NLI and topic tasks the improvement is evident on MNLI and TREC with 9.3% and 5.4%.

5.2 Generative Language Models

We extend the experiments to the OPT 1.3B model [57] on classification and multiple-choice tasks on
different datasets (see Appendix C.1 for details). We randomly sample 1000, 500, and 1000 examples
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Table 1: Experiments on RoBERTa-large (350M parameters, k=16). We use zero-shot learning, linear
probing (LP), full-parameter fine-tuning with Adam, MeZO and PaZO on six downstream tasks. We
also test PEFT methods including LoRA and prefix tuning with Adam, MeZO and PaZO respectively.
All reported numbers are averaged accuracy (standard deviation) across 5 runs.

Task Type SST-2 SST-5 SNLI MNLI RTE TREC Average
—— sentiment —— —— natural language inference —— — topic —

Zero-shot 79.0 35.5 50.2 48.8 51.4 32.0 49.5
LP 76.0 (±2.8) 40.3 (±1.9) 66.0 (±2.7) 56.5 (±2.5) 59.4 (±5.3) 51.3 (±5.5) 58.3

FT 90.9 (±1.7) 44.8 (±1.6) 67.5(±2.4) 58.2 (±3.1) 66.4 (±7.2) 85.0 (±2.5) 68.8
FT (PEFT) 91.9 (±1.0) 43.2 (±1.1) 65.5 (±1.8) 57.1 (±1.3) 65.5 (±1.9) 79.8 (±1.5) 67.2

MeZO 90.5 (±1.2) 42.3 (±2.1) 66.7 (±3.3) 51.6 (±3.0) 64.0 (±3.3) 70.2 (±1.4) 64.2
MeZO (PEFT) 91.3 (±1.0) 42.4 (±2.5) 62.7 (±2.8) 55.6 (±2.0) 60.5 (±3.6) 73.4 (±3.6) 64.3

PaZO 91.4 (±0.8) 44.6 (±1.7) 66.7 (±2.6) 56.4 (±2.1) 63.2 (±5.2) 70.8 (±2.0) 65.6
PaZO (PEFT) 91.3 (±0.3) 42.9 (±0.5) 62.4 (±1.6) 55.8 (±1.7) 61.5 (±2.2) 77.4 (±3.5) 65.2

Table 2: Performance comparison with MeZO and HiZOO. We fine-tune OPT-1.3B on different
downstream datasets and evaluate the performance, applying LoRA and prefix-tuning.

Task Type SST-2 BoolQ CB ReCoRD RTE WIC WSC COPA MultiRC Average
————————- classification ————————- – multiple choice –

MeZO 88.5 63.4 67.8 72.3 66.1 60.6 57.6 76.0 56.3 67.6
MeZO (LoRA) 88.5 63.0 60.7 70.6 59.9 58.2 54.8 77.0 58.9 65.7
MeZO (prefix) 91.3 64.1 67.9 71.0 62.5 54.2 51.2 75.0 57.2 66.0

HiZOO 88.5 61.4 67.9 71.9 64.3 62.2 62.5 73.0 59.3 67.9
HiZOO (LoRA) 88.5 63.1 69.6 72.5 64.6 60.6 54.8 76.0 58.9 67.6
HiZOO (prefix) 91.3 63.6 67.9 70.9 63.2 53.8 57.7 75.0 54.5 66.4

PaZO 89.0 63.4 69.6 72.1 66.4 63.2 61.5 75.0 57.6 68.6
PaZO (LoRA) 88.5 63.4 73.2 72.1 62.8 58.2 54.8 77.0 58.9 67.7
PaZO (prefix) 91.3 63.4 67.9 71.0 62.3 53.8 57.7 75.0 57.2 66.6

for training, validation, and test sets, respectively, for each dataset. We run MeZO, HiZOO and PaZO
for 20K steps, and compare the performance with different zeroth-order optimizers in Table 2.

PaZO achieves SOTA performance compared with other zeroth-order optimizers. As shown
in Table 2, PaZO achieves SOTA performance compared to other zeroth-order optimizer baselines
including MeZO and HiZOO. Specifically, for average performance, PaZO achieves all-round
improvement beyond MeZO and HiZOO, no matter the full-parameter version, the LoRA version or
the prefix-tuning version. For single-task performance, PaZO and its peft version show advantages in
the vast majority of tasks and have little gaps in other tasks.

5.3 Memory Usage and Wall-clock Time Analysis

Memory Usage. As shown in Figure 1, PaZO has more memory overhead compared to MeZO
because of the storage of the diagonal Hessian, and maintains the memory overhead compared to
HiZOO. However, PaZO also exhibits extreme saving of memory compared to first-order optimizers,
specifically, up to 6× compared to standard FT and 3× compared to FT (prefix-tuning).

Wall-clock Time. As shown in Figure 2, PaZO spends 1.5× time per step compared with MeZO, and
the same time per step compared with HiZOO, since preconditioned optimizers need an additional
forward pass for estimating diagonal Hessian. In Figure 2, Model1 means we use LoRA and Model2
means we use prefix-tuning. Considering the accelerated convergence rate of PaZO with fewer steps
to obtain the same loss, PaZO achieves better performance with an acceptable extra time cost.

9



1.3B 2.7B 6.7B 13B
#Parameters

10

100

1000

Pe
ak

 M
em

or
y 

(G
B)

Zero-shot
ICL
FT
FT(prefix)
MeZO
PaZO

3x
4x

5x
6x

Figure 1: GPU peak memory overhead with dif-
ferent OPT models and tuning methods on Mul-
tiRC (400 tokens per example on average). See
Appendix C.5 for details.

MeZO HiZOO PaZO
RoBERTa-L 0.2091s 0.3020s 0.3046s
RoBERTa-L1 0.1338s 0.1993s 0.2013s
RoBERTa-L2 0.1254s 0.1869s 0.1892s
OPT-1.3B 0.2564s 0.3812s 0.3837s
OPT-1.3B1 0.1664s 0.2798s 0.2857s
OPT-1.3B2 0.1572s 0.2374s 0.2419s

Figure 2: Wallclock time per step among MeZO,
HiZOO and PaZO. The increase in wallclock
time per step for PaZO compared to MeZO is
less than 1.5 times across different model sizes.
All results are measured on the same dataset
(SST-2) and GPUs (24GB 3090), with each result
averaged over 100 steps.

6 Conclusion

In this work, we propose PaZO, a preconditioned accelerated zeroth-order optimization method for
fine-tuning LLMs. We theoretically analyze the necessity of preconditions in ZO, and demonstrate
the optimal order of preconditioners to achieve the fastest convergence rate. We propose the practical
form of PaZO and extensive experiments on different models and tasks show the effectiveness.
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A Proof of Theorem 3.5 and Theorem 3.8

We prove Theorem 3.5 and Theorem 3.8 by three steps below. First, we rewrite the update form to
obtain the coupled recursive formula of (θt1 − θ∗)(θt2 − θ∗)⊤ ignoring higher-order infinitesimal
terms. Second, we obtain the estimation of the sum of (θt1 − θ∗)(θt2 − θ∗)⊤ with t1 and t2 from T

to 2T − 1. Finally, by Taylor expansion of f
(

1
T

∑2T−1
t=T θt

)
on θ∗, we obtain the results in Theorem

3.5 and Theorem 3.8.

Specifically, Theorem 3.5 can be regarded as a special case of Theorem 3.8. Thus we employ a
generalized proof framework to establish the proofs of the two Theorems above. The main body of
our proof addresses general function (as stated in Theorem 3.8), while the least squares (Theorem
3.5) is distinctly labeled as "Least Squares" for clarity.

Proof. Step I. We first rewrite the update rule from

θt+1 = θt − η∇̃F (θt; (xt, yt)) (16)

to separate the decay term and higher-order term as below :

θt+1 − θ∗ = θt − θ∗ − η
(
∇̃F (θt; (xt, yt))− (H∗)−2α∇f(θ∗)

)
= (I− η(H∗)1−2α)(θt − θ∗)

+ η
(
(H∗)1−2α(θt − θ∗)− E

[
∇̃F (θt; (xt, yt))

]
+ (H∗)−2α∇f(θ∗)

)
+ η

(
E
[
∇̃F (θt; (xt, yt))

]
− ∇̃F (θt; (xt, yt))

)
.

(17)

Denoting Q∗ = I − η(H∗)1−2α, with η ≤ 1
λmax((H∗)1−2α) we have Q∗ ⪰ 0. For any T ≤ t2 <

t1 ≤ 2T , by recursive formula (17), we have

θt1 − θ∗ = (Q∗)t1−t2(θt2 − θ∗)︸ ︷︷ ︸
A

+B + C
(18)

where

B = η

t1−t2∑
j=1

(Q∗)j−1
(
(H∗)1−2α(θt1−j − θ∗)− E

[
∇̃F (θt1−j ; (xt1−j , yt1−j))

]
+ (H∗)−2α∇f(θ∗)

)
,

and

C = η

t1−t2∑
j=1

(Q∗)j−1
(
E
[
∇̃F (θt1−j ; (xt1−j , yt1−j))

]
− ∇̃F (θt1−j ; (xt1−j , yt1−j))

)
. (19)

Then we denote Vt1,t2 := (θt1 − θ∗)(θt2 − θ∗)⊤, by the recursive formula (32) from θt1 to θt2 , we
obtain the expectation of Vt1,t2 as below. When t1 > t2, we have

E [Vt1,t2 ] = (Q∗)t1−t2E [Vt2,t2 ] +O(ηρϵ30 · I),
= (Q∗)t1−t2E [Vt2,t2 ] +Err

(20)

where the second term in the first equality is from B(θt2 − θ∗)⊤. We obtain

E
[
B(θt2 − θ∗)⊤

]
⪯ E

∥∥B(θt2 − θ∗)⊤
∥∥ · I

(a)

⪯ O

ηρE

t1−t2∑
j=1

(
∥θt1−j − θ∗∥2|α| + ∥θt1−j − θ∗∥2

)
· ∥θt2 − θ∗∥

 · I
⪯ O

(
ηρ
(
ϵ
2|α|+1
0 + ϵ30

))
· I.
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In (a) we apply the Assumption 3.7, E
[
∇̃F (θt; (xt, yt))

]
= (H∗)−2α∇f(θt) and ∇f(θ∗) = 0 to

B and obtain that for any t ∈ [t2, t1 − 1] we have∥∥(Ht)
−2α∇f(θt)− (H∗)−2α∇f(θ∗)− (H∗)1−α(θt − θ∗)

∥∥
≤
∥∥((Ht)

−2α − (H∗)−2α
)
∇f(θt)

∥∥
+
∥∥(H∗)−2α (∇f(θt)−∇f(θ∗)−H∗(θt − θ∗))

∥∥
≤ O

(
ρ∥θt − θ∗∥2|α| + ρ∥θt − θ∗∥2

)
.

(21)

Thus, we denote Err = O
(
ηρ
(
ϵ
2|α|+1
0 + ϵ30

)
· I
)

to represent the higher-order infinitesimal term.
Similarly, when t1 < t2, we have

E [Vt1,t2 ] = E [Vt1,t1 ]
(
(Q∗)t2−t1

)⊤
+Err. (22)

Then we compute the recursive formula when t1 = t2. Applying t2 = t1− 1 to the recursive formula
(32) and take the expectation of two sides, we have

E [Vt1,t1 ] = Q∗E [Vt1−1,t1−1] (Q
∗)⊤ + η2E[EE⊤] +Err, (23)

where E = E
[
∇̃F (θt1−1; (xt1−1, yt1−1))

]
− ∇̃F (θt1−1; (xt1−1, yt1−1)). The second term is

from E
[
CC⊤

]
; the third term Err is form E

[
AB⊤ + BA⊤ + BB⊤], which is on the order of

O(ηρ∥θ − θ∗∥3 · I); and E
[
AC⊤ + BC⊤ + CA⊤ + CB⊤] = 0. We calculate the second term as

EE⊤ = EE⊤ − E∗E∗⊤ + E∗E∗⊤, (24)

where E∗ = E
[
∇̃F (θ∗; (xt1−1, yt1−1))

]
− ∇̃F (θ∗; (xt1−1, yt1−1)). Then we obtain that

E
[
EE⊤ − E∗E∗⊤

]
is on the order of O(ϵ0) due to the gradient uniform continuity in Assumption

3.6. For simplicity, we denote ∇̃F (θt; (xt1−1, yt1−1)) = ∇̃Ft and ∇̃F (θ∗; (xt1−1, yt1−1)) = ∇̃F ∗

E
[
EE⊤ − E∗E∗⊤

]
= E

[
∇̃Ft∇̃⊤Ft − ∇̃F ∗∇̃⊤F ∗

]
− E

[
∇̃Ft

]
E
[
∇̃⊤Ft

]
, (25)

For the first term we have
E
[
∇̃Ft∇̃⊤Ft − ∇̃F ∗∇̃⊤F ∗

]
= E

[
(Ht)

−αuu⊤(Ht)
−α∇Ft∇⊤Ft(Ht)

−αuu⊤(Ht)
−α
]

− E
[
(H∗)−αuu⊤(H∗)−α∇F ∗∇⊤F ∗(H∗)−αuu⊤(H∗)−α

]

= E

(Ht)
−αuu⊤(Ht)

−α∇Ft

(
∇⊤Ft(Ht)

−αuu⊤(Ht)
−α −∇⊤F ∗(H∗)−αuu⊤(H∗)−α

)
︸ ︷︷ ︸

ζ1



− E

((Ht)
−αuu⊤(Ht)

−α∇Ft − (H∗)−αuu⊤(H∗)−α∇F ∗
)

︸ ︷︷ ︸
ζ2

∇⊤F ∗(H∗)−αuu⊤(H∗)−α


Due to Assumption 3.6, we have

E∥ζ1∥ ≤ E
∥∥∇⊤Ft

(
(Ht)

−αuu⊤(Ht)
−α − (H∗)−αuu⊤(H∗)−α

)∥∥
+ E

∥∥(∇⊤Ft −∇⊤F ∗) (H∗)−αuu⊤(H∗)−α
∥∥

≤ E
∥∥(∇⊤Ft −∇⊤F ∗) ((Ht)

−αuu⊤(Ht)
−α − (H∗)−αuu⊤(H∗)−α

)∥∥
+ E

∥∥∇⊤F ∗ ((Ht)
−αuu⊤(Ht)

−α − (H∗)−αuu⊤(H∗)−α
)∥∥

+ E
∥∥(∇⊤Ft −∇⊤F ∗) (H∗)−αuu⊤(H∗)−α

∥∥
≤ O

(
E
[
ρ ∥∇F ∗∥ ∥θt − θ∗∥2|α|

]
+ E

[
ρ∥θt − θ∗∥1+2|α|

]
+ E∥θt − θ∗∥

)
≤ O

(
ρϵ

2|α|
0 + ϵ0

)
.

(26)
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Similarly we have

E∥ζ2∥ ≤ O
(
ρϵ

2|α|
0 + ϵ0

)
. (27)

Thus E
[
∇̃Ft∇̃⊤Ft − ∇̃F ∗∇̃⊤F ∗

]
= O

((
ρϵ

2|α|
0 + ϵ0

)
· I
)

. For the term E
[
∇̃Ft

]
E
[
∇̃⊤Ft

]
we

have

E
[
∇̃Ft

]
E
[
∇̃⊤Ft

]
= (Ht)

−2α∇f(θt)∇⊤f(θt)(Ht)
−2α

⪯ O
(
∥∇f(θt)−∇f(θ∗)∥2 · I

)
⪯ O(∥θt − θ∗∥2 · I)
⪯ O(ϵ0 · I).

(28)

Thus we have E
[
EE⊤ − E∗E∗⊤

]
= O

((
ρϵ

2|α|
0 + ϵ0

)
· I
)

. Then we obtain

E
[
EE⊤

]
= E

[
E∗E∗⊤

]
+O

((
ρϵ

2|α|
0 + ϵ0

)
· I
)

= E
[
(H∗)−αuu⊤(H∗)−α∇F ∗∇⊤F ∗(H∗)−αuu⊤(H∗)−α

]
+O

((
ρϵ

2|α|
0 + ϵ0

)
· I
)

= Eu

[
(H∗)−αuu⊤(H∗)−αH∗(H∗)−αuu⊤(H∗)−α

]
+O

((
ρϵ

2|α|
0 + ϵ0

)
· I
)
,

where in the second equality we use E
[
∇̃F (θ∗; (xt1−1, yt1−1))

]
= 0 and ∇̃F (θ∗; (xt1−1,

yt1−1)) = (H∗)−αuu⊤(H∗)−α∇F (θ∗; (xt1−1, yt1−1)) when ignoring the higher-order in-
finitesimal term of µ; in the third equality we use Assumption 3.3. Denoting M∗ =
Eu

[
(H∗)−αuu⊤(H∗)−αH∗(H∗)−αuu⊤(H∗)−α

]
, we have

E [Vt1,t1 ] = Q∗E [Vt1−1,t1−1] (Q
∗)⊤ + η2M∗ +Err+O

(
η2
(
ρϵ

2|α|
0 + ϵ0

)
· I
)

= Q∗E [Vt1−1,t1−1] (Q
∗)⊤ + η2M∗ + Ẽrr.

(29)

In summary, we obtain the recursive formula of E [Vt1,t2 ] as

E [Vt1,t2 ] =


(Q∗)t1−t2E [Vt2,t2 ] + Ẽrr if t1 > t2,

Q∗E [Vt1−1,t1−1] (Q
∗)⊤ + η2M∗ + Ẽrr if t1 = t2,

E [Vt1,t1 ] ((Q
∗)t2−t1)

⊤
+ Ẽrr if t1 < t2,

(30)

where Ẽrr = O
((

ηρϵ30 + ηρϵ
2|α|+1
0 + η2ϵ0 + η2ρϵ

2|α|
0

)
· I
)

.

Least Squares. For least squares regression (6) with C = σ2, we notice that the Hessian matrix is
fixed as H∗ = 1

σ2E[xx⊤] and the gradient can be written as

∇F (θt, (xt, yt)) = −
1

σ2
(yt − ⟨θt,xt⟩)xt =

1

σ2
(⟨θt − θ∗,xt⟩+ ϵ)xt

=
xtx

⊤
t (θt − θ∗)

σ2
+

ϵxt

σ2
.

(31)

Thus we have E[∇̃F (θt, (xt, yt))] = (H∗)−2αH∗(θt − θ∗). Thus the second term in the second
equality in (17) is 0. The recursive formula of θt1 and θt2 can be exactly obtained as

θt1 − θ∗ = (Q∗)t1−t2(θt2 − θ∗)︸ ︷︷ ︸
A

+ η

t1−t2∑
j=1

(Q∗)j−1
(
E
[
∇̃F (θt1−j ; (xt1−j , yt1−j))

]
− ∇̃F (θt1−j ; (xt1−j , yt1−j))

)
︸ ︷︷ ︸

C

,
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for any T ≤ t1 < t2 ≤ 2T . Then we similarly obtain the expectation of Vt1,t2 when t1 > t2 as

E [Vt1,t2 ] = (Q∗)t1−t2E [Vt2,t2 ] , (32)

due to E[C(θt2 − θ∗)⊤] = 0 without Err. When t1 = t2, we obtain

E [Vt1,t1 ] = Q∗E [Vt1−1,t1−1] (Q
∗)⊤ + η2E

[
EE⊤

]
, (33)

where E = E
[
∇̃F (θt1−j ; (xt1−j , yt1−j))

]
− ∇̃F (θt1−j ; (xt1−j , yt1−j)). For quadratic functions,

we have Ht = H∗. Thus we directly obtain

E
[
tr
(
H∗EE⊤

)]
≲ tr2

(
(H∗)1−2α

)
tr (H∗E [Vt1−1,t1−1]) + tr (H∗M∗) , (34)

where the last inequality is derived from the assumption that Ext

[
xtx

⊤
t Bxtx

⊤
t

]
⪯ O (tr (H∗B)H∗)

when B and H∗ share the same orthonormal basis for least squares regression. Thus we obtain the
exact recursive formula of E[Vt1,t2 ] for least squares regression as

E [Vt1,t2 ] ⪯


(Q∗)t1−t2E [Vt2,t2 ] if t1 > t2,

Q∗E [Vt1−1,t1−1] (Q
∗)⊤ + η2ϕ(Vt1−1,t1−1) if t1 = t2,

E [Vt1,t1 ] ((Q
∗)t2−t1)

⊤ if t1 < t2,

(35)

where ϕ(Vt1−1,t1−1) := O
(
∥θt1−1 − θ∗∥2

)
(H∗)2α +M∗.

Step II. In this step, we obtain the estimate of the sum of E [Vt1,t2 ] for t1 and t2 from T to 2T − 1.
First, by the recursive formula (30), we have

E [Vt1,t2 ] = (Q∗)t1−TE [VT,T ]
(
(Q∗)t2−T

)⊤
+η2

min{t1,t2}−1∑
t=T

(Q∗)t1−t−1M∗ ((Q∗)t2−t−1
)⊤

︸ ︷︷ ︸
It1,t2

+Ẽrr

In this step, we try to estimate
∑2T−1

t1,t2=T It1,t2 . Specifically, for any t ∈ [T, 2T − 1], we denote

It1,t2(t) = η2(Q∗)t1−t−1M∗ ((Q∗)t2−t−1
)⊤

. Thus we have

2T−1∑
t1,t2=t+1

It1,t2(t) = η2
2T−1∑
t1=t+1

(Q∗)t1−t−1M∗ ((I− (Q∗)2T−t−1
)
(I−Q∗)−1

)⊤
= η2

((
I− (Q∗)2T−t−1

)
(I−Q∗)−1

)
M∗ ((I− (Q∗)2T−t−1

)
(I−Q∗)−1

)⊤
,

where we first calculate the sum of t2 from t+1 to 2T − 1 given t1; then compute the sum of t1 from
t+1 to 2T − 1. Both use the matrix-formed summation formula for geometric series. We obtain that

2T−1∑
t=T

2T−1∑
t1,t2=t+1

It1,t2(t) = Tη2(I−Q∗)−1M∗ ((I−Q∗)−1
)⊤

− η2
2T−1∑
t=T

(Q∗)2T−t−1(I−Q∗)−1M∗ ((I−Q∗)−1
)⊤

− η2
2T−1∑
t=T

(I−Q∗)−1M∗ ((I−Q∗)−1
)⊤ (

(Q∗)2T−t−1
)⊤

+ η2
2T−1∑
t=T

(Q∗)2T−t−1(I−Q∗)−1M∗ ((I−Q∗)−1
)⊤ (

(Q∗)2T−t−1
)⊤

,
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where
∑2T−1

t1,t2=T It1,t2 =
∑2T−1

t=T

∑2T−1
t1,t2=t+1 It1,t2(t). Then, applying Lemma D.3 with M =

I−Q∗ and M̄ = M∗ to (36), we obtain
2T−1∑
t=T

2T−1∑
t1,t2=t+1

It1,t2(t) = T (H∗)−(1−2α)M∗
(
(H∗)−(1−2α)

)⊤
−
(
I− (Q∗)T

)
(I−Q∗)−1(H∗)−(1−2α)M∗

(
(H∗)−(1−2α)

)⊤
− (H∗)−(1−2α)M∗

(
(H∗)−(1−2α)

)⊤ (
(I−Q∗)

−1
)⊤ (

I− (Q∗)T
)⊤

+

2T−1∑
t=T

(Q∗)2T−t−1(H∗)−(1−2α)M∗
(
(H∗)−(1−2α)

)⊤ (
(Q∗)2T−t−1

)⊤
.

We notice that with η ≳ 1
λmin((H∗)1−2α)T , Q∗ ⪯

(
1− ηλmin

(
(H∗)1−2α

))
I ⪯ I. Thus we have

2T−1∑
t=T

2T−1∑
t1,t2=t+1

It1,t2(t) ⪯ T (H∗)−(1−2α)M∗
(
(H∗)−(1−2α)

)⊤
+

2T−1∑
t=T

(Q∗)2T−t−1(H∗)−(1−2α)M∗
(
(H∗)−(1−2α)

)⊤ (
(Q∗)2T−t−1

)⊤
⪯

(
T +

1−
(
1− ηλmin

(
(H∗)1−2α

))2T
1− (1− ηλmin ((H∗)1−2α))

2

)
(H∗)−(1−2α)M∗

(
(H∗)−(1−2α)

)⊤
⪯
(
T +

1

ηλmin ((H∗)1−2α)

)
(H∗)−(1−2α)M∗

(
(H∗)−(1−2α)

)⊤
The last equality is due to ηλmin

(
(H∗)1−2α

)
≤ ηλmax

(
(H∗)1−2α

)
≤ 1.

Step III. In this step, we finish the convergence analysis of Theorem 3.8. We first utilize the Taylor
expansion of f

(
1
T

∑2T−1
t=T θt

)
at θ∗ as below:

f

(
1

T

2T−1∑
t=T

θt

)
≤ f(θ∗) +

1

2

(
1

T

2T−1∑
t=T

(θt − θ∗)

)⊤

H∗

(
1

T

2T−1∑
t=T

(θt − θ∗)

)
, (36)

since ∇f(θ∗) = 0. Then we take the expectation of both sides of (36) and obtain

E

[
f

(
1

T

2T−1∑
t=T

θt

)]
− f(θ∗)

(a)

≤ 1

2
E

tr(H∗

(
1

T

2T−1∑
t=T

(θt − θ∗)

)(
1

T

2T−1∑
t=T

(θt − θ∗)

))⊤
=

1

2T 2
tr

(
H∗E

[
2T−1∑
t=T

2T−1∑
t1,t2=t+1

Vt1,t2

])

(b)
=

1

2T 2
tr

(
H∗E

[
2T−1∑
t=T

2T−1∑
t1,t2=t+1

It1,t2(t)

])

+
1

2η2T 2
tr
(
(H∗)4α−1E [VT,T ]

)
+ Ērr

(c)

≲
(1− ηλmin((H

∗)1−2α))2T

η2T 2
tr
(
(H∗)4α−1E [V0,0]

)
+

(
1

2T
+

1

2T 2ηλmin ((H∗)1−2α)

)
·Dα +

1

ηT 2
Dα + Ērr,

where Dα = tr
(
H∗(H∗)−(1−2α)M∗ ((H∗)−(1−2α)

)⊤)
and Ērr = O

(
ηρϵ30 + ηρϵ

2|α|+1
0 +

η2ϵ0 + η2ρϵ
2|α|
0

)
. To obtain the inequality (a), we use a⊤Ha = tr

(
Haa⊤

)
for any vector a and
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matrix H. (b) is derived from combining (36) with the recursive expression of E [VT,T ] in (30) when
given T . By integrating (36) with the recursive computation procedure for tr

(
(H∗)4α−1E [VT,T ]

)
,

we have the inequality (c).

Next, we compute the trace expression tr
(
H∗(H∗)−(1−2α)M∗ ((H∗)−(1−2α)

)⊤)
through the fol-

lowing derivation:

tr

(
H∗(H∗)−(1−2α)M∗

(
(H∗)−(1−2α)

)⊤)
= tr

(
(H∗)4α−1 ·M∗) , (37)

where M∗ satisfies:

M∗ = Eu∼N (0,Id)

[
(H∗)−αuu⊤(H∗)−αH∗(H∗)−αuu⊤(H∗)−α

]
(d)

⪯ O
(
(H∗)−2αtr

(
(H∗)1−2α

))
.

(38)

Inequality (d) is derived from the fact that E[Auu⊤Buu⊤A⊤] ⪯ O
(
AA⊤tr(B)

)
when u ∼

N (0, Id) and A,B ∈ Rd×d share the same orthonormal basis. Thus, combing (37) and (38), we
obtain

tr

(
H∗(H∗)−(1−2α)M∗

(
(H∗)−(1−2α)

)⊤)
⪯ tr

(
(H∗)2α−1

)
· tr
(
(H∗)1−2α

)
. (39)

In the end, we have

E

[
f

(
1

T

2T−1∑
t=T

θt

)]
− f(θ∗) ≲

(1− ηλmin((H
∗)1−2α))2T

η2T 2
+

1

ηT 2
tr
(
(H∗)1−2α

)
+

tr
(
(H∗)2α−1

)
· tr
(
(H∗)1−2α

)
T

+ Ērr.

(40)

We complete the proof of Theorem 3.8.

Least Squares. For least squares regression, we obtain

E

[
f

(
1

T

2T−1∑
t=T

θt

)]
− f(θ∗)

(a)
=

1

2
E

tr
H∗

(
1

T

2T−1∑
t=T

(θt − θ∗)

)(
1

T

2T−1∑
t=T

(θt − θ∗)

)⊤
(b)

≤ 1

ηT 2

2T−1∑
t=T

tr
(
(H∗)2αE [Vt,t]

)
(c)

≤
(
1− ηλmin

(
(H∗)1−2α

))T
ηT

tr
(
(H∗)2αE [V0,0]

)
+

Dα

T
, (41)

where Dα = tr
(
H∗(H∗)−(1−2α)M∗ ((H∗)−(1−2α)

)⊤)
. By a⊤Ha = tr

(
Haa⊤

)
for any vector

a and matrix H, we have inequality (a). (b) follows from the recursive expression of E [Vt1,t2 ] in
(35) and (c) is obtained from the estimation

tr
(
(H∗)2αE [Vt,t]

)
≤ tr

(
(H∗)2α(Q∗)tE [V0,0]

(
(Q∗)t

)⊤)︸ ︷︷ ︸
I

+ η2
t−1∑
t′=0

O
(
E
[
∥θt′ − θ∗∥2

])
tr

(
(H∗)2α(Q∗)t−1−t′(H∗)2α

(
(Q∗)t−1−t′

)⊤)

+ η2
t−1∑
t′=0

tr

(
(H∗)2α(Q∗)t−1−t′M∗

(
(Q∗)t−1−t′

)⊤)
︸ ︷︷ ︸

II
(d)

≤
(
1− ηλmin

(
(H∗)1−2α

))T
tr
(
(H∗)2αE [V0,0]

)
+ ηDα, (42)
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for any t ∈ [T : 2T − 1], where (d) is derived from combining the following recursion

E
[
∥θt − θ∗∥2

]
= tr (E [Vt,t]) ≤tr

(
Q∗E [Vt−1,t−1] (Q

∗)⊤
)

+ η2
[
tr
(
(H∗)−2α

)
tr
(
(H∗)1−2α

)
tr (H∗E [Vt−1,t−1]) + tr (M∗)

]
(e)

≤
(
1− ηλmin

(
(H∗)1−2α

))
tr (E [Vt−1,t−1]) + η2tr (M∗) ,

(43)

with explicit computational procedures applied to parameters I and II , where (e) is achieved through
the setting of step size that η ≤ λmin(H

∗)
λmax(H∗)tr((H∗)−2α)tr((H∗)1−2α) . According to (41), we complete

the proof of Theorem 3.5.

B Extensive Analysis under Approximate Hessian

In this section, we further consider the PSPSA using approximate Hessian H̃t to replace Ht. Previous
work† shows that without exact calculation, approximate Hessian can be obtained through zeroth-
order oracles with a controlled gap between H̃t and Ht. Specifically, for least squares regression,
due to Ht = H∗, we formally propose the Assumption B.1 below to characterize the approximate
error of Hessian.

Assumption B.1. Given α > 0, the Hessian estimation matrix H̃t satisfies∥∥∥H̃2α
t − (H∗)2α

∥∥∥ ≤ αϵ2α. (44)

With Assumption B.1, we obtain the convergence rate of PaZO with approximate Hessian for least
squares regression in Theorem B.2. The complexity of estimating Hessian can be lower bounded
by the rate in Theorem B.2 since we only need to estimate the Hessian one time for least squares
regression due to Ht = H∗.

Theorem B.2. Suppose α ∈ [0, 1/2] and the Hessian approximation error ϵ defined in Assumption

B.1 satisfies ϵ ≤ O
(
(κ(H∗))

−1/(2α)
)
λmin(H

∗) where κ(H∗) = λmax(H
∗)/λmin(H

∗). Consider

running PaZO with approximate Hessian H̃t satisfying Assumption B.1 for the least squares regression
problem (6) under Assumption 3.4, with a learning rate η satisfying η = Õ

(
(λmin(H

∗))
2α−1

T−1
)

for T iterations. Then PaZO achieves the following convergence rate:

E
[
∥θT − θ∗∥2H∗

]
≲
(
1− η (λmin(H

∗))
1−2α

)T
∥θ0 − θ∗∥2H∗ +

3d2σ2 (κ(H∗))
2−4α

T
, (45)

where α is the precondition order defined in PSPSA.

In Theorem B.2, the first term decays exponentially as T , and the dominant term of the rate is
3d2σ2 (κ(H∗))

2−4α
/T . Since κ is defined as the condition number of a given positive definite

matrix, we notice that (κ(H∗))
2−4α ≥ 1 and the equality holds if and only if α = 1/2. This result

amazingly aligns with the results in Theorem 3.5, which demonstrates that the optimal selection of α
in PSPSA is 1/2. Without an effect preconditioner, ZO-SGD only achieves Õ(d2σ2 (κ(H∗))

2
/T ),

not matching the ideal rate Õ(d2σ2/T ). We provide the proof of Theorem B.2 as follows.

Proof. According to the update rule

θt+1 = θt − η∇̃F (θt; (xt, yt)), (46)

†Qian Yu et al. “Stochastic Zeroth-Order Optimization under Strongly Convexity and Lipschitz Hessian:
Minimax Sample Complexity”. In: arXiv preprint arXiv:2406.19617 (2024).
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we have

E
[
∥θt+1 − θ∗∥2H∗

] (a)

≤E
[
∥θt − θ∗∥2H∗

]
− 2ηE

[〈
θt − θ∗, H̃−2α

t H∗(θt − θ∗)
〉
H∗

]
+ η2tr2

(
H̃−2α

t H∗
)
E
[
∥θt − θ∗∥2H∗

]
+ η2σ2tr2(H̃−2α

t H∗)

(b)

≤
(
1− 2η (λmin(H

∗))
1−2α

)
E
[
∥θt − θ∗∥2H∗

]
+ 2η

λmax(H
∗)ϵ2α

(λ2α
min(H

∗)− ϵ2α)λ2α
min(H

∗)
E
[
∥θt − θ∗∥2H∗

]
+ η2

tr2(H∗)

(λ2α
min(H

∗)− ϵ2α)
2E
[
∥θt − θ∗∥2H∗

]
+ 2η2σ2

[
tr2
(
(H∗)1−2α

)
+

(
tr(H∗)ϵ2α

(λ2α
min(H

∗)− ϵ2α)λ2α
min(H

∗)

)2
]

(c)

≤
(
1− η (λmin(H

∗))
1−2α

)
E
[
∥θt − θ∗∥2H∗

]
+ 3η2σ2tr2

(
(H∗)1−2α

)
,

where (a) is derived from Assumption 3.4, (b) follows the fact λmin(H̃
−2α
t ) ≤

(
λ2α
min(H

∗)− ϵ2α
)−1

and
∥∥∥H̃−2α

t − (H∗)−2α
∥∥∥ ≤ ϵ2α/

[(
λ2α
min(H

∗)− ϵ2α
)
λ2α
min(H

∗)
]
, and (c) is obtained from the

setting of η and Assumption B.1. According to the recursive expression of E
[
∥θt − θ∗∥2H∗

]
, we

obtain

E
[
∥θT − θ∗∥2H∗

]
≤
(
1− η (λmin(H

∗))
1−2α

)T
∥θ0 − θ∗∥2H∗

+
3ησ2

λ1−2α
min (H∗)

tr2
(
(H∗)1−2α

)
. (47)

By applying the chosen value of η to (47), we complete the proof.

C Experiment Setup

C.1 Dataset

For RoBERTa-large, we consider classification datasets: SST-2 [47], SST-5 [47], TREC [51], MNLI
[54], SNLI [7], and RTE [20, 14, 18, 6]. We follow [37] to limit the test set with 1,000 examples for
fast iteration. For training and validation, we set k = 16, which means that we have 16 examples per
class for both training and validation.

For OPT-1.3B, we consider the SuperGLUE dataset collection [52], including: BoolQ [13], CB [15],
COPA [45], MultiRC [27], ReCoRD [56], RTE [20, 14, 18, 6], WiC [43], and WSC [30]. We also
consider SST-2 [47] and report the results on the above 9 dataset with randomly sampling 1,000
examples for training, 500 examples for validation, and 1,000 examples for testing.

C.2 Hyperparameters

We use the hyperparameters in Table 3 for experiments on RoBERTa-large. Previous work [37]
shows that the choice of ϵ seems to not significantly impact the performance, and using a larger batch
size consistently yielded faster optimization. We use the hyperparameters in Table 4 for zeroth-order
methods on OPT-1.3B. We use linear learning scheduling for first-order fine-tuning methods with
backpropagation, and constant learning rate for all zeroth-order methods.

For RoBERTa-large experiments, we evaluate the model on validation sets every 1/10 of total training
steps and save the best validation checkpoint. All FT experiments use 1K steps and zeroth-order
methods use 100K steps. For OPT-1.3B experiments, we evaluate the model on validation sets every
1/5 of the total training steps and save the best validation checkpoint. All zeroth-order methods in
experiments use 20K steps.
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Algorithm 3 MeZO
Require: parameters Θ = {θi ∈ Rdi}, loss L : Rd → R, running steps T , perturbation scale µ,

learning rate schedule ηt, random seed s, a random number generator
for t = 1, ..., T do

Step 1: Perturb Parameters through Diagonal Hessian
Sample batch B ⊂ D and random seed s
θ← PerturbParameters(θ, µ, I, s)
ℓ+ ← L(θ;B)
θ← PerturbParameters(θ, −2µ, I, s)
ℓ− ← L(θ;B)
θ← PerturbParameters(θ, µ, I, s)

Step 2: Update the Parameters
Reset random number generator with seed s
projected_grad← (ℓ+ − ℓ−)/2µ

for θi ∈ Θ do
Sample ui ∼ N (0, Idi

)
θi ← θi − ηt∗ projected_grad ∗ui

end for
end for

C.3 Parameter-efficient Fine-tuning

Storing and fine-tuning a large language model for each downstream task can be quite costly.
Parameter-efficient fine-tuning (PEFT) techniques help mitigate this issue: instead of fine-tuning all
model parameters, PEFT only modifies a small percentage of additional parameters (usually less than
1%) and often achieves comparable or better performance [23, 31]. The zeroth-order optimizer is
compatible with PEFT methods because it can operate on any subset of the model parameters. We
conduct experiments with the following two common PEFT methods: LoRA [23] and prefix-tuning
[31].

LoRA [23] enhances a linear layer during fine-tuning by adding a tunable low-rank delta. Initially,
the linear layer is defined as Wx+ b during pre-training, where W ∈ Rm×n. During fine-tuning,
LoRA introduces two smaller matrices A ∈ Rm×r and B ∈ Rr×n such that r ≪ min{m,n}.
Consequently, the modified linear layer becomes(

W +
α

r
AB

)
x+ b, (48)

where α and r are hyperparameters. Aand B are trained on the downstream tasks while W is frozen
at its pre-trained value. r is empirically small and we choose r = 8 and α = 16 in our experiments.

Prefix-tuning [31] is a technique where a prefix of m tunable representations is added at each layer,
while the remaining parts of the model are frozen. These added representations function as new keys
and values, serving as additional context during the attention operation. The initialization of these
tunable representations involves randomly sampling tokens from the vocabulary and passing them
through the LLMs to obtain their keys and values at various attention layers. In our experiments,
setting m = 5 proved sufficient to achieve good performance on most tasks.

C.4 Zeroth-order Optimziers

Zeroth-order optimization for fine-tuning LLMs has become a matter of concern recently, showing
great potential for reducing the memory overhead during fine-tuning tasks. We introduce two
representative zeroth-order optimizers: MeZO [37] and HiZOO [59], and explain that they are both
special case of the PSPSA we propose with a specific choice of α.

MeZO [37] is stated in Algorithm 3, with Simultaneous Perturbation Stochastic Approximation or
SPSA [48] to estimate the zeroth-order stochastic gradient with two forward passes. When µ→ 0,
it can be regarded to use an 1-rank stochastic gradient for the update. From the perspective of
PSPSA, MeZO can be regarded to set α = 0 in PSPSA, as we state in Algorithm 3 with I as a
“preconditioner”.
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Table 3: The hyperparameter grids used for RoBERTa-large experiments. MeZO and PaZO uses a
constant learning rate schedule. All MeZO and PaZO experiments use 100K steps.

Experiment Hyperparameters Values

MeZO Batch size 64
Learning rate {1e−7, 1e−6, 1e−5}

µ 1e−3
Weight Decay 0

MeZO (prefix) Batch size 64
Learning rate {1e−2, 5e−3, 1e−3}

µ 1e−1
Weight Decay 0

# prefix tokens 5

MeZO (LoRA) Batch size 64
Learning rate {1e−5, 5e−5, 1e−4}

µ 1e−3
Weight Decay 0.1

(r, α) (8, 16)

PaZO Batch size 64
Learning rate {1e−7, 1e−6, 1e−5}

µ 1e−3
Weight Decay 0

PaZO (prefix) Batch size 64
Learning rate {1e−2, 5e−3, 1e−3}

µ 1e−1
Weight Decay 0

# prefix tokens 5

PaZO (LoRA) Batch size 64
Learning rate {1e−5, 5e−5, 1e−4}

µ 1e−3
Weight Decay 0.1

(r, α) (8, 16)

FT Batch size {2, 4, 8}
Learning rate {1e−5, 3e−5, 5e−5}

Weight Decay 0

FT (prefix) Batch size {8, 16, 32}
Learning rate {1e−2, 3e−2, 5e−2}

Weight Decay 0
# prefix tokens 5

FT (LoRA) Batch size {4, 8, 16}
Learning rate {1e−4, 3e−4, 5e−4}

(r, α) (8, 16)

HiZOO [59] is stated in Algorithm 4, with preconditioned SPSA with H−1/2 as the preconditioner
in the perturbation, and H as the preconditioner in the estimated stochastic gradient. In other words,
HiZOO can be regarded as setting α = 1/2 in PSPSA. In our theoretical analysis, the optimal
selection of α is 1/2, however, we empirically show the best performance of PaZO compared with
MeZO and HiZOO with the same hyperparameter setting through our experiments.

C.5 Details about Memory Usage

We show the detailed peak memory overhead results in Table 5. We set the per-device batch size to 1
to obtain the minimum peak memory overhead of the corresponding models and methods, We also
do not turn on any advanced memory-saving options, e.g., gradient checkpointing. We directly use
Nvidia’s nvidia-smi command to monitor the GPU peak memory overhead.
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Table 4: The hyperparameter grids used for OPT-1.3B experiments. All weight decay is set to 0.
PaZO uses 20K steps and constant learning rates.

Experiment Hyperparameters Values

MeZO Batch size 16
Learning rate {1e−6, 5e−7, 1e−7}

µ 1e−3

MeZO (prefix) Batch size 16
Learning rate {5e−2, 1e−2, 5e−3}

µ 1e−1
# prefix tokens 5

MeZO (LoRA) Batch size 16
Learning rate {1e−4, 5e−5, 1e−5}

µ 1e−2
(r, α) (8, 16)

HiZOO Batch size 16
Learning rate {1e−6, 5e−7, 1e−7}

µ 1e−3

HiZOO (prefix) Batch size 16
Learning rate {5e−2, 1e−2, 5e−3}

µ 1e−1
# prefix tokens 5

HiZOO (LoRA) Batch size 16
Learning rate {1e−4, 5e−5, 1e−5}

µ 1e−2
(r, α) (8, 16)

PaZO Batch size 16
Learning rate {1e−6, 5e−7, 1e−7}

µ 1e−3

PaZO (prefix) Batch size 16
Learning rate {5e−2, 1e−2, 5e−3}

µ 1e−1
# prefix tokens 5

PaZO (LoRA) Batch size 16
Learning rate {1e−4, 5e−5, 1e−5}

µ 1e−2
(r, α) (8, 16)

Table 5: Peak memory on the MultiRC (average tokens=400) dataset.
Method zero-shot/MeZO PaZO ICL FT FT (prefix)

1.3B 1xA6000 (4GB) 1xA6000 (9GB) 1xA6000 (6GB) 1xA6000 (27GB) 1xA6000 (19GB)
2.7B 1xA6000 (7GB) 1xA6000 (14GB) 1xA6000 (8GB) 2xA6000 (55GB) 1xA6000 (29GB)
6.7B 1xA6000 (14GB) 1xA6000 (30GB) 1xA6000 (16GB) 4xA6000 (156GB) 1xA6000 (46GB)
13B 1xA6000 (26GB) 2xA6000 (54GB) 1xA6000 (29GB) 8xA6000 (316GB) 4xA6000 (158GB)

C.6 Wall-clock Time

We report the steps and wall-clock time required to reach 60% accuracy on a representative task
RTE in Table 6. These results support our claim that PaZO achieves better convergence speed than
existing zeroth-order methods by leveraging an ideal choice of the preconditioner order. Both the
required number of steps and the total training time to reach the target accuracy are smaller for
PaZO, validating our theoretical insights. Moreover, although the per-step cost of PaZO is slightly
higher than MeZO—as we transparently report in Figure 2—this is more than offset by its improved
convergence rate. In particular, PaZO reduces the total wall-clock time by approximately 10%
compared to MeZO, demonstrating that it is efficient in practical settings.
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Algorithm 4 HiZOO
Require: parameters Θ = {θi ∈ Rdi}, loss L : Rd → R, step budget T , perturbation scale µ,

learning rate schedule ηt, smooth scale βt, diagonal Hessian Σ0

1: for t = 1, ..., T do
2: Sample batch B ⊂ D and random seed s
3: ℓ← L(θ;B)
4: θ← PerturbParameters(θ, µ, Σ1/2

t−1, s)
5: ℓ+ ← L(θ;B)
6: θ← PerturbParameters(θ, −2µ, Σ1/2

t−1, s)
7: ℓ− ← L(θ;B)
8: θ← PerturbParameters(θ, µ, Σ1/2

t−1, s)
9: Σ′

t =
1

2µ2 (ℓ+ + ℓ− − 2ℓ)(Σ
−1/2
t−1 uu⊤Σ

−1/2
t−1 )

10: Σ−1
t = (1− αt)Σ

−1
t−1 + βt |diag(Σ′

t)|
11: projected_grad← (ℓ+ − ℓ−) ∗Σ1/2

t /2µ
12: Reset random number generator with seed s
13: for θi ∈ Θ do
14: Sample ui ∼ N (0, Idi)
15: θi ← θi − ηt∗ projected_grad ∗ui

16: end for
17: end for

Table 6: Steps and wall-clock time required to reach 60% accuracy for OPT-1.3B on RTE.

MeZO HiZOO PaZO

Steps 15000 10000 9000

Wall-clock Time (s) 3848 3785 3453

C.7 Ablation Experiments

We conduct experiments to research the influence of β1 and β2 in the practical version of PaZO in
Algorithm 1. Specifically, we use PaZO to fine-tune OPT-1.3B model on SST2. We fix β1 = 1e−8
and change β2 from 0 to 1e−10 first. Then we fix β2 = 1e−8 and change β1 from 0 to 1e−10. We
report the results in Table 7.

The results show that PaZO is sensitive to the smooth hyperparameters β1 and β2. The excessive
choice of β1 will seriously affect the convergence, due to the large variance of g̃ ◦ g̃, while too small
choice of β1 also affects the performance since it takes little information of g̃. The choice of β2 is
relatively lenient, but still needs to be on the same order of the learning rate η. The best choice of β2

may vary across different dataset. In our experiment, we uniformly set β1 and β2 as 1e−8 for fair
comparison.

We also conduct an ablation study on the effect of the reset period T0 in Table 8. In this experiment,
we fine-tune the OPT-1.3B model and evaluate its performance on the SST2 dataset, while varying
the value T0 ∈ {64, 128, 256, 512} and∞ (without resetting). We aim to examine how the frequency
of resetting the moving average of the preconditioning matrix influences training stability and final
accuracy. The results show that as the number of iterations increases, the error in the Hessian
estimation obtained from the zeroth-order oracle tends to accumulate over steps. This accumulated
error may grow with the number of iterations. Therefore, when no resetting mechanism is used (as in
the case of∞ in the table above), the performance drop when overly old historical accumulated error
may mislead the current update direction, ultimately harming final performance. On the other hand,
considering that Σ is initialized as the identity matrix I, there exists a gap between I and the Hessian
H∗. When the resetting frequency is too small (e.g., 128), the information accumulated in Σt is
insufficient to effectively bridge this gap. The inaccurate estimation similarly leads to worse final
model performance. The hyperparameter T0 plays the role of a trade-off between error accumulation
and Hessian estimation accuracy. Our experimental results also indicate that the model achieves the
best performance when T0 falls within a certain range.
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Table 7: Influence of β1 and β2 in Algorithm 1 for OPT-1.3B on SST2.

β1 (β2) 1 1e−2 1e−4 1e−6 1e−8 1e−10
fixed β1 = 1e−8 NaN NaN NaN 88.9 (±0.3) 89.0 (±0.2) 89.0 (±0.2)

fixed β2 = 1e−8 NaN NaN NaN NaN 89.0 (±0.1) 88.9 (±0.2)

Table 8: Influence of T0 in Algorithm 1 for OPT-1.3B on SST2.

T0 64 128 256 512 ∞
88.5 88.8 89.0 88.3 87.7

D Auxiliary Lemmas

Lemma D.1. For a matrix A ∈ Rm×m and vectors u ∈ Rm,v ∈ Rm, if A+ uv⊤ is invertible, we
have (

A+ uv⊤)−1
=A† − (v⊤

2 v2)
−1v2v

⊤
1 A

† − (u⊤
2 u2)

−1A†u1u
⊤
2

+ (v⊤
2 v2)

−1(u⊤
2 u2)

−1
(
1 + v⊤

1 A
†u1

)
v2u

⊤
2 . (49)

where u = u1 + u2 with u1 ∈ col(A),u2 ⊥ col(A) and v = v1 + v2 with v1 ∈ col(A⊤),v2 ⊥
col(A⊤). In addition, we can obtain that (A+ λuv⊤)−1u = λ−1(v⊤

2 v2)
−1v2 for any λ > 0.

Lemma D.2. We assume matrix M = M̂ ⊗ Id − γ(c1c
⊤
2 ) ⊗ M̆ where M̂ ∈ Rm×m, c1 ∈ Rm,

c2 ∈ Rm and M̆ ∈ Rd×d is symmetric, and matrix M̄ ∈ Rd×d is positive semi-definite. Given
positive semi-definite matrix B, we suppose that the max singular value of M is strictly smaller
than 1, and matrices B and M̆ share a common set of orthonormal eigenvectors. Specifically, their
spectral decompositions can be expressed as:

B = PΛ̃P−1, M̆ = PΛP−1,

where P ∈ Rd×d is an orthogonal matrix, and Λ̃ and Λ are real diagonal matrices. Then we obtain

tr
(
(Im ⊗B)Mt

((
dd⊤)⊗ M̄

)
(M⊤)t

)
≤ C̄M∥B∥2∥d∥22(1− γµM)2ttr(M̄), (50)

where C̄M and µM > 0 are two positive constants depend on M.

Proof. We prove estimation Eq. (50) at first. There exists an orthonormal matrix P ∈ Rd×d such that
M̆ = PΛP−1 where Λ = diag{λ1, · · · , λd}. Therefore, we have that

M = (Im ⊗P)Q⊤ diag
{
M̂− γλ1c1c

⊤
2 , · · · , M̂− γλdc1c

⊤
2

}
Q
(
Im ⊗P−1

)
, (51)

where Q ∈ Rmd×md is an orthogonal matrix. For simplicity, we denote D̂ := diag{M̂ −
γλ1c1c

⊤
2 , · · · , M̂− γλdc1c

⊤
2 } and D̂i = M̂− γλic1c

⊤
2 . Therefore, we can obtain

Mt
((
dd⊤)⊗ M̄

)
(M⊤)t

(a)
=(Im ⊗P)Q⊤D̂t

(
P−1M̄P−⊤ ⊗

(
dd⊤)) (D̂⊤)tQ

(
Im ⊗P⊤)

=(Im ⊗P)Q⊤AQ
(
Im ⊗P⊤) , (52)

where

A =

A11 · · · A1d

...
. . .

...
Ad1 · · · Add

 ,

with Aij ∈ Rm×m satisfies Aij = (P−1M̄P−⊤)ijD̂i(dd
⊤)D̂⊤

j for any i, j ∈ [1 : d], (a) is derived
from the fact that(

Im ⊗P−1
) ((

dd⊤)⊗ M̄
) (

Im ⊗P−⊤) = (dd⊤)⊗P−1M̄P−⊤,

and
Q
((
dd⊤)⊗P−1M̄P−⊤)Q⊤ = P−1M̄P−⊤ ⊗

(
dd⊤) .
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According to the property of Q, we have

tr
(
(Im ⊗B) (Im ⊗P)Q⊤AQ

(
Im ⊗P⊤)) = tr

(
BPÂP⊤

)
, (53)

where Â ∈ Rd×d satisfies Âij = (P−1M̄P−⊤)ij⟨D̂t
id, D̂

t
jd⟩ for any i, j ∈ [1 : d]. Since

P⊤BP = Λ̃, we derive that

tr
(
BPÂP⊤

)
≤ ∥P⊤BP∥2tr(Â)

(b)
≤ CM∥P∥42∥P−1∥42∥d∥22∥B∥2(1− γµM)2ttr(M̄) (54)

for any positive semi-definite matrix B ∈ Rd×d, where (b) follows from the fact that

D̂t
id =

(
Im ⊗P−1

)
QMt (Im ⊗P)Q⊤ei ⊗ d, (55)

where ei ∈ Rd denotes a vector whose element at the i-th position is equal to 1, while the elements in
all remaining positions are equal to 0, and the assumption that the max singular value of M is strictly
smaller than 1.

Lemma D.3. We assume matrix M = M̂ ⊗ Id + (c1c
⊤
2 ) ⊗ M̆ where M̂ ∈ Rm×m, c1 ∈ Rm,

c2 ∈ Rm and M̆ ∈ Rd×d, and matrix M̄ ∈ Rd×d is symmetric. If M̆ is also symmetric, and both M

and M̆ are invertible, we have

M−1
((
c1c

⊤
1

)
⊗ M̄

)
M−⊤ = ∥c22∥−4

2

(
c22c

⊤
22

)
⊗
(
M̆−1M̄M̆−⊤

)
, (56)

where c2 = c21 + c22, c21 ∈ col(M̂⊤) and c22 ⊥ col(M̂⊤).

Proof. Similarly, there exists an invertible matrix P ∈ Rd×d such that M̆ = PΛP−1 where
Λ = diag{λ1, · · · , λd}. Therefore, we have that

M = (Im ⊗P)Q⊤ diag
{
M̂+ λ1c1c

⊤
2 , · · · , M̂+ λdc1c

⊤
2

}
Q
(
Im ⊗P−1

)
, (57)

where Q ∈ Rmd×md is an orthogonal matrix. For simplicity, we denote D̂ := diag{M̂ +

λ1c1c
⊤
2 , · · · , M̂+ λdc1c

⊤
2 }. Furthermore, we can obtain that

M−1
((
c1c

⊤
1

)
⊗ M̄

)
M−⊤

=(Im ⊗P)Q⊤D̂−1Q
((
c1c

⊤
1

)
⊗
(
P−1M̄P−⊤))Q⊤D̂−⊤ (Im ⊗P⊤) . (58)

Since Q is, in fact, a coordinate transformation matrix, we have

Q
((
c1c

⊤
1

)
⊗
(
P−1M̄P−⊤))Q⊤ =

(
P−1M̄P−⊤)⊗ (c1c⊤1 ) .

Therefore, we can derive that

D̂−1
((
P−1M̄P−⊤)⊗ (c1c⊤1 )) D̂−⊤ =

A11 · · · A1d

...
. . .

...
Ad1 · · · Add

 , (59)

by using Lemma D.1 where Aij ∈ Rm×m and

Aij =
{
P−1M̄P−⊤}

ij

(
M̂+ λic1c

⊤
2

)−1 (
c1c

⊤
1

) (
M̂+ λjc1c

⊤
2

)−⊤

=∥c22∥−4
2 λ−1

i λ−1
j

{
P−1M̄P−⊤}

ij
c22c

⊤
22, (60)

According to the property of Q, we obtain

Q⊤D̂−1
((

P−1M̄P−⊤
)
⊗
(
c1c

⊤
1

))
D̂−⊤Q = ∥c22∥−4

2

(
c22c

⊤
22

)
⊗
(
Λ−1P−1M̄P−⊤Λ−1

)
. (61)

Combining Eq. (58) and Eq. (61), we complete the proof.
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NeurIPS Paper Checklist
1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?
Answer: [Yes]
Justification: In the abstract, we briefly introduce our contribution while in the Introduction
we propose the three problems we focus on and our three contributions followed behind
“Our contributions are”.
Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]
Justification: In the experiment part we compare the per-step time cost and analyze the
reason our method is slower than the baseline per-step due to an additional forward pass.
Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?
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Answer: [Yes]
Justification: We provide all the assumptions in the “Theoretical Insights of PaZO” section,
and provide a complete proof in Appendix A.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: We provide the details of our experiments in Appendix C, including the models,
dataset, methods and hyperparameters we use for reproducibility.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
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Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer: [Yes]

Justification: We are organizing our code and will make it public after the organization is
completed.

Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]

Justification: We provide the details of our experiments in Appendix C.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.

7. Experiment statistical significance
Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We report the average results with the form (±std) in Table 1.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).
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• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: In Appendix C.5, we provide the compute resources to reproduce the experi-
ments with different scales and methods.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Justification: Our research is with the NeurIPS Code of Ethics in every respect.

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: We discuss that our algorithm can save memory cost when fine-tuning LLMs.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
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• Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?
Answer: [NA]
Justification: Our paper poses no such risks.
Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?
Answer: [Yes]
Justification: We have cited the paper that produced the models and dataset we use.
Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
• If assets are released, the license, copyright information, and terms of use in the

package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.
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• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [Yes]

Justification: We will make our algorithms and fine-tuned models public after the organiza-
tion is completed with formal documents and codes.

Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA]

Justification: Our paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?

Answer: [Yes]

Justification: This paper does not involve crowdsourcing nor research with human subjects.

Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Depending on the country in which research is conducted, IRB approval (or equivalent)
may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.
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• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [Yes]
Justification: The aim of our research is to efficiently fine-tune pre-trained LLMs with lower
memory cost, with faster speed compared with other zeroth-order methods.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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