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Abstract

Federated learning (FL) operates in heterogeneous environments, where variations
in data distributions and asymmetric model design often result in negative transfer.
While federated knowledge distillation (FKD) avoids direct model parameter shar-
ing, existing methods typically rely on public datasets or assume that transferred
knowledge is uniformly reliable, which limits their robustness in practice. This pa-
per presents FedeKD, a reliability-aware FKD framework that makes sample-wise
trust estimation an explicit component of knowledge transfer, without relying on
additional public data. Each client maintains a high-capacity private model for
local learning and a lightweight shared proxy model for cross-client knowledge
exchange. During training, proxy models are aggregated on the server to form a
global proxy, which is then used to guide updates of the private models. At the
core of FedeKD is an energy-based gating mechanism that converts task-specific
private-proxy disagreement into sample-wise trust weights for backward distil-
lation. This mechanism enables sample-wise weighting of knowledge transfer,
where the proxy model contributes more to reliable samples while down-weighting
unreliable ones. Extensive experiments on six real-world datasets demonstrate that
FedeKD significantly reduces negative transfer under heterogeneous settings while
maintaining strong predictive performance.

1 Introduction

Federated learning (FL) enables multiple clients to collaboratively train models without sharing raw
data, making it well-suited for privacy-sensitive applications. However, real-world deployments
involve significant heterogeneity in data distributions and model asymmetry, making reliable knowl-
edge sharing challenging. Canonical parameter aggregation methods, including FedAvg McMahan
et al. [2017] and FedProx Li et al. [2020], often suffer from degraded performance and unstable
convergence under such heterogeneity.
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Figure 1: Framework of FedeKD. Private Model denotes a higher-capacity network for local learning,
while Proxy Model is a lightweight network used for communication and aggregation across clients.
See Appendix H for details.

Federated knowledge distillation (FKD) offers an alternative by transferring knowledge through
model outputs rather than parameters. However, in heterogeneous settings, the quality of transferred
knowledge can vary significantly across samples and clients. This calls for treating knowledge
reliability as a first-class object in FKD, rather than assuming that all transferred signals should
influence local learning equally. Teacher models may produce misleading signals due to distribution
shifts, limited local data, or architectural differences. Blindly transferring such knowledge can
lead to severe negative transfer (i.e., performance degradation compared to local training) across
clients. Existing FKD methods typically assume that transferred knowledge is uniformly reliable,
overlooking the variability in knowledge quality across samples and clients. This challenge mirrors
human learning, where guidance becomes unreliable when a teacher’s expertise is misaligned with
the learner’s context or when the guidance provides little actionable information.

In this work, we seek to answer the fundamental question: when should a teacher model be trusted to
guide knowledge transfer? Our key insight is inspired by a simple real-world principle: a teacher
does not treat all knowledge equally, but instead emphasizes the parts they understand best and
are most confident in. Building on this insight, we introduce a Federated learning framework with
energy-gated Knowledge Distillation (FedeKD) to dynamically determine how much each proxy
prediction should influence each private-model update (Figure 1). FedeKD achieves robust knowledge
transfer across heterogeneous clients and mitigates negative transfer through adaptive, sample-wise
weighting.

FedeKD operates in two stages. In the forward stage, each client distills knowledge from its private
model into a proxy model, which is aggregated on the server to form a global proxy. In the backward
stage, the global proxy guides updates of the private model through an energy-gated mechanism. This
process enables sample-wise trust-weighted knowledge transfer, where the model relies more on
the proxy when the transferred knowledge appears reliable and less when it appears unreliable.

To sum up, the contributions of this work are twofold:

• We introduce a reliability-aware backward distillation objective that shifts the focus from
how to exchange knowledge to how much each transferred signal should be trusted. To
support this objective without requiring public data, we design FedeKD with an asymmetric
private-proxy architecture. The objective is implemented via a batch-normalized energy
gate that maps task-specific private-proxy disagreement into continuous sample-wise trust
weights. For classification, the energy uses entropy-calibrated distributional disagreement;
for regression, it uses continuous prediction disagreement. This mechanism down-weights
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unreliable knowledge while preserving informative signals, thereby mitigating negative
transfer in heterogeneous FL environments.

• Extensive experiments on six real-world datasets demonstrate that FedeKD significantly
improves both average-case and worst-case negative transfer while maintaining strong pre-
dictive performance. Additional ablation studies show that the proposed gating mechanism
remains effective across different heterogeneity levels and hyperparameter settings.

2 Related Works

Parameter aggregation methods. Parameter aggregation remains the dominant paradigm in FL,
where a global model is obtained by aggregating locally trained client models. FedAvg McMahan
et al. [2017] and FedProx Li et al. [2020] have demonstrated strong empirical performance under
homogeneous settings. FedDyn Durmus et al. [2021] further improves robustness under heteroge-
neous data by introducing a dynamic regularization term that aligns local and global objectives during
training. These methods assume that all clients share a common model architecture and operate
under relatively homogeneous data distributions, allowing model updates to be directly aggregated
to improve global performance. However, such assumptions are often violated in real-world FL
environments. In heterogeneous settings, direct parameter aggregation often fails due to distribution
mismatch across clients, leading to degraded convergence and suboptimal performance. In addition,
sharing model parameters may expose sensitive information about local data distributions, raising
potential privacy concerns in FL settings.

In contrast, FedeKD avoids direct aggregation of private model parameters and instead performs
aggregation in the proxy space, using knowledge distillation as the primary mechanism for knowledge
exchange. This design reduces the exposure of private model parameters, thereby enhancing privacy
preservation in federated settings. Furthermore, instead of assuming uniform reliability across clients
or samples, FedeKD approximates the quality of transferred knowledge via task-specific model
disagreement, using entropy calibration for classification and continuous prediction disagreement for
regression.

Federated Knowledge Distillation and Heterogeneous FL. To address the limitations of parameter
aggregation under heterogeneous settings, recent works have explored alternative communication
paradigms based on knowledge distillation. Instead of directly aggregating model parameters, these
methods exchange auxiliary information such as logits Huang et al. [2022], class scores Li and Wang
[2019], or label-wise representations Yi et al. [2023], Tan et al. [2022] to facilitate collaboration
across heterogeneous models. More recent approaches further extend this idea through techniques
such as ensemble learning Lin et al. [2020], mutual learning Yu et al. [2022], Shen et al. [2023], or
model reassembly Wang et al. [2023]. While these methods improve flexibility in heterogeneous
FL, they often rely on additional public datasets or shared data representations to stabilize training.
However, such reliance introduces two key limitations in practice. (1) The availability and selection
of suitable public data remain challenging in real-world applications. (2) Exchanging intermediate
representations or model-related information may expose sensitive information about local data
distributions, raising privacy concerns. Moreover, these approaches typically assume that transferred
knowledge is uniformly reliable, overlooking the variability in knowledge quality across samples and
clients. In contrast, FedeKD does not require additional public data and restricts communication to
lightweight proxy models.

FedType Wang et al. [2024] is the closest prior work, as it also considers asymmetrical reciprocity
between small proxy models and large client models. However, FedeKD differs from FedType in
several key aspects. First, the key methodological difference lies in how reliability is represented,
optimized, and coupled to the private-model update. FedType relies on two conformal models to
construct discrete, sample-dependent uncertainty sets for the client and proxy models, whereas
FedeKD replaces set-valued reliability filtering with a continuous training objective: task-specific
private-proxy disagreement directly modulates the backward distillation loss through sample-level
trust weights (Eq. 3). This formulation provides finer-grained control over knowledge transfer at the
sample level, allowing the model to smoothly down-weight unreliable signals rather than relying on
set-based filtering. Second, FedType’s specific conformal-set reciprocity formulation is classification-
oriented, as it is defined over discrete label spaces. In contrast, FedeKD defines reliability directly

3



on model outputs, enabling the same gating principle to apply to classification via distributional
disagreement and to regression via continuous prediction disagreement.

3 FedeKD

3.1 Problem Setup

We consider a FL setting with K clients. Each client k has access to a local dataset Dk = {(xi, yi)},
which is not shared with other clients or the server. The goal is to collaboratively improve local
models while preserving data privacy under heterogeneous data distributions. Each client maintains
two models: a private model fk for the primary learning task and a lightweight proxy model gk for
cross-client knowledge exchange. The proxy models share a common architecture across clients and
are aggregated on the server, while private models remain local and are never shared.

3.2 Overview of FedeKD

At each communication round, FedeKD implements three sequential stages: forward proxy distillation,
proxy aggregation, and energy-gated private-model update. In the forward stage, each client keeps its
private model fixed and trains only the lightweight proxy model to mimic the current private model
on local data. The proxy models are then uploaded to the server and aggregated to form a global
proxy model, which is broadcast back to all clients. In the backward stage, each client updates its
private model once using a combined objective consisting of the supervised loss and the energy-gated
backward distillation loss from the global proxy. Algorithm 1 summarizes one communication round.

3.3 Forward Proxy Distillation

At the beginning of each communication round, each client keeps its private model fk fixed and trains
only the proxy model gk on local data. The proxy is trained to mimic the private model via forward
knowledge distillation using a task-specific distillation loss. For classification, this corresponds to
matching predictive distributions, while for regression, it reduces to matching continuous predictions.
This step enables the proxy model to capture task-relevant knowledge from the private model while
maintaining a shared representation space across clients.

3.4 Proxy Aggregation

After local updates, each client uploads its proxy model to the server. The server aggregates these
proxy models to form a global proxy, which is then broadcast back to all clients. Importantly,
aggregation is performed only in the proxy space, avoiding direct sharing of private model parameters
and thereby reducing the exposure of sensitive information.

3.5 Energy-Gated Backward Distillation

To transfer knowledge from the global proxy back to the private model, FedeKD introduces a
reliability-aware backward distillation objective that operationalizes sample-wise trust through energy-
based gating. Given an input x, an energy score E(x) is computed to measure the disagreement
between the private and proxy models, i.e., E(x) = E(g(x), fk(x)), where E(·) can be instantiated
using various discrepancy measures.

For classification, we adopt an entropy-normalized symmetric KL divergence defined as

E(x) =
1
2

(
KL(p ∥ q) + KL(q ∥ p)

)
H(p) +H(q) + ϵH

, (1)

where p = σ(fk(x)), q = σ(g(x)), H(·) denotes entropy, and ϵH = 10−8 is a small numerical
constant. This formulation measures private-proxy disagreement while calibrating its magnitude by
the total predictive entropy of the two models. For regression, we use squared error as a proxy for
prediction disagreement, and the energy reduces to

E(x) =
1

2
∥fk(x)− g(x)∥22, (2)
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which provides a continuous measure of point-prediction disagreement. For the scalar-output regres-
sion tasks used in our experiments, this reduces to the squared difference between the private and
proxy predictions. Unlike the classification energy, this regression energy does not model predictive
uncertainty; instead, it measures functional disagreement between the private and proxy predictions.

Design rationale. The proposed classification energy function is based on a symmetric KL diver-
gence normalized by the total entropy, as defined in Eq. (1). This formulation has three key properties.
First, the symmetric KL divergence ensures that the disagreement measure is invariant to the ordering
of the private and proxy models, i.e., E(p, q) = E(q, p). Second, entropy normalization makes
the score a relative measure of disagreement rather than an absolute KL magnitude. For a fixed
symmetric KL value, the normalized energy is larger when the private and proxy predictions are
sharp and low-entropy, and smaller when their predictions are diffuse and high-entropy. Thus, the
gate emphasizes confident contradictions between the private and proxy models, which are more
likely to induce harmful transfer, while treating diffuse high-entropy disagreements as less decisive.
Finally, the normalized form combines distributional mismatch with prediction specificity, enabling
reliability-aware weighting of transferred knowledge.

The energy scores are then converted into sample-wise trust weights within each minibatch. For
a minibatch B = {xi}|B|

i=1, let Ei = E(xi), µB = |B|−1
∑|B|

i=1 Ei, and sB = (|B|−1
∑|B|

i=1(Ei −
µB)

2)1/2. We first form a batch-normalized energy and then apply a logistic gate:

Ẽi =
Ei − µB

sB + ϵB
, wi = ρ(−βẼi), ρ(t) =

1

1 + exp(−t)
, (3)

where ϵB = 10−8 is a small numerical constant and β > 0 controls the sharpness of the gate. This
gate makes reliability batch-relative: a sample is trusted according to how safe its transfer signal
appears compared with other samples in the same minibatch, rather than according to a fixed global
threshold.

The private model is updated using a weighted distillation objective defined as

LBKD = EB∼Dk

 1

|B|

|B|∑
i=1

sg(wi)ℓKD(xi)

 , (4)

where ℓKD(xi) denotes the distillation loss between the proxy and private models, and sg(·) denotes
stop-gradient. We use ℓKD(xi) = KL(qi∥pi) for classification, with pi = σ(fk(xi)) and qi =
σ(g(xi)), and squared error for regression. The full private-model update combines the supervised
loss with the gated distillation term:

Lprivate = Lsup + λkdLBKD. (5)

The stop-gradient operator ensures that the gate acts as a reliability weight rather than introducing an
additional optimization path through the energy function. Thus, for each sample, the gate rescales the
distillation gradient but does not reverse the underlying distillation direction. We provide stability-
oriented properties of this mechanism in Appendix F, including batch-relative monotonicity, bounded
and non-degenerate trust weights, a variational interpretation of the logistic gate, and output-level
influence results for both classification and regression.

Intuitively, samples with low relative disagreement are assigned higher trust weights, while high
relative-disagreement samples are down-weighted. In practice, this mechanism modulates the
influence of the proxy model on each sample by reweighting the distillation loss according to the
relative level of agreement between the private and proxy models.

Properties of the energy-based gating function. The batch-normalized logistic gate should be
interpreted as a relative trust assignment within each minibatch. Samples with energy below the batch
mean receive weights above 1/2, whereas samples with energy above the batch mean receive weights
below 1/2. Moreover, for any two samples in the same minibatch, Ei ≤ Ej implies wi ≥ wj , so
the gate preserves the intended ordering of reliability. This batch-relative monotonicity property
is formalized in Proposition 1. The logistic gate also produces bounded and non-degenerate trust
weights. In particular, the weights remain strictly between 0 and 1, avoiding hard rejection while
still reducing the influence of high-energy samples. This property is formalized in Proposition 2. In
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addition, the logistic form admits a variational interpretation as the solution to an entropy-regularized
soft trust assignment problem, as shown in Proposition 3. Finally, because the gate is detached during
backpropagation, it scales the distillation loss without introducing an additional gradient path through
the energy function. As a result, the gated per-sample distillation gradient is a positive scalar multiple
of the ungated distillation gradient and cannot reverse its direction. We formalize this behavior in
Proposition 4, with output-level influence results for regression and classification in Corollaries 1
and 2. Together, these stability properties connect the proposed objective to the empirical robustness
of FedeKD: unreliable proxy guidance is not discarded by a hard rule, but is systematically assigned
lower influence while useful distillation signals remain active.

These properties help explain the empirical robustness of FedeKD observed in Section 4, where
unreliable samples tend to receive lower relative weights across heterogeneous settings.

4 Benchmark

4.1 Settings

Benchmarks and Data Partitioning. We evaluate the effectiveness and scalability of FedeKD on
six real-world datasets most frequently used by prior FL works Lu et al. [2023], Wang et al. [2024],
Min et al. [2025], Nguyen et al. [2026], ensuring a fair comparison with established baselines. The
six datasets span two tasks: classification (FashionMNIST Xiao et al. [2017], CIFAR-10 Krizhevsky
[2009], OCTMNIST Kermany et al. [2018], and OrganAMNIST Xu et al. [2019]) and regression
(RetinaMNIST Liu et al. [2022] and Diabetic Retinopathy (Regular Fundus) Woerner et al. [2025]).
To simulate realistic data heterogeneity, we apply a Dirichlet partition with concentration parameter
α to induce label shift in classification and covariate shift in regression tasks. Smaller values of
α correspond to more heterogeneous data distributions across clients. Detailed data statistics and
partition descriptions are provided in Appendix G.

Experimental Design for Heterogeneity. Following prior work in cross-silo FL Wang et al. [2025],
Nguyen et al. [2026], we consider a system with six clients and adopt an asymmetric model design
within each client, consisting of a high-capacity private model and a lightweight proxy model. All
clients share identical model architectures. Model asymmetry arises from the distinct roles and
capacities of the private and proxy models, which create discrepancies between models during
knowledge transfer. Further details on the model architectures and the controlled heterogeneity setup
are provided in Appendix H.

Hyperparameter settings. For FedeKD, we use β = 1 and λkd = 1 across all experiments without
additional tuning. All baselines are evaluated using their standard or publicly reported hyperparameter
configurations. Models are trained using Adam with a learning rate of 10−4, using 5 communication
rounds with 2 local epochs per round across all methods to ensure consistent and computationally
comparable evaluation. The local minibatch size is set to B = 64 for all training procedures, while a
larger batch size of 256 is used for evaluation.

4.2 Evaluation Metrics

We evaluate model performance under both classification and regression settings with a focus on
negative transfer and robustness across heterogeneous clients, while also reporting accuracy and
RMSE as measures of predictive performance.

Classification. We report accuracy, defined as Acc = 1
N

∑N
i=1 I(ŷi = yi), where ŷi and yi denote

the predicted and ground-truth labels. To explicitly quantify negative transfer, we compute the
performance change relative to local training as ∆k = Accmethod

k − Acclocal
k , where negative values

indicate degradation. We aggregate these values across clients using their average (Avg ∆) and worst
case (Worst ∆), and further report the 10th percentile (P10 ∆) over clients to capture lower-tail
behavior. Client-level robustness is additionally assessed using the average Avg = 1

K

∑K
k=1 Acck

and worst-case Worst = mink Acck accuracy.
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Table 1: Measurement of average-case negative transfer (Avg ∆) for classification tasks (higher is
better). Results are reported as mean±std over 10 independent runs. Bold and underline denote the
best and second-best results in each column, respectively. FedeKD consistently achieves the strongest
reduction in negative transfer under severe heterogeneity (α = 0.1), remains highly competitive
at moderate heterogeneity (α = 0.3), and performs comparably to the best alternatives when data
distributions become more homogeneous (α = 0.5). Notably, FedeKD exhibits consistently lower
variance across runs, indicating more stable and reliable performance compared to the baselines.

Agg.
Method Model FashionMNIST CIFAR-10 OCTMNIST OrganAMNIST

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 α = 0.1 α = 0.3 α = 0.5
FedDyn - −0.8309±0.0500 −0.7933±0.0187 −0.7666±0.0143 −0.6560±0.0642 −0.5738±0.0390 −0.5285±0.0302 −0.6328±0.1168 −0.5242±0.0753 −0.4790±0.0527 −0.8317±0.0623 −0.8252±0.0159 −0.8080±0.0247

FedProx - −0.4506±0.0700 −0.2468±0.0645 −0.1821±0.0390 −0.5553±0.0775 −0.3480±0.0403 −0.2788±0.0328 −0.4989±0.1108 −0.2965±0.1259 −0.1909±0.0424 −0.5313±0.1100 −0.3061±0.0629 −0.2287±0.0364

FedProx FedType −0.0096±0.0092 −0.0129±0.0076 −0.0145±0.0058 −0.0054±0.0174 −0.0042±0.0067 0.0011±0.0049 −0.0264±0.0168 −0.0297±0.0164 −0.0320±0.0221 −0.0122±0.0110 −0.0030±0.0114 −0.0016±0.0090

FedAvg - −0.4604±0.0843 −0.2545±0.0629 −0.1921±0.0353 −0.5525±0.0793 −0.3540±0.0431 −0.2840±0.0308 −0.5044±0.1116 −0.3003±0.1252 −0.2001±0.0448 −0.5482±0.1082 −0.3193±0.0669 −0.2408±0.0404

FedAvg FedType −0.0087±0.0089 −0.0125±0.0083 −0.0130±0.0056 −0.0049±0.0120 −0.0023±0.0062 0.0030±0.0051 −0.0247±0.0105 −0.0284±0.0178 −0.0306±0.0183 −0.0116±0.0108 −0.0014±0.0120 0.0010±0.0079

FedAvg FedeKD −0.0065±0.0066 −0.0035±0.0050 0.0031±0.0035 −0.0033±0.0098 −0.0017±0.0051 −0.0016±0.0048 −0.0040±0.0084 −0.0013±0.0089 −0.0024±0.0096 −0.0078±0.0060 −0.0021±0.0064 −0.0024±0.0048

Table 2: Measurement of Avg ∆ for regression tasks (lower is better). FedeKD consistently and
stably achieves the lowest Avg ∆.

Agg.
Method Model RetinaMNIST Diabetic Retinopathy

α = 0.1 α = 0.3 α = 0.5 α = 0.1 α = 0.3 α = 0.5
FedDyn - 0.6091±0.2355 0.8470±0.2508 0.7308±0.1350 1.3174±2.3447 0.7513±0.3794 0.6559±0.1899

FedProx - 0.1445±0.0714 0.1509±0.0941 0.1145±0.0409 0.1248±0.0765 0.1700±0.0764 0.1506±0.0590

FedAvg - 0.1459±0.0726 0.1467±0.0942 0.1131±0.0403 0.1216±0.0739 0.1682±0.0759 0.1507±0.0585

FedAvg FedeKD −0.0019±0.0474 0.0034±0.0619 −0.0178±0.0353 −0.0606±0.0935 −0.0050±0.0611 −0.0058±0.0798

Regression. We report root mean squared error (RMSE), defined as RMSE =√
1
N

∑N
i=1(ŷi − yi)2. Following the same evaluation principle, we define ∆k =

RMSEmethod
k − RMSElocal

k , where positive values indicate degradation. In this setting, we fo-
cus on the upper tail of the distribution and report the 90th percentile (P90 ∆) over clients, along
with the average (Avg. ∆) and worst-case (Worst ∆) values of ∆k. We measure robustness across
clients using the average Avg = 1

K

∑K
k=1 RMSEk and the worst-case Worst = maxk RMSEk.

4.3 Robustness to Negative Transfer

Tables 1 and 2 report the primary average-case negative-transfer results for classification and regres-
sion, respectively. To assess whether these gains also hold beyond the mean, we further examine
worst-case and tail-sensitive metrics reported in Tables 4, 5, 6, and 7 in Appendices.

Classification. For classification, FedeKD delivers the strongest overall robustness profile against
negative transfer across four datasets and multiple heterogeneity levels (α). On the main metric
Avg ∆ in Table 1, FedeKD is best in all four datasets at α = 0.1, remains best on three datasets
at α = 0.3, and stays competitive at α = 0.5, where the gap between methods naturally shrinks
as client distributions become less skewed. This pattern indicates that reliability-aware distillation
is most beneficial when transferred knowledge is least trustworthy, particularly under strong data
heterogeneity.

A stronger robustness signal appears when evaluation moves beyond averages to the vulnerable-
client regime. In Table 4, FedeKD consistently achieves the best Worst ∆ across all datasets and all
heterogeneity levels, showing that it most effectively limits the most severe degradation experienced
by any client. Likewise, Table 6 shows that FedeKD also dominates P10 ∆, which captures the lower
tail of the client distribution rather than only the single worst case. Together, these two results indicate
that the gains of FedeKD are not driven by a few easy clients or by averaging effects. Instead, the
method improves robustness throughout the lower end of the client population. These results show
that FedeKD not only improves average-case performance but also provides consistent robustness
gains across the lower tail of the client population.

Regression. On the primary metric Avg ∆ in Table 2, FedeKD is best in every setting across both
RetinaMNIST and Diabetic Retinopathy and across all heterogeneity levels. Standard FL baselines
remain consistently harmful, while FedeKD is the only method that reliably drives average degradation
toward zero or below.
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Figure 2: Classification accuracy on FashionMNIST and CIFAR-10 (left) as well as RMSE regres-
sion on RetinaMNIST and Diabetic Retinopathy (right) at α = 0.1. Full results are reported in
Appendix K.

This advantage becomes more pronounced under stronger robustness metrics. Table 5 shows that
FedeKD achieves the lowest Worst ∆ in every setting, substantially reducing the severity of the most
extreme degradation. Similarly, Table 7 shows the same trend for P90 ∆, confirming that the benefit
extends to the upper tail of the error distribution and is not confined to a single pathological client.
In other words, FedeKD improves both the center and the tail of the regression negative-transfer
distribution.

4.4 Predictive Performance under Negative Transfer Mitigation

We further examine whether FedeKD maintains strong predictive performance in terms of mean client
accuracy and RMSE. While these metrics are not the primary optimization objective, they provide an
important complementary view of overall model quality.

Classification. As shown in Figure 2 (left) and Table 8 in Appendix K, FedeKD remains consis-
tently competitive in mean client accuracy across all datasets and heterogeneity levels. In highly
heterogeneous settings (α = 0.1), FedeKD achieves the best accuracy on all four datasets, indicating
that reliability-aware knowledge transfer does not compromise predictive performance even under
severe distribution shifts. At moderate heterogeneity (α = 0.3), FedeKD continues to rank among
the top methods, often matching or slightly exceeding FedType-based variants. As data distributions
become more homogeneous (α = 0.5), the performance gap between methods naturally narrows, yet
FedeKD still maintains near-optimal accuracy across all datasets. Importantly, in the few cases where
FedeKD is not the top-performing method in accuracy, the difference is marginal. This behavior aligns
with the design objective of the method: rather than maximizing accuracy alone, FedeKD prioritizes
robustness against negative transfer while preserving high overall performance. The results therefore
demonstrate that strong reductions in negative transfer can be achieved without sacrificing predictive
accuracy.

Regression. A similar pattern is observed in regression tasks. As reported in Figure 2 (right) and
Table 9, FedeKD consistently achieves the lowest mean client RMSE across both RetinaMNIST
and Diabetic Retinopathy under all heterogeneity levels. This result is particularly notable because
standard FL baselines not only suffer from significant negative transfer (Table 2) but also exhibit
worse predictive performance in absolute terms.

5 Ablation Studies

Ablation Analysis of the Gating Mechanism. The central methodological component of FedeKD
is the reliability-aware backward gate, which determines how strongly each transferred proxy signal
should affect the private model. To isolate the contribution of this gating mechanism, we compare
our KD gating with No Gating as well as several energy-based gating variants (entropy-based energy,
margin-based energy, LogSumExp energy, and feature-distance energy) under the same forward-stage
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Figure 3: Avg ∆ across β values on CIFAR-10 and OrganAMNIST at α = 0.5. In practice, β ∈ [1, 2]
provides a reliable default choice under this setting.

setup. All descriptions of these variants can be found in Appendix L. Table 10 shows No Gating
consistently suffers from substantially larger negative transfer across all datasets and heterogeneity
levels. This confirms that simply introducing backward distillation is insufficient, particularly
under high data heterogeneity across clients, where naive full-trust transfer amplifies unreliable and
conflicting knowledge. These results demonstrate that effective backward distillation in heterogeneous
settings requires a reliability-aware gating mechanism. While some variants, particularly feature-
distance energy, achieve competitive performance in certain cases, none consistently match the
KL-based gating used in FedeKD. In particular, alternative energies often exhibit higher variance or
degrade under strong heterogeneity, indicating less reliable selection of informative samples.

Sensitivity to β. We further investigate the impact of the gating sharpness parameter β, which
controls how aggressively unreliable knowledge is suppressed during backward distillation. Figure 3
reports Avg ∆ across β ∈ {0.25, 0.5, 2, 4, 8} under mild heterogeneity (α = 0.5). Across both
CIFAR-10 and OrganAMNIST, performance follows a consistent pattern: moderate values of β
perform best, with β = 2 achieving the highest Avg ∆. Smaller values (e.g., β = 0.25) apply nearly
uniform weights, resulting in weak gating and limited improvement over naive distillation, while
larger values (e.g., β = 4, 8) lead to overly selective gating that suppresses useful knowledge and
degrades performance. Interestingly, the optimal β remains above the default (β = 1) even under
mild heterogeneity. This suggests that unreliable knowledge persists beyond data heterogeneity and
also arises from model asymmetry and proxy aggregation, necessitating non-trivial gating even when
client distributions are relatively homogeneous.

Sensitivity to λkd. We vary λkd ∈ {0, 0.25, 0.5, 2, 4}while fixing other hyperparameters to examine
its impact on negative transfer under mild heterogeneity (α = 0.5). As shown in Figure 4 of
Appendix M, performance exhibits a clear unimodal pattern, with moderate values λkd ∈ [0.25, 0.5]
achieving the highest Avg ∆, while larger values lead to substantial degradation. This reflects a trade-
off between utilizing proxy knowledge and preserving local learning: small λkd under-utilizes shared
knowledge, whereas large λkd amplifies the distillation term (λkd · w(x)), effectively overriding
the gating mechanism and reintroducing negative transfer. In practice, while the default setting
(λkd = 1) provides a stable and reliable choice, we recommend reducing λkd to 0.5 or 0.25 under less
severe heterogeneity, as moderate distillation is sufficient and avoids over-amplifying proxy-induced
discrepancies.

6 Conclusion

Limitations. Our study has several limitations. First, the experiments are conducted on public
benchmarks with simulated cross-silo partitions, which may not fully capture real-world multi-
site variation such as differences in data acquisition, population characteristics, annotation quality,
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and site-specific workflows. Second, while FedeKD improves client-level robustness, we do not
directly evaluate fairness across subpopulations; thus, our results should be interpreted as improving
robustness under heterogeneity rather than addressing broader fairness concerns. Third, FedeKD
requires maintaining both private and proxy models and performing bidirectional distillation, which
introduces additional computation and synchronization overhead. Finally, the regression energy
measures prediction disagreement rather than calibrated predictive uncertainty.

Conclusion and Future Work. We introduced FedeKD, a reliability-aware federated knowledge dis-
tillation framework for heterogeneous FL. By converting private-proxy disagreement into sample-wise
trust weights, FedeKD mitigates negative transfer while maintaining strong predictive performance
across classification and regression tasks. Future work will extend FedeKD toward real multi-site
deployments, fairness-aware evaluation, adaptive and calibration-aware trust estimation, and more
communication-efficient training.

10



Acknowledgments and Disclosure of Funding

...

References
A. E. Durmus, Z. Yue, M. Ramon, M. Matthew, W. Paul, and S. Venkatesh. Federated learning based

on dynamic regularization. In The Ninth International Conference on Learning Representations,
Virtual, 2021.

W. Huang, M. Ye, and B. Du. Learn from others and be yourself in heterogeneous federated learning.
In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages
10143–10153, New Orleans, Louisiana, 2022.

D. S. Kermany, M. Goldbaum, W. Cai, C. C. S. Valentim, H. Liang, S. L. Baxter, A. McKeown,
G. Yang, X. Wu, F. Yan, J. Dong, M. K. Prasadha, J. Pei, M. Y. L. Ting, J. Zhu, C. Li, S. Hewett,
J. Dong, I. Ziyar, A. Shi, R. Zhang, L. Zheng, R. Hou, W. Shi, X. Fu, Y. Duan, V. A. N. Huu,
C. Wen, E. D. Zhang, C. L. Zhang, O. Li, X. Wang, M. A. Singer, X. Sun, J. Xu, A. Tafreshi, M. A.
Lewis, H. Xia, and K. Zhang. Identifying medical diagnoses and treatable diseases by image-based
deep learning. Cell, 172(5):1122–1131, 2018.

A. Krizhevsky. Learning multiple layers of features from tiny images. Master’s thesis, University of
Toronto, 2009.

D. Li and J. Wang. FedMD: Heterogenous Federated Learning via Model Distillation. arXiv preprint
arXiv:1910.03581, 2019. URL https://arxiv.org/abs/1910.03581.

T. Li, A. K. Sahu, M. Zaheer, M. Sanjabi, A. Talwalkar, and V. Smith. Federated optimization in
heterogeneous networks. In Proceedings of Machine Learning and Systems, volume 2, pages
429–450, Austin, TX, USA, 2020. mlsys.org.

T. Lin, L. Kong, S. U. Stich, and M. Jaggi. Ensemble distillation for robust model fusion in federated
learning. In Advances in Neural Information Processing Systems, volume 33, pages 2351–2363,
virtual, 2020.

R. Liu, X. Wang, Q. Wu, L. Dai, X. Fang, T. Yan, J. Son, S. Tang, J. Li, Z. Gao, A. Galdran, J. M.
Poorneshwaran, H. Liu, J. Wang, Y. Chen, P. Porwal, G. S. Wei Tan, X. Yang, C. Dai, H. Song,
M. Chen, H. Li, W. Jia, D. Shen, B. Sheng, and P. Zhang. Deepdrid: Diabetic retinopathy—grading
and image quality estimation challenge. Patterns, 3(6), 2022.

C. Lu, Y. Yu, S. P. Karimireddy, M. I. Jordan, and R. Raskar. Federated Conformal Predictors for
Distributed Uncertainty Quantification. In Proceedings of the 40th International Conference on
Machine Learning, volume 202, pages 22942–22964, Honolulu, Hawaii, USA, 2023. PMLR.

H. B. McMahan, E. Moore, D. Ramage, S. Hampson, and B. A. y Arcas. Communication-efficient
learning of deep networks from decentralized data. In Proceedings of the 20th International
Conference on Artificial Intelligence and Statistics, volume 54, pages 1273–1282, Florida, USA,
2017. Proceedings of Machine Learning Research.

Y. Min, C. Zhang, L. Peng, and C. Zou. Personalized federated conformal prediction with localization.
In Proceedings of the 39th International Conference on Neural Information Processing Systems,
San Diego, USA, 2025. Curran Associates, Inc.

Q.-H. Nguyen, J. Wang, and W.-S. Ku. Conformalized Neural Networks for Federated Uncertainty
Quantification under Dual Heterogeneity. arXiv, 2026. doi: 10.48550/2602.23296.

T. Shen, J. Zhang, X. Jia, F. Zhang, Z. Lv, K. Kuang, C. Wu, and F. Wu. Federated mutual learning: a
collaborative machine learning method for heterogeneous data, models, and objectives. Frontiers
of Information Technology & Electronic Engineering, 24(10):1390–1402, 2023.

Y. Tan, G. Long, L. Liu, T. Zhou, Q. Lu, J. Jiang, and C. Zhang. FedProto: Federated Prototype
Learning across Heterogeneous Clients. In Proceedings of the AAAI Conference on Artificial
Intelligence, volume 36, pages 8432–8440, 2022.

11

https://arxiv.org/abs/1910.03581


J. Wang, X. Yang, S. Cui, L. Che, L. Lyu, D. D. Xu, and F. Ma. Towards personalized federated
learning via heterogeneous model reassembly. In Thirty-seventh Conference on Advances in Neural
Information Processing Systems, pages 29515–29531, New Orleans, LA, United States, 2023.
Curran Associates, Inc.

J. Wang, C. Zhao, L. Lyu, Q. You, M. Huai, and F. Ma. Bridging model heterogeneity in federated
learning via uncertainty-based asymmetrical reciprocity learning. In Proceedings of the 41st
International Conference on Machine Learning, volume 41, pages 52290–52308, Vienna, Austria,
2024. JMLR.org.

J. Wang, Z. Yin, Q. You, L. Lyu, and F. Ma. Asymmetrical Reciprocity-based Federated Learning for
Resolving Disparities in Medical Diagnosis. In Proceedings of the 31st ACM SIGKDD Conference
on Knowledge Discovery and Data Mining V. 1, volume 31, pages 1445–1456, Toronto ON Canada,
2025. Association for Computing Machinery.

S. Woerner, A. Jaques, and C. F. Baumgartner. A comprehensive and easy-to-use multi-domain
multi-task medical imaging meta-dataset. Scientific Data, 12(1), 2025. doi: 10.1038/
s41597-025-04866-4.

H. Xiao, K. Rasul, and R. Vollgraf. Fashion-mnist: a novel image dataset for benchmarking machine
learning algorithms. arXiv preprint arXiv:1708.07747, 2017.

X. Xu, F. Zhou, B. Liu, D. Fu, and X. Bai. Efficient multiple organ localization in CT image using
3D region proposal network. IEEE Transactions on Medical Imaging, 38(8):1885–1898, 2019.

L. Yi, G. Wang, X. Liu, Z. Shi, and H. Yu. Fedgh: Heterogeneous federated learning with generalized
global header. In Proceedings of the 31st ACM International Conference on Multimedia, pages
8686–8696, Ottawa ON, Canada, 2023. Association for Computing Machinery.

S. Yu, W. Qian, and A. Jannesari. Resource-aware federated learning using knowledge extraction and
multi-model fusion. arXiv preprint arXiv:2208.07978, 2022.

12



Contents

A Broader Impact 14

B Compute and Environment Configuration 14

C Code and Repository 14

D Author Statement 14

E Algorithm of FedeKD 15

F Mechanistic and Stability Properties of Energy-Gated Distillation 15

G Data Licence & Data Statistics 19

G.1 License and Ethics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

G.2 Data Statistics . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19

H Study Design 20

I Worst ∆ 21

J P10 and P90 21

K Accuracy & RMSE 22

L Role of Energy-based Gating 22

M Sensitivity to λkd 23

13



A Broader Impact

FedeKD introduces a reliability-aware federated knowledge distillation framework that offers a
promising approach for advancing healthcare AI under data heterogeneity and privacy constraints.
By enabling collaborative learning without requiring direct data sharing, the framework supports
compliance with strict data protection regulations while preserving patient confidentiality. At the same
time, FedeKD improves the robustness and stability of models trained across diverse clinical sites,
allowing them to better generalize across variations in data acquisition, population characteristics,
and annotation quality. By leveraging disagreement between private and proxy models to guide
knowledge transfer, FedeKD enhances the effective use of distributed and heterogeneous medical
data without centralization. This capability can expand the applicability of AI systems in healthcare,
supporting more reliable diagnostic models and decision support tools across institutions with varying
resources. Furthermore, the framework promotes broader participation in collaborative learning
settings, enabling institutions with limited data or computational capacity to benefit from shared model
improvements. Overall, FedeKD has the potential to contribute to more scalable, privacy-preserving,
and robust healthcare AI systems, supporting improved clinical decision-making and advancing the
development of trustworthy machine learning solutions in sensitive real-world environments.

B Compute and Environment Configuration

All experiments are conducted on servers equipped with NVIDIA A100 GPUs (80 GB) and AMD
EPYC CPUs, running on Linux-based systems with CUDA 11.8. Models are implemented in PyTorch
and trained using single-GPU setups with up to 32 CPU cores per run. Additional implementation
details, including hyperparameters and training configurations, are provided in the accompanying
code repository.

C Code and Repository

We provide an implementation of FedeKD at link. This repository includes resources for data
preprocessing scripts, baseline methods, and experiment configurations. The codebase is designed to
facilitate reproducibility and further research in heterogeneous federated learning. All relevant details
and instructions are documented in the repository.

D Author Statement

The authors take full responsibility for the content of this work, including the implementation
and evaluation of the proposed method. Any potential issues related to data usage, licensing, or
reproducibility will be addressed through updates to the public repository.
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E Algorithm of FedeKD

Algorithm 1 One communication round of FedeKD
Require: Client datasets {Dk}Kk=1, private models {fk}Kk=1, proxy models {gk}Kk=1, λkd, β

1: for each client k in parallel do
2: Freeze private model fk
3: Update proxy model gk on Dk by forward KD from fk
4: Upload proxy model gk to the server
5: end for
6: Server aggregates proxy models: g ← K−1

∑K
k=1 gk

7: Server broadcasts global proxy g to all clients
8: for each client k in parallel do
9: Freeze global proxy g

10: for each minibatch B ⊂ Dk do
11: Compute private outputs fk(xi) and proxy outputs g(xi) for xi ∈ B
12: Compute energy scores Ei and trust weights wi using Eq. 3
13: Detach wi from the computation graph
14: Update private model fk using Lsup + λkd|B|−1

∑
xi∈B sg(wi)ℓKD(xi)

15: end for
16: end for

Computational and communication cost. Let Ff and Bf denote the forward and backward costs
of the private model, and let Fg and Bg denote those of the proxy model. For each minibatch,
forward proxy distillation costs one frozen private forward pass and one proxy forward-backward
update, i.e., Ff + Fg +Bg . The backward stage costs one frozen proxy forward pass and one private
forward-backward update, i.e., Fg + Ff + Bf , plus the energy and gating computation, which is
O(|B|C) for classification with C classes and O(|B|) for regression. Therefore, compared with a
standard supervised private update, FedeKD adds one private teacher forward pass, one proxy teacher
forward pass, and one lightweight proxy update per communication round. The communication cost
is O(|θg|) per client per round because only proxy parameters are uploaded and broadcast, while
private parameters θf remain local.

F Mechanistic and Stability Properties of Energy-Gated Distillation

The following results are intended as stability and mechanistic properties of the batch-normalized
logistic gate, rather than as new mathematical inequalities. They clarify how the gate orders samples,
bounds trust weights, and modulates per-sample distillation gradients under stop-gradient weighting.

Proposition 1 (Batch-relative monotonicity). Let B = {xi}ni=1 be a minibatch with energy scores
Ei = E(xi). Define the batch mean and standard deviation as

µB =
1

n

n∑
j=1

Ej , sB =

√√√√ 1

n

n∑
j=1

(Ej − µB)2.

For ϵB > 0 and β > 0, define the normalized energy and trust weight by

Ẽi =
Ei − µB

sB + ϵB
, wi = ρ(−βẼi), ρ(t) =

1

1 + exp(−t)
.

Then for any two samples xi, xj ∈ B,

Ei ≤ Ej =⇒ wi ≥ wj .

Proof. Since sB + ϵB > 0, the batch normalization is order-preserving:

Ei ≤ Ej =⇒ Ei − µB

sB + ϵB
≤ Ej − µB

sB + ϵB
.
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Therefore,
Ẽi ≤ Ẽj .

The map z 7→ −βz is monotonically decreasing for β > 0, and the sigmoid function ρ(t) is
monotonically increasing. Hence the composition z 7→ ρ(−βz) is monotonically decreasing. Thus,

Ẽi ≤ Ẽj =⇒ ρ(−βẼi) ≥ ρ(−βẼj),

which gives
wi ≥ wj .

Proposition 2 (Bounded and non-degenerate trust weights). Let B = {xi}ni=1 be a minibatch with
energy scores Ei = E(xi). Define

µB =
1

n

n∑
j=1

Ej , sB =

√√√√ 1

n

n∑
j=1

(Ej − µB)2,

and
Ẽi =

Ei − µB

sB + ϵB
, wi = ρ(−βẼi), ρ(t) =

1

1 + exp(−t)
,

where ϵB > 0 and β > 0. If n = 1, then w1 = 1/2. If n ≥ 2, then for every sample xi ∈ B,

ρ
(
−β
√
n− 1

)
≤ wi ≤ ρ

(
β
√
n− 1

)
.

In particular, 0 < wi < 1 for all samples.

Proof. If n = 1, then E1 = µB and sB = 0, so Ẽ1 = 0 and w1 = ρ(0) = 1/2.

Now assume n ≥ 2. If sB = 0, then all energy scores are equal, so Ẽi = 0 and wi = 1/2 for all i,
which satisfies the claim.

It remains to consider the case sB > 0. Define

ui =
Ei − µB

sB
.

Then
n∑

i=1

ui = 0,

n∑
i=1

u2
i = n.

For any fixed i, we have ∑
j ̸=i

uj = −ui.

By Cauchy’s inequality, ∑
j ̸=i

uj

2

≤ (n− 1)
∑
j ̸=i

u2
j .

Thus, ∑
j ̸=i

u2
j ≥

u2
i

n− 1
.

Therefore,

n = u2
i +

∑
j ̸=i

u2
j ≥ u2

i +
u2
i

n− 1
=

n

n− 1
u2
i .

Hence,
|ui| ≤

√
n− 1.

Since

|Ẽi| =
∣∣∣∣Ei − µB

sB + ϵB

∣∣∣∣ = |ui|
sB

sB + ϵB
≤ |ui|,
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we obtain
|Ẽi| ≤

√
n− 1.

Thus,
−
√
n− 1 ≤ Ẽi ≤

√
n− 1.

Because z 7→ ρ(−βz) is monotonically decreasing for β > 0,

ρ
(
−β
√
n− 1

)
≤ wi ≤ ρ

(
β
√
n− 1

)
.

Finally, since the sigmoid function takes values strictly between 0 and 1, we have 0 < wi < 1.

Proposition 3 (Variational interpretation of the logistic gate). For any normalized energy Ẽ ∈ R and
any β > 0, the trust weight

w⋆ = ρ(−βẼ) =
1

1 + exp(βẼ)

is the unique minimizer over w ∈ (0, 1) of

ϕ(w) = wẼ +
1

β
[w logw + (1− w) log(1− w)] .

Proof. For w ∈ (0, 1),

ϕ′(w) = Ẽ +
1

β
log

w

1− w
,

and

ϕ′′(w) =
1

βw(1− w)
> 0.

Therefore, ϕ is strictly convex on (0, 1) and has at most one stationary point. Setting ϕ′(w) = 0 gives

log
w

1− w
= −βẼ.

Exponentiating both sides,
w

1− w
= exp(−βẼ).

Solving for w yields

w =
1

1 + exp(βẼ)
= ρ(−βẼ).

Since ϕ is strictly convex, this stationary point is the unique minimizer.

Proposition 4 (Detached gating preserves the per-sample distillation direction). Let θ denote the
parameters of the private model and let ℓi(θ) be the distillation loss for sample xi. Consider the
detached gated loss

Li(θ) = sg(wi)ℓi(θ),

where sg(·) denotes stop-gradient and 0 < wi < 1. Then

∇θLi(θ) = wi∇θℓi(θ).

Consequently, for each individual sample, detached gating rescales the distillation gradient by a
positive scalar and cannot reverse its direction.

Proof. Because gradients are stopped through wi, the trust weight is treated as a constant with respect
to θ during backpropagation. Therefore,

∇θLi(θ) = ∇θ [sg(wi)ℓi(θ)] = wi∇θℓi(θ).

Since 0 < wi < 1, the gated per-sample gradient is a positive scalar multiple of the ungated
per-sample gradient. Hence the direction cannot be reversed for that sample.
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Corollary 1 (Regression output-level influence). For regression, let

ri = fθ(xi)− g(xi)

and let the distillation loss be
ℓi = ∥ri∥22.

Under detached gating,
Li = sg(wi)ℓi.

Then the gradient with respect to the private model output is

∇fθ(xi)Li = 2wiri.

Therefore, the negative gradient is proportional to

g(xi)− fθ(xi),

and the gated output-level gradient has no larger magnitude than the ungated distillation gradient:∥∥∇fθ(xi)Li

∥∥
2
≤

∥∥∇fθ(xi)ℓi
∥∥
2
.

Proof. Since wi is detached, it is constant with respect to fθ(xi). Thus,

∇fθ(xi)Li = wi∇fθ(xi)∥fθ(xi)− g(xi)∥22.

The gradient of the squared error is

∇fθ(xi)∥fθ(xi)− g(xi)∥22 = 2(fθ(xi)− g(xi)) = 2ri.

Hence,
∇fθ(xi)Li = 2wiri.

Since 0 < wi < 1,
∥2wiri∥2 ≤ ∥2ri∥2 ,

which proves the magnitude bound. The negative gradient is

−2wiri = 2wi(g(xi)− fθ(xi)),

so the distillation update pulls the private prediction toward the proxy prediction without reversing
the squared-error distillation direction.

Corollary 2 (Classification output-level influence). For classification, let

zi = fθ(xi), pi = softmax(zi), qi = softmax(g(xi)),

where qi is treated as fixed during the private-model update. Let the distillation loss be

ℓi = KL(qi∥pi).

Under detached gating,
Li = sg(wi)ℓi.

Then
∇ziLi = wi(pi − qi).

Moreover,
∥∇ziLi∥2 ≤ ∥pi − qi∥2 ≤

√
2.

Proof. The KL loss can be written as

ℓi = KL(qi∥pi) =
∑
c

qic log qic −
∑
c

qic log pic.

The first term is constant with respect to zi. Since pi = softmax(zi), the gradient of the cross-entropy
term with respect to logits is

∇ziℓi = pi − qi.

Because wi is detached,
∇ziLi = wi∇ziℓi = wi(pi − qi).

18



Since 0 < wi < 1,
∥∇ziLi∥2 = wi∥pi − qi∥2 ≤ ∥pi − qi∥2.

It remains to show that ∥pi − qi∥2 ≤
√
2. Let v = pi − qi. Since both pi and qi are probability

vectors,
∑

c vc = 0. Let v+c = max(vc, 0) and v−c = max(−vc, 0). Then

∥v+∥1 = ∥v−∥1 = a

for some a ≤ 1. Therefore,

∥v∥22 = ∥v+∥22 + ∥v−∥22 ≤ ∥v+∥21 + ∥v−∥21 = 2a2 ≤ 2.

Thus,

∥pi − qi∥2 ≤
√
2.

Remark. When the full objective includes the factor λkd, the distillation gradients in Corollaries 1
and 2 are scaled by λkd.

These results do not claim that the gate theoretically guarantees a reduction in final negative transfer.
Rather, they show that the proposed batch-normalized logistic gate provides a principled relative trust
assignment and that, under stop-gradient gating, it modulates the per-sample distillation influence
without reversing the underlying distillation direction.

G Data Licence & Data Statistics

G.1 License and Ethics

All datasets used in this work are publicly available and are used in accordance with their respective
licenses and terms of use. The medical imaging datasets (OCTMNIST, OrganAMNIST, and Reti-
naMNIST) are derived from MedMNIST (https://medmnist.com/) and are released under the
Creative Commons Attribution (CC BY 4.0) license. The Diabetic Retinopathy dataset is obtained via
the MedIMeta benchmark (https://www.woerner.eu/projects/medimeta/), which aggregates
multiple medical imaging datasets for research use. FashionMNIST is distributed under the MIT
License, while CIFAR-10 is released for research purposes. All datasets consist of de-identified
images and annotations. We properly cite all original data sources and comply with their usage
restrictions.

G.2 Data Statistics

We evaluate FedeKD on six public benchmarks spanning standard vision datasets and diverse medical
imaging tasks. These datasets cover heterogeneous data modalities, multi-class classification, and
ordinal regression tasks, with dataset sizes ranging from thousands to hundreds of thousands of
samples.

Datasets Overview

Dataset Data Modality Task (# Classes/Labels) Image Size Channels # Samples # Train / Val / Test
FashionMNIST Apparel Images Multi-Class (10) 28×28 1 70,000 60,000 / – / 10,000
CIFAR-10 Natural Images Multi-Class (10) 32×32 3 60,000 50,000 / – / 10,000
OCTMNIST Retinal OCT Multi-Class (4) 28×28 1 109,309 97,477 / 10,832 / 1,000
OrganAMNIST Abdominal CT Multi-Class (11) 28×28 1 58,830 34,561 / 6,491 / 17,778
RetinaMNIST Fundus Camera Ordinal Regression (5) 28×28 3 1,600 1,080 / 120 / 400
Diabetic Retinopathy Diabetic Retinopathy Ordinal regression (5) 224×224 3 2,000 1,400 / 300 / 300

Table 3: Summary of datasets used in our experiments. We include standard vision benchmarks and
diverse medical imaging datasets spanning classification and regression tasks.
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Federated Split and Heterogeneity Design

For all datasets, we simulate a cross-silo FL setting with K = 6 clients. Data are first partitioned
across clients using a Dirichlet distribution with concentration parameter α ∈ {0.1, 0.3, 0.5}, where
smaller values induce stronger heterogeneity. Unless otherwise specified, the same split procedure is
applied for each value of α.

For classification tasks, this produces label skew across clients. For regression tasks (RetinaMNIST
and Diabetic Retinopathy), we induce covariate shift by clustering feature representations into B = 5
bins using K-means and applying the Dirichlet partition over these clusters.

After Dirichlet partitioning, each client’s local dataset is further split into training, validation, and
test subsets with proportions 60%, 20%, and 20%, respectively. The training split is used for model
optimization, the test split is used for evaluating negative transfer and robustness metrics, and the
validation split is reserved for baselines that require an additional hold-out set (e.g., FedType in this
work). Before splitting, each client’s data are randomly permuted to avoid ordering bias.

RetinaMNIST and Diabetic Retinopathy as Regression. RetinaMNIST and Diabetic Retinopathy
are originally defined as ordinal classification problems with five ordered grades. In our work, we treat
both datasets as regression tasks by modeling the ordered labels as numeric targets. This formulation
enables evaluation of FedeKD under a regression-style setting while preserving the ordinal structure
of disease severity levels.

H Study Design

Federated Setup. We simulate a cross-silo federated learning system with K = 6 clients. All
experiments are repeated over 10 independent random seeds, and we report the mean and standard
deviation across runs.

Controlled Heterogeneity. To rigorously evaluate FedeKD under realistic non-IID conditions, we
introduce two controlled sources of heterogeneity: data heterogeneity and model asymmetry between
private and proxy networks within each client.

Data Heterogeneity (Client-Level Distribution Shift)

Heterogeneity is introduced during the initial Dirichlet partitioning stage, affecting the entire local
dataset of each client. Smaller values of α induce stronger heterogeneity.

• Classification Tasks. For binary and multi-class classification datasets, we apply Dirichlet
label skew. For each class c, samples belonging to class c are distributed across clients
according to proportions drawn from a Dirichlet distribution. This produces label imbalance
and heterogeneous class priors across clients.

• Regression Tasks. For regression tasks, covariate shift is induced by applying K-means
clustering (B=5) directly on the input feature vectors (i.e., flattened images after preprocess-
ing). No pretrained feature extractor is used; clustering is performed in the original input
space.

As a result, both training and evaluation are performed under heterogeneous client-specific data
distributions.

Model Asymmetry (Private–Proxy Architecture)

Model heterogeneity in FedeKD arises from the asymmetric design between private and proxy models
rather than differences across clients.

Each client maintains two models: a high-capacity private model for local learning and a lightweight
proxy model for cross-client knowledge exchange. While all clients share the same model architec-
tures, heterogeneity is introduced through the distinct roles and capacities of these two models.

20



Classification Models

For classification tasks, we use the following architectures:

• Private Model (PrivateCNN). A higher-capacity convolutional neural network with three
convolutional layers (64 → 128 → 128 channels), followed by a fully connected layer (256
units) and a task-specific output head. This model captures rich feature representations and
serves as the primary learner.

• Proxy Model (ProxyCNN). A lightweight convolutional model with two convolutional
layers (32 → 64 channels) and a smaller feature dimension (128 units). This model is used
for communication and aggregation across clients.

Both models share the same input space but differ in representational capacity, creating an asym-
metric knowledge transfer setting. This asymmetry is central to FedeKD, as it introduces potential
discrepancies between models that motivate the need for reliability-aware knowledge transfer.

Regression Models

For regression tasks, we use the same architectural design, with the output layer modified to produce
a scalar prediction. The private model retains higher representational capacity, while the proxy model
remains lightweight, preserving the asymmetric design across tasks.

I Worst ∆

Table 4: Worst-case negative transfer (Worst ∆) for classification tasks measured (higher is better).
FedeKD consistently delivers the strongest worst-case robustness, substantially reducing the severity
of negative transfer in the most vulnerable clients across all settings.

Agg.
Method Model FashionMNIST CIFAR-10 OCTMNIST OrganAMNIST

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 α = 0.1 α = 0.3 α = 0.5

FedDyn - −0.9786±0.0089 −0.9299±0.0205 −0.8861±0.0302 −0.8820±0.0668 −0.7355±0.0547 −0.6397±0.0363 −0.9888±0.0166 −0.9380±0.0383 −0.8566±0.0788 −0.9818±0.0112 −0.9381±0.0174 −0.9071±0.0261

FedProx - −0.7963±0.0913 −0.4734±0.1491 −0.3036±0.0680 −0.7486±0.0831 −0.5013±0.0791 −0.4022±0.0676 −0.9661±0.0479 −0.6980±0.2349 −0.5301±0.1919 −0.7944±0.1156 −0.5128±0.1160 −0.3799±0.0673

FedProx FedType −0.0356±0.0347 −0.0436±0.0256 −0.0401±0.0120 −0.0606±0.0308 −0.0472±0.0169 −0.0226±0.0127 −0.0843±0.0768 −0.1038±0.0835 −0.1158±0.1023 −0.0604±0.0413 −0.0449±0.0377 −0.0307±0.0326

FedAvg - −0.7704±0.1353 −0.4832±0.1397 −0.3170±0.0687 −0.7279±0.0590 −0.5099±0.0803 −0.4122±0.0569 −0.9673±0.0471 −0.7240±0.2145 −0.5488±0.1809 −0.8155±0.0966 −0.5445±0.1125 −0.3786±0.0711

FedAvg FedType −0.0356±0.0357 −0.0422±0.0276 −0.0408±0.0154 −0.0533±0.0306 −0.0450±0.0210 −0.0224±0.0133 −0.0725±0.0469 −0.1085±0.0863 −0.1117±0.0937 −0.0589±0.0408 −0.0394±0.0401 −0.0256±0.0225

FedAvg FedeKD −0.0213±0.0138 −0.0274±0.0152 −0.0165±0.0130 −0.0312±0.0209 −0.0196±0.0077 −0.0217±0.0118 −0.0295±0.0325 −0.0226±0.0166 −0.0258±0.0183 −0.0281±0.0088 −0.0192±0.0131 −0.0186±0.0126

Table 5: Worst-case negative transfer (Worst ∆) for regression tasks measured (lower is better).
FedeKD consistently minimizes worst-case degradation, showing strong robustness against extreme
negative transfer.

Agg.
Method Model RetinaMNIST Diabetic Retinopathy

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

FedDyn - 1.3692±0.5883 1.5318±0.4742 1.2250±0.2285 2.2816±2.6428 1.4682±0.4773 1.2619±0.3380

FedProx - 0.3950±0.1353 0.3467±0.1374 0.2990±0.0752 0.5142±0.1458 0.4311±0.1383 0.4039±0.0820

FedAvg - 0.3917±0.1336 0.3480±0.1419 0.2968±0.0665 0.5074±0.1478 0.4243±0.1285 0.3922±0.0695

FedAvg FedeKD 0.1663±0.0945 0.1783±0.1003 0.1384±0.0703 0.2230±0.2000 0.2072±0.1259 0.2080±0.1079

J P10 and P90

Table 6: Measurement of lower-tail negative transfer (P10 ∆) for classification tasks (higher is
better). FedeKD consistently improves lower-tail client robustness, showing that the reduction in
negative transfer also extends to clients near the bottom of the performance distribution.

Agg.
Method Model FashionMNIST CIFAR-10 OCTMNIST OrganAMNIST

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 α = 0.1 α = 0.3 α = 0.5

FedDyn - −0.9643±0.0105 −0.9155±0.0234 −0.8671±0.0237 −0.8334±0.0618 −0.6924±0.0474 −0.6221±0.0340 −0.9607±0.0323 −0.8589±0.0588 −0.7769±0.0730 −0.9709±0.0124 −0.9291±0.0172 −0.8955±0.0227

FedProx - −0.7016±0.0852 −0.4220±0.1321 −0.2599±0.0564 −0.7173±0.0722 −0.4732±0.0677 −0.3736±0.0529 −0.8866±0.0832 −0.5540±0.2042 −0.3796±0.1078 −0.7348±0.1044 −0.4622±0.0925 −0.3272±0.0536

FedProx FedType −0.0252±0.0250 −0.0322±0.0193 −0.0330±0.0115 −0.0436±0.0241 −0.0340±0.0149 −0.0168±0.0085 −0.0589±0.0434 −0.0721±0.0517 −0.0840±0.0565 −0.0415±0.0256 −0.0270±0.0213 −0.0213±0.0183

FedAvg - −0.6859±0.1080 −0.4279±0.1250 −0.2802±0.0512 −0.7097±0.0611 −0.4765±0.0641 −0.3760±0.0420 −0.8935±0.0837 −0.5701±0.1961 −0.3999±0.1023 −0.7576±0.1004 −0.4880±0.0932 −0.3357±0.0606

FedAvg FedType −0.0242±0.0229 −0.0302±0.0202 −0.0339±0.0133 −0.0372±0.0274 −0.0285±0.0131 −0.0154±0.0081 −0.0554±0.0287 −0.0777±0.0531 −0.0806±0.0519 −0.0385±0.0247 −0.0239±0.0230 −0.0179±0.0142

FedAvg FedeKD −0.0181±0.0119 −0.0188±0.0097 −0.0095±0.0068 −0.0224±0.0134 −0.0147±0.0067 −0.0151±0.0070 −0.0177±0.0182 −0.0158±0.0126 −0.0188±0.0118 −0.0233±0.0082 −0.0137±0.0081 −0.0141±0.0102
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Table 7: Measurement of upper-tail negative transfer (P90 ∆) for regression tasks (lower is better).
FedeKD consistently achieves the lowest P90 ∆, indicating strong robustness in high-error clients
and effective mitigation of severe negative transfer.

Method RetinaMNIST Diabetic Retinopathy

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

FedDyn 1.1817±0.4682 1.3385±0.3937 1.0808±0.1915 2.0140±2.5796 1.2947±0.3894 1.1125±0.2936

FedProx 0.3237±0.1144 0.3038±0.1097 0.2624±0.0665 0.4231±0.1342 0.3686±0.1087 0.3458±0.0902

FedAvg 0.3231±0.1136 0.3028±0.1108 0.2607±0.0638 0.4217±0.1375 0.3658±0.1048 0.3413±0.0867

FedeKD 0.1151±0.0677 0.1292±0.0749 0.0979±0.0473 0.1680±0.1369 0.1551±0.0976 0.1519±0.1019

K Accuracy & RMSE

Table 8: Mean client accuracy for classification tasks (higher is better). Although FedeKD is designed
primarily to reduce negative transfer rather than to optimize accuracy alone, it remains consistently
top-tier in mean client accuracy across datasets and heterogeneity levels.

Agg.
Method Model FashionMNIST CIFAR-10 OCTMNIST OrganAMNIST

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 α = 0.1 α = 0.3 α = 0.5
FedDyn - 0.1029±0.0422 0.0915±0.0119 0.0960±0.0141 0.1203±0.0360 0.0928±0.0107 0.0987±0.0112 0.2730±0.1068 0.3426±0.0759 0.3446±0.0740 0.1064±0.0599 0.0638±0.0109 0.0632±0.0178

FedProx - 0.4832±0.0668 0.6381±0.0605 0.6805±0.0353 0.2210±0.0725 0.3187±0.0257 0.3484±0.0106 0.4069±0.1013 0.5702±0.1271 0.6327±0.0381 0.4068±0.1088 0.5829±0.0547 0.6425±0.0387

FedAvg - 0.4734±0.0807 0.6304±0.0588 0.6706±0.0339 0.2238±0.0750 0.3127±0.0269 0.3432±0.0115 0.4014±0.1023 0.5664±0.1289 0.6235±0.0385 0.3900±0.1082 0.5697±0.0584 0.6304±0.0430

FedAvg FedType 0.9251±0.0241 0.8724±0.0287 0.8496±0.0196 0.7714±0.0393 0.6644±0.0285 0.6303±0.0236 0.8811±0.0376 0.8383±0.0348 0.7930±0.0547 0.9266±0.0133 0.8876±0.0169 0.8722±0.0126

FedProx FedType 0.9242±0.0247 0.8719±0.0277 0.8481±0.0202 0.7709±0.0356 0.6625±0.0264 0.6283±0.0272 0.8794±0.0409 0.8371±0.0355 0.7917±0.0551 0.9260±0.0125 0.8860±0.0160 0.8696±0.0128

FedAvg FedeKD 0.9273±0.0192 0.8813±0.0232 0.8657±0.0161 0.7730±0.0380 0.6649±0.0289 0.6256±0.0243 0.9018±0.0323 0.8655±0.0296 0.8212±0.0429 0.9303±0.0105 0.8869±0.0114 0.8688±0.0127

Table 9: Mean client RMSE for regression tasks (lower is better). While our primary objective is to
mitigate negative transfer, FedeKD also achieves the lowest RMSE across both regression benchmarks
under all heterogeneity levels.

Agg.
Method Model RetinaMNIST Diabetic Retinopathy

α = 0.1 α = 0.3 α = 0.5 α = 0.1 α = 0.3 α = 0.5
FedDyn - 1.8538±0.2255 2.0796±0.2472 2.0110±0.1302 2.6852±2.3840 2.0728±0.3605 1.9893±0.1440

FedProx - 1.3892±0.0945 1.3835±0.0815 1.3947±0.0456 1.4925±0.1789 1.4914±0.1018 1.4840±0.0874

FedAvg - 1.3907±0.0962 1.3793±0.0846 1.3934±0.0439 1.4894±0.1804 1.4896±0.1006 1.4842±0.0861

FedAvg FedeKD 1.2428±0.0868 1.2360±0.0781 1.2625±0.0480 1.3072±0.1773 1.3164±0.0896 1.3276±0.1061

L Role of Energy-based Gating

To evaluate the role of the energy function in reliability-aware gating, we consider several alternative
formulations that capture different notions of uncertainty and disagreement. In all cases, the energy
score is first converted into a batch-normalized relative energy Ẽi = (Ei − µB)/(sB + ϵB) and then
mapped to a trust weight wi = ρ(−βẼi), following Eq. 3. Thus, samples with higher relative energy
within the minibatch receive lower trust weights.

Table 10: Ablation study of backward distillation strategies under different energy functions. No
Gating applies ungated full-trust backward distillation. Alternative energy functions (entropy, margin,
log-sum-exp, and feature-based distances) are evaluated under the same training protocol. FedeKD
consistently achieves the best or second-best in reducing negative transfer and maintaining stability.

Agg.
Method Model FashionMNIST CIFAR-10 OCTMNIST OrganAMNIST

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 α = 0.1 α = 0.3 α = 0.5
FedAvg No Gating −0.0636±0.0295 −0.2545±0.0629 −0.1921±0.0353 −0.0416±0.0211 −0.3540±0.0431 −0.2840±0.0308 −0.0285±0.0254 −0.3003±0.1252 −0.2001±0.0448 −0.0495±0.0187 −0.3193±0.0669 −0.2408±0.0404

FedAvg ENTROPY −0.0201±0.0139 −0.0133±0.0103 −0.0006±0.0043 −0.0096±0.0091 −0.0078±0.0073 −0.0056±0.0045 −0.0064±0.0146 −0.0057±0.0135 −0.0064±0.0146 −0.0140±0.0091 −0.0075±0.0071 −0.0044±0.0044

FedAvg MARGIN −0.0195±0.0113 −0.0109±0.0074 −0.0028±0.0086 −0.0060±0.0131 −0.0073±0.0068 −0.0048±0.0065 −0.0068±0.0129 −0.0038±0.0074 −0.0048±0.0089 −0.0147±0.0097 −0.0089±0.0082 −0.0034±0.0054

FedAvg LSE −0.0108±0.0083 −0.0070±0.0053 −0.0013±0.0047 −0.0083±0.0107 −0.0043±0.0061 −0.0052±0.0060 −0.0055±0.0111 −0.0040±0.0109 −0.0055±0.0111 −0.0110±0.0094 −0.0068±0.0069 −0.0048±0.0053

FedAvg FEAT −0.0089±0.0062 −0.0074±0.0070 −0.0041±0.0073 −0.0014±0.0070 −0.0028±0.0041 −0.0011±0.0045 −0.0088±0.0131 −0.0050±0.0125 −0.0088±0.0131 −0.0099±0.0083 −0.0101±0.0087 −0.0093±0.0057

FedAvg FedeKD −0.0065±0.0066 −0.0035±0.0050 0.0031±0.0035 −0.0033±0.0098 −0.0017±0.0051 −0.0016±0.0048 −0.0040±0.0084 −0.0013±0.0089 −0.0024±0.0096 −0.0078±0.0060 −0.0021±0.0064 −0.0024±0.0048

Entropy-based energy. We first consider predictive entropy as a measure of model uncertainty.
Given logits z ∈ RC and the corresponding probability vector p = σ(z), the entropy energy is
defined as

Eentropy(x) = −
C∑

c=1

pc log(pc + ϵ), (6)
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where ϵ is a small constant for numerical stability. Low entropy corresponds to confident predictions
and thus low energy, while high entropy indicates uncertainty and leads to higher energy.

Margin-based energy. Margin energy measures the confidence gap between the top two predicted
classes. Let z(1) and z(2) denote the largest and second-largest logits, respectively. The margin-based
energy is defined as

Emargin(x) = −
(
z(1) − z(2)

)
. (7)

A larger margin indicates more confident predictions and thus lower energy, while a small margin
reflects ambiguity and results in higher energy.

LogSumExp (LSE) energy. We also consider the classical energy-based score derived from the
LogSumExp operator:

ELSE(x) = − log

C∑
c=1

exp(zc). (8)

This formulation is widely used in energy-based models and out-of-distribution detection, where
lower values correspond to higher confidence.

Feature-distance (FEAT) energy. Finally, we consider a feature-space discrepancy between the
proxy and private models. Let fproxy(x) and fprivate(x) denote the intermediate feature representations
extracted from the two models. The feature-distance energy is defined as

Efeat(x) = ∥hproxy(x)− hprivate(x)∥2, (9)

where hprivate(x) denotes the projected private feature representation, obtained via a linear projection
layer to match the proxy feature dimension. This formulation directly measures representation-level
disagreement rather than output-level uncertainty.

M Sensitivity to λkd
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Figure 4: Avg ∆ across λkd values on CIFAR-10 and OrganAMNIST at α = 0.5. In practice,
λkd ∈ [0.25, 0.5] works better under this setting.
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