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Abstract. Personalized Federated Learning (PFL) has emerged as a
prevalent paradigm to deliver personalized models to individual clients
through collaborative training. Existing PFL methods often suffer from
the issue of Non-IID data, due to their reliance on gradient-based up-
dates. Recently, Analytic Learning (AL) has exhibited great potential to
address this issue via analytical (i.e., closed-form) solutions in a gradient-
free manner. However, there remains a significant gap in introducing
AL into PFL, owing to the encountered generalization-personalization
dilemma. In this paper, to bridge this gap and address the associated
challenges, we propose an Analytic Personalized Federated Learning
approach, named AnaPFL, for addressing the Non-IID issue in PFL by
introducing and advancing AL. In AnaPFL, we develop dual-stream an-
alytic models with closed-form solutions, including (1) a shared primary
stream for global generalization across all clients, and (2) a dedicated re-
finement stream for local personalization of each client. Experimentally,
we give comprehensive results to show AnaPFL’s superior performance
with over 99% efficiency advantages against gradient-based methods.

Keywords: Personalized Federated Learning · Closed-Form Solution ·
Non-IID Data · Analytic Learning · Personalization

1 Introduction

Federated Learning (FL) emerges as a prominent paradigm for distributed ma-
chine learning, enabling the collaborative training of a global model across mul-
tiple clients while preserving individual data privacy [9, 22, 30]. Nevertheless, as
shown in Figure 1, a single global model in traditional FL often falls short of
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Fig. 1: Data heterogeneity across clients in PFL.

adapting to the diverse and personalized requirements of each client’s local ap-
plications [32, 47]. In this context, Personalized Federated Learning (PFL) has
emerged as an extended paradigm of FL, aiming to construct a personalized
model for each client alongside the global model shared across clients [24,32,47].

The appeal of PFL lies in its potential to deliver the dual benefits of general-
ization and personalization [45]. First, it enables each local client to obtain the
collective knowledge shared by all participants in the federation, enhancing the
model’s overall generalization capabilities [47]. Second, it facilitates individual
personalization to allow models to adapt specifically to the unique distribution
characteristics of the clients’ local data, achieving targeted applications [2].

Data heterogeneity, often referred to as Non-Independent and Identically Dis-
tributed (Non-IID) data, represents a key challenge in PFL [24,32]. In a Non-IID
environment, the local gradients of client-side training are naturally biased to-
wards their unique local data distributions. Such bias leads to distinct local
optima and conflicting learning directions among clients. Hence, as illustrated
in Figure 1, the diverse local datasets can cause the aggregated global model to
drift away from a truly generalized representation, thus degrading its overall per-
formance [2,24,32]. Many existing PFL methods are typically susceptible to this
issue, which severely hinders collective generalization and, in turn, compromises
the subsequent personalization efforts.

A core challenge in PFL is widely considered to be rooted in the long-standing
reliance on gradient-based updates, which are inherently vulnerable under Non-
IID data distributions [9,11,24,46]. This observation has been broadly acknowl-
edged in prior FL and PFL studies, and many influential works seek to alleviate
the Non-IID issue by mitigating or compensating for the adverse effects of bi-
ased gradients [11, 32, 36, 39, 45, 47]. However, relatively few studies attempt to
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Fig. 2: Generalization-Personalization dilemma of AFL.

address Non-IID effects by explicitly circumventing gradient-based updates in
PFL. To address the Non-IID problem more fundamentally, it is an interesting
and promising direction to explore avoiding gradient-based updates (i.e., learning
in a gradient-free manner). As a prominent gradient-free technique [4, 36], An-
alytic Learning (AL) has recently shown great promise in FL with closed-form
solutions, leading to the recent approach named Analytic Federated Learning
(AFL) [11]. Yet, AFL is severely limited by its foundation in traditional FL,
suffering from the generalization-personalization dilemma in PFL.

As shown in Figure 2, we record the average accuracy of the AFL models
across varying degrees of heterogeneity in PFL, using the Dirichlet distribution
on CIFAR-100. When the degree of heterogeneity is low (α = 0.5, 1.0), the global
model performs better, as it aggregates more diverse data from the federation.
Conversely, under high heterogeneity (α = 0.1), the local model surprisingly
surpasses the global model. This inversion implies that AFL is nearly ineffective
under severe heterogeneity in PFL, as its global model is even inferior to the
local models without FL aggregation. Thus, there remains a significant gap in
introducing AL into PFL due to this generalization-personalization dilemma.

In this paper, to bridge this research gap and address the challenges, we pro-
pose an Analytic Personalized Federated Learning approach, named AnaPFL,
for addressing the Non-IID issue in PFL by introducing gradient-free AL. In our
AnaPFL, we first utilize a foundation model as a frozen backbone for feature
extraction. Then, we further develop our dual-stream analytic model with an-
alytical (i.e., closed-form) solutions. Specifically, the dual-stream model in our
AnaPFL includes: (1) a shared primary stream for global generalization across
all clients, and (2) a dedicated refinement stream for local personalization of each
individual client. To enhance AnaPFL’s fitting ability in generalization and per-
sonalization, we employ random projections and nonlinear activations for dual
streams to form two distinct feature spaces. As shown in Figure 2, our AnaPFL
consistently outperforms AFL across all settings, demonstrating a superior and
robust balance between generalization and personalization.



4 K. Fan et al.

In summary, our key contributions in this paper are as follows:

1. Conceptually, our AnaPFL investigates and brings AL into PFL to address
the Non-IID issue while balancing generalization and personalization.

2. Technically, we develop dual analytic streams based on least squares to
achieve both collective generalization and individual personalization in PFL.

3. Experimentally, AnaPFL shows superior performance on benchmark datasets,
outperforming the SOTA baselines with 1.57%–16.71% accuracy improve-
ments, and over 99% efficiency advantages against gradient-based methods.

2 Related Work

2.1 Personalized Federated Learning

FL emerges as a prominent distributed machine learning paradigm, allowing
clients to collaboratively train a shared global model [9, 11, 24, 46]. FL is inher-
ently compatible with the decentralized data acquisition mechanism of mobile
crowd sensing in the Internet of Things [3,5, 37]. In such scenarios, mobile edge
devices continuously generate sensory observations and naturally serve as dis-
tributed FL clients. Meanwhile, the data collected by these devices often contain
sensitive user- or context-related information, making direct centralized collec-
tion impractical or undesirable [4, 13, 34]. Therefore, FL can be interpreted as
a distributed knowledge integration paradigm, where collective intelligence is
extracted and aggregated from multiple sensing participants without requiring
raw data sharing. Nonetheless, this “one-size-fits-all” style of traditional FL often
falls short when clients have diverse data distributions and unique application
requirements [32,39,45,47]. In this context, PFL has recently emerged promise to
extend the traditional FL, aiming to construct models that are not only globally
informed but also individually tailored to each client’s requirement [2].

PFL’s core appeal lies in its dual promise for both collective generalization
and individual personalization [24, 47]. Despite the promising prospects offered
by PFL, a critical accompanying challenge is the presence of Non-IID data across
clients. It is widely recognized that this challenge in PFL stems from the vulnera-
bility of gradient-based updates to Non-IID data [32,36]. Many significant efforts
have been devoted to addressing this issue, but relatively few studies attempt
to directly circumvent gradient-based updates in PFL [24, 31]. Differing from
prior gradient-based PFL research, our AnaPFL aims to fundamentally avoid
gradient-based updates through analytical solutions, enabling it to achieve the
ideal invariance to heterogeneity. Notably, our AnaPFL mainly aims at efficient
PFL over pretrained frozen features, based on AFL [11], rather than replac-
ing all gradient-based methods with trainable representations [1,28]. Therefore,
although many effective representation-learning-based PFL methods have been
developed [1, 20, 26, 28], they address a setting that is different from the one
considered in this work. In our setting, the feature extractor remains fixed, and
the key challenge is how to simultaneously enable global generalization and local
personalization without relying on iterative gradient-based optimization.
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2.2 Analytic Learning

AL is a popular gradient-free alternative to traditional backpropagation to cir-
cumvent the gradient-related issues such as vanishing and exploding gradients [17,
36,49,51]. AL is also referred to as pseudoinverse learning due to its reliance on
matrix inversion [4, 8, 29, 50]. Its core idea is to directly derive analytical (i.e.,
closed-form) solutions utilizing least squares [4,17,36,52]. With the utilization of
the block-wise recursive Moore-Penrose inverse [50], AL has shown superiority in
many modern applications, particularly in continual learning [15, 23, 51]. While
AFL has introduced AL into FL [11], it is not well-suited to the PFL scenarios,
where it suffers from the generalization-personalization dilemma, as shown in
Figure 2. In addition to AFL, several recent studies have investigated the effi-
ciency and effectiveness of closed-form solutions in FL [6,35,36]. Specifically, [6]
leverages analytic classifiers to accelerate heterogeneous FL. Meanwhile, [35]
extends analytic classifiers from static FL settings to dynamic continual FL en-
vironments with incremental data, and [36] enhances the representation learning
capacity of closed-form classifiers by deepening the analytic networks. However,
to the best of our knowledge, no existing work has explicitly investigated how to
reconcile generalization and personalization in PFL while preserving analytical
solutions. Our AnaPFL bridges this gap via dual-stream least squares, achieving
both generalization and personalization in PFL. Notably, our AnaPFL is or-
thogonal to the aforementioned AFL-based advances [35,36], and can be readily
combined with them to support continual settings and stronger representations.

3 Our Proposed AnaPFL

We consider the standard PFL scenario with one server and K clients. Each
client k possesses its local dataset Dk = {Xk,Yk}, where Xk ∈ RNk×l×w×h and
Yk ∈ RNk×c represent the Nk local data samples and their corresponding labels,
respectively. Here, l×w×h denotes the three dimensions of input images, and c
is the number of classes. On the one hand, clients aim to improve their models’
generalization by leveraging collective knowledge within the federation. On the
other hand, the clients seek to enhance their models’ personalization capabilities
by adapting to the unique characteristics of their own local data.

3.1 Overview

In our AnaPFL, we aim to fundamentally avoid the reliance on gradient-based
updates in PFL, with the help of gradient-free AL. Taking into account the dual
requirements of generalization and personalization in PFL, we design our dual-
stream analytic model to achieve a balance. The overall design of our AnaPFL is
illustrated in Figure 3. Motivated by the widespread use of pre-trained foundation
models in FL [40, 41], we employ a self-supervised foundation model, e.g., ViT-
MAE [10], as the frozen backbone for feature extraction. The server can construct
it using non-private datasets or simply by downloading a public model, with
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Fig. 3: Detailed design of our proposed AnaPFL.

few privacy concerns. Following this backbone, we develop the primary stream
Ĝ to aggregate collective knowledge from all K clients in the federation for
enhancing global generalization. Finally, for each client k, we further construct
the individual refinement stream P̂k to capture and adapt to the client’s unique
local preferences, thereby enabling local personalization.

Thus, our goal is to obtain a primary stream Ĝ and a total of K refinement
streams {P̂k}Kk=1, as formulated below.
Minimize: ∑K

k=1
∥(Yk −ΦkĜ)−ΨkP̂k∥2F + β

∑K

k=1
∥P̂k∥2F, (1)

Subject to:
Ĝ = argmin

G
∥Y1:K −Φ1:KG∥2F + γ∥G∥2F. (2)

Here, Φk and Ψk represent the client k’s activated feature matrices, both
derived from the same frozen backbone but subsequently passed via distinct
random projections and nonlinear activation functions. The objective (1) serves
for the refinement streams to minimize the sum of each client’s local empirical
risk for local personalization. The constraint (2) ensures that the primary stream
minimizes the global empirical risk for achieving global generalization.

Notably, since the Cross-Entropy (CE) loss does not admit analytical solu-
tions, we adopt the Mean Squared Error (MSE) as the loss. In fact, recent studies
have broadly shown that the MSE loss is more robust and can achieve perfor-
mance comparable to or even better than the common CE loss [7, 11, 17, 48].
Then, using least squares, we devise the corresponding computation process for



AnaPFL 7

our AnaPFL to derive the analytical solutions to (2) and (1), thereby attaining
superiority in both generalization and personalization.

3.2 Primary Stream for Global Generalization

To begin with, all the clients collaboratively train a shared primary stream for
global generalization. To reach this goal, we meticulously design the computation
and aggregation process to derive the closed-form solution to (2) analytically,
rendering the primary-stream solution invariant to client-wise data partitioning.

Specifically, each client k first uses the established backbone of the founda-
tion model for feature extraction, thereby obtaining its primary-stream feature
matrix Φk as follows:

Φk = σP(Backbone(Xk, Θ)RP), (3)

Here Φk ∈ RNk×dP denotes the activated feature matrix of client k and dP is
the corresponding feature dimension. Meanwhile, Backbone( · , Θ) represents the
backbone with its parameters Θ, while RP and σP(·) represent the random pro-
jection matrix (initialized using Gaussian values) and the nonlinear activation,
which are all shared among clients.

Subsequently, the client utilizes its local activated feature Φk and label Yk

to construct its local primary stream Ĝk. Specifically, the problem of training
the local primary stream can be formulated as follows:

Ĝk = argmin
Gk

∥Yk −ΦkGk∥2F + γ∥Gk∥2F, (4)

where γ is the regularization parameter and ∥ · ∥2F is the Frobenius norm. The
analytical solution to (4) can be directly derived using the least squares method:

Ĝk = (Φ⊤
k Φk + γI)−1Φ⊤

k Yk. (5)

Concurrently, the client k computes its Auto-correlation Matrix according to
(6), and uploads this matrix Ak and its local primary stream Ĝk to the server.

Ak = Φ⊤
k Φk + γI. (6)

Upon receiving {Ak}Kk=1 and {Ĝk}Kk=1 from the clients, the server can ag-
gregate all the clients’ local knowledge and produce the global primary stream
Ĝ. Specifically, the server first updates the Aggregated Auto-correlation Matrix :

Ãk = Ãk−1 +Ak =
∑k

i=1
Ai, k > 1. (7)

Then, the server produces the Fused Knowledge Matrix, which is initialized
with F1 = Ĝ1 and recursively updated to include each client’s local knowledge:

Fk = ΛkFk−1 +∆kĜk, k > 1, (8)
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where {
Λk = I− (Ãk−1)

−1Ak(I− (Ãk)
−1Ak),

∆k = I− (Ak)
−1Ãk−1(I− (Ãk)

−1Ãk−1).
(9)

Once the total knowledge from all K clients has been integrated into the final
FK , the server computes the global primary stream Ĝ via (10):

Ĝ = [ÃK − (K − 1)γI]−1ÃKFK . (10)

Lastly, the server distributes the primary stream Ĝ to all clients. It is worth
noting that the resulting global model Ĝ exactly equals the optimal solution for
(2), as established by Theorem 1 in Section 3.4. More encouragingly, the final
result Ĝ is also independent of the order of clients. This order-invariance also
allows the server to update the Fused Knowledge Matrix asynchronously upon
client arrivals, without requiring a fixed aggregation order.

3.3 Refinement Stream for Local Personalization

After receiving the primary stream Ĝ, each client k leverages its local data to
construct the corresponding refinement stream for local personalization. Sim-
ilarly, we also derive the closed-form solution of (1) to serve as each client’s
individual refinement stream, aiming at further correcting the prediction bias of
the primary stream on the local dataset.

Specifically, each client k first extracts its refinement-stream feature matrix
Ψk using a distinct random projection and activation function to enhance the
linear separability:

Ψk = σR(Backbone(Xk, Θ)RR). (11)

Here, Ψk ∈ RNk×dR denotes the feature matrix for the client k’s refinement
stream, while σR and RR are the corresponding activation function and random
projection matrix. To form distinct feature spaces, RR is different from RP.
Moreover, σR and RR can be client-specific for privacy.

Subsequently, the client k uses the obtained global primary stream Ĝ, the
activated feature matrices Φk and Ψk, and the label matrix Yk to construct its
individual refinement stream P̂k. The overall optimization objective in (1) can
then be formulated locally for each client as:

P̂k = argmin
Pk

∥(Yk −ΦkĜ)−ΨkPk∥2F + β∥Pk∥2F, (12)

Here, β denotes the regularization parameter for the refinement stream. Sim-
ilarly, by leveraging the least squares method, the closed-form solution of (12)
can be expressed via (13), as established by Theorem 2 in Section 3.4.

P̂k = (Ψ⊤
k Ψk + βI)−1(Ψ⊤

k Yk −Ψ⊤
k ΦkĜ). (13)
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Thus, the primary stream Ĝ and refinement stream P̂k are combined to
construct the final model for each client k. During inference, for any input X̂k,
the corresponding inference result Ŷk is computed as:

Ŷk = Φ̂kĜ+ λΨ̂kP̂k, (14)

where Φ̂k and Ψ̂k are the activated feature matrices obtained from X̂k via (3)
and (11), respectively. The balance parameter λ ∈ (0, 1] controls the trade-
off between generalization and personalization, where a larger λ places greater
emphasis on personalization.

3.4 Theoretical Analyses

Here, we provide detailed theoretical analyses of our AnaPFL. First, in Lemma
1, we establish the validity of the recursive update formulation for the Fused
Knowledge Matrix and derive its closed-form analytical expression. Then, we
prove that the primary stream and refinement streams obtained by our AnaPFL
correspond exactly to the analytical solutions of (2) and (1), respectively. Finally,
in Theorem 3, we establish the desirable property of invariance to heterogeneity
enjoyed by AnaPFL and the corresponding corollary.
Lemma 1: Consider the following recursive update formulation for the Fused
Knowledge Matrix :

Fk = ΛkFk−1 +∆kĜk, (15)

where {
Λk = I− (Ãk−1)

−1Ak(I− (Ãk)
−1Ak),

∆k = I− (Ak)
−1Ãk−1(I− (Ãk)

−1Ãk−1).
(16)

The resulting Fused Knowledge Matrix Fk admits the closed-form expression:

Fk = (Φ⊤
1:kΦ1:k + kγI)−1Φ⊤

1:kY1:k. (17)

Proof. Due to space limitations, we only briefly outline the main proof idea
here for reference and provide the detailed proof in Appendix A. Specifically,
the proof proceeds by mathematical induction. For the base case, we first verify
that the initialization F1 satisfies the closed-form expression in (17). For the
inductive step, assuming that an arbitrary Fk−1 satisfies (17), we substitute its
closed-form expression into the recursive update in (15) and apply the Woodbury
Matrix Identity to show that the resulting Fk also satisfies (17). Therefore, by the
principle of mathematical induction, every Fused Knowledge Matrix Fk obtained
by our AnaPFL admits (17).
Theorem 1: The primary stream Ĝ derived from our AnaPFL is exactly equiva-
lent to the optimal solution that is obtained through empirical risk minimization
centrally over the complete dataset D1:K , as defined by the objective (2).
Proof. Due to space limitations, we only briefly outline the main proof idea
here for reference and provide the detailed proof in Appendix A. We first derive
the optimal solution to the centralized objective in (2) using the least-squares
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method. Then, by substituting the expression of FK established in Lemma 1
into (10), we show that the resulting Ĝ is identical to the optimal solution.
Theorem 2: The refinement streams {P̂k}Kk=1 derived from our AnaPFL are
exactly equivalent to the optimal solutions obtained through empirical risk min-
imization over the local datasets {Dk}Kk=1, as defined by the objective (1).
Proof. Due to space limitations, we only briefly outline the main proof idea
here for reference and provide the detailed proof in Appendix A. Based on The-
orem 1, we treat Ĝ as fixed and decompose the objective in (1) into independent
client-wise subproblems. For each subproblem, we derive its closed-form optimal
solution using the least-squares method and show that it is identical to the re-
finement stream P̂k computed by our AnaPFL.
Theorem 3 (Invariance to Heterogeneity): The primary-stream global
model Ĝ within our AnaPFL is independent of the data distributions across
clients, as long as the complete dataset D1:K remains unchanged. Formally, given
two arbitrary PFL systems with distinct data distributions {Di}Ki=1 and {D′

i}Ki=1.
As long as

⋃K
i=1 Di =

⋃K
i=1 D

′
i, their global models Ĝ and Ĝ′ derived from our

AnaPFL will be identical.
Proof. Due to space limitations, we only briefly outline the main proof idea
here for reference and provide the detailed proof in Appendix B. According
to the analytical expression of the primary stream proved in Theorem 1, Ĝ
depends only on Φ⊤

1:KΦ1:K and Φ⊤
1:KY1:K . When the complete dataset remains

unchanged, different client data distributions correspond only to permutations of
the samples. Since both terms are invariant to such permutations, the resulting
primary stream Ĝ remains unchanged.

Based on Theorem 3, we can further deduce our AnaPFL’s Dual Invariance
to Heterogeneity for any client k to the data distributions of all other clients, as
shown in Corollary 1 from Appendix B. Notably, in scenarios with partial client
participation (e.g., with dropouts), the complete dataset D1:K in Theorem 3 and
Corollary 1 should be defined as the union of data from all the participants.

4 Experiments

4.1 Experimental Setup

Datasets & Settings. We comprehensively evaluate AnaPFL on three visual
benchmark datasets: CIFAR-100 [14], ImageNet-R [12], and Tiny-ImageNet [16].
To simulate diverse Non-IID scenarios in PFL, we partition the data among
50 and 100 clients via the Dirichlet distribution [21] with the concentration
parameters α ∈ {0.1, 0.5, 1.0}. Notably, a larger number of clients (e.g., 100
clients) and a smaller α (e.g., α = 0.1) indicate more severe data heterogeneity,
as a more challenging Non-IID scenario.

Baselines & Metrics. We compare our AnaPFL against up to twelve state-
of-the-art baselines, including FL and PFL ones. The FL baselines include Fe-
dAvg [25], FedProx [19], their personalized variants (abbreviated as “-FT”), and
the analytic-learning-based approach AFL [11]. The PFL ones include Ditto [18],
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FedALA [43], FedDBE [42], Per-FedAvg [2], FedPCL [33], FedSelect [31], and
FedAS [39]. All gradient-based methods are set with 3 local training epochs and
200 global communication rounds. To ensure a fair comparison, we follow the
frozen-feature setting adopted by AFL [11], where all methods use the same
frozen backbone for feature extraction. Building upon this, to address potential
data privacy concerns associated with the original supervised backbone used in
AFL (i.e., a pre-trained ResNet-18), we adopted a self-supervised ViT-MAE-
Base [10] as the pre-trained backbone and utilized its CLS tokens for feature
extraction. Following the PFL convention, we use the average accuracy of each
client’s final model on its local test set as the core metric. Moreover, we use the
overall running time and communication overhead to evaluate the computational
and communication efficiency of different methods.

Implementation Details. For our AnaPFL, the balance parameter λ is
selected by randomly holding out 10% of the training data as a validation set,
without accessing the test set. The selected values of λ are 0.5, 0.3, and 0.2
for CIFAR-100, Tiny-ImageNet, and ImageNet-R, respectively. Once λ is de-
termined, the validation samples are restored, and the final model is trained
using the complete training set. The remaining parameters are empirically set
to γ = 10−2, β = 1, dP = dR = 1024, and σP(·) = σR(·) = Tanh, without exhaus-
tive tuning for their optimal values. For the baselines, AFL and FedSelect are
implemented using their official codebases, while the remaining baselines are im-
plemented based on PFLLib. For each baseline, we evaluate several recommended
configurations provided by its official repository or reference implementation and
select the best-performing configuration using the same validation protocol de-
scribed above. All experiments are implemented in PyTorch and conducted on
NVIDIA RTX 4090 GPUs.

4.2 Overall Comparisons

As detailed in Table 1, we compared the average accuracy performance of our
AnaPFL with the other 12 baselines across various settings in terms of datasets,
client scale, and data heterogeneity. In general, our AnaPFL consistently achieves
the best performance across all the experimental settings, outperforming the
SOTA baselines with significant improvements of at least 1.57%–16.71%.

Notably, since AFL focuses on improving the generalization ability of the
global model without accounting for personalization, it shows the most stable
performance across all heterogeneity scenarios. In contrast, the classic FL meth-
ods (i.e., FedAvg and FedProx) exhibit an increase in performance as α increases,
as the damage to their aggregation process from Non-IID data is reduced. Con-
versely, most PFL methods achieve peak performance at α = 0.1, with a decline
in performance as α increases, suggesting that personalization benefits are more
pronounced when data heterogeneity is high (i.e., α = 0.1). When data hetero-
geneity is low (i.e., α = 1.0), the local data distribution across all clients tends
to be IID, leading to minimal gain from the personalization process.

As a result, AFL is the strongest baseline with relatively low data hetero-
geneity (i.e., α = 0.5 and α = 1.0), benefiting from its strong ability to aggre-
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Table 1: Performance comparisons of the average accuracy (%) among our AnaPFL
and baselines. The best results are highlighted in bold, and the second-best ones
are underlined. The “Advance ↑” refers to the absolute performance advantage of
our AnaPFL compared with the second-best result. The comparisons involve three
benchmark datasets, two different client scales, and three data heterogeneity settings.

Baseline

CIFAR-100 Tiny-ImageNet ImageNet-R

50 Clients 100 Clients 50 Clients 100 Clients 50 Clients 100 Clients

α = 0.1 α = 0.5 α = 1.0 α = 0.1 α = 0.5 α = 1.0 α = 0.1 α = 0.5 α = 1.0 α = 0.1 α = 0.5 α = 1.0 α = 0.1 α = 0.5 α = 1.0 α = 0.1 α = 0.5 α = 1.0

FedAvg 43.53% 47.75% 48.91% 39.28% 43.31% 43.28% 40.86% 44.08% 43.99% 36.39% 39.90% 40.20% 6.30% 7.14% 7.61% 4.90% 4.60% 5.00%
FedProx 42.74% 46.73% 48.19% 38.37% 42.38% 42.54% 39.37% 42.77% 42.62% 34.80% 38.38% 38.74% 6.28% 7.36% 7.21% 4.85% 4.50% 4.99%
FedAvg-FT 58.81% 41.38% 37.73% 49.05% 31.37% 26.91% 49.61% 34.21% 30.15% 41.56% 25.28% 21.84% 20.42% 8.14% 6.15% 18.68% 7.52% 4.84%
FedProx-FT 57.63% 41.32% 37.73% 48.64% 31.38% 26.91% 49.59% 34.25% 30.14% 41.59% 25.28% 21.84% 20.40% 8.11% 6.13% 18.70% 7.53% 4.82%
Per-FedAvg 49.21% 40.39% 39.83% 49.65% 37.00% 34.26% 46.28% 36.10% 32.04% 46.10% 33.00% 27.63% 14.49% 7.57% 6.33% 13.83% 5.37% 4.34%
Ditto 69.80% 50.18% 43.72% 66.80% 41.32% 33.46% 62.10% 45.28% 44.99% 59.08% 41.26% 42.05% 25.35% 8.57% 6.05% 22.85% 7.88% 5.10%
FedALA 72.89% 52.60% 46.42% 70.63% 47.11% 38.20% 63.71% 43.25% 37.16% 61.16% 37.65% 30.88% 32.01% 12.29% 8.86% 28.20% 10.15% 5.91%
FedDBE 48.52% 49.96% 50.11% 43.20% 44.58% 44.41% 44.14% 45.24% 44.80% 39.28% 40.72% 40.86% 9.20% 8.46% 8.31% 7.40% 5.61% 5.78%
FedAS 56.70% 41.37% 37.78% 47.79% 30.73% 27.28% 48.64% 33.33% 29.78% 40.19% 24.12% 21.33% 20.32% 7.96% 6.00% 18.33% 7.37% 4.65%
FedPCL 23.99% 11.33% 12.52% 25.83% 11.82% 11.13% 14.63% 6.24% 7.58% 15.64% 6.88% 6.80% 0.83% 0.88% 1.13% 1.72% 1.11% 1.23%
FedSelect 72.46% 49.44% 41.58% 68.44% 42.71% 34.41% 62.29% 40.17% 33.53% 58.75% 33.50% 26.26% 34.83% 14.94% 9.59% 28.11% 11.01% 7.09%
AFL 56.63% 56.78% 56.66% 57.11% 57.23% 57.25% 46.63% 46.69% 46.25% 46.85% 46.87% 46.99% 28.87% 28.18% 28.32% 28.19% 28.58% 28.93%

AnaPFL 80.64% 66.96% 62.63% 79.22% 65.70% 61.42% 69.01% 55.16% 51.39% 68.57% 54.47% 50.81% 46.23% 34.02% 31.03% 44.91% 31.20% 30.50%
Advance ↑ 7.75% 10.18% 5.97% 8.59% 8.47% 4.17% 5.30% 8.47% 5.14% 7.41% 7.60% 3.82% 11.40% 5.84% 2.71% 16.71% 2.62% 1.57%

gate client knowledge for global generalization. In highly Non-IID scenarios (i.e.,
α = 0.1), FedALA and FedSelect emerge as the top performers among baselines,
as the increasing heterogeneity among clients’ local data makes personalization
more effective. Distinct from all these baselines, our AnaPFL maintains the best
performance as it properly balances generalization and personalization while
mitigating the detrimental impact of Non-IID data in a gradient-free manner.

Concurrently, as the number of clients increases (i.e., from 50 to 100 clients),
the performance of all methods generally declines. This evidence is because a
larger number of clients not only detrimentally affects model aggregation but
also results in each client’s local dataset becoming sparser, making effective per-
sonalization more difficult. Despite our extensive tuning efforts, the average ac-
curacy of most gradient-based baselines on the challenging dataset ImageNet-R
still languish below 10%, highlighting their inherent limitations.

4.3 Efficiency Evaluations

Subsequently, we further conduct comprehensive efficiency comparisons between
our AnaPFL and other baselines. Here, we set α to 0.1, the number of clients
to 50, and dP = dR to 1024 on all evaluations. Specifically, Figure 4 evaluates
the Accuracy-Efficiency balance of all methods, while Figure 5 focuses on the
efficiency advantages of our AnaPFL over the gradient-based baselines. Notably,
the computation overhead for each method encompasses the running time of
both feature extraction and classifier training for fairness.

We first compare the performance of AnaPFL and the baselines under differ-
ent numbers of aggregation rounds, as shown in Figure 4(a). Since AnaPFL and
AFL each require only a single aggregation round per client, they are represented
by the red and blue dashed lines, respectively. In contrast, the gradient-based
baselines iteratively update their models over as many as 200 aggregation rounds,
with their average accuracies generally increasing and gradually converging as
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Fig. 4: Evaluations for the Accuracy-Efficiency balance on the CIFAR-100 dataset.

the number of rounds grows. As can be observed, our AnaPFL achieves superior
average accuracy through gradient-free analytic learning after only one aggrega-
tion round, consistently outperforming all gradient-based methods even with up
to 200 rounds of iterative aggregation.

Furthermore, Figures 4(b)–(c) jointly evaluate the trade-off between accuracy
and computational or communication overhead. For clearer visualization of the
substantial differences in overhead across methods, we use logarithmic scales for
the horizontal axes in both plots. As can be observed, AnaPFL, denoted by the
red pentagram ⋆, is consistently positioned in the upper-left region of both
plots, indicating higher accuracy with lower running time and communication
overhead. These results demonstrate that our AnaPFL not only achieves supe-
rior predictive performance, but also provides a favorable Accuracy–Efficiency
balance in terms of both computation and communication.

Although AFL is slightly more efficient than our AnaPFL because it learns
only a global model without performing client-specific personalization, its aver-
age accuracy is substantially lower than that of AnaPFL, with performance gaps
of up to 17.36%–24.01% across the three datasets. Moreover, AFL remains less
accurate than several gradient-based methods, indicating that efficiency alone is
insufficient without an effective personalization mechanism. In contrast, AnaPFL
combines the single-round efficiency with client-specific refinement, making it the
only evaluated method that consistently outperforms all gradient-based baselines
in both accuracy and efficiency across the considered PFL settings.

Then, we further quantify the efficiency advantage of our AnaPFL over the
gradient-based methods in Figure 5. To highlight the superiority of our AnaPFL,
we selected two baselines as representative examples for comparison: FedAvg for
the FL category and FedPCL for the PFL category. As indicated in Figure 5, our
AnaPFL achieves an overhead reduction of over 99% compared to the gradient-
based baselines in terms of both computation (e.g., 100–300 s vs. 45,000–66,000
s) and communication (e.g., 200–400 MB vs. 20,000–40,000 MB). Moreover, our
AnaPFL has further room for future improvement via compression or sketching
techniques (e.g., low-rank matrix decomposition) [38,44].

Notably, these efficiency gains are measured under the controlled frozen-
backbone protocol adopted in our experiments, where all methods use the same
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Fig. 5: Efficiency comparisons regarding computation and communication overhead.

pretrained backbone for feature extraction. This unified setting enables a more
controlled and fair evaluation of the Accuracy–Efficiency trade-offs among dif-
ferent methods. By contrast, if the backbone were unfrozen, the overhead of
the gradient-based methods would increase substantially, since the backbone
would need to be optimized over multiple local epochs and communicated across
multiple global rounds. For instance, each communication round would require
uploading and downloading the updated backbone parameters, increasing the
communication overhead by orders of magnitude. This observation further un-
derscores the substantial efficiency advantage of AnaPFL.

5 Conclusion and Discussion

In this paper, we propose our AnaPFL to address the Non-IID issue while bal-
ancing generalization and personalization in a gradient-free manner. Specifically,
our AnaPFL brings AL into PFL, and employs dual-stream analytic models to
achieve both collective generalization and individual personalization. Notably,
our AnaPFL mainly aims at efficient PFL over pretrained frozen features, based
on AFL, rather than replacing all gradient-based methods with trainable repre-
sentations. Extensive experiments yield impressive results, validating the supe-
rior performance of our AnaPFL in terms of accuracy and efficiency.

In our AnaPFL, we adopt a pretrained ViT-MAE as the backbone for fea-
ture extraction, following the established tradition of employing a backbone in
analytic learning (e.g., ResNet-18 in AFL [11]). In this way, we also address the
previous privacy concerns of AFL regarding data leakage, as the self-supervised
pre-training for ViT-MAE only necessitates image reconstruction and avoids the
use of image labels [10]. Moreover, given the widespread adoption of ViT-based
backbones in the FL community, the resulting additional storage overhead (< 0.5
GB) is typically acceptable. Meanwhile, our AnaPFL is also readily compatible
with other stronger self-supervised models, such as DINO series [27], for further
enhancement with only minimal modifications.
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