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Abstract

Recent advances in decentralized deep learning algo-
rithms have demonstrated cutting-edge performance on
various tasks with large pre-trained models. However,
a pivotal prerequisite for achieving this level of competi-
tiveness is the significant communication and computation
overheads when updating these models, which prohibits the
applications of them to real-world scenarios. To address
this issue, drawing inspiration from advanced model merg-
ing techniques without requiring additional training, we in-
troduce the Decentralized Iterative Merging-And-Training
(DIMAT) paradigm—a novel decentralized deep learning
framework. Within DIMAT, each agent is trained on their
local data and periodically merged with their neighboring
agents using advanced model merging techniques like ac-
tivation matching until convergence is achieved. DIMAT
provably converges with the best available rate for non-
convex functions with various first-order methods, while
yielding tighter error bounds compared to the popular ex-
isting approaches. We conduct a comprehensive empiri-
cal analysis to validate DIMAT’s superiority over baselines
across diverse computer vision tasks sourced from mul-
tiple datasets. Empirical results validate our theoretical
claims by showing that DIMAT attains faster and higher ini-
tial gain in accuracy with independent and identically dis-
tributed (IID) and non-IID data, incurring lower communi-
cation overhead. This DIMAT paradigm presents a new op-
portunity for the future decentralized learning, enhancing
its adaptability to real-world with sparse and light-weight
communication and computation.

1. Introduction

Faced with various large-scale deep learning tasks [5, 19,
40], researchers and practitioners have made considerable
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Figure 1. Illustration of DIMAT with ring topology for 5 agents.
Agents, denoted by capital letters, undergo pre-training on two
unique classes from CIFAR-10 each (solid lines). Subsequently,
adjacent agents merge, forming tri-colored nodes (dashed lines).
Updated agents then train on the original datasets (solid lines) with
a slight increase in dataset colors. This merging and training cycle
repeats for specified iterations until final fine-tuning.

efforts to advance numerous decentralized training algo-
rithms [6]. These also benefit from the rapid develop-
ment of hardware technologies [13, 41]. Decentralized
deep learning algorithms have demonstrated compellingly
cutting-edge performance, nearly matching their centralized
counterparts [17, 26, 47, 59]. The most popular decentral-
ized learning algorithms are first-order methods such as de-
centralized stochastic gradient descent (SGD) [10, 25, 46],
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Method Convergence Rate

CD(M)SGD [58] O(
q

1
NK + N

(1�⇢)K + N
(1�p

⇢)2K )

SGP [3] O(
q

1
NK + N

(1�⇢)2K + N
(1�⇢)2K1.5 )

CGA [17] O(
q

1
NK + N

(1�⇢)K +
p
N

K1.5 + N
(1�p

⇢)2K )

DIMAT O(
q

1
NK + N

(1�⇢0)K + N
(1�

p
⇢0)2K

)

Table 1. Comparison between different methods. N : # of agents, K: the number of iterations, 0 < ⇢, ⇢0 < 1: positive constant related to
doubly stochastic matrices and ⇢0  ⇢.

their momentum accelerated variants [4, 57, 59], and more
recently developed decentralized adaptive gradient meth-
ods [9, 36], which all provably show convergence with
a sublinear rate and empirically exhibit appealing perfor-
mance.

A prerequisite for delivering competitive results is the
significant communication and computation overheads, par-
ticularly when the models are large such as VGG [14] and
ResNet [49]. However, such an requirement extremely pro-
hibits the use of decentralized learning in real-world scenar-
ios. Another concern is the slower performance gain when
they are utilized with sparser topology networks, which re-
sults in more pronounced communication and computation
overheads [8]. Some recent works [11, 30, 55, 62] have at-
tempted to address the above issues; however, they still re-
main critically challenging when local agents have widely
distinct tasks.

Inspired by a recent line of works in deep learning —
model merging [1, 12, 38, 45, 48] — our paper proposes
a novel decentralized deep learning paradigm, that we call
Decentralized Iterative Merging-And-Training (DIMAT).
Specifically, within DIMAT, each agent is first trained on
their local data and then periodically merged with their
neighboring agents using advanced model merging tech-
niques. Such a merging-and-training manner is iterated
until the convergence is reached. Our method is differ-
ent from other decentralized deep learning methods sig-
nificantly driven by vanilla weight averaging [10, 25, 32];
instead, it leverages modulo permutation symmetries from
model merging to allow local agents reaching a better “con-
sensus regime” by enlarging the spectral gap; this eventu-
ally leads to a smaller optimality gap. Please see Figure 1
for the schematic illustration of DIMAT.

In addition, DIMAT is found to speed up performance
gain at the early phase of optimization with lower commu-
nication cost. Our contributions are as follows:
• We propose and develop DIMAT, a novel decentralized

deep learning framework with periodical model merging
in the communication protocol. For the local training
strategy, DIMAT can be equipped with different first-
order methods flexibly. The model merging frequency

can even be adjusted in diverse scenarios to reduce the
communication overheads.

• We theoretically show that DIMAT provably converges
with a sublinear rate to a stationary point for nonconvex
functions, while yielding a tighter error bound and main-
taining linear speed up, compared to the popular existing
approaches. The theory also implies the faster initial per-
formance gain due to the larger spectral gap compared to
existing algorithms.

• A comprehensive empirical analysis is conducted to val-
idate DIMAT’s efficiency and superiority over baselines
across IID and non-IID data distributions sourced from
three benchmark datasets, including CIFAR-10, CIFAR-
100, and Tiny ImageNet datasets by using two popular
deep neural network models. See Table 1 for the compar-
ison between the proposed and existing algorithms.

2. Related Work

Decentralized Learning: Several decentralized learning
algorithms have demonstrated performance comparable to
centralized counterparts on standard vision datasets. In their
comprehensive investigation, Lian et al. [32] conducted
a case study on decentralized parallel stochastic gradient
descent (D-PSGD), combining stochastic gradient descent
with a gossip averaging algorithm [56]. Jiang et al. in-
troduced consensus-based distributed SGD (CDSGD) ex-
ploring collaborative deep learning in fixed topology net-
works, contributing insights into decentralized cooperation
[25]. The extension of D-PSGD to directed and time-
varying graphs introduced Stochastic Gradient Push (SGP)
[3], while a momentum version, Decentralized Momentum
Stochastic Gradient Descent (DMSGD), was proposed in
[4]. Fotouhi et al. proposed an algorithm called minimum
connected Dominating Set Model Aggregation (DSMA) to
address communication overhead issues [18]. However,
a critical assumption for achieving state-of-the-art perfor-
mance in these decentralized algorithms is that the data
is IID across agents [3, 18, 25]. Although, Khawatmi et
al. delved into decentralized clustering and linking, shed-
ding light on challenges posed by heterogeneous settings
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and node assignment within clusters [29]. Recent efforts
aim to bridge the performance gap between IID and non-
IID data in decentralized setups [2, 17, 39, 50, 51]. Lin et
al. proposed a Quasi-Global momentum-based decentral-
ized deep learning approach for heterogeneous data [33].
Tang et al. introduced the D2 algorithm, an extension of D-
PSGD tailored for non-IID data, while Nadiradze et al. pro-
posed SwarmSGD, utilizing random interactions between
agents in a graph for consensus [35, 50]. Esfandiari et
al. introduced Cross-Gradient Aggregation (CGA) and its
compressed variant (CompCGA) for decentralized learning
on entirely non-IID data, asserting superior performance
[17]. However, these techniques incur higher communi-
cation costs compared to standard decentralized algorithms
such as DSGD. Federated learning methods, such as the one
proposed by McMahan et al. [34], offer a practical solution
for training deep networks by iteratively averaging mod-
els, thus reducing communication costs compared to syn-
chronous stochastic gradient descent. Federated Multi-Task
Learning [43], demonstrated the natural suitability of multi-
task learning to handle the statistical challenges of federated
learning settings. Our primary aim is to leverage multi-task
learning and decentralized learning on IID and non-IID data
with minimal computational and communication overhead.

Model Merging: Recently, model merging has emerged
as a technique that integrates the parameters or predictions
of multiple deep-learning models into a single one, requir-
ing minimal computation. This process exploits the prox-
imity of models with the same pre-trained weights in the
same error basin [37]. Numerous studies [21, 24, 52, 54]
have utilized this characteristic to average the weights of a
model during training. The merging process can enhance
single-task performance for models designed for the same
task [53] or create a multi-task solution for models targeting
different tasks [15, 22, 54]. Various merging methods such
as linear interpolation, and task arithmetic [22, 27] have also
been proposed. However, for models without shared pre-
trained weights, weight permutation may be necessary be-
fore merging [1, 16, 28]. In our approach, we leverage mod-
ulo permutation symmetries from model merging, enabling
local agents to reach a more robust “consensus regime”.
This integrated approach aims to address challenges arising
from heterogeneous data distributions, providing an effec-
tive solution with minimal computational and communica-
tion overhead.

3. Methodology

In this section, we first present some preliminaries regard-
ing one model merging technique called activation match-
ing, and then formulate the generic optimization problem in
the decentralized learning setting, followed by the proposed
algorithms.

3.1. Preliminaries: Activation Matching

In this section, we present the activation matching method-
ologies, extending the principles established by Ainsworth
et al. [1]. These methodologies form the cornerstone of
our decentralized model merging approach, inspired by the
concept that models acquiring similar features are likely to
perform similar tasks [31]. Consider two multi-layer per-
ceptron models, M1 and M2. Given activations for each
model, we aim to associate each unit in M1 with a unit
in M2. This is accomplished by fitting the linear relation-
ship into the regression framework, constraining a matrix
of cross-correlation coefficients to solutions in the set of
all symmetric permutation matrices, Sd 2 Rd⇥d. For the
`-th layer, let Z(M1) 2 Rd⇥s and Z

(M2) 2 Rd⇥s denote
the cross-correlation of the activations of models M1 and
M2, respectively, where s signifies the number of all train-
ing data points in models. We aim to find a permutation
matrix P` 2 Rd⇥d that minimizes the Frobenius norm of
the difference between Z

(M1) and the permuted Z
(M2):

P` = arg min
P2Sd

sX

p=1

kZ
(M1)
:,p �PZ

(M2)
:,p k

2

= arg max
P2Sd

hP,Z(M1)(Z(M2))>iF .

(1)

Please note that the dimension of P will be expanded in the
decentralized learning setting in the rest of the paper. This
problem constitutes a “linear assignment problem” (LAP),
for which efficient algorithms exist. Once LAP is solved for
each layer, we proceed to permute the parameters of model
M2 to align them with those of model M1:

W
0
` = P`W

M2
` P

>
`�1, b0` = P`b

M2
` ,

where W
0
` and W

M2
` are weight matrices, b0` and bM2

` are
bias vectors. We will utilize the activation matching method
in the communication phase of our DIMAT framework for
decentralized model merging. This approach represents a
more sophisticated strategy compared to the basic averaging
technique employed in prior methods, such as consensus-
based decentralized SGD (CDSGD) or its momentum vari-
ant [25, 58]. Throughout the paper, we still use model merg-
ing instead of activation matching to better fit the DIMAT
name. More detailed information about this method has
been provided in the supplementary material.

3.2. Problem Formulation

Consider a network involving N agents and denote by G =
(V, E) the connected topology, where V = {1, 2, ..., N} and
E ✓ V⇥V . If (i, j) 2 E , then agent i is able to communicate
with agent j. We also define the neighborhood of agent i as
follows: Nb(i) := {j 2 V : (i, j) 2 E or j = i}. With-
out loss of generality, we assume the graph G is connected
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and undirected. The N agents jointly solve the following
consensus optimization problem:

minx2Rdf(x) =
1

N

NX

i=1

E⇠i⇠Di [F
i(x; ⇠i)], (2)

where f i(x) := E⇠i⇠Di [F
i(x; ⇠i)] are smooth non-convex

functions with different data distributions Di. We denote by
g
i the mutually independent unbiased stochastic gradients

sampled at points xi
2 Rd such that E[gi] = rf i(xi).

In decentralized learning, consensus averaging is a crit-
ical key to maintain closeness among agents that learn to
achieve the shared model parameter x⇤. Such a mechanism
works well when the sampled datasets for individual agents
are independent and identically distributed (IID). However,
in reality, IID data is rare, and data heterogeneity needs
to be considered, particularly when agents implement di-
verse tasks. To address this issue, numerous works have
attempted to develop decentralized learning algorithms that
are equipped with more complex communication protocols
[3, 17, 25]. Nevertheless, they essentially fall into vari-
ants of consensus averaging and require quantification tech-
niques to alleviate the significant communication overhead.

In this study, we turn our direction to one recently de-
veloped model merging technique that has empirically been
studied for multi-task learning [1]. As introduced above, the
core is to apply a suitable permutation to the weight matri-
ces such that the new model can be adapted to unseen tasks
without additional training from scratch. Thus, we extend
model merging to the decentralized learning setting for the
first time and mathematically show the convergence rate.
We next introduce one operator that fits in the parameter
space upon which vectors are defined to represent models.

Define the stochastic model merging operator as
T (·|⇧) : Rd

⇥ Rd
⇥ ... ⇥ Rd

! Rd and the permuta-
tion matrix as Pij

2 Rd⇥d respectively, where ⇧ 2 RN⇥N

is the mixing matrix. Then we have the following:

T (x1, ...,xq
|⇧) =

X

j2Nb(i)

⇡ijP
ij
x
j , (3)

where q := |Nb(i)|  N , ⇡ij is the element in ⇧ at i-th
row and j-th column. It can be observed that vanilla aver-
aging is the simplest model merging, resulting in P

ij = I.
P

ij will be time-varying along with the update of x and
this intuitively makes sense, as for each iteration, the model
merging may apply to different features on the layers. Fur-
ther details on the mixing matrix definition are provided in
the supplementary material.

3.3. Algorithmic Framework

Decentralized learning typically comprises two crucial
steps, communication and computation. The computation

step corresponds to local model update that can possibly
be accomplished by first-order methods. In this context,
we combine the proposed DIMAT with SGD, momentum
SGD (MSGD), and Adam [61] to develop DIMAT-SGD,
DIMAT-MSGD and DIMAT-ADAM. In Algorithm 1,

Algorithm 1: DIMAT-SGD
Input : mixing matrix ⇧, the # of iterations K,

initialization x
i
1, 8i 2 V , step size ↵,

merging frequency n
Output: x̄K = 1

N

PN
i=1 x

i
K

1 for k in 1 : K do

2 for each agent i 2 V do

3 Calculate the stochastic gradient gi
k;

4 if k mod n=0 then

5 x
i
k+1/2 =

P
j2Nb(i) ⇡ijP

ij
k x

j
k+1/2;

6 else

7 x
i
k+1/2 = x

i
k;

8 x
i
k+1 = x

i
k+1/2 � ↵gi

k;

Line 5 implies that the frequency of merging step can be im-
plemented periodically, which reduces the number of com-
munication rounds. The term k + 1/2 denotes the update
for consensus. The permutation matrix P

ij
k in model merg-

ing between two different models is essentially obtained
through the activation matching [1]. Regardless of the spe-
cific detail of how permutation is completed among models,
P

ij
k always remains a doubly stochastic matrix. Thus, to

analyze the convergence property of DIMAT-SGD, we are
able to couple the mixing matrix ⇧ and permutation ma-
trix P

ij
k in a higher dimension involving multiple agents.

Analogously, when the computation step employs MSGD
and Adam, the Algorithms 2 and 3 are attained accordingly.
Please see the Supplementary Materials for these two algo-
rithms and their associated analysis in more detail.

4. Main Results

4.1. Assumptions

Before presenting the main results, we first state several as-
sumptions to serve the analysis. Throughout the rest of the
analysis, the following standard assumptions hold true. We
also defer all proof to the Supplementary Materials.

Assumption 1. Problem 2 satisfies the following:
• Smoothness. Each function f i(x) is smooth with modu-

lus L.
• Bounded variances. There exist �, > 0 such that

E⇠⇠Di [krF i(x; ⇠)�rf i(x)k2]  �2, 8i, 8x. (4)
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1

N

NX

i=1

krf i(x)�rf(x)k2  2, 8x. (5)

The smoothness in Assumption 1 is quite generic in de-
centralized learning algorithms [17, 25, 58] as it provides
the guarantee of loss descent for the analysis. �2 signi-
fies the upper bound of variances of stochastic gradients for
local agents, while 2 quantifies the gradient diversity be-
tween each agent’s local objective loss f i(x), due to the dif-
ferent data distributions. One can also use the bounded sec-
ond moment of stochastic gradients assumption [44], which
is stronger and results in a looser error bound.

Assumption 2. The mixing matrix ⇧ 2 RN⇥N is a sym-
metric doubly stochastic matrix satisfying �1(⇧) = 1 and

max{|�2(⇧)|, |�N (⇧)|} 
p
⇢ < 1, (6)

where 0 < ⇢ < 1, �l(·) is the l-th largest eigenvalue of the
matrix.

The assumption for the mixing matrix ⇧ has been uti-
lized frequently in existing works [17, 58]. In our analy-
sis, to consider multiple agents, we will have the expanded
mixing matrix of the Kronecker product between ⇧ and Id,
W = ⇧ ⌦ Id, but the magnitudes of eigenvalues of W

remain the same through a known result presented in the
sequel and the fact that eigenvalue of Id is 1.

Theorem 1. [42] Let C 2 RN⇥N and D 2 Rd⇥d, with
eigenvalue � 2 s(C) with corresponding eigenvector x 2

CN , and µ 2 s(D) with corresponding eigenvector y 2 Cd,
where s(·) signifies the spectrum of a matrix. Then �µ is
an eigenvalue of C ⌦ D with corresponding eigenvector
x ⌦ y 2 CdN . Any eigenvalue of C ⌦ D arises as such a
product of eigenvalues of C and D.

One immediate outcome from Theorem 1 is that
max{|�2(W)|, |�dN (W)|} 

p
⇢ < 1. Define the per-

mutation matrix for all agents at the k-th time step as
Pk 2 RdN⇥dN . Based on the algorithmic frameworks, it
is known that in the analysis we will have to deal with the
consecutive matrix product in a form of

Qk
⌧=1 WP⌧ , which

is the non-trivial part and distinguished from the existing
analysis. However, P⌧ is a symmetric doubly stochastic
matrix such that WP⌧ is a doubly stochastic matrix. Fol-
lowing similarly Assumption 2, we set another assumption
for WPk, 8k � 1 in the sequel.

Assumption 3. The matrix WPk 2 RdN⇥dN , 8k � 1 is a
symmetric doubly stochastic matrix satisfying �1(WPk) =
1 and

max{|�2(WPk)|, |�dN (WPk)|} 

p
⇢0 < 1, (7)

where 0 < ⇢0 < 1, �l(·) is the l-th largest eigenvalue of the
matrix.

The above assumption is mild as it only extends the sim-
ilar conclusion in Assumption 2 to the matrix product. As-
sumption 3 not only characterizes the convergence for DI-
MAT, but also providing a justification of ⇢0  ⇢, which
implies the tighter error bounds presented in the sequel.
This holds due to the relationship between singular value
and eigenvalue, symmetric properties, the fact that eigen-
values of a permutation matrix lie on the unit circle, and
Courant–Fischer–Weyl Min-Max Principle [23]. The de-
tailed analysis is deferred to the Supplementary Materials.

4.2. Convergence Analysis

Throughout the analysis, we define f⇤ := f(x⇤) > �1,
where x

⇤ = argminx2Rdf(x). We also set n = 1 in the
analysis.

Theorem 2. Let Assumptions 1 and 3 hold. If the step size

↵  min {
1�

p
⇢0

4
p
2L

,
p

(1�
p
⇢0)4+64(1�

p
⇢0)2�(1�

p
⇢0)2

32L } in Al-
gorithm 1, then for all K � 1, the following relationship
holds true:

1

K

KX

k=1

E[krf(x̄k)k
2] 

2(f(x̄0)� f⇤)

↵K
+

4↵2�2L2

1� ⇢0

+
16↵22L2

(1�
p
⇢0)2

+
L↵�2

N
,

(8)

where x̄k = 1
N

PN
i=1 x

i
k.

Remark 1. E[krf(x̄k)k2] has generically been applied as
a metric to evaluate the convergence behavior in decentral-
ized learning algorithms. In this study, the usage of stochas-
tic model merging should have induced another metric dif-
ferent from E[krf(x̄k)k2]. However, we still adopt it to
assess the convergence rate since it only acts at the end
of each iteration for all models. Within each iteration, the
vanilla weight averaging has been replaced with the model
merging.

Corollary 1. Let Assumptions 1 and 3 hold. If step
size ↵ = O(

q
N
K ) in Algorithm 1, then for all K �

max{ 32NL2

⇣ , 512NL2

⇣2+32⇣�⇣
p
⇣2+64⇣

}, where ⇣ = (1 �
p
⇢0)2,

we have

1

K

KX

k=1

E[krf(x̄k)k
2]  O(

r
1

NK
+

N

(1� ⇢0)K

+
N

(1�
p
⇢0)2K

).

(9)

Remark 2. Corollary 1 implies that DIMAT-SGD
achieves the best available convergence rate but yields a
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tighter error bound due to ⇢0  ⇢, which suggests the im-
pact of model merging on the topology. Before the opti-
mization enters into the regime where O(

q
1

NK ) has dom-
inated, DIMAT-SGD reduces the optimization error, as
1 � ⇢0 is larger. This intuitively tells us that the DIMAT
framework leads to the faster initial performance gain with
less communication and computation cost. On the other
hand, when K is sufficiently large such that O(

q
1

NK )

dominates the convergence, the linear speed up due to N is
achieved accordingly. In this regime, the impact of topol-
ogy is much smaller, which indicates that DIMAT-SGD
and CDSGD [25, 58] will have ultimately similar perfor-
mance. Our empirical results will evidently support the the-
oretical findings. The similar theoretical implications also
apply to DIMAT-MSGD and DIMAT-ADAM, given addi-
tional analysis presented in the Supplementary Materials.

5. Experimental Results

In this section, we empirically analyze the performance of
DIMAT. Our code is available here on GitHub. We com-
pare the effectiveness of our algorithms with other baseline
decentralized algorithms such as Stochastic Gradient Push
(SGP) [3], consensus-based distributed SGD (CDSGD) [25]
and Cross-Gradient Aggregation (CGA) [17]. However,
CGA did not converge in the explored setting and has
been omitted. Further exploration is warranted to con-
duct a meaningful comparison involving CGA. Addition-
ally, we introduce other baselines, Weight Matching (WM),
established by Ainsworth et al. [1], and Weight Averag-
ing (WA), inspired by consensus-based distributed Adam
(CDAdam) [36]. These baselines share the same setup as
DIMAT but, instead of relying on activations, focus on in-
specting the weights of the agents and averaging the weights
of the agents, respectively. The goal in WM is to maximize
the dot product between the vectorized weights of agents,
formulated as a sum of bilinear assignments problem. We
include these additional baselines to have a fair and direct
comparison of the merging method used within the DIMAT
framework. It is worth noting that WM has not been im-
plemented for ResNet in the existing literature, and such an
implementation is nontrivial. Consequently, we do not pro-
vide comparison results for WM in ResNet.

Experimental Setup: Our experimental scope covered
datasets such as CIFAR-100, CIFAR-10, and Tiny Ima-
geNet. CIFAR10 and Tiny ImageNet results can be found
in the Supplementary Materials. We assessed system scala-
bility by varying the number of agents—examining scenar-
ios with 5 to 10, 20, and 40 agents. To evaluate the algo-
rithm’s robustness across diverse network architectures, we
employed three distinct model architectures: VGG16 [60],
ResNet-20 [20], and ResNet50 [20]. ResNet50 results

can be found in the Supplementary Materials. Throughout
the experiments, we initiated with pre-trained agents, each
agent having undergone individual pre-training on their re-
spective datasets for 100 epochs. All experiments were con-
ducted five times for an average of 100 iterations to ensure
result reliability. Each iteration includes 2 training epochs,
where the agents are trained on their respective datasets, and
a merge operation.

Communication and Computational Overhead:

DIMAT notably requires less communication and com-
putation than traditional decentralized learning methods.
DIMAT has a merge operation once every 2 training epochs,
and as such, has 0.5 ⇤ (n � 1) communication rounds per
epoch for fully connected topology and 0.5 ⇤ 2 communi-
cation rounds per epoch for ring topology, where n is the
number of agents. On the other hand, methods such as
CDAdam and SGP have communication steps every mini-
batch, which results in significantly more communication
rounds per epoch than DIMAT. Further visual comparisons
of communication are available in the supplementary mate-
rial, as well as the computational results.

To evaluate DIMAT’s performance, we conducted exper-
iments comparing results under both IID and non-IID data
distributions. This assessment provides insights into the al-
gorithm’s adaptability to varying data characteristics. In
the IID setting, data is uniformly distributed among agents,
with each agent responsible for a subset of data samples,
ensuring balanced class representation. For example, with
5 agents, each handles 1/5 of the data for every class. Con-
versely, in the non-IID setup, significant class imbalances
occur, with each agent possessing data from a smaller sub-
set of classes. In a scenario with 100 classes and 5 agents,
each agent is allocated data from 20 distinct classes, poten-
tially creating a more challenging learning environment due
to the presence of unseen data and classes.

Table 2. Comparison of test accuracy (mean±std) on CIFAR-100
with ResNet-20 architecture for 5 agents under both IID and non-
IID data distribution, considering fully connected (FC) and ring
topologies.

Algorithm
IID non-IID

FC Ring FC Ring
SGP 41.39±0.24 41.48±0.14 12.85±0.14 11.95±0.33
CDSGD 39.69±0.20 39.77±0.14 12.31±0.19 10.51±0.38
WA 73.97±0.12 58.49±0.81 62.7±0.44 8.00±0.51
DIMAT (ours) 73.99±0.18 69.07±0.01 62.05±0.64 20.45±0.65

The results of our experiments are presented in Table 2
for ResNet-20 and Table 3 for VGG16. These tables pro-
vide a comprehensive overview of testing accuracy com-
parisons across various network topologies under both IID
and non-IID data distributions. Subsequent subsections will
delve into detailed discussions regarding IID and non-IID
scenarios.
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(a) FC Topology for 5 Agents (b) Ring Topology for 5 Agents (c) Scalability Analysis for FC Topology

Figure 2. Comparing algorithmic accuracy (mean±std) in fully connected (FC) (a) and ring (b) topologies with ResNet-20 architecture on
CIFAR-100 IID data. The scalability with ResNet-20 architecture on CIFAR-100 IID data and fully connected topology is shown in (c).

(a) FC Topology for 5 Agents (b) Ring Topology for 5 Agents (c) Scalability Analysis for FC Topology

Figure 3. Comparing algorithmic accuracy (mean±std) in fully connected (FC) (a) and ring (b) topologies with VGG16 architecture on
CIFAR-100 IID data. The scalability with VGG16 architecture on CIFAR-100 IID data and fully connected topology is shown in (c).

(a) ResNet-20 (b) VGG16

Figure 4. Comparing algorithmic accuracy (mean±std) in fully connected topology with ResNet-20 (a) and VGG16 (b) architecture on
CIFAR-100 non-IID data for 5 agents.

5.1. Comparison of Algorithms in IID Setting

In the context of the IID setting, we conducted a thorough
analysis of the results presented in Tables 2 (ResNet-20) and
3 (VGG16). Our analysis reveals important insights into the
performance of the different algorithms. Visual analysis in
Fig. 2 and Fig. 3 highlights DIMAT’s rapid convergence
across ResNet-20 and VGG16 in various topologies. This
suggests DIMAT swiftly achieves accuracy stability during

training, supporting our theoretical claims. DIMAT con-
sistently outperforms or matches alternative algorithms in
accuracy metrics, with Weight Averaging (WA) eventually
converging similarly. Scalability analysis, depicted in Fig.
2c and Fig. 3c, indicates DIMAT maintains high accuracy
and convergence as agent count increases, showcasing its
robustness across architectures and topologies.
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(a) ResNet-20 (b) VGG16

Figure 5. Scalability Analysis for DIMAT: Evaluating accuracy (mean±std) in fully connected topology with ResNet-20 (a) and VGG16
(b) on CIFAR-100 non-IID data across 5 to 10 agents.

Table 3. Comparison of test accuracy (mean±std) on CIFAR-100
with VGG16 architecture for 5 agents under both IID and non-
IID data distribution, considering fully connected (FC) and ring
topologies.

Algorithm
IID non-IID

FC Ring FC Ring
SGP 33.42±0.25 33.42±0.25 10.00±0.17 10.00±0.16
CDSGD 31.37±0.47 30.53±0.58 9.81±0.15 9.53±0.10
WM 38.13±6.67 52.58±2.34 9.37±0.54 13.3±0.54
WA 66.70±0.34 67.02±0.24 49.48±0.68 25.15±0.27
DIMAT (ours) 68.08±0.24 63.76±0.30 52.99±0.24 25.28±0.13

5.2. Comparison of Algorithms in Non-IID Setting

In the non-IID setting, our analysis highlights DIMAT’s
consistent and swift convergence compared to alternative
algorithms, particularly with fully connected topology (see
Fig. 4). Although DIMAT converges faster, Weight Aver-
aging (WA) eventually achieves similar performance levels,
indicating its potential effectiveness given sufficient train-
ing time. Scalability is a critical factor in evaluating the
practicality of algorithms. We analyze scalability break-
points, as shown in Fig. 5, essential for informed decision-
making in real-world deployments. Understanding how al-
gorithms perform with increasing agents offers valuable in-
sights, shedding light on the balance between individual
learning and potential biases. Additionally, our supplemen-
tary material delves deeper into this issue, addressing how
agents’ learning diminishes with more agents due to re-
duced dataset exposure and how leveraging larger, diverse
datasets can mitigate biases.

6. Conclusions

This paper presents a novel decentralized deep learning
framework DIMAT by leveraging the recently developed
model merging techniques. DIMAT has provably shown

the sublinear convergence rate and led to the tighter er-
ror bounds, compared to popular existing approaches. The
comprehensive empirical studies show the superiority of
DIMAT over baselines and faster model performance gain
in different settings with lower communication overhead,
under both IID and non-IID data distributions, which sup-
ports well the theoretical claims. Therefore, DIMAT of-
fers a more practical option for quickly updating (poten-
tially large) pre-trained models with (local) new data in
a collaborative manner. Beyond the current work, a few
future research directions include: a) exploring different
permutation algorithms for model merging in decentralized
learning; b) combining quantization techniques with model
merging to further reduce communication bits; c) resolving
scalability issues of model merging, especially with non-
IID data distributions.
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