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ABSTRACT

SplitFed Learning, a combination of Federated and Split
Learning (FL and SL), is one of the most recent develop-
ments in the decentralized machine learning domain. In
SplitFed learning, a model is trained by clients and a server
collaboratively. For image segmentation, labels are created
at each client independently and, therefore, are subject to
clients’ bias, inaccuracies, and inconsistencies. In this paper,
we propose a data quality-based adaptive averaging strategy
for SplitFed learning, called QA-SplitFed, to cope with the
variation of annotated ground truth (GT) quality over multiple
clients. The proposed method is compared against five state-
of-the-art model averaging methods on the task of learning
human embryo image segmentation. Our experiments show
that all five baseline methods fail to maintain accuracy as the
number of corrupted clients increases. QA-SplitFed, how-
ever, copes effectively with corruption as long as there is at
least one uncorrupted client.

Index Terms— SplitFed learning, privacy, poor annota-
tion, ground truth corruption, data heterogeneity

1. INTRODUCTION

Decentralized learning decouples data from the computa-
tional infrastructure, and removes the need for sharing data, in
both training and inference. Instead, features derived from the
data at various levels of processing are shared among clients
and servers. Besides benefits to privacy, decentralized learn-
ing could scale to the available resources, both human and
computational, available at different locations. This makes it
attractive for medical applications, where clients may be hos-
pitals, clinics, and medical centers. SplitFed Learning (SFL)
is a combination of two decentralized learning methods: Split
Learning [1], and Federated Learning [2]. In FL, clients keep
their own data, but must train their local full models and send
their model weights to the server for averaging [3]. Hence,
in FL, each client must have sufficiently powerful hardware
to train its own model. SL methods shift the computational
burden from the client to the server. In SL, the model is split
into two or more parts, and training is done collaboratively
by clients and a server communicating the activations and
gradient updates of the split layers [4]. SFL takes advantage

of both FL and SL, and addresses their shortcomings [5].
Specifically, in SFL, each client’s data stays on the client and
most of the computational burden is offloaded to the server.

In this paper, we study SFL in the case where data an-
notation quality differs across clients. Specifically, we focus
on embryo image segmentation, where ground truth segmen-
tation accuracy may vary from client to client, depending on
the expertise and human resources available at each client.
We propose a model averaging procedure that is significantly
more robust in maintaining the global accuracy to such varia-
tion in annotation quality compared to existing methods. Re-
lated work is reviewed in Section 2. Proposed method is pre-
sented in Section 3, followed by experiments in Section 4 and
conclusions in Section 5.

2. RELATED WORKS

Different types of data heterogeneity could occur in the con-
text of collaborative learning, e.g. unbalanced data [2], dif-
ferent feature map distributions [6], or different levels of an-
notation accuracies over clients [7]. In the literature, these
are commonly referred to as non-1ID (Independent and Iden-
tically Distributed) scenarios. McMahan et al. [2] first intro-
duced the concept of FL by averaging all local model weights
to update a global model. Their model averaging procedure,
called FedAVG, assigned a weight proportional to the number
of data samples at each client. Several extensions to FedAVG
exist in the literature. FedAVG-M is an optimized version of
FedAVG that applies a momentum on the server optimizer to
deal with Non-IID clients [8]. Shi et al. [9] introduced Fed-
ensemble to average k randomly trained models in the feder-
ation step to reduce the variance of the global model. Fang et
al. [10] studied heterogeneous and noisy labels in FL. Noisy
clients were created by symmetric and pair flip noise, and a
public dataset was used to adjust the global model. For med-
ical applications, accessing patients’ public data is difficult
due to privacy concerns. Yang ef al. [11] proposed a method
in which noisy labels were created in a similar way to those
in [10]. The average of the local feature vectors per client,
called centriods, were shared with the server for model aggre-
gation and label correction. In [12], noisy labels were created
by shuffling labels randomly and adding Gaussian noise to
the input data. The weighted sum of empirical risks was then
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minimized for clients with regularization terms. Considering
statistical data heterogeneity in FL, FedProx was proposed
in [13] to stabilize the final model by a proximal term added
to the optimization function.

The idea of combining FL and SL into SplitFed (or SFL)
was first introduced by Chandra et al. [5]. They proposed
two versions of SplitFed: vanilla SplitFed (SplitFedv1) and
U-shaped SplitFed (SplitFedv2). In vanilla SplitFed, labels
are shared with the server, while in the U-shaped version, all
data is kept private on the clients. Simple arithmetic averag-
ing of model weights was used in both cases. In the health-
care domain, Poirot ef al. [14] first utilized U-shaped SplitFed
in experiments on fundus photos and chest X-rays. Gawali
et al. [15] reviewed FL, SL, and SplitFed approaches in the
medical domain, and introduced SpltFedv3, which was a la-
bel sharing approach (similar to SpliFedvl). SpltFedv3 did
not change the client-side model weights, and only applied
the federation on the server-side model weights, while still
using simple averaging.

SplitAVG, a very recent work, was proposed to handle
heterogeneous clients whose feature maps differ [6]. Feature
maps from different clients are concatenated and fed to the
server simultaneously. No averaging is performed on client-
side models. Chen et al. [16] studied another type of het-
erogeneity in terms of energy harvesting capability per client.
Their proposed SplitFed algorithm was tested on CIFAR-10
and CIFAR-100 datasets. A weighted averaging strategy was
proposed in [7] that took advantage of labeled data for cre-
ating pseudo labels for unlabeled data. It used clients with
better training quality when updating the global model. This
method was applied on medical image segmentation task.

In this paper, a novel method for SplitFed model aver-
aging, called QA-SplitFed, is proposed to address scenarios
where not all clients’ labels are annotated correctly. Model
weights are updated twice in each global epoch based on the
local and global behavior of all clients. QA-SplitFed is ap-
plied to training an embryo image segmentation model. To
assess its robustness, a comparison with five baseline averag-
ing methods is presented.

3. PROPOSED METHOD

3.1. Human embryo components segmentation model

We study training of a SplitFed U-Net, as in Fig. 1, for seg-
mentation of human embryo components in microscopic im-
ages. The overall U-Net consists of five downsampling blocks
between the input and the bottleneck, and five upsampling
blocks between the bottleneck and the output. Each block
contains two convolutional layers with the kernel size of 3 x 3,
followed by batch normalization and ReLU activation. Each
downsampling block ends with a 2 x 2 max-pooling layer;
the number of filters in downsampling blocks is 32, 64, 128,
256, and 512, respectively. Each upsampling block starts with
a 2 x 2 upsampling layer, followed by tanspose convolution
layers; the number of filters in upsampling blocks is 512, 256,
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Fig. 1: Our SplitFed architecture.

128, 64, and 32, respectively. The last convolutional layer is
followed by an output argmax layer. The model is split such
that the first convolutional layer (front-end, FE) and the last
two convolutional layers together with the output argmax
layer (back-end, BE) are on the client side, while the rest of
the model is on the server.

3.2. Training procedure and averaging

The system adopts sequential training, where the server trains
with each of the IV clients in turn. At the end of this train-
ing process, both client and server store their weights at the
server side. Let’s W7 be the server weights while training
with client 4, and WS = {WFE WBE} be the weights of
client ¢, which include both FE and BE weights, from the
same epoch. One pass across all clients is called a global
epoch. After all clients get trained locally, W and W are

. =S —C .
averaged into W and W, respectively, to create a global

model of W = {WS, WC}. W is sent back to all clients and
local validation is performed on the global model. Consider-
ing the validation loss statistics, global model is updated one
more time before starting the next global epoch.

Within each local epoch, in the forward pass, features pro-
duced by FE are sent to the server. The server then processes
them using its part of the model. The server features are sent
to the client-side’s BE. In the back-propagation pass, gradi-
ent updates from the BE are sent to the server, and back-
propagated through the server-side part of the model to FE.

Algorithm 1 describes the QA-SplitFed averaging method.
Its inputs are: N (the number of clients), G (the num-
ber of global epochs), E (the number of local epochs),
dt = [my,...,mn]"/(3;mi) (the vector of training data
scores), and d¥ = [n1,...,ny] " /(3_; n;) (the vector of vali-
dation data scores). Its outputs are WC (global client model)
and W~ (global server model).

At each global epoch, after each client i is trained locally,
the mean training loss value p} at the best local epoch is cal-
culated. To have a better understanding of the loss values
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Algorithm 1: QA-SplitFed
Inputs:
N: Number of clients
G': Number of global epochs
E: Number of local epochs
d?: Vector of training data scores
d": Vector of validation data scores
Outputs:

W= {WFE,WBE}: Global client model

Ws: Global server model
for g =1to G do
fori:=1to N do
Local training and validation over E epochs
W, = {WE, W5} «< model’s weights from
epoch with the lowest validation loss

EZ + loss of W; at training sample j
pt < mean{L},..., LI}
ol « std{L},..,L"}
| b} pf 4 20}
bt « [bY,...,b%] "
W [W1, ey VVN]—r
—C —S P
{W",W"} + ModelUpdates(W, bt d%)
for i =1to N do
L) < loss of {WC,WS} at valid. sample j
pe < mean{L}, .., LI"}
oV« std{L}, ..., LI}
by « pf + 207
bV « [bY,...,b%]"
B {WC,WS} + ModelUpdates(W,b?,d?)
function ModelUpdates (W, b, d)

q + softmax[l/b] = [q1,...,qn] "
T

od
r+ gTd =[r1,...,rn]
—C N C =S N S
W= rWe, W=l rW,

and their distributions, the standard deviation o} of the loss
values at the best epoch are also calculated. The mean loss
value based on a relatively few data samples is unreliable, so
we take an upper bound of a 95% confidence interval for the
mean. If the loss values were normally distributed, this upper
bout would be b = u! + 20?. Hence, b} is an indicator of the
(un)reliability of client :.

After one round of local training of all clients, two vec-
tors, bt = [b},...,b%]T and q* = softmax[l/bl], are cre-
ated. A smaller bg, and thus a larger qf, represents a more
reliable client. In addition to b? and qf, we use the train-
ing data score vector d* = [mq,...,mn]" /Y, m;, similar
to [2, 8], which specifies the training data distribution across
clients. By combining clients’ training quality scores q' and
training data scores d’, averaging weights are calculated as

Fig. 2: Left to right: input image, GT mask, corrupted mask.

to gt . .
r = %, where © is the Hadamard (element-wise) prod-

uct. Note that ). r; = 1. Then, averaging is performed as:

W =N s, We=N nwe

W is broadcast to all clients and the server model is up-

dated to . Local validation is performed using the new
local and global models, to assess the performance on each
client’s validation data. Then the above averaging process
is repeated, but with validation vectors b” and d" taking the
place of b? and d*. This process is repeated G times. The best
global model is chosen according to the global epoch with the
smallest global validation loss.

4. EXPERIMENTS

4.1. Dataset description and clients configuration setup

We train the SplitFed U-Net model (Fig. 1) on multi-label
segmentation of human blastocyst components [17, 18]. Our
training dataset includes 815 embryo images, each with a seg-
mentation mask image that includes four components: Zona
Pellucida (ZP), Trophectoderm (TE), Inner Cell Mass (ICM),
and Blastocoel (BL). A test set of 100 images with uncor-
rupted GTs is saved for testing the global model. Our system
includes 5 clients. Input images are distributed non-uniformly
across clients as follows: client 1: 210, client 2: 120, client 3:
85, client 4:180 and client 5: 120, with each client using 85%
of it’s images for training and 15% for validation.

To corrupt a ground truth mask, mask segments were di-
lated by a circular structuring element of radius 20 pixels. The
effect of this is that boundaries between segments are shifted,
emulating inaccurate segment boundary annotation. An ex-
ample is given in Fig. 2. For each corrupted client, corruption
is applied to all its training and validation masks.

4.2. Results and discussion

We compare our QA-SplitFed against five baseline meth-
ods: Naive SplitFed (W = LS W), FedAVG [2]
W = i SN miW;), FedAVG-M [8] (SGD opti-
mizer and momentum of 0.9), SplitAVG [6], and FedMix [7]
(B8 = 1.5, A = 10). All models are trained and validated over
FE = 12 local epochs and G = 10 global epochs.

The test set average results are shown in Table 1. In this
table, accuracy (Acc.) is defined as the percentage of correctly
classified pixels, and loss is the normalized global model loss.
The reported values in ZP, TE, ICM and BL are Jaccard In-
dices. Experiments were conducted for different numbers of
corrupted clients as shown in first column of this table. Best
results are in bold. These results show that the performance of
all baseline methods drops dramatically as the number of cor-
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Fig. 3: Visual comparison of the predicted segmentation masks produced by various methods with 3 out of 5 corrupted clients.

Table 1: Comparison of baseline averaging methods with QA-
SplitFed on human embryo test set. Acc. is the accuracy; the last
four columns show Jaccard Indices for ZP, TE, ICM, and BL.

No. of
corrupted | Method |Loss|Acc. | ZP | TE | ICM | BL
clients %] | %] | (%] | [%) (%)

Naive 0.10 [91.87 | 74.21 | 73.54 | 82.35 | 86.19

FedAVG 0.11 [91.46| 72.22 | 73.18 | 84.56 | 87.10
FedAVG-M | 0.15 | 89.18 | 69.13 | 64.16 | 72.25 | 80.61

0 SplitAVG | 0.10 | 92.25 | 76.21 | 72.32 | 82.10 | 85.11
FedMix 0.14 [ 89.00 | 73.45 | 74.21 | 76.12 | 79.12
QA-SplitFed | 0.10 | 93.28 | 77.21 | 74.65 | 83.47 | 87.23

Naive 0.13 {90.31| 68.04 | 68.62 | 80.43 | 85.22

FedAVG 0.11 {91.25| 73.21 | 71.26 | 81.17 | 86.09
FedAVG-M | 0.18 | 87.67 | 65.22 | 62.55 | 62.69 | 78.37

1 SplitAVG 49 166.37 | 16.25 | 13.76 | 58.07 | 67.01
FedMix 0.15 [ 88.34 | 68.03 | 71.11 | 75.18 | 81.15
QA-SplitFed | 0.10 | 92.52 | 76.43 | 74.66 | 83.02 | 87.17

Naive 0.26 [ 79.79 | 40.22 | 68.35 | 73.11 | 77.13

FedAVG 0.24 [ 82.93| 45.28 | 39.21 | 71.32 | 78.00
FedAVG-M | 0.25 | 83.24 | 59.65 | 37.87 | 57.18 | 71.09

2 SplitAVG | 0.42 | 69.52 | 18.21 | 17.76 | 52.02 | 68.18
FedMix 0.23 [79.24 | 51.50 | 63.21 | 69.36 | 74.12
QA-SplitFed | 0.10 | 91.98 | 74.55 | 73.87 | 83.65 | 87.18

Naive 0.34 [ 75.19] 29.80 | 21.25 | 63.35 | 71.29

FedAVG 0.34 [ 75.27| 29.02 | 23.00 | 63.04 | 72.16
FedAVG-M | 0.33 | 77.45 | 47.26 | 19.65 | 58.33 | 67.72

3 SplitAVG | 0.40 | 73.44 | 21.00 | 15.19 | 51.05 | 68.61
FedMix 0.28 [ 78.20| 43.01 | 37.05 | 68.07 | 71.91
QA-SplitFed | 0.10 | 92.40 | 75.05 | 71.18 | 81.27 | 86.98

Naive 0.45 [65.50| 16.76 | 11.35 | 53.87 | 67.46

FedAVG 0.43 [68.79| 19.71 | 13.00 | 54.14 | 67.42
FedAVG-M | 0.56 | 63.95 | 28.63 | 14.08 | 0.00 | 58.08

4 SplitAVG | 0.59 | 62.74 | 17.09 | 13.23 | 0.00 | 60.87
FedMix 0.50 [65.44 | 17.85 | 12.84 | 49.02 | 63.00
QA-SplitFed | 0.10 | 92.00 | 75.08 | 73.09 | 81.25 | 86.34

Naive 0.50 |61.50| 12.22 | 7.08 | 42.21 | 62.45

FedAVG 0.50 [60.75| 12.01 | 8.12 | 45.22 | 63.42
FedAVG-M | 0.64 | 57.78 | 15.16 | 3.08 | 0.00 | 54.39

5 SplitAVG | 0.48 | 62.35 | 14.14 | 11.81 | 46.95 | 64.10
FedMix 0.51 [61.15]| 14.36 | 7.49 | 44.01 | 58.00
QA-SplitFed | 0.51 [ 60.71 | 13.52 | 0.00 | 45.65 | 61.36

100 : I ' I
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Fig. 4: Global model Accuracy vs no. of corrupted clients.

rupted clients increases. Our proposed method, QA-SplitFed,
maintains its accuracy even with 4 out of 5 clients corrupted,
so it is able to build an accurate global model with only one
accurate client. When all clients are corrupted, all averaging
methods lead to a sub-par global models. In this extreme case,
SplitAVG had slightly better performance than other meth-
ods, but it still produced an inaccurate model. Fig. 4 shows
the accuracy of the various methods for different numbers of
corrupted clients. Fig. 3 displays three test images with their
corresponding correct GTs and their predicted masks with 3
out of 5 corrupted clients. As seen in the figure, the masks
predicted by our method are closest to GTs.

5. CONCLUSION

In this paper we proposed a new model averaging method for
split-federated learning in the presence of corrupted or poorly
annotated clients. We showed that existing averaging methods
are fairly fragile in that context. Our proposed method over-
comes the challenge of corrupted clients by monitoring the
training and validation loss at each client and adjusting the av-
eraging weights adaptively, leading to a more accurate global
model even when all but one clients are corrupted. Moreover,
QA-SplitFed is more scalable than FL since it can scale to
less capable clients (i.e., clients only need to train/run FE and
BE, not the full model). Meanwhile, aggregation complexity
is similar to that of federated learning.
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