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Abstract

Personalized Federated Learning (PFL) excels at tailoring client-
specific models, which is particularly critical for decentralized and
heterogeneous data environments, yet existing methods produce
static models with a fixed tradeoff between accuracy and efficiency.
This inherent static nature limits their ability to adapt to inference
demands that vary with context and resource availability, posing a
challenge for real-world deployment. Early-exit networks (EENs),
which enable adaptive inference via intermediate classifiers, offer a
promising solution. However, integrating EENs into PFL introduces
two intertwined conflicts: client-wise heterogeneity across clients
and depth-wise interference arising from conflicting exit objectives.
Prior studies fail to resolve both conflicts simultaneously, leading to
suboptimal performance. In this paper, we propose X-FED, a novel
Conflict-Aware Cross-Client Federated Exit Distillation framework
that jointly addresses both client- and depth-wise conflicts while
extending PFL to early-exit networks. At its core, X-FED employs
a progressive, depth-prioritized student coordination mechanism
that mitigates interference among shallow and deep exits while
enabling effective personalized knowledge transfer across clients.
Furthermore, we introduce a client-decoupled formulation that
reduces communication overhead with theoretical soundness. Ex-
tensive evaluations on various datasets show that compared to
state-of-the-art PFL and PFL-EE methods, X-FED achieves higher
accuracy while reducing inference costs by 30.79%-46.86%.
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1 Introduction

Personalized Federated Learning (PFL) [44] excels at leveraging
the decentralized, heterogeneous data generated from IoT devices
for intelligent applications such as smart healthcare [35], traffic
prediction [55] and personalized assistants [29]. It enables collabo-
rative model training across a network of IoT devices (clients) while
tailoring models to each client’s unique data distribution. PFL of-
ten achieves higher accuracy than both generic federated learning
(GFL) of a single global model [33, 46, 47, 51] and local training
on limited data, as it effectively integrates shared knowledge with
client-specific insights.

Despite their improved accuracy, these personalized models are
inherently static, with a fixed tradeoff between accuracy and effi-
ciency. IoT applications, however, often process continuous data
streams in dynamic environments where inference requirements
change with context, workload, or resource availability [13]. For
instance, an image classifier in autonomous driving must prioritize
ultra-low-latency predictions to identify immediate hazards, such
as nearby pedestrians or vehicles, while ensuring accurate recogni-
tion of distant objects or under complex lighting. Dynamic models,
like early-exit networks (EENSs) [41, 45], address this challenge by
attaching intermediate classifiers (i.e., early exits) to the backbone,
enabling inference to terminate at shallower exits when appropriate.
This reduces latency while preserving accuracy for simpler inputs,
making EENSs ideal for IoT applications with fluctuating demands.

Can we effectively train both personalized and dynamic models
in federated learning (see Fig. 1)? Consider n clients, each training
personalized EENs with m exits. This setup requires optimizing mn
objectives simultaneously, which introduces challenges beyond the
scale. Two types of exit conflicts complicate the training process.
The first is client-wise heterogeneity, where variations in local data
distributions necessitate careful decisions on what to share across
clients versus what to personalize [44]. The second is depth-wise
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Figure 1: Motivation for personalized federated learning of
early-exit networks (PFL-EE).

interference, caused by conflicting backpropagation signals between
shallow and deep exits during joint training [23]. These conflicts
create intricate interdependence among exits, making personalized
federated training of EENs (PFL-EE) distinct from both personalized
federated learning of single-exit networks (PFL) [1, 8, 17, 34, 52]
and generic federated learning of EENs (GFL-EE) [18, 20, 24].

Existing solutions fail to address both conflicts simultaneously.
One naive approach is applying PFL to the last exit (and the back-
bone) [1], followed by local training of shallower exits [45]. How-
ever, this method underperforms because shallow exits also require
knowledge across clients to compensate for the sparse local datasets
(local vs. joint in Fig. 2). Another option is to adopt recent feder-
ated training methods for global EENs [18], which employ local
knowledge distillation (KD) [38] to supervise the training of shal-
low exits. Yet, under severe data heterogeneity, which is intrinsic in
PFL, local KD can degrade accuracy, performing worse than simple
joint training (joint + local KD vs. joint in Fig. 2). Both strategies fail
because they implicitly treat exits as analogous to clients, reducing
PFL-EE to standard PFL with more clients, thereby overlooking the
distinctions between client- and depth-induced exit conflicts.

In this paper, we present X-FED, a Conflict-Aware Cross-Client
Federated Exit Distillation framework for personalized federated
learning of EENs. X-FED effectively resolves both client- and depth-
wise conflicts, enabling shallow exits to distill personalized knowl-
edge from the last exits across all clients. At its core is a progressive,
depth-prioritized coordination strategy for student exits. Specifi-
cally, X-FED gradually incorporates exits along the depth dimension
rather than the client dimension, encouraging shallow exits to align
with their corresponding teachers first, thereby reducing conflicts
during subsequent distillation. The incremental inclusion also main-
tains manageable conflict levels throughout the training. Following
student selection, X-FED matches teacher exits to student exits
based on inferred data similarity, as is standard in PFL, to facili-
tate personalized knowledge transfer across clients. Furthermore,
to avoid the communication overhead of cross-client KD, X-FED
introduces a client-decoupled formulation that achieves theoretical
equivalence to cross-client KD while incurring a communication
cost comparable to standard FedAvg [33].

Our main contributions are summarized as follows.

o To our knowledge, this is the first work on personalized fed-
erated learning of early-exit networks (PFL-EE). It advances
PFL from static to dynamic models capable of high-fidelity
and low-latency inference in evolving environments.
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Figure 2: An empirical comparison of post-PFL exit train-
ing (local), direct extension of PFL to EENs (joint), existing
GFL-EE (joint + local KD), and our solution (joint + cross-
client KD) to train personalized 4-exit EENs for 100 clients
on CIFAR-100 under Dir(0.3).

e We propose X-FED, a unified distillation-based framework
that addresses the dual challenges of client-wise heterogene-
ity and depth-wise interference in PFL-EE. It harmonizes exit
training through progressive, depth-prioritized student co-
ordination and introduces a client-decoupled formulation to
eliminate the communication overhead of direct cross-client
distillation.

e Evaluations on four datasets show that X-FED outperforms
state-of-art PFL [1, 5, 8, 17, 26, 34, 48, 52] and GFL-EE [18, 20]
baselines in accuracy, while reducing the inference cost by
up to 30.79-46.86%.

2 Related Work

Personalized Federated Learning. PFL [44] trains personalized
models rather than a single global model to handle non-IID data
across clients. Each model holds a client-specific classifier [1, 6,
8, 34, 36] or is a different sub-model of the global model [3, 32,
56] to retrain personalized parameters. For example, FedRep [8]
divides the model into a global feature extractor and a local classifier.
Only the feature extractor is aggregated at the server. pFedGate [3]
employs personalized masks to generalize different sub-models for
clients. Personalization can also be enforced via client clustering
[43], model regularization [26], knowledge distillation [54], meta-
learning [10], etc.

Existing PFL research trains personalized, static (single-exit)
models, whereas we learn both personalized and dynamic models
exemplified by early-exit networks. For simplicity, we adopt the
classifier-based strategy [1, 6, 8, 34, 36] for personalization.
Early-Exit Networks. EENs [41] are dynamic neural networks
[13] that condition their computational depths on inputs. They
insert intermediate exits to the model, allowing early termination
of inference on easy samples, thus improving inference efficiency.
An EEN can be optimized in model architectures [15, 45, 50], exit
policies [16, 19, 42], and training strategies [11, 38, 53]. We employ
the classic multi-branch architecture with a simple confidence-
based exit policy [45], and mainly focus on EEN training.

The exits in EENs are often jointly trained to improve accuracy
[13, 15], which can be further enhanced by knowledge distillation
(KD) [38]. Originally, EEN training assumes centralized settings.
Yet recent efforts [18, 20, 24, 40] have explored federated learning
of a global EEN with clients of heterogeneous resource constraints
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[9]. We investigate an orthogonal problem that trains personalized
EENs with clients holding non-IID data. Our solution is inspired by
these studies [18, 20, 24] that utilize KD to harmonize exit training.
However, their KD is confronted within each local EEN. We show
the necessity and propose a novel formulation of cross-client KD
for federated learning of personalized EENS.

3 Problem Statement

Personalized Federated Learning (PFL). Assume n clients {c;,
¢z, - .. ¢} holding local datasets {Ds, Dy, ..., D,} which are often
not independent and identically distributed (non-IID). PFL trains n
personalized, single-exit models {0y, . .., 0,} in a standard federated
setup [33], by optimizing the following objective [44]:

n
min ZPiFi(9i§Di) (1)
i1

where p; = an “l) K and F; is the local objective of client i.

Early-Exit Networks (EENSs). An EEN [45] is a dynamic neural
network that adjusts its computational depths at inference time
based on inputs. It consists of a backbone ¢ and m exits {hy, ..., by }.
The m exits are often jointly trained on dataset D to mitigate cross-
exit interference and boost accuracy [23, 41].

m
min »" w;F(¢, hj; D) @)

j=1
where Vj, the exit-wise weight w; = 1/m, assuming each exit is
equally important for inference [12, 15, 20, 24, 38].
Personalized Federated Learning of EENs (PFL-EE). We train
for each client i a personalized, multi-exit model 6; = (¢; hiy, . . ., him)
in the federated manner, where ¢ is a backbone shared among the
n clients, and {h1, ..., him} are m personalized exits for client i, by
optimizing the following objective:

n m
miHZPiZWjFi(QS, hij; D;) (3)
=1 =1
It differs from prior studies as follows.

o Traditional PFL [1, 8, 17, 34, 52] optimizes n client-wise ob-
jectives, while we simultaneously optimize mn objectives in
both the client and exit dimensions.

o EENSs have been used to align features among local models
of different depths in FL [18, 20, 24], which we term as GFL-
EE. It is primarily designed for IID data and learns a global
multi-exit model whereas we train n personalized multi-exit
models.

Challenges. PFL-EE is more challenging than standard PFL and
GFL-EE not only because of the increased scale of objectives but
also the need for a unified approach to handle two types of conflicts.
(i) There is interference among exits due to the interplay of multiple
backpropagation signals in joint exit training [23]. (ii) There is data
heterogeneity among clients that demands careful balance between
similarity and complementarity for effective federated training [49].
Scope. We focus on the training of EENs. We attach an exit per block
to construct a classic multi-branch EEN architecture and apply a
simple threshold-based exit policy [45]. For simplicity, FedAvg [33]
is used for model aggregation.
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Figure 3: Overview of X-FED.

4 Method

4.1 X-FED Overview

X-FED is a Conflict-Aware Cross-Client Federated Exit Distillation
framework for effective personalized federated learning of EENs.
Principles. X-FED is inspired by [18] that exploits the last exit as an
anchor to harmonize the training of shallow exits. This is achieved
via knowledge distillation (KD) from the last exit to shallow ones
within the local EEN at each client. We extend the idea to PFL-EE by
allowing distillation from the last exits across all clients to shallow
exits across all clients.

Specifically, let 0;; = (¢, h;;) be the sub-model that corresponds
to backbone ¢ and exit h;; of client i at depth j. For a student model
0, our cross-client KD leverages all teacher models {61, . .., Opm }
to improve 6 via the following KD loss:

n
Lxxp(05x) = > kiDxr, (Bim (x)110(x)) )
i=1
where Dk is the KL divergence [22], and k; is the distillation weight
of teacher i in cross-client KD, satisfying Y.\ k; = 1.

o Cross-client KD is necessary for PFL-EE. Naively integrating
local KD into PFL as GFL-EE [18, 20, 24] even yields a lower
accuracy than PFL without KD (see Fig. 2).

o Cross-client KD necessitates new student-teacher coordi-
nation mechanisms due to the increased scale and type of
conflicts as explained in Sec. 3.

X-FED coordinates the distillation by prioritizing conflict manage-
ment among exits over clients. (i) In the exit dimension, we fix the
last exits from all clients as candidate teachers, and progressively
include shallow exits as students, to mitigate the conflict exerted to
the shared backbone. (ii) In the client dimension, each student exit
learns from the last exit beyond its own client, and it is matched
with teacher exits from other clients based on their (estimated) data
similarity for effective distillation.

Workflow. X-FED integrates the above principles into a typical
PFL pipeline (see Fig. 3). In each round, client i trains the shared
backbone @ and its personalized exits {h;;} on local dataset D; as:

min " w; (Ler (053 Di) + ALk (i Dy) )
JjesSi
where the first term is the standard cross-entropy loss, the second
term is the cross-client KD loss defined in Eq. (4), A is the hyperpa-
rameter controlling the proportion of KL loss, and S; is the set of
exits included for training at client i.
The key novelty of X-FED lies in the effective conflict management
when optimizing Eq. (5) via standard gradient descent.
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e We progressively expand S; for client i via a conflict-aware
student selection scheme (Sec. 4.2) to control exit-wise inter-
ference during joint exit training and distillation.

o We adaptively set the distillation weights k = [kq, ..., ky]
based on the inferred similarities between student and teach
exits via a cross-client teacher matching strategy (Sec. 4.3).

o Naive implementation of the cross-client KD loss, i.e., second
term of Eq. (5), needs exit parameters of all n clients, which
incurs excessive communication and violates privacy. Hence,
we propose an equivalent decoupled cross-client distillation
formulation (Sec. 4.4) for practical deployment.

After local training, the server collects and aggregates the shared
backbone from the clients as in other classifier-based PFL [1, 6, 8,
34, 36]. When the training converges, the shared backbone and the
personalized exits are assembled as the final EEN for deployment
to each client (see Fig. 1).

4.2 Conflict-Aware Student Selection

This module determines the set of exits S; for local training and
distillation at every client i (1 < i < n)inround t (1 <t < T), with
T denoting the total number of rounds. As mentioned in Sec. 4.1,
the last exits of all clients are employed as teachers. Hence, S; is
initialized as {m} for all client i and round ¢. We design a two-tier
selection scheme that gradually involves the remaining (m — 1)n
exits as students for distillation (see Fig. 4).

Let the proportion of student exits in round ¢ be R(¢), which
corresponds to (m—1)nR(¢) student exits. We empirically set R(¢) =
min(%, 1). Other options are evaluated in Sec. 5.4.3. We gradually
include more exits for training over rounds to avoid the substantial
conflicts to optimize mn exits all at once. The concrete exit selection
operates as follows.

Depth-Prioritized Exit Selection. In round ¢, we first include the
L(m — 1)R(t)] shallowest exits as students for every client i. This
step is essential for two reasons.

e If the (m — 1)n exits are treated as (m — 1)n clients rather
than prioritize the depth, similarity-based client selection in
PFL [4] tend to pick exits from a single client, since the data
heterogeneity across clients is larger than that among exits
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of the same client. Yet this would cause the shared backbone
to bias towards the selected client.

o Including shallower exits and aligning them with the teacher
first will mitigate the conflicts in later distillation for deeper
exits, since it encourages deeper exits to only focus on the
knowledge not well-learned by shallow ones [53].

Similarity-Aware Exit Selection. For the remaining K=(m —
1)nR(t) — nl(m — 1)R(t)] exits, we pick them from depth | (m —
1)R(t)] + 1 as standard similarity-based client selection in PFL. We
focus on client similarity because we have included the shallow
exits of all exits, and thus sufficient client complementarity [49].
For two clients i and j, we measure the similarity of their exits [ as
5fj = min(0, cos(0y;, 01)). The gradient-based proxy is common to
measure data similarity among clients in FL [30, 31, 43].

Then we iteratively remove the least similar exits from all exits
&' at depth L. Specifically, we initialize the exit set & = &!. In each
iteration, we greedily remove exit e via the following criterion,

e =arg mm Z 5 6)
168
until the number of remaining exits |&| = K. We use the similarity
of final exits cos(0im, 0jm) to approximate that of shallow exits
cos(8;1, 0;1) to reduce communication cost.

4.3 Cross-Client Teacher Matching

This module assigns distillation weights k = [ky,...,kn] to the n
teacher exits for the student exits {h;;}"™* of client i. As shown in
Sec. 1, learning from other clients is crltlcal to boost the accuracy of
shallow exits, yet the teachers should be properly selected to avoid
negative knowledge transfer due to inter-client data heterogeneity.
We maximize the knowledge sources by associating each student
exit to all the n teachers, and only distill matched knowledge via
similarity-based teacher weighing. As mentioned in Sec. 4.1, only
the final exits in each EEN serve as teachers.

Similarity-Based Teacher Weighting. We assign the weights
k = [ky,...,k,] based on the inferred similarity in training data
distributions between the student and teacher exits. A higher simi-
larity results in a higher weight. We apply the same gradient-based
proxy as Sec. 4.2 and formulate the following objective:

n n 1 n
argmliixz ki cos(Om, 0) = p ). IIki - ~II° st D=1 ()
i=1 i=1 i=1

where 0 and 0;,, are the student model and the teacher model,
respectively. The second term is a barrier regularization of k con-
trolled by hyperparameter p [54].

Note that Eq. (7) approximately minimizes the transfer risk of
KD, i.e., student’s risk after KD. This is because the transfer risk
bound for KD is related to the cosine angle of the teacher model
and the student data space [37], which correlates to cos(6;,, 6).
Intra-Client Weight Approximation. Eq. (7) demands solving
k for all student exits {hl-j};.?:ll of client i, which can be time-
consuming. Since the exit-wise heterogeneity is less notable than
the client-wise heterogeneity in PFL [2], we enforce all student exits
at client i to share the same distillation weights k, which accelerates
the preparation for distillation.

Specifically, we utilize the similarity between the teacher exit
and the deepest student exit of client i to approximate cos(0;n,, 6).
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Figure 5: Decomposition of cross-client KD.

Accordingly, we reduce Eq. (7) from exit-wise to client-wise:

argmliix k'c— p(kl - %I)T(kl— %I) ®
st. 1'k=1,k>0

where ¢ = [cos(him, hsm), - - -, €OS(hpm, hsm)] for any student exit
s of client i, and we solve Eq. (8) via quadratic program.

4.4 Decoupled Cross-Client Distillation

As mentioned in Sec. 4.1, the cross-client KD formulated as Eq. (4)
(second term in Eq. (5)) is impractical at the clients since it needs
transmitting teacher exits of all other clients, which imposes high
communication cost and violates privacy [51]. One alternative is to
shift the KD from clients to the server. Yet it requires either a public
dataset [25, 54] or a data generator [58] at the server, which is less
favorable than client-side KD. Instead, we propose an equivalent
cross-client KD formulation without the need for other clients’ raw
model parameters at each client (see Fig. 5).

Client-Decoupled KD. We reformulate the cross-client KD in
Eq. (4) as a two-step pipeline.

o Teacher Exit Aggregation at Server. Since all clients share the
same teacher exits (i.e., the last exit of the n clients) but differ
in the distillation weights k, we can aggregate the n teacher
exits at the server:

n
h= Z kihim 9
izl

where the distillation weights k are still calculated as Sec. 4.3.
e Local KD at Clients. The aggregated teacher exit i and the

shared backbone ¢ are sent to each client i as the teacher

model 8 = (¢, h) for distillation with the student model 6:

Lxxp(8;x) = Dir(0(x)]10(x)) (10)

Replacing the KD loss Eq. (5) by Eq. (10), client i performs
local training and distillation as follows:

Li= )" wiLep(0i3Di) + A ) Dr(8(D)NIO(D)) (1)
je€Si J€Si
where we empirically set A = 1.
Equivalence to Cross-Client KD. The two-step KD is equivalent
to the objective in Eq. (4) via the following proposition.

ProPoSITION 1 (EQUIVALENCE OF KD). Given an input sample x,
the cross-client KD in Eq. (4) is equivalent to knowledge distillation
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Algorithm 1: X-FED workflow

Input: Clients’ model parameters 6, ..., 0,
Output: Personalized models 6/, ..., 0},

1 for roundt do

2 // Server Execute

3 sample clients set C for this round
4 select exits {S;|i € C} as Sec. 4.2

5 for clienti € C do

6 solve k via Eq. (8)

7 | teacher exit h; « aggregate via Eq. (9)

8 // Client Execute

9 for clienti € C do

10 receive ¢!, h; from server

1 update local final exit hjp, < h;

12 update local backbone ¢} « ¢*

13 calculate cross-client KD loss Lxxp via Eq. (10)
14 calculate overall training objective £; via Eq. (11)
15 local training 0!*! « ¢! — nV.L;(6!; D;)

16 upload ¢!, hip, to server

17 | aggregate backbone ¢! — ;. pig!

from an aggregated teacher model 0 = ($, h) where h = X, kihip.

o = argngn; KiDic1(0im ()[10(x)) = arg min Dt () [10(x))
(12)

That is, 6* obtained through cross-client KD can be derived by
minimizing the KL divergence between 6,, and 6. The proof is
deferred to Appendix A.1.

4.5 Putting It Together

Algorithm 1 shows the workflow of X-FED. In each round, the
server randomly samples a client set C to participate in training
(line 3). For each sampled client, we further decide the student
exits via conflict-aware student selection (line 4), and assemble
a personalized teacher exit h; for each student exit (line 5-7). On
receiving the shared backbone ¢! and the teacher exit &;, client
i updates its local model (line 10-15). Then the backbone ¢! and
final exit h;,, are uploaded to server for aggregation (line 16). The
aggregation of backbone aligns with FedAvg [33] (line 17). The final
exits are kept at the server for future cross-client teacher matching.
Convergence. Under mild assumptions as [28], X-FED converges
to a data heterogeneity related constant after sufficient training
round T (details and proofs in Appendix A.2).

Communication Cost. In X-FED, only the backbone and the last
exit are transferred between the server and clients. All shallow
exits are kept locally. The data exchanged per round is the same
as FedAvg [33], i.e., transmission of the full model. Compared with
classifier-based PFL [1, 6, 8, 34, 36], X-FED transfers slightly more
data, i.e., the teacher exits. Yet the extra communication overhead
is negligible. For example, our experiments show that the commu-
nication cost of X-FED is merely 0.45% higher than classifier-based
PFL [1, 6, 8, 34, 36] with ResNet-18 [14].
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Computational Cost. X-FED adds extra server-side computation
but matches GFL-EE baselines (e.g. ScaleFL [18]) in client-side over-
head, for they share the same number of local KD objectives. The
server-side computational cost of X-FED mainly comes from (i)
conflict-aware student selection with O(s?n?) (see Sec. 4.2), (ii)
cross-client teacher matching with O(sn®) (see Sec. 4.3), and (iii)
teacher exit aggregation with O(sn) (see Sec. 4.4), where s is the
sampling rate, and n is number of clients. Teacher matching with cu-
bic level complexity dominates among the three. However, since it
operates only over sampled clients (sn < n), the actual cost is small.
Sec. 5.3.3 further provides an empirical study on the computational
latency of teacher matching.

5 Experiments

5.1 Experimental Setup

Baselines. We mainly compare X-FED with representative GFL and
PFL methods, including Local training, FedAvg [33], FedProx [27],
FedPer [1], FedRep [8], FedBABU [34], FedAMP [17], pFedGraph
[52], FedRoD [5], Ditto [26], and FedPAC [48]. For a fair compar-
ison, we extend them to EENs. We also include GFL-EE methods
dedicated to train a global EEN as baselines, including ScaleFL [18]
and DepthFL [20].

Datasets and Models. We experiment with CIFAR-10/CIFAR-100
[21], TinyImageNet [7], and AgNews [57]. The data distribution
adheres to a Dirichlet distribution, quantified by a hyperparameter
a. We set ¢ = 0.3 and 0.1 following [56]. For CIFAR-10, we apply
a 3-layer ConvNet. For CIFAR-100 and TinyImageNet, we apply
ResNet18. For AgNews, we apply a 4-block Transformer.
Configurations. We simulate a federation of 100 clients, with a
sampling rate of 0.1. The communication round is set to T = 300 for
CIFAR-10, CIFAR-100, TinyImageNet, and T = 100 for AgNews. The
local epoch is set to E = 5 for CIFAR-10, CIFAR-100, TinyImageNet
and E = 1 for AgNews. The batch size is fixed to 64. The learning
rate is set to 0.1, with a decay of 0.99 per round.

Metrics. We assess the methods with three performance metrics: (i)
Accuracy: The model accuracy on local datasets measured at the ter-
minated exit during inference. (ii) Averaged Accuracy: The average
accuracy of all exits. (iii) Inference Efficiency: The average number
of Multiply-Accumulate (MAC) operations per input sample.

5.2 Main Results

Averaged Accuracy. Table. 1 reports the averaged accuracy of all
exits across seven non-IID settings on four datasets. The GFL-EE
methods with local KD (e.g. DepthFL and ScaleFL) do not perform
well under severe non-IID settings. This validates the observations
in Fig. 2. Most PFL-EE methods outperform GFL-EE schemes, except
FedAMP-EE and pFedGraph-EE. This is because these two baselines
adopt personalized aggregation, which becomes ineffective with a
low client sampling rate. X-FED improves the averaged accuracy
over other PFL-EE methods by up to 9.57%, 21.29%, 12.19% and
16.48% for each dataset.

Exit-Wise Accuracy. Fig. 6 zooms into the per-exit accuracy of the
top five performing baselines in Table. 1, i.e., FedPer-EE, FedRep-
EE, FedBABU-EE, FedRoD-EE, FedPAC-EE. We show the results
under Dir(0.3). X-FED outperforms the baselines in all exits. For
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Figure 6: Per-exit accuracy of X-FED and five best-performing
baselines from Table. 1.
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Figure 7: Accuracy-efficiency tradeoff of X-FED and five best-
performing baselines from Table. 1.

example, on CIFAR-100, X-FED yields accuracy gains of 6.98-18.46%,
3.15-14.04%, 1.29-18.46% and 0.61-16.11% in each exit.
Accuracy-Efficiency Tradeoff. We apply a naive exit policy [15]
where the model terminates when the output confidence, i.e., the
maximum of the softmax output of an exit, exceeds a threshold
€. We compare X-FED with the same five baselines under the exit
policy with different thresholds € to understand how they tradeoff
between inference accuracy and efficiency.

Fig. 7 shows the measured accuracy and MAC. On all four datasets,
X-FED achieves a higher accuracy at fewer MACs. Specifically, on
CIFAR-10, for an accuracy of 70%, X-FED saves 0.2-5.5X MACs.
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Table 1: Overall performance of federated training of EENs. Averaged accuracy of all exits are measured.

CIFAR-10 CIFAR-100 TinyI Net AgNi
Type Method inyImageNe gNews
Dir(0.3) Dir(0.1) Dir(0.3) Dir(0.1) Dir(0.3) Dir(0.1) Dir(0.3)
N/A Local-EE 68.43112‘52 81‘92113.08 28'5515,76 48.79i9‘74 22496112'91 38428114'69 71491121.08
FedAvg-EE [33] 494641455 42.2021711 31531556  16.98450s 19555453  11.58450s  25.11:33.16
GFL-EE FedProx—EE [27] 62~0516.78 43.711]9.43 30.88:6,13 16.4215‘61 16.8016'87 12.8314'82 27.67:32'94
ScaleFL [18] 38.69.771  26.75:1054 23135456  9.83s454  11.194308  7.874358  23.69:3106
DepthFL [20] 10.23417.99  9.87123.71 20444752 12.561572  0.9041.49 0.5540.71 24.75434.06
FedPer-EE [1] 713941142 82.5841177  39.39:566  59.061820  27.5541192  43.78:1324  77.1811556
FedRep—EE [8] 70.56i11‘49 82.71i11‘33 36.6815,77 59.26i3437 26.58i11'9(, 44~03i13.33 73~92i19.50
FedBABU-EE [34] 64.2111351  75.2341846  34.71i007  53.45i1136  23.97:1370  37.63:1638  70.8612217
PFL-EF. FedAMP-EE [17] 47.25420.09 64.75125.7¢ 24.98.4.99 14.24 4950 16.04115.54 26.05117.21 62.08130.13
pFedGraph-EE [52] = 50.19:i1857  67.6612410  10.52:520  22.07:875  9.20117.92 13.7310001  71.27122.04
FedRoD-EE [5] 663611257 81.51i1335 42.59.063 62.19:535  28.91i1000 45.09i1285  77.2411564
Ditto-EE [26] 69.79+1266  82.60113.15  29.124571  49.19i95¢  24.0811268  40.23:1476  72.83120.10
FedPAC-EE [48] 716011080 827311370 47.45s565  61.92:780  33.9611121  46.47s1265 761711770
Ours X-FED 72.671;10‘71 83.681;13‘55 50-41i5447 62.833:3'64 36-2711086 48.221:12‘59 78.693:14‘63

On AgNews, for an accuracy of 78%, X-FED saves 0.2-2.8X MACs.
On CIFAR-100, given a budget of 3.5 X 108 MACs, the accuracy of
X-FED is 2.5-14.5% higher. On TinylmageNet, with 1.4 X 10° MACs,
the accuracy of X-FED is 2-11% higher.

5.3 Micro-Benchmarks

5.3.1 Benefit of EENs. Complementary to the main results, we
directly compare X-FED with FL baselines that train a single-exit
model to highlight the benefits of EENs. We exclude DepthFL and
ScaleFL in this experiment since they are designed for EENs. For
X-FED, we set € = 0.8 for CIFAR-10 and AgNews, and € = 0.6 for
CIFAR-100 and TinyImageNet. We use different thresholds € since
datasets with fewer classes tend to reach higher confidence levels
more easily.

Table. 2 shows the accuracy X-FED improves the accuracy over
the PFL baselines by 0.11-35.30%, 4.88-40.61%, 0.99-28.92% and 6.73-
16.11%. Due to the adaptive inference of EENS, the accuracy gains
come with fewer MACs. The averaged MAC per sample of the PFL
baselines is 30.39M, 557.94M, 2231.64M and 811.57M on the four
tasks, because they produce the same static model. For X-FED, its
averaged MAC per sample is 16.15M, 300.45M, 1545.69M, 446.58M,
which reduces the inference cost by 46.15%, 44.73%, 30.74% and
48.49% for each dataset.

5.3.2  Necessity of Cross-Client KD. Following the motivating ex-
periment in Sec. 1, we provide a more detailed counterexample to
justify the need for cross-client KD in PFL of EENS. Specifically, we
perform local KD on the PFL-EE baselines.

Table. 3 summarizes the per-exit accuracy with and without local
KD on CIFAR-100 under Dir(0.3). With local KD, the accuracy of
shallow exits (e.g. Exit-1) is slightly improved. Yet the accuracy of
deeper exits degrade. It implies that with severe data heterogeneity,
local KD cannot effectively train personalized EENs. The result
aligns with our motivation of cross-client KD.

Table 2: Accuracy of PFL methods.

Type  Method CIFAR10 CIFAR100  TinyImageNet  AgNews
N/A Local 68.67+13.06 22.821537 22.07113.35 72.49:20.85
GFL FedAvg [33] 63.2049.66 31.6014.94 19.214580 27.66432.95
FedProx [27] 66.2146.98 30.8014.83 19.9045.41 26.69431.26
FedPer [l] 73-98i10.82 35»1416.10 26.87i11_90 72~55i20.66
FedRep [8] 74~53i10.70 30.62i5_94 22.72142,73 71.79i21_5g
FedBABU [34]  75.20:1132 34.141672  28.1411327 67.44.55.78
ppL  FedAMP [17] 41.3142216  26.084579  20.61:1335 63.17+28.90
pFedGraph [52]  44.39.22.19 10.60.45.21 10.71417.50 63.28.433.51
FedRoD [5] 75-33i11.50 35»904;6.67 27.18142,35 71~79i21.58
Ditto [26] 69.43:13.11 23.964550 199141337 71.03422.27
FedPAC [48] 76.501951  46.33:625  38.64110.83 721419125
Ours X-FED 76.61s016  51.21is561  39.63:1033 79.28.414.05
Table 3: Impact of local KD on PFL-EE baselines.
Methods kp Accuracy
Exit 1 Exit 2 Exit 3 Exit 4
~ X 36.294594  37.924636 41.451602  41.884579
FedPer-EE [1] V' 36.94.551 38.79:562 39.15.604  38.3345.04
~ X 34.42,644 35.65i6.16 38.4616.00 38.2115.05
FedRepEE (8] 34 06,650  36.14u650  39.07wc27  38.274509
~ X 26.991729  36.741997  37.80:1066  37.32:10.71
FedBABU-EE [34] /5100011 32560817  32.37s51  30.8245.50
~ X 31.904730 42.08.7.4¢ 48.27.823 48.1147.15
FedRoDEED] 3168770 41.80u70 47620575 46.82.655
-~ X 38.474618  46.5446.15  52.131592  52.6746.16
FedPACEES] ' 3849.650  46.10s0a0  51.65:625  52.10s635

5.3.3 Computational Cost of Teacher Matching. We measured the
teacher matching latency under different sampling scales (see Ta-
ble. 4).

Empirically, teacher matching in our experimental setup (i.e.,
100 clients with a sampling rate of 0.1) takes 0.02 seconds. The
results show that even with 200 sampled clients (e.g. 10,000 clients
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Table 4: Computational time of teacher matching under dif-
ferent numbers of sampled clients.

Sampled Clients 10 20 50 100 200

Time (s) 0.02 002 005 048 143

Table 5: Contributions of individual components. KD:
naive local knowledge distillation; TM: cross-client teacher
matching; SS: conflict-aware student selection.

Dataset Options Accuracy
KD TM SS Exit1l Exit 2 Exit 3 Exit 4
X X X 3629501  37.92u635 41450600  41.88.579
v X X 36.451565 38.1045.67 38.314563 37.514566
CIEARIO0 /X 4206ug1s  45.64s000  48.21asse  S519Lusa
2 vV 4545:606  49.69:596  53.42:506  53.0846.26
X X X 26.2011234  26.41:1208  27.80x11.98  29.80411.65
Tiny- VX X 2527i1212  25.75.1197 263511200  26.52412.22
ImageNet v v X 30.44111_95 32-16111.58 34.85i10_93 38.28110_45
v v v 31.6lini71 34.39:1142  37.72:1073  41.37110.00

with a sampling rate of 0.02), teacher matching takes only 1.43s,
confirming negligible server overhead.

5.3.4  Visualization of Cross-client KD Weight. We visualize the
cross-client KD weight on CIFAR-100 dataset under both Dir(0.3)
and Dir(0.1) in Fig. 8. For all clients, the weight assigned to the client
itself is approximately 0.8. This indicates that, despite cross-client
KD improves the performance as demonstrated in Sec. 5.4, it still
primarily depends on the client’s own teacher exit.
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Figure 8: Visualization of cross-client KD weight.

5.4 Ablation Studies

5.4.1 Contributions of Individual Components. Table. 5 compares
four variants of X-FED on CIFAR-100 and TinylmageNet under
Dir(0.3). Naively adding local KD does not improves accuracy, which
aligns with Sec. 5.3.2. With cross-client KD (i.e., cross-client teacher
matching in Sec. 4.3), the accuracy of all exits increases by 5.77-
10.03% on CIFAR-100 and 4.24-8.48% on TinyIlmageNet. Adding
conflict-aware student selection in Sec. 4.2 further improves the
performance of all exits by 1.17-5.21% and 1.17-3.09%.

5.4.2  Round-to-Accuracy. Fig. 9 plots the round-to-accuracy curves
of all exits. The accuracy of each exit increases asynchronously.
The teacher exit i.e., Exit 4, consistently yields the highest accuracy.
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Figure 10: Impact of selection rate R(t).

Initially, Exit 1 outperforms Exit 2 and Exit 3 because the latter
two have not been selected yet. As the training progresses, Exit 3
gradually surpasses Exit 1 and 2. It implies that our exit selection
mechanism does not compromise the performance of deeper exits,
even though they are only involved in the later stage of training.

5.4.3 Impact of Selection Rate R(t). This experiment compares
different options for the selection rate R(t). Given T rounds, X-FED
increases R(t) linearly, i.e., R(¢) = min(2t/T, 1) (see Sec. 4.2). We
explore four alternatives: (1) Fixed: R(t) = 1. (2) Quadratic: R(t) =
min((2t/T)% 1). (3) Logarithm: R(t) = min(log(2(e — 1)t/T +1),1).
(4) Step: Every T /20 rounds, R(t) increases by 0.1 until it reaches 1.
Fig. 10 presents the per-exit accuracies of EENs trained with differ-
ent R(t). All strategies except fixed (i.e., w/o exit selection) achieve
comparable performance. The worst among the four strategies still
outperforms fixed by 2.33%, 3.48%, 5.51% and 0.92% for CIFAR-100,
and 1.10%, 1.52%, 2.58% and 1.78% for TinyImageNet. We pick the
linear strategy for its simplicity.

5.4.4 Impact of Hyperparameters. Fig. 11 shows the hyperparame-
ter sensitivity of X-FED. We test two key hyperparameters: y that
regularizes the cross-client KD weight k in Eq. (7), and A for KD
in Eq. (5). We vary pu from 0.3 to 0.9, and the optimal performance
is attained when p € [0.6,0.8]. A large y uniforms the cross-client
KD weight. Teacher exits from irrelevant clients may have a greater
influence on local training. Conversely, a small y forces cross-client
KD into local KD. Regarding A, X-FED demonstrates robust perfor-
mance across a range from 0.4 to 1.6.

5.4.5 Impact of Exit Policy. We evaluate X-FED under different
exit thresholds e on CIFAR-100 with Dir(0.3). Fig. 12a shows that
both accuracy and inference cost increase with the threshold €. This
is because the model is likely to terminate at a deeper exit given
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Figure 12: Impact of threshold € in exit policy.

high threshold. We find € = 0.6 better balance between inference
accuracy and efficiency. Compared to full-model inference, there
is an accuracy drop of 2.01% for X-FED, yet the number of MACs
is reduced by 37.15%. Fig. 12b shows that the inference cost drops
during training given different thresholds. This is because shallow
exits become increasingly more confident in their outputs.

5.5 Case Study

Fig. 13 presents a case study by deploying the trained models of
X-FED, FedAvg [33] and FedPer [1] on an edge device (Jetson-Nano
with 8GB Memory, see Fig. 13a). For clear illustration, we only
report the results of the first 10 clients out of 100 clients in training.
We evaluate (i) averaged accuracy and (ii) averaged inference latency
of each client on the corresponding testset. We choose ResNet-18
as model, and CIFAR-100 as dataset (see Fig. 13b). We also add
Gaussian noise with ¢ = 0.1 to the test images to simulate noisy
environments (see Fig. 13c). The exit confidence threshold is set to
0.5. Compared with the baselines, X-FED achieves higher accuracy
with lower inference latency on most clients. Specifically, X-FED
yields an accuracy gain of 15.17-24.81%, 9.36-26.66% and reduces
inference latency by 2.05x%, 1.99x in CIFAR-100, and CIFAR-100 with
noise. The latency is slightly higher in the noisy setting because
the model often fails to produce confident outputs at early exits.
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Figure 13: Case study on edge devices: (a) deployment on
Jetson Nano; accuracy-latency tradeoff on (b) CIFAR-100 and
(c) CIFAR-100 with noise.

6 Conclusion

In this paper, we propose X-FED, a Conflict-Aware Cross-Client
Federated Exit Distillation framework that extends personalized
federated learning to early-exit networks. By jointly addressing
client-wise heterogeneity and depth-wise interference, X-FED har-
monizes exit training in a unified framework. Its progressive, depth-
prioritized coordination strategy mitigates conflicts between shal-
low and deep exits and allows effective knowledge transfer across
clients, while the client-decoupled formulation avoids excessive
communication overhead. Extensive experiments on four bench-
mark datasets show that X-FED outperforms state-of-the-art PFL
and GFL-EE baselines in accuracy and reduces inference costs by
30.79%-46.86%. We envision X-FED as a first step towards per-
sonalized and dynamic models from decentralized, heterogeneous
IoT data. In the future, we plan to explore optimizations for client
resource heterogeneity and expand X-FED to multimodal scenarios.
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A Appendix

A.1 Proof of Proposition 1
Proor. Taking the definition of KL divergence into Eq. (4):

0" = argming L1, kifim (x) log 225
=argming — Y1, kifim (x) log 6(x) (13)

= argming —log 6(x) X7, kiOim(x)

The model 6;,, can be further expressed as 0;,,, = (¢, hi). The
global backbone ¢ is shared by all clients. The linear classifier
him is kept locally. Let the model with the aggregated classifier be
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0 = (¢, h). The averaged classifier matrix is h = 2, kihim. Let the
output of block m of backbone ¢ be ¢(x), we have:

é(x) = fl(¢(x)) = ¢(x)TE = ¢(X)T ?:1 kihim = ?:1 ki¢(x)Thim
(14)
Since the backbone ¢ is shared across all clients, the output of exit
Oim can be represented by i (x) = him ($(x)) = ¢ (x) " him. Taking
it into Eq. (14), there is 8(x) = 2,1, k;0i (x). Taking it into Eq. (13),
we have:
0* = arg ming —0(x) log A(x)
= arg ming 0(x) (log 8(x) — log 0(x)) = arg ming Dg (0|6)
(15)
Combining Eq. (4) and Eq. (15), we complete the proof. O

A.2 Convergence Analysis of X-FED

THEOREM 1. (Convergence of X-FED). Under Assumption 1-Assumption 3,

X-FED satisfies:

Ly (B||V4F(g", h‘)||2 + sE||V4Fi(¢", h;)||z) < By 4 n®; + n2dy + O(5;)

EnT
(16)
Ly (1+x?)E2 (G +0%) 2
with @ = 2 0% 4 20000 (45— 1)2(G2 + o) +
3
E*(G;, + 0})) and ®; = 5 (L3(G + 03) + x’LuLy (G} + o)) +
sE3()(2L¢,Lh(G§S + 0;) +L}(G: +07)).

Assumptions. Let ¢ be the backbone and h; = {h;j|j € S;} the
exits of client i. We adopt the standard assumptions in FL conver-
gence analysis [28, 39], adapted to our two-block (backbone-exit)
objective:

ASSUMPTION 1. (Smoothness). F; is block-wise L-smooth: ¢ +—
V4 Fi($, hi) is Lg-smooth, h; — VFi(¢,h;) is Ly-smooth, and the
cross terms satisfy max{Lgp, Lpg} < x+/LnLy for some y > 0.
AssuMPTION 2. (Unbiased gradient). B¢, .p, VF;(§, hi; &) = VF;i(¢, hy)
for both Vy and V.

AssuMPTION 3. (Bounded variance and gradient). For both V4 and
Vi, EIIVE(¢, his &) = VFi(¢, hi)||* < oZ and E||VF;($, h)|I* < G,
with e € {¢, h}.

Proof Outline. The overall objective is F(¢*, h') = Y7 p;iFi(¢*, h?).
Following Lemma 20 of [39], we have the per-round descent:

F(¢t+l, ht+1) _ F(¢t, ht)
< (VK. = 1)+ & S (VB9 ) T — B

Ay By

17)

Ly (1+x%) 2 Ly, (1442
) . ||¢t+1 _¢tH +%Z§'=1 h(z)( )||hlg+1 _hf”z

Az By

Ay, A; concern the shared backbone and follow standard FedAvg
arguments [28, 39]. The novelty lies in By, Bz, which involve X-
FED’s cross-client KD update of teacher exits with weights k;

LEmMA 1. (Local drift, standard [39]). For backbone qgl” and exits
fzﬁ’e at local epoch e:
Ellg*~¢'I1* < (e~1)’n*(Gi+a3),  BIIA~R|I* < (e=1)**(Gj+o7)
(18)
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The proof follows by writing each drift as a telescoping sum of
one-step updates, applying Jensen’s inequality, and using Assump-
tion 2—-Assumption 3; we omit it (cf. [39]).

Ell SE, VFi(re his &)II* < E*(GS + 02) (19)

follows as a corollary by same argument for cumulative gradient.

3
Lemma2. (Bounding A1).E[Ai] <~ E||\V4F(¢!, )|+ E2 (L3 (G2 +
CT;) + )(ZLhL¢ (G}Zl + O'}Zl))
Ly (1+x*)n*E2 (G4 +02)
LemMa 3. (Bounding A,). E[A;] < M.
Lemma 2 follows by introducing a positive term, applying —(a, b) <
% llall>+ % |Ib]|2, smoothness (Assumption 1), and Lemma 1—a deriva-
tion identical to standard FedAvg analysis on a single block [39].
Lemma 3 follows directly from Eq. (19) and Jensen.

LEMMA 4. (Bounding B).E[B;] < —#EHVhF,-((j)’, RO +nGrdi+

s(E17)3()(2L¢Lh(G; + 0425) + L,zl(Glzl + 0'}21)).

ProoF. Only the s-fraction of clients in C update exits, so h{*! —
hf = 0 for the rest. Split B; = %ZieC(Bu + Bj2) where By, =
(ViFi(¢', h), i+ — hEEY captures the cross-client KD aggregation
(novel) and By = (Vi Fi(¢', hl), h:’E — hi) captures the local drift
(analogous to Ay).

For By, substituting hi¥! = 3 jeC k]". h;fl produces three inner
products over j # i
E[Bu] =% jec s ki [(VaFi(¢", B, Ror — hE )

+ (VaFi(¢' h) By = By + (ViFi(¢h R, b, — BEEY].
(20)
3
The first and third terms are bounded by @ (X*LgLn( Gé + O';) +
Lfl(Gfl + aﬁ)) each, via —(a,b) < %Ha — b||%, smoothness, and
Lemma 1 (note V,Fj, is a special case of V,F;). The second term is
the cross-client heterogeneity contribution. Defining &; := ¥ jec ji k; ||h;m—
! 11%/n as the system data heterogeneity, Cauchy-Schwarz and
Assumption 3 give < nGp6;. For By,, the same argument as Lemma 2
3
yields =S B[ VAFi (¢, )1+ E2 (Lo Ln(GE+0%) +L2 (GE+02).
Summing Bj; and By, completes the proof. O

Lemma5. (Bounding B,). E[By] < 22U (25, +4(E-1)2p2 (G2+
aﬁ) + n%E? (Gi + afl)).

PROOF. Apply |1 — hE|? < 2||ht! — REEN12 + 2||nbF — R,
denoting the two parts By; and By,. For By, expanding hf;ll =
2jec k}h;fl and twice applying ||a + b||? < 2]|a||? + 2||b||? gives
By <23 jcc ki(2lIhL,, — b, |I* + 41l — ki | + 4], = hi11%),

(21)
which by the definition of §; and Lemma 1 is at most 45J; + 8(E —
1)*n*(G} + a}). By, follows the same Jensen argument as Lemma 3
and is bounded by 27°E*(G? + o). Combining yields the result. O

Substituting Lemma 2-Lemma 5 into Eq. (17) bounds F(¢'*!, A'*1)—
F(#', h"). Telescoping over t =0, ..., T — 1 completes the proof.

GenAlI Usage Disclosure
The author used GenAl to revise code and polish the paper.
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