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Abstract

Federated Continual Learning (FCL) enables distributed
clients to collaboratively train a global model from online
task streams in dynamic real-world scenarios. However,
existing FCL methods face challenges of both spatial data
heterogeneity among distributed clients and temporal data
heterogeneity across online tasks. Such data heterogeneity
significantly degrades the model performance with severe
spatial-temporal catastrophic forgetting of local and past
knowledge. In this paper, we identify that the root cause of
this issue lies in the inherent vulnerability and sensitivity of
gradients to Non-IID data. To fundamentally address this is-
sue, we propose a gradient-free method, named Analytic Fed-
erated Continual Learning (AFCL), by deriving analytical
(i.e., closed-form) solutions from frozen extracted features.
In local training, our AFCL enables single-epoch learn-
ing with only a lightweight forward-propagation process for
each client. In global aggregation, the server can recursively
and efficiently update the global model with single-round
aggregation. Theoretical analyses validate that our AFCL
achieves spatio-temporal invariance of Non-IID data. Ex-
tensive experiments show the consistent superiority of our
AFCL regarding accuracy and efficiency over state-of-the-art
baselines across various benchmark datasets and settings.

1. Introduction
Federated Learning (FL) is a widely adopted paradigm that
enables distributed clients to collaboratively train machine
learning models while preserving the privacy of their respec-
tive data [9, 11, 13]. In traditional FL, the data heterogeneity
(i.e., Non-IID issue) across distributed clients represents one
of the most critical challenges, leading to a degradation in
the performance of the aggregated global model on local
tasks [48, 59, 72]. While many studies have been proposed
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to address this issue [3, 57, 67], they are typically based
on an unrealistic static assumption that the domains and
categories of all clients’ data remain unchanged [62, 64, 66].

Federated Continual Learning (FCL) breaks these static
limitations by allowing clients to continuously acquire new
knowledge from online task streams [35, 36, 70]. Although
FCL expands the applicability of FL in dynamic real-world
scenarios, it introduces a more challenging issue: spatio-
temporal data heterogeneity [60, 63, 65]. This heterogeneity
arises not only across different clients (i.e., spatial level) but
also in different tasks of the same client (i.e., temporal level),
forming a complex interplay, as shown in Figure 1 (a).

The direct negative impact of spatial-temporal data hetero-
geneity is spatial-temporal catastrophic forgetting [63, 65],
as illustrated in Figure 1(b). Catastrophic forgetting is origi-
nally a term from Continual Learning (CL), used to describe
the phenomenon where deep models, after being trained on
new data samples, tend to rapidly forget previously acquired
knowledge [10, 39]. In FCL, the local models face temporal
forgetting as new data continue to arrive over time for both
existing clients and incoming clients [6, 40]. Meanwhile, the
Non-IID data across clients can cause the aggregated global
model to forget each client’s local knowledge in a spatial
sense [5, 53]. Moreover, as the local clients employ the ag-
gregated global model as the basis to further learn the next
task, the spatial and temporal forgetting interplay with each
other, making directly applying CL to FL infeasible [6, 65].

Spatio-temporal data heterogeneity can severely disrupt
the stability of gradient-based updates to affect the model
parameters [63, 65]. In this paper, we identify that the root
cause of spatial-temporal catastrophic forgetting lies in the in-
herent sensitivity of gradients to Non-IID data. Specifically,
as data distributions evolve over time and space, gradient-
based updates tend to overwrite well-learned model param-
eters from previous tasks, leading to spatio-temporal catas-
trophic forgetting. Thus, our key insight is to fundamentally
address spatio-temporal catastrophic forgetting in FCL by
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Figure 1. The spatial-temporal data heterogeneity and spatial-temporal catastrophic forgetting in FCL.

avoiding the primary culprit of gradients. Recent studies
have shown the effectiveness of frozen pre-trained models in
handling spatial-temporal heterogeneity among the fields of
FL [4, 47, 52], CL [10, 42, 44, 45, 68], and FCL [49, 63, 65].
These findings validate our insight, but no existing work has
fundamentally addressed the heterogeneity issue in FCL.

In this paper, we first posit that the ultimate goal for bridg-
ing this gap in FCL is achieving spatio-temporal invariance
to data heterogeneity, i.e., regardless of how heterogeneous
the data are distributed across clients and tasks in FCL, the
aggregated model remains invariant. To fulfill this goal and
fundamentally address the heterogeneity in FCL, we propose
a gradient-free method, named Analytic Federated Continual
Learning (AFCL). In our AFCL, each client shares a frozen
foundation model as a gradient-free feature extractor. Then,
we further develop a gradient-free classifier with analytical
(i.e., closed-form) solutions, allowing each client to embed
local knowledge via lightweight and forward-only training.
Thus, by aggregating each client’s local knowledge in a one-
shot manner, the server can recursively construct and update
a meticulously designed Global Knowledge Matrix, from
which the final global classifier can be derived. To enable our
AFCL to support the challenging class-continual scenario,
where arbitrary class-level heterogeneity exists in the clients’
online data increments, we design a known-unknown class
splitting mechanism for flexible and interpretable adaptation.

Our main contributions are summarized as follows:

• Conceptually, identifying the root cause of spatio-temporal
catastrophic forgetting, we posit the ultimate goal of spatio-
temporal invariance in FCL, and fulfill it for the first time.

• Technically, we devise an efficient gradient-free protocol
for our AFCL, involving only single-epoch local training
and single-round aggregation for each client. In this way,
our AFCL represents the first gradient-free method in FCL.

• Theoretically, we validate our AFCL’s ideal property of
spatio-temporal invariance to Non-IID data based on its
closed-form solution. Moreover, we also show our AFCL’s
interpretability via the lens of knowledge aggregation.

• Experimentally, our AFCL delivers consistent superiority
across a wide range of datasets and settings, outperforming
competitive baselines by up to 25.07% in accuracy, with
more than 90% better runtime efficiency.

2. Related Work

2.1. Federated Continual Learning

As a prevalent distributed learning paradigm, FL has made
significant progress, particularly in tackling spatial data het-
erogeneity across clients [48, 59, 72]. Traditional FL studies
are typically based on an unrealistic static assumption that
the domains and categories of training data across all clients
remain unchanged, yet failing to handle more realistic and
dynamic scenarios where each client’s data continuously
evolve with online task stream [3, 32, 67]. In this context, by
introducing the concept of CL to FL, FCL has emerged as a
prevalent topic for distributed knowledge acquisition from
the clients’ online and heterogeneous data [41, 62, 64, 66].

Recent researchers have highlighted that the interaction
between spatial and temporal heterogeneity in FCL has been
largely overlooked in existing studies [1, 60], resulting in the
challenge of spatio-temporal catastrophic forgetting [6, 53].
To date, while a few studies have attempted to address this is-
sue from the temporal-spatial perspective, none of them have
truly realized gradients as the root cause of forgetting, pre-
venting them from fundamentally resolving spatio-temporal
catastrophic forgetting [51, 60, 63, 65, 69]. To the best of our
knowledge, we are the first to posit and successfully achieve
the ideal pursuit of spatio-temporal invariance in FCL.
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2.2. Analytic Learning
Analytic learning is a representative gradient-free technique,
originally developed to address the common gradient-related
issues, e.g., vanishing and exploding gradients [25, 73]. Due
to its flexible usage of matrix inversion, analytic learning
is also referred to as pseudoinverse learning [2, 14, 61]. Its
core idea is to directly derive analytical solutions via least
squares [2, 52, 54]. With the wide adoption of the block-
wise recursive Moore-Penrose inverse, AL has shown power
in many applications, particularly in CL [18, 19, 26, 30, 52].

Nonetheless, previous research on analytic learning
has primarily focused on its partial property from ana-
lytical solutions (e.g., the temporal invariance for online
CL [10, 25, 73]). In contrast, we first introduce the concept
of analytic learning into an under-explored field of FCL, ex-
tending its invariance benefit to a holistic spatial-temporal
perspective. In proposing our AFCL, we carefully design
a known-unknown class splitting mechanism to address the
unique class-continual challenges in FCL, where arbitrary
class-level (along with domain-level) heterogeneity may ex-
ist in the clients’ online data increments across both temporal
and spatial dimensions.

3. Our Proposed AFCL
3.1. System Model
In FCL, the server typically needs to cope with two forms of
heterogeneous incremental data from clients: (1) new data
continuously collected by existing clients [6, 60, 63, 64], and
(2) new data introduced by newly joined clients [1, 7, 53, 65].
To uniformly and flexibly address the two types of temporal
increments, our proposed AFCL adopts a unified manner by
treating all the new data increments as if they were brought
by newly joined clients. Specifically, each batch of new data
continuously collected by an existing client is treated as if it
were introduced by a newly joined virtual client.

Thus, the entire system can be modeled as consisting of a
central server S and a set of K (virtual) clients, denoted by
C = {C1, C2, · · · , CK}. The k-th client’s dataset is denoted
as Dk ∼ {Xk,Yk}, where Xk ∈ RNk×ω×h×c (containing
Nk images with the shape of ω × h × c) and Yk ∈ RNk

(containing Nk examples) correspond to the stacked input
and label data for the k-th client, respectively. In FCL, each
client is considered online and incremental, and no single
virtual client can access the data of any other owing to the
spatial-temporal data isolation, even if both virtual clients
originate from the same physical entity’s varying tasks.

We further consider a challenging class-continual setting
in FCL, where each client’s data increments simultaneously
consist of both previously encountered classes and entirely
new classes, exhibiting arbitrary class-level heterogeneity. In
practice, the server is often unable to pre-determine both the
total number and specific types of classes that may appear

during training. Fortunately, each client can declare the set of
classes contained in its current local data during registration,
enabling the server to dynamically manage the class space
(e.g., the one-hot encoding mapping). Notably, since image
recognition is the most common task in FCL [32, 33, 36,
60, 63, 65, 66], we also follow this default convention in
our system model, leaving more extensions of our AFCL to
other tasks for a brief discussion in Section 5.

3.2. Motivation and Overview
In FCL, facing spatio-temporal data heterogeneity, the inac-
cessibility of local and historical data causes gradient-based
updates to induce conflicts among clients and with prior up-
dates, manifesting as spatio-temporal catastrophic forgetting.
Thus, we identify that the root cause of spatio-temporal catas-
trophic forgetting lies in the vulnerability and sensitivity of
gradients to Non-IID data. Motivated by this insight, our
AFCL is designed to fundamentally address spatio-temporal
catastrophic forgetting by avoiding the reliance on gradients.

The models within our AFCL mainly consist of two key
components: a pre-trained feature extractor and a gradient-
free analytic classifier. For the first component, employing
a pre-trained model for feature extraction has been widely
recognized and adopted across the fields of FL [4, 47, 52],
CL [42, 44, 71], and FCL [49, 63, 65]. Thus, we follow
this practice in our AFCL. This pre-trained backbone can be
flexibly determined by downloading a public model from the
Internet, according to the specific requirements of FCL (e.g.,
different sizes or performance levels). Then, we further de-
velop an analytic classifier for the extracted features, with its
final global parameters WK optimized under the empirical
risk minimization objective:

WK = argmin
W

∥Y1:K − F1:KW∥2F + γ∥W∥2F, (1)

where, F1:K is the stacked features and Y1:K is the stacked
labels with global one-hot encoding, both assembled from
the full datasets D1:K of all K clients. The term γ∥W∥2F
is used for regularization, with adjustable γ for flexibility.
Notably, we use Mean Squared Error (MSE) instead of Cross-
Entropy (CE) as the loss function for classification to enable
the closed-form solutions for our AFCL. In fact, recent work
has broadly shown that MSE can yield performance compara-
ble to or even better than CE [21, 22], with better robustness
to combat catastrophic forgetting in CL [12, 23, 25].

The framework of our AFCL is illustrated in Figure 2.
Specifically, each virtual client first registers with the server
based on the set of classes contained in its current local
data. After that, the server dynamically manages the global
class space and publishes the setting information, including
the pre-trained backbone and the one-hot encoding func-
tions with known-unknown class splitting. Then, each client
performs feature extraction and label encoding, followed by
localized analytic computation within a single epoch through
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Figure 2. The framework of our proposed AFCL.

least-squares. Finally, each client uploads the local models,
and the server recursively aggregates them to construct and
update a meticulously designed Global Knowledge Matrix,
from which the optimal global model for objective (1) can be
ultimately derived. Our AFCL is gradient-free and forward-
only, making it highly efficient for edge environments.

3.3. Known-Unknown Class Splitting

Here, considering the challenging class-continual setting of
FCL, we propose a known-unknown class split mechanism
to enable dynamic adjustments of the one-hot mapping and
model structure for effective incorporating the new classes.
Specifically, in practice, the clients’ online data stream may
introduce new classes that have not been encountered by
previous clients. Thus, faced with the continuously joining
clients, we need to not only update knowledge for previously
encountered classes but also dynamically expand the model
structure to accommodate knowledge for newly emerging
classes. To achieve this goal, each newly participating client
needs to transmit the set of classes contained in its current
local data to the server during registration. The server then
designates previously encountered classes as “known classes”

and the newly introduced classes by this new client as “un-
known classes”. Therefore, the server generates two one-hot
encoding functions for known classes and unknown classes,
which will assist the client in local training to obtain two lo-
cal models for known and unknown classes, respectively. We
show how it influences the computation in Sections 3.4–3.5.

When the k-th client connects to the server, we denote
the sets of known and unknown classes as Ŝk and Šk. Upon
receiving the k-th client’s class information, the server needs
to generate the one-hot encoding functions for known and
unknown classes, denoted as Onehotk(·) and Onehot∗k(·),
respectively. Specifically, Onehot∗k(·) is directly generated
based on the set of unknown classes Šk. As a special case,
when k = 1, there is no previous knowledge, and all classes
introduced by the first client are deemed unknown. In other
cases, Onehotk(·) is obtained via the recursive update in (2).
The server then transmits both Onehotk(·) and Onehot∗k(·)
to the k-th client as part of the setting information.

Onehotk(s) =

{
[Onehotk−1(s) 0] , if s ∈ Ŝk−1,[
0 Onehot∗k−1(s)

]
, if s ∈ Šk−1.

(2)
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3.4. Client-Side: Analytic Local Training
After obtaining the setting information from the server, each
client then locally extracts features from its local data using
the pre-trained backbone and maps the labels using the one-
hot encoding functions, as shown in Figure 2(b). Specifically,
the k-th client performs a forward propagation on its raw
local data Xk to extract the features Fk:

Fk = Backbone (Xk,ΘB) . (3)

Here, Fk ∈ RNk×lB demonstrates the features extracted
by the backbone, with its dimension lB determined by the
backbone’s output. Meanwhile, the client also employs
the obtained one-hot encoding functions Onehotk(·) and
Onehot∗k(·) to map labels from its local data Yk, as follows:

Ŷk = Onehotk(Yk), Y̌k = Onehot∗k(Yk). (4)

Here, Ŷk ∈ RNk×dk−1 and Y̌k ∈ RNk×(dk−dk−1) rep-
resent the label matrices for known and unknown classes,
respectively, where dk and dk−1 represent the total number
of classes registered by the server across the datasets from
the first k clients and the first (k − 1) clients, respectively.

Upon obtaining Fk, Ŷk, and Y̌k, the client subsequently
performs localized analytic computation, as shown in Fig-
ure 2(c). Since the client’s dataset may contain previously
unseen classes for the server, structural variations may occur
in the aggregated global models. To address this issue, in our
AFCL, each client needs to train two separate local analytic
models Ŵk ∈ RlB×dk−1 and W̌k ∈ RlB×(dk−dk−1) for the
known and unknown classes, respectively. Specifically, the
training of these local models is reformulated as two regular-
ized optimization problems in the form of (1), which can be
analytically solved as (5) and (6) through least-squares, with
the detailed derivations provided in Section 3.6.

Ŵk = (F⊤
k Fk + γI)−1F⊤

k Ŷk, (5)

W̌k = (F⊤
k Fk + γI)−1F⊤

k Y̌k. (6)

Additionally, we define the Regularized Gram Matrix for
the k-th client as Rk ∈ RlB×lB , which is computed by (7).

Rk = F⊤
k Fk + γI. (7)

This Regularized Gram Matrix is subsequently utilized
to assist the server in performing global model aggregation.
Upon finishing all the gradient-free and forward-only com-
putations as mentioned above, the k-th client then uploads
its two constructed local models (i.e., Ŵk and W̌k) and the
Regularized Gram Matrix (i.e., Rk), as its compressed local
knowledge, to the server for global knowledge aggregation.

3.5. Server-Side: Recursive Global Aggregation
After the k-th client completes the analytic local training, the
server subsequently performs recursive global aggregation
based on the received information from this client (i.e., Ŵk,
W̌k, and Rk). Specifically, by aggregating each client’s lo-
cal knowledge, the server recursively constructs and updates
a Global Knowledge Matrix Gk ∈ RlB×dk , from which the
global model Wk ∈ RlB×dk can be derived. Notably, this
aggregation process needs only a single round for each client,
thus avoiding the multi-round communication overhead.

Considering the class-continual setting of FCL, the newly
joined (virtual) clients may dynamically introduce brand new
classes that the server has never encountered. Thus, such
previously unknown classes should alter the structure of the
analytic model, changing its output dimension from dk−1 to
dk. To dynamically accommodate the structural increments
caused by previously unknown classes while simultaneously
adjust the parameters of the remaining structure based on
new data from known classes, we design a unique updating
formula for the Global Knowledge Matrix, as shown in (8).
In this way, Gk can capture and maintain the accumulated
global knowledge from the beginning up to the k-th round.

Gk = [AkGk−1 +BkŴk︸ ︷︷ ︸
(a)

BkW̌k︸ ︷︷ ︸
(b)

], k ∈ (1,K] , (8)

where
Ak = I− (R̃k−1)

−1Rk(I− (R̃k)
−1Rk),

Bk = I− (Rk)
−1R̃k−1(I− (R̃k)

−1R̃k−1),

R̃k =
∑k

i=1 Ri, Ri = F⊤
i Fi + γI.

(9)

In the first round, since all the classes are previously un-
known, there is no knowledge for the introduced known
classes, and thus G1 = W̌1 serves as a special case. The re-
cursive formula (8) for Gk expresses the knowledge update
in an explicit and interpretable manner. Specifically, the for-
mer term in (8) represents the knowledge for known classes,
which is a combination of the previously stored knowledge
AkGk−1 and the newly acquired knowledge BkŴk. The
latter term BkW̌k, which is concatenated into Gk, reflects
the acquired knowledge for the previously unknown classes.

Notably, the server does not need to store all historical
Regularized Gram Matrices, as R̃k can also be updated recur-
sively. As the clients continually join, the Global Knowledge
Matrix is dynamically updated to accommodate the incre-
mental data, while preserving the knowledge and memory
of all previously learned data. Via the recursive computa-
tion for Gk, we can further derive its closed-form general
expression in Lemma 3 within Appendix A.2. The explicit
and closed-form formulation for Gk also provides superior
interpretability for the AFCL’s knowledge update process.

Notably, the Global Knowledge Matrix is a dedicated unit
for storing globally obtained knowledge in our AFCL, rather
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than the final global model itself. After updating the Global
Knowledge Matrix Gk, the server needs to further compute
the corresponding global analytical model Wk by (10).

Wk = Gk + [(k − 1)γ(R̃k − (k − 1)γI)−1]Gk. (10)

In this way, the server continuously and recursively exe-
cutes the above process until all the K clients’ local models
have been aggregated into the global model, as illustrated in
Figure 2(d). Notably, the final global model WK obtained
by our AFCL is equivalent to empirical risk minimization in
(1) with the full datasets D1:K from all K clients.

3.6. Theoretical Analyses
To deliver our AFCL’s validity, we first confirm its derived
closed-form solutions in Lemma 1 and Theorem 1. Then, we
further deduce our AFCL’s ideal property of spatio-temporal
invariance to Non-IID data, as displayed in Theorem 2.
Lemma 1: For any optimization problem of the form:

argmin
W

∥Y − FW∥2F + γ∥W∥2F, (11)

it admits a unique closed-form solution given by:

W = (F⊤F+ γI)
−1

F⊤Y. (12)

Proof. The derivation is based on the least-squares method
with ℓ2 regularization. See Appendix A.1 for details.

According to Lemma 1, we can verify that the local mod-
els of the k-th client for the known and unknown classes
(i.e., Ŵk and W̌k) obtained via (5) and (6) are the corre-
sponding optimal local models. In addition, we can derive
that the global optimization objective with the empirical risk
minimization over the datasets D1:k from the first k clients
similarly admits the following closed-form solution:

Wk = (F⊤
1:kF1:k + γI)−1(F⊤

1:kY1:k). (13)

Based on this conclusion, we further reveal that the global
model derived from our AFCL is exactly equivalent to the
optimal solution (13) for empirical risk minimization over
the full datasets D1:k from the first k clients, as follows.
Theorem 1: In our AFCL, the computation results for Wk

by (10) is exactly equivalent to (13), which corresponds to
the optimal solution obtained via centralized joint learning
over the full datasets D1:k from the first k clients.
Proof. The proof involves two primary steps: (1) inductively
establishing the closed-form expression for Gk utilizing the
Woodbury Matrix Identity, and (2) substituting this expres-
sion for Gk into (10). See Appendix A.2 for details.

Thus, we can go on to establish our AFCL’s ideal property
of spatio-temporal invariance to Non-IID data, as follows.
Theorem 2: The final global model obtained by our AFCL
is independent of the spatio-temporal data heterogeneity and
client registration order, being identical to that obtained by
centralized joint learning over the full dataset D1:K .
Proof. The proof leverages Theorem 1 and the orthogonality
of permutation matrices. See Appendix A.3 for details.

4. Experiments

4.1. Experimental Setup

Datasets & Settings. To evaluate the performance of our
AFCL, we conduct extensive experiments on three bench-
mark vision datasets: CIFAR-100 [24], Tiny-ImageNet [27],
and ImageNet-R [20]. Moreover, to align with existing stud-
ies in FCL, we partition the training process into multiple
tasks, each involving collaborative model training among
clients. Specifically, we use the Si-Blurry setting [46] to
partition each dataset into a total of 5 or 10 tasks to simulate
varying temporal data heterogeneity. Then, we allocate each
task’s dataset among 5 clients using the Dirichlet distribution
with different parameters α to simulate varying spatial data
heterogeneity [38]. More details are given in Appendix B.1.
Baselines & Metrics. In our experiments, we compare our
AFCL against ten classical baselines, encompassing three
types: FL, FL+CL, and FCL. The FL type includes classic
methods that fine-tune across online tasks: FedAvg [43],
FedProx [31], and FedDyn [8]. The FL+CL type includes
early methods that use CL ideas with FL: FedIcaRL [50],
FedLwF [37], and FedEwc [29]. The FCL type includes
recent state-of-the-art methods: FedMGP [64], LGA [7],
FedCBC [63], and TagFCL [55]. For a fair comparison, we
use ResNet-18 [17] as the unified backbone across all meth-
ods. We employ average accuracy and knowledge retention
as performance metrics, and use the cumulative runtime for
efficiency. More details are given in Appendix B.2.

4.2. Experimental Evaluations
Invariance Analyses. First, we compare the performance
of our AFCL with baselines under various spatio-temporal
heterogeneity settings in Table 1. As shown in the results,
our AFCL consistently outperforms the state-of-the-art base-
lines by up to 0.21%–25.07%. Notably, as the temporal
heterogeneity intensifies (i.e., T rises from 5 to 10), the per-
formance of all baselines exhibits a significant decline. A
similar degradation is observed in the baselines as the spatial
heterogeneity intensifies (e.g., α decreases from 0.2 to 0.1
on CIFAR-100). These results validate our previous analy-
ses regarding the spatio-temporal catastrophic forgetting of
these gradient-based methods. Conversely, benefiting from
the ideal property of spatio-temporal invariance, our AFCL
always maintains invariant and superior performance across
all settings on each dataset. Moreover, it is foreseeable that
if spatio-temporal data heterogeneity further increases in
practice (e.g., the number of tasks T ≫ 10, the number
of clients K ≫ 5), the advantage of our AFCL can be
even more pronounced. Notably, while analytic-learning-
based methods’ advantages have been widely validated in
prior studies [18, 19, 23, 45, 68, 73], our AFCL’s advance
is markedly greater. This is presumably due to the fact that
prior studies only contended with heterogeneity in a sin-
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Table 1. Performance comparison of average accuracy among our AFCL and other baselines. The parameters T and α control the levels of
temporal and spatial heterogeneity in FCL. The bold and underlined results indicate the best and second-best performance, respectively.

Method

CIFAR-100 Tiny-ImageNet ImageNet-R

T = 5 T = 10 T = 5 T = 10 T = 5 T = 10

α = 0.1 α = 0.2 α = 0.1 α = 0.2 α = 0.1 α = 0.2 α = 0.1 α = 0.2 α = 0.5 α = 1.0 α = 0.5 α = 1.0

FedAvg [43]
FL

4.96% 6.35% 4.15% 4.98% 1.85% 2.24% 1.32% 1.47% 1.41% 1.73% 1.47% 1.65%
FedProx [31] 10.01% 12.56% 7.92% 10.45% 6.73% 7.85% 4.83% 6.27% 9.79% 12.46% 6.58% 8.65%
FedDyn [8] 11.50% 13.64% 9.01% 10.72% 6.65% 14.66% 5.37% 11.49% 13.41% 14.81% 11.95% 13.48%

FedIcaRL [50]
FL+CL

4.05% 5.52% 3.64% 3.93% 2.05% 2.41% 1.84% 1.86% 2.03% 2.22% 1.57% 1.78%
FedLwF [37] 8.37% 11.11% 4.18% 5.63% 3.13% 3.62% 2.70% 2.21% 3.13% 3.19% 2.17% 2.48%
FedEwc [29] 12.64% 14.28% 7.92% 11.48% 3.34% 4.56% 2.63% 3.39% 4.27% 4.71% 3.21% 3.30%

FedMGP [64]

FCL

23.87% 26.75% 15.21% 16.17% 12.53% 14.82% 9.60% 10.10% 18.23% 18.69% 8.75% 9.33%
LGA [7] 39.09% 40.21% 31.78% 38.56% 36.70% 38.47% 27.36% 29.33% 23.19% 29.75% 19.18% 21.59%

FedCBC [63] 43.34% 44.93% 27.32% 29.02% 31.13% 33.87% 22.48% 24.62% 23.51% 23.79% 15.72% 14.14%
TagFCL [55] 45.10% 46.64% 36.66% 36.13% 40.94% 44.98% 29.60% 32.56% 34.44% 38.01% 24.76% 28.37%

AFCL (Ours) 58.56% 58.56% 58.56% 58.56% 54.67% 54.67% 54.67% 54.67% 38.22% 38.22% 38.22% 38.22%
Advance ↑ 13.46% 11.92% 21.90% 20.00% 13.73% 9.69% 25.07% 22.17% 3.78% 0.21% 13.46% 9.85%

Figure 3. Average accuracy of our AFCL and the baselines throughout task progression.

Figure 4. Average knowledge retention of our AFCL and the baselines throughout task progression.

gle dimension (either temporal or spatial), while our FCL
scenario involves the more challenging dual heterogeneity.

Forgetting Analyses. Second, to further explore how model
performance evolves as tasks progress, we examine the varia-
tions in average accuracy and knowledge retention across all
methods, as shown in Figures 3–4. Specifically, the baselines
all suffer from severe spatio-temporal forgetting, resulting
in a marked decrease in average accuracy and knowledge
retention as tasks progress. In contrast, as our AFCL con-
tinually learns from new tasks, its accuracy shows an ini-
tial increase followed by stabilization, while maintaining

the highest knowledge retention throughout the entire pro-
cess. Notably, the knowledge retention of AFCL can exceed
100%, indicating its continual acquisition of generalizable
knowledge from incoming data. In contrast, the knowledge
retention of all baselines remains below 100%. These results
show AFCL’s gradient-free power for combating forgetting.

Efficiency Analyses. To clearly illustrate the advantage of
our AFCL, we compared its cumulative runtime in Figure 5
against two representative baselines: FedAvg, which offers
the highest efficiency, and TagFCL, which yields the best
performance. Note that the y-axis in Figure 5 is plotted on
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Figure 5. Cumulative runtime of our AFCL and the baselines throughout task progression.

Figure 6. Sensitivity analyses for the regularization coefficient γ.

a logarithmic scale. Specifically, even compared with the
most efficient baseline, FedAvg, AFCL still reduces runtime
by over 94% across all three datasets, corresponding to an
approximately ×18 to ×43 speedup. Furthermore, compared
with the best-performing baseline, TagFCL, the efficiency
advantage of our AFCL becomes even more pronounced,
with runtime reductions exceeding 98% and speedups of
roughly ×55 to ×95 across the three datasets.
Sensitivity Analyses. Finally, we show sensitivity analyses
for our AFCL to its hyperparameter, i.e., the regularization
coefficient γ, as shown in Figure 6. We can observe that the
performance of our AFCL remains relatively stable across a
wide range of the regularization coefficient γ, indicating that
it can achieve strong performance without extensive hyperpa-
rameter tuning. Performance degradation occurs only when
γ becomes excessively large, which leads to underfitting.

5. Conclusion and Discussion

In this paper, identifying the sensitivity of gradients as the
root cause of spatio-temporal catastrophic forgetting in FCL,
we propose our AFCL to fundamentally address this issue in
a gradient-free manner. To the best of our knowledge, we are
the first to posit and successfully achieve the ideal pursuit
of spatio-temporal invariance in FCL. Through meticulous
technical design, our AFCL can accommodate a wide vari-
ety of challenging settings (e.g., class-continual scenarios)
and conditions (e.g., stragglers and dropouts) in FCL. More-
over, our AFCL also exhibits superior interpretability with

great efficiency, making it highly suitable for edge environ-
ments in FCL. Thus, our AFCL promotes a new direction for
achieving high-reliability and low-cost deployment in FCL.

Since the adoption of pre-trained models is a common
practice among FL, CL, and FCL, the backbone in our AFCL
can be easily downloaded/distilled from a public model, or
trained/fine-tuned centrally on public datasets, without risk-
ing private data leakage. Unlike many recent FCL methods
that are strictly limited to heavy ViT backbones [41, 51, 65],
our AFCL supports arbitrary backbone architectures (e.g.,
lightweight ResNet), offering better adaptability for FCL. In
addition, while our AFCL focuses on the most common task
in FCL, its potential is not limited. Due to the broad adapt-
ability of analytic learning, our AFCL can be extended to
many other tasks in future work, such as graph learning [15],
semantic segmentation [30], and multimodal learning [58].
Moreover, the latest technical advancements about analytic
learning can also be incorporated into our AFCL for further
boosting its performance in future work [18, 23, 45, 68].
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