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Abstract

Knowledge Distillation (KD) serves as an effective approach
to addressing heterogeneity issues in Federated Learning
(FL), leveraging additional datasets to align local and global
models better. There are two primary distillation paradigms:
feature-based distillation, which utilizes intermediate-layer
features of the network, and logit-based distillation, which
employs the final layer’s logit outputs. However, existing
studies often select distillation methods based on intuitive
and empirical evidence when facing different heterogeneous
settings, neglecting the intrinsic relationship between distilla-
tion paradigms and heterogeneity. This oversight may result
in suboptimal federated knowledge distillation performance
under heterogeneous conditions. In this paper, we propose
the Consolidated Distillation for Heterogeneous Federated
Learning - FedCD that balances knowledge representations
from both feature-based and logit-based distillation to en-
hance performance. Specifically, to address the misalignment
between knowledge conveyed by features and logits, we ag-
gregate features from different layers via cross-layer atten-
tion to preserve semantic knowledge, followed by distribu-
tion modeling using Gaussian Mixture Models. This process
strengthens knowledge distillation by constraining the trans-
formation of different network layers’ features under a con-
solidated distribution, thereby mitigating impacts from both
data and model heterogeneity. Extensive experiments demon-
strate that FedCD outperforms state-of-the-art methods by
over 10.72% and validate the effectiveness of our approach.

Introduction
Federated Learning (FL) is a distributed machine learning
paradigm enabling multiple devices to collaboratively train
models without sharing raw data (McMahan et al. 2017;
Li et al. 2025e; Wang et al. 2022). By aggregating model
updates on a central server, FL preserves data privacy and
reduces communication costs compared to centralized ap-
proaches (Wang et al. 2023b; Li et al. 2025g; Liao et al.
2024, 2025). Recently, FL has gained traction in privacy-
sensitive domains such as healthcare (Dong et al. 2024;
Pfitzner, Steckhan, and Arnrich 2021), IoT (Khan et al.
2021; Nguyen et al. 2021), and mobile apps (Kang et al.
2020; Lim et al. 2020).
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Figure 1: The bar chart illustration of ensemble distilla-
tion performance on two datasets. We test three distillation
modes: a) logit, b) feature, and c) logit+feature (directly).

However, these aggregation-based FL methods often ex-
perience significant drops in model effectiveness when client
data follows a heterogeneous setting, a prevalent challenge
in federated settings (Li et al. 2020a, 2024a, 2025d; Meng
et al. 2024; Qi et al. 2023). This occurs because local model
parameters are optimized in conflicting directions across de-
vices, resulting in excessive variance during aggregation.

To address this limitation, federated distillation introduces
a method that transfers knowledge from multiple local mod-
els to the global model by aggregating their predictions on
proxy datasets, a strategy gaining growing interest (Li and
Wang 2019). (Lin et al. 2020) utilized a shared public dataset
as distillation samples to generate soft logit predictions from
local models, then updated the global model by averaging
these predictions. Building on this, subsequent works by
(Zhu, Hong, and Zhou 2021) and (Wang et al. 2023a) en-
hanced distillation efficiency by replacing the public dataset
with synthetic data generated through generative models.
Different from the works mentioned above, (Li et al. 2025f)
pioneers in feature-based distillation with orthogonal pro-
jection to handle heterogeneous models in FL.

Although these methods significantly enhance the perfor-
mance of FL approaches in heterogeneous settings, their
selection of distillation methods is intuitive and lacks in-
terpretability, potentially leading to suboptimal model opti-
mization. There are generally two distillation modes: Logit-
based and Feature-based (Romero et al. 2015). Most existing
studies employ logit-based distillation because logit outputs
are model-agnostic and possess higher information density.
However, (Heo et al. 2019; Huang et al. 2024) also finds that
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features often contain richer information, which can better
improve distillation effectiveness, particularly on complex
data distributions. How to adaptively select a more suitable
distillation approach based on heterogeneity settings in FL
remains an important and unexplored topic.

To tackle this challenge, we propose investigating a con-
solidated distillation method to further enhance federated
distillation performance while adaptively and interpretably
accommodating different heterogeneous FL settings. A sim-
ple and direct approach might involve using both logit and
feature outputs to compute distillation loss. However, since
features and logits differ in information density, determining
the weighting of the two loss components in the objective
function is challenging and highly dependent on hyperpa-
rameter choices. Fig.1 illustrates a simple experiment com-
paring the performance of different distillation approaches.
Empirically, it demonstrates that the relative effectiveness of
logit-based versus feature-based distillation is often unpre-
dictable, and naively combining both distillation losses may
even yield inferior performance compared to using a single
distillation loss.

To explore this idea, we propose a consolidated distilla-
tion method for heterogeneous FL that constrains feature
representations across different network layers and jointly
utilizes them with logit outputs for federated distillation.
Specifically, we first perform adaptive feature fusion from
layers. We then model their distributions using Gaussian
Mixture Models (GMMs) (Wu et al. 2023) to constrain fea-
ture knowledge. Finally, we compute feature distribution
loss via Wasserstein distance and optimize it jointly with
traditional logit-based distillation loss for federated opti-
mization. We conduct extensive experiments on three widely
used datasets comparing against eight baselines. The results
demonstrate that FedCD effectively enhances federated dis-
tillation performance and exhibits greater robustness under
heterogeneous settings. Our main contributions are summa-
rized as follows:
• We are the first to explore the selection of distillation

modes in heterogeneous FL. It is meaningful to figure
out the impact of different distillation modes on feder-
ated distillation performance and their underlying selec-
tion mechanisms.

• We then propose a novel approach named FedCD that en-
hances distillation performance by constraining feature
representations across network layers while simultane-
ously leveraging both feature-based and logit-based dis-
tillation modes.

• Extensive experiments have been done on three datasets
and various settings to evaluate the effectiveness of
FedCD. Experimental results demonstrate that the pro-
posed method can outperform other state-of-the-art base-
lines by up to 10.72% in terms of test accuracy.

Related Work
Federated Learning. Non-IID data poses a primary chal-
lenge for model parameter aggregation methods due to
significant diversity among local model parameters across
clients (Li et al. 2024b; Huang et al. 2025; Li et al.

2025b,h,c,a). This heterogeneity arises as local models opti-
mize toward divergent objectives. To address this, numerous
studies aim to reduce parameter discrepancy for effective ag-
gregation. (Li et al. 2020b) introduced regularization terms
in local objectives to constrain deviation from the global
model. (Karimireddy et al. 2020) mitigated update hetero-
geneity through local gradient variance reduction. (Diao,
Ding, and Tarokh 2020) introduces a heterogeneous local
model training accommodating varying computational com-
plexities across clients. Extending this concept, (Wang et al.
2023c) incorporates dual flexibility in both model depth and
width, employing skip connections to bypass specific layers
alongside structured pruning for adaptive width control. Our
work employs ensemble distillation on local models, offer-
ing an orthogonal approach to these techniques.

Knowledge Distillation. It leverages knowledge from pre-
trained teacher models to supervise compact student mod-
els, thereby facilitating deployment in resource-constrained
environments (Hinton, Vinyals, and Dean 2015). This do-
main fundamentally encompasses two principal methodolo-
gies: logits distillation (Niu et al. 2022; Kim et al. 2021) and
feature distillation (Tian, Krishnan, and Isola 2019; Miles,
Rodriguez, and Mikolajczyk 2021). Logits distillation, pri-
marily oriented toward classification tasks, incorporates an
objective to minimize predictive discrepancies between stu-
dent and teacher models. This approach originated with KL
divergence optimization (Hinton, Vinyals, and Dean 2015),
subsequently extended through techniques including spheri-
cal normalization (Guo et al. 2020a), label decoupling (Zhao
et al. 2022), and probability reweighting (Niu et al. 2022).
Feature distillation demonstrates versatility across diverse
tasks (Chen et al. 2021) and multi-modal applications (Sanh
2019). Within this paradigm, manually designed flow of so-
lution procedure matrices capture inter-layer feature rela-
tionships in residual architectures (Yim et al. 2017). We ex-
plore the selection of these two distillation modes in FL and
improve the model performance.

Federated Distillation. It involves extracting knowledge
from multiple client models and transferring it to the global
model (Wu and Gong 2021; Guo et al. 2020b; Bistritz,
Mann, and Bambos 2020). (Lin et al. 2020) introduces
server-executed knowledge distillation that utilizes an unla-
beled proxy dataset to transfer knowledge from local mod-
els to a global model. Further developing this paradigm,
(Chen and Chao 2021) linearly aggregates multiple local
models using Bayesian posterior-derived weights to cre-
ate combined models, which are subsequently distilled into
a single global model. To overcome the limitation of de-
pendency on unlabeled auxiliary datasets, (Zhu, Hong, and
Zhou 2021; Zhang et al. 2022; Wang et al. 2023a) propose
replacing proxy datasets with generative model-synthesized
data, thereby enabling distillation without authentic data re-
quirements. We analyze the challenges inherent in deploying
existing methods within heterogeneous FL settings and ad-
vocate for developing robust and better distillation methods
for performance improvement.
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Figure 2: The framework of FedCD. Following global model aggregation in traditional FL, each participating local model
and the aggregated global model perform inference on distillation samples. FedCD first employs adaptive feature fusion to
consolidate features drawn from different layers into integrated representations, which are subsequently modeled via GMMs
to capture statistical distributions. Then, soft predictions are directly extracted from the fully-connected layer output. The
aggregated predictions from all participating local models constitute the teacher outputs, while the global model’s predictions
serve as student outputs. Finally, joint optimization of both feature-based and logit-based distillation losses updates the global
model. The server will broadcast the updated global model to the participating clients in the next training round.

Methodology
Problem Formulation
A typical FL framework involves K clients collaboratively
training a global model. Each client k exclusively accesses
its local private dataset Dk = (xi

k, y
i
k), where xi

k denotes the
i-th input sample and yik ∈ {1, . . . , C} represents the corre-
sponding label among C classes. Let |Dk| indicate the car-
dinality of Dk. The FL objective is to learn a global model
w minimizing the global empirical loss over the combined
dataset D:

min
w

L(w) =
K∑

k=1

|Dk|
|D|

L(wk),

where L(wk) =
1

|Dk|

|Dk|∑
i=1

LCE(wk;x
i
k, y

i
k). (1)

Here L(wk) is the local loss at client k, and LCE denotes the
cross-entropy loss between predictions and ground-truth la-
bels. For aggregation-based methods, the server obtains the
global model through weighted parameter averaging:

w :=

K∑
k=1

|Dk|
|D|

· wk. (2)

In traditional FL, the aggregated global model will be dis-
tributed directly to clients for the next round of local train-
ing. In contrast, federated distillation requires an additional
distillation step on the server to enhance model performance

before distributing the distilled global model to clients. This
necessitates a proxy dataset, denoted as P . Each client
model and the aggregated global model then perform infer-
ence on P to obtain soft predictions s(·). Finally, the pre-
dictions from all client models are aggregated as the teacher
model’s output, while the aggregated global model’s predic-
tions serve as the student model’s output. The model is then
optimized again via distillation:

w = argmin
w

LKD(w) (3)

=
1

|P |
∑
xi∈P

KL
( K∑
k=1

s(wk;xi), s(ŵt+1;xi)
)
,

where KL(·) is to compute the Kullback-Leibler divergence
(KL-divergence).

FedCD: A Consolidated Distillation Framework
The key idea of FedCD is to balance knowledge from logit
and feature outputs by constraining feature representations
across network layers, thereby enabling simultaneous em-
ployment of both feature-based and logit-based distillation
losses to ensure distillation performance and robustness in
heterogeneous settings. More specifically, we incorporate
an adaptive feature fusion module and a GMM-based dis-
tribution prediction module. We first replace simple gating
mechanisms with cross-layer attention to obtain a feature
with multi-scale knowledge. Then, we adopted GMMs as-
sumptions to capture feature representations under complex
heterogeneous settings. Finally, aligning the logit prediction
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and the distribution drawn from features enables the global
model to more effectively assimilate knowledge with effec-
tive performance improvements.

Algorithm 1: FedCD
Input : T : communication round; K: client number; Dk:

local dataset for the client k; P : proxy dataset; K:
convolutional projector; W:projection weight.

Output: w: global model.
1 Initialize the parameter w;

for c = 1 to T do // communication round
2 Server randomly selects a subset of devices St and sends

them the global model w;
for each selected client k ∈ St in parallel do

3 Train the model with local data with (1);
Send the local model wk back to the server.

4 end

5

Adaptive Feature Fusion:
Obtain the aggregated global model w with (2);
Compute the cross-layer attention Gl,m

k with (4)(5);
Obtain the fused feature F (xi, w

l
k) with (6)(7);

6

GMMs-based Distribution Prediction:
Model the GMMs-based distribution ϕ(·) with (8-
10);
Calculate two distillation losses Lfeature and Llogit

with (11)(3);
Optimize the global model w with total distillation
loss Ltotal with (12).

7 end

Adaptive Feature Fusion. In traditional FL scenarios, dis-
tributed devices are often subject to resource constraints that
prevent them from handling substantial computation and
communication overhead. Consequently, directly uploading
features from different network layers is inadvisable. Fur-
thermore, features from distinct layers carry heterogeneous
knowledge, making it challenging to quantify their contri-
butions to the loss function. To address these challenges, we
employ cross-layer attention to fuse feature outputs across
layers. Assuming client k’s local model has L feature ex-
tractor layers, we denote its feature outputs for data sample
xi as f(xi, w

l
k). The attention mechanism employs two crit-

ical components derived from layer features:

Ql
k = K1

(
f(xi, w

l
k)
)
, Kl

k = K2

(
Up(f(xi, w

m
k ))

)
, ∀m > l,

(4)

where K denotes the convolutional projector, Ql
k acts as an

information request from layer l, and Kl
k functions as an in-

formation index for layers m > l with Up(·) aligning spatial
dimensions. The attention weights are computed as:

Gl,m
k = Softmax(

Ql
k[K

l
k]

⊤
√
dk

). (5)

This formula measures compatibility between current-layer
queries and deeper-layer keys. Higher scores indicate

stronger semantic relationships. Then, the channel dimen-
sionality of each feature is first increased via an expansion
module, then concatenated with the up-sampled output of
deeper layers. This combined representation undergoes fu-
sion through a gating mechanism, producing the integrated
fused feature F (xi, w

l
k):

f̃(xi, w
l
k) =

L∑
m=l+1

Gl,m
k ⊙K3

(
Up(f(xi, w

m
k ))

)
, (6)

F (xi, w
l
k) = σ(W[f(xi, w

l
k)]⊕ [f̃(xi, w

l
k)]), (7)

where σ denotes the activation function and W is the
weight matrix. This architecture dynamically prioritizes se-
mantically rich features and maintains training stability in
resource-constrained FL devices through learnable and in-
terpretable attention weights.
GMMs-based Distribution Prediction. While the fused
feature representations are obtained, their knowledge den-
sity remains inconsistent with that of the logits. This makes
it challenging to balance their respective contributions to the
distillation loss and may introduce substantial redundant in-
formation, thereby degrading distillation performance that
we empirically demonstrate in Fig.1. Inspired by (Wu et al.
2023), GMMs are employed to model local data distribu-
tions per client, leveraging their statistical properties to dis-
till essential information from data distributions. Here, we
utilize GMMs to model the fused feature representations
F (·) generated in the preceding step. This process begins
with spatial compression to extract global statistics:

hk = Flatten(GlobalAvgPool(F (xi, w
l
k)), (8)

where h ∈ R+ consolidates spatial information, thus elimi-
nating positional variance while preserving channel-wise se-
mantics. Three parallel fully-connected layers then predict
GMM parameters:

πj
k = Softmax(Wπhk), µj

k = Wµhk, Σj
k = diag(eWΣhk),

(9)

where j denotes the j-th mixture component, W is the learn-
able projection weights, and exponential activation on Σj

k
can ensure positive-definite covariances. The resulting dis-
tribution for student and teacher models is formalized as:

ϕ(s) =
J∑

j=1

πjN (µj ,Σj), ϕ(t) =
K∑

k=1

J∑
j=1

πj
kN (µj

k,Σ
j
k).

(10)

Based on this, the feature-based distillation loss aligns and
matches statistical parameters and distributions between the
teacher and student models:

Lfeature =
1

K · J

K∑
k=1

J∑
j=1

(
∥µj

k − µj∥2 + ∥Σj
k − Σj∥F

)
(11)

+ λ · exp(−∥ϕ(s)− ϕ(t)∥2),
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Categories Methods Metrics
CIFAR-10 CIFAR-100 Tiny-ImageNet

α=10.0 α=1.0 α=0.1 α=10.0 α=1.0 α=0.1 α=10.0 α=1.0 α=0.1

Classic-FL

FedAvg
Acc 94.63±0.35 92.75±0.21 80.59±1.48 68.24±0.78 65.40±1.65 54.05±2.15 41.43±1.92 37.58±1.64 27.15±3.40

Round 143.00±4.00 155.50±8.50 132.50±11.00 179.50±9.00 175.00±6.50 185.50±13.50 166.50±4.00 143.50±5.50 177.00 ±10.50

FedProx
Acc 94.09±0.26 92.14±0.47 81.22±0.53 68.80±0.55 66.13±1.44 54.72±1.06 40.09±1.21 38.56±0.80 28.77±3.08

Round 137.00±6.50 141.50±7.00 141.50±8.00 168.00±5.00 159.50±3.50 191.00±9.50 144.00±2.50 161.00±7.00 192.00±8.50

MOON
Acc 94.81±0.16 92.67±0.40 80.75±1.19 67.42±0.19 64.86±1.12 54.31±1.92 38.89±0.75 37.98±0.99 28.95±2.07

Round 125.50±7.00 144.00±10.00 136.50±12.50 166.50±14.50 170.00±9.00 177.00±2.50 135.50±15.50 174.00±5.50 196.00±9.50

Federated
Distillation

FedMD
Acc 82.32±1.65 76.44±1.92 70.74±2.12 50.23±2.66 48.70±2.34 42.83±3.17 30.19±3.05 27.37±3.20 21.25±2.40

Round 120.50±23.50 133.00±17.50 145.50±12.00 148.00±16.00 145.50±23.00 162.00±12.50 116.50±33.00 152.50±10.50 177.00±7.50

FedFusion
Acc 95.88±0.07 94.38±0.64 86.46±0.73 70.13±0.25 69.48±0.59 60.11±1.15 44.16±0.68 40.37±1.17 32.58±1.84

Round 106.00±6.50 119.50±1.50 106.50±10.00 139.50±8.00 115.50±6.50 148.00±7.00 125.00±12.50 139.50±14.00 167.00±7.50

FedGen
Acc 95.11±0.35 93.02±1.88 84.79±1.51 69.08±2.07 67.58±1.32 57.41±2.78 42.90±1.24 39.49±2.05 33.68±1.79

Round 131.50±4.50 142.00±12.50 126.00±5.50 146.00±2.00 136.50±10.00 155.00±8.00 147.50±11.50 130.00±21.50 159.50±4.50

DaFKD
Acc 95.66±0.51 94.28±1.01 87.24±0.97 71.37±0.92 68.56±1.19 62.01±1.93 43.67±2.55 41.50±0.24 34.43±2.15

Round 138.00±7.50 128.50±6.50 130.50±4.00 152.00±7.00 132.50±9.00 171.50±13.00 138.00±5.50 142.00±12.50 142.50±17.50

FedFD
Acc 94.65±0.13 93.92±1.83 86.21±2.16 70.20±2.07 69.41±1.70 59.37±2.18 44.08±1.52 40.55±1.65 35.11±0.83

Round 98.50±8.50 117.00±7.00 109.50±6.00 132.00±3.00 122.00±1.50 140.00±10.00 111.50±13.50 136.00±16.50 152.00±17.00

FedCD
Acc 95.92±0.44 95.52±0.79 89.18±1.33 72.96±0.74 70.26±1.04 64.77±1.40 46.70±2.19 43.90±1.55 37.31±1.17

Round 110.00±4.00 114.50±6.50 105.00±9.00 126.00±12.00 113.50±6.00 139.00±9.50 108.00±14.00 143.50±14.50 132.50±6.50

Table 1: Performance comparison of various methods with the test accuracy. Here we report the best test accuracy and the
communication rounds to reach the corresponding test accuracy. The best results are bold.

where F denotes the Frobenius norm, λ is a hyperparameter
(set to 0.1 here), and the maximum mean discrepancy with
RBF kernel is used to ensure holistic distribution matching
beyond moment alignment.
Federated Distillation Loss. Following the feature-based
distillation loss, we compute the logit-based distillation loss
Llogit by calculating the KL divergence of soft predictions
as specified in Eq.(3). The knowledge distillation for the ag-
gregated global model is then implemented by jointly opti-
mizing both losses to enhance performance. The model is
optimized as follows:

w = argmin
w

Ltotal =
1

2
(Lfeature + Llogit). (12)

Experiments
Setup
Datasets: We conduct our experiments with partitioned
datasets over three datasets: CIFAR-10, CIFAR-100
(Krizhevsky, Hinton et al. 2009), and Tiny-ImageNet (Le
and Yang 2015). Like (Zhu, Hong, and Zhou 2021; Wang
et al. 2023a), we use the Dirichlet distribution Dir(α) on
labels to simulate the data heterogeneity. We apply all the
training samples to clients and use all the testing samples
for performance evaluation.
Baselines: Alongside the fundamental FedAvg algorithm
(McMahan et al. 2017), we evaluate several comparative
methods: 1) Representative FL Model: FedProx (Li et al.
2020b) introduces a proximal term to the local objective
function to regularize client updates; MOON (Li, He, and
Song 2021) uses the model-contrastive loss to narrow the
representation between local and global models to allevi-
ate data heterogeneity; 2) Federated Distillation Model:
FedMD (Li and Wang 2019) maintains the aggregated class

scores to assist in regulating the local updating; FedFusion
(Lin et al. 2020) implements data-based knowledge distil-
lation using unlabeled training samples as a proxy dataset;
FedGen (Zhu, Hong, and Zhou 2021) employs a data-free
distillation framework where synthetic samples generated
by the server directly regulate local model updates; DaFKD
(Wang et al. 2023a) employs a domain discriminator for
each client to identify the correlation factor between distil-
lation and local samples, and FedFD (Li et al. 2025f) ex-
plores the feature-based distillation with both feature align-
ment and orthogonal projection.
Configurations: Unless otherwise mentioned, we set the lo-
cal training epochs E = 10, communication rounds T = 200,
and the client number K = 20 with an active ratio r = 0.4.
For local training, the batch size is 64 and the weight de-
cay is 1e − 4. The learning rate is 0.01 for distillation and
0.001 for training the local model. We employ ResNet-18
(He et al. 2016) as the basic backbone. Correspondingly,
we used {CIFAR-100, Tiny-ImageNet, and ImageNet (Deng
et al. 2009)} as proxy datasets for {CIFAR-10, CIFAR-100,
and Tiny-ImageNet}. For the feature fusion module, we use
the 1 × 1 convolution kernel as the projector and the SiLU
function as the activation function. For the distribution pre-
diction module, we set the number of the mixture compo-
nents J = 3. All experiments were run twice, and we take
each run’s final ten rounds’ accuracy and calculate the aver-
age value and standard deviation.

Performance Overview
Test Accuracy. Table 1 presents the comparative perfor-
mance of our proposed FedCD method against baselines
across three image datasets. Evaluated under varying levels
of data heterogeneity for each dataset, FedCD achieves su-
perior performance in most experimental settings. Among
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Categories Methods
CIFAR-10 CIFAR-100 Tiny-ImageNet

acc=80% ∆ acc=85% ∆ acc=55% ∆ acc=60% ∆ acc=30% ∆ acc=35% ∆

Classic-FL
FedAvg 63.00±3.50 27.3%↑ 97.50±7.00 37.3%↑ 74.00±2.50 97.3%↑ 108.00±8.00 91.2%↑ 96.00±10.50 23.9%↑ 127.00±8.00 17.6%↑
FedProx 65.50±2.00 31.3%↑ 102.00±1.50 43.7%↑ 70.00±3.50 86.7%↑ 110.00±6.50 94.7%↑ 109.50±12.50 41.3%↑ 134.00±9.50 24.1%↑
MOON 71.00±4.00 43.4%↑ 100.00±5.50 40.8%↑ 69.50±8.00 85.3%↑ 96.50±5.00 70.8%↑ 93.00±14.50 20.0%↑ 147.50±7.00 36.6%↑

Federated
Distillation

FedMD > 200.00 ∞%↑ > 200.00 ∞%↑ > 200.00 ∞%↑ > 200.00 ∞%↑ > 200.00 ∞%↑ > 200.00 ∞%↑
FedFusion 46.50±5.00 6.1%↓ 78.00±4.50 9.9%↑ 38.00±9.50 1.3%↑ 59.00±3.00 4.4%↑ 73.50±12.00 5.2%↑ 116.00±11.50 7.4%↑

FedGen 77.00±8.50 55.6%↑ 92.00±9.50 29.6%↑ 60.00±7.00 60.0%↑ 88.50±11.00 56.6%↑ 72.50±9.50 6.5%↑ 114.50±16.00 5.6%↑
DaFKD 66.50±4.00 34.3%↑ 76.00±8.50 7.0%↑ 59.00±3.50 57.3%↑ 91.00±8.00 61.1%↑ 80.00±7.50 3.2%↑ 121.00±9.00 12.0%↑
FedFD 52.00±2.00 5.1%↑ 74.00±3.50 4.2%↑ 46.50±6.50 18.6%↑ 67.00±7.50 18.6%↑ 84.50± 14.00 9.0%↑ 126.00±13.00 16.7%↑
FedCD 49.50±1.50 / 71.00±6.50 / 37.50±8.00 / 56.50±9.00 / 77.50±4.00 / 108.00±10.50 /

Table 2: Evaluation of different baselines on three datasets (α=1.0), in terms of the number of communication rounds to reach
target test accuracy. ∆ represents the percentage of improvement in communication efficiency. The best results are bold.
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Figure 3: Performance of various baselines w.r.t data heterogeneity α.

these baselines, FedAvg, FedProx, and MOON represent
three classic FL methods that optimize global models solely
through local training and model aggregation. Unsurpris-
ingly, their performance lags significantly behind federated
distillation methods, though they exhibit minor differences
among themselves. FedMD performs poorly due to the ab-
sence of aggregated parameters. FedGen and DaFKD are
data-free federated distillation methods that eliminate the
need for proxy datasets by employing generative models to
synthesize data. However, their effectiveness exhibits strong
dataset dependency: they tend to perform well on simple and
homogeneous datasets but suffer from degraded synthetic
data quality and consequently reduced distillation efficacy
on complex dataset distributions. In contrast, FedCD out-
performs all methods by leveraging feature and logit knowl-
edge, achieving performance gains of up to 10.72%.

Communication Efficiency. Table 1 compares the commu-
nication efficiency of various methods by measuring the
communication rounds required to achieve the best test
accuracy, and Table 2 records the minimum communica-
tion rounds required to reach the target accuracy. The re-
sults demonstrate that federated distillation significantly
enhances convergence efficiency, particularly during later
stages when achieving superior model performance. On
the CIFAR-10 dataset, classic FL methods initially exhibit
comparable convergence rates but encounter performance

plateaus, necessitating substantially more communication
rounds for marginal improvements. Compared to other base-
lines, FedCD achieves the fastest convergence while main-
taining training stability.

Method
CIFAR-10 CIFAR-100

α=1.0 α=0.1 α=1.0 α=0.1

FedCD 95.52 89.18 70.26 64.77
-w/o logit 93.01. 85.54 67.25 58.97
-w/o feature 94.38 86.46 69.48 60.11
-w/o fusion 94.12 84.99 68.86 62.16
-w/o distribution 92.88 85.33 67.81 58.84

Table 3: Ablation study of FedCD on two datasets.

Ablation Study. As shown in Table 3, we evaluate the ef-
fects of each module in our model via ablation studies. -
w/o feature and -w/o logit denote the performance of our
model without using feature-based loss and logit-based loss.
- w/o fusion means we directly align the feature predic-
tion, and - w/o distribution means we align the integrated
feature prediction. First, FedCD benefits from both distil-
lation losses, as using either logit or feature knowledge
alone degrades model performance. Furthermore, FedCD -
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Method
Model Heterogeneity

a-d-g a-f b-d-f a-c-d-f-i
FedAvg-hetero 87.24±0.15 88.39±0.23 84.89±0.22 81.74±0.15
FedFusion 84.91±0.28 86.19±0.90 85.93±0.15 84.94±0.08
DaFKD 86.76±0.26 88.04±0.62 86.12±0.20 85.09±0.87
FedFD 88.68±0.66 88.59±0.50 87.19±1.01 86.12±0.73
FedCD 90.48±0.26 89.88±0.24 88.98±0.73 87.84±0.80

Table 4: Evaluation of combination of various client-side
models levels for CIFAR-10 dataset (α = 1.0).

Method
CIFAR-10 CIFAR-100

K = 50 K = 100 K = 50 K = 100

FedAvg 75.65±2.01 68.57±1.88 48.03±3.14 39.53±2.50
FedFusion 81.72±1.09 75.08±0.96 56.87±2.11 44.09±1.32
DaFKD 82.10±0.57 77.39±1.25 56.23±1.20 43.11±3.08
FedFD 80.45±0.78 74.47±1.53 57.28±2.30 44.91±3.00
FedCD 83.96±1.32 79.29±0.98 59.74±2.35 47.02±2.88

Table 5: The scalability of FedCD and other baselines on
two datasets (α=0.01).

r=0.2 r=0.4 r=0.6
Client Selection Ratio

88

90

92

94

96

98

Ac
cu

ra
cy

CIFAR-10

r=0.2 r=0.4 r=0.6
Client Selection Ratio

50

55

60

65

70

75

Ac
cu

ra
cy

CIFAR-100

FedAvg FedFusion DaFKD FedFD FedCD

Figure 4: Performance comparison of various methods w.r.t.
ratio r between active clients and total clients in each round.
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Figure 5: Performance under different configurations (a)
hyperparameter λ, (b) mixture component J in the GMMs.

w/o fusion demonstrates that naively summing logit-based
and feature-based losses yields unstable performance gains,
which is consistent with our findings in Fig.1. Finally, pre-
processing feature predictions across network layers via the
adaptive feature fusion module enhances sample feature ex-
traction, thereby improving model performance. Experimen-
tal results verify that all modules are essential for training a
robust global model through federated distillation.

Heterogeneous Setting. Table 1 and Fig.3 illustrate the vari-
ation in test accuracy across different levels of data het-
erogeneity. A consistent trend emerges where all methods
demonstrate improved accuracy as data heterogeneity de-
creases. However, classic FL methods exhibit significant
performance degradation under data heterogeneity. Feder-
ated distillation inherently mitigates heterogeneous impacts
through proxy datasets, demonstrating more substantial per-
formance gains in highly heterogeneous scenarios. Further-
more, we observe that data-free federated distillation meth-
ods face additional heterogeneity challenges, likely due to
biases introduced during generator aggregation that compro-
mise synthetic data quality. FedCD consistently maintains
superior performance across all heterogeneous settings.

Although the above experiments evaluate within the data
heterogeneity setting, the federated distillation framework
is backbone-agnostic. Following (Diao, Ding, and Tarokh
2020), we establish model heterogeneity for experimenta-
tion. As shown in Table 4, we construct ten computational
complexity levels {a, b, c, . . . , j} with a hidden channel de-
cay rate of α = 10%. Under high model heterogeneity,
the feature-based method FedFD and our proposed method
marginally outperform logit-based approaches since logits
fail to capture inter-model discrepancies.

Parameter Sensitivity Analysis. As shown in Table 5,
while all methods suffer marked performance degradation
in large-scale settings where clients possess limited data
samples, FedCD consistently outperforms baselines. This
demonstrates robust effectiveness under challenging scala-
bility conditions. Then, we test the client selection ratio r,
hyperparameter λ, and the mixture component J . Experi-
mental results demonstrate a positive correlation between in-
creasing r ratios and performance improvement. In contrast,
variations in λ and J do not substantially alter model per-
formance, with FedCD consistently maintaining its leading
advantage. This shows FedCD is insensitive to hyperparam-
eter choices, demonstrating its parameter-related robustness.

Conclusion
We introduced FedCD, a novel framework to integrate
feature-based and logit-based distillation modes within fed-
erated learning. FedCD effectively constrains feature rep-
resentations by adaptively fusing predictions from different
network layers and modeling them via GMMs, enabling syn-
ergistic optimization of the global model with logit-based
distillation loss. Extensive experiments have demonstrated
that FedCD can effectively enhance federated distillation.
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