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Abstract

Zeroth-Order optimization presents a promis-
ing memory-efficient paradigm for fine-tuning
Large Language Models by relying solely on
forward passes. However, its practical adoption
is severely constrained by slow wall-clock con-
vergence and high estimation variance. In this
work, we dissect the runtime characteristics of
ZO algorithms and identify a critical system
bottleneck where the generation of perturba-
tions and parameter updates accounts for over
40% of the training latency. We argue that the
standard uniform exploration strategy is funda-
mentally flawed as it fails to account for the
heterogeneous sensitivity of layers in deep net-
works, resulting in computationally wasteful
blind searches. To address this structural mis-
match, we propose AdaLeZO, an Adaptive
Layer-wise ZO optimization framework. By
formulating the layer selection process as a
non-stationary Multi-Armed Bandit problem,
Adal.eZO dynamically allocates the limited
perturbation budget to the most sensitive param-
eters. We further introduce an Inverse Probabil-
ity Weighting mechanism based on sampling
with replacement, which guarantees unbiased
gradient estimation while effectively acting as
a temporal denoiser to reduce variance. Exten-
sive experiments on LLaMA and OPT models
ranging from 6.7B to 30B parameters demon-
strate that AdaLeZO achieves 1.7x to 3.0x
wall-clock acceleration compared to state-of-
the-art methods. Crucially, AdaLeZO functions
as a universal plug-and-play module that seam-
lessly enhances the efficiency of existing ZO
optimizers without incurring additional mem-
ory overhead. !

1 Introduction

Large Language Models (LLMs) (Bai et al., 2023;
OpenAl et al., 2024; DeepSeek-Al et al., 2024;

*Corresponding author.
'The official implementation is available at https://
github.com/WangFei-2019/UnifiedZ0.

Grattafiori et al., 2024; Cai et al., 2026) have
demonstrated exceptional generalization capabili-
ties across a broad spectrum of natural language
processing tasks (Liang et al., 2024; Zhu et al.,
2024). To adapt these general-purpose models
to specialized downstream domains, Full Fine-
Tuning (FFT) remains the gold standard for achiev-
ing optimal performance (Rao et al., 2024, 2025).
Nevertheless, FFT imposes prohibitive memory
requirements as it necessitates the storage of op-
timizer states and gradient histories (Kingma and
Ba, 2015). While Parameter-Efficient Fine-Tuning
methods (Zhao et al., 2024; Hu et al., 2022; Li
and Liang, 2021), such as LoRA (Hu et al., 2022)
and Prefix-Tuning (Li and Liang, 2021), signifi-
cantly reduce the number of trainable parameters,
they still rely on backpropagation. Consequently,
these methods require the transient storage of mas-
sive intermediate activations proportional to the
network depth, which renders the fine-tuning of
billion-scale models on consumer-grade hardware
computationally infeasible.

To circumvent the memory bottleneck intrinsic
to backpropagation, Zeroth-Order (ZO) optimiza-
tion has recently garnered renewed interest (Chen
et al., 2024; Wang et al., 2024; Zhang et al., 2024).
By estimating gradients through finite differences
using only two forward passes, ZO methods such
as MeZO (Malladi et al., 2023) successfully com-
press the memory footprint of training to inference
levels. Despite this breakthrough, standard ZO
optimization is plagued by the “curse of dimen-
sionality,” where the variance of gradient estimates
scales linearly with the parameter size, leading to
sluggish convergence and instability (Chen et al.,
2025; Sun et al., 2025). Prior research has pri-
marily focused on algorithmic refinements, such
as introducing momentum or subspace constraints,
to mitigate high variance (Chen et al., 2019; Jiang
et al., 2024; Chen et al., 2025; Yu et al., 2025; Zhao
et al., 2025). However, these approaches often over-
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Figure 1: The AdaLeZO workflow. AdaLeZO overcomes the computational inefficiency of uniform ZO exploration
by employing the MAB framework to allocate sparse perturbations to sensitive layers adaptively. Key modules
include: (1) dynamic layer selection guided by real-time MAB statistics, (2) adaptive sampling with replacement
to concentrate the perturbation budget on critical layers, and (3) a count-aware IPW update formula that ensures
unbiased gradient estimation and enables efficient, feedback-driven optimization.

look the significant wall-clock latency induced by
high-dimensional operations.

In this work, we revisit ZO optimization from
two complementary perspectives to uncover the
root causes of its inefficiency. From a systems per-
spective, we observe that the operations required
for perturbation generation and parameter updates
incur a linear time complexity. Our breakdown
analysis on an OPT-6.7B model reveals that these
operations constitute nearly half of the per-step
training time, creating a substantial linear bottle-
neck that limits scalability. From an optimization
perspective, we identify a phenomenon we term
“Policy Blindness.” While gradient information in
LLMs is heterogeneously distributed across lay-
ers (Wang et al., 2025), standard ZO methods em-
ploy isotropic exploration strategies that treat all
parameters equally. This mismatch results in a
squandering of computational resources on insensi-
tive layers that contribute minimal learning signals.

To address these dual challenges of computa-
tional redundancy and optimization blindness, we
propose Adaptive Layer-wise Zeroth-Order opti-
mization (AdaL.eZO). Unlike heuristic approaches
that rely on static priors, AdaL.eZO formalizes the
optimization process as a layer selection problem
within a Multi-Armed Bandit (MAB) framework.
This formulation allows the optimizer to act as
a temporal filter, which integrates noisy instanta-
neous rewards to reveal the underlying sensitivity
structure of the model. By dynamically concentrat-
ing the perturbation budget on the most critical lay-

ers, AdalLeZO achieves sparse and efficient updates.
To ensure theoretical rigor, we design a gradient es-
timator using Inverse Probability Weighting (IPW)
with replacement. This estimator ensures unbiased-
ness with respect to the full-parameter gradient
while significantly reducing the estimation vari-
ance through importance sampling. The overall
workflow of Adal.eZO is depicted in Figure 1.

We empirically validate the effectiveness of our
framework on models ranging from 6.7B to 30B
parameters, including the LLaMA-3.1. The re-
sults demonstrate that AdaLeZO delivers substan-
tial wall-clock speedups of 1.7 to 3.0 x over base-
line methods while maintaining or surpassing com-
petitive accuracy. Furthermore, AdalLeZO exhibits
strong versatility as a plug-and-play accelerator
that consistently improves the performance of ad-
vanced ZO variants, such as LoZO (Chen et al.,
2025) and HiZOO (Zhao et al., 2025). In summary,
our main contributions are as follows:

1. We identify the linear cost of perturbation and
update operations as a major bottleneck in the
Z0 optimizer and reveal the structural mis-
match between uniform ZO exploration and
the intrinsic layer-wise sparsity of gradients.

2. We introduce AdalLeZO, a novel framework
that leverages a multi-armed bandit strategy
to adaptively allocate perturbations, enabling
efficient sparse optimization with theoretical
unbiasedness guarantees.
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3. Extensive experiments confirm that Adal.eZO
provides significant wall-clock acceleration
and universal compatibility with existing ZO
algorithms, offering a scalable solution for
memory-constrained LLM fine-tuning.

2 Related Work

This section surveys the evolution of memory-
efficient fine-tuning, focusing on the transition
from parameter-efficient methods to ZO optimiza-
tion and the integration of adaptive mechanisms.

Zeroth-Order Optimization for LLMs. While
Parameter-Efficient Fine-Tuning methods like
LoRA (Hu et al., 2022) and Prefix-Tuning (Li and
Liang, 2021) reduce trainable parameters, they re-
main constrained by the “memory wall” due to the
storage of intermediate activations for backprop-
agation (Dettmers et al., 2023; Liu et al., 2022).
Z0 optimization has emerged as a powerful alter-
native, enabling LLLM fine-tuning with inference-
level memory footprints by estimating gradients
via forward pass differences (Malladi et al., 2023;
Zhang et al., 2024; Chen et al., 2024). However,
standard ZO methods (e.g., MeZO) suffer from the
“curse of dimensionality,” where gradient estima-
tion variance scales linearly with parameter size,
leading to slow convergence (Liu et al., 2020). Al-
though variants like Zo-Adamu (Jiang et al., 2024)
and MeZO-SVRG (Gautam et al., 2024) introduce
momentum or variance reduction to smooth the op-
timization trajectory, they largely overlook the lin-
ear wall-clock latency imposed by full-parameter
perturbations. Recently, QuZO (Zhou et al., 2025)
and MaZO (Zhang et al., 2025) have sought to
further accelerate training via quantization, multi-
task masking, or kernel transformations. How-
ever, these methods primarily optimize the tem-
poral dimension or numerical precision. In con-
trast, AdalLeZO is orthogonally designed to op-
timize the spatial dimension by sparsifying O(d)
memory reads and writes, acting as a plug-and-play
module that can synergize seamlessly with these
advancements for simultaneous spatial-temporal
acceleration.

Subspace Exploration and Structural Priors.
To mitigate the high variance of ZO estimates, a
growing body of work exploits the intrinsic low-
dimensional structure of LLMs. Methods such
as LoZO (Chen et al., 2025), SubZero (Yu et al.,
2025), and TeZO (Sun et al., 2025) constrain per-

turbations to low-rank matrices or tensor decom-
positions, effectively reducing the search space.
Others, including HiZOO (Zhao et al., 2025) and
LOREN (Seung et al., 2025), leverage approxi-
mate second-order information or gradient priors
to guide update directions. Despite the theoreti-
cal appeal, these approaches often rely on static
structural assumptions (e.g., fixed rank) or incur
expensive auxiliary computations that negate wall-
clock speedups. Unlike these, which impose rigid
constraints, AdalLeZO focuses on dynamic struc-
ture discovery, autonomously identifying sensitive
layers during training without pre-defined priors.

Adaptive Resource Allocation. Dynamic spar-
sity has proven effective in post-training prun-
ing (Frantar and Alistarh, 2023; Sun et al., 2024),
where redundant weights are removed based on
activation or Hessian sensitivity. In the con-
text of First-Order (FO) fine-tuning, layer-wise
and module-wise importance sampling techniques,
such as LISA (Pan et al., 2024) and MISA (Liu
et al., 2025), have demonstrated substantial effi-
ciency gains. However, these methods fundamen-
tally rely on exact FO gradients or intermediate
activation caching to evaluate structural sensitiv-
ity. Under strict ZO memory constraints, such FO
priors are physically unavailable. In parallel, dy-
namic sampling and MAB frameworks have been
successfully applied to sequential decision-making
tasks in NLP, such as data selection and hyperpa-
rameter tuning (Bouneffouf and Feraud, 2025; Lin
and Wang, 2023; Ceritli et al., 2024; Rao et al.,
2026). Adal.eZO bridges these domains by in-
tegrating MAB into continuous ZO optimization.
Crucially, it executes adaptive layer-wise impor-
tance sampling without FO priors, relying solely
on highly noisy, forward-pass scalar loss feedback.
By treating layer selection as a bandit problem,
Adal.eZO realizes adaptive update sparsity: it dy-
namically concentrates the perturbation budget on
the most sensitive layers. This design resolves the
“blindness” of uniform ZO exploration, ensuring
theoretical unbiasedness while significantly reduc-
ing computational overhead.

3 Rethinking Zeroth-Order Optimization

Despite the memory efficiency of ZO optimization,
its widespread adoption is hindered by slow con-
vergence and high variance. To elucidate the root
causes of the limitations, we dissect ZO algorithms
through the lenses of optimization dynamics, sys-
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Figure 2: Empirical demonstration of Policy Blindness. We contrast the optimization dynamics of MeZO against
those of Adam on OPT-6.7B. (a) Layer-wise Net Displacement. While the Adam exhibits distinct layer-wise
heterogeneity by prioritizing updates on shallow layers, MeZO maintains a uniform update profile. This indicates
that standard ZO methods squander the computational budget on insensitive parameters. (b) Correlation Evolution.
The Pearson correlation between MeZO’s cumulative updates and the Oracle gradient norm remains consistently
low (r < 0.2). This confirms that isotropic perturbation fails to recover the intrinsic sensitivity structure of the

model, resulting in a “blind’ random walk.

tem latency, and signal fidelity. These empirical
insights provide the motivational foundation for
AdaLeZO.

3.1 Optimization Dynamics: Policy Blindness

A fundamental inefficiency in current ZO meth-
ods arises from a structural mismatch between
the uniform exploration strategy and the hetero-
geneous sensitivity of LLM layers. We term this
phenomenon Policy Blindness. To quantify this,
we compare the parameter evolution of a FO ora-
cle (Adam (Kingma and Ba, 2015)) against MeZO
using Layer-wise Net Displacement (|| Af||2)
as a proxy for effective learning signals. As il-
lustrated in Figure 2, the FO oracle exhibits dis-
tinct layer-wise heterogeneity where shallow and
middle layers accumulate significant updates while
deeper layers remain relatively static (Clark et al.,
2019; Aghajanyan et al., 2021). In stark con-
trast, MeZO employs an isotropic perturbation strat-
egy that distributes the computational budget uni-
formly across the entire parameter space. This
homogeneous allocation squanders resources on
insensitive parameters that contribute negligibly to
loss reduction, thereby injecting excessively high-
dimensional noise that impedes convergence.

3.2 System Efficiency: Linear Bottleneck

Beyond optimization inefficiency, full-parameter
perturbations introduce a critical system bottle-
neck. Runtime profiling on an OPT-6.7B model, as
shown in Figure 3, reveals that perturbation gener-

Runtime Breakdown of a Single MeZO Step
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Figure 3: Time breakdown of a single training step in
MeZO. The operations for perturbation generation and
parameter updates constitute approximately 46% of the
total step time, comparable to the forward pass time.

ation and parameter updates account for approxi-
mately 46% of the total training time per step. This
cost scales linearly with the parameter dimension
d, rendering it a dominant factor for billion-scale
models. Furthermore, classical ZO theory indi-
cates that gradient estimation variance also scales
with d (Nesterov and Spokoiny, 2017). These ob-
servations suggest that restricting perturbations to
a sparse subset of sensitive layers can simultane-
ously eliminate this linear wall-clock overhead and
reduce estimation variance, provided that the active
layers are correctly identified.

3.3 Signal Fidelity: Validity of Feedback

A prerequisite for adaptive layer selection is the ex-
istence of a reliable signal within the noisy ZO esti-
mates to guide the search. We investigate whether
the magnitude of the ZO gradient estimate |{|
serves as a valid proxy for the true gradient norm
|VL||F. Our fidelity analysis in Figure 9 yields
two key findings. First, at the micro-level, despite
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the high variance intrinsic to random projection,
we observe a significant positive Spearman correla-
tion (p ~ 0.48) between the ZO estimate and the
ground-truth gradient norm. Second, at the macro-
level, binned analysis reveals a strictly monotonic
relationship between the expected ZO magnitude
and the true gradient norm. This statistical consis-
tency implies that while individual ZO samples are
noisy, their expectation faithfully preserves the rela-
tive ranking of layer importance. Consequently, se-
quential decision algorithms such as Multi-Armed
Bandits can effectively exploit this property to re-
cover the true sensitivity structure through temporal
aggregation.

4 Methodology

In this section, we first revisit the standard
paradigm of ZO optimization for fine-tuning LLMs
and analyze its inherent computational bottlenecks.
Subsequently, we propose the AdalLeZO frame-
work. We formulate layer-wise selection as a non-
stationary MAB problem and introduce a sparse
gradient estimator based on IPW with replacement,
achieving efficient, sparse, and low-variance opti-
mization.

4.1 Preliminaries: The Linear Bottleneck of
7.0 Optimization

Consider an LLM parameterized by # € R?
Our objective is to optimize the loss function
L(0) = Ep[f(#;z,y)]. To circumvent the pro-
hibitive memory cost of storing intermediate ac-
tivations required by backpropagation, standard
Z0 methods, such as MeZO (Malladi et al., 2023),
employ the Simultaneous Perturbation Stochastic
Approximation (SPSA) algorithm to estimate gra-
dients. At step ¢, the algorithm generates a random
perturbation vector z; ~ N(0, I;) drawn from a
standard normal distribution and computes the gra-
dient estimate via two forward passes:

70 — L0 + pze) — L(Or — pzt)
Z0 _

1
2,[,L Zt, ( )

where p denotes the smoothing parameter (pertur-
bation radius). The parameters are updated follow-
ing 0,41 = 0; — ngf°.

Although MeZO successfully eliminates the
memory bottleneck, Equation (1) reveals a fun-
damental flaw regarding computational efficiency:
z 1s dense. Consequently, every optimization step
necessitates sampling, adding, and updating all d

parameters. As analyzed in Section 3.2, in the
context of billion-scale models (d > 7B), this full-
parameter operation incurs a linear time complex-
ity of O(d), accounting for over 40% of the total
training time. Furthermore, applying uniform per-
turbation across the entire high-dimensional param-
eter space introduces significant estimation vari-
ance, known as the “curse of dimensionality” (Liu
et al., 2020; Nesterov and Spokoiny, 2017), which
severely hampers convergence.

4.2 Adaptive Layer Selection via
Multi-Armed Bandit

To mitigate the aforementioned computational re-
dundancy and high variance, Adal.eZO leverages
the layer-wise heterogeneity of LLM gradients
by modeling the selection of trainable layers as
a Multi-Armed Bandit (MAB) problem. We parti-
tion the model parameters into L groups (layers),
denoted as {#(V) ..., 0}, Our goal is to dynam-
ically learn a sampling policy 7 that allocates the
limited perturbation budget to the layers most sen-
sitive to the loss function.

Reward Definition. We require a reward signal
to quantify the contribution of a specific layer to
the optimization process. We define the immediate
reward R; at step ¢ as the magnitude of the esti-
mated scalar gradient. Intuitively, if a perturbation
induces a significant change in the loss, it indicates
that the optimization direction lies in a steep re-
gion of the loss landscape, thereby offering higher
optimization value:

Rt _ E(at + MZt)Q— ,C(Qt - ,U,Zt) . (2)

I

This scalar serves as a proxy for the effectiveness
of the current step. As analyzed in Appendix F, the
optimal sampling probability is proportional to the
gradient norm, i.e., p; (1) o | VW L]|, validating R;
as an ideal proxy signal.

Value Estimation (EMA). Since the sensitivity
of layers varies dynamically during training (i.e.,
the environment is non-stationary), we employ an
Exponential Moving Average (EMA) to maintain
the value estimate (Q);(!) for each layer. For every
layer [ in the selected active set Z; at step ¢, the
value is updated as:

Qe+1(1) = (1 — a)Qu(l) + Ry, 3)

where « is the learning rate factor. For unselected
layers, () remains unchanged. This design allows
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the algorithm to smooth out historical noise while
rapidly adapting to the distribution shift in layer
importance.

Policy with Exploration-Exploitation. To bal-
ance the exploitation of highly sensitive layers with
the exploration of under-sampled ones, we com-
pute the sampling probability distribution p; based
on the current @) values. For the [-th layer:

pe(l) = (1 =) - Softmax(Qy(1)/7) +7-

Exploitation

9

{=1-

Exploration
C))
where 7 is the temperature coefficient controlling
distribution smoothness, and «y € [0, 1] is the mix-
ing coefficient. The inclusion of the uniform distri-
bution term % is critical; it guarantees a non-zero
lower bound probability p;(l) > /L, preventing
the permanent “starvation” of layers, which is a
necessary condition for the unbiasedness of the

subsequent estimator.

4.3 Sparse Gradient Estimation with IPW

Based on the probability distribution p;, we design
a sparse gradient estimator utilizing Sampling with
Replacement and IPW.

Sampling Mechanism. Unlike previous methods
that employ sampling without replacement (Top-k),
AdaLeZO performs K = max(1, |pL]|) indepen-
dent draws with replacement based on p; at step
t, where p € (0, 1] is the sampling ratio. Let ny
denote the number of times layer [ is selected (mul-
tiplicity). If n; ; > 0, the layer is marked as active,
forming the set Z; = {l | ny; > 0}.

Sparse Perturbation. We generate Gaussian
noise only for the active layers to construct a sparse
perturbation vector z;:

N(0, 1, if | € 7y,
20 Z { (0,1q,) i G 5)
0 otherwise.
Since |Z;| < K < L, this operation significantly
reduces the overhead of perturbation generation
and parameter updates from O(d) to O(pd).

Count-Aware IPW Estimator. Directly using
sparse perturbation introduces bias. To address
this, we apply importance-sampling reweighting,
incorporating the counting property of sampling
with replacement, the Adal.eZO gradient estimate
for layer [ is defined as:

Ada,(l) (
9t w0 — Gscalar - Wl - Mg [ - Zé )7 (6)

where the projected gradient scalar iS gscalar £

£(9t+u2t)2;£(9t*,u2t) , and the IPW weight is w; A

min <W’ Cchp). In this formulation, the multi-

plicity n; ; leverages the statistical nature of sam-
pling with replacement, ensuring that important
layers selected multiple times (n;; > 1) receive
larger update steps to automatically intensify opti-
mization on sensitive parameters. Simultaneously,
the IPW weight w;; functions as a clipped in-
verse probability weight which, as proved in Ap-
pendix F, converges to an unbiased estimator of
the full-parameter Gaussian smoothed gradient,
ie., E[giM] = VL,(60;), as the clipping thresh-
old Cgjjp — oo. Furthermore, regarding variance
reduction, while standard IPW ensures unbiased-
ness, extremely small sampling probabilities p; (1)
can induce numerical instability; thus, the clipping
threshold Cqjip is introduced to establish a bias-
variance trade-off that significantly reduces estima-
tion variance in practical scenarios.

The final parameter update is performed strictly
on active layers: 01521 = Gil) — ng;' @0 The
complete algorithmic procedure is detailed in Algo-
rithm 1. We further provide a rigorous theoretical
proof in Appendix F demonstrating that AdalL.eZO
maintains a convergence rate of O(1/v/T).

5 Experiments

I Forward Pass [ Perturbation [ Param Update

* Peak Memory

(@5) Srowopy e0d

Wall-clock Time per Step (s)
s

a° a9 © a9 © 510
W0 O s o o

\\ai;‘;\\\too I 1
Figure 4: Breakdown of wall-clock time per training
step and peak memory consumption across different ZO
optimizations. The stacked bars represent the time cost
of forward pass, perturbation generation, and parameter
update, while the orange diamonds indicate peak mem-
ory usage. Our proposed Ada- methods significantly
compress the overhead of perturbation and updates.

5.1 Experimental Setup

We evaluate AdalLeZO on LLaMA-2-7B (Touvron
et al., 2023), LLaMA-3.1-8B (Grattafiori et al.,
2024), and OPT 6.7B-30B (Zhang et al., 2022)
models across 11 downstream tasks. We compare
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Table 1: Main Results on LLLaMA Series. We compare Adal.eZO against the Zero-shot baseline and MeZO
(Full-parameter ZO). The results are averaged over 3 random seeds. The best performance between ZO methods is
marked in bold.

Method ‘ Classification ‘ Multiple Choice ‘ Generation ‘ AVG.
| SST2 RTE CB BoolQ WsC WIC MuliRC | Copa  ReCoRD | SQuAD  DROP |

LLaMA-2-7B

Zero-shot 58.14 63.18 32.14 70.60 36.54 50.16 45.50 78.00 80.70 55.47 20.20 53.69

MeZO 93.92+090 63.66+208 68.45+273  78.60+052 60.58+333 61.91+370 T1.77+344 | 84.33+153  81.03+070 | 88.64+063 40.95+060 | 72.17+1.84

AdaLeZO | 94.00+013  66.19+271  69.05+273  76.30+185 60.26+38 62.91+251  70.43+297 | 84.00+100 81.40+052 | 88.49+030 41.98+127 | 72.27+183
LLaMA-3.1-8B

Zero-shot 59.75 46.57 44.64 76.30 50.78 59.62 62.30 64.88 83.70 85.00 28.46 60.18

MeZO 93.81+041 75.45+250 70.24+103 80.73+080 62.18+1.11  58.03+194 74.87+135 | 89.67+058  83.90+100 | 89.37+126 60.78+1.23 | 76.28+1.20

AdaLeZO | 92931092 71.24+526 72.02+273 81.20+096 61.22+222 59.51+080 80.17+076 | 90.33+058 84.70+105 | 89.74+078 61.87+031 | 76.81+1.49

Table 2: Universal Effectiveness on OPT-6.7b. We report the accuracy (%) and standard deviation across three
random seeds. We compare various ZO methods with their adaptive counterparts powered by our AdalL.eZO
framework. The best result in each pair (e.g., MeZO vs. Adal.eZO) is marked in bold.

Method ‘

Classification

| Multiple Choice

‘ Generation

‘ AVG.
| ssT2 RTE CB BoolQ WwSsC WIC MultiRC | Copa  ReCoRD | SQuAD  DROP |

Zero-shot 61.24 54.87 50.00 63.10 37.50 51.25 44.50 82.00 36.48 17.70 52.24
ICL 84.29 65.70 57.14 70.40 51.92 53.61 50.20 81.00 74.30 27.75 63.02
FT (Upper Bound) 92.78 78.34 94.64 73.90 59.62 51.25 77.50 80.00 85.28 28.53 7247
MeZO 93.54+048 65.46+208 69.05+103 67.13x031  56.09+s547 58.78+110 66.10+251 | 81.33+153  78.03:060 | 81.52+143 28.79:104 | 67.80+1.60
AdaLeZO 93.58+023  67.39+150 70.24x273  67.93:049 55.45xa71  59.61:116  63.13+167 | 80331252 79.07+049 | 80.65+023 29.19+099 | 67.87+152
LOZO 93.69+061  67.51+273 69.64=x179 69.53+038 50.64+1123 59.30+376  59.87+1s50 | 79.00+1.00 78.83z055 | 81.65+0.19 29.49+251 | 67.20+239
AdaLoZO 93.27+007  66.19+127  72.02+273  67.33x045 56.09:204  62.07x087 60.30+030 | 80.67+058 79.17x055 | 78.03+150 28.76+137 | 67.63+1.16
DiZO 92.93+013  67.03+163 69.64+300 68.77+279  60.90+454  62.00+131  62.03+t107 | 78.33+231  78.13x021 | 80.38+134 25.93+165 | 67.83+183
AdaDiZO 93.04:063  66.79+063 69.05+103 68.20+046 59.30+300 61.02+128 62.97+075 | 82331252 78571021 | 79.59+182 29.24+145 | 68.19+1.26
HiZOO 93.43+048 65.46+240 69.05+103 68.03+146 56.41+s80 59251110 65.57+297 | 82.00+200 78.13+020 | 81.96+135 27.81+118 | 67.92+182
AdaHiZOO 92.85+052 64.86+185 7143179 67.17+127  56.73+s85  60.24+131  64.23+0.15 | 80.33+058 7897074 | 80.12+188 28.75+075 | 67.79+152
PseuZO 93.77+007  65.22+276 71.43+179 67.30+062 56.09+1127 61.55+1.19 59.67+1s5 | 79.00+1.00 78.47+050 | 78.60+128 26.08+230 | 67.02+221
AdaPZO 93.00+040 64.50+137 71.43z000 67.67+214 55.13xs80 61.34x039 60.23+050 | 80.67+1.15 78.47064 | 78.67x096 28.57090 | 67.24+1.30

against MeZO (Malladi et al., 2023), LoZO (Chen
etal., 2025), DiZO (Tan et al., 2025), HiZOO (Zhao
et al., 2025), and PseuZO (Yue et al., 2025). De-
tailed hyperparameters and baselines are listed in
Appendix A.

5.2 Efficiency Analysis: Breaking the Linear
Barrier

We analyze the core bottleneck in ZO optimiza-
tion: the linear complexity of perturbation opera-
tions. Figure 4 presents a comparative visualiza-
tion of wall-clock latency and memory usage for
AdaleZO versus standard ZO baselines.
Wall-Clock Acceleration. Standard MeZO suf-
fers from structural inefficiency, with perturbation
generation and parameter updates accounting for
nearly half of each training step. By restricting
these operations to a sparse set of active layers,
AdalLeZO effectively removes this bottleneck. To
rigorously ensure fairness, we evaluate the absolute
hardware throughput on a single NVIDIA A100
(40GB) GPU in BF16 precision. For OPT-6.7B
(batch size 16, sequence length 256), Adal.eZO
achieves a throughput of 7,728 tokens/sec, sig-

nificantly surpassing MeZQO’s 4,501 tokens/sec.
This translates to a genuine 1.7x hardware-level
speedup, confirming that the MAB bookkeeping
overhead is negligible (< 1% of step time). Fur-
thermore, when applied to PseuZO, the speedup
reaches almost 3.0 x by circumventing costly pro-
jection steps. Detailed results in Table 7 show that
perturbation overhead is reduced to less than 10%
of step time.

Memory Neutrality. Notably, AdalLeZO pre-
serves the peak memory footprint of standard ZO
methods, as the orange diamonds shown in Figure 4.
In contrast to FO approaches that require substan-
tial amounts of optimizer state, Adal.eZO operates
entirely within inference-level memory constraints,
ensuring compatibility with consumer hardware.
As shown in Table 8, the efficiency improvements
are consistent across sequence lengths, achieving
up to 5.1x speedup on short-sequence tasks where
perturbation overhead is most significant.

5.3 Main Results on LLaMA Series

Table 1 presents the performance of MeZO and
AdaleZO on LLaMA-2-7B and LLaMA-3.1-8B
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Figure 5: Ablation Studies. We analyze the impact of four key hyperparameters on SST-2 (blue, left axis) and
BoolQ (orange, right axis) performance. Error bars denote standard deviation across 3 seeds. Detail in Table 4.

models. AdalLeZO demonstrates consistent superi-
ority over the dense baseline.

Superiority over Dense Updates. Adal.eZO
achieves highly competitive performance against,
and often surpasses, the full-parameter MeZO base-
line. On challenging reasoning benchmarks such
as DROP and SQuAD, AdalLeZO delivers notable
improvements, including a gain of 1.03% on DROP
with LLaMA-2. These results challenge the notion
that updating more parameters necessarily leads
to better outcomes, and demonstrate that adap-
tive sparse updates can effectively suppress the
detrimental noise associated with high-dimensional
dense perturbations.

Stability and Robustness. ZO optimization
is often hindered by high variance. AdaleZO
achieves lower standard deviations compared to
MeZO0, indicating greater stability. This improve-
ment stems from the count-aware IPW estimator,
which, as detailed in Section 4, reduces estimation
variance by focusing updates on frequently sam-
pled, high-sensitivity layers.

5.4 Universality across ZO Optimizers

A defining feature of AdalLeZO is its orthogonal-
ity to existing ZO enhancements. We integrate
AdaleZO as a plug-and-play module into four
representative baselines. As shown in Table 2,
the AdalLeZO-enhanced variants (denoted as Ada-)
consistently improve or maintain the accuracy of
their base methods while providing the significant
speedups discussed in Section 5.2. For instance,
AdaHiZOO not only accelerates HiZOO by 2.0x
but also improves average accuracy by 0.15% on
OPT-6.7B. This universality confirms that adaptive
layer-wise sparsity captures a fundamental prop-
erty of the loss landscape that is complementary
to subspace constraints (LoZO) or gradient priors
(HiZOO). Additionally, we demonstrate the scal-
ability of AdaLLeZO on OPT-13B and OPT-30B

models in Table 6, where it continues to outperform
MeZO0, validating its effectiveness for large-scale
fine-tuning.

5.5 Ablation Study

We conduct comprehensive ablation studies with
the LLaMA-2-7b model to evaluate the contribu-
tions of each AdalLeZO component and hyperpa-
rameter sensitivity. Two representative tasks are
selected: SST-2 (robust to noise) and BoolQ (sensi-
tive to gradient estimation errors). Key results are
shown in Figure 5.

Necessity of Sparse Update Figure 5(a) shows
the effect of sampling ratio p. Performance im-
proves markedly as p increases from 0.1 to 0.2,
suggesting that excessive sparsity may discard cru-
cial gradient information. However, further increas-
ing p to 0.4 or 1.0 (full-parameter MeZO) yields
diminishing or negative returns. This supports our
hypothesis: full-parameter perturbation is often
suboptimal for zeroth-order optimization. Given
the ZO error bound O(d/+/T), estimation variance
scales with dimension d. By reducing the update
space to pd, AdaLeZO lowers variance and intro-
duces implicit regularization, outperforming dense
baselines. Furthermore, to definitively isolate the
optimization benefits of our MAB-driven policy
from the wall-clock speedups of raw sparsity, we
demonstrate in Appendix C that Adal.eZO con-
sistently outperforms a uniform Random Sparse
baseline (by 2.12% on average), proving the neces-
sity of adaptive layer selection.

Variance Reduction is Critical Figure 5(c) high-
lights the sensitivity to the IPW clipping threshold
C. At C = 1 (unweighted sparse updates), perfor-
mance drops due to sampling bias. Conversely, a
large C' (> 12) increases estimator variance, caus-
ing accuracy on BoolQ to collapse (from 74.37%
t0 69.97%), as extreme weights 1/(Kp;) amplify
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gradient variance. Setting C' = 4 achieves an opti-
mal balance between bias and variance, which is
crucial for high-dimensional ZO optimization.

Balancing Exploration and Exploitation Fig-
ure 5(b) and (d) analyze the bandit strategy. A
small temperature (7 = 0.1, nearly greedy) leads
to premature convergence, while a large 7 (= 2.0,
nearly uniform) fails to exploit gradient sensitiv-
ity; both underperform compared to 7 = 0.6. The
exploration coefficient +y is also essential: adding
slight uniform exploration (y = 0.1) boosts BoolQ
performance by 2.4% over pure Softmax (v = 0),
confirming that preventing “layer starvation” is vi-
tal for estimator coverage and convergence in non-
stationary bandit settings.

6 Conclusion

In this work, we identify the linear computational
cost of perturbation and parameter updates as a
fundamental bottleneck in zeroth-order (ZO) large
language model (LLM) fine-tuning. To address this
limitation, we introduce Adal.eZO, a novel frame-
work that integrates multi-armed bandit (MAB)-
driven adaptive layer selection with a count-aware
inverse probability weighting (IPW) estimator, en-
abling efficient, sparse, and unbiased gradient es-
timation. By dynamically concentrating pertur-
bations on the most sensitive layers, AdalL.eZO
effectively mitigates the curse of dimensionality
and offers theoretical guarantees for convergence.
Extensive experiments on both LLaMA and OPT
models demonstrate that AdaLeZO achieves 1.7x
to 5.1x wall-clock speedup over state-of-the-art
baselines, without any loss in accuracy. Further-
more, the plug-and-play design of AdaL.eZO allows
for seamless integration with existing ZO optimiz-
ers, providing a unified and scalable solution for
memory-efficient and rapid LLM fine-tuning.

Limitations

Although AdalLeZO delivers substantial improve-
ments in wall-clock efficiency and convergence
stability, several inherent limitations of the Zeroth-
Order optimization paradigm remain.

Performance Gap with First-Order Methods.
Adal.eZO consistently surpasses standard zeroth-
order baselines such as MeZO and narrows the gap
with full fine-tuning. However, its performance
does not fully reach that of first-order methods

across all tasks. For example, in challenging rea-
soning benchmarks such as DROP, the stochastic
nature of gradient estimation, even when enhanced
by variance reduction techniques, results in a pre-
cision trade-off relative to backpropagation. Ad-
dressing this gap continues to be a fundamental
challenge for the zeroth-order optimization com-
munity.

Scope of Application. The present evaluation is
limited to supervised fine-tuning of large language
models within the field of natural language process-
ing. The effectiveness of adaptive layer-wise sam-
pling for other areas, including multimodal large
language models and reinforcement learning from
human feedback, has not yet been empirically vali-
dated. Investigating these extensions represents an
important direction for future research.
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Table 3: Hyperparameter Settings. We list the com-
mon settings shared across all ZO methods and the spe-
cific hyperparameters for each baseline and Adal.eZO.

Category Hyperparameter Value
Common Settings for All ZO Methods
Batch Size 16
General Learning Rate {1,5,10} x 1077
Perturbation Scale p 1x1073
Method-Specific Settings
LOZO Rank r 2
Interval v 50
HiZOO Estimate times n 1
Smooth scale « 1x1078
DiZO Projection Update Cycle 100
Projection Iterations 10
Smoothing Scalar 0.1
Projection Step Size 2
Clip Range 0.2
PseuZO Sliding Window L 14
Cycles / Epochs 2/10
< — Amax
Descent Formula At) = 7o
Sampling Ratio p 0.2
Temperature 7 0.6
AdaLeZO (Ours) Exploration Coeff. {0,0.1}
EMA Factor « 0.1
Clipping Threshold C {4,16}
Fine-Tuning (Reference)
Batch Size 8
FT (Adam) Learning Rate 1x 1075
Scheduler Linear

A Experiments Detial

A.1 Baseline

We conducted comparative evaluations of
Adal.eZO against three baseline approaches: zero-
shot, in-context learning (ICL), fine-tuning (FT),
and MeZO (Malladi et al., 2023). The zero-shot
approach assesses both pre-trained models without
any fine-tuning, serving as a lower-bound perfor-
mance baseline. Fine-tuning (FT) is referenced
to indicate the performance of non-quantized
models. To further investigate the generalizability
of Adal.eZO, we also compared it with four state-
of-the-art MeZO-based zero-order optimization
methods: LoZO (Chen et al., 2025), DiZO (Tan
et al., 2025), HiZOO (Zhao et al., 2025), and
PseuZO (Yue et al., 2025).

A.2 Models, Dataset, and Metrics

Our experiments encompass two prominent model
families: the OPT (Zhang et al., 2022) family and
the LLaMA (Touvron et al., 2023; Grattafiori et al.,
2024) family. To ensure comprehensive coverage
of model scales, we selected four models from the

OPT (Zhang et al., 2022) family: OPT-6.7B, OPT-
13B, and OPT-30B. For contemporary relevance,
we included LLaMA-2-7B (Touvron et al., 2023)
and LLaMA-3.1-8B (Grattafiori et al., 2024) from
the LLaMA family.

For downstream evaluation, we employed eleven
tasks commonly used in ZO optimization liter-
ature. These include seven classification tasks
from the SuperGLUE (Wang et al., 2019) bench-
mark: SST-2 (Socher et al., 2013), RTE (Ben-
tivogli et al., 2009), CB (De Marneffe et al.,
2019), BoolQ (Zhang et al., 2018), WIC (Pilehvar
and Camacho-Collados, 2019), WSC (Levesque
et al., 2012), and MultiRC (Khashabi et al.,
2018); two multiple-choice tasks from SuperGLUE
benchmark: Copa (Roemmele et al., 2011) and
ReCoRD (Zhang et al., 2018); and two question-
answering tasks: SQuAD (Rajpurkar et al., 2016)
and DROP (Dua et al., 2019), which we treat as
generation tasks. For classification and multiple-
choice tasks, we report accuracy; for generation
tasks, we report the F1 score.

A.3 Implementation

For all ZO methods, we ensured fair comparison
by adopting the optimal hyperparameter settings
from their original publications and conducting a
grid search over learning rates. Detailed hyperpa-
rameter configurations are provided in Table 3. For
AdaleZO, we used the default parameters specified
in Table 3 across all experiments, except in ablation
studies where only the parameters under investiga-
tion were modified. AdaL.eZO employs the same
learning rate as the baseline for comparison.
During training, all models were fine-tuned for
20,000 steps with checkpoints saved every 5,000
steps. We selected the checkpoint with the lowest
validation loss for final evaluation on the test set.
For each task, we used 1,000 samples for train-
ing and 500 for validation; when fewer than 1,000
samples were available, we used 100 for validation
and the remainder for training. All available test
samples were used for evaluation. To ensure statis-
tical reliability, we repeated each experiment with
three different random seeds and report the average
performance metric (Rao et al., 2022).

B Additional Ablation Studies

In this section, we provide a granular analysis of the
hyperparameters governing the Multi-Armed Ban-
dit (MAB) mechanism in AdalLeZO, specifically
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Table 4: Ablation Study on LLaMA-2-7b. We report
the average accuracy and standard deviation across 3
seeds. Default parameters are underlined. Bold indi-
cates the best performance. This table validates the
contribution of each component in our Bandit-based
strategy.

Ablation Component SST-2 BoolQ
(Parameter) Avg. Std. | Avg. Std.
Sampling Ratio p

0.1 91.59 040 | 7443 1.86
0.2 93.81 041 | 7437 152
0.4 93.65 0.70 | 77.20 1.01
1.0 (Full) 93.77 0.69 | 76.53 1.78
Temperature T

0.1 (Greedy) 93.16 0.13 | 75.03 2.48
0.6 93.81 0.41 | 7437 1.52
1.0 9346 041 | 7520 191
2.0 (Uniform) 93.73 024 | 73.77 4.60
Clipping Threshold C'

1 86.70 0.61 | 71.93 2.57
4 93.81 041 | 7437 1.52
12 94.00 0.13 | 69.97 5.01
16 94.00 0.13 | 69.97 5.01
Exploration ~y

0.0 (Pure Softmax) 93.73 0.89 | 71.93 248
0.1 93.81 0.41 | 7437 1.52
0.3 9342 1.51 | 73.10 1.56
1.0 (Uniform) 9297 0.24 | 72.33 1.76
EMA Factor «

0.1 93.81 041 | 7437 1.52
0.5 92.85 0.59 | 75.10 3.32

the Reward EMA factor o, Temperature 7, and
Exploration coefficient . These parameters are
critical for balancing the trade-off between plastic-
ity and stability in the non-stationary optimization
landscape of LLM fine-tuning. The full numerical
comparisons are detailed in Table 4.

B.1 Sensitivity to Bandit Hyperparameters

Reward EMA Factor (o). The EMA factor «
controls how quickly the bandit forgets historical
rewards. A larger a makes the policy more re-
sponsive to recent gradient estimates but also more
susceptible to instantaneous noise. Comparing the
default « = 0.1 with a more aggressive update
rate @ = 0.5, we observe in Table 4 that while
a = 0.5 achieves comparable average accuracy,
it introduces significant instability. Specifically,
on the BoolQ dataset, the standard deviation for
a = 0.5 is more than double that of o = 0.1 (3.32
vs. 1.52). This result corroborates that in Zeroth-

Order optimization, where gradient estimates natu-
rally possess high variance, a lower « is preferable
as it effectively smooths out the noise, providing a
stable signal for layer importance.

Temperature (7). The temperature parameter 7
modulates the sharpness of the Softmax distribu-
tion derived from the estimated Q-values. Our re-
sults indicate that extreme values are detrimental to
performance. A low temperature (7 = 0.1) approx-
imates a greedy strategy, which risks premature
convergence to suboptimal layers and leads to high
performance variance (Std 2.48 on BoolQ). Con-
versely, a high temperature (7 = 2.0) approaches
uniform sampling, diluting the benefits of adaptive
selection. The choice of 7 = 0.6 strikes an optimal
balance, allowing the model to exploit sensitive
layers while maintaining sufficient entropy in the
sampling distribution.

Exploration Coefficient (). We further verify
the necessity of the explicit exploration term -y/L
in Equation (4). The empirical results demonstrate
that a small mixing coefficient v = 0.1 consistently
outperforms the pure Softmax strategy (v = 0),
particularly on challenging tasks. This confirms
that ensuring a non-zero lower bound on sampling
probabilities is crucial for preventing “layer starva-
tion”, which is a scenario where potentially useful
layers are permanently ignored due to early stochas-
tic fluctuations, thereby maintaining the asymptotic
validity of the estimator. When v = 1, the method
degenerates to random search, resulting in a sig-
nificant performance decline on the SST-2 and
BoolQ benchmarks. This observation indirectly
corroborates the effectiveness of the proposed
Multi-Armed Bandit strategy.

C Impact of the Multi-Armed Bandit
Policy versus Random Sparsity

To empirically validate the necessity of the pro-
posed MAB-driven adaptive layer selection, we
must isolate the optimization benefits of our policy
from the wall-clock speedups provided by raw spar-
sity. To this end, we introduce a Random Sparse
baseline that selects layers uniformly at random at
each step, strictly utilizing the same sparsity budget
as Adal.eZO (p = 0.2).

We evaluate this baseline on the LLaMA-2-7B
model across a 9-task subset of our evaluation suite.
The results are summarized in Table 5.

As shown in Table 5, AdalLeZO consistently out-
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Table 5: Comparison between AdalLeZO and the Random Sparse baseline on LLaMA-2-7B. Both methods operate
under identical sparsity budgets (p = 0.2). The MAB policy yields a +2.12% average improvement.

Method SST-2 RTE BoolQ WSC WiC MultiRC SQuAD ReCoRD AVG.
Random Sparse 92.35 64.62 7357 6133 58.97 61.43 87.88 80.73 72.22
AdaleZO 94.00 66.19 7630 62.51 60.20 70.43 88.49 81.40 74.34
Improvement +1.65 +1.57 +2.73 +1.18 +1.23 +9.00 +0.61 +0.67 +2.12

performs uniform random selection by 2.12% on
average. The performance gap is particularly pro-
nounced on complex reasoning and comprehension
tasks, with significant gains of up to 9.00% on Mul-
tiRC and 2.73% on BoolQ.

This rigorously confirms that the MAB policy
is strictly necessary. While raw sparsity alone pro-
vides the computational acceleration, uniformly
discarding layers leads to a severe loss of critical
gradient signals. AdaLeZO effectively identifies
and focuses updates on the most sensitive parame-
ters, preventing degradation and maintaining robust
accuracy under high sparsity constraints.
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Figure 6: The Pearson correlation between the layer
sampling probabilities assigned by AdaLeZO and the
gradient norms computed by Adam. Instantaneous cor-
relation exhibits substantial fluctuations, reflecting the
high variance inherent in ZO estimates. In contrast,
accumulated statistics converge steadily to » ~ 0.88,
demonstrating that AdalLeZO effectively recovers true
layer sensitivity through temporal aggregation.

~
~

D Mechanism Analysis

Analyzing the Structural Learning Capability of
AdaLeZO. A central question arises: Given only
noisy Zeroth-Order (ZO) scalar feedback, does
AdalLeZO genuinely “learn” the hierarchical struc-
ture of the model, or is it merely performing a
random walk?

To address this, we tracked the Pearson correla-
tion coefficient r between the layer sampling prob-
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Figure 7: Layer-wise sensitivity alignment on OPT-6.7b
(SST-2). We compare the ground truth sensitivity pro-
file (derived from Adam’s accumulated gradient norms)
with AdaLeZO’s learned sampling probabilities. While
the initial policy (Gray, » = 0.32) is nearly random,
AdalLeZO autonomously converges to a policy (Orange,
r = 0.82) that strongly correlates with the oracle sen-
sitivity, demonstrating its ability to identify important
layers without first-order gradients.

ability distribution 7; of AdalLeZO and the Oracle
(gradient norms calculated by Adam). As shown
in Figure 6, we observed a significant “Temporal
Denoising” phenomenon:

Stochasticity of Instantaneous Estimates: The
gray curve illustrates that the single-step instan-
taneous correlation exhibits severe oscillations
(r € [-0.1,0.6]). This observation aligns with
the theoretical properties of zeroth-order optimiza-
tion. Specifically, since probing occurs along a
single random direction z at each step, the individ-
ual gradient estimate g suffers from extremely high
variance, causing the algorithm to appear engaged
in disordered exploration over short time scales.

Robustness of Accumulated Signals: Con-
versely, examining the cumulative mean of the sam-
pling probabilities, denoted as 7 = % Z;‘FZI e
(solid orange line), reveals a distinct trend. The
correlation steadily ascends from an initial value of
0.3, ultimately reaching 0.88 upon convergence.

Furthermore, in Figure 7, we visualize the cu-
mulative probability distribution curves of the
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Adal.eZO layer sampling at both the initial and
final stages of training. It is clearly observable that
during the early stage, the activation probability
distribution across layers exhibits high variance, re-
sembling random noise, and diverges significantly
from the true gradient distribution. In contrast,
during the late stage, the disparities in activation
probabilities across layers diminish, resulting in a
smoother curve. Concurrently, the correlation with
the true gradient increases from r = 0.32 initially
to r = 0.82. This demonstrates that AdaLeZO ef-
fectively achieves denoising and approximates the
true gradient distribution.

Conclusion: These results provide compelling
evidence that Adal.eZO functions as a Tempo-
ral Filter. While individual time steps are dom-
inated by stochastic noise, the true gradient sig-
nal maintains consistency across the temporal di-
mension. Through continuous updates via the
Bandit mechanism, AdalLeZO successfully inte-
grates low-frequency structural signals from high-
frequency noise, thereby accurately reconstructing
the model’s intrinsic parameter sensitivity distribu-
tion without computing backpropagation.

E Convergence Analysis

AdaLeZO Achieves Faster Convergence than
MeZO. Figure 8 illustrates the loss convergence
rates of fine-tuning LLaMA models across vari-
ous tasks using both Adal.,eZO and MeZO. Un-
der identical learning rates, Adal.eZO consistently
demonstrates faster convergence than MeZO, even
without considering wall-clock time acceleration.
This advantage is particularly pronounced on the
more robust LLaMA-3.1-8B model; for example,
on the MultiRC task, AdalLeZO outpaces MeZO by
more than 2X in terms of convergence speed. The
improvements in wall-clock time are even more
substantial across all tasks. These results highlight
the effectiveness of Adal.eZO in variance reduc-
tion, enabling the model to rapidly converge to
regions of lower loss.

F Theoretical Analysis

In this section, we provide a comprehensive con-
vergence analysis of the AdalLeZO algorithm. We
rely on the Gaussian smoothing framework to an-
alyze the properties of ZO optimization. We first
introduce the necessary notations and assumptions,
then analyze the bias and variance of the Adal.eZO
estimator, and finally establish the convergence rate

for non-convex objective functions.

F.1 Preliminaries and Assumptions

Consider the optimization problem mingcga £(6).
We partition the parameter vector 6 into L
groups according to layer structure, denoted as

{6 ... )},

Gaussian Smoothing. Following Nesterov and
Spokoiny (Nesterov and Spokoiny, 2017), we de-
fine the Gaussian smoothed approximation of £
with smoothing parameter p > 0O as:

L(0) = Eyno,1,)[£(0 + pu)]. (N

It is well-known that £, is continuously differen-
tiable even if £ is non-smooth. The gradient of £,
is given by:

L0+ ) — L(0
VL,(0) = Eyniory 0+ pu) — £O) |

I
(®)
Assumptions. We make the following stan-
dard assumptions for non-convex ZO optimiza-
tion (Ghadimi and Lan, 2013; Liu et al., 2018).
Assumption F.1 (L-Smoothness). The objective

function £(0) is differentiable and L,-smooth,
meaning its gradient is Lipschitz continuous:

IVL(1) = VLO)| < Lyg|[61 — b2]],
V91,92 S Rd.

Assumption F.2 (Bounded Gradient). The gradient
of the objective function is bounded:

E[|VLO)I?] < G*.

€))

(10)

Assumption F.2 is often relaxed in proofs, but it
helps simplify the variance bound.
Assumption E.3 (Function Boundedness). The opti-
mal function value is bounded from below:

L= ir;fﬁ(@) > —00. (11)

Key Lemmas for Gaussian Smoothing. Based
on Assumption F.1, the smoothed function £, in-
herits smoothness and approximates £ well.
Lemma F.1 (Properties of L,, (Nesterov and
Spokoiny, 2017)). Under Assumption F.1, for any
6 ¢ R%:

1. The gradient difference is

IV.£,.(0) = VLO)| < “5.

2. L, is Ly-smooth with L, < L,.

bounded:

3. Eyr(o,n[[IVLu(0) — EOH=EC 2] <
2d2L2 + d|| VL)%
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Figure 8: Loss convergence curves for fine-tuning LLaMA models using ZO optimizers. In the main plot, the
X-axis represents training steps, while in the inset, it indicates wall-clock time. Evidently, under the same number of
fine-tuning steps, AdaLeZO achieves faster convergence compared to MeZO.

F.2 Estimator Analysis

Subspace Smoothing vs. Full Smoothing. Un-
like standard ZO methods that perturb the entire pa-
rameter space, AdalLeZO generates perturbations
strictly within an active subspace determined by
the sampled layers Z;. From the perspective of
Randomized Block Coordinate Descent (RBCD),
the finite difference on this sparse subspace esti-
mates the gradient of the objective, smoothed only
over that specific subspace. While masking intro-
duces cross-layer Hessian interference relative to
full-space Gaussian smoothing, Taylor expansion
shows that these cross-layer terms have zero expec-
tation to first order due to the independence of layer-
wise perturbations. As p — 0, both the subspace-
smoothed and full-smoothed expectations asymp-
totically converge to the true non-smooth gradient
VL(0), with the discrepancy rigorously bounded
by O(pdLy). The primary structural bias in our
practical implementation arises not from this sparse
sampling itself, but from the variance-control clip-
ping mechanism, which we explicitly bound in the
following sections.

Let z; ~ N(0, 1) be the random perturbation
vector at step ¢. The standard symmetric difference
Z0 estimator is:

zo _ L0+ pz) — L(0y — pzy)
9 = 2% z

From (Malladi et al., 2023), we know E,, [§7°] =
VL, (6).

Adal.eZO applies a masking matrix M; based
on sampling. Let p; € AL~! be the sampling
distribution. Let p € (0, 1] be the sampling ratio
parameter (corresponding to adalezo_k_ratio).

. (12)

The number of sampling draws is determined by
K = max(1, |pL|). We perform K independent
draws with replacement. Let N;; € {0,..., K}
be the number of times layer [ is selected. The
AdaLleZO estimator is:

A0 _ Nty o0
t Kpt(l) t
F.2.1 Unbiasedness

Theorem F.1 (Unbiasedness wrt Smoothed Gradi-
ent). The AdalLeZO estimator is an unbiased esti-
mator of the smoothed gradient V.L,,(6;).

(13)

Proof. First, we analyze the expectation condi-
tioned on the perturbation z;. The random-
ness comes solely from the sampling counts Ny ;.
Since sampling is with replacement, N;; ~
Binomial ([, p(1)), implies E[N; ;] = Kp(1).

Ny gzo,(Z)]
Kpt(l) t

Es,[5;7" | 2] = Es, [

Since this holds for all layers, Es, [§/% | 2] = §7°.
Taking the expectation over z;:

Ezt,st [g?dd] = Ezt [thO] = v£u(0t> (15)

Proposition F.1 (Finite-C Bias Bound). Under As-
sumption F.2, the bias introduced by the clipping
threshold C' is bounded by:

[Bias|| = |[E[g7 ] — VL. (6|
<G ) (1-CEp(l).

tpe(D< g

(16)
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Proof. The expected value of the clipped estimator
for layer [ is Egt[~Add (l)] Wi B[Ny 19 ~Z0,(1) _

min(1, CKpt(l))AZO ‘) The bias is the norm of
the difference between this expectation and the un-
biased ZO gradient. Notice that (W;; — Wt,l ) >0
if and only if CKp,(l) < 1, ie., pi(l) < -
Applying the triangle inequality and taking the ex-
pectation over z;:

[Bias| < Y7 (1= CKp()EL|g ).
tpe(D< g

A7)
Since E[[|¢7%""||] < E[||§Z°||] < G (derived from
Assumptlon F.2 and Lemma F.1), the bound holds.

O]

~Z0,(

This explicit formulation corroborates our abla-
tion study: setting a moderate C (e.g., C = 4)
ensures that only layers with negligibly small
sampling probabilities contribute to the bounded
bias, effectively balancing the bias-variance trade-
off. O

F.2.2 Variance Reduction

Theorem F.2 (Variance Decomposition and Opti-
mality). Let vgl) = (th O’(l))2 be the squared mag-
nitude of the dense ZO gradient on layer /. Con-
ditioned on z;, the total variance of the AdalLeZO

estimator is:

1 L (1)
=% 2.

> G ),

)

Varsg, (g; Ada | 2¢)

This variance is minimized when p; (1)
.70,(1)
|9 .

Proof. Using the properties of the Binomial distri-
bution Var(Ny ;) = Kp(1)(1 — pe(1)):

Ad g v
Var(g; ( ]zt) = (Ktpt(l)> Var (V)
MO
KQIL(Z) - Kp(D)(1 = pe(1))

N U-;(: (ptl(l) - 1) '

Summing over layers (assuming independence of
sampling counts between layers implies additivity

19)

of variance for the norm, or simply analyzing the
trace of the covariance):

ZV AAda | )
ya Ut(l) L o (20)
T K (;pt(l) _lz;vt >
To minimize V' (p) subject to > p(I) = 1, we use

the Cauchy-Schwarz inequality on the first term:

(1) L L 2
)) (zptm) S (z W)
=1 =1
21

(; p:(l

Equality holds when vgl)/pt( ) =cie,p(l) x
vfl) = \AZO |. Thus, allocating the sampling

probability proportional to the gradient magnitude
minimizes the estimation variance. O

While Theorem F.2 demonstrates the theoretical

optimality of adaptive sampling, the unclipped [IPW
weight can cause infinite variance if p;(I) — 0.
The clipping mechanism resolves this while explic-
itly preserving the fundamental dimension depen-
dence.
Theorem F.3 (Explicit Variance Bound with Clip-
ping). For the clipped AdaleZO estimator gid2,
the second moment is strictly capped by the clip-
ping threshold C, while preserving the intrinsic
dimension dependence O(d) of the ZO gradient:

E[llg (C+DE[Ig7°17. 2

Proof. For a specific layer [, the second moment is
E[|lg; V1% = WAEINZ || For the Bi-
nomial variable Ny, E[Nf | = Kpi(1)(1—pe(1))+
K2p(1)? < Kpi(l) + K?p(1)%2. We bound the
multiplier M; = Wt % E[N?,] by analyzing two dis-
joint cases: ’
Case 1: No clipping occurs (——~ K 0 < C, which

implies Kpq(1) > %)

(Kpi(1) + K?pi(1)?)

AddH ]

1
M < K2p,(1)2
+1<C+1.

(23)

N Kp(1)
. o s 1 .
Case 2: Clipping occurs (m > C, which
implies Kp(1) < %)
M = C*(Kpi(1) + K?ps(1)%)

24
(b d)-on
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In all scenarios, the multiplier M; < C + 1.
Summing the contributions over all layers:

PP = (C ZE 3>

=(C+1E HIQZOH J

E[llg 25)

O]

This explicitly resolves any concerns regarding
a “dimension-free paradox”. The fundamental di-
mension dependence O(d) is correctly and fully
preserved within the dense ZO gradient’s second
moment E[||gZ°||%]. The clipped IPW mechanism
via MAB strictly bounds the variance amplification
multiplier at O(C'), preventing unresolvable diver-
gence without artificially suppressing the intrinsic
dimension scaling.

F.3 Convergence Rate Analysis

We now prove the main convergence theorem.

Theorem F.4 (Non-Convex Convergence). Suppose
Assumptions F.1 and F.3 hold. Let the learning
rate be 1, = IiLT' Then, AdaleZO yields the

following bound on the gradient of the smoothed
function:

i, EIIVE, 0] < 2P E) £
Co?
o

(26)

where C is a constant related to the variance. Fur-
thermore, considering the smoothing bias, for the
original function £:

E[IVL@)]2 < O )+o<u2d2>. @

1
(77
Proof. Step 1: Descent Lemma on Smoothed
Function. Since L, is L,-smooth:

L(0r11) < L,(0t) + (VLL(Or), 041 — Or)

L
'+ij@+1—9M?

(28)
Substituting the update rule ;1 = 6; — 1; G %
L(0r+1) < L,(01) — Ut(VEM(@:) 90"
(29)

Lung .
+ “Ttllg?daH?-

Step 2: Expectation over Sampling and Per-

turbation. Take the total expectation E =
E.,s [ | 0. Using Theorem F.1 (E[gi%] =
VL, (0:)):

E[Lu(01+1)] < L0(00) = el VL,u(601)[1

(30)
+ L g g,

Using the variance definition E[HX 1]
IELXT]:

E[llg71%) =

= Var(X)+

Var(gi%) + VL. (0)]%.  (31)

Let the variance be bounded by ¢ (a combination
of ZO variance and sampling variance).

E[Eu(‘gtJrl)] < ‘Cu(et)
- (1 - L“”t) IV, (60)]1

L Lu7715202
2

(32)

Step 3: Telescoping Sum. Set 1, = ﬁ For

Lun 1
large T, 1 — =% > 3

5- Rearranging:

Lunga2

n

LITLAOI? < £(00)—BLL, (00 )]+ 211
(33)
Summing from ¢ = 0 to 7' — 1 and dividing by

T?]t/23

2

2(L,(00) — L£*) Lyo

VT VT

(34)
Step 4: Relating back to E From Lemma F.1,

IVL(0) — VLO)| < “5=. Using [|a + b]* <

2[jall? + 2][b]|*:
IVL@)IP < 2[VLL(6:)]
+ QHV‘C(Ht) - V'Cu(et)HQ (35)
122
2
Substituting the bound for V.£,,, we obtain the final
convergence rate:

T—1

1

T D E[IVLL0)]7]) < =* +
=0

< 2 VL0 +

min VL@ < 0 () + 0ula?),

(7
(36)
This confirms that AdalLeZO converges to a neigh-
borhood of the stationary point, with the radius

controlled by the smoothing parameter x4 and di-
mension d. O
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Figure 9: Signal Fidelity Analysis of ZO Estimates. We investigate whether the noisy Zeroth-Order estimates
can serve as a valid proxy for layer sensitivity. (a) The scatter plot shows the ZO estimate magnitude |g| versus
the Oracle gradient norm ||V g L|| ¢ for individual layers across steps. Despite the variance inherent to random
projection, a positive Spearman correlation (p = 0.48) is observed. (b) By binning the oracle norms and averaging
the corresponding ZO estimates, a strict monotonic relationship is revealed, confirming that ZO perturbations
statistically preserve the relative importance ranking of layers. Empirical validation of ZO signal fidelity. (Left) A
scatter plot comparing the oracle gradient norm ||V g £||z (computed via backpropagation) against the zeroth-
order estimated magnitude |g| for each layer during fine-tuning. Despite the high variance intrinsic to random
perturbations, we observe a positive Spearman correlation (p ~ 0.48), indicating that ZO estimates preserve the
relative ranking of layer sensitivity. (Right) Statistical consistency analysis using binned data. When layers are
grouped by their oracle gradient norms, the average ZO estimate exhibits a strictly monotonic increasing trend with
tight error bars (SEM). This confirms that, on expectation, ZO feedback serves as a reliable proxy for identifying
sensitive layers, validating the feasibility of using ZO signals as rewards in a Multi-Armed Bandit framework.

Table 6: Scalability Analysis on OPT Series. We report accuracy (%) across various model scales. AdaLeZO
maintains competitive or superior performance compared to MeZO as model size increases. The best result between
Z0 methods is marked in bold.

Method SST-2 RTE BoolQ WSC WIC SQuAD AVG.
OPT-13B
Zero-shot 58.80 59.60 59.00 38.50 55.00 46.20 52.85

MeZO 91.45+047 71.36+280 70.60+346 56.09+9048 60.92+157 84.36+058 72.46+3.06
AdalLeZO 92.20+041 71.72+083 70.00+095 57.37+728 60.03+170 83.52+080 72.48+2.00

OPT-30B

Zero-shot 56.70 52.00 39.10 38.50 50.20 46.50 47.17
MeZO 89.91+031 65.46+104 68.10+087 57.10+181 57.37+s18 80.31+051 69.71+2.12
AdaLeZO 90.75+048 64.98+095 67.63+080 58.01+7.77 57.42+126 80.19+098 69.83+2.04
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Table 7: Comparison of memory footprint and latency breakdown across different ZO methods on OPT-6.7B. Bold
indicates the best performance in each group. Our Ada series achieves significant speedup with negligible overhead.

Peak Mem. Latency Breakdown (s) Total Time

Method SpeedUp
(GB) | Perturb  Forward  Update )] T
MeZO 15.56 0.32 0.49 0.11 0.91 1.00x
AdaleZO 15.56 0.04 0.49 0.01 0.53 1.70x
LOZO 15.58 0.27 0.49 0.09 0.85 1.00x
AdalLoZO 15.58 0.03 0.49 0.01 0.53 1.59x
DiZO 27.96 0.31 0.49 0.11 0.92 1.00x
AdaDiZO 27.96 0.03 0.49 0.01 0.54 1.71x
HizZOO 27.96 0.60 0.75 0.37 1.73 1.00x
AdaHiZOO 27.96 0.06 0.76 0.03 0.85 2.03x
PseuZO 16.71 0.21 0.53 1.34 2.08 1.00x
AdaPZO 16.71 0.02 0.54 0.15 0.70 2.97 x

Table 8: Detailed comparison of per-step training latency (in seconds) and speedup ratios across tasks with varying
sequence lengths. T's,,q denotes forward pass time, and T, denotes overhead (perturbation + update).

MeZO AdaLeZO (Ours)
Task Length | o T, Total | Tjuy Ty Total | SPeeduP
Copa/SST2 15 | 0.047 0421 0469 | 0.048 0.044 0.091 | 5.13x
WIC 42 0095 0421 0517 | 0.097 0047 0.144 | 3.60x
WSC 51 | 0.114 0423 0537 | 0.116 0.048 0.164 | 3.28x
RTE 84 | 0.177 0420 0598 | 0.178 0.045 0224 | 2.67x
CB 91 | 0.198 0425 0623 | 0.199 0.046 0.245 | 2.54x
BoolQ 132 | 0283 0421 0704 | 0.286 0.045 0331 | 2.13x
SQUAD 188 | 0392 0421 0813 | 0392 0042 0434 | 1.87x
ReCoRD 247 | 0490 0425 0915 | 0498 0.044 0.542 | 1.69x
DROP 307 | 0.622 0425 1.048 | 0.620 0.043 0.663 | 1.58x
MultiRC 373 | 0730 0425 1.155| 0741 0.042 0.783 | 1.48x
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Algorithm 1 Adal.eZO: Adaptive Layer-wise Zeroth-Order Optimization

Require: Model parameters § € R? partitioned into L layers {9(1), . ,H(L)};
Learning rate 7; Perturbation scale w; Sampling ratio p;
// Bandit Hyperparameters: Temperature 7, EMA factor «, Exploration -y, IPW Clipping C.
1: Initialize: Reward estimates Q < 0 € R%; Time ¢ < 0.
2: Initial Sampling: Run RESAMPLELAYERS() to obtain initial Z, n, p.
3:fort=0,1,...,7 —1do
4:  Sample random seed s;.

5. // Phase 1: Sparse Perturbation & Loss Evaluation

6: 6 < PERTURB(0,Z, i, s¢) /I *Perturbation
7. Ly« L(0) Il *Forward Pass
8: 0 < PERTURB(0,Z,—2u, s;) /I *Perturbation
9.  L_ <+ L(0) /I *Forward Pass
10: 6 < PERTURB(0,Z, p, S¢) L /I *Perturbation

11:  Estimate scalar gradient proxy: gscalar <— +2u
12:  // Phase 2: Count-Aware Sparse Update
13:  for each active layer [ € 7 do

14: Set seed (s; + 1) and sample noise z()) ~ A/(0,1,).

15: // Calculate Adaptive Weight

6w ¢ min (ﬁ 0) /I Clipped IPW weight
17: ny < nll] // Multiplicity from sampling with replacement
18: // Update Layer Parameters

19: g(l) < Gscalar * W[ " MY - z()

20: 00 «— ) —p. g0 /I #*Update
21: // Update Bandit Estimates

22 Q1+ (1 — a)Q; + @|Jscalar| // Update reward tracking
23:  end for

24:  // Phase 3: Adaptive Re-sampling for Next Step
25: RESAMPLELAYERS()
26: end for

27: Procedure PERTURB(0,Z, 4, s):

28: for layer [ € 7 do

29:  Setseed (s + 1); Sample z() ~ N(0,1,)
300 00 — 90 5. 20

31: end for

32: return 6

33: Procedure RESAMPLELAYERS():

34: K <+ max(1, |pL])

35:  // Compute Sampling Probabilities

36:  Psoft < Softmax(Q/T)

37: P < (1 — ) Psoft + ”)//L // Mix with uniform exploration
38:  // Sampling with Replacement

39:  Sample indices S ~ Multinomial (K, p)

40:  Z < Unique(S) /I Set of unique active layers
41:  n « CountFrequencies(S) // Calculate multiplicity n; forl € Z
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