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ABSTRACT

Large language models (LLMs) have demonstrated impressive capabilities across
numerous NLP tasks. Nevertheless, conventional first-order fine-tuning techniques
impose heavy memory demands, creating practical obstacles to real-world appli-
cations. Zeroth-order (ZO) optimization has recently emerged as a promising
memory-efficient alternative, as it circumvents the need for backpropagation by
estimating gradients solely through forward passes—making it particularly suit-
able for resource-limited environments. Despite its efficiency, ZO optimization
suffers from gradient estimation bias, which significantly hinders convergence
speed. To address this, we analytically identify and characterize the lower-order
bias introduced during ZO-based gradient estimation in LLM fine-tuning. Mo-
tivated by tools in mathematical physics, we introduce a kernel-function-based
ZO framework aimed at mitigating this bias and improving optimization stability.
KerZOO achieves comparable or superior performance to existing ZO baselines in
both full-parameter and parameter-efficient fine-tuning settings of LLMs, while
significantly reducing the number of iterations required to reach convergence. For
example, KerZOO reduces total GPU training hours by as much as 74% and 44%
on WSC and MultiRC datasets in fine-tuning OPT-2.7B model and can exceed the
MeZO baseline by 2.9% and 2.6% in accuracy. We show that the kernel function is
an effective avenue for reducing estimation bias in ZO methods.

1 INTRODUCTION

The fine-tuning of pre-trained large language models (LLMs) for downstream tasks has attracted
growing interest (Hu et al., 2021; Dettmers et al., 2023; Gu et al., 2021). As model sizes continue to
grow, full parameter fine-tuning (FT) becomes increasingly memory intensive, presenting significant
computational challenges (Tan et al., 2025; Zhao et al., 2024b). To address GPU memory constraints
associated with full fine-tuning, researchers have proposed parameter-efficient fine-tuning (PEFT)
methods (Hu et al., 2022; Li & Liang, 2021; Dettmers et al., 2023; Zhao et al., 2024a). These ap-
proaches update only a small subset of (additional) parameters, substantially reducing computational
and storage costs while maintaining performance comparable to that of fully fine-tuned models.

Adaptive first-order optimizers such as Adam and AdamW (Loshchilov & Hutter, 2017; Kingma &
Ba, 2014) are widely used for fine-tuning large language models (LLMs). However, these optimizers
still incur substantial memory consumption, primarily due to the backpropagation process required
for gradient computation in first-order optimization. To address the limitations, zeroth-order (ZO)
optimization has emerged as a promising memory-efficient paradigm for LLM fine-tuning, attracting
significant attention (Zhang et al., 2024; Zhao et al., 2024b; Malladi et al., 2023). Through fine-tuning
large language models with only forward pass, it can achieve substantial memory reductions, makes
it feasible to train and store LLMs on consumer hardware without the need for backpropagation.

However, while zeroth-order optimization methods significantly reduce memory consumption, they
achieve this at the cost of slower convergence and reduced accuracy. Compared to first-order methods,
ZO methods exhibit markedly inferior performance in terms of both convergence speed and time
(GPU hours) (Tan et al., 2025). Previous studies have analyzed the underlying causes of this issue,
attributing it primarily to two key factors: (1) The parameters of LLMs often exhibit heterogeneous
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curvature across different dimensions (Sagun et al., 2016; Ghorbani et al., 2019; Zhang et al., 2020).
Such significant variation in second-order derivatives can cause ZO methods to converge toward
saddle points, substantially impeding overall optimization convergence. (2) Zeroth-order optimization
methods estimate gradients via randomly sampled perturbations (Malladi et al., 2023; Gautam et al.,
2024). Consequently, when the sampled directions are suboptimal, the induced lower-order bias in the
gradient estimation can significantly hinder convergence speed and degrade overall accuracy (Lobanov
& Gasnikov, 2023; Akhavan et al., 2024).

The first issue mentioned above has been analyzed and partially addressed in HIZOO (Zhao et al.,
2024b). In this work, we focus on the second issue of the lower-order bias introduced by random
perturbations in zeroth-order optimization (ZO). To mitigate the issue, we propose KerZOO, a kernel
function informed Zeroth-Order Optimization approach, to mitigate the lower-order estimation bias,
thus improving the convergence speed during LLMs fine-tuning. Experimental results show that
KerZOO can dramatically reduce the required training steps, making the optimization process more
efficient without sacrificing accuracy compared with the baselines. We summarize our contributions
as follows:

• We provide theoretical analysis on how existing zeroth-order method can introduce lower-order
bias in gradient estimation of LLMs fine-tuning.

• For the first time, we show that the kernel function can help mitigate the lower-order bias issue in
zeroth-order optimization for LLMs fine-tuning with theoretical analysis. Moreover, we provide the
design principle of the kernel function, aiming to remove the lower-order bias in LLMs fine-tuning,
thus improving the convergence speed.

• We conduct extensive experiments across different models including encoder-only model (e.g.,
RoBERTa-large) and autoregressive language models (e.g., OPT and LLaMA). Experimental results
show that KerZOO can achieve high accuracy and faster convergence. For example, for OPT-2.7B
model fine-tuning, we can achieve up to 2.9% and 2.6% higher accuracy with 74% and 44% less
GPU hours in convergence compared with the baseline on WSC and MultiRC datasets, respectively.

2 RELATED WORK

2.1 MEMORY-EFFICIENT LLM FINE-TUNING

Fine-tuning pre-trained models (Devlin, 2018; Liu et al., 2019; Chen et al., 2022; Radford et al.,
2021; Singh et al., 2022) has emerged as an effective strategy for leveraging previously acquired
representations. However, it remains resource-intensive especially with the scaling model size,
prompting the development of more memory-efficient alternatives. Parameter-efficient fine-tuning
(PEFT) techniques, including LoRA (Hu et al., 2021) and prefix tuning (Li & Liang, 2021), address
this challenge by modifying only a limited portion of model parameters , thereby retaining most
of the original pre-trained weights and the knowledge they encode. Low-rank adaptation methods
which exemplified by LoRA, have shown strong performance by introducing low-rank updates
that are lightweight yet effective. Building on this, DoRA (Liu et al., 2024a) further decomposes
pre-trained weights into direction and magnitude components to improve both expressiveness and
training stability. GaLore (Zhao et al., 2024a) introduces gradient low-rank projection to enable
full-parameter training while maintaining the memory efficiency characteristic of low-rank updates.
In addition to low-rank techniques, quantization has become a key strategy for reducing resource
usage. SmoothQuant (Xiao et al., 2023) further optimizes mixed-precision training by smoothing
out activation outliers through offline scaling, shifting quantization difficulty from activations to
weights. Outlier Suppression+ (Wei et al., 2023) enhances low-bit (e.g., int4) quantization by applying
channel-wise shifting and scaling to reduce asymmetry and variance in activation distributions.

2.2 ZEROTH-ORDER OPTIMIZATION AND ACCELERATION

Zeroth-order optimization, a classical optimization schema that uses only differences of loss values
for gradient estimation, has attracted significant attention in the machine learning community (Chen
et al., 2017; Ye et al., 2018; Verma et al., 2023; Chen et al., 2023; Malladi et al., 2023). Unlike
conventional first-order optimization, which computes the gradient via cumbersome backpropagation,
the ZO method can, in principle, update the model with just forward passes.
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Recently, the ZO method has been proven to be efficient in solving the significant memory limitation
in large-scale LLMs fine-tuning (Malladi et al., 2023; Liu et al., 2024c; Tang et al., 2024; Zhao et al.,
2024b). However, ZO optimization often converges more slowly than FO approaches, primarily due
to the noise from its randomized estimators. A variety of strategies have been proposed to improve
the efficiency of ZO optimization. (Liu et al., 2018) introduces ZO-SVRG by integrating variance
reduction methods (Johnson & Zhang, 2013), helping to stabilize gradient estimates. (Shu et al.,
2023) employs Gaussian process surrogates to approximate the objective landscape, thereby reducing
query overhead and enabling denser sampling. (Li et al., 2024) advances the idea of pretrained
optimizers, which transfer knowledge across tasks to enable rapid zero-shot adaptation within a few
ZO fine-tuning steps. In parallel, (Zhao et al., 2024b) proposes HiZOO, a framework that incorporates
second-order information via estimated Hessians to guide more effective updates. Despite these
efforts, adapting ZO methods to LLMs still faces challenges. Many accelerator were designed for
small-scale tasks and lack scalability. Moreover, as recent work suggests single-step tuning can
suffice (Malladi et al., 2023), the focus needs to shifts from query efficiency to stability. Additionally,
some accelerators also compromise ZO’s key benefits in low memory usage and high throughput.
These challenges underscore the need for scalable, efficient ZO strategies for LLM fine-tuning.

3 PROPOSED METHOD

Motivation. In existing works in zeroth-order optimization for LLMs fine-tuning, perturbations
are directly applied to the to be optimized variables, without considering the bias introduced by the
perturbations However, due to the inherent stochastic nature of zeroth-order methods, excessive bias
can significantly slow down convergence and degrade optimization performance (Akhavan et al.,
2024; Bach & Perchet, 2016; Ghadimi & Lan, 2013). Taking the inspiration, we propose a zeroth-
order optimization method incorporating kernel functions to mitigate the lower-order estimation bias,
thus improving convergence speed during LLMs fine-tuning.

3.1 REVISITING ZEROTH-ORDER OPTIMIZATION FOR LLMS

Given a large language model with parameters θ ∈ Rd and loss function L, we can use ZO method
to estimate the gradient on a minibatch Bt at the iteration step t , based on the concepts of sampling
and differencing, as shown below:

∇L(θt;Bt) =
L(θt + ϵu;Bt)− L(θt − ϵu;Bt)

2ϵ
u (1)

where u ∈ Rd and u is a unit vector sampled from unit Gaussian sphere (i.e., u = v
∥v∥ , where v ∼

N (0, Id)), ϵ is the perturbation scale. We can also use multiple sampled u to get the n-average
gradient:

∇L(θt;Bt) =
1

n

n∑
i=1

[
L(θt + ϵui;Bt)− L(θt − ϵui;Bt)

2ϵ
ui] (2)

Given the learning rate η and the mini-batch data Bt at t-th iteration, once the estimated gradient
∇L(θ;Bt) is obtained, then ZO-SGD updates the parameters as follows:

θt+1 = θt − η∇L(θt;Bt) (3)

3.2 PROBLEM IN EXISTING ZEROTH-ORDER OPTIMIZATION FOR LLMS

Since ZO methods estimate gradients based on randomly sampled perturbations u, suboptimal
directions can introduce substantial lower-order bias in the gradient estimates, thereby reducing
estimation accuracy and hindering convergence speed (Lobanov & Gasnikov, 2023; Akhavan et al.,
2024). To further analyze the issue, we apply Taylor expansion on different terms in equation 1. On
the same minibatch, we have:

L(θ + ϵu) = L(θ) + ϵ⟨∇L(θ),u⟩+ (ϵ)2

2
u⊤∇2f(x)u+

(ϵ)3

6
D3L(θ)[u,u,u] +O(ϵ4) (4)

3



162
163
164
165
166
167
168
169
170
171
172
173
174
175
176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196
197
198
199
200
201
202
203
204
205
206
207
208
209
210
211
212
213
214
215

Under review as a conference paper at ICLR 2026

L(θ − ϵu) = L(θ)− ϵ⟨∇L(θ),u⟩+ (ϵ)2

2
u⊤∇2f(x)u− (ϵ)3

6
D3L(θ)[u,u,u] +O(ϵ4) (5)

where ∇L(θ) is the gradient at θ, ∇2L(θ) is the Hessian matrix at θ, and D3L(θ)[u,u,u] denotes
the third-order directional derivative of L along u three times. Taking the difference, we have:

L(θ + ϵu)− L(θ − ϵu) = 2ϵ⟨∇L(θ),u⟩+ (ϵ)3

3
D3∇L(θ)[u,u,u] +O(ϵ4) (6)

Therefore, the equation 1 can be expressed as:

L(θ + ϵu)− L(θ − ϵu)

2ϵ
· u = ⟨∇L(θ),u⟩u+

(ϵ)2

6
D3∇L(θ)[u,u,u] · u+O(ϵ4) (7)

Taking the expectation (noting that E[uu⊤] = 1
dId), we have:

E[
L(θ + ϵu)− L(θ − ϵu)

2ϵ
· u] = 1

d
∇L(θ) + E[

(ϵ)2

6
D3∇L(θ)[u,u,u] · u] +O(ϵ4) (8)

As shown in the above formulation, zeroth-order methods yield estimated gradients containing
higher-order bias terms E[ (ϵ)

2

6 D3∇L(θ)[u,u,u] · u] + O(ϵ4), which are highly sensitive to the
choice of perturbation direction u, and a suboptimal sampling of u can result in large bias, leading to
subpotimal gradient estimation and slow convergence.

3.3 KERNEL FUNCTION INFORMED ZEROTH-ORDER OPTIMIZATION

Motivated by kernel smoothing techniques in mathematical physics, which are widely used to reduce
estimation bias (Nesterov & Spokoiny, 2017; Bach & Perchet, 2016; Akhavan et al., 2024), we
propose a kernel function informed zeroth-order optimization method for LLMs fine-tuning to
address the challenge in gradient estimation arising from the high dimensionality of LLMs in which
the randomly sampled perturbations exhibit different values in different directions.

To control the perturbation magnitude, we incorporate a random scalar variable r in equation 1 and
use ĝ to denote the estimated gradient as:

ĝ =
L(θ + ϵru)− L(θ − ϵru)

2ϵ
u (9)

where u is a random unit vector (e.g., uniformly sampled from the unit Gaussian sphere), and ϵ > 0
is a small step size denoted as perturbation scale.

Assuming loss function L is at least third-order differentiable, by performing a Taylor expansion on
L(θ ± ϵru), we have:

L(θ+ ϵru) = L(θ)+ ϵr⟨∇L(θ),u⟩+ (ϵr)2

2
u⊤∇2f(x)u+

(ϵr)3

6
D3L(θ)[u,u,u]+O(ϵ4) (10)

L(θ− ϵru) = L(θ)− ϵr⟨∇L(θ),u⟩+ (ϵr)2

2
u⊤∇2f(x)u− (ϵr)3

6
D3L(θ)[u,u,u]+O(ϵ4) (11)

Taking the difference between the two expressions, we get:

L(θ + ϵru)− L(θ − ϵru) = 2ϵr⟨∇L(θ),u⟩+ (ϵr)3

3
D3∇L(θ)[u,u,u] +O(ϵ4) (12)

Combining Equation 12 and Equation 9, we have:

ĝ =
L(θ + ϵru)− L(θ − ϵru)

2ϵ
·u = r⟨∇L(θ),u⟩u+ (ϵ)2r3

6
D3∇L(θ)[u,u,u]·u+O(ϵ4) (13)

where the first term r⟨∇f(x), u⟩u can be used to approximate the true gradient L(θ), and the
second term (ϵ)2r3

6 D3∇L(θ)[u,u,u] · u introduces a leading bias of order O(ϵ2). To reduce the
second-order bias, we introduce a kernel function K(r), and modify the gradient estimator as:

ĝK =
L(θ + ϵru)− L(θ − ϵru)

2ϵ
K(r)u (14)
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Algorithm 1 KerZOO

1: Inputs: Starting points of the LLM parameters θag0 = θ0 ∈ Rd (θag0 is an intermediate variable
as same as the model parameters θ0, and it is also updated at each iteration), number of iterations
N , perturbation number n, perturbation scale ϵ > 0, kernel K(·), learning rate η, iteration
constant β0 = 1, gradient clip constant R.

2: for t = 0 to N − 1 do
3: βt = 1 + t

6

4: θmdt = β−1
t θt + (1− β−1

t )θagt
5: Sample random perturbation ui ∼ N (0, Id), ri ∼ Uniform[−1, 1] for i = 1, . . . , n
6: Compute batched gradient approximation:

gtK = E[ĝtK ] =
1

n

n∑
i=1

L(θt + ϵriui)− L(θt − ϵriui)

2ϵ
K(ri)ui

7: θ̄t+1 = θt − ηgtK

8: θt+1 = min
{
1, R

∥θ̄t+1∥

}
θ̄t+1

9: θagt+1 = β−1
t θt+1 + (1− β−1

t )θagt
10: end for
11: return θagN

Applying the Taylor expansions, we have:

ĝK = (r⟨∇L(θ),u⟩K(r))u+
(ϵ)2r3

6
D3∇L(θ)[u,u,u]K(r)u+O(ϵ4) (15)

Taking the expectation of both sides of Equation 15, we have:

E[ĝK ] = E[rK(r)]
1

d
∇L(θ) + E[r3K(r)]E[

(ϵ)2

6
D3∇L(θ)[u,u,u]u] +O(ϵ4) (16)

To remove the lower-order bias (i.e., the second term in Equation 16), we develop the following
kernel function K(r) design principle:

• First-moment condition: E[rK(r)] = C (C is a constant), ensuring that the estimator remains
approximately unbiased for the true gradient;

• Third-moment condition: E[r3K(r)] = 0, eliminating the leading second-order bias term.

Based on the kernel function design principle, Equation 16 becomes E[ĝK ] = C
d∇L(θ) +O(ϵ4).

By carefully constructing K(r) to satisfy these moment conditions (see Section 3.4 for details),
we can effectively remove the second-order (lower-order) bias, leading to a more accurate gradient
estimator which have only fourth-order (higher order) bias. In our practical application, we can limit
the r in a smaller range as the iteration step increases (see Appendix B.1 for details). Additionally,
to satisfy the condition E[r3K(r)] = 0 and E[rK(r)] = C, it is essential to perform multiple
perturbations so that the expectation becomes statistically meaningful. Our kernel function informed
zeroth-order optimization can be found in Algorithm 1.

3.4 KERNEL FUNCTION DESIGN

Here we describe the details of the kernel function design. According to (Polyak & Tsybakov, 1990),
we consider r uniformly distributed in [−1, 1], then we may chooseKβ(r) = C ·

∑β
m=0 p

′
m(0)pm(r).

K(r) = C ·
β∑

m=0

p′m(0)pm(r) (17)

In the expression,
pm(u) =

√
2m+ 1Lm(u) (18)

5
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Lm(u) denotes the m-th Legendre polynomial. p′(0) denotes the derivative of the polynomial at the
point m = 0. β represents the order of the polynomial, corresponding to the highest power s that the
expression E[rsK(r)] = 0 can accommodate. C represents a constant.

For example, we have the following values for β ∈ {1, 3, 5}:

K1(r) = C · 3r

K3(r) = C · 15
4
r(5− 7r2)

K5(r) = C · 195
64

r(99r4 − 126r2 + 35)

Taking β = 3 as an example:

E[rK3(r)] =

∫ 1

−1

15C

4
r2(5− 7r2) · ρ(r) dr = C (19)

E[r3K3(r)] =

∫ 1

−1

195C

64
r4(5− 7r2) · ρ(r) dr = 0 (20)

ρ(r) is the probability density function of the variable r and ρ(r) = 1
2 if r ∼ U [−1, 1]. As to higher

order kernel function such as K5(r), we can also have E[r5K5(r)] =
∫ 1

−1
195C
64 r6(99r4 − 126r2 +

35) dr = 0, removing more higer-order bias term. In our experiment, we choose to use K3(r) as our
experimental kernel.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETTINGS

Models. We experiment with both masked language models and autoregressive models. For masked
language modeling, we use RoBERTa-large (Liu et al., 2019). For autoregressive models, we consider
the OPT (Zhang et al., 2022) and LLaMA (Touvron et al., 2023) models. Model scales range from
355M to 6.7B parameters, including OPT-2.7B, OPT-6.7B, and LLaMA-3-3B and LLaMa-3-8B,
covering medium to large-scale models.

Tasks and Datasets. To evaluate generalization across task formats, we include both classification
and generation tasks. For RoBERTa-large, we follow few-shot classification with k = 16 and
many-shot classification with k = 512 samples per class. We evaluate on 1,000 test examples. For
generative models, we use datasets with a consistent 1,000/500/1,000 split for train/validation/test.

Baselines. We compare KerZOO against the state-of-the-art ZO optimization baselines: MeZO (Mal-
ladi et al., 2023): A memory-efficient ZO method based on symmetric perturbation gradient estimation.
HiZOO (Zhao et al., 2024b): A recent ZO method incorporating approximate second-order curvature
via diagonal Hessian estimation.

Implementation Details. All experiments are conducted on NVIDIA A100 or A6000 GPUs. For
KerZOO, we set the number of perturbation directions to n = 3. Hyperparameters such as learning
rate and batch size are in line with MeZO baseline. All reported results reflect the best configuration
on the validation set.

4.2 RESULTS ON MEDIUM-SIZED MODEL

We assess the performance of KerZOO on RoBERTa-large across multiple classification benchmarks,
including SST-2, MNLI, and RTE. We compare against existing zeroth-order (ZO) methods and
explore both full-model and parameter-efficient (LoRA-based) tuning.
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Figure 1: Training loss comparison of MeZO and KerZOO (Ours) on RoBERTa-large

Table 1: Performance of various gradient-based and gradient-free optimization methods across
multiple datasets and k settings on RoBERTa-large. Bold highlights best performance

Task Type Dataset SST-2 SST-5 SNLI MNLI RTE TREC

Zero-shot 79.0 35.5 50.2 48.8 51.4 32.0

Gradient-free methods: k = 16

MeZO 90.5 (1.2) 45.5 (2.0) 66.0 (2.7) 56.5 (2.5) 59.4 (5.3) 76.9 (2.7)
MeZO LoRA 87.5 (0.7) 41.6 (0.8) 64.9 (0.8) 59.5 (1.5) 61.7 (3.2) 58.2 (5.6)
KerZOO 92.1 (0.8) 48.5 (1.0) 71.0 (2.2) 63.8 (1.8) 66.8 (3.3) 78.2 (2.4)
KerZOO LoRA 88.4 (1.0) 42.3 (1.3) 66.7 (1.7) 61.1 (1.2) 63.2 (2.8) 59.2 (4.9)

Gradient-based methods: k = 16

FT 91.9 (1.8) 47.5 (1.9) 77.5 (2.6) 70.2 (2.3) 66.4 (7.2) 85.0 (2.5)
FT LoRA 91.4 (1.7) 46.7 (1.1) 74.9 (4.3) 67.7 (1.4) 66.1 (3.5) 86.1 (3.3)

Gradient-free methods: k = 512

MeZO 93.3 (0.7) 52.4 (1.2) 83.0 (1.0) 78.3 (0.5) 78.6 (2.0) 94.3 (1.3)
MeZO LoRA 91.6 (0.8) 44.8 (0.4) 73.3 (0.6) 66.4 (0.4) 73.3 (1.5) 63.8 (2.3)
KerZOO 95.3 (0.5) 53.4 (1.0) 85.0 (1.5) 78.3 (0.5) 79.1 (1.8) 96.0 (1.9)
KerZOO LoRA 91.9 (0.3) 45.0 (0.8) 74.7 (1.1) 65.0 (0.7) 74.0 (2.2) 61.0 (3.2)

Gradient-based methods: k = 512

FT 93.9 (0.7) 55.9 (0.9) 88.7 (0.8) 84.4 (0.8) 82.7 (1.4) 97.3 (0.2)
FT LoRA 94.2 (0.2) 55.7 (0.8) 88.3 (0.5) 86.9 (0.6) 83.2 (1.3) 97.0 (0.3)

Faster Optimization. KerZOO achieves a markedly faster descent in training loss compared to
MeZO, as shown in Figure 1. When using only three perturbation directions, our method reduces
training iterations by over 70% on average, and lowers wall-clock convergence time by 30%–40%
on SST-2, MNLI, and RTE. This acceleration stems from the improved stability of our kernel-based
gradient estimation.

Table 2: Results of fine-tuning OPT-2.7B on seven classification datasets and two generation datasets

Dataset SST-2 RTE CB BoolQ WSC WIC MultiRC SQuAD DROP
Task Type classification generation

Zero-shot 56.3 54.2 50.0 47.6 36.5 52.7 44.4 29.8 10.0
FT 94.2 81.2 82.1 72.2 63.8 65.8 71.6 78.4 30.3
LoRA 94.6 80.8 82.7 77.7 59.8 64.0 72.8 77.9 31.1

MeZO 91.6 63.5 69.6 67.4 62.5 59.8 59.4 63.6 15.3
HiZOO 90.8 60.6 70.4 68.0 60.2 56.6 54.8 66.0 18.4
KerZOO 92.6 65.3 71.4 67.0 65.4 60.2 62.0 66.2 16.0

MeZO LoRA 91.0 63.2 69.6 67.2 64.4 58.2 59.6 57.4 13.4
HiZOO LoRA 90.6 65.2 71.4 67.4 52.6 58.8 59.0 61.6 13.9
KerZOO LoRA 92.4 63.9 73.2 67.4 65.4 60.4 62.4 65.2 14.7
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Figure 3: Comparison of GPU hours for convergence across different datasets on OPT-2.7B between
MeZO and KerZOO. Results are presented as normalized time
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Figure 2: Results on LLaMA3-3B and
LLaMA3-8B

Improved Accuracy. In addition to faster con-
vergence, KerZOO can also deliver consistently
higher accuracy. On the three datasets men-
tioned above, it improves upon MeZO by 1.7%,
7.3%, and 7.4%, respectively. The results are
summarized in Table 1. In several cases such as
RTE and SST-5, KerZOO even matches or ex-
ceeds the accuracy of first-order fine-tuning. We
further evaluate KerZOO under the LoRA frame-
work to test its compatibility with parameter-
efficient tuning. While LoRA generally intro-
duces a small performance drop compared to full fine-tuning, KerZOO remains competitive and
continues to outperform ZO baselines in most cases. This highlights KerZOO’s robustness under
limited trainable parameter budgets.

4.3 RESULTS ON AUTOREGRESSIVE MODELS (OPT AND LLAMA)

We evaluate KerZOO on OPT and LLaMA series models across classification and generation tasks.
The experiments span OPT-2.7B, OPT-6.7B, and LLaMA3-3B/8B models. Results are reported in
Table 2, Table 3, and Figure 2, respectively. We also compare GPU time efficiency and memory
usage on the SQuAD dataset in Table 4.

Table 3: Experiment results on OPT-6.7B for four
classification datasets and one text generation
dataset (with 1000 training samples)

Dataset SST-2 RTE CB WSC SQuAD
Task Type classification generation

MeZO 92.2 69.6 73.2 60.6 68.9
HiZOO 90.8 66.3 71.8 62.1 71.9
KerZOO 94.0 71.9 78.6 65.4 70.7

MeZO LoRA 93.2 67.9 73.2 59.6 63.4
HiZOO LoRA 90.6 67.2 71.4 62.1 65.3
KerZOO LoRA 93.8 68.6 73.2 62.5 72.1

Across all model scales, KerZOO consistently re-
duces the training time required to reach compet-
itive performance. As shown in Figure 3, it com-
pletes training with notably fewer update steps
compared to MeZO, achieving up to a 74% re-
duction in computing time without reliance on
gradient backpropagation. KerZOO offers con-
sistent performance gains under both full-model
fine-tuning and LoRA-based adaptation. On OPT-
2.7B, it outperforms zeroth-order baselines in 6
of 7 classification tasks, and remains competitive
on generation benchmarks. Table 3 shows that
these trends persist when moving to larger mod-
els such as OPT-6.7B. When applied to LLaMA-3 variants, KerZOO also yields robust improvements,
including about 10% accuracy gains on RTE (Figure 2).

Moreover, KerZOO maintains memory efficiency compared to full fine-tuning. As detailed in Table 4,
its memory footprint increases marginally but can achieve significant decrease of traning GPU hours.
Compare to MeZO and HiZOO, our training time can decrease about 42% and 33% respectively in
full fine-tuning on SQuAD datasets. In PEFT settings, KerZOO paired with LoRA achieves the best
balance between memory cost and convergence speed — consuming 36% of the GPU hours required
by MeZO while yielding higher accuracy.
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5 ANALYSIS ON MEMORY AND TRAINING TIME

Table 4: Memory and training time comparison
on OPT-2.7B (SQuAD, avg. 300 tokens)

Method Mem. Iter. Hours

FT 73.5G 7.5% 27.7%
LoRA 58.5G 6.3% 11.5%

MeZO 12.8G 100.0% 100.0%
HiZOO 14.1G 66.7% 91.5%
KerZOO 16.9G 16.9% 58.0%

MeZO+LoRA 8.1G 94.2% 51.6%
HiZOO+LoRA 9.1G 80.0% 65.7%
KerZOO+LoRA 9.7G 28.4% 36.1%

We evaluate KerZOO’s memory cost and training
efficiency under both full-parameter and LoRA-
based tuning regimes. As shown in Table 4, com-
pared with gradient-based methods such as full
fine-tuning (73.5G) and LoRA (58.5G), KerZOO
(16.9G) is more memory efficient as it can avoid
storing gradients and activations. Compared
with ZO-based baselines, KerZOO achieves a
favorable trade-off between convergence speed
and per-step overhead. While its per-step mem-
ory cost (16.9G) is slightly higher than MeZO
(12.8G) due to the use of multiple perturbations,
it substantially reduces the number of required
iterations from 100% to only 16.9%, resulting in
a total GPU hour reduction from 100.0% to 58.0%. On SQuAD, KerZOO lowers training time by
over 40% compared to MeZO while maintaining competitive accuracy. For LoRA-based parameter-
efficient settings, KerZOO maintains strong performance: KerZOO+LoRA reduces GPU hours to
36.1%, compared to 51.6% with MeZO+LoRA and 65.7% with HiZOO+LoRA, while using 9.7G
memory. These results highlight that KerZOO offers efficient convergence with minimal memory
overhead across a wide range of configurations.

6 IMPACT OF THE HYPERPARAMETERS IN KERNEL FUNCTION

Table 5: Selection of the kernel function or-
der (β). The number of iterations needed to
achieve a similar loss to MeZO is shown.

Setting #Iterations Loss at iteration
MeZO 4000 0.3392
β=1 4000 0.4274
β=3 1200 0.3361
β=5 1200 0.3312

Order of the kernel function: In our experiments
with the OPT-2.7B model on SST-2 datasets (as
shown in the Table 5), we observe that using a third-
order kernel and a fifth-order kernel produces similar
results, with their loss curves almost perfectly over-
lapping. Therefore, we conclude that a third-order
kernel is sufficient for simplicity. The #Iterations in
the table indicate the number of iterations needed for
achieving the similar loss of MeZO.

Table 6: Selection of the constant C. The num-
ber of iterations needed for achieving a simi-
lar loss to MeZO is shown.

Setting #Iterations Loss at iteration
MeZO 4000 0.3392
C=C0/2 2600 0.3378
C=C0 1200 0.3361
C=2C0 N/A ≥0.3704

Choice of C: We study the impact of different
choices of C using OPT-2.7B model on SST-2
datasets, as shown in the Table 6, where C0 = 4
is the value of C used for our main experiments. We
observe that with C = C0/2 or C = C0, our method
required reduced number of iterations than MeZO,
while achieving similar loss of MeZO. It also shows
that C = C0 can deliver the best performance since
it requires least training iterations (1200) than other
two choices (i.e., C = C0 and C = 2C0) and can
achieve smallest loss even compared with MeZO,
which requires 4000 iterations for convergence.

7 CONCLUSION

In this work, we present a theoretical framework that characterizes the lower-order bias arising in
gradient estimation when using zeroth-order optimization methods. Building on this analysis, we
propose a Kernel Function Informed Zeroth-Order Optimization method, an improved ZO framework
that leverages kernel function to eliminate the lower-order bias of zeroth-order gradient estimation.
KerZOO offers notable improvements in training efficiency and consistently outperforms baseline
approaches across a variety of tasks and different models. Meanwhile, KerZOO is fully compatible
with parameter-efficient tuning (PEFT) techniques such as LoRA, allowing for additional acceleration
without degrading accuracy. Looking ahead, we plan to extend this framework to other domains, with
a particular focus on adapting it for LLM pruning or vision language model optimization.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2026

REFERENCES

Arya Akhavan, Evgenii Chzhen, Massimiliano Pontil, and Alexandre B Tsybakov. Gradient-free
optimization of highly smooth functions: improved analysis and a new algorithm. Journal of
Machine Learning Research, 25(370):1–50, 2024.

Francis Bach and Vianney Perchet. Highly-smooth zero-th order online optimization. In Conference
on Learning Theory, pp. 257–283. PMLR, 2016.

Roy Bar-Haim, Ido Dagan, Bill Dolan, Lisa Ferro, Danilo Giampiccolo, Bernardo Magnini, and Idan
Szpektor. The second pascal recognising textual entailment challenge. In PASCAL Challenges
Workshop, 2006.

Luisa Bentivogli, Ido Dagan, Hoa T Dang, Danilo Giampiccolo, and Bernardo Magnini. The fifth
pascal recognizing textual entailment challenge. In TAC, 2009.

Samuel R Bowman, Gabor Angeli, Christopher Potts, and Christopher D Manning. A large annotated
corpus for learning natural language inference. In EMNLP, 2015.

Georgii Bychkov, Darina Dvinskikh, Anastasia Antsiferova, Alexander Gasnikov, and Aleksandr
Lobanov. Accelerated zero-order sgd under high-order smoothness and overparameterized regime.
arXiv preprint arXiv:2411.13999, 2024.

Aochuan Chen, Yimeng Zhang, Jinghan Jia, James Diffenderfer, Jiancheng Liu, Konstantinos
Parasyris, Yihua Zhang, Zheng Zhang, Bhavya Kailkhura, and Sijia Liu. Deepzero: Scaling up
zeroth-order optimization for deep model training. arXiv preprint arXiv:2310.02025, 2023.

Jun Chen, Han Guo, Kai Yi, Boyang Li, and Mohamed Elhoseiny. Visualgpt: Data-efficient adaptation
of pretrained language models for image captioning. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pp. 18030–18040, 2022.

Pin-Yu Chen, Huan Zhang, Yash Sharma, Jinfeng Yi, and Cho-Jui Hsieh. Zoo: Zeroth order
optimization based black-box attacks to deep neural networks without training substitute models.
In Proceedings of the 10th ACM workshop on artificial intelligence and security, pp. 15–26, 2017.

Christopher Clark and Kenton Lee. Boolq: Exploring the surprising difficulty of natural yes/no
questions. NAACL, 2019.

Ido Dagan, Oren Glickman, and Bernardo Magnini. The pascal recognising textual entailment
challenge. In MLCW, 2005.

Marie-Catherine De Marneffe, Nicolas Simard, Wanrong Xu, et al. The shared task on implicit and
explicit hate speech detection. In W-NUT, 2019.

Tim Dettmers, Artidoro Pagnoni, Ari Holtzman, and Luke Zettlemoyer. Qlora: Efficient finetuning
of quantized llms. Advances in neural information processing systems, 36:10088–10115, 2023.

Jacob Devlin. Bert: Pre-training of deep bidirectional transformers for language understanding. arXiv
preprint arXiv:1810.04805, 2018.

Dheeru Dua, Yizhong Wang, Pradeep Dasigi, Gabriel Stanovsky, Sameer Singh, and Matt Gardner.
Drop: A reading comprehension benchmark requiring discrete reasoning over paragraphs. In
NAACL, 2019.

Tanmay Gautam, Youngsuk Park, Hao Zhou, Parameswaran Raman, and Wooseok Ha. Variance-
reduced zeroth-order methods for fine-tuning language models. arXiv preprint arXiv:2404.08080,
2024.

Seyed Ghadimi and Guanghui Lan. Stochastic first-and zeroth-order methods for nonconvex stochastic
programming. SIAM Journal on Optimization, 23(4):2341–2368, 2013.

Behrooz Ghorbani, Shankar Krishnan, and Ying Xiao. An investigation into neural net optimization
via hessian eigenvalue density. In International Conference on Machine Learning, pp. 2232–2241.
PMLR, 2019.

10



540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

Danilo Giampiccolo, Bernardo Magnini, Ido Dagan, and Bill Dolan. The third pascal recognizing
textual entailment challenge. In ACL Workshop on Textual Entailment and Paraphrasing, 2007.

Jiaqi Gu, Chenghao Feng, Zheng Zhao, Zhoufeng Ying, Ray T Chen, and David Z Pan. Efficient
on-chip learning for optical neural networks through power-aware sparse zeroth-order optimization.
In Proceedings of the AAAI conference on artificial intelligence, volume 35, pp. 7583–7591, 2021.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
and Weizhu Chen. Lora: Low-rank adaptation of large language models. arXiv preprint
arXiv:2106.09685, 2021.

Edward J Hu, Yelong Shen, Phillip Wallis, Zeyuan Allen-Zhu, Yuanzhi Li, Shean Wang, Lu Wang,
Weizhu Chen, et al. Lora: Low-rank adaptation of large language models. ICLR, 1(2):3, 2022.

Rie Johnson and Tong Zhang. Accelerating stochastic gradient descent using predictive variance
reduction. Advances in neural information processing systems, 26, 2013.

Wouter Jongeneel, Man-Chung Yue, and Daniel Kuhn. Small errors in random zeroth-order optimiza-
tion are imaginary. SIAM Journal on Optimization, 34(3):2638–2670, 2024.

Daniel Khashabi, Snigdha Chaturvedi, and Dan Roth. Looking beyond the surface: A challenge set
for reading comprehension over multiple sentences. In NAACL, 2018.

Diederik P Kingma and Jimmy Ba. Adam: A method for stochastic optimization. arXiv preprint
arXiv:1412.6980, 2014.

Hector Levesque, Ernest Davis, and Leora Morgenstern. The winograd schema challenge. In KR,
2012.

Xiang Lisa Li and Percy Liang. Prefix-tuning: Optimizing continuous prompts for generation. arXiv
preprint arXiv:2101.00190, 2021.

Xiaobin Li, Kai Wu, Xiaoyu Zhang, Handing Wang, Jing Liu, et al. Pretrained optimization model
for zero-shot black box optimization. Advances in Neural Information Processing Systems, 37:
14283–14324, 2024.

Shih-Yang Liu, Chien-Yi Wang, Hongxu Yin, Pavlo Molchanov, Yu-Chiang Frank Wang, Kwang-
Ting Cheng, and Min-Hung Chen. Dora: Weight-decomposed low-rank adaptation. In Forty-first
International Conference on Machine Learning, 2024a.

Sijia Liu, Bhavya Kailkhura, Pin-Yu Chen, Paishun Ting, Shiyu Chang, and Lisa Amini. Zeroth-
order stochastic variance reduction for nonconvex optimization. Advances in Neural Information
Processing Systems, 31, 2018.

Xinyue Liu, Hualin Zhang, Bin Gu, and Hong Chen. General stability analysis for zeroth-order
optimization algorithms. In The Twelfth International Conference on Learning Representations,
2024b.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Mandar Joshi, Danqi Chen, Omer Levy, Mike
Lewis, Luke Zettlemoyer, and Veselin Stoyanov. Roberta: A robustly optimized bert pretraining
approach. arXiv preprint arXiv:1907.11692, 2019.

Yong Liu, Zirui Zhu, Chaoyu Gong, Minhao Cheng, Cho-Jui Hsieh, and Yang You. Sparse mezo: Less
parameters for better performance in zeroth-order llm fine-tuning. arXiv preprint arXiv:2402.15751,
2024c.

Aleksandr Lobanov and Alexander Gasnikov. Accelerated zero-order sgd method for solving the black
box optimization problem under “overparametrization” condition. In International Conference on
Optimization and Applications, pp. 72–83. Springer, 2023.

Ilya Loshchilov and Frank Hutter. Decoupled weight decay regularization. arXiv preprint
arXiv:1711.05101, 2017.

11



594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Sadhika Malladi, Tianyu Gao, Eshaan Nichani, Alex Damian, Jason D Lee, Danqi Chen, and Sanjeev
Arora. Fine-tuning language models with just forward passes. Advances in Neural Information
Processing Systems, 36:53038–53075, 2023.

Yurii Nesterov and Vladimir Spokoiny. Random gradient-free minimization of convex functions. In
Foundations of Computational Mathematics, pp. 527–566. Springer, 2017.

Mohammad Taher Pilehvar and Jose Camacho-Collados. Wic: The word-in-context dataset for
evaluating context-sensitive meaning representations. In EMNLP, 2018.

Boris Teodorovich Polyak and Aleksandr Borisovich Tsybakov. Optimal order of accuracy of search
algorithms in stochastic optimization. Problemy Peredachi Informatsii, 26(2):45–53, 1990.

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal,
Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, et al. Learning transferable visual
models from natural language supervision. In International conference on machine learning, pp.
8748–8763. PMLR, 2021.

Pranav Rajpurkar, Jian Zhang, Konstantin Lopyrev, and Percy Liang. Squad: 100,000+ questions for
machine comprehension of text. In EMNLP, 2016.

Levent Sagun, Leon Bottou, and Yann LeCun. Eigenvalues of the hessian in deep learning: Singularity
and beyond. arXiv preprint arXiv:1611.07476, 2016.

Wenqi Shao, Mengzhao Chen, Zhaoyang Zhang, Peng Xu, Lirui Zhao, Zhiqian Li, Kaipeng Zhang,
Peng Gao, Yu Qiao, and Ping Luo. Omniquant: Omnidirectionally calibrated quantization for large
language models. arXiv preprint arXiv:2308.13137, 2023.

Yao Shu, Zhongxiang Dai, Weicong Sng, Arun Verma, Patrick Jaillet, and Bryan Kian Hsiang
Low. Zeroth-order optimization with trajectory-informed derivative estimation. In The Eleventh
International Conference on Learning Representations, 2023.

Mannat Singh, Laura Gustafson, Aaron Adcock, Vinicius de Freitas Reis, Bugra Gedik, Raj Prateek
Kosaraju, Dhruv Mahajan, Ross Girshick, Piotr Dollár, and Laurens Van Der Maaten. Revisiting
weakly supervised pre-training of visual perception models. In Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition, pp. 804–814, 2022.

Richard Socher, Alex Perelygin, Jean Wu, Jason Chuang, Christopher D Manning, Andrew Ng, and
Christopher Potts. Recursive deep models for semantic compositionality over a sentiment treebank.
In EMNLP, 2013.

Qitao Tan, Jun Liu, Zheng Zhan, Caiwei Ding, Yanzhi Wang, Jin Lu, and Geng Yuan. Harmony
in divergence: Towards fast, accurate, and memory-efficient zeroth-order llm fine-tuning. arXiv
preprint arXiv:2502.03304, 2025.

Xinyu Tang, Ashwinee Panda, Milad Nasr, Saeed Mahloujifar, and Prateek Mittal. Private fine-tuning
of large language models with zeroth-order optimization. arXiv preprint arXiv:2401.04343, 2024.

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier Martinet, Marie-Anne Lachaux, Timothée
Lacroix, Baptiste Rozière, Naman Goyal, Eric Hambro, Faisal Azhar, et al. Llama: Open and
efficient foundation language models. arXiv preprint arXiv:2302.13971, 2023.

Astha Verma, Siddhesh Bangar, A Venkata Subramanyam, Naman Lal, Rajiv Ratn Shah, and
Shin’ichi Satoh. Certified zeroth-order black-box defense with robust unet denoiser. arXiv preprint
arXiv:2304.06430, 2023.

Ellen M Voorhees and Dawn M Tice. Building a question answering test collection. In SIGIR, 2000.

Alex Wang, Yada Pruksachatkun, Nikita Nangia, Amanpreet Singh, Julian Michael, Felix Hill, Omer
Levy, and Samuel R Bowman. Superglue: A stickier benchmark for general-purpose language
understanding systems. arXiv preprint arXiv:1905.00537, 2019.

Xiuying Wei, Yunchen Zhang, Yuhang Li, Xiangguo Zhang, Ruihao Gong, Jinyang Guo, and
Xianglong Liu. Outlier suppression+: Accurate quantization of large language models by equivalent
and optimal shifting and scaling. arXiv preprint arXiv:2304.09145, 2023.

12



648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Blake E Woodworth and Nathan Srebro. An even more optimal stochastic optimization algorithm:
minibatching and interpolation learning. Advances in neural information processing systems, 34:
7333–7345, 2021.

Guangxuan Xiao, Ji Lin, Mickael Seznec, Hao Wu, Julien Demouth, and Song Han. Smoothquant:
Accurate and efficient post-training quantization for large language models. In International
Conference on Machine Learning, pp. 38087–38099. PMLR, 2023.

Xiangru Yao and Jimmy Lin. Improving retrieval-based sentence generation with context-aware
answer selection. In AAAI, 2020.

Haishan Ye, Zhichao Huang, Cong Fang, Chris Junchi Li, and Tong Zhang. Hessian-aware zeroth-
order optimization for black-box adversarial attack. arXiv preprint arXiv:1812.11377, 2018.

Ziming Yu, Pan Zhou, Sike Wang, Jia Li, Mi Tian, and Hua Huang. Zeroth-order fine-tuning of llms
in random subspaces. arXiv preprint arXiv:2410.08989, 2024.

Jingzhao Zhang, Sai Praneeth Karimireddy, Andreas Veit, Seungyeon Kim, Sashank Reddi, Sanjiv
Kumar, and Suvrit Sra. Why are adaptive methods good for attention models? Advances in Neural
Information Processing Systems, 33:15383–15393, 2020.

Susan Zhang, Stephen Roller, Naman Goyal, Mikel Artetxe, Moya Chen, Shuohui Chen, Christopher
Dewan, Mona Diab, Xian Li, Xi Victoria Lin, et al. Opt: Open pre-trained transformer language
models. arXiv preprint arXiv:2205.01068, 2022.

Yihua Zhang, Pingzhi Li, Junyuan Hong, Jiaxiang Li, Yimeng Zhang, Wenqing Zheng, Pin-Yu
Chen, Jason D Lee, Wotao Yin, Mingyi Hong, et al. Revisiting zeroth-order optimization for
memory-efficient llm fine-tuning: A benchmark. arXiv preprint arXiv:2402.11592, 2024.

Jiawei Zhao, Zhenyu Zhang, Beidi Chen, Zhangyang Wang, Anima Anandkumar, and Yuandong
Tian. Galore: Memory-efficient llm training by gradient low-rank projection. arXiv preprint
arXiv:2403.03507, 2024a.

Yanjun Zhao, Sizhe Dang, Haishan Ye, Guang Dai, Yi Qian, and Ivor W Tsang. Second-order
fine-tuning without pain for llms: A hessian informed zeroth-order optimizer. arXiv preprint
arXiv:2402.15173, 2024b.

Vladimir Antonovich Zorich and Octavio Paniagua. Mathematical analysis II, volume 220. Springer,
2016.

13



702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

A CLAIM OF LLM USAGE

In this work, large language models (LLMs) were used solely as a general-purpose writing assistant.
Their role was limited to correcting grammar, fixing typographical errors, and polishing the language
for clarity and readability.

B APPENDIX

B.1 VARIANCE ANALYSIS OF THE ZEROTH-ORDER ESTIMATOR WITH KERNEL FUNCTION

When applying a kernel function K(r) and a scalar random variable r in the zeroth-order estimator,
the gradient estimate can often be written in the form:

ĝK ≈ ⟨∇L(θ),u⟩ · u · rK(r) ≈M · rK(r), (21)

where M approximates a constant related to the gradient magnitude and perturbation step size and
u is a unit vector sampled uniformly at random. Under the formulation, we main focus is how the
product rK(r) affects the variance of the estimator. We know that variance is defined as:

Var(X) = E[X2]− (E[X])2. (22)

If the estimator is approximately unbiased, i.e., E[ĝK ] ≈ c∇f(x) (c is a constant), we focus on
E[ĝK2].

In our estimator, the randomness comes from the term rK(r). From the derivation above, we can
rewrite the estimator in a simplified form:

ĝ =M · (rK(r)). (23)

Then its second moment becomes:

E[ĝK2] ∝ E
[
(rK(r))2

]
. (24)

Since u is a unit vector (or normalized), the fluctuation in the estimator is primarily greatly related
to the term rK(r). If E[(rK(r))2] is large, then even with fixed M and u, the overall variance of
the estimator will be large. Conversely, a smaller value of E[(rK(r))2] helps reduce the estimator’s
variance. Since we use only three random perturbations to estimate the gradient, the variance can be
relatively large in such low-perturbation settings. To address this, we constrain r within the interval
[−1, 1], and gradually shrink the range of r as the number of iterations increases. This strategy
enables a trade-off between the variance and bias of the gradient estimation (Restricting the range of
r may result in gradient estimates that are not strictly unbiased; however, it effectively reduces the
variance of the estimate when the number of perturbations is limited.).

B.2 COMPLEMENTARY EXPERIMENTAL SETTINGS

Baselines. We select two representative baseline methods for our evaluation, i.e., MeZO (Malladi
et al., 2023) and HiZOO (Zhao et al., 2024b). MeZO (Malladi et al., 2023) is a memory-efficient
approach for LLM fine-tuning that avoids storing full perturbation vectors by regenerating them using
a fixed seed. This eliminates the need for extra memory allocation and simplifies implementation.
HiZOO (Zhao et al., 2024b) enhances convergence efficiency by incorporating approximate second-
order curvature information into the optimization process, thereby addressing the typically slow
convergence characteristic of first-order ZO methods.

Hyperparameter settings. Our experiments on RoBERTa-large, the OPT family, and LLaMA
models adopt the hyperparameter configurations listed in Table 7. We also keep the hyperparameters
consistent with MeZO, such as the learning rate and the perturbation scale. In our experiments, our
kernel function constant C is set to 4.

Datasets. In the RoBERTa-large experiments, we employ a range of classification benchmarks,
including SST-2, SST-5, SNLI, TREC, MNLI, and RTE. These benchmarks cover a range of sentence-
level and textual entailment tasks from previous NLP studies (Socher et al., 2013; Bowman et al.,
2015; Voorhees & Tice, 2000; Yao & Lin, 2020; Dagan et al., 2005; Bar-Haim et al., 2006; Bentivogli
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Table 7: The hyperparameters setting in our experiments.

Experiment Hyperparameters Values

FT
Batch size 8
Learning rate {1e-5, 5e-5}
Lr schedule Constant for RoBERTa; Linear for OPT and LLaMA

MeZO

Batch size {64, 16}
Learning rate η (Lr) {1e-6, 5e-7}
ϵ 1e-3
Lr schedule Constant for RoBERTa; Linear for OPT and LLaMA

MeZO LoRA

Batch size {64, 16}
Learning rate η (Lr) {1e-4, 5e-5}
ϵ 1e-2
Lr schedule Constant for RoBERTa; Linear for OPT and LLaMA

KerZOO (LoRA)
Kernel function order β 3
r Shrink as iteration step increases
Kernel function constant C 4

et al., 2009; Giampiccolo et al., 2007). To maintain consistency with prior works (Malladi et al.,
2023; Zhao et al., 2024b), we set the test set size as 1000 examples. We examine both few-shot
and many-shot regimes, setting the number of training examples per class to k = 16 or k = 512
and using the same number for validation. For experiments involving the OPT and LLaMA model
families, we use the SuperGLUE benchmark (Wang et al., 2019), which includes tasks such as
RTE (Dagan et al., 2005; Bar-Haim et al., 2006; Bentivogli et al., 2009; Giampiccolo et al., 2007),
CB (De Marneffe et al., 2019), BoolQ (Clark & Lee, 2019), WIC (Pilehvar & Camacho-Collados,
2018), WSC (Levesque et al., 2012), and MultiRC (Khashabi et al., 2018). In addition, we include
SST-2 (Socher et al., 2013) and two QA datasets, SQuAD (Rajpurkar et al., 2016) and DROP (Dua
et al., 2019). For each dataset, we randomly select 1000 samples for training, 500 for validation, and
1000 for evaluation.

B.3 MORE RESULTS

B.3.1 MORE RESULTS ON LLAMA-3 MODEL

We conduct fine-tuning experiments of KerZOO on the LLaMA-3 model series. We use exactly the
same hyperparameter settings as those used for the OPT family of models. The detailed results of the
experiments are shown in Table 8 and 9 below.

Table 8: Experiment results on LLaMA3-3B (1000 training samples)

Task SST-2 RTE CB WSC WIC
FT 94.2 81.2 91.4 72.2 63.8
MeZO 89.0 57.8 73.2 65.4 58.2
KerZOO 93.0 65.3 76.7 65.4 59.0

Table 9: Experiment results on LLaMA3-8B (1000 training samples)

Task SST-2 RTE CB WSC WIC
MeZO 91.2 61.0 71.4 64.4 59.2
KerZOO 93.0 71.8 73.2 65.4 60.4

B.3.2 MORE RESULTS ON LARGER MODEL

We conducted further experiments on larger model such as OPT-13B, and the results are presented in
the table 10 below. We observe that the KerZOO method continues to outperform the MeZO and
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HiZOO baselines in terms of performance while maintaining good time efficiency. For example, on
the SQuAD dataset, our method improves time efficiency by 23% compared to MeZO, while also
achieving an accuracy gain of approximately 4%.

Table 10: Experiment results on OPT-13B

Method SST2 RTE SQuAD WiC BoolQ
Acc GPU hours Acc GPU hours Acc GPU hours Acc GPU hours Acc GPU hours

MeZO 91.4 100% 66.1 100% 84.7 100% 62.2 100% 72.1 100%
HIZOO 92.1 86% 69.3 82% 82.9 91% 59.4 79% 72.7 88%
KerZOO 92.6 70% 72.8 73% 85.0 55% 64.1 43% 76.2 77%

B.3.3 MORE ANALYSIS ON MEMORY AND SPEED

Table 11: Memory and training time comparison of OPT-2.7B on SST-2 dataset (35 tokens per
example on average)

Method Memory cost Iteration step GPU hours

FT 45.4G 9.3% 16.8%
LoRA 18.5G 5.6% 4.3%

MeZO 10.7G 100.0% 100.0%
HiZOO 11.3G 59.2% 87.4%
KerZOO 14.7G 25.0% 76.2%

MeZO+LoRA 5.5G 74.1% 43.7%
HiZOO+LoRA 5.7G 46.3% 41.0%
KerZOO+LoRA 5.7G 16.3% 29.5%

Table 12: Memory and training time comparison of OPT-2.7B on RTE dataset (180 tokens per
example on average)

Method Memory cost Iteration step GPU hours

FT 62.2G 10.0% 16.2%
LoRA 42.5G 8.3% 6.6%

MeZO 13.5G 100.0% 100.0%
HiZOO 13.8G 63.3% 88.9%
KerZOO 14.5G 22.5% 72.3%

MeZO+LoRA 7.5G 73.3% 34.8%
HiZOO+LoRA 7.8G 56.7% 35.9%
KerZOO+LoRA 7.7G 7.6% 11.5%

We conduct experiments on the convergence and memory consumption of KerZOO on the OPT-2.7B
model using the SST-2 and RTE datasets. As anticipated in our earlier analysis, KerZOO introduces
only a slight increase in memory usage compared to the MeZO and HiZOO baselines. However, it
exhibits fast convergence. For instance, on the RTE dataset, KerZOO combined with LoRA requires
only about 11% of the training time required by MeZO under full fine-tuning, while still achieving
competitive accuracy.

We show the training loss curves of the OPT-2.7B model on the SST-2 dataset in Figure 4. The
comparison includes the original MeZO method with one perturbation per update (MeZO-1), MeZO
with three perturbations (MeZO-3), and our proposed KerZOO method. Consistent with the findings
reported in the original MeZO paper, we can observe that increasing the number of perturbations
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Figure 4: Training loss curves of MeZO with different perturbations and KerZOO

to three brings only marginal improvement in convergence. In contrast, our KerZOO demonstrates
significantly faster convergence, highlighting the effectiveness of our kernel-based ZO optimization.

We also provide the plots of loss curves versus wall-clock times of fine-tuning OPT-2.7B on the SST-2
dataset with our method and MeZO (Table 13). When MeZO converges to the minimum loss of about
0.3392 at 1551s, KerZOO requires only 1182s to achieve the equivalent loss value, demonstrating
faster convergence under the same training budget.
Table 13: Comparison of wall-clock time (in seconds) and loss between MeZO and KerZOO on
OPT-2.7B with SST-2.

#Iterations 200 400 600 800 1000 1200 1500 2000 3000 4000

Wall-clock time (s) for MeZO 65 132 230 293 388 449 576 766 1172 1551
Loss for MeZO 0.7844 0.6701 0.5954 0.5422 0.5042 0.4732 0.4357 0.3933 0.3500 0.3392
Wall-clock time (s) for KerZOO 180 368 592 781 1012 1182 1518 2019 3063 4061
Loss for KerZOO 0.5939 0.4743 0.4104 0.3734 0.3497 0.3361 0.3149 0.2955 0.2801 0.2775

B.3.4 ABLATION ABOUT THE ϵ

We conduct experiments on convergence loss with various smaller ϵ (i.e., 0.5ϵ0, 0.3ϵ0, 0.1ϵ0), and
summarize the results in Table 14. For example, when ϵ = 0.5ϵ0, the convergence loss increases
to 0.3618 compared with 0.3392 under the original ϵ0, and becomes even higher when ϵ is further
reduced. Therefore, although the bias are related to ϵ which is on the order of O(ϵ2), directly
decreasing the ϵ is not a good choice. One possible explanation is that making ϵ extremely small
introduces numerical instability in ZO estimation (Liu et al., 2024b; Jongeneel et al., 2024), which
further highlights the effectiveness of our KerZOO method.

Table 14: Convergence loss with different ϵ values.

Value of ϵ Convergence loss
ϵ0 0.3392
0.5ϵ0 0.3618
0.3ϵ0 0.3865
0.1ϵ0 0.4226

B.3.5 COMBINING WITH QUANTIZATION

We also compare KerZOO to baselines with the same setting of 3 perturbations. Table 15 reports
the results on SST-2 and SQuAD. Here, “-3” denotes experiments with 3 perturbations. In the table
below, we also applied INT8 quantization to the intermediate variables Θg in Algorithm 1 of KerZOO
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(displayed as KerZOO* in the table above), following the method in (Shao et al., 2023), which further
reduces KerZOO’s memory overhead. For example, on the SST-2 dataset, the memory overhead
decreases from 14.7G to 12.3G.

Table 15: Comparison of KerZOO with baselines under 3 perturbations on SST-2 and SQuAD.

Method SST2 Acc SST2 GPU hours SST2 memory SQuAD Acc SQuAD GPU hours SQuAD memory
MeZO-1 91.6 100% 10.7G 63.6 100% 12.8G
MeZO-3 92.0 288% 10.7G 64.2 256% 12.8G
HiZOO-1 90.8 88% 11.8G 66.0 92% 14.1G
HiZOO-3 91.5 262% 11.8G 66.5 235% 14.1G
KerZOO 92.6 76% 14.7G 66.2 58% 16.9G
KerZOO* 91.8 81% 12.3G 66.2 64% 14.6G

B.3.6 COMPARING WITH MORE BASELINES

We provide results of KerZOO on fine-tuning OPT-13B model compared with Sparse-MeZO and
Subzero. For Sparse-MeZO (Liu et al., 2024c), on RTE, WiC, BoolQ, SST-2 and SQuAD with the
OPT-13B model, we directly use the results from Table 2 in the SubZero paper. For SubZero (Yu et al.,
2024), we reproduce the results using the same parameter settings as reported, and run experiments
on five datasets with the OPT-13B model. The results are shown in Table 16.

Table 16: Comparison of KerZOO with Sparse-MeZO and SubZero on OPT-13B across five datasets.

Datasets SST2 RTE SQuAD WiC BoolQ
Sparsezero 92.3 76.9 77.9 58.2 76.5
Subzero 92.1 74.0 84.5 60.8 75.3
KerZOO 92.6 72.8 85.0 64.2 76.2

After reproducing SubZero, we found that its convergence efficiency is on par with, or even slightly
worse than MeZO. For example, on the SST-2 dataset, SubZero’s final converged loss is 0.3574,
whereas MeZO’s is approximately 0.3392. Our KerZOO achieves a convergence loss of 0.2764,
which is the best.

B.4 CONVERGENCE ANALYSIS

In this section, we give analysis on the convergence of KerZOO based on the former works on the
kernel function (Bychkov et al., 2024; Lobanov & Gasnikov, 2023). We use ∥θ∥p to denote the
ℓp-norm of the parameter θ in LLMs, we use the notation ∥θ∥2 = ∥θ∥ to express the Euclidean
norm for simplicity. ⟨θ,η⟩ :=

∑d
k=1 θiηi is denoted as the standard inner product of θ,η ∈ Rd,

where θi and ηi are the i-th component of θ and η, respectively. Sdp(r) := {θ ∈ Rd : ∥θ∥p = r} and
Bdp(r) := {θ ∈ Rd : ∥θ∥p ≤ r} are used to express the sphere and the ball in the ℓp-norm. Notation
≲ is used to denote the asymptotic inequality.

Assumption 1 (L-smoothness). Suppose loss function L(θ) is an L-Lipschitz smooth function, or
it has L-Lipschitz continuous gradient. If L(θ) is continuously differentiable with respect to θ, and
its gradient satisfies the Lipschitz condition for any ξ and θ,η ∈ Rd

∥∇L(θ)−∇L(η)∥ ≤ L∥θ − η∥. (25)

Assumption 2 (Higher-order smoothness). Let t denote the maximal integer which is strictly less
than β. Let Fβ(L) denote the set of all functions L : Rd → R which can be derived for t times and
for any θ,η ∈ Rd satisfy the Hölder-type condition:∣∣∣∣∣∣L(θ)−

∑
0≤|n|≤t

1

n!
DnL(η)(θ − η)n

∣∣∣∣∣∣ ≤ Lβ∥θ − η∥, (26)
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where Lβ > 0, the sum is over multi-index n = (n1, . . . , nd) ∈ Nd, the notation n! = n1! · · ·nd!,
and

DnL(η)vn =
∂|n|L(η)

∂θn1
1 · · · ∂θnd

d

vn1
1 · · · vnd

d , (27)

where |n| = n1 + · · ·+ nd, for all v = (v1, . . . , vd) ∈ Rd.

Assumption 1 is a special case of Assumption 2 if β = 2.

Based on(Woodworth & Srebro, 2021), we have the following assumption:

Assumption 3. There exists σ2
∗ ≥ 0 such that

E
[
∥g∗ −∇L(θ∗)∥2

]
≤ σ2

∗. (28)

which means that in overparameterized regime the variance of our estimation of stochastic gradient
g∗ at optimal point θ∗ = argminθ∈Rd L(θ) can be upper bounded by using the minimum value
L(θ∗). We will use this assumption for the gradient estimates.

Then by using two-point noisy zero-order oracle (Assumption 2), the gradient can be estimated as
follows:

g(θ,u, r) =
1

2ϵ
(L(θ + ϵru)− L(θ − ϵru))K(r)u, (29)

where ϵ > 0 is a smoothing parameter (perturbation scale), u ∈ Sd2 (1) is a vector which is defined in
Section 3, K : [−1, 1] → R is a kernel function that satisfies

E[K(a)] = 0, E[aK(a)] = C, E[|a||K(a)|] <∞, and for all j = 2, . . . , t, E[ajK(a)] = 0.

With Assumption 2, we will give a theorem for stating the convergence of KerZOO for LLM with
two-point zeroth-order estimation. We denote:

κβ =

∫
|a|β |K(a)| da, and κ =

∫
|K(a)|2 da.

Theorem. Let L(·) satisfy Assumption 2 with parameter β. Let smoothing parameter be ϵ ≤(
ψ

κβLR

)1/(β−1)

, then we use our Algorithm 1 to do gradient estimation. Let θagN be the output of
Algorithm 1, then

E [L(θagN )− L(θ∗)] ≤ ψ (30)

in at most N iterations and T oracle calls. Note that in our case, T equals to N in our setting. ρ
denotes the radius to the optimal solution θ∗ such that ∥θ∗ − θ0∥ ≤ ρ, and θ0 is a starting point.
Then, we have

N = T = O
(
max

(
Lρ2

ψ
,
κdσ2

∗ρ
2

ψ2

))
(31)

Analysis. Now we should find the upper bounds for smoothing parameter ϵ, the asymptotic for
iteration steps N (number of oracle calls T ). We consider to limit the bias and second moment of
estimation of gradients. (1) For the bias of gradient approximation, it can be expressed as

b = ∥E [g(θk,u, r)]−∇L(θk)∥ . (32)
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b =

∥∥∥∥E [ 1

2ϵ
(L(θk + ϵru)− L(θk − ϵru))K(r)u

]
−∇L(θk)

∥∥∥∥
1
=

∥∥∥∥E [1ϵ (L(θk + ϵru)K(r)u)−∇L(θk)
]∥∥∥∥

2
=

∥∥∥∥E [1ϵL(θk + ϵru)K(r)u

]
−∇L(θk)

∥∥∥∥
3
= ∥E [(∇L(θk + ϵru)rK(r))−∇L(θk)]∥
4
≤ sup

z∈Sd
2 (1)

E [(∇zL(θk + ϵru)−∇zL(θk)) rK(r)]

5
≤ κβϵ

β−1 L

(l − 1)!
E
[
∥a∥β−1

]
≤ κβϵ

β−1 L

(l − 1)!

d

d+ β − 1
≲ κβLϵ

β−1 (33)

where a ∈ Bd2 (1), 1 : distribution of u is symmetric; 2 : directly simplify the equation; 3 :
a version of the Stokes’ theorem (Zorich & Paniagua, 2016) ; 4 : gradient norm represent the
supremum of directional derivatives ∇zL(θ) = limϵ→0

L(θ+ϵz)−L(θ)
ϵ ; 5 Taylor expansion.

(2) For the second moment of gradient approximation, it can be denoted as E∥g(θ∗,u, r)∥2. We have

ζ2 = E∥g(θ∗,u, r)∥2 = E

[∥∥∥∥ 1

2ϵ
(L(θ∗ + ϵru)− L(θ∗ − ϵru))K(r)u

∥∥∥∥2
]

=
d

4ϵ2
E
[
(L(θ∗ + ϵru)− L(θ∗ − ϵru))

2
(K(r))2

]
1
≤ κd

2ϵ2
E
[
(L(θ∗ + ϵru)− L(θ∗ − ϵru))

2
]

2
≤ κd

2ϵ2

(
ϵ2E

[
∥∇L(θ∗ + ϵru) +∇L(θ∗ − ϵru)∥2

])
=

κd

2ϵ2

(
ϵ2E

[
∥∇L(θ∗ + ϵru) +∇L(θ∗ − ϵru)± 2∇L(θ∗)∥2

])
3
≤ 4dκ ∥∇L(θ∗)∥2 + 4dκL2ϵ2E[∥u∥2]
4
≤ 4κdσ2

∗ + 4κdL2ϵ2E[∥u∥2] = 4κdσ2
∗ + 4κd2L2ϵ2 (34)

where 1 Inequality of squared norm of the sum, inequality between positive random variables
and independence of the noise; 2 Wirtinger–Poincaré inequality; 3 L-smoothness of L; 4
Overparameterization assumption.

Sketchup for covergence. According to (Woodworth & Srebro, 2021), we can replace the following
expression of the bound for biased oracle with the bias and second moment estimation above. And
we have
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E[L(θagN )− L(θ∗)] = c

(
Lρ2

N2
+
Lρ2

N
+

ζρ√
N

+ bρ+
b2

2L
N

)
≲
Lρ2

N2
+
Lρ2

N
+

1√
N

(√
κdσ2

∗ +
√
κd2L2ϵ2

)
ρ

+
(
κβLϵ

β−1
)
ρ+

1

L

(
κβLϵ

β−1
)2
N

≤ Lρ2

N2
+
Lρ2

N
+

√
κdσ2

∗ρ√
N

+

√
κdLϵρ√
N

+ κβLϵ
β−1ρ+ κ2βLϵ

2(β−1)N (35)

We use 1 Lρ2

N2 , 2 Lρ2

N , 3
√
κdσ∗ρ√
N

, 4
√
κdLϵρ√
N

, 5 κβLϵ
β−1ρ, 6 κ2βLϵ

2(β−1)N , to denote every
term in the expression. Then we try to use ψ to bound every term above and now we attempt to find
all parameter values for all cases.

E[L(θagN )−L(θ∗)] =
Lρ2

N2
+
Lρ2

N
+

√
κdσ∗ρ√
N

+

√
κdLϵρ√
N

+κβLϵ
β−1ρ+κ2βLϵ

2(β−1)N ≤ 6ψ. (36)

For 1 , 2 , and 3 , we have N :

Lρ2

N2
≤ ψ =⇒ N ≥

√
Lρ2

ψ
= O

(√
Lρ2

ψ

)
Lρ2

N
≤ ψ =⇒ N ≥ Lρ2

ψ√
κdσ∗ρ√
N

≤ ψ =⇒ N ≥ κdσ2
∗ρ

2

ψ2
(37)

Note that Lρ
2

ψ >
√

Lρ2

ψ . That leads to the following expression for N

N = T = O
(
max

(
Lρ2

ψ
,
κdσ2

∗ρ
2

ψ2

))
. (38)

For 4 , 5 , and 6 , we can have ϵ:

√
κdLϵρ√
N

≤ ψ =⇒ ϵ ≤
√
Nψ√
κdLρ

= max

(√
Lρ2/ψ · ψ√
κdLρ

,

√
κdσ2

∗ρ
2/ψ2 · ψ√

κdLρ

)

= max

(
ψ1/2

√
κL1/2

,
σ∗√
dL

)

κ2βLϵ
2(β−1)N ≤ ψ =⇒ ϵ ≤

(
ψ

κ2βLN

) 1
2(β−1)

κβLϵ
β−1ρ ≤ ψ =⇒ ϵ ≤

(
ψ

κβLρ

) 1
β−1

(39)

ϵ = min

max

(
ψ1/2

√
κL1/2

,
σ∗
L

)
,

(
ψ

κ2βLN

) 1
2(β−1)

,

(
ψ

κβLρ

) 1
β−1

 = (
ψ

κβLρ
)

1
β−1 . (40)
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