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Abstract: Distributed Collaborative Learning (DCL) addresses critical challenges in privacy-
aware machine learning by enabling indirect knowledge transfer across nodes with hetero-
geneous feature distributions. Unlike conventional federated learning approaches, DCL
assumes non-IID data and prediction task distributions that span beyond local training
data, requiring selective collaboration to achieve generalization. In this work, we propose a
novel collaborative transfer learning (CTL) framework that utilizes representative datasets
and adaptive distillation weights to facilitate efficient and privacy-preserving collaboration.
By leveraging Energy Coefficients to quantify node similarity, CTL dynamically selects
optimal collaborators and refines local models through knowledge distillation on shared
representative datasets. Simulations demonstrate the efficacy of CTL in improving pre-
diction accuracy across diverse tasks while balancing trade-offs between local and global
performance. Furthermore, we explore the impact of data spread and dispersion on collab-
oration, highlighting the importance of tailored node alignment. This framework provides
a scalable foundation for cross-domain generalization in distributed machine learning.

Keywords: collaborative transfer learning; knowledge distillation; contrastive learning;
federated learning

MSC: 68W15; 62H10; 62E17; 68T99

1. Introduction
Distributed machine learning (DML) seeks to leverage data and computation dis-

tributed across multiple nodes to collaboratively train models while preserving privacy
and scalability. Traditional approaches to DML often encounter challenges from hetero-
geneity, where variability in feature distributions, response distributions, or both leads to
misalignment between local models and global objectives. These challenges necessitate
methods that enable effective collaboration without compromising privacy.

A particularly complex setting arises when raw data and model parameters cannot
be exchanged, and the prediction task distribution spans a broader space than any single
node’s training data. This situation occurs in competitive AI development, where organiza-
tions (e.g., developing systems like ChatGPT) share performance metrics on public datasets
without revealing proprietary models. Similarly, a model trained on general-purpose data
may need to adapt to a new domain, such as healthcare, by leveraging insights from exter-
nal models trained on medical data, even without direct access to sensitive records. These
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challenges motivate the development of distributed learning approaches that preserve
privacy while enabling cross-domain generalization.

A key application of CTL is in privacy-sensitive domains such as healthcare and
competitive AI development. In healthcare, hospitals and research institutions must train
predictive models without sharing sensitive patient data due to privacy regulations like
HIPAA. CTL enables collaboration by allowing institutions to exchange only predictions
on a representative dataset rather than raw patient records or model parameters. Similarly,
in AI model development, organizations can improve model performance by distilling
knowledge from external sources without revealing proprietary training data. These appli-
cations demonstrate how CTL facilitates privacy-preserving collaboration while enabling
cross-institutional learning.

Recent advances in Distributed Collaborative Learning (DCL) aim to address such
challenges by facilitating indirect knowledge sharing across nodes. Notably, large-scale
models like DeepSeek have successfully leveraged knowledge distillation to enhance
training efficiency while maintaining model performance [1]. This highlights the viability
of distillation-based approaches for enabling collaboration among distributed nodes with
privacy constraints. Unlike Multi-Task Learning (MTL), which assumes distinct objectives
for each node, DCL assumes an underlying shared conditional distribution distorted by
localized heterogeneity. By leveraging shared representative datasets, DCL allows nodes to
exchange predictions instead of raw data or model parameters, enabling privacy-preserving
collaboration and reducing communication overhead for large models.

One promising method within this paradigm involves the use of representative
datasets to identify “qualified teachers” among nodes. Nodes leverage predictions on
these datasets to assess alignment with their objectives, enabling selective knowledge distil-
lation. This strategy enhances model generalization across heterogeneous tasks, particularly
when prediction task distributions exceed the scope of local training data. Inspired by the
success of knowledge transfer methods such as distillation [2], this approach facilitates
efficient convergence and ensures generalization to non-local tasks. Knowledge distillation
has already demonstrated its effectiveness in large-scale collaborative training environ-
ments, as seen in DeepSeek, where models are trained efficiently using teacher–student
learning paradigms. This underscores the role of distillation in reducing communication
overhead and enabling scalable distributed learning.

This work explores how collaborative transfer learning principles can address these
challenges, providing a scalable and privacy-aware framework for distributed learning. By
combining representative datasets with adaptive distillation weights, we demonstrate how
nodes can effectively align heterogeneous feature distributions, select reliable collaborators,
and improve model performance across diverse prediction tasks.

2. Challenges and Advances in Distributed Collaborative Learning
DCL builds upon foundational paradigms like federated learning and transfer learning,

while addressing unique challenges in privacy-aware and heterogeneous distributed systems.

2.1. Federated Learning (FL)

FL enables decentralized model training by aggregating locally updated model param-
eters into a global model, without sharing raw data [3]. A notable example is the FedAvg
algorithm, which averages client updates using Stochastic Gradient Descent (SGD). While
FedAvg laid the groundwork for FL, its assumption of IID data distributions often fails in
real-world scenarios, leading to performance degradation due to client heterogeneity [4].

Several methods have been developed to address this limitation. Li et al. [5] introduced
a proximal regularization term to align client updates with the global model, reducing
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the impact of heterogeneity. Similarly, Tan et al. [6] proposed AdaFed, which adapts
aggregation weights dynamically based on client participation, improving both global
accuracy and convergence speed. For faster convergence, Xie et al. [7] demonstrated an
asynchronous approach that achieved near-linear convergence for convex and certain non-
convex problems. Other advancements include leveraging dataset size ratios for model
consistency [8] and incorporating dynamic regularization [9] to adjust local objectives
dynamically, further mitigating model drift.

2.2. Personalized Federated Learning (PFL)

PFL extends FL by tailoring models to individual client distributions, addressing the
one-size-fits-all limitation of standard FL. Approaches like KN-Fu [10] and parameterized
strategies [11] introduce similarity metrics, such as soft activation functions, to measure
alignment between client models and enable personalization. These strategies emphasize
the need for adaptive weights to balance global collaboration with local personalization.

Tan et al. [12] proposed a framework that incorporates adaptive regularization tech-
niques for personalized model training, bridging the gap between global and client-specific
models. Their work highlights the importance of addressing client heterogeneity by dy-
namically adjusting the balance between shared and personalized components, an idea
central to our use of adaptive distillation weights.

Additionally, Jeong et al. [13] proposed FedMatch, which decomposes model pa-
rameters to optimize communication between supervised and unsupervised learning
components, further improving the effectiveness of personalized training.

2.3. Knowledge Distillation and Representative Datasets

Knowledge distillation, a form of transfer learning, facilitates knowledge sharing by com-
pressing complex models into smaller, efficient ones. This technique has proven particularly
valuable in large-scale distributed training, as demonstrated by DeepSeek, which integrates
knowledge distillation to optimize model convergence and maintain high performance while
reducing computational overhead [1]. In a collaborative learning setting, distillation enables
nodes to transfer knowledge without sharing raw data or full model parameters, making it a
strong alternative to traditional model aggregation in federated learning.

Recent advances have demonstrated the importance of adaptive weighting in knowl-
edge transfer, where confidence-based or similarity-based methods improve the effective-
ness of model distillation [14,15]. This aligns with importance sampling techniques in
transfer learning and domain adaptation, where distillation weights reflect the reliability
of each teacher node [16,17]. Prior works [2,18] emphasize that knowledge transfer effec-
tiveness depends on teacher–student alignment, motivating our approach of using Energy
Coefficients for adaptive distillation weighting.

In federated learning, dynamic model importance weighting has been explored in het-
erogeneous FL settings [19,20], where similarity-based aggregation improves personalization.

A notable related work is FedED (Federated Ensemble Distillation) [21], which trans-
fers knowledge via ensembles of local models instead of a single teacher–student relation-
ship. While FedED aggregates predictions from multiple clients, our method personalizes
distillation weights using Energy Coefficients, ensuring knowledge transfer is selectively
tailored to each node’s task distribution. This distinction is particularly critical in heteroge-
neous settings where generalization beyond local training data is essential.

Hinton et al. [2] first introduced this concept, demonstrating how teacher–student
frameworks could retain high performance. Subsequent works refined this approach:
Passalis and Tefas [22] matched probability distributions of teacher and student models in
feature space, Huang and Wang [23] introduced loss functions minimizing distributional
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discrepancies, and Tian et al. [18] incorporated contrastive learning to align teacher–student
representations effectively.

In distributed settings, the use of representative datasets provides a practical alterna-
tive to raw data or parameter sharing. Li and Yang [24] constructed representative data
points for large datasets to enable efficient training and alignment. Similarly, FedKD [25]
used knowledge distillation to facilitate communication-free collaboration, where student
models learned from teacher models across clients.

These ideas, along with the success of large-scale implementations like DeepSeek,
inspired our use of representative datasets for privacy-preserving collaboration in heteroge-
neous distributed environments. By distilling knowledge from models trained on different
local distributions, our approach mitigates the impact of heterogeneity and enhances
generalization across diverse prediction tasks.

2.4. Distributed Collaborative Learning (DCL)

DCL builds on FL and knowledge distillation by focusing on indirect knowledge sharing
to address feature and response heterogeneity. Unlike FL, DCL does not aggregate models into
a single global model but enables nodes to learn from aligned predictions. Recent advances,
such as FedProc [26], demonstrate how prototypes and contrastive loss can guide local
objectives towards a global optimum. Similarly, our work incorporates adaptive distillation
weights informed by the Energy Coefficient to improve inter-node alignment.

A notable distinction in our approach is the use of a representative dataset to measure
inter-node similarity and select reliable teachers. This concept is particularly valuable
when prediction task distributions span broader spaces than local training distributions,
a common challenge in heterogeneous environments. By evaluating teacher–student
alignment through predictions on public datasets, our framework ensures that collaboration
enhances model performance while respecting privacy constraints.

The key challenges in DCL involve measuring inter-model similarity, identifying
reliable teachers, and aligning heterogeneous feature distributions. This work builds on
advancements in FL, PFL, and knowledge distillation to propose a collaborative transfer
learning framework that leverages representative datasets and adaptive distillation weights
for scalable, privacy-aware distributed learning.

3. Algorithm
Collaborative transfer learning (CTL) is a distributed learning paradigm designed

for scenarios where nodes with heterogeneous feature distributions and individualized
objectives collaborate to enhance model performance. CTL is designed to address scenarios
where local training distributions may not fully align with the broader prediction task
distributions, necessitating collaboration among nodes.

3.1. Formulation of Objective

In this paper, we focus on training local models to perform classification tasks in a
distributed CTL setting. CTL is designed to address scenarios where local training distri-
butions may not fully align with the broader prediction task distributions, necessitating
collaboration among nodes.

3.1.1. Prediction Task Distributions and Local Training Distributions

Consider K nodes N1,N2, . . .NK with corresponding local datasets {D1,D2, . . .DK},
where Dk = {(yi, xi) : xi ∈ Xk, yi ∈ {0, 1}, i ∈ Ik}. Here,

• Xk ⊆ Rd represents the feature space of the training data for node k;
• Ik is the index set of a local dataset on node k;
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• nk = |Ik| represents the number of data points at node k;
• n = ∑K

k=1 nk denotes the total number of observations across all nodes.

The local training distribution is defined by the joint distribution Pk(x, y) over Dk. In
many real-world scenarios, the prediction task distribution, denoted as Qk(z, y) with z ∈ Zk,
is distinct from Pk(x, y), where Zk represents the feature space for the prediction task, which
may partially or fully overlap with Xk or may represent a completely different domain.

For example, a node trained on general-purpose data (Xk) might need to adapt its pre-
dictions to specialized domains, such as medical datasets (Zk). Similarly, a node focused on
autonomous driving in standard conditions (Xk) could be required to predict performance
in extreme weather scenarios (Zk).

The divergence between Pk(x, y) and Qk(z, y) poses significant challenges, as local
models are inherently limited by their training data. CTL addresses this misalignment
by enabling nodes to collaborate through shared predictions, improving performance on
diverse tasks while respecting privacy constraints.

3.1.2. Core Idea of CTL

CTL fosters collaboration among nodes by leveraging shared representative datasets
D̃ =

⋃K
k=1 D̃k and adaptive distillation weights. Each node constructs a representative

dataset D̃k = (x̃h, ỹh)
rk
h=1 consisting of pseudo-data points generated from its local data Dk.

These representatives act as surrogates for the node’s data distribution and form a collabo-
rative medium for indirect knowledge transfer. By exchanging predictions pk(x̃) = fk(x̃; θk)

on D̃ rather than raw data or model parameters, nodes can enhance their models while
maintaining strict privacy guarantees.

Collaboration is selective. We assume a partially connected network where the number
of connected nodes is limited, or connections between nodes are expensive. Consequently,
each node seeks to identify and prioritize the optimal guest nodes, those whose models are
most relevant to enhancing its own performance, while adhering to privacy constraints.

3.1.3. Collaborative Objective

The objective for each node is to optimize its local model fk(x; θk) while incorporating
knowledge from other nodes to improve generalization. The objective function for node k
at iteration t is defined as

L(t)
k = (1 − α) · L(Dk) + α · ∑

j ̸=k
λ
(t)
j,k L

(
p(t−1)

j , p(t−1)
k

)
(1)

where

• L(Dk) represents the loss on the local dataset Dk.

• L
(

p(t−1)
j , p(t−1)

k

)
is the distillation loss, which measures the discrepancy between

predictions from guest node j and the local model k on the shared representative
dataset. This is typically calculated using the Kullback–Leibler (KL) divergence.

• λ
(t)
j,k represents the adaptive distillation weight, which dynamically scales the contri-

bution of each guest node j to the learning process at node k.
• The tuning parameter α balances the importance of local optimization and collabora-

tive knowledge transfer.

This formulation enables nodes to iteratively refine their models by balancing local
optimization with collaborative insights from knowledge distillation. By leveraging in-
sights from others, nodes progressively align their models with diverse prediction tasks,
addressing heterogeneity between training and prediction distributions. Figure 1 illustrates
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this collaborative learning process, where nodes iteratively refine their models by balancing
local optimization with insights from guest nodes through knowledge distillation.

Figure 1. Flowchart of the collaborative transfer learning framework.

3.2. Local Learning

Each node Nk trains independently on its private dataset Dk by performing iterations of
gradient descent to minimize a local loss function. For classification tasks, the cross-entropy
loss is a commonly used choice, particularly for binary classification. It is defined as

L(Dk) = − 1
nk

∑
i∈Ik

log p(yi|xi; θk), (2)

where p(y|x; θk) is the local prediction function parameterized by θk. For binary classifica-
tion, p(y|x; θk) is typically modeled using a sigmoid activation

p(y|x; θk) =
1

1 + e−θT
k x

. (3)

While this formulation works well for binary classification, the CTL framework is
flexible and supports more sophisticated models, such as deep neural networks, that
can learn complex patterns from data. These advanced models are particularly useful in
scenarios involving multi-class tasks or high-dimensional feature spaces.

In this setup, each node optimizes its local model θk solely based on its private data
Dk, ensuring that sensitive data are not exposed to other nodes during the learning process.

3.3. Knowledge Distillation via Representatives

In CTL, collaboration among nodes is facilitated through the exchange of information
that encapsulates key data characteristics or model predictions. Due to privacy constraints,
raw data cannot be shared; instead, each node constructs a set of pseudo-data points called
representatives. These representatives approximate the structure and distribution of the
node’s local data and collectively form a shared public dataset. This approach ensures that
collaboration can occur without compromising privacy or requiring direct access to raw
data or model parameters.
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The representative dataset for node k, denoted as D̃k = {(nh, x̃h, ỹh)}
rk
h=1 is derived

from the local data Dk and, if applicable, the local model f (·; θk). Here, rk represents the
number of representative points constructed by node k, and nh is the weight associated
with the hth representative. For instance, representatives can be created per mini-batch,
by sub-partitioning the local dataset, or by constructing one representative per response
class. The collective representative dataset across all nodes is denoted by D̃ = {D̃k}K

k=1,
containing a total of κ = ∑K

k=1 rk representatives.
In this paper, we simplify the construction of representatives by using class-wise

centroids, where each node contributes two representative points:

1. The centroid for class 0, with

x̃(0)k =
1

nk,0
∑

i∈Ik∩yi=0
xi, ỹ(0)k = 0, (4)

with nk,0 the number of data points with response value 0 at node k.
2. The centroid for class 1, with

x̃(1)k =
1

nk,1
∑

i∈Ik∩yi=1
xi, ỹ(1)k = 1, (5)

with nk,1 the number of data points with response value 1 at node k.

This approach ensures that representatives are independent of the model parameters
θk and therefore remain fixed throughout training.

To maintain privacy and avoid sharing model parameters, nodes exchange information
solely via predictions. Predictions are computed on the shared representative dataset and
communicated between nodes to assist in model updates. The predictions for node k are
given by

pk =
{

p(h)k = f (x̃h; θk)
}κ

h=1
.

where p(h)k represents the predicted value of the local model f (·; θk) for the representative
point x̃h.

While training on a given node k, we refer to this node as the home node, and all other
nodes as guest nodes. To distill knowledge from guest nodes to the home node, we utilize
the KL divergence between the corresponding posterior probability distributions. The
distillation loss between the home node k and guest node j on the representative dataset is
defined as

L(pj, pk) =
1
n

κ

∑
h=1

nhDKL(p(h)j |p(h)k ), (6)

where DKL(p(h)j ∥p(h)k ) represents the KL divergence between the predictions of guest node
j and home node k for representative point h, and nh is the weight associated with repre-
sentative h.

This formulation enables nodes to transfer knowledge effectively while adhering
to privacy constraints by sharing only aggregated information through representatives
and predictions.

3.4. Distillation Weights

The distillation weight λj,k dynamically determines the contribution of guest node j
in refining the local model at node k. It reflects the similarity between feature spaces and
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their alignment with the prediction task distribution, ensuring that collaboration prioritizes
relevant and effective knowledge transfer.

This similarity can be quantified using the Energy Coefficient H between random
variables X and Y [27,28],

H =
2E∥X − Y∥ −E∥X − X′∥ −E∥Y − Y′∥

2E∥X − Y∥ ,

where X and Y′ are independent copies of X and Y, respectively. H evaluates the het-
erogeneity of feature distributions, and an efficient approximation of pairwise Euclidean
distances was proposed to reduce computational complexity from O(n2d) to O(nd) [29].
Instead of directly computing all pairwise distances,

E∥X − Y∥ =
1
n2

n

∑
i=1

n

∑
j=1

∥∥Xi − Yj
∥∥,

which scales quadratically in n, the approximation estimates the expected Euclidean dis-
tances using the first four moments, avoiding the quadratic cost of direct pairwise calcula-
tions. The reduced complexity makes it well suited for large-scale distributed learning.

In distributed learning, prediction task distributions are often represented by their mo-
ments rather than observed samples. Thus, the approximated Energy Coefficient becomes
particularly advantageous, enabling nodes to effectively quantify feature space similarity
even in the absence of raw data or empirical expectations.

By comparing predictions on representative datasets, nodes identify reliable collab-
orators (i.e., “qualified teachers”) whose models align well with their prediction tasks.
Adaptive distillation weights λ

(t)
j,k guide this collaboration, ensuring that knowledge trans-

fer is both relevant and effective. The iterative framework balances local optimization and
knowledge distillation, progressively aligning models across diverse prediction tasks.

3.4.1. Energy Coefficients with Feature Importance

The Energy Coefficient H between two random vectors X = (X1, X2, . . . , Xd) and
Y = (Y1, Y2, . . . , Yd) reflects their similarity, leveraging key moments of their feature distri-
butions. For each feature i, the approximation of the expected Euclidean distance is derived
using moments such as means (µXi , µYi ), variances (σ2

Xi
, σ2

Yi
), skewness (γ3Xi , γ3Yi ), and

kurtosis (γ4Xi , γ4Yi ) as follows

E[∥Xi − Yi∥] ≈
√

νXiYi

(
1 −

C4XiYi + 4C3XiYi δµi + 2ν2
XiYi

− 2δ4
µi

8ν2
XiYi

)
,

where νXiYi = σ2
Xi

+ σ2
Yi
+ δ2

µi
, C4XiYi = σ4

Xi
γ4Xi + σ4

Yi
γ4Yi , and C3XiYi = σ3

Xi
γ3Xi − σ3

Yi
γ3Yi ,

δµi = µXi − µYi .
The individual Energy Coefficient Hi for feature i is then computed based on the

expected Euclidean distances between Xi and Yi, their independent copies, and the overall
distribution characteristics.

To account for the varying contributions of features to model predictions, we incor-
porate feature importance wi. This weight is derived from the host model using tech-
niques such as gradient magnitudes, SHAP values, or Gini importance. Specifically, we
define wi as

wi =
|qi − q0|

∑d
j=1
∣∣qj − q0

∣∣
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where q0, q1, . . . , qd are current predictions for pseudo-observations z0, z1, . . . , zd ∈ Rd

constructed by setting the ith component to 1 and others to 0. This weight quantifies the
relative contribution of feature i to the model’s predictions.

The final Energy Coefficient H between X and Y is then computed as a weighted sum
of the feature-specific Energy Coefficients

H =
d

∑
i=1

wi Hi.

This formulation allows the Energy Coefficient to reflect both the statistical similarity
between individual features and their relative importance, improving its relevance for
distributed learning tasks.

3.4.2. Class-Wise Energy Coefficients

For binary classification, the Energy Coefficient is refined by considering class-wise
distributions. Specifically, H(0) and H(1), representing the Energy Coefficients for classes
0 and 1, are computed independently. The final Energy Coefficient Ĥ between a node
and a prediction task distribution is derived as the weighted average of H(0) and H(1),
where the weights are proportional to the class distribution at the node. This approach
provides finer granularity and enhances the relevance of collaboration by incorporating
class-specific information.

3.4.3. Distillation Weight Formula

To enable a finer distinction between nodes’ capacities to handle specific prediction
tasks, we consider sub-distributions Z1, . . . ,Zτk within a node’s prediction task distribution.
This framework assumes that splitting the prediction task distribution sharpens the Energy
Coefficient H values, facilitating more decisive allocation of distillation weights. The
Energy Coefficient between node j and sub-distribution i is denoted by Ĥ(i)

j .
For node k, the distillation weights for each guest node j are computed as

λj,k =
τk

∑
i=1

Ĥ(i)
k (1 − Ĥ(i)

j ) (7)

Here, Ĥ(i)
k closer to 1 indicates that node k is poorly aligned with sub-distribution

Zi and requires assistance. Conversely, Ĥ(i)
j closer to 0 indicates that guest node j is well

aligned with Zi and thus a suitable collaborator.
This formula allows the dynamic adjustment of weights, ensuring that collaboration is

focused on the most relevant and effective nodes for improving prediction tasks.

3.5. Complete Algorithm for Collaborative Transfer Learning

Having detailed the components of our framework, we now present the complete
algorithm for CTL in Algorithm 1. This algorithm integrates the local objective, knowledge
transfer via representative datasets, and adaptive distillation weights to enable effective
collaboration among nodes with heterogeneous data distributions.
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Algorithm 1 Collaborative Transfer Learning (CTL)

1: Initialization:
2: for each node k = 1, . . . , K do
3: Fit local model f (·; θ

(0)
k ) on Dk

4: Construct representative dataset D̃(0)
k

5: Broadcast D̃(0)
k to connected nodes

6: end for
7: [Synchronize]: Wait until all D̃(0)

j are received
8: for each node k = 1, . . . , K do
9: Compute predictions p(0)k = f (x̃(0)h ; θ

(0)
k )

10: Broadcast p(0)k to connected nodes
11: end for
12: [Synchronize]: Wait until all p(0)j are received
13: for t = 1, . . . , T do
14: for each node k = 1, . . . , K do
15: Update distillation weights λ

(t)
j,k using Energy Coefficient H by

16: Update local objective function L(t)
k

17: Perform gradient descent to update θ
(t)
k

18: Construct updated representative dataset D̃(t)
k

19: Broadcast D̃(t)
k to connected nodes

20: end for
21: [Synchronize]: Wait until all D̃(t)

j are received
22: for each node k = 1, . . . , K do
23: for each updated D̃(t)

j do

24: Compute updated predictions p(t)k = f (x̃(t)h ; θ
(t)
k )

25: end for
26: Broadcast p(t)k to connected nodes
27: end for
28: end for

4. Simulation Studies
4.1. Simulation: Performance of Collaborative Learning Strategies

We conducted an experiment utilizing the UCI ML Breast Cancer Wisconsin (Diagnos-
tic) dataset [30], which consists of 569 observations with d = 30 features of tumor measure-
ments X. The targets y are zero or one, indicating the tumor being cancerous or not.

To illustrate the proposed collaborative learning algorithm, we simulated a larger
dataset from the original dataset to suit the study’s purpose. We generated transformed
versions of the dataset by applying a shift to each feature xj → xj + cj · σj + ϵ, where σ̂j

is the standard deviation of feature j, cj ∼ TN(µ = 0, σ = 2, a = −5, b = 5) is sampled
from a truncated normal distribution, and ϵ ∼ N(µ = 0, σ = 0.1) is random noise. We fit a
logistic regression model p(Y|X; θ) to the original dataset to generate target labels for the
simulated dataset.

By applying 300 shifts to the original dataset, we generated 569× 300 = 170, 700 obser-
vations, denoted as D. The data were then randomly split into a training set (80%, DT) and a
testing set (20%, Dτ).

4.1.1. Node Creation

To simulate nodes with different feature distributions, we applied k-means clustering
(one iteration) on the first two principal components of D, setting k = 10. Each data point
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in DT and Dτ was assigned to one of these 10 clusters, creating 10 nodes. This clustering
ensured each node had distinct feature distributions.

To increase the prediction task complexity, we assigned each node k to predict not only
on its own testing data but also on the testing data from two additional random nodes. This
design enlarged the prediction task distribution beyond the local training data distribution,
necessitating collaborative learning. Nodes were evaluated on their testing accuracy for all
three prediction tasks over multiple communication rounds.

4.1.2. Comparison of Guest Node Selection Strategies

We evaluated five strategies for assigning guest nodes to each host node:

1. All: All other nodes are used as guest nodes.
2. Best: Select the two nodes with the lowest Energy Coefficients H relative to each

prediction task.
3. Random: Select two random guest nodes.
4. Worst: Select the two nodes with the highest H relative to each prediction task.
5. Local: No guest nodes are used (local-only training).

Each strategy was evaluated over 100 simulations, with performance measured by
testing accuracy across 100 communication rounds.

4.1.3. Results

Figure 2 presents the mean testing accuracy across 100 simulations for various guest-
node selection strategies.

Panel (a) shows the overall mean testing accuracy across all prediction tasks. The
local strategy consistently achieved the lowest accuracy due to its inability to generalize to
non-local prediction tasks. In contrast, all other strategies significantly outperformed the
worst strategy, which failed to align guest nodes with the prediction tasks. Among these,
the best strategy demonstrated the fastest improvement during the initial iterations and
maintained the highest accuracy overall.

Panel (b) focuses on prediction tasks where the distribution differs from the local
training data. The local strategy struggled the most, as models trained solely on local
data lack the capacity to adapt to non-local distributions. The best strategy significantly
outperformed the others by leveraging well-aligned guest nodes to provide complementary
information, resulting in consistent improvement.

Panel (c) evaluates the mean accuracy for prediction tasks aligned with the local
training data. As expected, the local strategy outperformed all others by overfitting to its
local distribution, maximizing performance on its own tasks. However, this came at the
expense of poor generalization to non-local tasks. Collaborative strategies such as best and
all achieved a balance between local and non-local tasks, showing slightly lower accuracy
on local tasks but significantly improved generalization overall.

Panel (d) provides a zoomed-in view of the early-stage accuracy on non-local tasks
(first 25 iterations), highlighting the adaptation speed of different strategies. The best
strategy was the first to surpass an accuracy of 0.85, reaching 0.8503 at iteration 12, demon-
strating its rapid adaptation to non-local tasks. Other strategies took longer: worst reached
0.8521 at iteration 23, all at iteration 15 (0.8519), and random at iteration 16 (0.8517). The
local strategy, on the other hand, failed to reach 0.85 even after 100 iterations, with a final
accuracy of 0.7834. This comparison underscores the importance of selecting well-aligned
guest nodes for efficient knowledge transfer and rapid improvement.

These findings highlight the trade-offs in collaborative learning. Strategies such as
best demonstrate the value of selecting well-aligned guest nodes to achieve faster and more
consistent improvements in accuracy across diverse prediction tasks.
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Figure A2 in Appendix A presents the individual accuracy per node per simulation.
The best strategy demonstrated steady and consistent improvement over iterations, whereas
other strategies, including all, exhibited oscillations in accuracy for certain nodes. This
highlights the importance of selecting well-aligned guest nodes for robust and stable
learning. Similar trends were observed across all tasks (Figure A1), while for local tasks
(Figure A3), collaborative strategies showed no clear advantage.
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(d) Early-stage on non-local tasks

Figure 2. Performance of guest-node selection strategies over 100 simulations. (a) Mean accuracy
across all prediction tasks. (b) Mean accuracy for tasks from distributions different from local training
data. (c) Mean accuracy for tasks aligned with the local training data distribution. (d) A zoomed-in
view of early-stage accuracy on non-local tasks (first 25 iterations), highlighting the initial adaptation
dynamics of different strategies.

Figure 3 illustrates a specific example where the best strategy significantly outper-
formed the local strategy. This example underscores the necessity of leveraging guest nodes
for collaborative learning, demonstrating how effective collaboration can enable local nodes
to overcome limitations imposed by their training data.
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Figure 3. Testing accuracy for Node 4 in Simulation 1 under the best and local strategies. The best
strategy significantly outperformed local by leveraging well-aligned guest nodes, highlighting the
importance of collaboration in improving performance on non-local prediction tasks.

4.2. Simulation: Effect of Spread and Dispersion on Collaboration

In this simulation, we explored how spread and dispersion in data distributions
affected the improvement of the best strategy compared to local in our CTL framework. Here,
spread refers to the inter-node distance, measuring how far apart the data distributions
of different nodes are, while dispersion refers to the intra-node variance, indicating how
concentrated or diverse the data within each node are.

To examine these effects, we simulated data under controlled conditions, varying the
spread and dispersion systematically.

4.2.1. Data Generation

We first generated model parameters used to define the decision boundary for label
generation. Each element of θ ∈ R30 (with d = 30 features) was sampled as θj ∼ Unif (1, 2)
and set to negative with 50% probability. The norm of θ was normalized to three for stability.

For each of the K = 10 nodes, we sampled a mean vector with each component
µk,j ∼ Unif (−1, 1) × spread, where spread controls the inter-node distance. Each node’s

data were then drawn from a multivariate normal distribution X(i)
k ∼ N (µk, Σ), where

Σ = dispersion2 × S, and S is a fixed covariance matrix with 1 on the diagonal and 0.5 else-
where. The parameter dispersion controlled the intra-node variability, and all nodes shared
the same Σ.

To create labels Y(i)
k , we perturbed the original θ for each node. For node k, θ was

adjusted as

θj → θj + (
∣∣θj
∣∣× pj)× a, pj ∼ N (0, 1), a =

dispersion
10

,

where a ensures that the perturbation depends on the level of dispersion. The perturbed θk

was then used to compute the probability of label 1, Y(i)
k = 1 with probability pθk (X

(i)
k ).
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This process ensured that label generation reflected both local variability and inter-
node heterogeneity.

Each node’s dataset Dk = (X(i)
k , Y(i)

k )
nk

i=1 contained nk = 500 samples, with 20% held
out for validation.

4.2.2. Results

Figure 4 illustrates the impact of spread and dispersion on the performance of best and
local strategies.

all best local
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Figure 4. Performance comparison under varying spread and dispersion for CTL strategies. The top
three panels (left to right: all, best, local) depict results for high dispersion (large intra-node variance)
and low spread (small inter-node distances), where local models are relatively self-sufficient. The
bottom three panels (left to right: all, best, local) correspond to low dispersion (small intra-node
variance) and high spread (large inter-node distances), highlighting the advantages of collaboration
when local data are insufficient. The best strategy consistently outperforms local in the high-spread,
low-dispersion scenario by leveraging complementary information from distant nodes.

Top panels correspond to high dispersion (large intra-node variance) and low spread
(small inter-node distances). Here, nodes had sufficiently diverse features locally, making
the local strategy effective. Consequently, best showed limited improvement over local.

Bottom panels correspond to low dispersion (small intra-node variance) and high
spread (large inter-node distances). In this case, local performed poorly since nodes lacked
sufficient diversity within their own data. However, the best strategy showed significant
improvement by leveraging information from distant nodes with complementary features.

These results highlight that when nodes are closely clustered (low spread) but have
diverse local data (high dispersion), the local strategy performs comparably to best. Con-
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versely, when nodes are far apart (high spread) but have limited local variability (low
dispersion), collaboration becomes crucial, and best significantly outperforms local.

This simulation demonstrates the importance of balancing spread and dispersion to
optimize collaborative learning. Effective collaboration is particularly beneficial when local
data distributions are insufficient to represent the broader prediction task.

5. Discussion and Future Work
5.1. Convergence

Our proposed algorithm involved optimizing a combination of local classification loss
LCE and knowledge distillation loss LKL at each node. In standard gradient descent with a
strongly convex and L-smooth objective function L(θ), the convergence rate follows

∥θt+1 − θ∗∥ ≤ (1 − µ

L
)∥θt − θ∗∥. (8)

Since our loss function is a mixture of local and distillation terms, we examined
whether similar convergence guarantees could be established.

At each iteration, the optimal parameters θ∗ depend on predictions from other nodes,
making the optimization problem non-stationary. If θt is the optimal parameter at iteration
t, then we assume the drift between optimal solutions across iterations satisfies∥∥θ∗t+1 − θ∗t

∥∥ ≤ B, (9)

where B is a bound on how much the optimal parameter changes due to updates at other
nodes. Intuitively, B depends on the number of local epochs and the step size, as frequent
or aggressive updates at one node can amplify shifts in θ∗t . Importantly, B is also influenced
by the distillation weight α, since stronger reliance on guest models induces greater shifts
in the local optimum.

If B is sufficiently small relative to the update magnitude of gradient descent, we can
expect the algorithm to continue converging to a moving target. However, since gradient
descent steps decrease in magnitude over time, eventually, B may exceed the step size,
preventing further progress. To mitigate this, we require that α gradually decreases as
training progresses, i.e., α(T) → 0 as T → ∞. If B is a continuous function of α, then
B(T) → 0, ensuring stable convergence.

The magnitude of B is also affected by how guest nodes are selected. When a node
primarily interacts with nearby nodes whose models evolve similarly, B remains small,
leading to smoother convergence. Conversely, if a node relies on guest nodes with highly
divergent distributions, the shifting optimal parameters may destabilize training. This high-
lights the importance of selecting well-aligned guest nodes, as reflected in our distillation
weight formulation.

A remaining open question is whether nodes should only distill from the single closest
node (in terms of prediction task distribution) or from multiple nodes. While distilling from
a diverse set of nodes could improve robustness, it may also introduce excessive variation,
increasing B. Future work should explore whether distilling from a single well-aligned
node is preferable to distilling from a broader set with adaptive weighting.

Consider two nodes k and j with training data distributions Pk(X, Y) and Pj(X, Y).
The objective function for node k under our algorithm is:

Lk(θk) = LCE + LKL(pθj ||pθk ),
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which expands to:

Lk(θk) = −EPk [log
(

pθk (Y|X)
)
] +EPj [log

(
pθj(Y|X)

)
− log

(
pθk (Y|X)

)
].

By comparison, training only on local data would yield:

Lk(θk) = −EPk [log
(

pθk (Y|X)
)
].

To justify the benefits of distillation, we must analyze how minimizing LKL affects
generalization to unseen distributions, particularly when Pj(X, Y) is closer to the target
distribution than Pk(X, Y). Theoretical bounds on this improvement remain an open area
of research.

5.2. Computational Efficiency and Scalability

The CTL framework is designed to optimize computational efficiency while maintain-
ing scalability in distributed learning environments. Unlike traditional federated learning
methods that require frequent global aggregation, CTL enables indirect knowledge transfer
via knowledge distillation, significantly reducing communication overhead. By leveraging
representative datasets rather than exchanging raw data or model parameters, the frame-
work minimizes the number of updates required per iteration, making it particularly well
suited for large-scale networks.

A key efficiency improvement in CTL comes from the adaptive distillation weights, which
dynamically select the most relevant guest nodes based on Energy Coefficients. This selective
knowledge transfer prevents unnecessary computations, reducing redundant distillation
steps compared to ensemble-based methods such as FedMD [31] and FedBE [32]. Instead of
averaging knowledge from all available sources, CTL prioritizes information from the most
informative nodes, leading to faster convergence with lower computational cost.

Furthermore, the computation of Energy Coefficients is optimized using a moment-
based approximation of pairwise Euclidean distances [29], reducing complexity from
O(n2d) to O(nd). This allows efficient similarity estimation between node distributions
without direct pairwise calculations, making the framework scalable to large numbers of
nodes and high-dimensional feature spaces.

As the number of nodes grows, a potential challenge is the increasing cost of evaluating
similarity metrics across all node pairs. To further improve scalability, future work can
explore hierarchical clustering techniques to group similar nodes and reduce the number of
comparisons required. Additionally, decentralized implementations of CTL, where nodes
only exchange information with a subset of neighbors rather than a global network, could
provide further improvements in efficiency.

By balancing computational cost with effective knowledge transfer, CTL provides a
scalable alternative to traditional federated learning approaches, making it well suited for
large, heterogeneous distributed systems.

5.3. Future Work

In our algorithm, the representative dataset was constructed using class-wise cen-
troids, which remained fixed throughout the training process. While this approach is
computationally efficient, it is not adaptive to the evolving state of model training and
cannot fully capture updates in the model parameters. One possible improvement is to
adopt Score-Matching Representatives (SMRs) [24], which construct representatives by
matching the score function values (i.e., gradients) of the local objective function. This
method provides a more adaptive representation of the model’s behavior during training.
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However, its applicability is limited to smooth objective functions, making it unsuitable for
models with non-differentiable components or highly complex architectures.

Another limitation lies in our underutilization of the representative response ỹk. In
its current implementation, ỹk provides static class information but does not dynamically
contribute to the model alignment process. However, ỹk holds critical information about
the underlying model from node Nk. When genuine model differences exist between nodes,
the degree of mismatch between a local model’s predictions on representative features x̃k

and their corresponding ỹk could serve as a valuable indicator of alignment. This mismatch
could be leveraged in two ways: as a weighting factor to merge the KL-divergence terms in
the distillation process or as a component of the distillation weights λj,k. Incorporating this
information could lead to more adaptive and accurate knowledge transfer across nodes.

While this work demonstrates the efficacy of our framework for classification tasks using
logistic regression and centroid-based representatives, its applicability to more complex model
architectures (e.g., neural networks or transformers) warrants further exploration. Complex
models may require alternative representative construction techniques or extended notions of
distillation weights to handle high-dimensional feature spaces effectively. Investigating how
our framework generalizes across such models remains an open area of research.

A noteworthy aspect of our proposed framework is the concept of splitting the pre-
diction task distribution into sub-distributions Z1, . . . ,Zτk to better differentiate nodes’
capacities to handle specific tasks. While our simulation studies approximate this by as-
signing additional prediction tasks from other nodes, we do not provide a formal method
for achieving such splits. Future research could explore systematic approaches to parti-
tion prediction task distributions, potentially leveraging clustering algorithms, domain
knowledge, or task-specific metrics. These methods could further enhance the precision
of Energy Coefficient values and improve the allocation of distillation weights in diverse
collaborative learning scenarios.

Similarly, another promising direction is to split the network of nodes into meaningful
clusters to improve scalability and reduce computational overhead. In large-scale dis-
tributed settings, evaluating similarity metrics across all node pairs can become prohibitive.
One potential enhancement is to employ hierarchical clustering to group nodes based
on their feature distributions or Energy Coefficients, limiting similarity computations to
within-cluster interactions. Additionally, decentralized implementations of CTL could
be explored, where nodes only exchange information with a subset of neighbors instead
of maintaining full connectivity. By adopting localized collaboration strategies, CTL can
maintain its effectiveness while significantly reducing communication and computational
costs in large-scale deployments.

A critical challenge in distributed learning is the presence of adversarial nodes that
may inject misleading information or attempt to infer sensitive data from shared predic-
tions. While traditional federated learning uses Byzantine-resilient aggregation and robust
statistics to mitigate such threats, CTL relies on knowledge distillation, which requires dif-
ferent security measures. A promising direction for improving robustness is incorporating
adaptive trust mechanisms, where nodes adjust distillation weights based on historical
consistency in predictions, reducing the influence of unreliable collaborators. Additionally,
anomaly detection techniques can be applied to representative datasets to identify and filter
out manipulated data before knowledge distillation. Differential privacy methods may
also help protect sensitive information by injecting calibrated noise into shared predictions,
limiting adversarial nodes’ ability to extract private data. Future research will explore these
strategies to enhance CTL’s security and resilience against adversarial attacks.

Another area for future work is the computational scalability of our framework. The
computation of Energy Coefficients and distillation weights involves evaluating pairwise
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node alignments, which may become computationally expensive in networks with a large
number of nodes. Exploring efficient approximations for these coefficients and reducing the
communication overhead in collaborative settings will be critical for scaling to industrial
applications with thousands of nodes.
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Appendix A. Additional Figures
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Figure A1. Accuracy curves for prediction tasks across all tasks, including both local and non-local
distributions. The figure highlights the performance of various guest-node selection strategies across
individual simulations. The best strategy consistently improves accuracy across iterations, while
other strategies, particularly worst, exhibit slower and less stable improvements. Different line colors
correspond to different host nodes.

https://github.com/jcasey98/DCLRep
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Figure A2. Accuracy curves for prediction tasks differing from the local training data distribution.
The figure highlights the performance of various guest-node selection strategies across individual
simulations. The best strategy demonstrates faster and more consistent improvements, while poorly
aligned strategies fail to enhance accuracy for certain nodes.
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Figure A3. Accuracy curves for prediction tasks aligned with the local training data distribution. The
local strategy maintains the highest accuracy, as it solely optimizes for its own data. In contrast, col-
laborative strategies (best, all, etc.) do not show noticeable improvement over iterations, highlighting
the trade-off between local optimization and generalization to non-local tasks. Different line colors
correspond to different host nodes.
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