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ABSTRACT

Federated Learning enables collaborative fine-tuning of Large Language Models
(LLMs) across decentralized Non-Independent and Identically Distributed (Non-
IID) clients, but such models’ massive parameter sizes lead to significant memory
and communication challenges. This work introduces MEERKAT, a sparse zeroth-
order optimization (ZO) method designed for federated LLM fine-tuning. By
limiting fine-tuning to a transferable, static, extremely sparse subset of parameters,
MEERKAT achieves remarkable communication efficiency, enabling cost-effective
high-frequency synchronization. With theoretical analysis and experiments, we
show that this high-frequency communication effectively mitigates Non-IID data
challenges and leads to superior performance compared to full-parameter ZO. Fur-
thermore, experimental results show that MEERKAT outperforms existing sparsity
baselines with better performance at the same communication frequency. To fur-
ther handle Non-IID drift, MEERKAT leverages traceable local updates and forms
a virtual path for each client. This virtual path mechanism reveals the GradIP
phenomenon: the inner products between LLM pre-training gradients maintained
by server and client gradients estimated via ZO converge for extreme Non-1ID
clients but oscillate for IID ones. This distinct behavior provides a signal for iden-
tifying clients with extreme data heterogeneity. Using this signal, MEERKAT-VP
is proposed to analyze GradIP trajectories to identify extreme Non-IID clients
and applies early stopping to enhance aggregated model quality. Experiments
confirm that MEERKAT and MEERKAT- VP significantly improve the efficiency and
effectiveness of ZO federated LLM fine-tuning.

1 INTRODUCTION

Federated Learning (FL) (McMahan et al2017) has emerged as a powerful paradigm for enabling
decentralized collaboration, particularly relevant for fine-tuning Large Language Models (LLMs)
across numerous client devices (Dubey et al., 2024 [Brown et al., |2020). Unlike centralized training,
FL allows clients to train models locally and share only model updates with a central server. However,
fine-tuning LL.Ms in a FL setting faces two major challenges: the massive model parameter size
and the Non-Independent and Identically Distributed (Non-IID) data distribution across clients. The
former leads to high computation demands on clients and significant communication overhead, while
the latter causes client drift and hinders global convergence. These challenges make LLM fine-tuning
impractical on resource-constrained clients and hinder the effective use of decentralized data.

Zeroth-order Optimization (ZO) provides a promising avenue for addressing some of these challenges
in federated LLLM fine-tuning. By estimating gradients through model perturbations and forward
passes, ZO bypasses the need for backpropagation and the storage of intermediate activations, leading
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to more memory-efficient learning on client devices (Zhang et al.| 2021} [Fang et al.| 2022} [Ling
et al.| 2024} [Liu et al., [2024; Malladi et al., [2023). However, applying standard ZO directly to
the massive parameter space of LLMs can still be computationally inefficient and the optimization
process unstable (Malladi et al.l 2023). Moreover, adapting ZO for federated LLM fine-tuning
remains challenging, particularly in balancing computational efficiency, communication overhead,
and model performance under Non-IID data heterogeneity.

In order to address the above challenges, we propose MEERKAT, a sparse ZO method designed for
efficient federated LLM fine-tuning. MEERKAT addresses the computational and communication
burdens by focusing ZO updates on a static, extremely sparse (less than 0:1%), and transferable subset
of LLM parameters. This subset is strategically identified using gradients derived from pre-training
data, ensuring that updates target parameters most sensitive to the loss function. This selective
approach dramatically reduces communication overhead and supports cost-effective high-frequency
synchronization. As we will demonstrate through theoretical analysis and extensive experiments,
the combination of high communication frequency and sparsity in MEERKAT enables frequent yet
lightweight synchronization. This effectively reduces the convergence error floor in theory and
practice, leading to consistently superior performance compared to full-parameter ZO fine-tuning and
other sparsity methods under the same communication frequency.

Leveraging MEERKAT’s efficient high-frequency synchronization to effectively mitigate Non-IID
data challenges, we further enhance its adaptability to weak network conditions. By employing
a virtual path mechanism to track client updates, we enable the server to analyze client training
dynamics without accessing raw data, thus facilitating robust operation even when frequent direct
communication is constrained. Within this virtual path, we observe the GradIP phenomenon, a
pattern revealed by the GradIP score, which computes the inner product between local client gradients
estimated via ZO and server pre-training gradients. GradIP scores converge for Non-IID clients while
oscillating for IID clients, serving as a clear indicator of data heterogeneity. Leveraging this insight,
we propose MEERKAT-VP that introduces a virtual path client selection method to identify clients
with significant Non-IID characteristics and apply early stopping, thereby reducing their adverse
impact on the aggregated model and enhancing its quality.

In summary, this paper makes the following contributions:

* Performance Improvement with Sparsity. Meerkat consistently outperforms full-parameter ZO
optimization in both IID and Non-IID settings, demonstrating the effectiveness of our sparse update
strategy. Extensive experiments show that Meerkat surpasses not only full-parameter ZO but also
other sparse methods, such as LoRA and weight-magnitude, achieving superior performance.

* High Frequency Communication with Sparsity Can Lower the Error Floor. MEERKAT
leverages extreme model sparsity to reduce local computational memory. Exchanging scalar
gradients drastically decreases communication costs, enabling high-frequency communication.

* Traceable Local Updates and GradIP Phenomenon: MEERKAT leverages traceable sparse local
updates and forms a virtual path. The virtual paths reveal the GradIP phenomenon: the inner
product between LLM pre-training gradients maintained by server and client gradients estimated
via ZO converges for extreme Non-IID clients but oscillates for IID ones. This distinct behavior
serves as a signal for detecting clients with extreme data heterogeneity.

* MEERKAT-VP: Early Stopping for Extreme Non-IID Clients. Leveraging the GradIP phe-
nomenon via virtual path client selection, MEERKAT-VP effectively manages extreme Non-IID
clients, by early stopping these clients to improve global model quality.

* Theoretical and Experimental Validation. We present theoretical analysis and extensive ex-
periments across diverse FL settings, validating the scalability and performance benefits of both
MEERKAT and MEERKAT-VP.

2  SPARSE ZEROTH-ORDER OPTIMIZATION FOR FEDERATED LLM
FINE-TUNING

This section introduces MEERKAT, a sparse ZO method for federated LLM fine-tuning, and its
upgraded version, MEERKAT-VP, which incorporates Virtual Path Client Selection (VPCS) strategy.
This strategy leverages the traceable virtual path of client local updates to identify clients with
extremely Non-IID data and applies early stopping to mitigate their adverse impact on global model
convergence. We first introduce the technical details of MEERKAT, as illustrated in Figure [} and
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Figure 1: MEERKAT: Sparse zeroth-order optimization for federated LLM ne-tuning work ow.

subsequently describe MEERKAT-VP, shown in Figure 5. We then present theoretical convergence
analysis for both methods and discuss their strengths in terms of cost-effectiveness, traceability, and
the use of early stopping to mitigate client drift caused by Non-IID data.

2.1 MEERKAT: EXTREME SPARSE ZEROTH-ORDER FEDERATED LLM FINE-TUNING

Sparse ZO On-Device LLM Fine-Tuning. MEERKAT performs sparse ZO for LLM ne-tuning
on the client device. LdD denote the client dataset we would like an LLM to ne-tune with loss
functionf . Given the LLM weightw 2 R 9, we perform an iterative optimization by randomly
sampling a batch B D for each step and performing the local update step as

g= f(w+ (z m);B) f(w (z m);B)

5 ; =g m): @)

wherez 2 RY is a random vector sampled from a Gaussian distributi@®; | 4), 2 R is the
perturbation magnitude, amd 2 f0; 1g ¢ is a binary sparse mask with density ratithat selects a
subset of parameters for updates.

Extremely Sparse Parameters Obtained from Pre-Training. According to the formulation in equa-
tion[]l, we focus the perturbation of the LLM on a subset of parameters determined by a binary mask
m. The maskm is derived from the pre-training process of the LLM. We compute the average
squared gradients of each parameter over a subset of the C4 dataset (Raffel etlal., 2020). Then, we
select the topu parameters with the highest average squared gradient values and mark them as

m. In practice, we set u to 0:1%, resulting in extremely sparse updates.

FL with MEERKAT. The work ow of MEERKAT is illustrated in Figure [ and Algorithm P.
MEERKAT rst loads each client with the pre-trained weightty and the sparse mask. Next,
MEERKAT initializes a random seed li&t 1;:: :; s] g at the server to generate the random Gaussian
vectorz for each local step in the rst round. Next, MEERKAT performs an iterative federated
optimization with R rounds of client-server synchronization with each round as follows.

(1) Local ZO update at each client. Upon receiving global model weights and seed list

client perturbs the model parameters selectedhbyith the random vectoz}, generated by the
random seed! . Each client then computes projected gradiginta scalar) according to equation 1.

Usingg;, each client calculates the local gradié‘nt,ﬁ and updates the local modsk with learning

server. (2) Server reconstructs client update with virtual path. Since the server shares the same
random seed list with clients for the round, it can reconstruct each client's local model update path
upon receiving their projected gradients. We term this server-side reconstruction process the virtual
path, as it allows the server to follow the client's local steps without accessing raw data. As shown in
Step 2 of Algorithm 2, the server uses the preserved random seed and receives project gradients of
each local step from each client to recover the local model update path for each client. (3) Server
aggregates and initiates the next round: After virtual path reconstruction, the server aggregates the
reconstructed client model weights] to sparsely update the global modelte. Subsequently, the
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MEERKAT-VP: Virtual Path Client Selection and Early Stopping. MEERKAT-VP extends
MEERKAT by incorporating a VPCS strategy designed for heterogeneous environments. Lever-
aging the virtual path reconstruction capability, the server analyzes client update trajectories to
identify those with extremely Non-1ID data distributions. MEERKAT-VP then applies an early stop-
ping mechanism to these identi ed clients, restricting them to a single local step to mitigate the
negative impact of their skewed updates on global model convergence and performance.

2.2 THEORETICAL CONVERGENCE ANALYSIS

We theoretically analyze the convergence of MEERKAT and MEERKAT-vP under the
Polyak— ojasiewicz (PL)-type non-convex condition. All technical assumptions and the corre-
sponding proof are presented in Appendix C.

Theorem 2.1 (Convergence rate of MEERKAT). Under Assumptions C.1-C.6, if the learning rate

_ p—
satises = min L(ujz) ; ZLCZ(:U)CZ , then the global moddlv " g generated by the MEERKAT
algorithm satis es the following convergence bound:

1% 2+u)?2 T
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Theorem 2.2 (Convergence rate of MEERKAT-VP). Under Assumptions C.1-C.6, if the learning rate

PE KgT+K s

satis es = min L(ujz) . 7x@wy zrzT~ and each clienk 2 K, performsT = 1 local step

while the remainind< ¢ clients performT local steps, then the global mod@l " g generated by the
MEERKAT-VP algorithm satis es the following convergence bound:
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The detailed theoretical analysis and proofs for Theorem 2.1 (MEERKAT) can be found in Ap-
pendix C.4, and for Theorem 2.2 (MEERKAT-VP) in Appendix C.5.

Insights of MEERKAT. MEERKAT'S convergence reveals the intricate interplay of local stéps

and densityu on performance. (1) MEERKAT's sparsity can theoretically improve performance.
Lower u (higher sparsity) quadratically bene ts the rate-dependent {éri@ + u) 2), favoring

faster initial convergence. However, it in ates the steady-state er‘rogjT . Comparing to the
full-parameter caséu = 1), sparsity(u < 1) can reduce the overall bound by decreasing the
rate-dependent term, offering communication and computational bene ts. Yet, excessive sparsity can
increase the steady-state error, suggesting an optimal densitylav@; 1]. (2) High frequency
communication With sparsity can lower the error oor. Increasihgmproves the transient term

scaling withO (2“') , potentially accelerating convergence towards the steady state; however, it
expands the steady -state te(r)nJTJ , thereby increasing the error oor. Conversely, decrea3ing
reduces the steady-state term, leading to a tighter nal accuracy. Although simadéer lead to

larger rate-dependent term. It's impact diminishes as the number of reuimdseases. This analysis
suggests that operating with frequent communication can theoretically reduce the steady-state error.

Advantages of MEERKAT-VP. We compare each component of the error bound under the same
T an First, the transient term ratio between MEERKAT-VP and MEERKAT is approximately
1+ 2<1,andasy !1 so !0 ,the product(1+ Ch)? ! 0 , causing the transient error

p 2
to vanlsh Second, the n0|se term ratio is glvengg—p— fﬂ which remains

below 1 whenever(1 + ch)2 < 2. Since <1 empirically, this condition typically holds.

Moreover, MEERKAT-VP introduces an additional variance t% that decays a®(1=T),

making it negligible for large local steps. Lastly, in terms of heterogeneity, the coef cient of the
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. P . . .
heterogeneity term ¢ in MEERKAT-VP is smaller:&W_ < KL and the extra variance term

scales inversely witK , thus diminishing in larger systems. TherefdE@eerkar-ve < E Meerkar
and this gap widens as data heterogengjtincreases. The detailed mathematical derivations and
analysis, please refer to the Appendix C.5.

2.3 CLAIM 1: MEERKAT CAN OUTPERFORM FuULL-PARAMETER FEDERATED ZO UNDER
SAME SYNCHRONIZATION FREQUENCY

We claim that with xed and extreme sparsity, MEERKAT outperforms full-parameter ZO in federated
LLM ne-tuning under the same synchronization frequency and effectively mitigates the Non-11D
client data problem through frequent synchronization and sparsity.

Advantages of Sparsity in Federated ZO. ZO has an intrinsic need for sparsity due to its reliance

on nearly uniform perturbations across dimensions. Research on ZO shows that selecting sensitive
parameters using gradient-based methods consistently outperforms alternative strategies such as
weight magnitude or random parameter selection (Guo et al., 2024). Following this idea, MEERKAT
produces LLM-sensitive parameters with gradient-based sparsi cation on pre-training data such as
C4 (Raffel et al., 2020). Moreover, MEERKAT ne-tunes LLMs by estimating gradients through
forward passes, completely bypassing backpropagation. This approach minimizes the need to cache
gradients and activations, leading to signi cant memory savings. Focusing on sensitive parameters,
MEERKAT ensures ef cient and effective ne-tuning even under extreme sparsity levels (e.g., updating
only 0:1% of the parameters). Furthermore, these sensitive parameters exhibit transferability across
downstream tasks. Theoretical analysis (Appendix C.4) also con rms that lower dans#gs to

faster convergence via improved rate-dependent t&((®+ u) >=(TR)), while excessive sparsity
increases the steady-state error O(T =(2 + u)), suggesting an optimal sparsity trade-off.

Performance Under High Synchronization Frequency. The lightweight communication of
MEERKAT enables frequent client-server synchronization at a low cost, which is crucial for ad-
dressing data heterogeneity (Yang et al., 2024; Mendieta et al., 2022) in FL. In high-frequency
communication scenarios, both the clients and the server only exchange a list of scalars (projected
gradients) whereas in lower-frequency synchronization, clients have to upload projected gradients
but still download sparse model parameters. By eliminating the need to download sparse model
parameters in high-frequency synchronization, this approach is signi cantly more bandwidth-ef cient,
further minimizing communication overhead. We present the high-frequency synchronization algo-
rithm of MEERKAT in Appendix C Algorithm 3. By facilitating frequent synchronization, training

can better prevent clients from drifting. Our previous theoretical analysis also demonstrates that a
smallerT might in uence the rate-dependent term, its bene cial impact on reducing the steady-state
error is signi cant for achieving a tighter nal accuracy over many rounds R.

2.4 CLAIM 2: EMPIRICAL GRADIP PHENOMENON REVEALS DATA HETEROGENEITY

MEERKAT's traceable virtual path allows us to analyze client local training dynamics, revealing an
empirical phenomenon related to data heterogeneity via a metric we call GradIP.

De nition 2.3. Gradient Inner Product (GradIP) score: Lr'étlﬁ (see Algorithm 2) denote the ZO
gradient of LLM with equation 1 on clierk at local steg. Letrf , denote the gradient of LLM

computed by backpropagation on pre-training data. We de ne the GradIP score ,as’fhrlfi.

GradIP As Indicator for Data Heterogeneity. Leveraging the virtual path reconstruction capability
of MEERKAT, the server can trace each client's local training trajectory. This process uses the
uploaded projected gradiengs along with the shared random seeds (which regenetjtand

the sparse mask to reconstruct the local gradiefit ¢. To understand the impact of a client's
local data distribution on its training process, we introduce the GradlP metric. Inspired by the use
of pre-training data gradients to identify sensitive parameters, GradIP quanti es the inner product
between the local gradient computed during client training and the LLM pre-training gradient.

Empirical GradlP Phenomenon. Through the traceable virtual path provided by MEERKAT, we
empirically investigated the behavior of the GradlP score among clients with different data distri-
butions (IID and Non-11D) over their local training steps. Our analysis, presented in Appendix C.6,
demonstrates distinct patterns in the dynamics of gradient norms based on data heterogeneity. While
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[ID client gradient norms exhibit uctuations, those of extremely Non-IID clients decay and converge
towards zero. The GradIP de nition depends on the xed pre-training gradient norm, local client gra-
dient norm, and the anglebetween them. We hypothesize thaietween these two gradient vectors

is nearly orthogonal. This leads us to expect a different manifestation of the GradlP Phenomenon
when comparing 11D and extremely Non-IID clients, primarily in uenced by their differing local

gradient norm trajectories.

2.5 CLAIM 3: VIRTUAL PATH CLIENT SELECTION VIA GRADIP ANALYSIS

Building upon the traceable virtual path cap

Algorithm 1 MEERKAT-VP

bility introduced in MEERKAT, we claim that
VPCS, by leveraging GradIP analysis, effecl
tively identi es and manages clients with ex-
tremely Non-11D data distribution, thereby im-
proving global model performance and conver-
gence. As established in Section 2.4, the Gradl|
score, computable by the server through vir-’
tual path reconstruction, provides an effective.
signal to identify such clients. VPCS utilizes 4
this GradIP signal to detect extremely Non-1IDg
clients. By analyzing the GradIP score trajecg
tory and its behavior over local steps during &:
calibration phase, using metrics de ned in Ap-
pendix table 3, the server empirically identi es
clients exhibiting the characteristic diminishing
GradIP behavior associated with extremely Non-
IID data distribution. Upon identi cation via g:
GradIP analysis, VPCS applies early stopping:
these clients perform only one local training step
per communication round. To ensure full data
utilization over training, a data pointer tracks
the batch processed, allowing clients to resume:
from that point in subsequent rounds. This strat-
egy mitigates client drift from skewed data while
ensuring their entire dataset is eventually pro-
cessed. Algorithm 1 outlines the detailed proce-
dure, and Figure 5 illustrates the work ow. Our
previous theoretical analysis of MEERKAT-VP
suggests that early stopping on extremely Non-

IID clients can lead to improved global model0:

11:
12:

performance.

Input: calibration stepT.aii, pre-training gradients

sparse mashn, initial phase stepsi,it, later phase
stepsTiaer, cOnvergence threshold Initial to later
ratio jaer, quiescent step ratioye

E‘ Step 1: Virtual Path Reconstruction & GradIP

Calculation
Generate z using § .

: Computet { =gl (z§ m)
: Compute Gradip =t | rf ¢4 (De nition 2.3).
. Step 2: Identify Extremely Non-1ID Clients

Compute the average value @Gfradip over the
initial-phase steps.

Kinit
—_— Gradi
Tinit _y R
Compute the average value @fadipover the later-
phase steps.

Gradipnitﬁavg =

-S(ater

Gradipaer avg= Gradip

Tlater t=1
Compute the client's Initial to later ratioaer_ciient
and quiescent step ratiQuie_client

_ fs2f1;2;:::;T jaerg j Gradip, < g

quie_client —

Tlater

Gradi nnit_avg

later_client = <~ -
Grad'nater_avg

Record client IDs WhoSe€ater_client OF  quie_client €X-
ceed later OF quie-

Step 3: Early Stopping

Require these identi ed clients to only perform one
local training step.

3 EXPERIMENT

In this section, we aim to validate the effectiveness of MEERKAT and MEERKAT-VP. We aim to
address the following research questions in response to claims in Section 2: (1) RQ 1 for Claim 1
(2.3): Is MEERKAT more effective than full parameter federated ZO under the same synchronization
frequency, especially in heterogeneous environments? (2) RQ 2 for Claim 2 (2.4): Can the empirical
GradIP phenomenon, observed via the virtual path, effectively reveal data heterogeneity by showing
distinct behaviors for 11D and Non-11D data distribution clients? (3) RQ 3 for Claim 3 (2.5): Can
MEERKAT-VP, leveraging GradIP analysis, mitigate the impact of extreme Non-11D data compared to
MEERKAT?

We focus on models Gemma-2-2b (Team, 2024), Qwen2-1.5B (Qwen Team, 2024), Llama-3.2-
1B (Dubey et al., 2024). We conduct experiments on SST2 (Socher et al., 2013), AG's News (Zhang
et al., 2015), Yelp polarity (yelp) (Zhang et al., 2015), RTE (Wang, 2018), BoolQ (Clark et al., 2019),
WSC (Levesque et al., 2012), WiC (Pilehvar & Camacho-Collados, 2018) datasets. The datasets are
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partitioned across clients following a Dirichlet distribution to simulate clients with Non-IID data. For
more experimental settings, we refer the readers to Appendix D.1.

Table 1: Performance comparison of MEERKAT and Full-FedZO on multiple non-IID data
distribution settings. “Acc” is the average test accuracy across tasks. Bold numbers indicate the
highest value in each row.

Methods Local Step SST-2 AgNews Yelp BoolQ RTE WSC WIC Acc
Full-FedzO 10 0.909 0.705 0.940 0.641 0.542 0.634 0.523 0.699
Weight Magnitude 10 0.902 0.857 0951 0.696 0.551 0.519 0.546 0.717
Lora-FedzO 10 0.901 0.749 0.96 0.649 0.524 0.634 059 0.715
LLaMA-3.2-1B MEERKAT 10 0.916 0.872 0964 0.695 0.600 0.653 0.614 0.759
Full-FedzO 30 0.904 0.706 0.935 0.636 0.533 0.634 0.539 0.698
Weight Magnitude 30 0.902 0.84 0.946 0.674 0.542 0.556 0.550 0.716
Lora-FedzO 30 0.904 0.556 0.964 0.652 0.533 0.634 0.545 0.684
MEERKAT 30 0.897 0.862 0.965 0.646 0.577 0.644 0.583 0.739
Full-FedzO 50 0.889 0.696 0.935 0.633 0.542 0.634 0.529 0.694
Weight Magnitude 50 0.897 0.838 0.948 0.662 0.551 0.562 0.554 0.716
Lora-FedZO 50 0.876 0.447 0.967 0.639 0.541 0.634 0.562 0.667
MEERKAT 50 0.909 0.827 0.965 0.647 0.595 0.634 0.567 0.734
Full-FedzO 100 0.901 0.705 0.939 0.632 0.533 0.634 0.525 0.695
Weight Magnitude 100 0.885 0.83 0.946 0.66 0.56 0.534 0.548 0.709
Lora-FedzO 100 0.868 0.247 0953 0.642 0.521 0.634 0.529 0.628
MEERKAT 100 0.896 0.777 0.961 0.658 0.577 0.644 0.573 0.726
Full-FedzO 10 0.888 0.700 0.928 0.694 0.808 0.673 0.639 0.761
Weight Magnitude 10 0.881 0.84 0.939 0.681 0.795 0.672 0.623 0.776
Lora-FedzO 10 0.939 0.847 0.944 0.667 0.795 0.663 0.521 0.768
Qwen2-1.5b MEERKAT 10 0.949 0.881 0934 0.752 0.813 0.682 0.628 0.805
Full-FedZzO 30 0.892 0.699 0926 0.708 0.791 0.663 0.594 0.753
Weight Magnitude 30 0.88 0.843 0939 0.681 0.786 0.673 0.594 0.771
Lora-FedzO 30 0.923 0.843 0.948 0.666 0.777 0.673 0.519 0.764
MEERKAT 30 0.944 0.878 0.928 0.734 0.800 0.663 0.624 0.795
Full-FedzO 50 0.868 0.696 0.922 0.707 0.773 0.663 0.594 0.746
Weight Magnitude 50 0.883 0.855 0.938 0.703 0.768 0.673 0.595 0.774
Lora-FedZO 50 0.934 0.834 0.941 0.679 0.76 0.653 0.510 0.759
MEERKAT 50 0.948 0.872 0.926 0.746 0.795 0.663 0.594 0.792
Full-FedzO 100 0.864 0.691 0917 0.675 0.777 0.653 0.620 0.742
Weight Magnitude 100 0.888 0.842 0934 0.695 0.768 0.656 0.579 0.766
Lora-FedzO 100 0.934 0.785 0.937 0.664 0.786 0.653 0.512 0.753
MEERKAT 100 0.936 0.878 0.925 0.741 0.795 0.663 0.610 0.792
Full-FedzO 10 0.928 0.721 0943 0.731 0.564 0.644 0.595 0.732
Weight Magnitude 10 0.931 0.849 0955 0.778 0.711 0.634 0.595 0.779
Lora-FedzO 10 0.936 0.853 0.966 0.763 0.568 0.663 0.605 0.765
Gemma2-2b MEERKAT 10 0.939 0.869 0.96 0.804 0.591 0.634 0.609 0.772
Full-FedzO 30 0.927 0.802 0932 0.725 0.568 0.634 0.581 0.738
Weight Magnitude 30 0.935 0.851 0951 0.771 0.653 0.634 0.598 0.770
Lora-FedzO 30 0.932 0.804 0.966 0.671 0.551 0.634 0.589 0.735
MEERKAT 30 0.94 0.855 0.947 0.734 0.568 0.644 0.601 0.756
Full-FedzO 50 0.932 0.791 0.943 0.712 0.582 0.634 0.567 0.737
Weight Magnitude 50 0.936 0.851 0.941 0.745 0.591 0.628 0.597 0.756
Lora-FedZO 50 0.91 0.779 0.942 0.664 0.557 0.634 0.597 0.726
MEERKAT 50 0.945 0.857 0.966 0.767 0.613 0.634 0.623 0.772
Full-FedzO 100 0.925 0.818 0.933 0.672 0.533 0.615 0.567 0.723
Weight Magnitude 100 0.922 0.839 0.942 0.723 0.568 0.644 0.592 0.747
Lora-FedZO 100 0.922 0.247 0942 062 0541 0.634 0.573 0.640
MEERKAT 100 0.94 0.851 0951 0.745 0.551 0.634 0.574 0.749

3.1 ANSWER TO RQ1: SUPERIORITY OF MEERKAT COMPARED TO FULL-FEDZO IN FL

This section experimentally validates Claim 1 (Section 2.3), demonstrating MEERKAT'S superiority
over full-parameter Federated ZO under the same synchronization frequency and its effectiveness in
mitigating Non-1ID challenges via high-frequency synchronization.

First, to assess sparsity's bene ts, we compare MEERKAT to Full-FedZO and other sparse methods
(Weight Magnitude, LoRA-FedZO, Random-Select) with equivalent synchronization frequencies
(local stepsT 2 f10;30;50;1009. With a xed 0:1% mask, MEERKAT reduces communication
budget by ovel000 compared to Full-FedZO and achieves a strong computational and communi-
cation ef ciency (Table 24). Using C4 as a calibration dataset, our analysis shows that the sensitivity
of the gradient is highly concentrated: the top 0.1% of the parametersS2avéarger average
square gradients than the néx1—1% bucket (Table 9), which motivates extreme sparsity. The
mask is transferred across domain-shifted calibration datasets, and a client-aggregated UnionMask
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performs comparably (Table 11). Across IID and Non-IID data distributions, MEERKAT outperforms
Full-FedZO and other sparsity methods on many tasks (Tables 1, 10, 13). Under the same settings,
MEERKAT also outperforms DeComFL (Li et al., 2024) (Table 19).

Next, we evaluate performance under an extreme communication regime with a single local step
(T =1). We compare MEERKAT with Full-FedZO and LoRA-FedZO in the IID and Non-IID data
distributions (Dirichlet 2f0:5; 0:3; 0:1g ). Figure 2 presents the results for 0:5 , the results for

=0:3 and0:1are available in Appendix D.2 gure 6. Speci cally, Figure 2 reveals a remarkable
nding: on the Qwen2-1.5b model, MEERKAT's average test accuracy over seven tasks under Non-11D
data distribution matches that under 11D data distribution. Beyond this exact match, results show that
at alocal step of = 1, MEERKAT effectively bridges the performance gap between IID and Non-11D
data distribution settings, achieving nearly comparable test accuracy across both data distributions,
and consistently outperforms baselines. Varying sparsity uhdet (Table 15) con rms strong
accuracy even dt0® —10* , substantially reducing client memory demands and making it ideal for
resource-constrained FL. These results support Claim 1: high-frequency communication combined
with extreme sparsity mitigates Non-IID drift. We also explored sensitive parameter selection using
downstream task data. Since performance remained comparable under identical communication
frequencies and sparsity levels, we prioritized pre-training data to better preserve client privacy
(Appendix D.2, Tables 21, 20, 22).

Figure 2: This gure compares three methods—Full-FedZO, LoRA-FedZO, and MEERKAT—o0ON
three LLMs: LLaMA-3.2-1B, Qwen2-1.5b, and Gemma2-2b. The x-axis shows the different methods,
and each method has two bars indicating performance under 11D and Non-1ID settings. The Non-IID
results are obtained under a Dirichlet distribution with0:5 .The y-axis represents the average test
accuracy across multiple downstream tasks—SST2, AgNews, Yelp, BoolQ, RTE, WSC, and WiC.
All detailed results for these tasks are provided in Appendix D.2, Table 15.

3.2 ANSWER TO RQ2: GRADIP TRAJECTORIES AS EFFECTIVE INDICATORS OF DATA
HETEROGENEITY

This section experimentally validates Claim 2 (Sec-

tion 2.4), investigating GradIP trajectories as indicators of

data heterogeneity. Based on our theoretical analysis as-

suming single-label Non-11D data (Section C.6), we study

the dynamics of gradient-related metrics during local train-

ing. We rst compare two extremes: IID clients vs. clients

with single-label (extreme Non-11D) data. We track three

metrics: GradlP score, local gradient norm, and cosine

value between the local and pre-training gradients. As

shown in Figures 3 and 7, GradIP for extreme Non-IID

clients steadily decays to zero over 100 steps, while f‘—'%'fgure 3: Under a density ratio &f

IID clients it uctuates persistently. To understand this, Wey3 e track the GradIP (see De ni-
analyze its components: Figure 8(a) shows cosine v 2’_3) over 100 local training steps on
stays near zero (i.e., gradients are nearly orthogonal) 0L sST.2 dataset using LLaMA-3.2-1B

both settings, suggesting the gradient norm is the key fagsqq| comparing a client with IID data
tor. Indeed, Figure 8(b) shows that the gradient nort'@acli’ent with Non-IID data.

mirrors GradIP's behavior across the two settings. More-
over, in later stages, GradlP declines more sharply for Non-IID clients than for 11D ones, making this
stage-wise mean difference an additional criterion for identifying Non-IID clients. We further extend
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our analysis to more general Non-IID scenarios (Figure 9, Figure 10, Figure 11), where GradIP
exhibits similar dynamics that correlate with the degree of heterogeneity.

3.3 ANSWER TO RQ3: VPCS EARLY STOPPING FOR CLIENTS WITH EXTREMELY NON-IID
DATA DISTRIBUTION

This section experimentally validates Claim 3 (Section 2.5). As established in Section 3.2, GradIP
trajectories provide an effective signal for identifying clients with extremely Non-IID data, exhibiting
distinct behaviors. Leveraging this signal, VPCS detects extremely Non-IID clients during a calibra-
tion phase and applies early stopping, limiting them to one local training step per communication
round (Algorithm 1). To validate the effectiveness of this VPCS strategy in improving performance,
we compared MEERKAT-VP with MEERKAT and Random Client Selection, which randomly selects
the same number of clients for early stopping as VPCS, under Non-11D data distributions Dirichlet
= 0:5 and the same communication frequencies. Crucially, for the same model, dataset, and
communication frequency, the three methods employed the same sparsity level. Figure 4 illus-
trates the average test accuracy across multiple downstream tasks for MEERKAT-VP compared to
MEERKAT and RANDOM CLIENT SELECTION. Detailed results for individual tasks are presented
in Appendix D.2 Table 14. As shown in Figure 4, MEERKAT-VP consistently outperforms both
MEERKAT and RANDOM CLIENT SELECTION in different communication frequencies. Furthermore,
Table 25 shows that MEERKAT-VP achieves performance competitive with a back-propagation up-
per bound and signi cantly outperforms an adapted FedDYN (Acar et al., 2021) baseline. These
experimental results strongly validate Claim 3, con rming that VPCS effectively leverages GradlP
analysis to manage extremely Non-1ID data distribution clients, leading to improved performance for
Z0 federated LLM ne-tuning.

Figure 4: This gure compares three methods—MEERKAT-vP, MEERKAT and Random Client
Selection—across three LLMs: LLaMA-3.2-1B, Qwen2-1.5b, and Gemmaz2-2b. The x-axis shows
the local step valueslQ, 30, 50, 100), while the y-axis indicates the average test accuracy over
multiple downstream tasks—SST-2, AgNews, Yelp, BoolQ, RTE, WSC, and WiC—in a Non-1I1D
data distribution setting. All detailed results for these tasks are presented in Appendix D.2 Table 14.

4 RELATED WORK

Our research leverages advances in ZO federated optimization, sparsity techniques for LLMs, and
communication frequency adjustments strategies for addressing data heterogeneity. ZO methods
signi cantly reduce computational and communication overhead. Integrating sparsity into LLM
ne-tuning ampli es these bene ts, substantially decreasing resource demands during training and
inference. Concurrently, communication frequency adjustments mitigate performance degradation
induced by Non-1ID data, emphasizing a crucial trade-off between communication budget and global
model performance. A detailed discussion is provided in Appendix B.

5 CONCLUSION

In this paper, we introduce MEERKAT, a sparse zeroth-order federated ne-tuning methodology.
Experiments show MEERKAT outperforms Full-FedZO and other sparsity methods on most tasks at
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