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Abstract

Federated fine-tuning of large language mod-
els (LLMs) provides a privacy-preserving ap-
proach to deploying pervasive generative Al
services, yet the substantial memory over-
head of first-order (FO) gradient computation
presents significant practical challenges. While
zeroth-order (ZO) optimization methods offer
memory-efficient alternatives, they remain sus-
ceptible to performance degradation brought by
data heterogeneity. Specifically, direct ZO-for-
FO substitution is incompatible with existing
strategies tailored for cross-client discrepan-
cies. In response, we propose a new federated
LLM fine-tuning framework, with a holistic
revamped design of the entire ZO gradient pro-
cessing pipeline. Crucially, with our proposed
global adaptive optimization and local person-
alized perturbation, we present a unified solu-
tion for incorporating ZO gradients in feder-
ated learning, from local personalized perturba-
tion sampling and ZO gradient transmission, to
global ZO gradient reconstruction and aggrega-
tion with adaptive momentum, thereby directly
addressing the challenges of inefficiencies and
cross-client discrepancies. Our convergence
analysis and experimental results demonstrate
the superiority of our proposed framework over
diverse heterogeneous data settings, both in
terms of generalization and efficiency.

1 Introduction

Fine-tuning pre-trained large language models
(LLMs) is essential for numerous downstream
generative Al services (Bommasani et al., 2023;
Achiam et al., 2023; Touvron et al., 2023). How-
ever, current pre-trained LL.Ms have largely ex-
hausted the available Internet-scale training data,
making personal and privately-held data the next
critical resource frontier. Such personal data are
inherently distributed across networks and subject
to stringent privacy constraints, making centralized
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data collection impractical (Sani et al., 2025; Ye
et al., 2024b). Conversely, fine-tuning exclusively
on isolated private datasets may not achieve desir-
able performance. In this context, integrating feder-
ated learning (FL) with LLM fine-tuning emerges
as a promising paradigm, facilitating effective uti-
lization of distributed data for model fine-tuning
while preserving data privacy (Kuang et al., 2024;
Chen et al., 2023; Wang et al., 2024; Wu et al.,
2024a).

As a practical solution for distributed learn-
ing implementations, FL enables multiple clients
to train a machine learning model without shar-
ing data, under the coordination of a central
server (McMahan et al., Apr. 2017; Bonawitz
et al., 2019). Typically, the significant communi-
cation overhead and data heterogeneity would sig-
nificantly hinder the performance when deploying
practical FL systems (Li et al., 2019; Wang et al.,
2020). Such issues are exacerbated in the context of
federated LLLM fine-tuning (Woisetschlager et al.,
2024). On the other hand, full-model fine-tuning
of LL.Ms at local clients with first-order (FO) opti-
mization methods, especially on edge devices with
limited memory and computation budget, would in-
troduce substantial computation and memory over-
head, thereby significantly impeding system scala-
bility (Fang et al., 2022; Ling et al., 2024). Given
the challenges posed by the cost-intensive nature
of LLMs, there is a critical need for efficient feder-
ated LLM fine-tuning in terms of multiple factors:
communication, computation, and memory. Ac-
cordingly, diverse computation-efficient methods
have been proposed to mitigate the computational
overhead in federated LLM fine-tuning, such as
parameter-efficient fine-tuning (PEFT) and its vari-
ants with FO optimization (Wang et al., 2024; Chen
et al., 2024b; Guo et al., 2025a). However, such
methods still do not perform as well as full-model
tuning, and the number of exchangeable parame-
ters (e.g., in LoORA (Hu et al., 2022)) still increases
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proportionally as model size scales up, leading to
large communication overhead in FL.

To tackle these challenges, numerous works have
focused on adopting zeroth-order (ZO) optimiza-
tion during local updates in FL to achieve full-
model tuning with limited computation budget, in
which local clients only need to perform forward
passes to compute gradients at the cost of inference-
time memory overhead (Fang et al., 2022; Jiang
et al., 2024; Malladi et al., 2023; Qin et al., 2024).
Z0 methods utilize finite differences of loss func-
tion queries to estimate FO gradients for further
descent-based model updates, bypassing the back-
propagation process, and hence leading to signif-
icantly reduced memory overhead. Nevertheless,
Z0 federated LLM fine-tuning also suffers from
unstable convergence and low efficiency in func-
tion queries. A key underlying factor is that simply
replacing FO gradients with ZO gradients would
negate various federated optimization techniques
that are tailored to address cross-client discrepan-
cies (Fang et al., 2022; Ling et al., 2024). This ne-
cessitates a balanced solution that addresses local
inefficiencies in ZO optimization while achieving
robust convergence performance. Furthermore, the
random perturbation-based local ZO gradient com-
putations would also inevitably face the challenge
of divergent local gradients due to heterogeneous
data, leading to degraded performance.

Hence, to fully leverage the potential of ZO gra-
dients and address the above concerns, we pro-
pose a holistic redesign of the gradient processing
pipeline, to obtain a federated LLM fine-tuning
framework that is efficient across all factors: com-
munication, computation, and memory. In particu-
lar, we aim to enhance the convergence and general-
ization performance of federated LLM fine-tuning
with adaptive momentum training techniques for
Z0 gradients. The key idea is to design a robust
global adaptive optimization method for model up-
dates at the server, while still keeping local ZO
model tuning. The proposed method could achieve
full-model fine-tuning with a limited local com-
putation budget, while obtaining accelerated and
stabilized convergence performance. In addition,
we propose a personalized perturbation scheme to
improve the efficiency of federated ZO optimiza-
tion, which has the net effect that the dimension of
the client perturbation vector subspace increases at
a faster rate. To address communication overhead,
a lightweight “Z0O information” update mechanism
is also adopted to achieve O(1) communication

cost in the client-to-server link (Qin et al., 2024).
Our contributions can be summarized as follows:

* We propose a new efficient federated LLM
tuning framework with ZO optimization,
whereby a holistic revamped design of the
entire ZO gradient processing pipeline is in-
troduced. In particular, we leverage global
adaptive optimization and local personalized
perturbation to tackle the performance degra-
dation and inefficiencies of ZO FL with het-
erogeneous data.

* Our proposed personalized perturbation, as
compared to previous approaches, allows for
a much higher dimension for the overall span
of the client perturbation vectors. Together
with our global adaptive momentum, the over-
all framework yields better convergence per-
formance while maintaining model-agnostic
communication cost.

* Convergence analysis and extensive experi-
ment results demonstrate the outperformance
of our proposed method. We show that our
proposed method has superior generalization
and efficiency performance over diverse lan-
guage tasks and heterogeneous data settings.

2 Related Work

Efficient federated LLM tuning. Recent ap-
proaches to efficient LLM tuning have focused
on PEFT methods (e.g., LoRA (Hu et al.,
2022), QLoRA (Dettmers et al., 2023), and pre-
fix/prompting tuning (Li and Liang, 2021; Zhao
et al., 2023)), sparsification (Guo et al., 2024), and
quantization techniques (e.g., AWQ (Lin et al,,
2024)), that reduce computational and memory
requirements while maintaining desirable perfor-
mance. Building upon these advancements in ef-
ficient LLM fine-tuning, recent efforts have ex-
tended these approaches to the federated setting (Ye
et al., 2024a). Guo et al. (2025a); Zhang et al.
(2023); Sun et al. (2024b) adapt PEFT techniques
to the federated setting, demonstrating how PEFT-
based methods can significantly reduce communi-
cation costs while maintaining performance in FL,
where in particular, LoRA and its variants in FL.
are widely explored (Wang et al., 2024; Wu et al.,
2024b; Sun et al., 2024b; Zhao et al., 2025a). For
example, FLoRA (Wang et al., 2024) explores het-
erogeneous LoRA aggregation over heterogeneous
networks. Guo et al. (2025a) propose selective
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aggregation of LoRA matrices by leveraging the
different roles of low-rank matrices. Furthermore,
other techniques for reducing communication and
memory costs in federated LLM fine-tuning are
also widely investigated, such as adapter (Wu et al.,
2024a), prompt tuning (Lv et al., 2024; Zhao et al.,
2023), and quantization (Hadish et al., 2024).

7.0 optimization in LLM fine-tuning and FL.
7.0 optimization has emerged as an effective ap-
proach for scenarios where gradients are difficult
to compute or inaccessible (Liu et al., 2020; Jiang
et al., 2024). DeepZero establishes the viability
of scaling ZO optimization techniques to deep
neural network training from scratch based on
coordinate-wise gradient estimation (CGE) (Chen
et al., 2024a). In LLM tuning, ZO methods cir-
cumvent the computational burden of backpropaga-
tion through massive parameter spaces (Jiang et al.,
2024; Zhang et al., 2024; Guo et al., 2025b). MeZO
achieves comparable performance to fine-tuning
LLMs by adapting ZO-SGD, with the same mem-
ory footprints as inference (Malladi et al., 2023).
HiZOO leverages diagonal Hessians to enhance
Z0 LLM fine-tuning with improved convergence
and reduced memory costs (Zhao et al., 2025b).
In the context of distributed scenarios, FedZO
proposed a communication-efficient framework
that enables collaborative model training through
Z0 optimization-based local updates (Fang et al.,
2022). Additionally, to address the communication
overhead in federated LLM fine-tuning, a scalar-
type ZO gradient transmission scheme is proposed
to achieve extremely low communication costs (Li
et al., 2025). These advancements highlight the
versatility of ZO methods in addressing both com-
putational efficiency in LLM training and privacy
preservation.

Overall, existing methods generally focus on
either tuning a subset of LLM parameters via PEFT
and its variants to enhance computation efficiency,
or leveraging ZO optimization to improve memory
efficiency in local tuning or reduce communication
overhead in FL. Our proposed method proposes a
holistic framework for federated LLM fine-tuning
with ZO optimization, in which we revamp the
pipeline of ZO gradient processing to improve the
efficiency while maintaining decent performance
with data heterogeneity.

3 Preliminaries

3.1 FO optimization methods in FL

We consider an FL system with IV clients. Within
round ¢, the typical training pipeline of conven-
tional FO optimization-based FL. (McMahan et al.,
Apr. 2017) is described as follows. First, each se-
lected i-th client with loss function f; : R — R
computes its local updates V f;(w?) via FO op-
timization with gradient descent over the latest
model weights w! € R?, after which that client
sends out the FO gradients to the server. Af-
ter collecting all local FO gradients, the server
performs aggregation to update gradients g’ via
g' = L3N V§; (w'). Then the server updates
w't! « w! — ng’ and broadcasts the updated
model for the next round of computations, where n
is the learning rate. For simplicity, we use V f; (w?)
to denote both FO gradients and multi-step model
updates, depending on the context.

During local FO update, the backpropagation
process in local training incurs substantial com-
putational and memory overhead, especially when
recent models have billions of parameters (Touvron
et al., 2023). Hence, fine-tuning LLMs frequently
exceeds the realistic computation and memory lim-
its of resource-constrained clients over heteroge-
neous networks. The transmission of full-model
gradients with full model size also brings huge
communication costs. Directly adopting PEFT into
FL could alleviate these concerns. Taking LoRA as
an example (Wang et al., 2024; Hu et al., 2022), the
local computation and parameter aggregation are
built upon the (updated) weights of low-rank matri-
ces A; and B; for client ¢. The updated process is
given by: A « %ZZZLA@-,B — %ZZ‘JLBD
where A and B are updated LoRA matrices for
the next round of computations. However, such
a process would still require backpropagation for
low-rank matrix updates, which incurs significant
cumulative communication overhead.

3.2 ZO optimization

Z0 optimization bypasses the backpropagation pro-
cess for gradient computation, thereby vastly reduc-
ing the memory and computation overhead. The
usual goal of ZO optimization is to approximate
the FO gradient of a loss function f(w), where
w € R? denotes model weights, based solely on
the finite differences of loss values f(w’) at mul-
tiple different realizations of w’. Specifically, two
prominent gradient estimation schemes are used to
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Figure 1: A depiction of our proposed framework, where the steps within a single communication round are shown.

calculate ZO gradient: randomized gradient estima-
tion (RGE) (Malladi et al., 2023; Zhang et al., 2024)
and CGE (Chen et al., 2024a). Although CGE!' typ-
ically demonstrates superior performance, RGE
provides a more computationally efficient alterna-
tive (Chen et al., 2024a). In this paper, we focus
on the RGE-based ZO gradient estimation. Given
a reference point w € R?, the RGE-based gradi-
ent estimate V f(w) is computed as the average of
multiple intermediate estimates:

q
Viw) = £ 3 (Flw ) = f(w) L )
j=1

where ¢ is the number of perturbation vectors
(i.e., number of function queries), z; € R? is
the j-th random perturbation vector (1 < j < q)
sampled from the standard Gaussian distribution
N(0,1;), and o > 0 is the smoothing step-size.
As such, only forward passes are needed to com-
pute v f(w) (Malladi et al., 2023; Qin et al., 2024;
Lietal., 2025). Here, V f (w) is an efficient approx-
imation of the FO gradient V f (w), which allows
for obtaining gradient approximation with limited
computation budget. In particular, FedZO makes
the first attempt to apply ZO into local updates in
FL, in which each client updates its own local ZO
gradients for global aggregation (Fang et al., 2022).
However, existing ZO FL methods do not directly
address the data heterogeneity across clients.

4 Proposed Framework

Motivated by the above insights, we aim to ex-
plore a holistic ZO gradient processing pipeline for
"Informally, CGE uses all standard basis vectors for per-

turbation, while RGE uses some random perturbation vectors,
which span a much smaller subspace.

efficient federated LLM fine-tuning, to tackle the is-
sues of inefficiency and data heterogeneity. Instead
of solely replacing FO gradients with ZO gradients
in FL, we take a more comprehensive approach for
Z0 optimization for FL, by considering all steps
involving ZO gradients, from random perturbation
sampling, local ZO gradient estimation and trans-
mission, to global ZO gradient aggregation and up-
date; see Fig. 1 for an illustration. In particular, our
framework consists of two major components: lo-
cal ZO update with personalized perturbation, and
global adaptive optimization. In the subsequent
subsections, we shall systematically introduce the
individual steps of our entire ZO gradient process-
ing pipeline, covering personalized perturbation
sampling, ZO local updates, lightweight transmis-
sion, global ZO gradient reconstruction, and adap-
tive momentum-based model updates.

4.1 Local ZO update with personalized
perturbation

Personalized local perturbation. We first intro-
duce personalized local perturbations for local ZO
updates. Existing works on federated LLM fine-
tuning with ZO gradients mainly focus on effi-
ciency but ignore the discrepancies across clients
with heterogeneous data. In contrast, we propose
a normalized perturbation technique to align all
random perturbation vectors across different ZO
estimation steps and clients. For a given sampled
perturbation vector z; = z;(s;), sampled from
N (0, I,;) using random seed s;, we first compute
its normalization 2; = Z;(s;) by:

z; = zj/| |z 2)
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Next, for any given w € R?, we propose a revised
RGE-based ZO gradient estimate:

12 (w-+12) — fw) 2, @)

rQ

where ¢ is the number of perturbation vectors, and
@ > 0 is the smoothing step-size. Hence, within
round ¢, the detailed local training steps for client ¢
can be reformulated as:

—V f(wh ), &)

where F is the total number of local ZO optimiza-
tion steps, k = 0,..., F — 1, and w}, = w' is
the latest global model weights in round ¢, and
i (w! ) is computed via Eq. 3.

Note that RGE-based gradient estimation meth-
ods enjoy better computational efficiency but suf-
fer from low representation capabilities for high-
dimensional subspaces as compared to CGE-based
methods, whereby there is a trade-off between com-
putation efficiency and expressiveness. Intuitively,
for faster model convergence, gradient updates
should not be restricted to low-dimensional sub-
spaces. Hence, perturbation vectors across differ-
ent clients and different steps should be as diverse
as possible, so that the dimension of the span of
perturbation vectors is maximized. To achieve this
while maintaining O(1) communication cost in the
client-to-server link, we propose a simple yet effec-
tive approach: Within each round, different clients
use different random seed sequences without re-
peats for perturbation vector sampling. See supple-
mentary material for more details.

Lightweight ZO information update. In round
t, after the E local ZO optimization steps have been
completed at client 7, the next task is to upload the
information about the local ZO update w! , — w'.
This is a vector of length d, thus transmitfing it di-
rectly to the server would incur signiﬁcant commu-
nication costs. Crucially, w! E —aw is a linear com-

bination of ZO gradients {V f(w wt )} . This
allows us to achieve O(1) cost for uplink transmis-
sion, by adapting the scalar-valued update scheme
from (Qin et al., 2024; Li et al., 2025). In particular,
each ZO gradient v f(w! : ) is given by

t t
Wi g1 < Wig

YV (wiy) ZA{lk}J CSIC)
j 1

in which A? K} is a scalar and could be denoted
as Ay, 1y 5= L (f(w] +pzl; 4, ;) — f(w)), This

Algorithm 1 Efficient federated LLM fine-tuning
Inputs: N, T, w' n, m', v', E
Outputs: Fine-tuned model w’ !

1: fort =1to 7T do
2. for eachclienti = 1 to N in parallel do
// Zeroth-order model fine-tuning
3: Obtain {(A{, ,; ;s 4y ,)i=1 Eo, Via per-
forming LOCALZOUPDATE

4: Upload scalar pairs to server
// Global ZO gradient processing
5: Reconstruct ZO gradients via Eq. 6
6: Compute §' via adaptive momentum

method (Eq. 7 to Eq. 9)
7. witl — wl —ngt
8: return wg
function LOCALZOUPDATE(w', {Sf{i,k},j})
Require: w', {s{; ,, ;}
I: wf,o — w
2: forj =1to FE do

// Local ZO update
3wy —wiy —nVf(wh)
4:  Obtain local ZO  scalar  pairs

{(A% 4y Stk i) =1 e

return {(Af{Lij, Siijk},ﬂ?:l}kEzl

b4

means that V f (w!
{A! (i} 14 j—1and the normalized perturbation vec-
tors, where in turn, the normalized perturbation
vectors are uniquely determined by a set of ran-
dom seeds {st{Z K} }?:1. Consequently, the server
only needs a total of ¢ - E pairs of scalars, i.e.,
{(Alf{Z K)o {2 kyj)i= HE_ |, to reconstruct the cor-
responding estimated gradients for client ¢. This
collection of scalar pairs shall henceforth be called
Z0 information. To summarize, the uplink com-
munication cost is NgF, where N is total number
of clients, ¢ is the number of perturbation vectors,
and F is the number of local training steps, which
is independent of the model size d and satisfies
NgFE < d.

 .) is completely determined by

4.2 Global adaptive optimization

Given the heterogeneous ZO updates, we propose
global adaptive optimization techniques to stabilize
the training and improve the convergence perfor-
mance. The global adaptive optimization consists
of two components: ZO gradient reconstruction
and adaptive ZO gradient updates, where the goal
of the adaptive optimization is not only to address
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the divergence brought by data heterogeneity, but
also to deal with the variance induced by the ran-
dom perturbation sampling.

7.0 gradient reconstruction. Upon receiving
the scalar-valued local ZO updates from client ¢, the
server needs to perform ZO gradient reconstruction
first, by computing

k1)
ZZ {zk}a {k}d , (6

kl]l

Vfi(w

after which the global ZO gradient can be obtained
via aggregation g’ + + SN VS (w').

7.0 gradient adaptive optimization. Next, the
server shall obtain aggregated ZO gradients g for
the subsequent adaptive optimization. Specifically,
we introduce intermediate momentum-type vectors
m! and v!. Adopting adaptive momentum and
learning rate with exponential moving average, the
adaptive ZO updates are computed as follows:

m' « Bm' !+ (1 - B1)gh )

and for each /-th entry (1 < ¢ < d), we have

V'] = Bov' Ml + (1= Bo)g'[d] - g'1],5 (®)
ot m'[(]
gl « soTEe ©)

Here, 0 < (81, B2 < 1 are hyperparameters to con-
trol the momentum, € is an arbitrary small positive
number, and for any vector @ € R?, we let a[/]
denote its /-th entry. After that, the server could
choose to broadcast the updated gradients or the
updated full model to all the local clients for the
next round of local LLM fine-tuning. The new
global model is given by w'*! « w’ —ng’. Upon
finishing a total of 7" rounds of training, we obtain
w! 1. We also investigate variants for our pro-
posed framework. More details can be found in
Sec. B.2 of the supplementary material.

4.3 Algorithm summary

Building upon our revamped ZO gradient process-
ing pipeline, we summarize our proposed efficient
Z0 federated LLM fine-tuning framework as Al-
gorithm 1. As an overview, we begin within ev-
ery round ¢ with the server broadcasting the latest
model to each client for local fine-tuning. Each
client ¢ performs E steps of local ZO optimiza-
tion with personalized perturbation, followed by
lightweight scalar-valued ZO information transmis-
sion. After collecting all local ZO updates, the

server first reconstructs the ZO gradients for model
aggregation with adaptive momentum. The server
broadcasts the updated global to all clients, which
marks the start of the next round ¢ + 1.

Discussion on the computation and commu-
nication overhead. Our proposed method keeps
native ZO optimization for local updates while al-
lowing for cost-intensive optimization at the server
to address the mentioned challenges. Hence, the
introduced computational overhead mainly arises
at the server, and the peak memory costs arise at
inference-time. By design, our framework incurs
only O(1) uplink overhead while incurring O(d)
downlink overhead, thereby matching the inher-
ent asymmetric properties of real-world networks
where downlink throughput far outstrips uplink. A
detailed comparison can be found in Sec. 5.2.3.

4.4 Convergence analysis

We provide the convergence analysis for our pro-
posed framework. We assume that the objective
function f(-) is a lower bound defined by a mini-
mum possible value f* of f(w) forall w € R%. To
facilitate analysis, we adopt the following assump-
tions, commonly adopted in studies on FL and ZO
optimization (Li et al., 2019, 2025).

Assumption 1. (L-smooth) Every loss function
f: () is differentiable with domain R* and L-
smooth (for some fixed L > 0), i.e., for all w,v €
RY, we have |V fi(w) — V f;(v)|| < L|jw — v|.

Assumption 2. (Unbiased and Bounded Stochas-
tic Gradient) The local stochastic gradient is unbi-

ased, i.e. E [E [fi('wt,gt)]] =E [Vfi(w")], and
E [Hsz (wt;Ct) V fi(w H ] < ag, for all 1,

foranyt > 1 where CZ-( ) denotes the gradient noise
for client © in round t.

Assumption 3. (Bounded Local Gradients and
Similarity) We assume that the unbiased stochas-
tic gradients have bounded second moments, i.e.,
there is a common constant G > 0 such that
E {HVfZ (wt)HQ] < G?, and forall 1.

We now present the convergence bound. A full
proof can be found in the supplementary material.

Theorem 1. Under Assumptions 1-3, and for pos-
sibly non-convex loss functions, with a total of T
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Table 1: Average (3 trials) and standard deviation of the best performance of different methods for fine-tuning OPT
1.3B and LLaMA 3B with heterogeneous data settings. The highest performance for each task is boldfaced.

Models Methods SST-2 SST-5 MNLI RTE QNLI
FedAvg 85.2310.05 41134142  79.371085 64.181083  77.524053
FFA LoRA | 83.354078 41.351098  78.631091 64.251063  76.35+068
FedMeZO 82.5941 46 36.57+1 56 75.3441.79 62.1341 67 73.68+0.97

OPT 1.3B FedZO 82931152 38264131 77491048 63.891139  74.8311.05
FedKSeed | 83.431085 40.671055 78214062 63.9441171  76.5210.46
DeComFL | 82.1441.37 40.3840.87 T7.7840.43 63.27+0.76 76.0140.75
Ours 84.02 982 41.561062 78701073 64.321095 77.29104s8
FedAvg 87.36+1076  43.5811.13  80.971034 66.921072  80.1440.69
FFA LoRA | 85.211952 43.691096 81.341020 67.391041  79.881031
FedMeZO | 84.631175 39.204157  77.6840096 64.51411924  75.321139

LLaMA 3B | FedZO 84.794181 40914172 79.144072  65.861117  79.1710.74
FedKSeed | 85.861055 43.251042 80.961032  67.031093  80.521052
DeComFL | 85.081093 42471105 80.321049 66.851105 80.121066
Ours 86.3210'74 44~07i0.58 81.27i0,35 67.401_0.84 81.08i0'54

Table 2: Performance comparison of fine-tuning OPT
1.3B under diverse heterogeneous data settings.

SST-2 RTE
Methods
a=10 a=01|a=10 a=0.1

FedMeZO | 83.07 81.95 63.27 61.86
FedZO 83.25 82.07 64.05 62.59
FedKSeed | 83.86 82.56 64.78 63.12
DeComFL | 83.13 81.38 64.52 62.91
Ours 84.21 83.87 64.82 64.15

rounds, Algorithm 1 converges as follows:

T G2
fZ IV h) < 2225wt = )
2./
pry LNEVET e €G2+5, (10)

where f* = min{ f(w)|w € R4}, T = 8k B2G? +

8 24 9(d+4)G? 4 2L2(d+6)3
CdK(UbNE‘(q ) )+ CdHHNE; ) +HM2L2(d+

w, and k= (G? +¢)/e

3)3 +

From Theorem 1, we obtain the convergence rate
of our proposed method. The two errors terms on
the right-hand side shows the effects of the gradi-
ent estimate and heterogeneous data on the conver-
gence. In particular, an increase in the number of
perturbation vectors ¢, number of local steps &/ and
total number of clients N would reduce the error
term with improved convergence performance.

S Experiments

5.1 Experimental setup

We evaluate our proposed method with diverse nat-
ural language processing tasks. Specifically, we
adopt OPT 1.3B (Zhang et al., 2022) and LLaMA
3.2-3B (Touvron et al., 2023) as the pretrained
model for federated fine-tuning tasks. For eval-
uation tasks, we use the GLUE benchmark (Wang
et al., 2018), which includes SST-2, SST-5, MNLLI,
RTE, and QNLI. Regarding the federated system
setup, unless otherwise stated, we used N = 20 for
fine-tuning OPT 1.3B and used N = 10 for fine-
tuning LLaMA 3.2-3B. To emulate heterogeneous
data distributions, we used the symmetric Dirichlet
distribution-based partition method with concentra-
tion parameter o = 0.5, i.e., Dir(0.5) (Guo et al.,
2025a; Qin et al., 2024). For our framework, we
use 1 = 1073, ¢ = 50, and E = 5 during ZO gra-
dient estimation. Further implementation details
can be found in the appendices.

Baselines. We compare our method with
following state-of-the-art FL. methods: ZO FL
methods, including FedZO (Fang et al., 2022),
FedKSeed (Qin et al.,, 2024), DeComFL (Li
et al., 2025); and FFA LoRA (a federated PEFT
method) (Sun et al., 2024a). We also implemente
an FL version for the MeZO algorithm (Malladi
et al., 2023), namely FedMeZO, in which local
updates follow MeZO. For FO methods, we use
the SGD optimizer. For ZO FL methods, we use
the same number of perturbation vectors for fair

39867



Table 3: Local peak memory overhead within each communication round of training of different methods of

fine-tuning LLaMA 3.2-3B.

Methods

FedAvg FFA LoRA FedMeZO FedZO FedKSeed DeComFL

Ours

Peak Memory Usage | 39.1 GB 19.1 GB

7.8 GB

7.6 GB 7.8 GB 7.7 GB 7.9 GB

comparison. Furthermore, we provide the perfor-
mance of FedAvg (McMabhan et al., Apr. 2017);
this is provided for reference only, since it yields
full model fine-tuning and transmission with signif-
icant computation and communication overhead.

5.2 Performance evaluation

5.2.1 Performance comparison

We evaluate the generalization performance and
efficiency performance of our proposed framework.

Generalization performance evaluation. We
compared the best performance with multiple state-
of-the-art baselines across diverse benchmarks with
non-iid data, using the same system configura-
tion. Tab. 1 gives the main results on OPT 1.3
and LLaMA 3.2-3B. In summary, our proposed
framework achieves the best performance on al-
most all benchmarks, outperforming all FO feder-
ated PEFT and ZO FL baselines on both pretrained
foundation models. Note that, given the massive
parameter sizes in local update and transmission,
these overheads make Fed Avg impractical for the
deployment of LLLMs in real-world systems, we
put it as a reference baseline only. In Tab. 2, we
evaluate the performance of different ZO FL meth-
ods by fine-tuning OPT 1.3B over different non-iid
settings, i.e., different «, which shows that our pro-
posed framework demonstrates less performance
variation when local data statistics vary. Overall,
these results demonstrate that our proposed frame-
work has consistently superior performance across
diverse tasks, models, and heterogeneous data set-
tings. Our proposed framework achieves better
generalizability and stability, benefiting from the
holistic revamped ZO gradient process pipeline.

Efficiency performance evaluation. We compare
the memory efficiency of our proposed framework
and baselines. In particular, we evaluate the peak
memory usage within each round during local up-
date. As shown in Tab. 3 (the values for FedAvg,
FedZO, and FedKSeed in this table taken from
(Qin et al., 2024)), our proposed method attains
the desirable memory efficiency, while maintaining
better generalization performance.

Table 4: Ablation study of our framework with fine-
tuning OPT 1.3B on SST-2. LPP (resp. GAM) repre-
sents the local personalized perturbation (resp. global
adaptive momentum) technique in our framework.

Ablation study
Setups
N=10 N=20 N=30
Ours 84.07 84.02 84.45
Ours w/o LPP 83.59 83.84 83.77
Ours w/o GAM | 83.52 83.65 83.60
Ours w/o both 82.85 83.13 83.52

Table 5: Sensitivity analysis of our framework with fine-
tuning OPT 1.3B over diverse benchmarks.

Sensitivity analysis
Setups
q=10 ¢=50 ¢=100
SST-2 | 83.51  84.02 84.29
SST-5 | 39.64  41.56 41.78
RTE 63.85 64.32 65.02
QNLI | 7691  77.29 77.31

5.2.2 Sensitivity analysis and ablation study

To further evaluate the efficiency of our proposed
method, we conduct an ablation study as shown
in Tab. 4. Specifically, we fine-tune the OPT 1.3B
model over different system scales (i.e., different to-
tal number of clients V) with ¢ = 50. It is demon-
strated that both local personalized perturbation
and global adaptive momentum can improve the
performance, and increasing the system scale NV
leads to better performance for most setups, which
aligns with the findings given in Theorem 1. In the
right 4 columns of Tab. 5, we provide the sensitiv-
ity analysis for the number of perturbation vectors.
Tab. 5 shows that having more perturbation vectors
improves overall performance. This is consistent to
the theoretical implications of Theorem 1. Further
sensitivity analyses can be found in the appendices.

5.2.3 System level cost comparison

As shown in Tab. 6, we provide a system-level
cost analysis to highlight the practical benefits of
our method with regard to the uplink communica-
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Table 6: A comparison of system-level cost (including
uplink and downlink communication overhead and the
computation overhead) of our method and other base-
lines.

Methods Uplink Downlink Computation
FO Full FT + BP | O(d) O(d) O(Ad)
PEFT + BP O(rd)  O(7d) O(Bd)
ZO Full FT O(d) O(d) O(d)
FedKSeed o(1) o) O(d)
Ours o) O(d) O(d)

tion overhead, downlink communication overhead,
and the computation overhead. In particular, d is
the model size, 7 is the ratio of PEFT’s trainable
parameters, A is the peak memory ratio for FO
back-propagation (BP), and B is the peak mem-
ory ratio for PEFT with back-propagation (BP), in
which 7 < 1 < B < A. Overall, our method
achieves a good balance across all three system-
level cost metrics while maintaining superior gener-
alization and stability performance. Together with
the above evaluation results, it is illustrated that
our method has the potential to push the boundary
of the efficiency-performance trade-off which bal-
ances computation and communication overhead
for federated LLM fine-tuning with improved per-
formance.

6 Conclusion

In this work, we proposed an efficient federated
LLM fine-tuning framework based on ZO optimiza-
tion to address the inefficiency and performance
deterioration caused by heterogeneous data. In
particular, we proposed a holistic revamped de-
sign of the entire ZO gradient processing pipeline,
whereby global adaptive momentum and local per-
sonalized perturbation schemes are introduced. Our
framework could effectively address the inherent is-
sues of inefficiencies and cross-client discrepancies.
As the broader impact, our framework provides a
new, efficient solution for tuning and deploying
LLMs to edge clients without sharing data for ubiq-
uitous generative Al services. Furthermore, since
our method is complementary to the downlink pro-
cess, it can be seamlessly combined with exist-
ing SOTA compression or communication-efficient
LLM transmission techniques.

Limitations

Our framework, as currently formulated, does not
deal with the downlink communication overhead.
Techniques dealing with both uplink and downlink
communication overhead in this context would re-
quire further investigation.
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Appendix
A Implementation details

A.1 Models, tasks, federated setups, training,
and evaluations

We evaluate our proposed method with diverse nat-
ural language processing tasks. Specifically, we
adopt OPT 1.3B (Zhang et al., 2022) and LLaMA
3.2-3B (Touvron et al., 2023) as the pretrained
model for federated fine-tuning tasks. For eval-
uation tasks, we use the GLUE benchmark (Wang
et al., 2018), which includes SST-2, SST-5, MNLI,
RTE, and QNLI. Regarding the federated system
setup, unless otherwise stated, we used N = 20
for fine-tuning OPT 1.3B, and used N = 10 for
fine-tuning LLaMA 3.2-3B. We adopted full partic-
ipation schemes, where all the clients participate in
training in every communication round.

We use the prompt-based method for process-
ing data instances during fine-tuning. We adopted
prompt template from (Malladi et al., 2023; Gao
et al., 2020), which is shown in Tab. 7.

For our framework, we use ;= 1073, ¢ =
50, E' = 5 during ZO gradient estimation for our
experiments. The simulated annealing for 8 and
B2 follows (Jiang et al., 2024). The small positive
number ¢ is set as 1072, For the learning rate 7 for
each task, we perform hyperparameter tuning by
searching from the set {1 x 10753 x 1076, 5 x
107%,1 x 10~ 7}. The reported performances are
based on the results from the global test/evaluation.
All experiments are conducted on NVIDIA V100
and A100 GPU Clusters.

To emulate heterogeneous data distributions, we
used the symmetric Dirichlet distribution-based
partition method with concentration parameter o =
0.5, i.e. Dir(0.5) (Guo et al., 2025a; Qin et al.,
2024), where a smaller « indicates a higher degree
of data heterogeneity and larger values of « tend
to yield nearly identical (i.e., more homogeneous)
distributions across clients. In particular, for each
client, the distribution of each client is determined
by a sampled stochastic vector, in which each en-
try indicates the class-wise ratio of data samples.
The data partition scheme is implemented via sam-
pling without replacement, which means there is
no overlap across local datasets.

We compared our method with following state-
of-the-art FL. methods: ZO FL methods, includ-
ing FedZO (Fang et al., 2022), FedKSeed (Qin
et al., 2024), DeComFL (Li et al., 2025); and FFA

LoRA (Sun et al., 2024a). We also implemented
an FL version for the MeZO algorithm (Malladi
et al., 2023), namely FedMeZO, in which local
updates follow MeZO. For FO methods, we use
the SGD optimizer. For ZO FL methods, we use
the same number of perturbation vectors for fair
comparison. Furthermore, we provided the perfor-
mance of FedAvg (McMabhan et al., Apr. 2017);
this is provided for reference only, since it yields
full model fine-tuning and transmission with sig-
nificant computation and communication overhead.
All baselines are implemented with the same FL
system setup.

A.2 Random seed generations

As introduced in the main paper, we proposed a
simple yet effective approach: Within each round,
different clients use different random seed se-
quences without repeats for perturbation vector
sampling. Now we elaborate on the implemen-
tation details.

Within communication round ¢, the server first
generates a sequence of N random seeds without
duplicates s§ = [s5[1], s5[2],. .., s§[N]], after
which each random seed in s; is used to generate
a list of ¢F distinct integers, for a total of NgF
integers across [V lists. Here, for any sequence
a, we let a[(] denote its (-th entry. Any duplicate
integer among these /N ¢ F integers will be replaced
by sampling a new unique integer. Each list cor-
responds to a client. In particular, the integer list
corresponding to client  is organized as a set s’
comprising E sequences, each of length g, i.e., s’
is denoted by
(11

s = {(Siak},j)?:l}kEzlv

where s/ is generated by the random seed sk]i].
Upon finishing the generation of random integers,
all the integers will be broadcast to the local clients,
where each integer S?{i, K} is used as the random
seed for sampling the j-th perturbation vector in
the k-th step for client ¢ in communication round ¢.

B Addition experimental results

B.1 Further sensitivity analysis

In this subsection, we provide additional sensitivity
analysis on local ZO training steps F with fine-
tuning OPT 1.3B over multiple datasets. As il-
lustrated in Tab. 8, we can see that an increasing
number of local steps can benefit to the overall per-
formance, which is consistent to Theorem 1. While
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Table 7: Prompt template and label words adopted in the experiments.

Datasets | Prompt Label words

SST-2  |< S; > Itwas [MASK].  {great, terrible}

SST-5 | < 57 > It was [MASK]. {great, good, okay, bad, terrible}
MNLI | < S; > ? [MASK],< S2 > {Yes, Maybe, No}

RTE < 81 > ? [MASK],< S2 > {Yes, No}

QNLI < 81 > ?[MASK],< Sz > {Yes, No}

Table 8: Sensitivity analysis of our proposed framework with the task of fine-tuning OPT 1.3B.

Models |Setups |SST-2 SST-5 MNLI RTE QNLI
E=1 [82.63 3745 76.12 62.81 74.35
E =5 [84.02 41.56 78.70 64.32 77.29
OPT 1.3B
E=10(84.97 42.04 79.47 65.16 77.91
E =20[8535 4294 79.89 66.30 78.56

Table 9: Performance comparison of fine-tuning OPT 1.3B under diverse heterogeneous data settings.

SST-2 RTE
Methods
a=10 a=05 a=01lla=10 a=0.5 a=0.1
Ours (version from main paper) | 84.21 84.02 83.87 | 64.82 6432 64.15
Ours w/ Local adaptive gradients| 84.29 84.23  84.10 | 64.85 64.52 64.39

we chose Y = 5 in our main paper for all methods
due to overhead. Increasing the number of local ZO
steps brings additional local computation overhead
as well as communication cost.

B.2 Variant of our proposed framework

Our proposed framework could be further enhanced
by leveraging adaptive optimization for local up-
dates. However, non-vanilla ZO local updates may
lead to incompatible scalar-valued communication
cost, since any adaptive gradient vector computed
is not necessarily a linear combination of our pertur-
bation vectors. In view of this, to leverage an adap-
tive gradient method for local updates while main-
taining O(1) communication costs, we introduce a
two-stage adaptive optimization-based global up-
date, as summarized in Algorithm 2. Compared
with the vanilla version, the variant algorithm ef-
fectively moves the computations for local gradient
updates to the server. Specifically, the newly in-
troduced client-wise adaptive update is performed
between the gradient reconstructions and aggrega-
tion. Note that the aggregation will be performed
via the usual adaptive global optimization with mo-

mentum. Detailed updates are given as follows:

1. Upon receiving the scalar-valued local ZO up-
dates from client 7, the server first reconstructs
the local update, which is given by:

Z Z {t, k}J

kl]l

sz {Z k}v])

(12)

2. After obtaining local gradients, the server
performs adaptive gradient methods for each
client instead of directly computing aggre-
gated gradients. For convenience, the recon-
structed local update \Y fi(w?) is simply de-
noted by g'. This client-wise adaptive update
is computed as follows:

(- Bogh (3)
and for each /-th entry (1 < ¢ < d), we have
vi[l] + Bov} '[€) + (1 — Ba2)gi[(] - gile);

(14)

m — Blmt

(15)
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Algorithm 2 Efficient federated LLM fine-tuning with two-stage adaptive optimization

Inputs: N, T, w! n, m', v', E
Outputs: Fine-tuned model w’ !
1: fort =1to T do
2:  for eachclienti = 1 to IV in parallel do
// Zeroth-order model fine-tuning
{(ALisy 5 sf{i’k}d)?:l},f:l «LOCALZOUPDATE(w', {s, ;1 ;})
Upload scalar pairs {(At{Z K} Sf{i, k}’j)‘;:l}le to server

s w

// Global ZO gradient processing

Reconstruct ZO gradients via Eq. 12
Update local gradients {g’ Z-]\Ll via adaptive momentum method (Eq. 13 to Eq. 15)
Compute gradients g via adaptive momentum method (Eq. 8 to Eq. 10 in main paper)
// Global model update

8wt «— wt—ng'

9: return wg

function LOCALZOUPDATE(w?, {Sii,k},j})
Require: w' is the latest global model. {s'f{Z k}J} is the seed sequence.

—

: forj =1to E do

wg,k—l—l — w';f,k - an(wﬁ,k)

// Local ZO update with personalized perturbation
Obtain ZO information {(Ahk}’j, s’f{i7k}7j)?:1}le

: return {(A%{i,k},j’ St{i,k},j)?d}gzl

W N

»

W

Here, m! and v! are local momentum-type  w € R% we have

vectors for client 7.

1 3
f — Vi <= 2
3. After computing g! for all i, the server shall V£ (w) =V filw)]| < 2,uL(d+3) » o 349
perform aggregation to obtain the global gra- 1 A , 2 2
dient via g* + + S°N | gt. The subsequent ?EZ (fil@+nz) = fil2)" =] < a7
1= 1°
model optimization is kept invariant. 12

S LA(d+6)° +2(d +4) Vi)
Note also that this variant with local adaptive (18)
gradients further improves the local ZO fine-tuning

performance (as illustrated in Tab. 9, especially in

the context of highly heterogeneous data, while still
keeping the local computation and communication
invariant.

C Convergence analysis of the proposed
framework

In this section, we present the proof of Theorem 1
in the main paper.

We first introduce the lemma that would be used
in our proof.

Lemma 1 ((Li et al., 2025; Ghadimi and Lan,
2013)). Given a smooth approximation of f; as
f(w) := E[f;(w + pz)] with smoothing param-
eter 1 and random perturbation vector z, for any

Now we shall provide the proof of sketch for
Theorem 1 given in our main paper.
Since f;(+) is A-smooth for ¢ = 1,..., N and

denote w't! = w? — ng', we have

t+1 t £ At Lin?%z
Fw™) < fw') =n(Vf(w"), §') + =-1g'l"

(19)
We first bound g' with
d L1 o7\2 )2 2
112 (m'[4]) |m'|* _ G
- < < 20
"]l ;:1 lte s & S (20)
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By introducing the smoothed gradient V f# =
%+ >0 V£, we then have

g' = Vf(w') =
g = Vw')+ Vi w) - V') @D
R1 RQ
For term R, we can further write it as
g — Vi (w') =
1 o
N 2 [Viiw)) = Vi (wh)] +
i=1
1N
t t
N 2 [V - V@] e
Applying Young’s inequality, we have
Efllg’ — VM (w")[P] <
1 2 1 2
2F HN Zn +2E HN Zdi . (23)
in which n; = i Z [sz( ) -
Vi (w} )] denotes the  noise  and
dz’ = ;13 k: o [vfu( ) - sz‘#(wt)]

denotes the local drift.
After applying Assumption 2 and Lemma 1, we
can bound the first term in (23):

HN "l T N ZE””l” = NE
(24)
in which B, := “2L2(2d+6)3 +2(d+4)G*+ 0} and

¢4 18 a constant.
Similarly, we further bound the second term in
(23) as:

1
HNZ‘”

L2 2G2E2
< *Z\Id [

(25)
Combining the above two terms, we have
2cqB, 2L°n*G?E?
E t _ 1 t 2 < q .
[lg" - v @HIP] < Fg. 3
(26)
Furthermore, R> could be bound as
IV fH(w') = Vf(wh)]? <
N
1 pu2L2(d + 3)3
N VI = VEP < %) 27
i=1

Combining them, we have

4ch

Elllg" — Vf(w")|?] < +
2,22 172 272
4L 773G E?*  u*L (621—1-3) A, (28)

We now bound the inner product term

(Vf(w"),g"):

d
mt s (V)
<vf’\/vt +<€> B Zz:; vi[l] + ¢
R3
L V110 (m'[] - v £[4])
LT 29

We further have R3 > ||V f]|?/V/G? + ¢ and

V£|? VG2 + ¢
Ry> - VI [m! — V£
2VG? + ¢ 2e
(30)
Also, we have
[m! =V f(w")|”
<2|lm' — g'||* + 2[lg" — V f(w")|?
<8B{G* +2||g" — Vf(w")|?, 31)
Combining R3, R4, and (28), we have
1
E[(Vf(w'), §)] > ————E||Vf(w))|?
(V5 (w), 9] 2 5BV /()]

2
VO E a2 4 an,).

2e
(32)

Substituting two term into the first expansion
(19), we have

n
E[f(w"™)] < E[f(w")] - 2\/?%?13!!%"(“115)”2
+7”G2+6(8B GP4200) + L”;EGZ. (33)

Summing from 7" = 1 to 7" and using the telescop-
ing sum, we can obtain the bound.
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