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Abstract
Federated learning (FL) usually shares model weights or gradients, which is costly for large models.
Logit-based FL reduces this cost by sharing only logits computed on a public proxy dataset. How-
ever, aggregating information from heterogeneous clients is still challenging. This paper studies this
problem, introduces and compares three logit aggregation methods: simple averaging, uncertainty-
weighted averaging, and a learned meta-aggregator. Evaluated on MNIST and CIFAR-10, these
methods reduce communication overhead, improve robustness under non-IID data, and achieve
accuracy competitive with centralized training.

1. Introduction

Federated learning (FL) enables multiple clients to collaboratively train models without sharing
raw data [2, 6, 8, 13, 19]. However, most FL algorithms require transmitting model parameters or
gradients [1, 3], leading to high communication costs and degraded performance under data hetero-
geneity [4, 9, 14, 16, 18]. To address this, several works explore logit-based Federated Distillation,
where clients share model outputs instead of parameters [11, 17, 20].

In this work, we study a logit-based federated learning (FL) scheme in which clients, each
trained on datasets with partial class coverage, exchange only logits evaluated on a shared, unlabeled
public dataset. The aggregated logits are then used as soft targets to refine local models, enabling
knowledge transfer without sharing gradients or model weights.

Contributions. Our work makes three main contributions: (1) building on prior work on logit-
based training, we introduce a communication-efficient federated distillation techniques tailored to
heterogeneous client settings, which entirely avoids transmitting gradients or model parameters; (2)
we propose three strategies for logit aggregation – simple averaging, uncertainty-weighted aver-
aging with Gaussian Mixture Models, and a learned Meta-Model Aggregator; and (3) we provide
empirical evidence on MNIST and CIFAR-10 showing that our method achieves robust performance
under significant data heterogeneity.

2. Related Work

The standard FedAvg algorithm [13] averages client weight updates (or equivalently model param-
eters) across communication rounds, but suffers under heterogeneous data distributions [7]. Logit-
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based methods such as FedMD [11] introduce knowledge distillation using a shared public dataset,
where models exchange predictions instead of weights. Ensemble distillation approaches [12] fur-
ther highlight the potential of aggregating client logits to improve generalization. Our work extends
these ideas using an unlabeled shared dataset and suggests new aggregation techniques.

3. Proposed Method

We consider a particular distribution shift across clients – label-distribution shift with support mis-
match. Specifically, we consider M clients and assume that each client i observes only a subset
of classes Ci ⊆ {1, . . . , C} and has a different label prior pi(y). Additionally, for simplicity, we
assume that |Ci| = k (fixed constant) for all i. Moreover, all clients have access to a shared public
dataset Dpub containing unlabeled samples from all C classes.

We summarize the overall workflow of the proposed method in Algorithm 1. Each communica-
tion round consists of three main stages: (i) local training on private client datasets, (ii) generation
and aggregation of client logits on the shared public dataset, and (iii) client refinement using the
aggregated logits as soft targets. This procedure enables knowledge transfer across clients without
sharing raw data, model parameters, or gradients.

Algorithm 1 Logit-Based Federated Learning Workflow
Require: Client datasets {Di}Mi=1, public dataset Dpub, number of rounds R
Ensure: Trained client models {fi}Mi=1

1: for r = 1 to R do
2: for each client i = 1, . . . ,M do
3: Train local model fi on private dataset Di

4: Evaluate fi on Dpub to obtain logits zi(x) for each x ∈ Dpub

5: end for
6: for each sample x ∈ Dpub do
7: z(x)← Aggregation({zi(x)}Mi=1)
8: end for
9: for each client i = 1, . . . ,M do

10: Retrain fi on Dpub using aggregated logits z(x) as soft targets
11: end for
12: end for

3.1. Aggregation Methods

In communication-efficient federated learning, instead of directly averaging model parameters as in
FedAvg [13], we focus on logit aggregation: each client computes class logits on a shared dataset,
and these are combined at the server to form supervisory signals for further training. We consider
three aggregation strategies.

3.1.1. SIMPLE AVERAGING OF LOGITS

The most straightforward method is to average the logits produced by all local models. Let M be
the number of clients, x an input sample, and fi(x) ∈ RC the logits of model i with C classes. The
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aggregated logits are

z̄(x) =
1

M

M∑
i=1

fi(x), (1)

and the corresponding soft labels are obtained via the softmax function:

p(x) = softmax
(
z̄(x)

)
. (2)

This simple averaging allows all clients to benefit from the combined knowledge of peers, while
requiring only logits to be shared, reducing communication cost. However, this simple aggregation
treats predictions from each model fi equally important, and ignores the situation when the input
object x belongs to the class out of the training split Di. To address this issue, we propose more
sophisticated aggregation ideas.

3.1.2. AGGREGATION VIA AN AUXILIARY MODEL

Instead of fixed averaging, we can train a separate Meta-Model Aggregator that learns how to
combine logits. Each client produces logits fi(x), which are concatenated into a feature vector:

h(x) =
[
f1(x)

T , f2(x)
T , . . . , fM (x)T

]
∈ RM ·C . (3)

The aggregator A(·) (e.g., a small neural network, random forest, or gradient boosting model) maps
this concatenated vector to predicted labels:

A : RM ·C → RC , ŷ(x) = argmax A
(
h(x)

)
. (4)

This approach is more flexible than averaging, since the aggregator can learn to weight clients dif-
ferently depending on the input. However, the aggregator must be trained on a common labeled
dataset, which increases the computational cost. Another limitation is that in case of missing infor-
mation from a client(s), or in case of adding a new one, the whole model should be retrained. For
the experiments, the labeled dataset is constructed from images available in local datasets, without
incorporating any additional information for the models.

3.1.3. UNCERTAINTY WEIGHED AVERAGING (UWA)

Recap, that we consider a label shift data heterogeneity. Under the label-shift assumption that
the class-conditionals p(x | y) are shared, the differing priors imply different feature marginals
pi(x) =

∑
y p(x | y)pi(y) across clients. Thus, the distributions of model logits also differ from

client to client. We consider each client’s personalized (local) logit distribution to account for this
heterogeneity.

Specifically, for client i, recap that fi(x) ∈ RC denotes the logits produced by its local model.
Using a local validation set restricted to the classes in Ci, we fit a Gaussian mixture density over
fi(x), with the number of components set to |Ci| (one component for a particular class). For a test
input x, we compute a confidence score:

ℓi(x) := log

 1

|Ci|
∑
k∈Ci

(2π)−C/2
C∏

d=1

σ−1
i,k,d exp

[
−1

2

C∑
d=1

(
fi,d(x)− µi,k,d

)2
σ2
i,k,d

] , (5)
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where we assume a mean-field approximation to each component and uniform component weights.
These log-likelihoods are further normalized into weights using a softmax:

wi(x) =
exp

(
ℓi(x)

)∑M
j=1 exp

(
ℓj(x)

) . (6)

The final aggregated logits are then a confidence-weighted average:

z(x) =

M∑
i=1

wi(x)fi(x), p(x) = softmax
(
z(x)

)
. (7)

This procedure generalizes simple averaging by down-weighting clients on unlikely inputs under
their logit distributions. While logit-density scores have been used for out-of-distribution detec-
tion [15], here we adapt them to federated aggregation under label-distribution shift. In comparison
with previous method, this one is robust for adding/missing clients, since we only need to train local
model, not to train the whole thing.

4. Experiments

4.1. Setup

We evaluate the proposed logit aggregation methods on two widely used benchmark datasets:
MNIST and CIFAR-10. To simulate heterogeneous settings, each client is assigned a local dataset
containing only a subset of classes, with k ∈ {2, 5, 8} classes per client. The federation consists
of a total of 20 clients, each training independently on its restricted class distribution. Training
proceeds in rounds, where clients compute logits on a shared unlabeled dataset, exchange them for
aggregation, and then refine their local models with the aggregated soft targets.

4.2. Models

For MNIST, we adopt LeNet architectures [10] as local client models. For CIFAR-10, ResNet-18
architectures [5] are used. Our method does not require all clients to use the same architecture – the
aggregation relies only on logits, and heterogeneous client models could also be supported.

4.3. Evaluation Metrics

We report test accuracy averaged across all client models, which reflects both generalization perfor-
mance and fairness across heterogeneous client distributions. The Fully Informed Reference denotes
the accuracy achieved by training the same model architecture under standard supervised learning
on a dataset containing all classes. To ensure comparability, the reference dataset is matched in size
to that available to each client (public data plus local dataset), so that the reference model has been
trained on the same number of images as local clients. The Fully Informed Reference for MNIST
reaches 97.97%± 0.18%, while for CIFAR-10 it reaches 84.53%± 0.45%.

4.4. Results

The results are summarized in Figure 1. Simple averaging performs poorly under high client het-
erogeneity (e.g., k = 2 classes per client), but as heterogeneity decreases (larger k), all methods
move closer to the Fully-Informed Reference.
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Figure 1: Accuracy of different aggregation methods compared to the Fully Informed Reference on
MNIST and CIFAR-10.

Unlike averaging, UWA provides substantial gains under strong heterogeneity: with k = 2,
it markedly improves over simple averaging on both MNIST and CIFAR-10. As the number of
classes per client increases (k = 5, 8), client predictions become more confident and the learned
weights tend toward a near-uniform distribution, making UWA increasingly similar to averaging
(and occasionally slightly below it).

MM Aggregator consistently yields the best performance across heterogeneity levels, narrow-
ing the gap to the Fully-Informed Reference most effectively (see Table 1 for more details).

5. Conclusion

We studied federated distillation under data heterogeneity (label shift) through a logit-based frame-
work, where clients exchange prediction logits instead of model parameters. This approach elim-
inates the need for gradient or weight transfer, substantially reducing communication costs. We
investigated three aggregation strategies. Specifically, simple averaging, uncertainty-weighted av-
eraging, and a meta-model aggregator. We evaluated them on MNIST and CIFAR-10 with varying
levels of class imbalance across clients.

Our experiments show that naive averaging is highly sensitive to non-IID data, while more
informed strategies, particularly the meta-model aggregator, achieve significantly higher robustness
and accuracy, in approaching fully informed reference, but suffer from higher computational cost
and non-flexibility in case of changeable number of clients. These findings demonstrate that the
choice of aggregation strategy is crucial for effective logit-based federated learning.
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Appendix A. Results Details

Table 1: Test accuracy of different aggregation methods on MNIST and CIFAR-10 with varying
number of classes per client.

Dataset Method 2 classes 5 classes 8 classes

MNIST
Average 0.8188 0.9607 0.9747
UWA 0.9454 0.9552 0.9701
MM Aggregator 0.9597 0.9722 0.9778

CIFAR-10
Average 0.3093 0.7452 0.8230
UWA 0.4881 0.7343 0.8155
MM Aggregator 0.6258 0.7791 0.8392

A.1. Training Details

All models are trained using the Adam optimizer with momentum 0.9 and a learning rate of 0.001,
with a batch size of 128 and Cross-Entropy Loss. Each communication round consists of training
on client data, followed by training on aggregated logits. For MNIST, the first round uses 10 epochs
for each stage, while subsequent rounds use a single epoch per stage. For CIFAR-10, the first round
uses 20 epochs for each stage, after which both are reduced to 5 epochs per round. Unless otherwise
specified, training is performed for 50 communication rounds, with convergence typically reached
within the first 10 rounds.

A.2. Dataset Details

Each client is assigned a private dataset of 10, 000 images. Since clients may share common classes,
their private datasets are not disjoint and can contain overlapping samples. In addition, we assume
access to a public dataset of 5, 000 images, which is used for logit aggregation and knowledge trans-
fer. Furthermore, an additional set of 3, 000 images is reserved specifically for training the auxiliary
model in MM Aggregator. In order to avoid adding new information to model the additional dataset
is constructed using images from private datasets.

Code Availability. Implementations of all aggregation methods and experiments are available at
https://github.com/kovalchuk026/fd_aggregators.
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