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Abstract

Personalized Federated Learning (PFL) aims to deliver
effective client-specific models under heterogeneous distri-
butions, yet existing methods suffer from shallow proto-
type alignment and brittle server-side distillation. We pro-
pose HEART-PFL, a dual-sided framework that (i) performs
depth-aware Hierarchical Directional Alignment (HDA) us-
ing cosine similarity in the early stage and MSE matching
in the deep stage to preserve client specificity, and (ii) stabi-
lizes global updates through Adversarial Knowledge Trans-
fer (AKT) with symmetric KL distillation on clean and ad-
versarial proxy data. Using lightweight adapters with only
1.46M trainable parameters, HEART-PFL achieves state-
of-the-art personalized accuracy on CIFAR-100, Flowers-
102, and Caltech-101 (63.42%, 84.23%, and 95.67%, re-
spectively) under Dirichlet non-IID partitions, and remains
robust to out-of-domain proxy data. Ablation studies further
confirm that HDA and AKT provide complementary gains in
alignment, robustness, and optimization stability, offering
insights into how the two components mutually reinforce
effective personalization. Overall, these results demon-
strate that HEART-PFL simultaneously enhances person-
alization and global stability, highlighting its potential as
a strong and scalable solution for PFL (code available at
https://github.com/danny0628/HEART-PFL).

1. Introduction
Federated learning (FL) is a distributed learning framework
that enables multiple clients to collaboratively train models
without requiring centralized data collection, thereby pre-
serving data privacy and supporting deployment across di-
verse domains such as healthcare and computer vision. As a
fundamental solution, the FedAvg [28] algorithm updates a
global model on the server by aggregating parameters from
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locally trained clients. One of the central challenges in FL
arises from client heterogeneity, which commonly mani-
fests as imbalanced class distributions or non-independent
and identically distributed (non-IID) data [4, 6, 20, 41].
In response to personalization under client heterogeneity,
Personalized Federated Learning (PFL) [35] couples client-
specific adaptation with server-mediated knowledge aggre-
gation to improve per-client performance.

Previous studies have investigated diverse personaliza-
tion strategies. Early approaches adopted full-model per-
sonalization [8, 9, 19, 27], in which each client opti-
mizes a personalized model with a regularization term
while the global model resides on the server. This strat-
egy is parameter-intensive and imposes substantial compu-
tation and communication overhead, limiting its practical-
ity for resource-constrained clients. To alleviate the over-
head, subsequent works proposed partial-model personal-
ization [1, 3, 30, 46], where each client splits its model
into personalized and shared components, exchanging only
shared parameters with the server.

Adapter-based personalization [32] reduces computation
by personalizing only lightweight adapter modules while
sharing a common backbone across clients. PerAda [40]
extends this idea by freezing all non-adapter parameters and
updating only the adapter modules, enabling highly efficient
personalization.

Prototype-based approaches [7, 25, 38] typically per-
form alignment using prototypes from a single layer and a
predominantly server→client flow, leaving hierarchical se-
mantics underutilized and limiting client specificity. Fed-
PHP [21], for example, depends on global prototypes whose
quality mirrors that of personalized extractors—a fragile
circular dependency. Meanwhile, GPFL [44] introduces
trainable category embeddings that guide features in both
magnitude and direction without relying on strong extrac-
tors.

Knowledge transfer among clients via the server can
guide the training process and improve personaliza-
tion [43]. Incorporating clients’ historical personalized
knowledge [11] further enhances local adaptation. How-
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ever, existing knowledge distillation approaches often im-
prove personalization at the expense of degrading the global
model. To mitigate this trade-off, PerAda distills clients’
ensemble knowledge into the global model, improving gen-
eralization without sacrificing personalization.
Motivation and Observation. Despite recent progress,
PFL still faces two persistent gaps under non-IID client
distributions and out-of-domain data. First, representation
alignment is often shallow and one-way: prototype-based
strategies typically align at a only single layer and mostly in
the server-to-client direction, underutilizing hierarchical se-
mantics and risking the suppression of client-specific cues
essential for personalization. Second, server-side knowl-
edge transfer remains brittle: ensemble distillation on in-
distribution unseen data tends to push the global model
toward an averaged client teacher in a one-sided manner,
which can propagate teacher bias, fail to convey represen-
tational capacity, and destabilize global updates under het-
erogeneity.
Our Approach. We present HEART-PFL, which di-
rectly targets these two challenges with two complemen-
tary components that constitute our main contribution. Hi-
erarchical Directional Alignment (HDA) performs layer-
wise, direction-aware alignment between global features
and client class prototypes: cosine-based directional agree-
ment in early stage encourages consistent geometry for
generic patterns, while MSE-based semantic matching in
deep stage preserves class-specific meaning—leveraging
the full hierarchy without erasing personalization (Fig. 1).
Adversarial Knowledge Transfer (AKT) strengthens server-
side transfer by making distillation bidirectional and robust.
The global adapter and the client ensemble are aligned in
both directions on clean and adversarial proxy views, in-
creasing feature diversity and stabilizing updates despite
client heterogeneity (Fig. 2). For computational and com-
munication efficiency, we adopt an adapter-based realiza-
tion following prior work [32, 40]; this is a supporting de-
sign choice rather than our core contribution.
Empirical evidence. We evaluate HEART-PFL under stan-
dard PFL regime with label-skew, non-IID clients gener-
ated via Dirichlet sampling (various α) and with varying
client participation rates. Across these heterogeneous set-
tings, HEART-PFL consistently yields higher client person-
alization on the all benchmark datasets. Specifically, the ab-
lation studies highlight the complementary roles of the two
modules: HDA yields hierarchy-aware alignment improve-
ments, AKT enhances robustness and server-side stability,
and their combination achieves the largest personalization
gains with the most stable training. We summarize our main
contributions below:
• We propose the HEART-PFL framework, which tack-

les the data heterogeneity inherent in PFL through dual-
side contributions: client-side alignment and server-side

knowledge transfer, resulting in enhanced personalization
effectiveness.

• Our proposed method has two key components: (i) HDA,
which aligns global features with personalized prototypes
across multiple network layers; and (ii) AKT, which en-
hances the robustness of knowledge transfer via adversar-
ial views and symmetric distillation.

• We conduct extensive evaluations on several bench-
mark datasets with heterogeneous settings. Our method
demonstrates superior performance compared to state-of-
the-art methods across diverse heterogeneous client dis-
tributions. Moreover, we further demonstrated the effec-
tiveness of our key components, HDA and AKT, through
comprehensive ablation studies.

2. Related Works

2.1. Federated Learning under Data Heterogeneity

FL often suffers significant degradation under non-IID or
class-imbalanced client data, which induces client drift and
destabilizes global aggregation. The canonical FedAvg [28]
struggles in such regimes, and subsequent approaches have
introduced proximal constraints or variance-reduction cor-
rections to mitigate client drift and improve convergence on
skewed data [12, 18]. A complementary line of work fo-
cuses on aligning client representations via class prototypes.
Methods such as FedProto [38] and its successors [7, 25]
promote feature–prototype agreement to enhance consis-
tency and stabilize knowledge sharing amid heterogeneous
client distributions. Nonetheless, existing prototype formu-
lations typically perform alignment at only a single feature
layer and rely on a predominantly server-to-client align-
ment flow, which in turn underutilizes hierarchical semantic
structure and attenuates client-specific characteristics.

Knowledge distillation approaches address robustness
from a different angle. Server-side distillation from an en-
semble of client teachers has been shown to improve the
global model’s resilience to heterogeneous inputs [23, 24].
However, unilateral distillation on clean proxy data often
propagates teacher bias and can destabilize global updates
when clients diverge. More recent variants incorporate re-
fined distillation strategies, yet existing approaches [15, 42]
in FL still restrict knowledge transfer to a one-way server-
to-client direction. Complementary representation learning
methods, including contrastive approaches [2, 16], aim to
improve robustness under heterogeneity but typically oper-
ate at a single representation level and do not exploit the hi-
erarchical structure available in deep networks. These limi-
tations highlight the need for FL methods that can leverage
multi-layer semantic information while ensuring robustness
through bidirectional knowledge transfer.



2.2. Personalized Federated Learning

PFL aims to maximize per-client utility without forfeit-
ing cross-client knowledge sharing. Early PFL approaches
personalize the full model while regularizing toward a
global reference (e.g., pFedMe [36], Ditto [19]), which im-
proves specialization but incurs substantial computational
and communication overhead. Parameter-splitting methods
alleviate this burden by separating shared and private pa-
rameter subsets (e.g., FedPer [1], LG-FedAvg [22]), and
recent systems refine this idea through selective or adap-
tive update schedules (e.g., FedSelect [37], FedALA [45]).
Adapter-based designs further reduce overhead by training
compact, client-specific modules atop a shared backbone
(e.g., PerAda [40]).

Prototype-driven PFL aligns global features with client-
specific prototypes, but its performance often depends heav-
ily on extractor quality. Moreover, most formulations re-
strict alignment to a single representation layer with a pre-
dominantly server-to-client flow (e.g., FedPHP [21], Fed-
Proto [38]). More recent efforts (e.g., FedGPD [25], Fe-
dORGP [7]) advance this line but still center on shallow,
unidirectional prototype alignment. Distillation-centric
PFL, in contrast, transfers personalized knowledge through
the server or historical teachers. Although modern formu-
lations explore balanced divergence [33] and revised KL
strategies [39], most PFL applications still rely on conven-
tional teacher–student pipelines without incorporating ad-
versarial perturbations or symmetric constraints.

Within this landscape, our method integrates two com-
plementary components: (i) HDA between global features
and personalized class prototypes to capture multi-layer se-
mantics while preserving client-specific information, and
(ii) bidirectional, symmetric knowledge distillation on both
clean and adversarial proxy views to stabilize global up-
dates under heterogeneity. Together, these components
yield improvements in both personalized and global perfor-
mance across strong PFL baselines while reducing round-
to-round instability.

3. Methodology

3.1. Preliminaries

Personalized Federated Learning. We consider a tra-
ditional PFL setting with N clients C = {c1, . . . , cN},
where each client ck has a local non-IID dataset Dk =
{(xi

k,y
i
k)}

nk
i=1 containing nk data samples. Let θ ∈ Rdθ

denote the parameters of global model shared across all
clients, and Ω = {ω1, ω2, . . . , ωN} represent the collec-
tion of parameters of personalized models, where each ωk ∈
Rdω is specific to client ck. The typical objective of PFL is

formulated as:

min
θ,Ω
P(θ,Ω) = 1

N

N∑
k=1

Fk(θ, ωk), (1)

where Fk(θ, ωk) denotes the local objective function for
client ck:

Fk(θ, ωk) =
1

nk

nk∑
i=1

L(f(xi
k; θ, ωk),y

i
k), (2)

where f(·; θ, ωk) is the model parameterized by both global
and personalized parameters, and L(·, ·) is the task-specific
loss function.
Adapter for cost efficiency. Mitigating communication
and computational overhead remains a critical challenge
in PFL. To address this, we adopt a lightweight adapter
architecture [40] implemented as a sequence of Batch-
Norm–Dropout–Conv2D layers with a residual connection,
leveraging frozen pretrained parameters to maximize effi-
ciency. Unlike conventional formulations where both global
and personalized models are fully trainable, our framework
restricts trainable components to adapter modules.

Formally, we redefine the global model as θ = (ψ, θ̃)
and the personalized model as ωk = (ψ, ω̃k), where ψ de-
notes frozen pretrained parameters and θ̃, ω̃k are the train-
able adapter parameters. The personalized objective is thus
reformulated as:

min
θ̃,Ω̃
P(θ̃, Ω̃) = 1

N

N∑
k=1

Fk(θ̃, ω̃k). (3)

3.2. Hierarchical Directional Alignment
Existing prototype-based approaches [7, 25, 38] have fo-
cused primarily on single-layer representations, which may
not fully leverage the hierarchical semantic structure inher-
ent in deep networks. Although these methods have shown
promising results, they typically extract prototypes from
only a single network layer, potentially overlooking infor-
mation from the rest of the layers. Moreover, these methods
predominantly follow a server-to-client alignment direction,
where client models are regularized to conform to global
prototypes. This is often at the expense of preserving the
unique features required for effective personalization.

To address these challenges, we introduce HDA (Fig. 1),
a novel layer-wise alignment mechanism that utilizes fea-
tures of the global model θ with class-wise prototypes of
the personalized model ωk. As illustrated in Figure 1,
HDA captures structural relationships between global and
client parameter spaces via layer-specific alignment strate-
gies, thereby enhancing personalized performance for all
clients.



Figure 1. Overview of our proposed HDA. HDA extracts a hierar-
chical set of class-wise prototypes from each client’s personalized
model. It then aligns features from the global model with these
client-specific prototypes using a semantic-aware mechanism: co-
sine similarity for early stage and MSE for deep stage. This align-
ment mechanism is formulated as our proposed HDA loss, LHDA.

Layer-wise Prototype Extraction. For each client ck, we
extract multi-scale feature representations across l network
layers, spanning from elementary feature to semantic fea-
tures. Given the client dataset Dk, we formalize the layer-
wise feature extraction process as:

F
(l)
k = {h(l)k (xi) : (xi,yi) ∈ Dk}, (4)

where h denotes the feature extraction function, followed
by adaptive pooling to ensure dimensional consistency.
Class-wise Prototype Extraction. For each class v and
layer l, we construct personalized prototypes by aggregat-
ing class-representative features:

p
(l)
k,v =

1

|Dk,v|
∑

(xi,yi)∈Dk,v

h
(l)
k (xi). (5)

This generates a hierarchical prototype collection Pk, cap-
turing abundant class representations for client k. The class-
wise prototype extraction is consistent across heteroge-
neous data distributions, aiding reliable convergence within
each client’s imbalanced class distribution.
Semantic-Aware Layer-wise Alignment. The core inno-
vation of HDA lies in its semantic-aware alignment mech-
anism that employs stage-wise similarity functions tailored
to different representational characteristics. The semantic-

aware alignment function is defined as:

A(l) =

{
1− cos(fglobal, ppersonal), l ∈ learly,

MSE(fglobal, ppersonal), l ∈ ldeep.
(6)

Our asymmetric design leverages global features fglobal
extracted by the global model and aligns them with client-
specific, class-wise prototypes ppersonal, effectively bridging
client-specific understanding with collective global knowl-
edge. Here, learly and ldeep denote the layer sets of the early
stage and the deep stage, respectively. We partition layers
by depth: the early stage spans from the input to the net-
work’s central region, and the deep stage covers the layers
beyond this boundary, as validated by our ablation study
(Figure 4). In the early stage, where features are more
generic, we employ cosine similarity to guide their direc-
tional alignment. For the deep stage, we use Euclidean dis-
tance to enforce precise alignment.

The complete training objective for each client combines
the standard cross-entropy loss, proximal term 1

2∥ωk− θ∥22,
and our proposed HDA loss:

LHDA,k(θ,Pk) =
1

nk

nk∑
i=1

l∑
j=1

1

l
A(j)(h(j)g (xi

k; θ),p
(j)

k,yi
k

).

(7)
Consequently, the final personalized objective function is:

min
θ,Ω
P(θ,Ω) = 1

N

N∑
k=1

{Fk(θ, ωk) + LHDA,k(θ,Pk)} .

(8)

Figure 2. Overview of our proposed AKT. To enhance the robust-
ness of the global adapter, AKT performs knowledge distillation
using both clean and adversarially generated proxy samples.



3.3. Adversarial Knowledge Transfer
We propose an AKT mechanism that improves the general-
ization of the global adapter by enhancing the robustness of
ensemble Knowledge Transfer (EKT) [23, 40] from hetero-
geneous clients to the server. Beyond aggregating client-
specific parameters, our AKT further distills the client-
ensemble knowledge to update the global adapter, thereby
ensuring stable convergence under client heterogeneity.

On the server side, EKT employs a proxy dataset Dρ to
minimize the discrepancy between the probability distribu-
tions of the clients’ local models and the global model:

LEKT =
∑

xρ∈Dρ

LKL(p̄(xρ) ∥ pg(xρ)) , (9)

where LKL(· ∥ ·) is the Kullback–Leibler divergence
(KL) loss [10]. Here, p̄(xρ) = 1

N

∑N
i=1 pi(xρ) denotes

the ensemble (averaged) client distribution, and pg(xρ) de-
notes the probability distribution of the global model; both
are obtained by applying the softmax to their corresponding
logits.

However, this unilateral knowledge distillation from the
local ensemble to the global model may lead to superfi-
cial transfer of knowledge. To address this, we enhance
the EKT framework by incorporating adversarial knowl-
edge and symmetric distillation, which promote feature di-
versity through adversarial samples and improve the stabil-
ity of global adapter updates.

We utilize the symmetric KL loss, inspired by [14, 33,
39], to reduce representational discrepancies between the
global adapter and the per-client local adapters under data
heterogeneity. Specifically, for each client k, we instanti-
ate a per-client local adapter ϕ̃k, used solely for EKT to the
global adapter; ϕ̃k mirrors the adapter architecture of both
the personalized and global models. The symmetric KL acts
as a regularizer, encouraging the global adapter to better
capture the representational capacity of the local adapters
while avoiding one-sided overfitting. Formally, the sym-
metric KL loss is defined as follows:

LsKL =
∑

xρ∈Dρ

LKL

(
p̄(xρ) ∥ pg(xρ)

)
+

∑
xρ∈Dρ

LKL

(
pg(xρ) ∥ p̄(xρ)

)
.

(10)

Then, we employ the standard adversarial perturbation
method [26] to generate adversarial samples that embed ro-
bust knowledge. Given a clean sample (xρ,yρ) from the
proxy dataset Dρ, the adversarial counterpart xadv

ρ is ob-
tained via:

xt+1
ρ = ΠBϵ(xρ)

(
xt
ρ + α · sign

(
∇xt

ρ
LCE(f(x

t
ρ),yρ)

))
,

(11)

where LCE(·) is the cross-entropy loss, f is the model, α
is the step size, and ΠBϵ(xρ)(·) projects onto the ℓ∞-ball
of radius ϵ centered at xρ. The process is initialized with
x0
ρ = xρ + δ, where δ ∼ Unif[−ϵ, ϵ]. After T iterations,

the final adversarial sample is xadv
ρ = xT

ρ .
Building upon the adversarial sample generation, we de-

fine the AKT loss as follows:

LAKT =
∑

x′
ρ∈{xρ,xadv

ρ }

LsKL(x
′
ρ). (12)

3.4. Algorithm

Algorithm 1 HEART-PFL

Input: Client set C, rounds R, Initialized models
θ0,{ω̃0

k}k∈C , client datasets {Dk}k∈C , proxy dataset
Dρ

Output: personalized adapters {ω̃R
k }k∈C

1: for each round r = {0, 1, . . . , R− 1} do
2: Sr ← Select a random subset of clients from C
3: Receive global adapter θ̃r from server
4: // Client Side
5: for client ck ∈ Sr do
6: for epoch e ∈ {0, 1, . . . , Eclient − 1} do
7: Update ω̃r,e+1

k by Eq. (8)
8: ω̃r+1

k ← ω̃r,Eclient
k

9: Initialize local adapter ϕ̃r,0k ← θ̃r

10: for epoch e ∈ {0, 1, . . . , Eclient − 1} do
11: ϕ̃r,e+1

k ← ϕ̃r,ek − ηϕ̃∇LCE(ψ, ϕ̃
r,e
k )

12: Return ϕ̃r+1
k = ϕ̃r,Eclient

k to server
13: // Server Side
14: Adapter Averaging: θ̃r+1 ← 1

|Sr|
∑

ck∈Sr
ϕ̃r+1
k

15: for each (xρ,yρ) ∈ Dρ do
16: xadv

ρ,k ← generate by Eq. (11)(xρ; ϕ
r+1
k )

17: xadv
ρ,g ← generate by Eq. (11)(xρ; θ

r+1)

18: for each (xρ,yρ) ∈ Dρ do
19: θ̃r+1 ← θ̃r+1 − ηθ̃∇LAKT (x

′
ρ)

20: Return updated global adapter θ̃r+1 to all clients

Algorithm 1 outlines the optimization of the personal-
ized objective across rounds. At each communication round
r ∈ {0, . . . , R − 1}, the server samples a client subset
Sr ∈ C and broadcasts the current global adapter θ̃r to
those clients. Each selected client ck ∈ Sr first updates
its personalized adapter on local dataDk by minimizing the
final personalized objective loss P(·, ·) (Eq. 8) using HDA
for client epochs ω̃r+1

k ← ω̃r,Eclient
k . Then, the client ini-

tializes local adapter ϕ̃r,0k ← θ̃r, and uses it with the stan-
dard cross-entropy loss LCE(ψ, ϕ̃k) using learning rate ηϕ̃
over client epochs Eclient to obtain ϕ̃r+1

k , which is sent back



to the server. After collecting ϕ̃r+1
k , the server performs

simple adapter averaging, θ̃r+1 ← 1
|Sr|

∑
ck∈Sr

ϕ̃r+1
k . To

strengthen θ̃r+1 against client heterogeneity via AKT, the
server uses the proxy dataset Dρ to generate adversarial
variants via adversarial perturbation steps with respect to
the local adapters and the current global adapter (Eq. 11),
producing xadv

ρ,k and xadv
ρ,g . Next, the server updates the global

adapter on the combined samples x′
ρ by minimizing the

AKT loss LAKT with learning rate ηθ. Finally, the server
broadcasts the updated adapter to initiate round r+1. After
R rounds, HEART-PFL returns the personalized adapters
{ω̃R

k }k∈C .

4. Experimental Results
4.1. Experimental Setup
Datasets and Model. We conduct a classification task us-
ing three datasets: CIFAR100 [13], Flowers102 [29], and
Caltech101 [5]. We perform experiments in a PFL en-
vironment with simulation settings. To simulate imbal-
anced data distributions across all three datasets, we cre-
ate non-IID environments by employing Dirichlet distribu-
tions with various alpha parameters (0.1, 0.3, 0.5) across all
clients. For the overall experiments, we adopt ResNet-18
pretrained on ImageNet-1K [34], following previous stud-
ies [6, 32, 37, 40].
Baselines. To evaluate our method, we compare against
state-of-the-art PFL methods: LG-FedAvg [22], FedPer [1],
Ditto [19], FedBABU [30], FedALA [45], and PerAda [40].
For a fair comparison in personalized experiments, we in-
clude FedAvg [28], FedProx [17], and FedProto [38], which
are originally designed for generalized global model learn-
ing, diverging from PFL’s personalization objectives. Fur-
thermore, we evaluate personalized versions of these meth-
ods, derived by fine-tuning their global models. We denote
them as FedAvg-Per, FedProx-Per, and FedProto-Per, re-
spectively.
Implementation Details. For fair non-IID settings, we
apply the following configuration across all participating
clients per round and datasets. The total number of clients
N is set to 20, with 8 clients randomly participating in each
round. Each round consists of client epochs E = 10, and
we conduct experiments for a total round R = 200. For
client-side hyper-parameters, we use SGD optimizer with a
learning rate of 0.01, learning rate decay of 1, and training
batch size of 16. For server-side hyper-parameters in AKT,
we employ Adam optimizer with a learning rate of 0.001
and batch size of 2048.

4.2. Personalization Performance Evaluation.
Table 1 summarizes the final experimental results, compar-
ing our proposed method, HEART-PFL, with several state-
of-the-art baselines across three public benchmark datasets.

The experiments are conducted under various levels of
data heterogeneity, simulated using a Dirichlet distribu-
tion. The results demonstrate that HEART-PFL consistently
achieves the best performance across all datasets and under
every tested Dirichlet setting. Specifically, when averag-
ing the performance across all distributions, HEART-PFL
demonstrates substantial improvements over various base-
line categories. Compared to generic FL methods adapted
for personalization, HEART-PFL achieves improvements
of 16.56% on CIFAR100, 12.65% on Flowers102, and
3.38% on Caltech101. Against PFL methods with differ-
ent approaches from HEART-PFL, our method shows gains
of 11.14%, 12.83%, and 4.40% across the three datasets.
When compared to feature alignment-based PFL methods,
HEART-PFL outperforms by margins of 23.40%, 18.25%,
and 7.75% respectively. Furthermore, against EKT-based
PFL, our approach achieves superior performance with
improvements of 0.64%, 2.68%, and 5.82% across the
datasets. From an efficiency perspective, Table 2 demon-
strates that HEART-PFL requires lower training costs while
achieving the highest performance.

4.3. Ablation Study

Component-wise Evaluation in HEART-PFL. To vali-
date the effectiveness of our proposed method, we conduct
comprehensive ablation studies on its two key components:
HDA and AKT (Table 3). We systematically evaluate the
impact of each component on both model performance and
the number of trainable parameters. Our approach achieves
the highest personalized test accuracy of 63.42% with only
1.46M adapter parameters, demonstrating that HDA and
AKT each contribute substantially to the overall perfor-
mance and that their combination yields optimal results in
terms of both accuracy and parameter efficiency.
Out-of-Domain Robustness of HEART-PFL. To evaluate
the domain generalization ability of HEART-PFL, we as-
sess its performance when the proxy dataset Dρ and the
client datasets Dk originate from different domains. We
consider two experimental conditions: (i) distillation us-
ing out-of-domain proxy data and (ii) distillation using in-
domain proxy data. Under each condition, we further ex-
amine two scenarios.

In the first scenario (Figure 3a), the client dataset is CI-
FAR100 and out-of-domain proxy dataset is Flowers102,
our method demonstrates remarkable domain generaliza-
tion capability. The out-of-domain version achieves 63.01%
accuracy while the in-domain version reaches 63.42% ac-
curacy, showing only a marginal 0.41% difference. This
minimal gap indicates that HEART-PFL effectively trans-
fers knowledge even across significantly different domains.

In the second scenario (Figure 3b), with Caltech101
as the client dataset and Flowers102 as the out-of-domain
proxy dataset, we observe even more compelling results.



Method CIFAR100 Flowers102 Caltech101

α = 0.1 α = 0.3 α = 0.5 α = 0.1 α = 0.3 α = 0.5 α = 0.1 α = 0.3 α = 0.5

FedAvg-per 45.64 ± 0.4 45.44 ± 0.5 45.39 ± 0.2 68.11 ± 1.4 72.68 ± 0.3 72.77 ± 0.6 90.03 ± 0.8 91.89 ± 0.3 92.68 ± 0.7

FedProx-per 45.83 ± 0.9 45.17 ± 0.6 45.50 ± 0.5 68.05 ± 2.1 72.97 ± 0.2 73.50 ± 0.9 89.79 ± 1.0 91.73 ± 0.3 92.63 ± 0.8

FedProto-per 38.89 ± 13.3 41.05 ± 0.5 36.03 ± 0.6 76.87 ± 0.7 63.06 ± 1.2 57.29 ± 0.8 90.77 ± 1.1 86.39 ± 0.9 84.09 ± 0.5

FedPer 56.65 ± 0.3 61.19 ± 0.4 56.74 ± 0.3 81.31 ± 0.8 73.96 ± 0.6 72.08 ± 1.2 93.11 ± 0.7 89.07 ± 0.4 88.03 ± 0.3

LG-FedAvg 43.33 ± 0.3 50.04 ± 0.4 43.69 ± 0.2 76.51 ± 1.1 61.63 ± 1.5 55.41 ± 0.4 91.53 ± 0.1 86.07 ± 0.3 83.57 ± 0.8

Ditto 57.31 ± 9.1 48.72 ± 0.4 45.35 ± 0.2 71.81 ± 1.3 72.92 ± 0.3 73.24 ± 0.7 90.08 ± 1.0 91.92 ± 0.3 92.51 ± 0.8

FedBABU 49.66 ± 2.4 48.40 ± 0.5 45.53 ± 0.2 68.37 ± 1.7 73.30 ± 0.2 73.66 ± 0.6 91.50 ± 0.7 91.90 ± 1.2 92.01 ± 0.7

FedALA 51.44 ± 0.6 54.46 ± 0.5 51.20 ± 0.4 68.63 ± 2.1 72.05 ± 0.4 72.64 ± 1.4 90.86 ± 0.8 92.02 ± 0.7 92.42 ± 0.8

PerAda 62.44 ± 0.4 61.42 ± 0.6 60.40 ± 0.6 80.83 ± 0.6 81.55 ± 0.5 81.55 ± 0.6 90.24 ± 0.8 87.14 ± 4.5 89.68 ± 0.9

HEART-PFL 63.42 ± 0.1 61.47 ± 0.2 61.28 ± 0.4 84.07 ± 0.5 83.68 ± 0.1 84.23 ± 0.2 95.67 ± 0.3 94.49 ± 0.3 94.35 ± 0.2

Table 1. Personalized test accuracy (%) of HEART-PFL and state-of-the-art baselines on CIFAR100, Flowers102, and Caltech101 under
Dirichlet client partitions (α ∈ {0.1, 0.3, 0.5}). Results are reported as mean±std over three seeds.

Method Trainable Params

FedAvg-per 11.18M
FedProx-per 11.18M
FedProto-per 11.18M
FedPer 11.18M
LG-FedAvg 11.18M
Ditto 22.36M
FedBABU 11.18M
FedALA 11.18M
PerAda 2.82M

HEART-PFL 1.46M

Table 2. Comparison of trainable parameter counts across state-
of-the-art PFL baselines under an identical backbone setting.
HEART-PFL achieves the lowest parameter cost (1.46M)

Method Trainable Params Accuracy (%)

Baseline 11.18M 45.64 ± 0.4

+ HDA 11.18M 58.94 ± 0.5

+ AKT 11.18M 59.46 ± 0.2

+ HDA + AKT 11.18M 61.83 ± 0.5

HEART-PFL (w/ adapter) 1.46M 63.42 ± 0.5

Table 3. Component-wise ablation study for HEART-PFL.

The out-of-domain version achieves 95.40% accuracy,
while the in-domain version obtains 95.35% accuracy. In
this case, the out-of-domain approach actually outperforms
the in-domain method. The HEART-PFL method demon-
strates comparable performance regardless of whether the
proxy dataset is in-domain or out-of-domain.
Stage-wise HDA Design. Our HDA method aligns person-
alized prototypes with global features using a dual similar-
ity scheme: cosine similarity in early stage for directional
alignment and MSE in deep stage for semantic alignment.

(a) Personalized test accuracy on
the CIFAR100 client dataset, using
Flowers102 as the out-of-domain
proxy dataset.

(b) Personalized test accuracy on
the Caltech101 client dataset, using
Flowers102 as the out-of-domain
proxy dataset.

Figure 3. Out-of-Domain Setting on CIFAR100 and Caltech101.
These experiments were conducted using the methods from our
HEART-PFL to measure the out-of-domain performance of AKT.

We conduct an ablation study to verify whether this ap-
proach ensures optimal alignment at the appropriate stage.

To analyze our method, we employ two metrics. First,
we measure Representation Alignment, defined as the co-
sine similarity between global features and personalized
prototypes. Cosine similarity is a primary metric for eval-
uating semantic alignment [2, 16], which, in our HDA,
directly validates its effectiveness in achieving directional
consistency. Second, we compute Feature Norm Variance,
the standard deviation of feature ℓ2 norms, measuring how
differently the model recognizes and processes various in-
puts to assess its representation capacity. This is motivated
by findings that feature norm distributions encode meaning-
ful model and data characteristics [31].

As shown in Figure 4, personalized test accuracies
steadily rise from the 0-layer to the 2-layer configuration,
achieving their highest performance with the 2-layer setup.
Both alignment and diversity scores show similar trends, in-
dicating that the HDA configuration yields optimal align-
ment between personalized and global models.



Figure 4. Layer-wise ablation study of HDA. We evaluate five
configurations: a baseline using MSE loss (without cosine sim-
ilarity) and settings with cosine similarity applied progressively
from one to all layers. The results show that increasing the depth
of directional alignment leads to consistent improvements in test
accuracy (blue bars), representation alignment (purple line), and
feature norm variance (green dashed line).

Component Ablations in AKT. We evaluate how each
core component of AKT contributes to performance on CI-
FAR100 under Dirichlet client partitions with α = 0.1. Fig-
ure 5a and Figure 5b summarize the personalized and global
test accuracies under these ablations.

Results show consistent patterns. First, our AKT outper-
forms all ablations on both metrics, indicating complemen-
tary gains from adversarial perturbation and symmetric KL.
In particular, personalized test accuracy reaches 63.42%,
the highest among all variants, and global test accuracy
reaches 54.08%, also the best. Finally, the gains manifest in
both evaluation regimes, indicating that the improvements
are not confined to per-client adaptation but also propagate
to the aggregated model. Taken together, these results sub-
stantiate that AKT is well-suited for PFL, delivering consis-
tent benefits to both personalized and global performance.

To verify that our proxy sample scenario facilitates the
optimization stability underlying these performance gains,
we examine the 3D loss surfaces of the four ablation vari-
ants (Fig. 6). This demonstrates that AKT effectively sta-
bilizes aggregation and reduces bias across heterogeneous
clients by reshaping the optimization landscape into a flat-
ter region.

5. Conclusion
We propose HEART-PFL to address the limitations of shal-
low feature alignment and fragile distillation in PFL. On the
client side, HDA performs hierarchical alignment by apply-
ing cosine similarity to features of the early stage and MSE
to the deep stage, preserving client-specific semantics. On
the server side, AKT employs symmetric KL distillation on
both clean and adversarial proxy samples to stabilize global
updates. Experiments on CIFAR100, Flowers102, and Cal-

(a) Personalized test performance. (b) Global test performance.

Figure 5. Personalized and global test performance under com-
ponent ablations of AKT on CIFAR100 with Dirichlet partitions
(α = 0.1). We compare the AKT (Ours) against variants us-
ing only clean samples (Clean), using only adversarial perturba-
tion (Adv), without adversarial perturbation but with symmetric
KL (Clean+sKL), without symmetric KL but with adversarial per-
turbation (Clean+Adv), and without clean samples (Adv+sKL).
Across both metrics, the Full AKT configuration achieves the best
accuracy.

(a) Clean (b) Adv

(c) Clean + Adv (d) AKT (HEART-PFL)

Figure 6. Visualization of the 3D loss landscapes for the four
proxy sample scenarios. Each surface is generated by evaluating
the average loss around the converged model parameters along two
random normalized directions.

tech101 show that HEART-PFL surpasses strong baselines
with only 1.46M trainable parameters while maintaining ro-
bustness under out-of-domain proxy data. Ablation studies
further demonstrate that HDA and AKT provide comple-
mentary benefits in alignment, robustness, and optimiza-
tion stability. We conclude that HEART-PFL establishes
a principled foundation for robust PFL under heterogene-
ity.
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