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ABSTRACT

Federated learning (FL) inevitably confronts the challenge of system heterogeneity
in practical scenarios. To enhance the capabilities of most model-homogeneous FL
methods in handling system heterogeneity, we propose a training scheme that can
extend their capabilities to cope with this challenge. In this paper, we commence our
study with a detailed exploration of homogeneous and heterogeneous FL settings
and discover three key observations: (1) a positive correlation between client
performance and layer similarities, (2) higher similarities in the shallow layers in
contrast to the deep layers, and (3) the smoother gradient distributions indicate
the higher layer similarities. Building upon these observations, we propose InCo
Aggregation that leverages internal cross-layer gradients, a mixture of gradients
from shallow and deep layers within a server model, to augment the similarity
in the deep layers without requiring additional communication between clients.
Furthermore, our methods can be tailored to accommodate model-homogeneous
FL methods such as FedAvg, FedProx, FedNova, Scaffold, and MOON, to expand
their capabilities to handle the system heterogeneity. Copious experimental results
validate the effectiveness of InCo Aggregation, spotlighting internal cross-layer
gradients as a promising avenue to enhance the performance in heterogeneous FL.

1 INTRODUCTION

Federated learning (FL) is proposed to enable a federation of clients to effectively cooperate towards
a global objective without exchanging raw data (McMahan et al.,|2017). While FL makes it possible
to fuse knowledge in a federation with privacy guarantees (Huang et al.,2021;|McMahan et al.,|2017;
Jeong & Hwangl| 2022)), its inherent attribute of system heterogeneity (Li et al.,|2020a), i.e., varying
resource constraints of local clients, may hinder the training process and even lower the quality of the
jointly-learned models (Kairouz et al., 2021; |Li et al., 2020a; Mohri et al., 2019;|Gao et al., [2022)).

System heterogeneity refers to a set of varying physical resources {R; }_;, where R, denotes the
resource of client ¢, a high-level idea of resource that holistically governs the aspects of computation,
communication, and storage. Existing works cater to system heterogeneity through a methodology
called model heterogeneity, which aligns the local models of varying architectures to make full use
of local resources (Diao et al., [2021}; |Baek et al.,[2022; |/Alam et al.| 2022; [Huang et al.| 2022; [Fang
& Yel [2022; Lin et al.l 2020). Specifically, model heterogeneity refers to a set of different local
models {M;}"_, with M; being the model of client i. Let R(M) denote the resource requirement
for the model M. Model heterogeneity is a methodology that manages to meet the constraints
{R(M;) < R;}"_;. In the case of model heterogeneity, heterogeneous devices are allocated to a
common model prototype tailored to their varying sizes, such as ResNets with different depths or
widths of layers (Liu et al.,|2022; |Diao et al.,|2021; Horvath et al., 2021; Baek et al., [2022; |Caldas
et al., 2018} |[lhan et al.,|2023), strides of layers (Tan et al., 2022), or numbers of kernels (Alam et al.,
2022)), to account for their inherent resource constraints. While several methods have been proposed
to incorporate heterogeneous models into federated learning (FL), their performances often fall short
compared to FL training using homogeneous models of the same size (He et al.,|2020; |Diao et al.|
2021)). Therefore, gaining a comprehensive understanding of the factors that limit the performance
of heterogeneous models in FL is imperative. The primary objective of this paper is to investigate
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(a) The CKA similarity of ResNets.  (b) The CKA similarity of ViTs.  (c) The relations between CKA
and accuracy.

Figure 1: CKA similarity in different environments and the relation between accuracy and CKA
similarity. (a) and (b): The CKA similarity of different federated settings. (c): The positive relation
between CKA and accuracy during the training process.

the underlying reasons behind this limitation and propose a potential solution that acts as a bridge
between model homogeneity and heterogeneity to tackle this challenge.

In light of this, we first conduct a case study to reveal the obstacles affecting the performance of
heterogeneous models in FL. The observations from this case study are enlightening: (1) With
increasing heterogeneity in data distributions and model architectures, we observe a decline in model
accuracy and layer-wise similarity (layer similarity) as measured by Centered Kernel Alignment
(CKAY)'[(Kornblith et al., 2019), a quantitative metric of bias (Luo et al.,|2021; Raghu et al., 2021);
(2) The deeper layers share lower layer similarity across the clients, while the shallower layers exhibit
greater alignment. These insights further shed light on the notion that shallow layers possess the
ability to capture shared features across diverse clients, even within the heterogeneous FL setting.
Moreover, these observations indicate that the inferior performances in heterogeneous FL are related
to the lower similarity in the deeper layers. Motivated by these findings, we come up with an idea:
Can we enhance the similarity of deeper layers, thereby attaining improved performance?

To answer this question, we narrow our focus to the gradients, as the dissimilarity of deep layers
across clients is a direct result of gradient updates (Ruder, |2016j (Chen et al., 2021)). Interestingly, we
observe that (3) the gradient distributions originating from shallow layers are smoother and possess
higher similarity than those from deep layers, establishing a connection between the gradients and the
layer similarity. Therefore, inspired by these insights, we propose a method called InCo Aggregation,
deploying different model splitting methods and utilizing the Internal Cross-layer gradients (InCo) in
a server model to improve the similarity of its deeper layers without additional communications with
the clients. More specifically, cross-layer gradients are mixtures of the gradients from the shallow
and the deep layers. We utilize cross-layer gradients as internal knowledge, effectively transferring
knowledge from the shallow layers to the deep layers. Nevertheless, mixing these gradients directly
poses a significant challenge called gradient divergence (Wang et al., 2020; |[Zhao et al., |2018)). To
tackle this issue, we normalize the cross-layer gradients and formulate a convex optimization problem
that rectifies their directions. In this way, InCo Aggregation automatically assigns optimal weights
to the cross-layer gradients, thus avoiding labor-intensive parameter tuning. Furthermore, InCo
Aggregation can extend to model-homogeneous FL. methods that previously do not support
model heterogeneity, such as FedAvg(McMahan et al.,|2017), FedProx (Li et al., 2020b)), FedNova
(Wang et al.} 2020)), Scaffold (Karimireddy et al.,|2020), and MOON (L1 et al.,[2021a), to develop
their abilities in managing the model heterogeneity problem.

Our main contributions are summarized as follows:

* We first conduct a case study on homogeneous and heterogeneous FL settings and find that (1)
client performance is positively correlated to layer similarities across different client models,
(2) similarities in the shallow layers are higher than the deep layers, and (3) smoother gradient
distributions hint for higher layer similarities.

* We propose InCo Aggregation, applying model splitting and the internal cross-layer gradients
inside a server model. Moreover, our methods can be seamlessly applied to various model-
homogeneous FL. methods, equipping them with the ability to handle model heterogeneity.

* We establish the non-convex convergence of utilizing cross-layer gradients in FL and derive the
convergence rate.

» Extensive experiments validate the effectiveness of InCo Aggregation, showcasing its efficacy in
strengthening model-homogeneous FL. methods for heterogeneous FL scenarios.

'The detailed descriptions for CKA are introduced in Appendix
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(a) Similarity of gradients (b) Similarity of gradients (c) Gradient distributions (d) Gradient distributions
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Figure 2: Cross-environment similarity and gradients distributions. (a) and (b): Similarity from Stage
2 and Stage 3. (c) and (d): The gradient distributions of Non-IID with hetero and IID with homo.

2 PRELIMINARY

To investigate the performance of clients in diverse federated learning settings, we present a case
study encompassing both homogeneous and heterogeneous model architectures with CIFAR-10 and
split data based on IID and Non-IID with ResNets (He et al.,|2016)) and ViTs (Dosovitskiy et al.,
2020). We use CKA (Kornblith et al.,|2019) similarities among models to measure the level of bias
exhibited by each model. More detailed results of the case study are provided in Appendix[G]

2.1 A CASE STUDY IN DIFFERENT FEDERATED LEARNING ENVIRONMENTS

Case Analysis. Generally, we find three intriguing observations from Table [I] and Figure [T}
(i) The deeper layers or stages have lower CKA similarities than
the shallow layers. (ii) The settings with higher accuracy also
obtain higher CKA similarities in the deeper layers or stages. -
(iii) The CKA similarity is positively related to the accuracy Settings Test Accuracy
of clients, as shown in Figure[Tc] These observations indicate 1D with homo 81.0
that increasing the similarity of deeper layers can serve as a Non-IID with homo  62.3(]18.7)
viable approach to improving client performance. Considering Non-IID with hetero  52.3(428.7)
that shallower layers exhibit higher similarity, a potential direc- 1D with homo 8L.0

. R ST Non-IID with homo ~ 54.8(26.2)
tion emerges: to improve the CKA similarity in deeper layers .

. Non-IID with hetero 50.1(430.9)

according to the knowledge from the shallower layers.

Table 1: Accuracy of the case study.

ResNet

ViT

2.2 DEEP INSIGHTS OF GRADIENTS IN THE SHALLOWER LAYERS

Gradients as Knowledge. In FL, there are two primary types of knowledge that can be utilized:
features, which are outputs from middle layers, and gradients from respective layers. We choose
to use gradients as our primary knowledge for two essential reasons. Firstly, our FL environment
lacks a shared dataset, impeding the establishment of a connection between different clients using
features derived from the same data. Secondly, utilizing features in FL would significantly increase
communication overheads. Hence, taking these practical considerations into account, we select
gradients as the knowledge.

(a) Stage3 conv0 in Non- (b) Stage3 convl in Non- (c) Stage3 conv0 in IID (d) Stage3 convl in IID
IID with hetero. IID with hetero. with homo. with homo.

Figure 3: The gradient distributions from round 40 to 50 in different environments.

Cross-environment Similarity. In this subsection, we deeply investigate the cross-environment
similarity of gradients between two environments, i.e., IID with homo and Non-IID with hetero, to
shed light on the disparities between shallow and deep layers in the same stageE| and identify the gaps
between the homogeneous and heterogeneous FL. As depicted in Figure 2a)and [2b} gradients from
shallow layers (Stage2.conv0 and Stage3.conv0) exhibit higher cross-environment CKA similarity
than those from deep layers such as Stage2.convi, and Stage3.conv2. Notably, even the lowest
similarities (red lines) in Stage2.conv0 and Stage3.conv0 surpass the highest similarities in deep
layers. These findings underscore the superior quality of gradients obtained from shallow layers

>We discuss a shallow layer (the first layer with the same shape in a stage) and deep layers (remaining layers)
within a stage for ResNets and a block for ViTs. The gradient analyses for ViTs are introduced in Appendix @



Published as a conference paper at ICLR 2024

Layer Splitting Stage Splitting Hetero Splitting
( Central Server \ /CentralServer ™\ ( Central Server N\
r;f-_" Client Resources Global Model & Client Resources Global Model r.:__“ Client Resources Global Model
c — c g c
] [ S [ E
¢ COG% (]I ¢ COGI% (0ot § COGI% ([0
R Ra' = leeper G Rsl """ - G Rzl = eeper
[ Ry Spli:ting R, l Ry l Spliiting 1 Spli:ting Ry l Rs
/- Stage 1 Stage 2

dsn |

00010000a:
e \-~000000000))| |(SE=m0EET

\ T Deepjv e T J AN T = pe|r = T
Ry iplit R, %plit Ry fplit Aggregate Ry iplit R, fplit Ry fplit Aggregate Ry iplit R, iplit R3 iplit Aggregate
(" Clients Resource Constraints: {(R)}i; A (" Clients Resource Constraints: {(R;)}, A Clients Resource Constraints: {(R;)}{-; A
Ry R, ____ Ry Ry R, Ry i Ry R, ___ Ry
[0 ) QUO0-=) (0O0MON0=)| | 00 =) (UOD-=) (UOOMONI=) ca) (00001 (000000 =
~— j o B % — | | g

(a) Layer splitting. (b) Stage splitting. (c) Hetero splitting.

Figure 5: The system architecture of three different model splitting methods: (a) layer splitting, (b)
stage splitting, and (c) heterogeneous (hetero) splitting. (a): Layer splitting divides the entire model
layer by layer. (b): Stage splitting separates each stage layer by layer. (c): Hetero splitting partitions
the whole model in different widths and depths depending on the available resources R; of client <.

relative to those obtained from deep layers, and also indicate that the layers within the same stage
exhibit similar patterns to the layers throughout the entire model.

Gradient Distributions. To dig out the latent relations between gradients and layer similarity, we
delve deeper into the analysis of gradient distributions across different FL environments. More
specifically, the comparison of Figure 2c|and Figure 2d|reveals that gradients from shallow layers
(Stage3.conv0) exhibit greater similarity in distribution between Non-IID with hetero and I1ID with
homo environments, in contrast to deep layers (Stage3.convl and Stage3.conv2). Additionally, as
depicted in Figure [3c| and Figure [3d] the distributions of gradients from a deep layer (Figure 3d)
progressively approach the distribution of gradients from a shallow layer (Figure[3c) with each round,
in contrast to Figure [3a]and Figure [3b] where the distributions from deep layers (Figure 3b) are less
smooth than those from shallow layers (Figure [3a) in Non-IID with hetero during rounds 40 to 50.
Consequently, drawing from the aforementioned gradient analysis, we can enhance the quality of
gradients from deep layers in Non-IID with hetero environments by leveraging gradients from shallow
layers, i.e., cross-layer gradients as introduced in the subsequent section.

3 INCO AGGREGATION

We provide a concise overview of the three key components in InCo Aggregation at first.

The first component is model splitting, including three |
types of model splitting methods, as shown in Figure [3] p——
The second component involves the combination of gra- 1

dients from a shallow layer and a deep layer, referred
to as internal cross-layer gradients. To address gradient
divergence, the third component employs gradient normal-

Gt
2 Layer 0, G§
Lll Layer 1, Gf + G§

ization and introduces a convex optimization formulation. ) Saeet
We elaborate on these three critical components of InCo Py
Aggregation as follows. —

'
3.1 MODEL SPLITTING Stage i + 1
To facilitate model heterogeneity, we propose three model |

splitting methods: layer splitting, stage splitting, and het-  Figyre 4: Cross-layer gradients for the
ero splitting, as illustrated in Figure 5] These methods gerver model in InCo.

distribute models with varying sizes to clients based on

their available resources, denoted as R;. In layer splitting, the central server initiates a global model
and splits it layer by layer, considering the client resources R;, as depicted in Figure[Sal In contrast,
stage splitting separates each stage layer by layer in Figure[5b] For instance, Figure @%ustrates how
the smallest client with R; resources obtains the first layer from each stage in stage splitting, whereas
it acquires the first three layers from the entire model in layer splitting. Furthermore, hetero splitting,
depicted in Figure[5c| involves the server splitting the global model into distinct widths and depths for
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Figure 6: A depiction of gradient divergence, as shown in Figure[@ along with its solutions. Despite
the normalization portrayed in Figure [6b] the impact of gradient divergence persists. To mitigate
this issue, we propose a convex optimization problem that is restricting gradient directions, as
demonstrated in Figure |6¢c|and supported by Theorem [3.1

different clients, similar to the approaches in HeteroFL (Diao et al.|[2021) and FedRolex (Alam et al.|
2022)). Layer splitting and stage splitting offer flexibility for extending model-homogeneous methods
to system heterogeneity, while hetero splitting enables the handling of client models with varied
widths and depths. Finally, the server aggregates client weights based on their original positions in
the server models.

3.2 INTERNAL CROSS-LAYER GRADIENTS

Deploying model splitting methods directly in FL leads to a significant decrease in client accuracy, as
demonstrated in Table[I] However, based on the findings of the case study, we observe that gradients
from shallow layers contribute to increasing the similarity among layers from different clients, and
CKA similarity exhibits a positive correlation with client accuracy. Therefore, we enhance the
quality of gradients from deep layers by incorporating the utilization of cross-layer gradients. More
specifically, when a server model updates the deep layers, we combine and refine the gradients from
these layers with the gradients from the shallower layers to obtain appropriately updated gradients.
Figure[d] provides a visual representation of how cross-layer gradients are employed. We assume that
this stage has IV layers. The first layer with the same shape in a stage (block) is referred to as Layer
0, and its corresponding gradients at time step ¢ are Gf. For Layer k, where k € {1,2, ..., N} within
the same stage, the cross-layer gradients are given by G% + G¥. Despite a large number of works on
short-cut paths in neural networks, our method differs fundamentally in terms of the goals and the
operations. We provide a thorough discussion in Appendix [B]

3.3 GRADIENTS DIVERGENCE ALLEVIATION

However, the direct utilization of cross-layer gradients leads to an acute issue known as gradient
and weight divergence (Wang et al.| 2020;|Zhao et al.| 2018)), as depicted in Figure@ To counter
this effect, we introduce gradient normalization (Figure and the proposed convex optimization
problem to restrict gradient directions, as illustrated in Figure

Cross-layer Gradients Normalization. Figure[6b|depicts the benefits of utilizing normalized gradients.
The normalized cross-layer gradient gf)/ + gi' directs the model closer to the global optimum than
the original cross-layer gradient g, + g%. In particular, our normalization approach emphasizes the
norm of gradients, i.e., g} = gt /||g5|| and g&" = gL /||gL||. The normalized cross-layer gradient is
computed as (g5 + g") x (||g5|| + ||gL][)/2 in practice.

Convex Optimization. In addition to utilizing normalized gradients, incorporating novel projective
gradients that leverage knowledge from both g and g}, serves to alleviate the detrimental impact of
gradient divergence arising from the utilization of cross-layer gradients. Moreover, Our objective
is to find the optimal projective gradients, denoted as g,,, which strike a balance between being as
close as possible to g, while maintaining alignment with gq. This alignment ensures that g, is not
hindered by the influence of gy while allowing g, to acquire the beneficial knowledge for g;, from
go- In other words, we aim for g, to capture the advantageous information contained within g
without impeding the progress of g;. Pursuing this line of thought, we introduce a constraint aimed
at ensuring the optimization directions of gradients, outlined as (g{, g&.) > 0, where (-, -) is the dot
product. To establish a convex optimization problem incorporating this constraint, we denote the
projected gradient as g, and formulate the following primal convex optimization problem,

min [|gk = gopel3, 5t (gope- 96) > 0, )

Yopt

where we preserve the optimization direction of g} in gf)pt while minimizing the distance between
gbp: and gj.. We prioritize the proximity of g, to gj. over g since gj, represents the true gradients of
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layer k. By solving this problem through Lagrange dual problem (Bot et al., 2009), we derive the
following outcomes,

Theorem 3.1. (Divergence alleviation). If gradients are vectors, for the layers that require cross-layer
gradients, their updated gradients can be expressed as,

{giv ifB>0
gr,—0'qh, ifB <O,

where 0 = § a = (gé)Tgé and 8 = (gé)Tgltc-

Remark 3.2. This theorem can be extended to the matrix form.

@)

t
gopt -

We provide proof for Theorem [3.1]and demonstrate how matrix gradients are incorporated into the
problem in Appendix [C] Our analytic solution in Equation [2| automatically determines the optimal
settings for parameter #*, eliminating the need for cumbersome manual adjustments. In our practical
implementation, we consistently update the server model using the expression g}, — ' gf,, irrespective
of whether 5 > 0 or 3 < 0. This procedure is illustrated in Algorithm[I]in Appendix

Communication Overheads. According to the entire process, the primary process (internal cross-
layer gradients) is conducted on the server. Therefore, our method does not impose any additional
communication overhead between clients and the server.

4 CONVERGENCE ANALYSIS

In this section, we demonstrate the convergence of cross-layer gradients and propose the convergence
rate in non-convex scenarios. To simplify the notations, we adopt L; to be the local objective. At
first, we show the following assumptions frequently used in the convergence analysis for FL (Tan
et al.,[2022; L1 et al., 2020b; |[Karimireddy et al., 2020).

Assumption 4.1. (Lipschitz Smooth). Each objective function L; is L-Lipschitz smooth and satisfies
that ||V Li(x) — VL;i(y)|| < L||lx — y||,¥(z,y) € Ds,i € 1,... K.

Assumption 4.2. (Unbiased Gradient and Bounded Variance). At each client, the stochastic gradient
is an unbiased estimation of the local gradient, with E[g;(z)]) = V L;(x), and its variance is bounded
by o, meaning that E[||g;(x) — VL;(z)||*] < 02,Vi € 1,..., K, where 0% > 0.

Assumption 4.3. (Bounded Expectation of Stochastic Gradients). The expectation of the norm of the
stochastic gradient at each client is bounded by p, meaning that E[||g;(x)||]] < p,Vi € 1, ..., K.

Assumption 4.4. (Bounded Covariance of Stochastic Gradients). The covariance of the stochastic
gradients is bounded by I, meaning that Cov(g;,,,9:1;) < I',Vi € 1,..., K, where Iy, l; are the
layers belonging to a model at client 1.

Following these assumptions, we present proof of non-convex convergence concerning the utilization
of cross-layer gradients in Federated Learning (FL). We outline our principal theorems as follows.

Theorem 4.5. (Per round drift). Supposed Assumption to Assumption 4.4|are satisfied, the loss
function of an arbitrary client at round t + 1 is bounded by,

Lp? = LEnR?
ElLesro] < E[Leol = (1= =) D2 [IVLeel P + =50 + 20(0 + %) + Ln* (26" + 0* +T). ()
e=0

The Theorem [{.3]demonstrates the bound of the local objective function after every communication
round. Non-convex convergence can be guaranteed by the appropriate 7).

Theorem 4.6. (Non-convex convergence). The loss function L is monotonously decreased with the
increasing communication round when,

230 VL] — 4T + p%)
LE M VL2 + Ep? +2(2p2 + 02 + 1)

Moreover, after we prove the non-convex convergence for the cross-layer gradients, the non-convex
convergence rate is described as follows.

n < 4

Theorem 4.7. (Non-convex convergence rate). Supposed Assumption to Assumption [d.4] are
satisfied and k = Ly — L*, for an arbitrary client, given any € > 0, after

2K
T = i@ = In)e = 3Lno® — 22+ LT — 4(1 + Ln)p?) )
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Table 2: Test accuracy of model-homogeneous methods with 100 clients and sample ratio 0.1. We
shade in gray the methods that are combined with our proposed method, InCo Aggregation. We bold
the best results and denote the improvements compared to the original methods in red. See Appendix
[H.5|for the error bars of InCo methods.

Fashion-MNIST SVHN CIFAR10 CINIC10

Base Methods
a=0.5 a=1.0 a=0.5 a=1.0 a=0.5 a=1.0 a=0.5 a=1.0
HeteroAvg 87.8+1.1 86.01+1.0 85.1£2.0 86.9+2.3 64.8+2.9 66.7£3.3 48.612.6 56.5£1.6
@ HeteroProx 86.8+1.5 83.9+1.8 87.8+2.1 89.94+1.7 72.54+2.1 73.1+£1.9 56.442.0 60.9+1.8
g HeteroScaffold 85.240.8 86.440.7 80.64+2.3 86.34+2.7 65.54+3.0 69.74+2.8 50.84+2.9 57.8+3.4
g. HeteroNova 84.9+4+1.3 86.7+1.1 844414 88.04+1.7 60.14+3.7 68.0+3.5 46.14£2.3 52,1422
Y HeteroMOON 87.940.4 88.31+0.3 83.0+2.3 86.5+1.6 65.1+2.9 68.4£2.6 50.14£2.3 547+ 1.8
% InCoAvg 90.2(12.4) 88.4(12.4) 87.6(12.5) 89.0(12.1) 67.8(13.0) 70.7(14.0) 53.0(14.4) 57.5(11.0)
:az")' InCoProx 88.8(12.0) 86.4(12.5) 89.0(11.2) 90.8(10.9) 74.5(12.0) 76.8(13.7) 59.1(12.7) 62.5(11.6)
B InCoScaffold 88.3(13.1) 90.1(13.7) 85.4(74.8) 87.8(11.5) 67.3(11.8) 73.8(14.1) 53.5(12.7) 61.7(13.9)
= InCoNova 86.6(11.7) 87.4(10.7) 86.4(12.0) 88.4(10.4) 62.8(12.7) 69.7(12.7) 48.0(11.9) 54.1(12.0)
InCoMOON 89.1(11.2) 89.5(11.2) 85.6(12.6) 89.3(12.8) 68.2(13.1) 71.8(13.4) 54.3(14.2) 57.6(12.9)
HeteroAvg 92.240.6 92.0£0.6 929+1.0 93.84+0.9 93.6+1.0 94.1£0.9 84.241.6 853413
HeteroProx 90.940.8 91.740.6 91.2+1.3 924+1.8 92.0£1.5 92.6+1.3 84.01+1.8 84.842.0
g HeteroScatfold 91.940.6 92.14+0.4 92.540.9 93.740.6 93.84+0.8 94.3+0.4 83.84+1.9 85.311.6
% HeteroNova 92.1+£0.9 924404 92.3+1.0 94.1£1.2 93.640.5 94.5+0.6 85.3+1.7 86.7+1.5
2 HeteroMOON 92.0+0.4 92.34+0.3 92.7+1.1 94.0+0.9 93.540.8 94.610.5 84.7+1.4 85.6+1.4
% InCoAvg 93.0(10.8) 93.1(T1.1) 94.2(11.3) 95.0(11.2) 94.6(11.0) 95.0(10.9) 85.9(11.7) 86.8(11.5)
:/ InCoProx 92.6(11.7) 92.5(10.8) 93.9(12.7) 94.4(12.0) 94.0(12.0) 94.8(12.2) 85.1 (11.1) 86.0(11.2)
B InCoScaffold 92.9(11.0) 93.0(10.9) 94.0(11.5) 94.8(11.1) 94.6(10.8) 95.0(10.7) 85.7(11.9) 86.5(11.2)

InCoNova 93.1(11.0)  93.6(11.2)  947(124)  95.6(115) 948(112)  957(112)  86.2(109)  88.2(112)
InCoMOON 92.8(10.8)  93.0(10.7)  947(12.0)  95.1(T1.1)  942(10.7)  951(105)  86.0(113)  86.8(11.2)

communication rounds, we have

T—-1E-1
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Following these theorems, the convergence of internal cross-layer gradients is guaranteed. The proof
is presented in Appendix [D]

5 EXPERIMENTS

In this section, we conduct comprehensive experiments aimed at demonstrating three fundamental

aspects: (1) the efficacy of InCo Aggregation and its extensions for various FL methods (Section[5.2),

(2) the robustness analysis and ablation study of InCo Aggregation (Section[5.3), (3) in-depth analyses

of the underlying principles behind InCo Aggregation (Section[5.4). Our codes are released on GitHub
More experimental details and results can be found in Appendix

5.1 EXPERIMENT SETUP
Dataset and Data Distribution. We conduct experiments on Fashion-MNIST (Xiao et al., [2017),
SVHN (Netzer et al.,[2011)), CIFAR-10 (Krizhevsky et al., 2009) and CINIC-10 (Darlow et al.| [2018))
under non-iid settings. We evaluate the algorithms under two Dirichlet distributions with o = 0.5
and o = 1.0 for all datasets.

Baselines. To demonstrate the effectiveness of InCo Aggregation, we use five baselines in model-
homogeneous FL: FedAvg (McMahan et al.,[2017), FedProx (Li et al., 2020b), FedNova (Wang et al.,
2020), Scaffold (Karimireddy et al.|[2020), and MOON (Li et al.,[2021a)) for ResNets and ViTs. In the
context of model heterogeneity, we extend the training procedures of these baselines by incorporating
model splitting methods, denoting the modified versions with the prefix "Hetero”. Furthermore, by
incorporating these methods with InCo Aggregation, we prefix the names with "InCo”. Moreover, we
also extend our methods to four state-of-the-art methods in model-heterogeneous FL: HeteroFL(Diao
et al., 2021), InclusiveFL(Liu et al.| 2022)), FedRolex(Alam et al., 2022) and ScaleFL(Ilhan et al.|
2023) for ResNets. We take the average accuracy of three different random seeds.

Federated Settings. In heterogeneous FL, we consider two architectures, ResNets and ViTs. The
largest models are ResNet26 and ViT-S/12 (ViT-S with 12 layers). We deploy stage splitting for
ResNets and obtain five sub-models, which can be recognized as ResNet10, ResNet14, ResNet18,
ResNet22, and ResNet26. For the pre-trained ViT models, we employ layer splitting and result in five
sub-models, which are ViT-S/8, ViT-S/9, ViT-S/10, ViT-S/11, and ViT-S/12. Moreover, we consider
five different model capacities 8 = {1,1/2,1/4,1/8,1/16} in hetero splitting, where for instance, 1/2

*https://github.com/Chan YunHin/InCo-Aggregation
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Table 3: Test accuracy of model-heterogeneity methods with 100 clients and sample ratio 0.1. We
shade in gray the methods that are combined with our proposed method, InCo Aggregation. We
denote the improvements compared to the original methods in red. See Appendix [H:3|for the error
bars of InCo methods.

Base Splitting Methods Fashion-MNIST SVHN CIFAR10 Comm. FLOPs
a=0.5 a=1.0 a=0.5 a=1.0 a=0.5 a=1.0 overheads
Hetero HeteroFL 88.9+1.0 89.740.7 90.5+1.6 922413 652432 68.4£3.6 4.6M 33.4M
+InCo 90.0(T1.1) 90.4(10.7) 92.1(11.6) 93.5(11.3) 68.2(13.0) 71.2(12.8) 4.6M 33.8M
Stage InclusiveFL 89.14+1.1 89.8+1.0 88.64+2.0 90.0+2.2 65.74+3.5 68.443.3 12.3M 75.2M
= € +InCo 90.1(11.0) 90.5(10.7) 90.6(12.0) 90.9(70.9) 69.1(13.4) 72.3(13.9) 12.3M 75.6M
2 Hetero FedRolex 88.241.0 90.240.8 90.9+1.3 91.6+1.7 64.7+4.1 72.343.0 4.6M 33.4M
7
~ +InCo 90.4(12.2) 91.3(T1.1) 92.8(11.9) 93.4(71.8) 67.9(13.2) 75.6(13.3) 4.6M 33.8M
Hetero ScaleFL 90.940.5 91.0+0.4 92.6+1.0 92.940.9 71.1£2.9 74.7+£3.1 9.5M 51.9M
+InCo 91.5(10.6) 91.7(10.7) 93.4(70.8) 93.6(10.7) 73.8(12.7) 76.1(12.4) 9.5M 52.3M
N/A AllSmall 83.5+1.7 84.0+1.7 721435 81.04+2.9 39.242.0 449423 0.07M 3.7M
N/A AllLarge 91.840.5 92.540.8 93.440.8 93.840.5 79.6+£2.9 82.5+1.0 17.5M 112.4M
72.5 InCoAvg 56 InCoAvg 68 InCoAvg 52.5 InCoAvg
70.0 HeteroAvg w HeteroAvg 66 HeteroAvg s0.0 HeteroAvg
5t57.5 352 354 2475
8 65.0 50 562 s
3625 3as 560 545.0
<60.0 545 553 1425
57.5 aa 56 40.0
55.0 a2 54 37.5
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Figure 7: Robustness analysis for InCo Aggregation.
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Figure 8: Ablation studies for InCo Aggregation. The federated settings are the same as Table

indicates the widths and depths are half of the largest model ResNet26. Our experimental setup
involves 100 clients, categorized into five distinct groups, with a sample ratio of 0.1. The detailed
model sizes are shown in Appendix

5.2 INCO AGGREGATION IMPROVES ALL BASELINES.

Table[2)and Table[3|present the test accuracy of 100 clients with a sample ratio of 0.1. Table[2]provides
compelling evidence for the efficacy of InCo Aggregation in enhancing the performance of all model-
homogeneous baselines. Table [3]demonstrates the improvements of deploying InCo Aggregation in
the model-heterogeneous methods. Moreover, Table 3 highlights that InCo Aggregation introduces
no additional communication overhead and only incurs 0.4M FLOPs, which are conducted on the
server side, indicating that InCo Aggregation does not impose any burden on client communication
and computation resources.

5.3 ROBUSTNESS ANALYSIS AND ABLATION STUDY.

We delve into the robustness analysis of InCo Aggregation, examining two aspects: the impact
of varying batch sizes and noise perturbations on gradients during transmission. Additionally, we
perform an ablation study for InCo Aggregation. We provide more experiments in Appendix

Effect of Batch Size and Noise Perturbation. Notably, when compared to FedAvg as depicted in
Figure[7a)and Figure[7b] our method exhibits significant improvements while maintaining comparable
performance across all settings. Furthermore, as illustrated in Figure[7c|and Figure[7d| we explore the
impact of noise perturbations by simulating noise with standard deviations following the gradients.

Ablation Study. Our ablation study includes the following methods: (i) InCoAvg w/o Normalization
(HeteroAvg with cross-layer gradients and optimization), (ii) InCoAvg w/o Optimization (HeteroAvg
with normalized cross-layer gradients), (iii) InCoAvg w/o Normalization and Optimization (Het-
eroAvg with cross-layer gradients), and (iv) HeteroAvg (FedAvg with stage splitting). The ablation
study of InCo Aggregation is depicted in Figure [8] demonstrating the efficiency of InCo Aggregation.
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Figure 9: Important coefficients of Theorem and t-SNE visualization of features. (a): 0 in all
layers. (b): 8 in Layer 11. (c): 8 in Layer 13. (d) to (f): t-SNE visualization of features learned by
different methods on CIFAR-10. We select data from one class and three clients (client 0: ResNet10,
client 1: ResNet14, client 2: ResNet26) to simplify the notations in t-SNE figures.
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Figure 10: CKA layer similarity, Heatmaps, and accuracy of different clients. (a): The layer similarity
of different methods. (b) to (d): Heatmaps for different methods in stage 2 and stage 3. (e): Accuracy
of each client group. (0: ResNet10, 20: ResNet14, 40: ResNet18, 60: ResNet22, 80: ResNet26)

5.4 THE REASONS FOR THE IMPROVEMENTS

We undertake a comprehensive analysis to gain deeper insights into the mechanisms underlying the
efficacy of InCo Aggregation. Our analysis focuses on the following three key aspects: (1) The
investigation of important coefficients # and 3 in Theorem[3.1} (2) An examination of the feature
spaces generated by different methods. (3) The evaluation of CKA similarity across various layers.
Moreover, we discuss the differences between adding noises and InCo gradients in Appendix

Analysis for 0 and 5. In our experiments, we set ¢ = 1 for  Table 4: The Percentage of 3 > 0
InCoAvg w/o Optimization, the blue dash line in Figure 9a]
However, under Theorem 3.1} we observe that the value of

Percentage of 3 > 0

0 varies for different layers, indicating the effectiveness of Methods Layer 11 Layer 13
the theorem in automatically determining the appropriate 6 InCorve . saa
values. 5 > 0 denotes the same direction between shallow InCoAve w/o O g 02

layer gradients and the current layer gradients. Furthermore,
Table ] provides empirical evidence supporting the efficacy of Theorem [3:1]in heterogeneous FL.

1-SNE Visualizations. Figure 0d|and Figure [O¢] provide visual evidence of bias stemming from model
heterogeneity in the FedAvg and HeteroAvg. In contrast, Figure [0f] demonstrates that InCoAvg
effectively addresses bias. These findings highlight the superior generalization capability of InCoAvg
compared to HeteroAvg and FedAvg, indicating that InCoAvg mitigates bias issues in client models.

Analysis for CKA Layer Similarity. Figure[I0a]reveals that InCoAvg exhibits a significantly higher
CKA layer similarity compared to FedAvg. Consistent with the t-SNE visualization, FedAvg’s
heatmaps exhibit block-wise patterns in Figure[I0d|due to its inability to extract features from diverse
model architectures. Notably, the smallest models in InCoAvg (top left corner) exhibit lower similarity
(more black) with other clients compared to HeteroAvg in stage 3. This discrepancy arises because
the accuracy of the smallest models in InCoAvg is similar to that of HeteroAvg, but the performance
of larger models in InCoAvg surpasses that of HeteroAvg, as indicated in Figure Consequently,
a larger similarity gap emerges between the smallest models and the other models. Addressing the
performance of the smallest models in InCo Aggregation represents our future research direction.

6 CONCLUSIONS

We propose a novel FL training scheme called InCo Aggregation, which aims to enhance the
capabilities of model-homogeneous FL methods in heterogeneous FL settings. Our approach leverages
normalized cross-layer gradients to promote similarity among deep layers across different clients.
Additionally, we introduce a convex optimization formulation to address the challenge of gradient
divergence. Through extensive experimental evaluations, we demonstrate the effectiveness of InCo
Aggregation in improving heterogeneous FL performance.
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A CENTERED KERNEL ALIGNMENT

Centered Kernel Alignment (CKA) originally serves as a similarity measure for different kernel
functions (Cortes et al., [2012). Later, its purpose has been extended to discovering meaningful
similarities between internal representations of neural networks (Kornblith et al.,|2019). Compared
with alternative methods to monitor representation learning, such as Canonical Correlation Analysis-
based methods (Raghu et al.,[2017; Morcos et al.,|2018)) and neuron alignment methods (L1 et al.,
2015} [Wang et al.l 2018), CKA achieves the state-of-the-art performance in measuring the difference
between representations of neural network. This is based on the fact that CKA reliably identifies
correspondences between representations from architecturally corresponding layers in two networks
trained with different initializations ]

Denote X € R"*P and Y € R™*Y as two representations of n data points with possibly different
dimensions (i.e., p # ¢). These two representations fall into the following three categories: (1)
internal outputs at two different layers of an individual network, (2) internal layer outputs of two
architecturally identical networks trained from different initialization or by different datasets, or
(3) internal layer outputs of two networks with different architectures possibly trained by different
datasets. The application of CKA in our paper belongs to the third category, where we examine the
CKA similarities of a corresponding layer output between every pair of local client models in the
context of federated learning.

Let k5 (-,-) and ky (-, -) be the kernel functions for X and Y respectively. Then the resulted kernel

matrices of k,, and k, with respectto x1,...,x, and y1,...,y, are K, and K, whose (i, j)-entries
are K;(1,7) = kz(x;,%;) and K, (7, 5) = ky(y:,y;). Then CKA is defined as
tr(K,HK,H
CKA(K,, K,) : u o) @)

- V(K HEK, H)yw(K,HK H)’
where H = I,, — %11T is the centering matrix.

As for the kernels in CKA, we select linear kernel (ie., K, = XX, K, = YYD E] over Radial
Basis Function (RBF) kernelE]from common kernels for the following reasons. First, experiments
in |Kornblith et al.| (2019) manifest that linear and RBF kernels work equally well in similarity
measurement of feature representations. Furthermore, it is recently validated that CKA based on an
RBF kernel converges to linear CKA in the large-bandwidth limit (Alvarezl |2023). Hence, in our
investigation we stick with linear CKA for computational efficiency, where the resulting linear CKA

1S
CKAlinear(X7 Y) - CKA(XXT, YYT)

B tw(XXTHYY"H)

- Vu(XXTHXXTH)u(YYTHYYTH)
B w(YTHXXTHY)

- Vu(XTHXXTHX)u(YTHYYTHY)
_ Y THX||?
CXTHX[[YTHY ||¢

®)

In our design, we measure the averaged CKA similarities according to the outputs from the same
batch of test data. The range of CKA is between 0 and 1, and a higher CKA score means more similar
paired features.

B COMPARISONS WITH RESIDUAL CONNECTIONS

Remarks on self-mixture approaches in neural networks. The goal of residual connections is to
avoid exploding and vanishing gradients to facilitate the training of a single model (He et al.| 2016),
while cross-layer gradients aim to increase the layer similarities across a group of models that are
jointly optimized in federated learning. Specifically, residual connections modify forward passes by

*We refer the readers to Section 6.1. inKornblith et al.| (2019) for a complete sanity check of representational
similarity measures.

SLinear kernel k(x;, X;) = X, X;

SRadial Basis Function (RBF) kernel k(x;, x;) = exp(—7/||x; — x;||3) with y > 0
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adding the shallow-layer outputs to those of the deep layers. In contrast, cross-layer gradients operate
on the gradients calculated by back-propagation. We present the distinct gradient outcomes of the
two methods in the following.

lxi—z lxi—z
VVi—l VVi—l

9w;_, lxi—1 lxi—1
Wi Wi
Wit Xi Wis1

Xit1
Xit1 ,

Xit1

(a) Cross-layer gradients (b) Residual connections

Figure 11: Comparison of cross-layer gradients and residual connections
Consider three consecutive layers of a feedforward neural network indexed by ¢ — 1, 4,7 + 1. With

a slight abuse of symbols, we use f(-; W}) to denote the calculation in the k-th layer. Given the
input x;_o to layer ¢ — 1, the output from the previous layer becomes the input to the next layer, thus
generating X;_1, Xj, Xj+1 sequentially.

Xi—1 = f(Xi—2; Wi1)

x; = f(xio1; Wi) &)

Xit1 = f(xi; Wiy1)
In the case of residual connections, there is an additional operation that directs x; to x;41, formulated
as x;+1 = Xjt+1 + Xj. The gradient of W is

Oloss
gw, = oW,
_ Oloss  0xi,; 0%
8X{+1 aXi 8Wi (]O)
_ Oloss . (8xi+1 —HI> ' 0x;
8(xi+1 + Xi) 0x; ow;
B Oloss OXjit1 0x;
T O(xi1 +x1) ( oW, awi)
In the case of cross-layer gradients, the gradient of W is
Oloss Oloss
W = oW, N oW1
_ Oloss Oxiy1  OXjt1 an
= oxen ( ow, T 8Wi_1>

‘We note that both residual connections and cross-layer gradients are subject to certain constraints.
Residual connections require identical shapes for the layer outputs, while cross-layer gradients operate
on the layer weights with the same shape.

C PROOF OF THEOREM

This section demonstrates the details of the proof of Theorem [3.1, We will present the proof of
Theorem [3.1lin the vector form and the matrix form.
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C.1 VECTOR FORM
We state the convex optimization problem Theorem|[T]in the vector form in the following,

min  |[gx — gopt|l3,
Gopt (12)
s.t. <gopt790> > 0.

Because the superscript ¢ would not influence the proof of the theorem, we simplify the notation g* to
g. We use Equation [T2]instead of Equation[I]to complete this proof. The Lagrangian of Equation [12]
is shown as,

L(goptv )‘) :(gk - gopt)T(gk - gopt) - )\gg;tgo
=91 9k — Gept 9k — Gk Gopt + GaptJopt — AJapt o (13)
=91 9k — 292019k + GoptTopt — MJapio-

Let aL(gOpt7)‘)

Doy = 0, we have

Yopt = G + Ago/2, (14)
which is the optimum point for the primal problem Equation[T2] To get the Lagrange dual function

L(X\) = infy, , L(gopt, A), we substitute gops by gr + Ago/2 in L(gopt, A). We have
Ago Ado Ago Ag
L) =gi gk = 2(gn + =) Ton + (o + =) (g + 57) = Mo + 5 90
Ago gk Agigo , A*gg 90 2296 90
=0 9k = 2009k = Ao 9k + Gk g + o + o + T = Mgl — —
Ngi g0 Ngd 90
=05 9k = 201 9k + 9k 9k — NG 9k + Ado 9k + = — =5 — Mg g0
T
909
== 7N — gilgoX.
15)
Thus, the Lagrange dual problem is described as follows,
9090 \2 T
max L(Y) = 2007 T g0 ”
st. A > 0.
L()) is a quadratic function. Because gZ'go > 0, the maximum of L()) is at the point A\ = 72717

where a = gl'gp and b = g,{ go if we do not consider the constraint. It is clear that this convex
optimization problem holds strong duality because it satisfies Slater’s constraint qualification(Boyd
et al., 2004), which indicates that the optimum point of the dual problem Equation [16]is also the
optimum point for the primal problem Equation We substitute A by —22 in Equati and we

have ¢
9k ifb >0,
= 17
Gopt {gk—ﬁtgo, if b <0, an

where 6 = 3, a=(go)Tgoand b = ng go- We add the superscript ¢ to all gradients, and we finish
the proof of Theorem [3.1]

C.2 MATRIX FORM
The proof of the matrix form is similar to Appendix [C.1} We update Equation [I2]to the matrix form
as follows,
min |Gy, — Goptl[7,
Gopt (18)
s.t. <Gopt7 G0> 2 0.

Similar to Equation[I3] the Lagragian of Equation[T§]is,

L(Gopt, N) = tr(G{Gy) — tr(GL,Gr) — tr(Gi Gopy) + tr(GLGopt) — Atr(GL,,Go), (19)

opt opt
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where tr(A) means the trace of the matrix A. We can obtain the optimum point for Equation
aL(Gopt A
according to — =2~ = (. We have

Gopt = G + \Go /2. (20)

Similar to the analysis in Appendix [C.I] and Equation [T5] we get the Lagrange dual problem as
follows,

_ tr(GgGo) o T

max L)) = —f)\ —tr(G}, Go) A, @0
st.A>0,
where tr(GZ Gg) > 0. Following the same analysis in Appendix C.1} we have

G ifb>0
= ’ - 22
Gopt {Gk —0'Gy, ifb<O0, @2)
where 0" = 2, a = tr(G{ Go) and b = tr(GL Gp). At last, we have finished the proof of the matrix

form of Theoremm
D PROOF OF CONVERGENCE ANALYSIS

We show the details of convergence analysis for cross-layer gradients. the are the weights from the
layers which need cross-layer gradients at round ¢ of the local step e. To simplify the notations, we
use W, . instead of th’e

Lemma D.1. (Per Round Progress.) Suppose our functions satisfy Assumption and Assump-
tion The expectation of a loss function of any arbitrary clients at communication round t after E/
local steps are bounded as,

LEn?
E[Le 5 1] < E[Lto] — |th2 o

(23)

Proof.

Considering an arbitrary client, we omit the client index ¢ in this lemma. Let Wy o1 = Wi — Ng¢.e,
we have

L
Liey1 <Lie+ (VL e, Wiey1 — Wie) + §||Wt,e+1 - VVt,eH2
24)

L
< Lie —n(Viie, gte) + §||779t,e”2a
where Equation 24| follows Assumption[d.1} We take expectation on both sides of Equation 24} then

L
E[Lt er1] S E[Lie] —nNE(V Lte, gt.e)] + §]E[||779t,e||2]

L772

= E[L;] - + L Elllge.l

(@ 2, I’ 2 25

= E[Lt,e] = nl|VLi|| +7(E[I\gt,e|\] + Var(||ge.ell)) (25)
L772 2

—E[L.] - + (VL + Var(llgeel )

(b) L Ln?

< E[Ly.] — m—£WWM$”~i¥

2

where (a) follows Var(X) = E[X?] — E?[X], and (b) is Assumptlon Telescoping local step 0
to £ — 1, we have

2 E—1 LE77
E[Lt g 1] <E[Lto] — 7,—— ZHVLteHQ o2, (26)

then we finish the proof of Lemma|[D.1]
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Lemma D.2. (Bound Client Dirft.) Suppose our functions satisfy Assumption Assumption
and Assumption After each aggregation, the updates, AW, for the layers need cross-layer
gradients have bounded drift:

E[||AW|[*] < 27°(2p% + 0® 4+ T). 27)
Proof.

We have Wy 110 — Wig—1 = AW = n(gi, + g1,), Vl; need cross-layer gradients. Because all
gradients are in the same aggregation round, we omit the time subscript in this proof process. Since 7
is a constant, we also simplify it. g;, and g;, the gradients from the same client, indicating that they
are dependent, then
2 2
AW = g1, + gu.]

(e) ) , (28)
< lgwll” + 21Kgies g )| + 190117,
where (c) is Cauchy—Schwarz inequality. We take the expectation on both sides, then
E[[[AW|*) < Ell|gu|*] + 2E[][{gt0- 91 1] + Elllz:||°]

(a)

= Elllgi, I1* + Var(llg 1) + Elllg I1? + Var(llge.|1) + 2E[{g1,, g.) ]

@ 2(p* + o) + 2E[|| ]

g b [
>~ P o> 91 (29)

< 252 + 0) + 2(Covlguy. 1) + Elllgro [E] . I

)
< 2(p* 4+ 0?) +2(T + p?)

=4p% + 20° 4 2T,
where (d) follows assumption Assumption[4.2and Assumption[.3] (e) follows the covariance formula,
and (f) follows assumption Assumption We put back 72 to the final step of Equation At last,
we complete the proof of Lemma[D.2]
D.1 PROOF OF THEOREM |4.5{AND THEOREM 4.6,
We state Theorem [4.5]again in the following,

(Per round drift) Supposed Assumption to Assumption are satisfied, the loss function of an
arbitrary client at round t + 1 is bounded by,

L o E-1
E[Le+1,0] < ElLio) = (1= 55) Y [[VLeelP+
=0 (30)
LEn?
52y 20(T + p?) + Ln*(2p* + 0 +T).
Proof.
Following the Assumption4.I] we have
L
Livio<Lip-1+(VLip—1,Wit10— Wep_1) + §\|Wt+1,o - Wy g1
(€29
L
=Lip1+1(VLtg-1,91, +g1,) + 5772HAW||2.
Taking the expectation on both sides, we obtain
L
E[Lty1,0] = E[Ltg1] + 1E(V L 51, 91 + 90,)] + 50 °E[||[AW]]?]. (32)

2
The first item is Lemma [D.1} and the third item is Lemma[D.2] We consider the second item
E{VL¢Eg_1,91, + g1,)] in the following, then,
E[(VLig-1,91 + 91)] = E[VLt 5-191,] + E[V Lt 5191,

D Cov(VLip-1,01) +ElIVLe 51 |JElllgs ]+

Cov(VLg-1,91,) + E[[[VLe g1 |[JE]l|gs,

(f)
< 2(T + p?).

(33)
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Combining two lemmas and Equation [33] we have

0 E-1 0
E[Liy1,0] < E[Ly o] — 77—7 E:HVLteH2 02+ 2T+ p?) + Ln*(2p” + 0% + 1),

(34)
then we finish the proof of Theorem[4.5]

For Theorem[4.6] we consider the sum of the second term to the last term in Equation [34]to be smaller
than O, i.e.,

n? Bl
Z IVLe|? + —=—0% + 20T + p°) + Ln*(2p*> + 0> +T) <0, (35)

then, we have

2 VIL;.|? a2
)< SELIVLP — AT+ ) .
L(Zezo ||VLt,eH2+Ep +2(2p2+02+r)

We finish the proof of Theorem [4.6]

D.2 PROOF OF THEOREM

Telescoping the communication rounds from ¢ = 0 to ¢ = 7" — 1 with the local step from e = 0 to
e = E — 1 on the expectation on both sides of Equation[34] we have

T-1E-1 —
Zl S 9L | < T8 im0 (Blluo] = ElLussol) & Lo + 49T+ ) 4 2P (2% +0° 4 T)

72
t=0 e=0 277 L77
(37)
Given any € > 0, let
T2E t O (E[Lt 0] E[LH'LOD + LWQO-Q + 477(F + /72) + 2L772(2p2 + o? + F) <e (38)
2n — Ln? -
and we denote k = Lo — L*, then Equationbecomes
75+ LPa® + 4+ %) + 2P 207 + 02 4+ T) (39)
21 — Ln? -
because Zth_Ol (E[Li 0] — E[Li41,0]) < k. We consider T in Equation ie.,
2
T > — .~ (40)
En((2 — Ln)e — 3Lno? — 2(2+ Ln)T' — 4(1 + Ln)p?)
then, we have
T-1E—
1
TE 2 Z IVLeel* < e (41)
t=0 e=0
when ,
2¢ — 4(T

Le+ Ep?2 +2(2p2 +02+1)
We complete the proof of Theorem

E MORE RELATED WORKS

E.1 FEDERATED LEARNING.

In 2017, Google proposed a novel machine learning technique, i.e., Federated Learning (FL), to
organize collaborative computing among edge devices or servers (McMahan et al.}2017). It enables
multiple clients to collaboratively train models while keeping training data locally, facilitating privacy
protection. Various synchronous or asynchronous FL schemes have been proposed and achieved good
performance in different scenarios. For example, FedAvg (McMahan et al.,2017) takes a weighted
average of the models trained by local clients and updates the local models iteratively. FedProx (Li
et al.| [2020b) generalized and re-parametrized FedAvg, guaranteeing the convergence when learning
over non-iid data. FedAsyn (Xie et al.| 2020) employed coordinators and schedulers to achieve an
asynchronous training process.
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E.2 HETEROGENEOUS MODELS.

The clients in homogeneous federated learning frameworks have identical neural network architec-
tures, while the edge devices or servers in real-world settings show great diversity. They usually
have different memory and computation capabilities, making it difficult to deploy the same machine-
learning model in all the clients. Therefore, researchers have proposed various methods supporting
heterogeneous models in the FL environment.

Knowledge Distillation. Knowledge distillation (KD) (Hinton et al.||2015)) was proposed by Hinton
et al., aiming to train a student model with the knowledge distilled from a teacher model, which
becomes an important research area in Machine Learning (Gou et al., 2021; [Zhao et al., [2023)).
Inspired by the knowledge distillation, several studies(Li & Wang| 2019; |L1 et al., |2021b; [He et al.,
2020) are proposed to address the system heterogeneity problem. In FedMD(Li & Wang, 2019),
the clients distill and transmit logits from a large public dataset, which helps them learn from both
logits and private local datasets. In RHFL (Fang & Yel 2022), the knowledge is distilled from
the unlabeled dataset and the weights of clients are computed by the symmetric cross-entropy loss
function. Unlike the aforementioned methods, data-free KD is a new approach to completing the
knowledge distillation process without the training data. The basic idea is to optimize noise inputs to
minimize the distance to prior knowledge(Nayak et al.,|2019). Chen et al.(Chen et al.,[2019) train
Generative Adversarial Networks (GANs)(Goodfellow et al.,2014) to generate training data for the
entire KD process utilizing the knowledge distilled from the teacher model. In FedHe(Chan & Ngail
2021)), a server directly averages the logits transmitted from clients. FedGen(Zhu et al., 2021)) adopts
a generator to simulate the prior knowledge from all the clients, which is used along with the private
data from clients in local training. In FedGKT(He et al.,2020), a neural network is separated into two
segments, one held by clients, the other preserved in a server, in which the features and logits from
clients are sent to the server to train the large model. In Felo (Chan & Ngai, 2022), the representations
from the intermediate layers are the knowledge instead of directly using the logits.

Public or Generated Data. In FedML (Shen et al.,[2020), latent information from homogeneous
models is applied to train heterogeneous models. FedAUX (Sattler et al.,2021) initialized heteroge-
neous models by unsupervised pre-training and unlabeled auxiliary data. FCCL (Huang et al.| [2022)
calculate a cross-correlation matrix according to the global unlabeled dataset to exchange knowledge.
However, these methods require a public dataset. The server might not be able to collect sufficient
data due to data availability and privacy concerns.

Model Compression. Although HeteroFL (Diao et al., [2021) derives local models with different
sizes from one large model, the architectures of local and global models still have to share the same
model architecture, and it is inflexible that all models have to be retrained when the best participant
joins or leaves the FL training process. Federated Dropout (Caldas et al.,[2018]) randomly selects sub-
models from the global models following the dropout way. SlimFL (Baek et al.,2022) incorporated
width-adjustable slimmable neural network (SNN) architectures(Yu & Huang), [2019) into FL. which
can tune the widths of local neural networks. FjORD (Horvath et al.| 2021) tailored model widths to
clients’ capabilities by leveraging Ordered Dropout and a self-distillation methodology. FedRoLex
(Alam et al., [2022) proposes a rolling sub-model extraction scheme to adapt to the heterogeneous
model environment. However, similar to HeteroFL, they only vary the number of parameters for each
layer.

F PROBLEM FORMULATION

In this section, we introduce federated learning with model heterogeneity. Federated learning aims to
foster collaboration with clients to jointly train a shared global model while preserving the privacy
of their local data. However, in the context of model heterogeneity, it becomes challenging to
maintain the same architectures across all clients. Specifically, we consider a set of physical resources
denoted as {R;}*_,, where R; represents the available resources of client ¢. For each local client
model {M;}"_;, the resource requirement R(};) must be smaller than or equal to the available
resources of client ¢, i.e. {R(M;) < R;}?_,. To satisfy this constraint, the client models have
varying sizes and architectures. Let w; denote the weights of the client model M;, and f(x,w;)
represent the forward function of model M; with input . Moreover, each client has a local dataset
D; = {(xkiyki)|k € {1,2,...,|D;|}}, where | D;| signifies the size of a dataset D;. The loss
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function [; of client 7 is shown as follows,
|D; |

1
li(w;) = D1l ;ZCSE(f(xk§wi)7yk)a (43)

min
w

where lcs g is a cross-entropy function. Moreover, if we denote K = Y. | |D;| as the total size of
all local datasets, the global optimization problem is,

L(U}l7

min
W1, W25+, Wn

(44)

where the optimized model weights {w1, wa, ..., w, } are the parameters from M;;" ;. In our case,
{w1, wa, ..., wy } are split from the server model weight w from the server model M;. The goal of
our paper is to propose a method that can effectively optimize Equation

G CONFIGURATIONS AND MORE RESULTS OF THE CASE STUDY

G.1 CONFIGURATIONS

In the case study, we have five ResNet models which are stage splitting from ResNet26, resulting in
ResNet10, ResNet14, ResNet18, ResNet22, and ResNet26. Five ViTs models are ViT-S/8, ViT-S/9,
ViT-S/10, ViT-S/11, ViT-S/12, the results from the layer splitting of ViT-S/12. The model prototypes
are the same as the experiment settings. To quantify a model’s degree of bias towards its local
dataset, we use CKA similarities among the clients based on the outputs from the same stages in
ResNet (ResNets of different sizes always contain four stages) and the outputs from the same layers
in Vision Transformers (ViTs) (Dosovitskiy et al.,2020). Specifically, we measure the averaged CKA
similarities according to the outputs from the same batch of test data. The range of CKA is between 0
and 1, and a higher CKA score means more similar paired features. We train FedAvg under three
settings: IID with the homogeneous setting, Non-IID with the homogeneous setting, and Non-IID
with the heterogeneous setting. FedAvg only aggregates gradients from the models sharing the same
architectures under the heterogeneous model setting (Lin et al., 2020). For ResNets, we conduct
training 100 communication rounds, while only 20 rounds for ViTs. The local training epochs for
clients are five for all settings. We use Adam(Kingma & Bal, 2015} optimizer with default parameter
settings for all client models, and the batch size is 64. We use two small federated scales. One is
ten clients deployed the same model architecture (ResNet18 for ResNets and ViT-S/12 for ViTs),
which is called a homogeneous setting. The other is ten clients with five different model architectures,
which is a heterogeneous setting. This setting means that we have five groups whose architectures are
heterogeneous, but the clients belonging to the same group have the same architectures.
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Figure 12: Cross-environment similarity and more results between accuracy and CKA similarity.
(a) and (b): Cross-environment similarity from Block 7 and Block 11 from ViTs. (c) and (d): The
positive relation between stagel and stage?2.

G.2 RELATIONS BETWEEN CKA AND ACCURACY.

In this subsection, we continue to describe more results about the relations between CKA similarity
and accuracy. Similar to Figure[I¢|from stage0, Figure[T2c|and Figure [I2d|show the positive relations
between CKA and accuracy from stagel and stage?2.

G.3 GRADIENT ANALYSIS FOR VITS

Similar to the gradient analyses conducted for ResNets, we have performed the analysis of gradient
distributions for ViTs. In our investigation, we have analyzed the outputs from the norm1 and norm2
layers within the ViT blocks and have also applied InCo Aggregation to these layers. The selection
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(a) Block7 norml1 in IID (b) Block7 norm2 in IID (c) Blockl1 norml in IID (d) Block11 norm?2 in IID
with homo. with homo. with homo. with homo.

(a) Block7 norm1 in Non- (b) Block7 norm2 in Non- (c) Block11 norm1 in Non- (d) Block11 norm2 in Non-
[ID with hetero. [ID with hetero. [ID with hetero. [ID with hetero.

Figure 14: The gradient distributions from round 10 to 20 of ViTs in Non-IID with hetero.

of norm! and norm?2 layers is motivated by the significance of Layer Norm in the architecture of
transformers (Xiong et al.|[2020). Additionally, we have chosen Block7 and Block11 for analysis as,
in the context of heterogeneous models, Block7 is the final layer of the smallest ViTs, while Block11
represents the final layer of the largest ViTs.

From Figure 123 and Figure[I2Zb] we observe that the cross-environment similarities derived from
the shallow layer norm (norm1) are higher compared to those from the deep layer norm (norm?2).
Moreover, similar to the analysis conducted for ResNets, we discover that the distributions of norm1
in ViTs exhibit greater smoothness compared to norm2, as depicted in Figure[T3|and Figure[T4] These
findings reinforce the notion that InCo Aggregation is indeed suitable for ViTs.
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ferent seed. ferent seed.

Figure 15: The gradient distributions from round 40 to 50 of ResNets in Non-IID with hetero. (a) and
(b) Stage2 conv0 and convl. (c) and (d) Stage3 conv0 and conv1 with different seed.

G.4 GRADIENT DISTRIBUTIONS FROM STAGE 2 AND DIFFERENT SEED.

Figure [T5a] and Figure [I5b] demonstrate the gradient distributions in Stage 2. In contrast to the
gradient distributions of Stage 3, the differences in gradient distributions across different layers are
less evident for Stage 2. This can be observed from Figure[Ia] where the CKA similarity for Stage 2 is
considerably higher than that of Stage 3. The higher similarity indicates that Stage 2 is relatively less
biased and more generalized compared to Stage 3, resulting in less noticeable differences in gradient
distributions. This observation further supports the relationship between similarity and smoothness,
as higher similarity leads to smoother distributions. Moreover, Figure and Figure [T5d|illustrate
that the gradient distributions still keep the same properties in different random seed, indicating that
the relations between similarity and smooth gradients are not affected by SGD noise.

G.5 OTHER RELATIONS BETWEEN CKA AND THE STATISTICS OF GRADIENTS.

Figure 6] provides an overview of additional relationships between layer similarity and the cross-
environment gradient statistics derived from IID with homo and Non-IID with hetero. We calculate
the difference between gradients from the same layer across these two environments. To clarify the
tendency of similarity for each stage, we normalize the results according to the smallest value within
each stage. As shown in Figure[I6] none of these gradient statistics exhibit stronger correlations with
the similarity of gradients compared to the smoothness, discussed in Section [2.2]and Appendix [G.3]
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Figure 16: Other relationships between CKA and the cross-environment statistics of gradients from
IID with homo and Non-IID with hetero. We use abbreviations for ’stage” and “’conv,” represented as
”s” and ’c” respectively. For example, ’s2c0” represents stage 2, conv(.
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0. stage 1. 2. stage 3.
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Non-IID with homo for Non-IID with homo for of Non-IID with homo of Non-IID with homo
stage 0. stage 1. for stage 2. for stage 3.

(1) The CKA similarity of (j) The CKA similarity of (k) The CKA similarity (1) The CKA similarity of
Non-IID with hetero for Non-IID with hetero for of Non-IID with hetero Non-IID with hetero for
stage 0. stage 1. for stage 2. stage 3.

Figure 17: The CKA similarity of IID with homo, Non-IID with homo and Non-IID with hetero for
ResNets.

G.6 HEATMAPS FOR THE CASE STUDY

In this part, we will show the heatmaps for all stages of ResNets and layer 4 to layer 7 of ViTs
in Figure [T7] and Figure [T8] These heatmaps are the concrete images for Figure[I] We can see
that the CKA similarity is lower with the deeper stages or layers no matter in ResNets and ViTs.
However, it is notable that the different patterns for CKA similarity between ResNets and ViTs from
the comparison between Figure [I7]and Figure[I8] To get a clear analysis, we focus on the last stage
of ResNets and layer 7 of ViTs, which are the most biased part of the entire model. Like Figure[I7]]
in ResNets, almost all clients are dissimilar, while only a part of clients has low similarity in ViTs
from Figure[I8] Along with the experiment results from Table 2] the improvements in ViTs from
FedInCo are modest. One possible reason is that we neglect more biased clients and regard all clients
as having the same level of bias in ViTs, which is a possible improvement for FedInCo.
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Figure 18: The CKA similarity of IID with homo, Non-IID with homo and Non-IID with hetero for
ViTs.

H MORE DETAILS OF THE EXPERIMENTS

H.1 PROCEDURE FOR INCO AGGREGATION

The pseudo-codes for InCo Aggregation are shown in Algorithm|[I] InCo Aggregation is operated in a
server model, indicating that the methods focused on the client can be aligned with InCo Aggregation,
as shown in our experiments.

Algorithm 1 InCo Aggregation (InCoAvg as the example)

Require: Dataset Dy, k € {1,..,K}, K 10 else
clients, and their weights wy, ..., wk. 11: gltJrl = gfk
Ensure: Weights for all clients wy, ..., wx. 12: end if
1: Server process: 13: f:l = wltk + gltjl
2: while not converge do 14: end for
3: Receives gfui from the sampled client. 15: Sends the updated w,f“ to sampled
4: Parameter aggregation for g, . clients.
5: for each layer l;, in the server model do ~ 16: end while
6: if [, needs cross-layer gradients then ~ 17: Cli?ﬂt processes:
7. gltk’ ’ glto’ +Normalizes g/, and 18: while random clients i,i € 1, .t.._,lK do
gt . 19: Receives model weights w; ™ .
8: fo 0", v, B from Theorem 3.1 20: Updatestclient Itnodelts_lff_1 to w}.
9: te1 (af, 0"l x (gl lI+1gf, 1) 21t Sends ¢!, = w} —w; " to the server.
: 9, = 2 -22: end while
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Table 5: Test accuracy of 100 clients and sample ratio 0.1. We shade in gray the methods that
are combined with our proposed method, InCo Aggregation. We show the error bars for InCo
Aggregation in this table.

Base Methods Fashion-MNIST SVHN CIFARI0 CINIC10

a=0.5 a=1.0 a=0.5 a=1.0 a=0.5 a=1.0 a=0.5 a=1.0

FedAvg 86.7£1.0 87.7+0.6 74.8+3.2 81.6+£2.5 523+34 61.3+3.2 43.14+2.7 49.243.1

FedProx 75.1+1.8 76.6+1.5 32.042.8 437429 19.242.2 234424 17.4+1.7 19.84+1.4

Scaffold 87.940.5 88.01+0.3 76.3+3.4 82.443.1 543+£3.6 61.8+3.0 435424 49.443.1

FedNova 12.740.2 15.640.2 1344+ 04 15.340.3 10.440.3 14.340.2 12.040.3 14.04+0.2

2 MOON 87.74£0.4 87.5+0.3 72.8+4.3 812432 472427 58.8+2.6 40.842.1 492419
§ InCoAvg 90.2+1.2 88.4+1.8 87.64+2.8 89.04+2.6 67.84+3.2 70.7+3.4 53.0+3.2 57.54+3.3

InCoProx 88.8+2.3 86.4+3.2 89.0+1.3 90.8+1.2 745423 76.8+1.8 59.1+3.2 62.5+2.4
InCoScaffold 883+1.4 90.1+1.2 854424 87.84£3.5 6731£3.6 73.8+29 53.5+£3.3 61.7£3.0
InCoNova 86.6t1.4 87.4+1.3 86.412.5 88.4+£1.8 62.8+3.9 69.7+4.2 48.012.7 54.1£1.7
InCoMOON 89.1£1.3 89.5+1.2 85.61+3.8 89.3£2.0 68.2+3.1 71.8+£23 543+£3.0 57.6£2.7

FedAvg 92.040.7 91.940.5 924409 93.940.8 93.7£1.0 94.240.8 83.8+14 85.1£0.9
FedProx 89.8+0.5 89.71+0.5 71.4+£3.8 81.1£29 82.6+3.3 84.7+2.3 67.8+2.8 71.3£3.0
Scaffold 92.04+0.4 92.0+0.5 92.240.8 93.840.6 93.540.7 94.5+0.5 83.3+1.6 855+12
FedNova 70.3£0.5 76.7+0.4 274404 49.840.5 30.7+0.3 54.4+£0.5 31.6£1.5 50.7+£1.3
= MOON 92.1+0.3 92.140.2 925+1.2 93.940.9 93.64+0.8 94.6+0.3 843+1.6 853+12
e InCoAvg 93.0£0.6 93.1£0.5 94.240.6 95.0+£0.4 94.640.7 95.0£0.6 85.94+1.9 86.8+1.3

InCoProx 92.6£0.3 92.540.3 93.940.7 94.4£0.6 94.0£1.0 94.840.7 85.1+1.4 86.0£0.8
InCoScaffold 92.9+0.3 93.0£0.2 94.0£1.1 94.8£0.6 94.640.5 95.0£0.2 85.7+£1.3 86.5+1.1
InCoNova 93.1+0.3 93.6+0.3 94.7+0.9 95.61+0.5 94.8+0.4 95.7+0.3 86.2+1.8 88.2+£1.0
InCoMOON 92.84+0.5 93.0£0.3 94.7+0.8 95.1£0.5 94.240.8 95.1£0.5 86.0£0.9 86.8+1.3

H.2 DATASETS

We conduct experiments on Fashion-MNIST, SVHN, CIFAR-10, and CINIC-10. CINIC-10 is a
dataset of the mix of CIFAR-10 and ImageNet within ten classes. We use 3x224x224 with the ViT
models and 3 x32x32 with the ResNet models for all datasets.

H.3 HYPER-PARAMETERS

We deploy stage splitting for ResNets and obtain five sub-models, which can be recognized as
ResNet10, ResNet14, ResNet18, ResNet22, and ResNet26. For the pre-trained ViT models, we
employ layer splitting and obtain five sub-models, which are ViT-S/8, ViT-S/9, ViT-S/10, ViT-S/11,
and ViT-S/12 from the PyTorch Image Models (timmﬂ Our implementations of FedAvg, FedProx,
FedNova, Scaffold and MOON are referred to (Li et al., [2022). We use Adam optimizer with
a learning rate of 0.001, 5, = 0.9 and B2 = 0.999, default parameter settings for all methods
of ResNets. The local training epochs are fixed to 5. The batch size is 64 for all experiments.
Furthermore, the global communication rounds are 500 for ResNets, and 200 for ViTs for all datasets.
Global communication rounds for MOON and InCoMOON are 100 to prevent the extreme overfitting
in Fashion-MNIST. The hyper-parameter £ for FedProx and InCoProx is 0.05 for ViTs and ResNets.
We conduct our experiments with 4 NVIDIA GeForce RTX 3090s. All baselines and their InCo
extensions are conducted in the same hyper-parameters. The settings of hetero splitting for ScaleFL
followed the source codes

H.4 MODEL SIZES
We demonstrate the model sizes for each client model in Table[7] Table[8] and Table[9]

H.5 ERROR BARS OF INCO AGGREGATION

We illustrate the error bars of InCo Aggregation and the results from model-homogeneous baselines
(not use stage or layer splitting in the model heterogeneous environment) in Table[5] For the model-
heterogeneity methods, we demonstrate the error bars of InCo Aggregation in Table 6] These results
show the stability of InCo Aggregation. In all cases of ResNets and many cases of ViTs, the worst

"https://github.com/rwightman/pytorch-image-models
8https://github.com/git-disl/scale-fl
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Table 6: Test accuracy of model-heterogeneity methods with 100 clients and sample ratio 0.1. We
shade in gray the methods that are combined with our proposed method, InCo Aggregation. We show
the error bars for InCo Aggregation in this table.

Fashion-MNIST SVHN CIFAR10
a=0.5 a=1.0 a=0.5 a=1.0 a=0.5 a=1.0

Base  Splitting Methods

HeteroFL 88.9+1.0 89.7£0.7 90.5+1.6  922+13  652+32 68.443.6

Hetero
+InCo 90.0+£1.2  904+1.1  92.14+1.0 93.5+15 682+3.8 712434
Stage InclusiveFL ~ 89.1+1.1 89.8+1.0 88.6£2.0 90.0+£22  65.7+35 684433
+InCo 90.1£1.5  90.5£1.3  90.6+1.7 909+19  69.1£2.8 723431
2 Hetero FedRolex 88.2+£1.0 90.2£0.8 909413 91.6+1.7 64.7+4.1 72.3£3.0
& +InCo 904+14 913%1.1 928415 934%+16 679£29 756426
Hetero ScaleFL 90.9+0.5 91.0£04  92.64+1.0 929+09 71.1£29 747431
+InCo 91.5+£1.0 91.7£1.1 934409 93.6+£09 738+£32 76.14+2.6
N/A AllSmall 83.5+1.7 84.0£1.7 721435  81.0+£29 392420 449423
N/A AllLarge 91.8+0.5 92.54£0.8 934408  93.8+0.5 79.6£29 825+1.0

Table 7: Model parameters for different architectures of ResNets (Stage splitting).

. ResNets (Stage splitting)
Sizes

ResNet10 ResNet14 ResNet18 ResNet22 ResNet26
Params ~ 4.91M (x0.281) 10.81M (x0.619) 11.18M (x0.641) 17.08M (x0.979) 17.45M (x 1)
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Figure 19: CKA layer similarity and Heatmaps of ViTs. (a): The layer similarity of different methods.
(b) to (d): Heatmaps for different methods in layer 6 and layer 7.

results of InCo Aggregation are better than the Averaging Aggregation, demonstrating the efficacy of
InCo Aggregation.

H.6 DIFFERENCES BETWEEN ADDING NOISES AND INCO GRADIENTS.

The convergence speed of InCo gradients surpasses that of the other two methods, as illustrated in
Figure 20a] Table20c]demonstrates that InCo gradients outperform other methods across different
datasets. The primary distinction between InCo gradients and adding noises lies in their ability to
determine the precise gradient modification for each node in the model. Gaussian noise lacks the
capability to specify the exact modification required for each node, leading to less controlled and
targeted adjustments. This is evident in Figure [20b] where the Frobenius norm of noises is larger and
exhibits greater instability compared to InCo gradients.

H.7 LAYER SIMILARITY AND HEATMAPS OF VITS

Figure[T9illustrates the layer similarity of the last four layers, along with the corresponding heatmaps
for Layer 6 and Layer 7. Furthermore, Figure[T9a demonstrates that InCo Aggregation significantly
enhances the layer similarity, validating the initial motivation behind our proposed method. Addition-
ally, since the disparity in layer similarity between Layer 6 and Layer 7 is minimal, the heatmaps for
these layers do not exhibit significant differences, as depicted in Figure [I9b| through Figure [T9d]
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Table 8: Model parameters for different architectures of ViTs (Layer splitting).

. ViTs (Layer splitting)
Sizes

VIT-S/8 ViT-S/9 ViT-S/10 ViT-S/11 ViT-S/12
Params  14.57M (x0.672)  16.34M (x0.754)  18.12M (x0.836)  19.90M (x0.912)  21.67M (x 1)

Table 9: Model parameters for different architectures of ResNets (Heterogeneous splitting).

ResNets (Hetero splitting)
Y6 Vs Va 123 ResNet26

Sizes

Params  0.07M (x0.004)  0.28M (x0.016) 1.10M (x0.06)  4.37 (x0.25) 17.45M (x1)

H.8 MORE ABLATION STUDIES AND ROBUSTNESS ANALYSIS.

We conduct additional experiments on different baselines to demonstrate the effectiveness of InCo
Aggregation. Figure [21]to Figure 23] present the results of the ablation study for FedProx, FedNova,
and Scaffold, incorporating InCo Aggregation. These results highlight the efficacy of InCo Aggrega-
tion across different baselines. Additionally, Figure [24]and Figure 23]illustrate the robustness analysis
for FedProx and Scaffold. In Figure [24] and Figure InCoProx and InCoScaffold consistently
obtains the best performances across all settings. These experiments provide further evidence of the
efficiency of InCo Aggregation.

I LIMITATIONS AND FUTURE DIRECTIONS

The objective of this study is to expand the capabilities of model-homogeneous methods to effectively
handle model-heterogeneous FL environments. However, the analysis of layer similarity reveals
that the smallest models do not derive substantial benefits from InCo Aggregation, implying the
limited extensions for these smallest models. Exploring methods to enhance the performance of the
smallest models warrants further investigation. Furthermore, our research mainly focuses on image
classification tasks, specifically CNN models (ResNets) and Transformers (ViTs). However, it is
imperative to validate our conclusions in the context of language tasks, and other model architectures
such as LSTM Hochreiter & Schmidhuber|(1997). Additionally, it is important to consider that the
participating clients in the training process may have different model architectures. For example,
some clients may employ CNN models, while others may use Vision Transformers (ViTs). We
believe that it is worth extending this work to encompass a wider range of tasks and diverse model
architectures that hold great value and potential for future research.
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Figure 21: Ablation studies for InCo Aggregation for FedProx. The federated settings are the same
as Table 2}
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Figure 22: Ablation studies for InCo Aggregation for FedNova. The federated settings are the same
as Table 2}
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Figure 23: Ablation studies for InCo Aggregation for Scaffold. The federated settings are the same as
Table 2}
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Figure 24: Robustness analysis for InCo Aggregation for FedProx in CIFAR-10.
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Figure 25: Robustness analysis for InCo Aggregation for Scaffold in CIFAR-10.
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