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Abstract

In Split Federated Learning (SFL), the clients collaboratively
train a model with the help of a server by splitting the model
into two parts. Part-1 is trained locally at each client and ag-
gregated by the aggregator at the end of each round. Part-2 is
trained at a server that sequentially processes the intermedi-
ate activations received from each client. We study the phe-
nomenon of catastrophic forgetting (CF) in SFL in the pres-
ence of data heterogeneity. In detail, due to the nature of SFL,
local updates of part-1 may drift away from global optima,
while part-2 is sensitive to the processing sequence, similar
to forgetting in continual learning (CL). Specifically, we ob-
serve that the trained model performs better in classes (la-
bels) seen at the end of the sequence. We investigate this
phenomenon with emphasis on key aspects of SFL, such as
the processing order at the server and the cut layer. Based on
our findings, we propose Hydra, a novel mitigation method
inspired by multi-head neural networks and adapted for the
SFL setting. Extensive numerical evaluations show that Hy-
dra outperforms baselines and methods from the literature.

Code — https://github.com/jtirana98/Hydra-CF-in-SFL
Extended version — https://arxiv.org/abs/2511.09736

1 Introduction
Split Learning (SL) is a distributed learning method
where part of the clients’ training is offloaded to a
server (Vepakomma et al. 2018). This is particularly use-
ful in cases where clients’ resources are insufficient to per-
form on-device training. In a nutshell, in SL, the deep neu-
ral network (NN) model is split into two parts of consecu-
tive layers: part-1 and part-2, where the last layer of part-
1 is called the cut layer. These parts are trained by the
client and the server, respectively. There is a plethora of
proposed variations for SL that mostly differ in the way
the training at the server takes place. In this work, we fo-
cus on Split Federated Learning (SFL) and, in particular,
SplitFedv2 (Thapa et al. 2022), which is one of the most
prevailing versions (Hafi et al. 2024). In fact, thanks to its
workflow, SFL has been shown to deliver a faster conver-
gence than other variants (Thapa et al. 2022).

*Work completed while at Telefónica Scientific Research.
Copyright © 2026, Association for the Advancement of Artificial
Intelligence (www.aaai.org). All rights reserved.
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Figure 1: (Top) The steps of the processing workflow of
SFL. (Bottom) Parameter spaces for low error for clients’
dominant labels (under data heterogeneity), where a client’s
color represents its dominant label. Part-1 of the model suf-
fers from catastrophic forgetting from round to round. Part-
2 suffers from intra-round catastrophic forgetting due to the
processing order at the server.

The processing workflow of SFL for 3 clients is depicted
in Fig. 1 (top). At the beginning of every round, the clients
perform forward propagation of part-1 of the model on a
batch of their samples (step 1 in Fig. 1) and transmit the acti-
vations of the cut layer to the server, along with the labels of
the batch (step 2). Then, the server sequentially trains part-
2 for each client, propagating forward and backward (steps
3-5), and transmits the gradients to the clients (step 6).
Based on the received gradients, the clients perform back-
ward propagation of part-1 (step 7). Steps 1 to 7 are re-
peated for all the batches, and once all clients have processed
all their data, the aggregator aggregates the local version of
part-1 and sends a global part-1 to the clients (step 8), before
a new round begins. We consider here the typical case where
clients’ data remains unchanged throughout the training.
Motivation. Part-1 is trained as in Federated Learning (FL),
while part-2 is trained over the activations that clients send.
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Figure 2: Accuracy per processing position (at the server)
and global accuracy achieved by MobileNet in CIFAR-10
under non-IID data distributions among 10 clients.

This dual aspect of SFL makes it particularly susceptible to
catastrophic forgetting (CF) in the presence of data hetero-
geneity, a common phenomenon in training NNs (Goodfel-
low et al. 2013). In practice, part-1 and part-2 may suffer
from CF differently, as depicted in Fig. 1 (bottom). Like in
FL, the local updates of part-1 drift away from the global op-
tima as a result of the aggregation (e.g., FedAvg (McMahan
et al. 2017)) at the end of every round. On the other hand,
our experiments reveal a new finding: the processing order at
the server has a significant impact on CF in part-2. This CF
resembles the one of Continual Learning (CL) (Wang et al.
2024): the model parameters perform well for the dominant
label of the last processed client, but forget the previously
seen labels, i.e., in every update step at the server, part-2
tends to forget the knowledge learned during the previous
steps, leading to a performance gap among labels.

Despite the resemblance to forgetting in CL, there are sev-
eral differences between SFL and CL. Notably, in SFL, the
data distribution is fixed and the data stream is finite, i.e.,
the data is not temporal. Further, two types of repetitions
occur (not to be confused with knowledge replay): (i) all
clients’ input (i.e., part-1’s activations) is cyclically passed
through the server at each round, and (ii) depending on the
processing order of the clients’ part-2, input concerning a
specific label may be repeated within the same round.

Fig. 2 showcases the CF in SFL as a result of the pro-
cessing order at the server under non-independently and
identically distributed (non-IID) data. In particular, we as-
sume that the data of each client contains a highly repre-
sented (dominant) label. Each line depicts the accuracy of
the labels that are dominant in clients that are processed at a
certain position (1 to 10, in CIFAR-10 with 10 labels), where
details on the experimental setup will be given in Sec. 3.1.
We see that, under non-IID data, the labels that are dominant
at the clients who are processed last at the server consistently
outperform the other labels. The disparity in performance
between the labels seen at the end of the sequence and those
seen earlier is related to the CF in part-2. We identify this as
intra-round catastrophic forgetting (intraCF), as it occurs at
a different granularity (i.e., within a round) than the model
drifting of part-1, which also contributes to the phenomenon.
Moreover, the global accuracy is heavily affected, i.e., 43%
after 100 rounds, whereas, under IID data, the global accu-
racy reaches 80% after 100 rounds.
Challenges. Despite the plethora of works on CF in other
settings (CL, FL) and some recent findings in SL and SFL

(further discussed in Sec. 2), we identify several challenges.
(i) Metrics of forgetting & Mitigation Methods. Related
work on forgetting in SL, e.g., (Feng et al. 2023; Xia et al.
2025) focuses solely on the global accuracy, ignoring the
disparity (gap) of performance among labels. Further, meth-
ods proposed to mitigate forgetting and/or data heterogene-
ity in CL and FL, such as EWC (Kirkpatrick et al. 2017) and
Scaffold (Karimireddy et al. 2020), cannot be applied in the
setting of SFL as the former is based on the notion of tem-
poral data and the latter requires the entire model.
(ii) The roles of the cut layer and processing order. The ma-
jority of related work assumes that the server processes the
clients’ data in a random order (Thapa et al. 2022; Liao et al.
2024) and often ignores the role of the cut layer in CF. More-
over, existing theoretical analyses on SFL are limited to con-
vergence analysis under standard assumptions without fo-
cusing on these key elements of SFL (Han et al. 2024).
(iii) Empirical evaluation. The existing theoretical findings
are often showcased in limited evaluation scenarios (e.g.,
partition methods), see (Li and Lyu 2023; Han et al. 2024).
Further, it is unclear whether some of the theoretical claims
proved in the settings of CL and FL may hold in SFL.
Contributions. The challenges above further corroborate
the need for an empirical evaluation of the phenomenon of
catastrophic forgetting in SFL and for an efficient mitigation
method. This manuscript addresses these challenges by:
1. Identifying a new case of CF in SFL as a result of the pro-
cessing workflow of SFL.
2. Providing valuable insights into this phenomenon (e.g.,
w.r.t. the impact of cut layer and processing order at the
server) and comparing them with existing theoretical find-
ings. To this end, we focus on the accuracy, the performance
gap among labels, and the metric of backward transfer.
3. Proposing Hydra, a novel mitigation method that trains
multiple versions of the last layers of part-2 after grouping
the clients’ input based on their data distributions. Hydra is
designed based on the insights from our analysis and induces
minimal overhead (which can be further reduced).
4. Showing how Hydra reduces CF and outperforms other
methods through numerical evaluations in a variety of NN
models, datasets, and data partitions.

2 Related Work
In this section, we discuss related work on data heterogene-
ity and CF in FL and SL. In FL under non-IID data, several
works study CF as a result of model drifting and client selec-
tion policies. Mitigation methods utilize knowledge distilla-
tion (Lee et al. 2022; Ma et al. 2022) and regularization (Xu
et al. 2022), among others. We notice, however, that most of
the methods for FL require control of the entire model, e.g.,
(Zhao et al. 2018; Karimireddy et al. 2020; Hu et al. 2024),
which is incompatible with the SFL workflow. Moreover,
optimization techniques in FL (Li et al. 2020; Wang et al.
2020) assume a symmetric training workflow with full lo-
cal steps or per-client regularization terms, which is also not
applicable for SFL. On the other hand, replay-based meth-
ods for FL, e.g., (Qi, Zhao, and Li 2023; Li et al. 2024) in-
duce computational and memory overhead. Concerning SL
(in its various definitions), CF has been mostly studied in
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terms of global accuracy under non-IID data. Proposed solu-
tions are based on generated data and knowledge transfer for
SplitNN (Feng et al. 2023, 2024), as well as on knowledge
replay for SplitFedv1 (Xia et al. 2025). Further, (Madaan,
Kulkarni, and Pant 2022) provides a preliminary study of
the impact of the processing order in different variants of
SL. Finally, the only work that addresses data heterogeneity
but not CF in SFL (SplitFedv2) is (Liao et al. 2024), which
merges features and adjusts the batch size.

3 Exploring CF in SFL
The goal is to train a (deep) classification model whose set of
labels (classes) is L, where |L| = L. The training with a set
C of clients follows the SFL workflow described in Sec. 1.
Further, clients’ data can be seen as “tasks” (in the parlance
of CL) with possibly (totally) overlapping labels.

3.1 Methodology of Experiments
Models, Datasets, and Cut Layer in SFL. Two ML models
are employed: MobileNetV1 (Howard et al. 2017), known
for its efficiency on mobile and resource-constrained de-
vices, and ResNet101 (He et al. 2016), which is renowned
for its depth and robust feature extraction capabilities. These
models are trained on SVHN (Netzer et al. 2011), CIFAR-
10 (L = 10), CIFAR-100 (Krizhevsky, Hinton et al.
2009) (L = 20 or 100 – unless otherwise specified, we use
20 superclasses as in (Ramasesh, Dyer, and Raghu 2021)),
and TinyImageNet (Le and Yang 2015) (L = 200). The cut
layer determines the sizes of part-1 and part-2. A shallow cut
layer implies a small part-1, i.e., the server trains the model’s
largest portion, while a deep one implies a small part-2.

Based on the discussion in Sec. 1 about the intraCF, un-
less otherwise specified, we choose a shallow cut layer, e.g.,
at layer 4 (out of 26 in total) in MobileNetV1, and layer
2 (out of 35 in total) in ResNet101, as is common in re-
lated work (Thapa et al. 2022). In fact, in Sec. 3, we show
that a shallow cut better captures the impact of intraCF on
the forgetting observed in SFL. We stress, however, that
we also perform a sensitivity analysis with respect to the
choice of the cut layer, while following the bottleneck ap-
proach (Kang et al. 2017). Finally, all the experiments are
repeated at least 10 times for 100 training rounds (with vary-
ing random seeds) and, then, for each metric (e.g., global
accuracy), the median of the observed values from all the
repeated experiments is computed. This is to ensure that our
results are robust against outliers (Leys et al. 2013).
Data Partitioning and Number of Clients. We use three
common data partitioning techniques for data heterogene-
ity. First, we employ the Dominant Label (DL) ratio
method, an instance of overlapping label distribution tech-
niques (Jimenez G. et al. 2024). This uses the parame-
ter p ∈ [0, 100] to control the percentage (i.e., p%) of sam-
ples with a dominant label at each client, while the remain-
ing samples (i.e., (100− p)%) are distributed evenly among
the other clients. Clearly, as p increases, greater heterogene-
ity is produced. Throughout the paper, the notation p%-DL
is employed, and we use the parameter ϕ ∈ N to describe
the number of clients that, for each label, have this label as

dominant. Hence, the total number of clients participating in
the training is C = |C| = ϕ·L. We also employ the Sharding
and Dirichlet data partitioning methods.
Metrics for Catastrophic Forgetting in SFL. A common
metric of forgetting in CL is the backward transfer (BW),
which has been adapted for FL as follows (Lee et al. 2022):

BW =
1

L

L∑
l=1

max
r∈{1,...,R−1}

(Ar
l −AR

l ), (1)

where Ar
l is the accuracy of label l at round r < R. It cap-

tures the difference between the maximum (“peak”) accu-
racy and the final accuracy of each label at the end of train-
ing (i.e., round R), averaged over all labels. The BW met-
ric is better suited for dynamic input data, where the per-
formance of a label may decrease with time as other labels
appear more often (e.g., in temporal data). For this reason,
and motivated by what we observe in Fig. 2, we also mea-
sure the (average) performance gap (PG) between labels, for
each round r, as follows:

PG(r) = 1

L

L∑
l=1

max
k∈L

{|min(0, (Ar
l −Ar

k))|}. (2)

The quantity above measures the maximum difference in
performance between each label and the best-performing
one, averaged over all labels. Essentially, PG(r) captures the
average “gap” between the per-label accuracies at round r.

We evaluate CF with the two metrics above, while, in
Sec. 5, we employ an additional metric in the case of cyclic
order and DL partitioning, the per-position accuracy. In
practice, position-k accuracy, for k ∈ {1. . L}, is the accu-
racy of the labels that are dominant in clients that are pro-
cessed at position k (in the cycle of length L) at the server.

3.2 Insights into Catastrophic Forgetting in SFL
In what follows, we study CF in SFL, while occasionally
focusing on intraCF. We first introduce two different types
of processing orders at the server.
• No Specific Order (random). It is often implied in the
literature that the server processes the data received by each
client in a random or a first-come-first-served (FCFS) or-
der (Thapa et al. 2022), as the arrival time may depend on
network conditions (Tirana et al. 2024). To this end, we sim-
ulate the case of FCFS with a random function at each round.
• Cyclic Order. This order guarantees structure in the way
the server processes the input of different clients (at part-2).
Similar to (Swartworth et al. 2023), at each round, the server
processes the clients’ input in a cycle of length L based on
the label that is highly represented in their data, i.e., first all ϕ
clients whose highly represented label is X ∈ L, then label
Y ∈ L, and so on. This sequence remains the same across
all rounds. In our experiments, to ensure that the results are
independent of the type of label, the order (sequence) of the
labels is randomly selected in each experiment.
Scale of clients (ϕ). In the cyclic order, larger values of ϕ
imply that the data of more clients of the same type (e.g.,
with the same dominant label in DL partition) are processed
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DL Global Accuracy (↑) Performance Gap (PG) (↓) Backward Transfer (BW) (↓)
Model ratio ϕ=1 ϕ=5 ϕ=10 random ϕ=1 ϕ=5 ϕ=10 random ϕ=1 ϕ=5 ϕ=10 random

CIFAR-10
MobileNet 80 45±0.8 43.7±1 41.1±1 35±4 29±3 38.7±3 43.4±3.6 46.4±3 33.5±6 39±6 28±5 56±7

IID:(80, 10) 60 70±0.1 67±0.5 67.5±0.4 66±2 15±0.7 17±0.7 21.6±3.6 23.4±2 10.7±1 11±2 8±2 27±7

ResNet101 80 36.2±1 38±0.7 21.3±3 33±3.5 24±3 35.2±3 69.7±5 57±5 40±10 29±4 21±9 68±9

IID:(68,15) 60 52.4±1 51±0.8 45.7±2 48±3 19±1 20.6±3 38.2±4.5 32±6 23±4 22±11 14.5±147±7

CIFAR-100 with 20 superclasses (L = 20)
MobileNet
IID:(44,28)

80 36±0.7 36±0.4 27.5±0.3 38±0.4 31±1.7 29±1.6 32±3 31.1±2 17±2 16±1 17±3 38±2

ResNet101
IID:(38,29)

80 23.6±1 20±1.7 26±2.4 23±1.6 42±4 40.4±6 54.1±2.2 45.6±5 39±6 42±7 25±5 60±8

CIFAR-100 with all classes (L = 100)
MobileNet
IID:(33, 42)

80 27±0.1 27±0.1 28±0.2 28±0.1 48.6±1 49±0.8 46±1 46.7±2 13±2 13±2 11±1 22±0.5

SVHN
MobileNet
IID:(89,5)

80 77.4±0.477.7±0.478±0.5 77±0.6 24±0.3 24±0.4 22±0.2 24±0.7 6±1 7.7±1 7±0.5 9±1

ResNet101
IID:(88,6.2)

80 63±2 67±3 66.2±1.6 59.7±2 40±2 46±3 42±1 54.9±1 7.7±4 6±3 8±5 11±6

Table 1: Global accuracy, Performance Gap, and Backward Transfer (reported median of the last five rounds across all runs) for
cyclic & random order (ϕ is the scale of the clients in the cyclic order). The parenthesis under the model type shows the global
accuracy and the PG for IID data. The upward/downward arrows indicate that large and small values are desirable, respectively.

one after the other. In other words, ϕ gives the scale of repe-
tition of clients of the same type. In the random order, while
such repetitions may occur, they may vary from round to
round, and thus, ϕ is meaningful only in the cyclic order.

Table 1 shows the global accuracy, PG, and BW for the
random and cyclic order with different values of ϕ in a va-
riety of models and datasets. We observe that, in most of
the lines, the best accuracy, PG, and BW are achieved by
the cyclic order (for any ϕ), with a few corner cases where
random has slightly better accuracy than cyclic, but higher
PG. Also, we observe that among the different values of ϕ,
lower values yield the best accuracy, indicating that diversity
in the training sequence is crucial. This finding aligns with
other studies in the literature on CL, e.g., (Lin et al. 2023),
but has not been showcased in SFL, until now. When ϕ is
large, the server consecutively processes ϕ clients’ data that
have the same dominant label. This leads to more frequent
updates related to a single label, allowing the model to learn
this label better, but at the cost of forgetting previous ones.1
Even though training seems to be more stable (i.e., lower
BW), this leads to an increased PG, which implies higher
disparity among labels’ performance (leading to intraCF).

Both the PG and the BW metrics show that structured
processing order policies (at the server), such as the cyclic
order, lead to lower forgetting and better training stability
when compared to unstructured ones, e.g., random order.
This aligns with existing theoretical results on CL and linear
regression (Evron et al. 2022). Moreover, as we can already
observe in Table 1 (in terms of accuracy and PG), many
characteristics of forgetting in CL also occur in SFL (e.g.,

1A small exception is observed in SVHN, which appears to be
less sensitive to ϕ because its label distribution is uneven; thus,
labels with more samples dominate model updates regardless of ϕ.

Figure 3: Accuracy (y-axis) and PG (x-axis) achieved by
MobileNet/CIFAR-10 for SFL with different cuts (4, 15, and
23, resp.) and cyclic order (ϕ = 10), and FL/SplitFedV1.

that larger and more complex models are more sensitive to
CF (Ramasesh, Lewkowycz, and Dyer 2021)). Hence, de-
spite the differences in the two settings (CL and SFL), for-
getting in these settings carries similarities, which can help
to better understand CF and intraCF in SFL.
Cut Layer and IntraCF. Fig. 3 depicts the global ac-
curacy and the PG for different cut layers (in SFL), and
for SplitFedv1 (Thapa et al. 2022), a variant of SL. In
SplitFedv1, part-1 is trained as in SFL, and part-2 is trained
at the server using a copy for each client, while all copies are
aggregated at the end of each round. It has been shown that
its performance is the same as that of FL (Gao et al. 2021;
Thapa et al. 2022), and hence, we also denote it by FL. For
high data heterogeneity, i.e., 80%-DL, as we go from shal-
low to deep cut layer, the accuracy increases and the per-
formance gap drops. We recall that the deeper the cut layer
is, the larger part-1 becomes, i.e., more layers are trained
at the clients (in parallel) and aggregated at the end of the
round. Hence, a deep cut layer highlights the effect of CF in
part-1, while a shallow cut layer highlights the effect of in-
traCF on CF. The former is related to the aggregation under
data heterogeneity, while the latter to the processing order
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at the server. These results imply that the impact of CF in
part-1 (model drifting) is smaller than the effect of CF in
part-2 (intraCF), i.e., the cut layer balances the impact of
model drifting of part-1 and intraCF of part-2.

Due to the previous observation, we expect that the deeper
the cut layer is in SFL, the more similar the model performs
to FL. We see that, in terms of accuracy, SFL performs bet-
ter than FL under IID data. As data heterogeneity increases,
however, FL performs better (54% vs 43%, under 80%-DL),
as also observed by (Gao et al. 2020), as a result of aggregat-
ing the entire model. In terms of CF, under 80%-DL, there is
a significant performance gap between FL and SFL, for any
cut layer. However, we see something unexpected: the PG
of SFL with shallow cut layer (which showcases intraCF) is
very close to that of deep cut layer (which showcases the CF
of part-1). This means that although FL performs better un-
der high heterogeneity, implying that aggregation has a pos-
itive impact on CF, the fact that the last layers of the model
are processed at the server (sequentially) leads to high CF
in SFL. The importance of the last layers of the model to the
training and CF has also been shown in CL in (Ramasesh,
Dyer, and Raghu 2021; Zilly et al. 2021).

4 Hydra: A Novel Method to Mitigate CF
We observed that intraCF contributes more to the phe-
nomenon of forgetting in SFL than the model drifting of
part-1, with the last layers playing an important role. Meth-
ods in related work concerning CL or FL often utilize multi-
ple blocks of higher layers, where each one of them is allo-
cated to a different task, e.g., (Gurbuz and Dovrolis 2022;
Kim, Liu, and Ke 2022; Chen et al. 2023; Hemati et al.
2025). In such methods, often called multi-head, the lower
layers are shared among all tasks, while there exist multi-
ple higher layers. We notice that the design of SFL naturally
aligns with the multi-head architecture, as the higher layers
are handled only by the server. Leveraging this together with
the benefit of averaging under heterogeneous data (as shown
by the accuracy and PG of FL in Fig. 3), we propose the first
multi-head solution for SFL, named Hydra, to tackle CF in
SFL. Hydra derives from our insights in Sec. 3.
Design Details. Hydra extends SFL by modifying its work-
flow at the level of the server. Fig. 4 presents Hydra’s design
and workflow. In detail, part-1 is trained in the same way
as before (solely handled by the clients), while part-2 (man-
aged by the server) is split and composed of: (i) a unique
part-2a, shared among all clients and updated sequentially,
and (ii) G multiple versions of part-2b (heads), which are
updated in parallel and aggregated (through FedAvg) at the
end of each round. Each head corresponds to a label or a su-
perclass (i.e., multiple labels). Further, the data correspond-
ing to a group of clients is assigned to a specific head based
on the highly represented labels in their data. This is done
through a mapping that the server performs, where it assigns
the different outputs (activations) of part-2a to the different
heads during forward propagation. A natural choice for the
number of heads is the number of labels, i.e., G = L, fol-
lowing the multi-head approaches in CL. However, G can be
tuned according to the server’s memory capacity to reduce
overhead, as we discuss below.

* All part-2b_X (heads) are aggregated 
at the end of each round

Part-1 trained 
as in SFL

SERVER

CLIENT 1

CLIENT 3

CLIENT 2

Part-2a
(trained 
sequentially )

Part-2b_2

Mapping to 
Part-2b_labelX

…

Clients with label 2 
highly represented:

Clients 2, … …

HYDRA
Clients with label 1 
highly represented:

Clients 1, 3, … 
Part-2b_1

Figure 4: The workflow of Hydra, the proposed method to
mitigate catastrophic forgetting in SFL.

The group of clients corresponding to each head is de-
fined at the beginning of the training to cluster clients with
similar data distributions, reducing large gradients that could
overwrite previous updates. Homogeneity within a group en-
sures minimal weight changes, effectively addressing CF.
This grouping requires each client to send information on
the distribution of labels in its local data (as a vector of
length L) before the training starts. The grouping algorithm
is based on resource allocation problems and aims at group-
ing clients with similar label distributions while ensuring
that the repartition of clients among the groups is balanced
across all groups. In detail, it assigns clients to groups in a
greedy way: for each group, the algorithm finds the client
with the largest number of samples from the corresponding
label and repeats this process until all clients have been as-
signed to exactly one group. Finally, by iterating through the
groups instead of the clients, the repartition of clients into
the groups is balanced. Note that the same mapping is then
used inversely by the server during backward propagation.

Unlike the existing multi-head approaches in CL, whose
final trained model contains multiple heads, e.g., (Kim, Liu,
and Ke 2022), Hydra’s final model contains a single head de-
rived from aggregating all the different heads, making multi-
head more suitable for SFL. In fact, our evaluation (Sec. 5)
shows that aggregated heads excel in performance when
compared to typical multi-head architectures. To the best of
our knowledge, Hydra is the first attempt to fine-tune the
multi-head technique for SFL. Also, other important design
decisions of Hydra include the processing order of clients’
activations through part-2a and the length of heads (part-2b).
To this end, we thoroughly study the impact of these de-
sign choices in Sec. 5. Finally, we note that Hydra differen-
tiates from the SL variant USplit (Vepakomma et al. 2018),
in which the model is split into 3 parts, and the last (3rd)
model part is processed at the clients and aggregated (at the
end of each round). Indeed, in Hydra, the number G of heads
is bounded by L, making it less prone to model drifting w.r.t.
USplit, where C model parts are aggregated.
Hydra’s Overhead. In terms of computing cost, there is a
one-time O(G · C) cost for running the grouping algorithm
at the beginning of training to assign clients into the differ-
ent heads. During the training of part-2, there is no addi-
tional overhead since only one head is updated per batch up-
date. Regarding the aggregation of heads at the end of every
round, this can be implemented locally at the server and run
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Figure 5: Performance gap and global accuracy (median) in SFL with and without Hydra with 80%-DL. Over-the-bar text
shows the percentage of decrease/increase of the PG and global accuracy, respectively.

Global Accuracy ↑ Performance Gap ↓
Dataset Policy Sharding Dirichlet

(α = 0.3)
Dirichlet
(α = 0.1)

Sharding Dirichlet
(α = 0.3)

Dirichlet
(α = 0.1)

CIFAR10 SFL+Hydra 72 ±0.4 59 ±0.4 49 ±0.2 10 ±0.4 21 ±1 32 ±0.8
IID:(80, 10) SFL 50 ±0.4 50 ±0.5 40 ±0.6 36 ±1 43.7 ±0.5 45.5 ±1

TinyImageNet SFL+Hydra 34 ±0.1 45 ±0.1 41 ±0.3 49 ±0.6 44 ±0.6 44.5 ±1
IID:(50, 40) SFL 27 ±0.3 45 ±0.3 31 ±1 62 ±1.6 46 ±1 63 ±0.7

Table 2: Global accuracy and performance gap achieved by MobileNet with ϕ = 10 under different data partitions.

in parallel with the aggregation of part-1. We stress that Hy-
dra induces no computational overhead on the clients’ side,
since it only concerns part-2 of the model (at the server).

In terms of memory overhead, this depends mainly on the
number G and the length of the heads, but also on the imple-
mentation specifics. In practice, when the heads consist of
only the last 2 layers, the memory overhead can be as little
as G · 6MB, or G · 10MB when the heads consist of the last
6 layers. This estimation concerns Mobilenet and CIFAR-10
with a batch size of 64, and is based on the memory needed
for storing the model weights and the intermediate activa-
tions/gradients. In fact, our evaluation in Sec. 5 encourages
small heads since Hydra performs better when compared to
the case with larger heads. Similarly, we show that Hydra
leads to reduced CF when compared to vanilla SFL, even
with a small G. Finally, Hydra induces a negligible com-
munication overhead at the beginning of the training where
each client sends a vector containing the information on its
label distribution (that is needed for the mapping algorithm).

5 Experiments
In this section, we thoroughly evaluate the performance of
the proposed method Hydra. Fig. 5 presents the results from
SFL with and without Hydra (denoted by SFL+Hydra and
SFL, respectively). These results concern multiple aspects:
the processing order of part-2a at the server, datasets, ML
models, and the selection of the heads’ length.
Processing Order of Part-2a. We first focus on the case
where Hydra’s heads are small, and, in particular, their
length is only 2 layers. This means that the second cut layer
(i.e., the last layer of part-2a) is located at layer 24 and 33
for MobileNet and ResNet101, respectively. We notice that
Hydra (SFL+Hydra) under cyclic order (with any ϕ) signifi-

cantly outperforms the baseline (SFL). In detail, by employ-
ing Hydra, the labels’ performance gap decreases by up to
64.5% and 75.4% for MobileNet and ResNet101 on CIFAR-
10, respectively, while, at the same time, the global accuracy
increases by 58.9% and 112.2%, respectively, approaching
the accuracy under IID data. Furthermore, Hydra has a ro-
bust performance regardless of the client scale (ϕ), unlike
the baseline SFL. From the results for the random order,
we observe that Hydra reduces PG by up to 73%, thus pro-
viding a stable training even under a random order.

Length of Heads (Part-2b) in Hydra. We focus now (in
Fig. 5) on Hydra with small and large lengths of heads (e.g.,
for the large heads, the second cut layer is at layers 20 and
30 for MobileNet and ResNet101, respectively). In general,
for MobileNet, the two cases perform similarly, i.e, Hydra
with small heads achieves slightly better PG, while Hydra
with larger heads has slightly better accuracy, indicating that
MobileNet is not affected by the heads’ length. However,
ResNet101, a more complex model, seems to be more sensi-
tive to the length of heads since Hydra with small heads al-
ways outperforms the case of larger heads, in terms of both
accuracy and PG, a side effect of model drifting. Therefore, a
small length of heads seems to be the best design choice not
only in terms of memory overhead (as discussed in Sec. 4),
but also in terms of performance.

Types of Data Partitioning. In Sec. 4, Hydra was defined
for any data partitioning. While Fig. 5 presented evaluation
results of Hydra for the DL partition, Table 2 presents results
in three additional types of data partitioning, namely Dirich-
let with α = 0.1 and 0.3 (where lower α indicates higher
heterogeneity), and Sharding method with two dominant la-
bels. The results demonstrate that Hydra improves over the
baseline (SFL) in all the tested data partitioning methods.
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Policy Gl. Acc. ↑ PG ↓ BW ↓
SFL+Hydra 66.5±0.1 13.4±1 9±0.9
SplitFedV1/FL 55±0.2 15.7±1.5 14±2.7
SplitFedV3 43±0.3 22.6±0.8 20±2.5
MultiHead 47±0.3 36.6±0.9 25±2.6
MergeSFL 65±0.5 21±1.8 13±1.3
SplitNN 53±1 44±1 11±0.3

Table 3: Comparison of Hydra with state-of-the-art methods
in MobileNet with CIFAR-10 and 80%-DL.

Policy N◦ Gl. Accuracy ↑ Perf. Gap ↓
heads cyclic random cyclic random

SFL N/A 41.1±1 35±4 43.4±3.6 46.4±3

SFL+Hydra 10 65±0.166.5±0.1 15.4±0.613.4±1

SFL+Hydra 5 56±1 57±1 19.3±1 23.1±1.5

SFL+Hydra 2 49±1 47±1 32±2 34±2

Table 4: Ablation study on the number of Hydra’s heads (G)
with MobileNet, CIFAR-10, 80%-DL, and IID:(80, 10).

Comparison with State-of-the-Art Methods. In Table 3,
we evaluate Hydra (i.e., SFL+Hydra) using a random pro-
cessing order (i.e., capturing a more generic scenario)
and MobileNet. We compare it with other policies, i.e.,
SplitFedV1/FL (Thapa et al. 2022), SplitFedV3 (Madaan,
Kulkarni, and Pant 2022), Multihead (Chen et al. 2023),
MergeSFL (Liao et al. 2024), and SplitNN (Vepakomma
et al. 2018). All of these methods have different workflows
than SFL. Table 3 shows that Hydra significantly outper-
forms the state-of-the-art. Specifically, methods in the lit-
erature fail to improve on all metrics (indicating an unstable
training), while Hydra consistently excels in all metrics (ac-
curacy, PG, and BW). Importantly, Hydra outperforms the
other multi-head approaches (i.e., SplitFedV3 and Multi-
Head). This highlights that Hydra’s aggregation of the heads
is a key feature over the classic multi-head approaches.
Moreover, MergeSFL achieves a global accuracy compara-
ble to the one of Hydra. However, a significant drawback of
MergeSFL lies in its implementation, which requires syn-
chronization among clients and more frequent updates (due
to micro-batches). Finally, among all the methods in the lit-
erature, SplitNN is the only one where the server processes
clients’ data in a specific order (typically random). As a re-
sult, SplitNN has the worst (i.e., highest) performance gap
among all methods due to forgetting.
Closing the Labels’ Performance Gap. To better under-
stand Hydra’s performance, we dive into the per-position ac-
curacy (i.e., the accuracy of the labels that are dominant in
clients that are processed at a certain position, see Sec. 3.1).
In Fig. 6, we see that Hydra effectively reduces the labels’
performance gap and stabilizes the training, even in a highly
heterogeneous scenario, i.e., 80%-DL. In detail, unlike the
baseline (SFL), there is no significant gap among the dif-
ferent positions. We note that the peaks and troughs in the
subplot on the right are a result of the processing order un-
der non-IID data. Finally, the global accuracy improves over
SFL, i.e., 44% instead of 28%, after 100 rounds.

Figure 6: Per-position accuracy in SFL, and SFL+Hydra for
ResNet101 with CIFAR-10 and 80%-DL partition.

Ablation Study on the Number of Heads G. As discussed
in Sec. 4, Hydra’s memory overhead can be adjusted by
reducing the length of part-2b and/or G. For the former,
we showed that a smaller part-2b performs better. Table 4
reports the performance of Hydra for different values of
G for CIFAR-10 and different processing orders of part-
2a (cyclic with ϕ = 10 and random). For CIFAR-10, we
define G superclasses based on the semantic relationships
among labels, similar to (Bai et al. 2021). For example, when
G = 2, we consider the two superclasses: animals and no-
animals. We see that Hydra performs best when G = L, but
still outperforms the baseline SFL in all metrics, even for a
smaller number of heads. These results highlight an interest-
ing trade-off between memory overhead and performance.

6 Conclusion and Discussion
In this work, we studied the phenomenon of catastrophic for-
getting as a result of data heterogeneity in SFL. Our empir-
ical analysis was performed in a variety of scenarios (e.g.,
ML models, datasets, etc.) allowing us to identify key pa-
rameters and derive insights into CF in SFL. Based on these,
we proposed Hydra, a novel mitigation method. We showed
that it successfully alleviates the forgetting while increas-
ing the global accuracy and closing the labels’ performance
gaps. Hydra induces minimal computing and memory over-
head (that can be further reduced through design choices)
and outperforms baselines and state-of-the-art methods.
Limitations and Future Work. Despite the absence of the-
oretical claims in this work, our empirical analysis of CF in
SFL paves the way towards a theoretical/convergence anal-
ysis of SFL with respect to key parameters such as the cut
layer and the processing order at the server. Such an analysis
could also be the stepping stone towards establishing the-
oretical guarantees for Hydra. Furthermore, an interesting
direction for future work is to incorporate client selection
policies into the analysis of CF, but also in Hydra, similar to
related work in FL, e.g., (Lee et al. 2022). Finally, our ab-
lation study on the number of Hydra’s heads revealed that
semantic relationships among labels may play an important
role in CF and in SFL’s training in general. While this as-
pect was not the primary focus of this work, we believe that
it should be studied in the future, as it has been done for
continual learning (Ramasesh, Dyer, and Raghu 2021).
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