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Loci: Federated Continual Learning of
Heterogeneous Tasks at Edge

Yaxin Luopan, Rui Han , Qinglong Zhang , Xiaojiang Zuo, Chi Harold Liu , Senior Member, IEEE,
Guoren Wang , Senior Member, IEEE, and Lydia Y. Chen , Senior Member, IEEE

Abstract—Federated continual learning (FCL) has attracted
growing attention in achieving collaborative model training among
edge clients, each of which learns its local model for a sequence of
tasks. Most existing FCL approaches aggregate clients’ latest local
models to exchange knowledge. This unfortunately deviates from
real-world scenarios where each model is optimized independently
using the client’s own dynamic data and different clients have
heterogeneous tasks. These tasks not only have distinct class labels
(e.g., animals or vehicles) but also differ in input feature distribu-
tions. The aggregated model thus often shifts to a higher loss value
and incurs accuracy degradation. In this article, we depart from the
model-grained view of aggregation and transform it into multiple
task-grained aggregations. Each aggregation allows a client to learn
from other clients to improve its model accuracy on one task. To this
end, we propose Loci to provide abstractions for clients’ past and
peer task knowledge using compact model weights, and develop a
communication-efficient approach to train each client’s local model
by exchanging its tasks’ knowledge with the most accuracy relevant
one from other clients. Through its general-purpose API, Loci can
be used to provide efficient on-device training for existing deep
learning applications of graph, image, nature language processing,
and multimodal data. Using extensive comparative evaluations,
we show Loci improves the model accuracy by 32.48% without
increasing training time, reduces communication cost by 83.6%,
and achieves more improvements when scale (task/client number)
increases.

Index Terms—Federated continual learning (FCL), hetero-
geneous tasks, task-grained aggregation, edge computing.

I. INTRODUCTION

ARTIFICIAL intelligence (AI) applications are widely de-
ployed on edge devices or clients, e.g., classifying image

objects [1], [2], translating text [3], and recognizing patterns
in social graphs [4]. Federated learning (FL) [5] enables edge
clients to collaboratively learn a global model by aggregating
their local models without exchanging the raw data. Federated
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continuous learning (FCL) addresses scenarios where clients in-
crementally train models over a sequence of tasks characterized
by their data distributions. For example, Fig. 1(a) illustrates a
FCL scenario ofn edge clients in an image classification applica-
tion. Each client learns its own sequence of heterogeneous tasks,
namely distinct class labels (e.g., cars, ships, and houses in client
1, and cats, dogs, and horses in client 2) and a subspace of input
feature distribution for each task. Fig. 1(c) further shows that
such heterogeneous tasks widely exist in edge AI applications
of different data modalities, such as graph [4], text [3], and
multi-modal data [1], [2]. It is exceedingly challenging to learn
AI models that can be generalized on such heterogeneous tasks,
which vary across clients and over time, especially on resource
strenuous edge devices.

Challenges: The main focus of existing FCL studies is on
incorporating the knowledge from peer clients’ latest local
models [6], with an implicit assumption that these tasks are
homogeneous or similar. This unfortunately deviates from the
real-world application scenarios [7], [8], [9], [10], where each
participating client trains the local model for its own sequence
of tasks. At the same time, different clients have heterogeneous
tasks, resulting in a large discrepancy of gradients in their loss
space. As illustrated in Fig. 1(a), the aggregated model drifts
to a higher loss space [11] (i.e., negative knowledge transfer)
and causes accuracy degradation. To verify the above claim,
Fig. 1(b)’s evaluation result shows that existing FL for homo-
geneous/heterogeneous models [12], [13], [14], [15], FCL [16],
[17], [18], and clustered FL [19], [20], [21] all have consid-
erable accuracy decreases in their local models after aggre-
gating other clients’ heterogeneous tasks. The first challenge,
therefore, requires us to depart from the model-oriented view
of global aggregation and manage it at a finer level of task
granularity. One feasible approach of incorporating heteroge-
neous tasks’ knowledge in global aggregation is to upload the
information of clients’ historical and current tasks to the central
server. The second challenge lies in designing a scheme to
support such global knowledge exchange with low communi-
cation cost. In existing approaches, the exchanged information
can be training samples [21], [22], extracted knowledge [17],
[18], information matrix [23], or tasks’ mask parameters [24].
However, since the communication cost of extra information
is proportional to model size, task number, and client number.
These approaches incur high communication cost and become
infeasible when running on edge devices with limited network
bandwidth. For instance, when applying FedKNOW [18] to
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Fig. 1. An example scenario of FCL with heterogeneous tasks.

aggregate ResNet-18 across 10 clients (each one has 10 tasks),
the average communication cost is 1.18 GB per aggregation,
which is several 3 to 4 orders of magnitudes larger than network
bandwidths.

In this paper, we present Loci, a FL approach designed for
collaboratively learning heterogeneous tasks across edge clients.
To address the first challenge, Loci employs a novel task memory
palace which transforms one global aggregation into multiple
task-grained aggregations. Each aggregation allows a client to
extract knowledge from other clients to improve its local model’s
performance on one task (that is, positive knowledge transfer to
this task). To this end, it retains the compact knowledge of all
clients’ previously learned tasks and organizes these tasks in an
index tree such that tasks close in feature values are grouped
in the same node. For a task-grained aggregation, Loci quickly
identifies this task’s similar tasks in the task memory palace and
only aggregates the task with them. The task memory palace
also supports dynamic addition of newly arrived tasks with
incremental tree updating (inserting or deleting leaf nodes) and
combines similar tasks, hence it is scalable to large task and
client numbers.

To address the second challenge, each time a client completes
learning a new task, loci extracts its knowledge as a compressed
network and sends it to the server-side task memory palace only
once. In global aggregation, Loci uses the task memory palace
to share and exchange knowledge among clients and transfers
the learned knowledge to the client’s local model via compact
distilled models [25].

We fully implement Loci on top of PyTorch and integrate
our system with MMCV (Convolution Neural Networks) [26]

and Huggingface (transformers) [27]. We show that Loci en-
ables positive knowledge transfer with low computation and
communication costs. Using applications of various data modal-
ities (image, text, graph, and multimodal), we demonstrate the
effectiveness of Loci by comparing it with three categories
types of state-of-the-art distributed learning techniques: FL
methods with homogeneous and heterogeneous models [12],
[13], [14], [15], FCL methods [16], [17], [18], and clustered
FL methods [19], [20], [21]. Extensive experiments on four
types of commodity edge devices (Jetson TX2, Xavier NX,
AGX, and Raspberry Pi) show: (i) Loci improves model ac-
curacy by 32.48% using similar or less model training time,
in which the searching of similar tasks only takes less than
0.1% of entire training time. In challenging scenarios of 50
tasks or 200 clients, our approach achieves a significant accu-
racy improvement (57.43%); (ii) When completing the same
training jobs, Loci reduces communication time by 83.6%; (iii)
Loci achieves both 44.48% accuracy improvement and 67.14%
communication cost reduction in decentralized/Gossip-based
model training; and (iv) Loci is applicable to different continual
learning algorithms and follows the convergence proof curves.
We make the following contributions in this paper:
� We present Loci, the first-of-kind FL system on heteroge-

neous tasks with evolving data distributions.
� We design the task memory palace to quickly search for

peer and historical tasks that are influential for improving
each client’s local model accuracy.

� We show how our task memory palace allows clients to
cooperate independently and avoid high communication
costs.

Authorized licensed use limited to: TU Delft Library. Downloaded on August 19,2025 at 09:31:32 UTC from IEEE Xplore.  Restrictions apply. 
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� We demonstrate how Loci scales up to a large number of
heterogeneous tasks and clients.

� We extensively evaluate the effectiveness of Loci with
popular benchmarks in CV, NLP, graph, and multimodal
applications.

II. BACKGROUND AND RELATED WORK

In this section, we first introduce heterogeneous tasks with
evolving input distributions and their corresponding distance
metrics in four prevalent AI applications (Section II-A), and
then discuss related work (Section II-B).

A. Heterogeneous Tasks

Definition 1. Task and heterogeneous task: Each task Ti
consists of a set of input data Xi = {xi,1, xi,2, . . .} and a set
of corresponding class labels Yi = {yi,1, yi,2, . . .}. Any two
different tasks Ti and Tj meet the following two conditions: (1)
their input data Xi and Xj are not identical and independently
distributed (Non-IID); (2) their labelsYi andYj are not identical.
We refer to these two tasks as heterogeneous tasks (denoted as
Ti �= Tj) due to their non-identical data distributions and disjoint
label sets.

Heterogeneous tasks widely exist in diverse data modalities
and applications and this paper studies four examples:
� Graph applications: A task consists of multiple graphs,

where each graph contains multiple nodes and edges. The
heterogeneity between two tasks is characterized by their
inconsistent edges, nodes, and topological structures in
the graphs. For instance, task 1’s star-shaped structure
and task n’s polygon-like structure in Fig. 1(a), and the
heterogeneity/distance between them is calculated as the
discrepancy between the nodes/edges of graphs.

� Computer vision (CV) applications: Two heterogeneous
tasks have different local features in their images, e.g.,
houses in task 1 and cats in task n (Fig. 1(a)). Their het-
erogeneity is calculated as the discrepancy of the extracted
local features.

� Text applications: Two heterogeneous tasks have different
vocabularies and underlying semantics. In Fig. 1(a)’s ex-
ample, task 1’s texts discuss cars and task n’s texts focus
on phones. Hence their heterogeneity is calculated as the
discrepancy between vocabularies and semantics.

� Multimodal applications: A task contains multiple types
of data such as graphs, images, and texts. Therefore, the
heterogeneity between two tasks is calculated as the sum
of the heterogeneity of each data type they contain.

B. Related Work

FL is a collaborative learning paradigm designed to train mod-
els on distributed edge devices without directly sharing raw data,
thereby ensuring data privacy and security [5]. Recently, FL has
attracted significant successes in various AI applications, typical
examples include: (i) graph applications: due to the high degree
of correlation between nodes in graph data, current research [28]
has designed specific federated graph frameworks to efficiently

transfer node information between different clients. (ii) NLP ap-
plications: most text-related tasks rely on large language models,
e.g., GPT [29], and FL methods focus on compression, prun-
ing, and parallel computation techniques. (iii) Computer vision
(CV) applications: most FL methods study image classification
applications [12], object detection and semantic segmentation
applications [30]. (iv) Multimodal applications: these applica-
tions require models capable of processing multiple different
types of data, such as image-text matching. FL methods have
effectively used representation learning methods to efficiently
transfer client information [31]. At present, numerous efforts
are contributed to address incremental tasks and heterogeneous
models in clients’ non-IID datasets.

FL with heterogeneous models: These methods aim to ag-
gregate models of distinct architectures submitted by differ-
ent clients [32]. In addressing the challenges posed by model
heterogeneity, the concept of knowledge distillation has been
widely applied in federated learning. FedMD [33] is the first
to use public and private datasets to obtain information about
heterogeneous models on individual clients. It uses the log-
ical outputs of local models on the public dataset as global
knowledge. Then FedDF [34] refines a set of client-side teacher
models into a server-side student model. RHFL [35], [36] learns
the knowledge distribution of other clients by aligning models’
feedback on unrelated public data. [37] further reduces com-
munication cost from clients to the server using a compression
approach. FedGEN [38] considers server-independent public
datasets and employs data-free distillation for federated training.
FedGKT [14] performs dual-end knowledge distillation on client
and server models. Recently, FedKD [39] designs various dis-
tillation losses based on the network layer on the client-side. In
addition, FedKEMF [40] considers merging all teacher networks
during aggregation, and uses a common dataset to distill a better
server-side global network. Some other methods combine trans-
fer learning and knowledge distillation to address the challenges
of model heterogeneity [41], [42]. In conclusion, current FL
methods assume that all local models learn the same task.

FCL: Developed from the standard FL methods such as
FedAvg [12], FCL methods are developed to learn incremental
classes/tasks in individual clients while tackling catastrophic
forgetting problems, which are extensively studied in tradi-
tional memory rehearsal [43], [44], regularization-based tech-
niques [7], [8], and dynamic architectures [9], [10], [45]. In a
FL environment, these methods can be divided into two types.
First, federated incremental class learning (FCIL) employs a
hypernetwork to cope with the learning of new classes [46], or
develops an enhancer knowledge distillation method to mitigate
the imbalance between old and new knowledge [16], [47], [48].
Second, FCL methods allow each client to learn its private
task sequence and exchange knowledge with other clients via
a global Fisher matrix [23], model divisions methods (base
parameters and adaptive parameters) [17], and signature task
knowledge [18]. In global aggregation, however, both types of
methods implicitly assume that all clients submit their latest
local models, which are trained for their own task sequences.

Clustered FL methods aggregate models of similar train-
ing data. They divide participating clients into different

Authorized licensed use limited to: TU Delft Library. Downloaded on August 19,2025 at 09:31:32 UTC from IEEE Xplore.  Restrictions apply. 
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Fig. 2. Loci process and its two design objectives. We assume that there are c clients participating in the training and m (m < c) clients are selected to participate
in the aggregation at the server side in each round.

clusters/groups, where each one contains clients with similar
training data. Specifically, CFL [19] utilizes cosine-similarity
to measure clients’ models/gradients in clustering. FICA [20]
employs a weight sharing mechanism to reduce the overhead
of client clustering. PFE [49] trains each client to learn a
sparse representation model before clustering. FLIC [50] de-
signs an incremental clustering strategy for asynchronous FL.
GradMFL [21] combines clustering with gradient memorization
techniques to constrain the direction of client model updates.
FlexCFL [51] groups clients based on their optimization ob-
jectives and decomposes the global optimization objective into
sub-objectives of groups. ACFL [52] introduces a mean-shift
clustering algorithm for clients and only selects a part of clients
from each cluster in training with an auction mechanism. Clus-
terFLADS [53] first extracts neurons from each layer and then
uses PCA dimensionality reduction to calculate the similarity of
client models. Based on the assumption that the clients in the
same group have similar tasks, these methods directly aggregate
these clients’ latest local models.

III. DESIGN OF LOCI

A. Overview

We design Loci to enable accurate and efficient aggregation
for heterogeneous tasks on federated edge devices. As shown
in Fig. 2, Loci employs the task memory palace to address
model heterogeneity across different clients. This data structure
consists of two parts: (1) all clients’ task knowledge is retained
as compact model weights; and (2) an index tree groups similar

tasks together and allows quick search of each client’s most ac-
curate relevant tasks. Using task memory palace, Loci integrates
each client’s model with the knowledge of past and peer tasks
into a single model using five steps.

At step 1, the knowledge extractor employs the standard
knowledge distillation method [54] to approximate the output
probability distribution of each client’s local model and trans-
forms it into a compact network, termed knowledge distillation
(KD) model. The KD-model is then sent to the server. At step
2, the server-side heterogeneous-aware model selector searches
the task knowledge palace and finds the k most similar task
knowledge for each client. At step 3, the model aggregator
sequentially aggregates each client’s KD-model and the k task
knowledge using optimal transport [55], which ensures that the
parameters aggregated at each position have similar functional-
ity and thus maximizes the acquisition of beneficial information
to enhance model accuracy. Subsequently, step 4 sends the
updated KD-models to all clients. Each client first evaluates
its KD-model before and after aggregation and obtains the
evaluation parameters λkd and λkd′

. Its knowledge integrator
then uses the updated KD-model, and retrains the local model
as the student model using a few iterations. At each iteration,
the integrator computes the task loss and distillation loss of
the local model, and uses the relative sizes of λkd and λkd′

as
hyperparameters in the calculation of the final gradient g′i, thus
preventing the local model from negative knowledge transfer.
Finally, after the training of the current task completes, the
knowledge extractor extracts its knowledge and sends it to
the server.

Authorized licensed use limited to: TU Delft Library. Downloaded on August 19,2025 at 09:31:32 UTC from IEEE Xplore.  Restrictions apply. 
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Fig. 3. An example of adding new task knowledge to task memory palace.

During the whole training process, the KD-model used in
Loci is much smaller than the client’s local model, thus the
computational cost is low when training the local model using
the KD-model (as the teacher model). Moreover, the knowl-
edge extractor prunes and encodes the trained KD-model into
compact knowledge and transmits it to the server with low
communication cost [56], [57], because the task-specific model
weights are highly sparse and they are only communicated once
upon creation. The extracted knowledge maintains most of the
task’s information for two reasons. First, it filters and deletes
irrelevant model weights, while the weights retained in client i’s
task knowledgewi can accurately recover the information of task
t+ 1. Second, the pruning phase is architecture-independent and
can be completed quickly on edge devices. Expanding the above
knowledge extraction and the recovery process with structured
pruning techniques (such as L1 norm or L2 norm filter pruning
[58]) is feasible. We now introduce the task memory palace and
four components of Loci.

B. Task Memory Palace

In Loci, task memory palace stores the knowledge of all
clients’ tasks and employs an RTree to organize the knowledge in
a bottom-up fashion, as illustrated in Fig. 3. Task memory palace
is defined as a 3-tuple (W,A,N), where W = {w1, . . . wt}
represents the knowledge of k learned tasks, A = {a1, . . . at}
is these tasks’ indexes (each index contains two floating numbers
and represents a point in the 2D plane), and N represents
the minimum bounding rectangles (MBRs) used to form the
Rtree. That is, each Rtree leaf node holds the index of a task’s
knowledge or a group of similar tasks’ knowledge. Note that
task knowledge has over 10 k dimensionalities but its index’s
dimensionality is usually less than 10 to support fast Rtree
construction, updating, and searching. Task memory palace is
designed with four objectives.

Compact task knowledge: Task memory palace transforms
each task’s corresponding model weights into its knowledge

using model pruning techniques (e.g., compressed column stor-
age). The knowledge corresponds to a small proportion of the
weights with the highest values to retain the most important
information and reduce memory footprint.

Fast search of accuracy relevant task knowledge: Task mem-
ory palace employs an Rtree to organize all task knowledge
in a hierarchical way and groups similar task knowledge into
the same node. Specifically, the construction of the RTree first
groups similar task knowledge in leaf nodes, and then groups
similar leaf nodes into one non-leaf nodes. Each non-leaf node
contains pointers to multiple child nodes and their corresponding
MBRs, which help efficiently index and search for relevant
task knowledge. In Fig. 3’s example, the spatially closed task
knowledge a6 and a7 are group in leaf node N2. Leaf nodes N1

and N2, which are close in the task knowledge, are grouped in
non-leaf node N5. Hence using the Rtree, task memory palace
is able to quickly search a task’s similar knowledge even under
large client and task numbers.

Updating of Rtree with new task knowledge: Task memory
palace supports incremental task knowledge updating via fast
tree node addition/deletion. Specifically, the addition process
has three steps. Step 1 transforms task knowledge wi into a
lower-dimensional task index aki = f(wi, X) and step 2 fur-
ther employs PCA dimensionality reduction to reduce this in-
dex’s dimensionality, because Rtree works effectively in low-
dimensional space. Finally, step 3 searches wi’s most relevant
knowledge from the RTree.

Note that Loci uses multi-head cross-entropy loss LMCE

to estimate the relationship between these two task indices:
LMCE(a

k
i , a

k
j ). If this relationship value exceeds a threshold

φ, the knowledge of two tasks is merged in the same node;
otherwise, a new node is inserted into the Rtree to store the
new task index aki . Fig. 3 shows an example. Step 1 transforms
the task knowledge wi, wj into task index aki and akj and step 2
reduces the dimensionality of them to 2. Finally, step 3 shows
two conditions of new task knowledge addition: if akj (repre-
sented by the black point) is similar to ak1 , two tasks are merged;
otherwise, aki (represented by the red point) is added as a new
Rtree node.

The task memory palace is designed for low computation
overheads and memory footprints. First, it employs an RTree to
ensure logarithmic time complexity in searching, updating, and
merging task knowledge. When task memory space has N task
knowledge, the time complexity is justO(logN). Second, it only
stores compressed task knowledge and dimensionality-reduced
task indexes. Each task knowledge and each index have less than
5% and 0.05% of the original model’s memory footprint. Third,
it merges similar task knowledge to support continual learning
of large numbers of tasks.

C. Similarity-Aware Model Selector

The selector is designed to identify similar task knowledge
for each client’s submitted model. It takes the m KD-models
Wkd = {Wkd

1 ,Wkd
2 , . . . ,Wkd

m } from the current clients and the
task knowledge in the task memory palace as input and outputs
m sets. Each set comprises a client’s KD-model Wkd

i ∈ Wkd
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and h(k < n) task knowledge {w1, w2, . . . , wh} that have the
highest similarity to Wkd

i . The selector compares the similarity
of task knowledge obtained from the task memory palace to
ensure that they are sufficiently similar. For this, Loci provides
two similarity measurement methods.

Similarity measurement based on weight: Based on the pa-
rameter space theory [59], this method measures the similarity
between two models in their parameter space. That is, two mod-
els are similar if the geometry distance between their parameters
is small. Specifically, the weight metric (Sw()) calculates the
similarity between the parameters of the two models on a per-
layer basis, taking into account their corresponding parameters.
Given the disparity in the sizes of the parameters across the
layers of a neural network, Loci averages the similarities across
all layers. Specifically, assuming that the model hasL layers and
|| denotes the magnitude of a vector, the weight-based similarity
measurement Sw(W

kd
i , wj) is calculated as:

Sw

(
Wkd

i , wj

)
=

L∑
�=1

|Wkd,(�)
i − w

(�)
j |

|Wkd,(�)
i |

(1)

Similarity measurement based on activation vector: Based
on representation learning theory [60], which states that large
models can be mapped to low-dimensional feature space while
preserving their behaviors, this method first transforms original
models into activation vectors of fewer dimensions. It then calcu-
lates the distance between two vectors to measure the similarity
of corresponding models. Specifically, the vector metric (Sa())
is designed to compare the output of activation vectors between
two models. Specifically, for a client’s KD-modelWkd

i and a task
knowledge wj , their corresponding Sa(W

kd
i , wj) is calculated

as:

Sa

(
Wkd

i , wj

)
= LMCE

(
f
(
Wkd

i , X
)
, f(wj , X)

)
(2)

Where X represents some sample features stored on the server,
f(Wkd

i , X) and f(wj , X) denote the activation vectors of Wkd
i

and wj respectively, and LMCE() is the multi-head cross-
entropy loss function.

D. Model Aggregator

The model aggregator aims to transfer the information from
each client’s selected task knowledge to its local KD-model
to improve its accuracy. In transfer, the vanilla averaging may
not map the parameters directly to each other and lead to a
large discrepancy in neurons at the same position. For instance,
the pth neuron in Model A may be more similar to the qth
neuron rather than the pth neuron in Model B. To this end, the
model aggregator employs optimal transport [55] to align the
task knowledge to the client’s KD-model layer by layer, and
then performs vanilla averaging of the model parameters. The
optimal transport method [55] is able to find the optimal mapping
between two probability distributions. In the aggregator, these
two distributions are the KD-model and the task knowledge, and
the optimal mapping corresponds to the minimum difference of
parameters between them. Hence after mapping, similar model
parameters are moved to the same group and then aggregated.

This alignment can be represented by a permutation matrix.
Formally, suppose the task knowledge wj corresponding to the
KD-model Wkd

i , which includes L layers of parameters. After
the parameters of the first �− 1 layers are aligned, the parameter
arrangement for the �th layer W k,(�)

j is calculated as:

w̃
(�)
j = diag

(
1/β(�)

)
·T(�)� · ŵ(�)

j (3)

Whereβ(�) = 1o(�)/o
(�) represents a random probability vector,

o(�) is the output size of the current layer; T(�) denotes the
transportation matrix for the current layer, which can be obtained
by solving an Optimal Transport (OT) problem [61]; ŵ(�)

j rep-
resents the variable obtained by projecting the �th layer of the
task knowledge into the client’s KD-model. The computation of
ŵ

(�)
j is necessary because the reordering in the previous layer

(�− 1) mutates the parameters in layer �. Hence the compu-
tations is based on layer (�− 1)’s parameters w

(�−1)
j and their

corresponding optimal transport matrix T(�−1):

ŵ
(�)
j = w

(�−1)
j ·T(�−1) · diag

(
1/β(�−1)

)
(4)

After alignment, the client’s k task knowledge are adjusted
to {w̃1, w̃2, . . . , w̃

k
h}. The final aggregated model Wkd′

i is com-
puted as:

Wkd′

i =
1

2
∗Wkd

i +
1

2k
∗
(
w̃k

1 + w̃2 + · · ·+ w̃h

)
(5)

E. Knowledge Integrator

The integrator runs on resource-constrained edge devices and
it aims to prevent negative knowledge transfer from the updated
KD-model to the client’s local model. To this end, the integrator
compares the KD-model before and after global aggregation,
and transfers the knowledge of better one to the local model Wl

i

with three steps. Step 1 uses local samplesXi, Yi to calculate top
1 scores of Wkd

i ,Wkd′
i and get λkd and λkd′

. Step 2 calculates
the gradients according to (6).

gli = ∇LCE

(
f
(
Wl

i, Xi

)
;Yi

)
gkdi = ∇LKL

(
f
(
Wl

i, Xi

)
; f

(
Wkd

i , Xi

))
gkd

′

i = ∇LKL

(
f
(
Wl

i, Xi

)
; f

(
Wkd′

i , Xi

))
(6)

where LCE() refers to the cross-entropy loss function, and
LKL() represents the Kullback-Leibler (KL) divergence loss.
Based on the comparison between λkd and λkd′

, step 3 judges
the integration as negative knowledge transfer if λkd′

< λkd.
Subsequently, the KD-model with a higher value is chosen to
participate in the final gradient computation according to (7).

g′i = gli + γ ∗ λkd ∗ gkdi + (1− γ) ∗ λkd′ ∗ gkd′

i (7)

where γ is used to determine whether λkd ≤ λkd′ or not. If so,
the value of γ is set to 0; otherwise, it is set to 1.

F. Knowledge Extractor

The extractor is designed to quickly maintain most of the
task’s information in the obtained knowledge. For such an
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Fig. 4. An example process of learning task 4 at client 1. (a) and (b) show how to aggregate client 1’s local model; (c) shows how to distill aggregated knowledge
from this local model; and (d) shows how to extract the task knowledge.

issue, the extraction process utilizes the weight-based pruning
technique [56], [57] to remove most of the model weights whose
absolute values are lower than a given threshold and retain the
remaining ones (e.g., 10%) as the signature task knowledge. For
example, this pruning technique can remove over 90% of the
weights in VGG-16 [62] and causes negligible accuracy losses.
This process has four steps: step 1 first trains the KD-model
Wkd

i until convergence; step 2 selects a ratio ρ (e.g., 10%) of
weights with the highest values; and step 3 fine-tunes the weights
in Wkd

i while keeping other model weights unchanged. Finally,
step 4 encodes the pruned KD-model, recording the magnitude
and position of non-zero weights.

Note that the extractor is only executed once after a task’s
training completes and sends the compact knowledge of this
task to the task memory palace. That is, the model pruning in
the extractor works independently with the client’s local training
and hence has no influence on the local model’s accuracy.

G. Running Example

This section presents an example of learning a new task with
Loci: Fig. 4 demonstrates client 1’s learning process of task 4
(tasks 1 and 3 have been learned). This process includes i rounds
and each round consists of j local training iterations and one
aggregation. At step 1 (round 2), the server receives client 1’s
KD-model Wkd

1 and forwards it to the similarity-aware model
selector. At step 2, the selector first computes the indexes ak1
to ak10 of the task memory palace, and then calculates their
similarity to Wkd

1 based on activation (2) or weight (1). This
step selects the two most similar task knowledge and transmits
them to the model aggregator. In the following three steps,
the aggregator first calculates the optimal transport matrices

T1 and T10 for similar task knowledge w1 and w10(step 3).
Subsequently, it uses these matrices to realign the parameters of
w1 and w10 and produces w̃1 and w̃10 according to (3) and (4)
(step 4). Finally, the aggregator generates the aggregated model
Wkd′

1 using federated averaging and sends it back to client 1
(step 5).

After completing round 2, Loci prevents negative knowledge
transfer when integrating the KD-models with client 1’s local
model. Specifically, at step 6, the knowledge integratorfirst
calculates the prediction results of the KD models Wkd

1 and
Wkd′

1 . It then computes gradient gl1, gkd1 , and gkd
′

1 according
to (6). At step 7, the integrator calculates the gradient g′1 using
these three gradients (7) and updates the local model. Finally, the
knowledge extractor prunes and encodes client 1’s KD-model
Wkd

1 and sends it back to the task memory palace.

IV. IMPLEMENTION

Portability: We implemented Loci on python version 3.7.10.
We added 2372 lines of code (LoC), modified 175 LoC, and
removed 279 LoC of the mainline code. It’s index tree and PCA
dimensionality reduction is implemented using rtree 4.6.3 and
scikit-learn 0.1.2. Meanwhile, Loci employs 10 regular edge
devices (including four Jetsons and six Raspberry Pis) as clients,
and the parameter interaction among different clients is based
on flwr 0.17.0.

Applicability to DNNs: Loci has designed the DNNAdapter in-
terface to better adapt and manage various DNNs. This interface
comprises the following three key functions: 1. loadModel(): this
function is responsible for loading the DNN and initializes all
parameters within the model. 2. setModel(): this function pro-
vides various elements required during the training of different
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DNNs. These elements include but are not limited to the number
of iterations, learning rate, and so on. 3. unifiedForward(): this
function serves to standardize the parameter transmission in
the ‘forward()’ method of different DNNs. Regardless of how
the original parameters in a DNN’s ‘forward()’ are designed,
unifiedForward() ensures a consistent and simplified forward
propagation interface for clients. The current implementation
of Loci supports prevalent models across four applications: for
CV applications, it supports ResNet, MobileNet, and ViT series
models; for NLP applications, it supports RNN, TextCNN, and
Transformer series models; for graph applications, it supports
GCN and GAT series models; and for multimodal applications,
it supports CLIP series models.

Furthermore, Loci not only supports DNNs with multiple
training strategies but is also compatible with various federated
learning frameworks. To achieve this goal, we designed the
CLUser interface. This interface integrates various continual
learning methods, allowing DNNs to select and use the different
training strategies. In addition, we also implemented the Frame-
workIntegrator, which offers compatibility with several main-
stream federated learning frameworks, such as Flower [63] and
DisPFL [64], ensuring that Loci can flexibly adapt to different
federated learning scenarios and requirements.

V. EVALUATION

A. Experimental Settings

Testbed: To demonstrate the cross-platform capability of Loci,
we selected four commodity edge platforms. The Jetson TX2
is equipped with a 256-core NVIDIA Pascal GPU and 8 GB
memory. The Jetson Xavier NX features a 384-core NVIDIA
Volta GPU and 16 GB memory. The Jetson AGX incorporates a
512-core Volta GPU with Tensor Cores and 32 GB memory. The
Raspberry Pi 4 Model B has a quad-core 64-bit ARM Cortex-
A72 processor and 4 GB (8 GB) memory. All platforms operate
on Ubuntu 18.04.5 LTS and run DNNs in PyTorch 1.9.0 (Python
3.6.9).

Datasets and DNN models: We select nine representative
FL and continual learning benchmarks to evaluate Loci [74].
Following their settings, the training and test points in each
dataset are divided into different tasks without overlap. In the
NLP application, the ASC dataset is constructed by merging
the HL5Domains [68], Liu3Domains [69], Ding9Domains [70],
and SemEval14 datasets. Table I lists the dataset, client task
information, and model for different applications. Specifically,
for CV applications, we deploy the 6-CNN and 10-CNN models
on 4 Raspberry Pi devices, and ResNet and ViT series models on
6 Jetson devices. For NLP applications, we deploy TextCNN and
RNN models on 4 Raspberry Pi devices, and deploy LSTM, Bert
and 2 GPT series models on 6 Jetson devices. Both GPT series
models are trained using LoRA. For graph applications, we
deploy 2-layer GCN models on 4 Raspberry Pi devices, and GCN
and GAT models on 6 Jetson devices. Finally, for multimodal
applications, we deploy CLIP-RN50 models on 2 Raspberry Pi
devices, and CLIP-RN50 and CLIP-RN101 models on 3 Jetson
devices. In addition, when using LoRA to fine-tune the GPT
series models, only a small percentage of parameters are updated

TABLE I
DNN AND DATASET SETTING FOR DIFFERENT APPLICATIONS

in Loci: for the GPT2 model with 125 M parameters and the
GPTNeo model with 127 M parameters, the percentage is about
1% and hence about 1.2 M parameters are trained.

Task and dataset assignment: Following the setting of Fe-
dRep [15], we set the distributions of tasks and datasets to ensure
their heterogeneity across clients. In evaluation, each client has
a random sequence of tasks, where each task includes 2 to 5
classes, and each class’s data is composed of 5% to 10% of the
training samples. The number of each client’s tasks is shown in
Table I.

Compared baselines: Three categories of state-of-the-art
FL techniques are compared. FL methods with homoge-
neous/heterogeneous models: (1) FedMD [12] uses public
datasets to update the distillation model during aggregation.
(2) FedKD [13] designs various distillation losses based on the
network layer on the client-side. (3) FedKEMF [15] considers
merging all teacher networks during aggregation, and uses a
common dataset to distill a better server-side global network. (4)
FedGKT [14] designs a variant of the alternating minimization
approach to train small models on edge nodes and periodically
transfer their knowledge by knowledge distillation to a large
server-side model.

FCL methods: (1) GLFC [16] designs the multi distillation
loss to balance the forgetting of old classes and distills consistent
inter-class relations across tasks. (2) FedWEIT [17] uses masks
to divide model weights into two categories: base weights and
adaptive weights. It stores the adaptive weights of all past tasks
from every client in a knowledge base, allowing clients to easily
access previous information. (3) FedKNOW [18] uses model
weight as task knowledge to obtain the past task information
and uses quadratic programming to calculate the gradient. (4)
FedViT [75] retains training samples of vision transformers and
uses them in new task training. (5) TFCL [76] uses knowl-
edge aggregation and model decomposition to learn similar
tasks within clients. (6) AFFCL [77] uses a generative model
to estimate data distribution and employs feature replay and
knowledge consolidation to prevent catastrophic forgetting.

Clustered FL methods: (1) CFL [19] divides clients into clus-
ters based on the cosine-similarity of their gradients/parameters,
and performs global aggregation for clients in the same cluster.
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(2) IFCA [20] estimates the clustering identity of clients, op-
timizes the model parameters for each cluster, and also allows
parameter sharing among different clusters; (3) GradMFL [21]
introduces a hierarchical cluster to organize clients and supports
knowledge transfer among different hierarchies.

Evaluation metrics: In evaluation, we use both model accu-
racy and training time (measured in hours). The accuracy metric
is the top-1 accuracy on test data points: the top predicted class
(the one with the largest probability) is the same as the actual
class label. In continual learning, the reported accuracy for task
tm is derived from the mean accuracy across all m tasks learned
up to that point.

B. Evaluations of Model Accuracy Under Heterogeneous
Tasks

In this evaluation, we follow the setting of hyperparameters in
the widely used benchmark of lost domain generalization [78].
For each dataset, this benchmark searches the optimal hyperpa-
rameters that produce the highest accuracy. The detailed settings
have two parts:

The first part is the common settings for all methods. The
evaluation is conducted on a cluster of heterogeneous edge
devices: 2 Jetson TX2, 2 Jetson AGX, 2 Raspberry Pi(8 GB),
and 4 Raspberry Pi(4 GB) devices for CV, NLP and graph
applications; and 2 Jetson AGX, 1 Jetson TX2, and 2 Rasberry
Pi(8 GB) devices for the multimodal application. In hyperparam-
eter search, we set the search range for the aggregation rounds
between 5 to 15 and for training iterations between 5 to 150.
For all datasets in different applications, we set the number of
global aggregation rounds as 1. For FedKEMF, FedKD, and
Loci, each round includes 5 local iterations and 5 global knowl-
edge integration iterations. For FedMD, each round comprises
5 training iterations on the public dataset and 5 iterations on the
client’s private dataset. For other methods, each round has 10
local training iterations.

The second is the settings for specific applications. For the
hyperparameter search pertaining to each baseline method, we
determine the bounds of the search space as 1/2 and 2 times the
parameter value from its original evaluation. In the FL methods
with heterogeneous models and Loci, we choose GEM as the
local continual learning technique in clients. For IFCA, the initial
number of clusters is set to 3. For Loci, the search space for
the number h of candidate models and the number k of the
most similar candidate models during aggregation is defined as
{10, 20, 40} and {5, 10, 15}, respectively.

Specific hyperparameter in task memory palace: Loci merges
similar tasks in the task memory palace to improve its scalability.
This process has two hyperparameters: (1) a similarity function
to calculate the similarity between tasks; and (2) a similarity
threshold to determine whether two tasks should be merged. We
note that commonly used similarity functions are mean squared
error (MSE), KL divergence, and multi-head cross-entropy. Loci
chooses multi-head cross-entropy, because MSE is mainly used
for regression problems and KL divergence is more sensitive
to data. Our evaluation of Table I’s 9 datasets shows that KL
divergence has large or small values when processing datasets

TABLE II
COMPARISON OF ACCURACY (%) AND ACCURACY IMPROVEMENT (%) ON

DIFFERENT APPLICATIONS AND DEVICES

of large discrepancy, thus may lead to inaccurate calculations
of task similarities. In contrast, multi-head cross-entropy has
moderate values in task similarity calculation and hence it is
robust to data discrepancy.

In addition, Loci’s similarity threshold is domain-specific. Its
value depends on the dimension of the compressed vector, which
varies across different applications (domains) and models. For
each application, we first test the impact of different thresholds
on accuracy under a fixed storage limit (1 GB), and then select
the threshold that achieves the highest accuracy. For CV, NLP,
Graph, and multimodal applications, we set the task similarity
thresholds as 0.3, 0.2, 0.35, and 0.4, respectively.

Comparison results: Fig. 5 demonstrates the comparison re-
sults of Loci and baseline techniques. We have two key obser-
vations.

Impact of negative knowledge transfer: All baseline meth-
ods suffer from negative transfer due to task heterogeneity.
Specifically, the six FCL methods are designed to aggregate
models with the same network structure, thus leading to the
lowest accuracies. The three clustered FL methods aggregate
local models of similar tasks, and result in low accuracies under
scenarios with a large number of tasks (Fig. 5(c)) or complex
tasks (Fig: 5(i)). FedKD, FedMD, FedGKT and FedKEMF have
higher accuracies, because they can use knowledge distillation to
aggregate the models with heterogeneous network structures. In
contrast, Loci prevents negative knowledge transfer using task-
oriented aggregation, thus avoiding unrelated task information
in affecting local model training.

Impact of heterogeneous edge devices: The FCL methods take
14.13% longer training time than other methods because they
have larger local models and thus have a slower local training
process on Raspberry Pi (the slowest device with CPU cores).
In addition, CFL, IFCA, and GradMFL require re-partitioning
of client clusters before each aggregation, thus causing extra
computational time (approximately 20% of the total training
time). In contrast, Loci takes shorter time than baseline methods,
because it employs compact networks to transmit task knowl-
edge. Table II lists the converged accuracy (Acc) and accuracy
improvement (Imp) of Loci compared to the baseline methods on
four edge devices. We can see that Loci still maintains high ac-
curacies on Raspberry PI with the smallest amount of resources
and achieves more accuracy improvements compared to baseline
methods. This is because some methods, such as FedWEIT,
have large memory footprints and cause out-of-memory errors.
We can also observe that Loci achieves the largest accuracy
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Fig. 5. Comparison of model accuracy and training time between Loci and 13 baseline methods.

improvement in graph applications. This is because graph data
has sparse and complex relationships between nodes and edges,
worsening the accuracy degradation due to the negative transfer
among heterogeneous tasks. In contrast, Loci transfers knowl-
edge among similar tasks and thus effectively mitigates such
problem.

Compared to baseline methods, Loci improves accuracy by
an average of 36.57%, 21.4%, 55.18%, and 16.76% in CV, NLP,
graph, and multimodal applications, respectively. Overall, Loci
improves accuracy by an average of 32.48%.

C. Evaluation of Communication and Computation Cost

This section’s evaluation compares different methods’ com-
munication costs based on the gRPC framework [79]. In system
implementation, gRPC serializes the communication content
(e.g., model parameters or samples) into binary for network
transmission and measures the cost as the data size of transmitted
content. Note that for GPT series models, only part of the
parameters participating in LoRA training are transmitted.

Table III reports the comparison results. We can observe
that the methods using knowledge distillation (FedMD, FedKD,
FedKEMF, and FedGKT) have smaller communication costs
than other baseline methods, because they upload entire local
models in aggregation. In particular, FedWEIT causes the largest
communication cost because it needs to transmit all clients’ task
knowledge to each client. GradMFL has the second largest cost
because it transmits additional information of clients’ historical
training samples. In graph applications, FedMD has the largest
communication cost because it transmits clients’ local samples
and outputs to the server, and both contents have large data
size in graphs. In contrast, Loci has the lowest communication
costs (83.6% lower on average) because it only transmits tasks’
specific knowledge as compact networks.

Discussion of network bandwidths: In a distributed training
environment, network bandwidth is a key factor that influences
communication time. Based on the evaluation of the Cifar100
dataset, we test all methods’ total communication time under
four distinct network bandwidths ranging from 50 KB/s to

TABLE III
COMPARISON OF COMMUNICATION COST IN DIFFERENT APPLICATIONS

1 MB/s. As shown in Fig. 7, When the bandwidth is limited
(100 KB or 200 KB), methods (that is, GLFC, FedWEIT,
FedKNOW, CFL, IFCA, GradMFL, TFCL) that directly upload
local models take nearly 40 additional hours compared to other
methods. The two methods (FedWEIT and GradMFL) with the
largest communication cost take 60 hours. This communication
time is close to 1.5 times of their training time. Overall, Loci
consumes the least communication time compared to other base-
lines, and saves more communication time when the network
bandwidth decreases. For example, Loci saves 25 hours when
the bandwidth is 100 KB/s.

Discussion of computational costs: Following the setting of
the previous evaluations, we break down Loci’s computational
cost into four parts according to its components: similarity-
aware model selector, model aggregator, knowledge integrator,
and knowledge extractor. Fig. 6 shows Loci’s average training
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Fig. 6. Breaking down Loci’s computational costs on its components.

Fig. 7. Comparison of communication time under different bandwidths.

time (hour) on all datasets. We can see that the knowledge inte-
grator takes most of the training time because it needs to perform
expensive gradient calculations. The other three components
search and select task knowledge using the task memory palace
and they take less than 20% of the total computational cost. Fig. 6
also shows the training time on Raspberry Pi. We can see this
slowest device takes 76.29% of the total training time, because
it needs to compute gradients using CPU cores.

D. Scalability to Task and Client Numbers

In this section, we compare the average accuracy and the
searching time of similar models using Loci and FedKD /FedMD
/ FedKEMF / FedGKT. Note that we do not consider GLFC,
FedWEIT and FedKNOW, because their training causes out-of-
memory errors under large task/client numbers.

Number of tasks: In this evaluation, we combine MiniIma-
geNet, Cifar100, FC100 and TinyImage datasets to construct
a new dataset with 50 tasks, where each task has 10 classes.
We follow the setting of FedRep [15] and randomly distribute
this dataset to 10 clients for task heterogeneity(each client has
50 heterogeneous tasks). We evaluate Loci and four baseline
methods when the number of tasks increases from 1 to 50.
Fig. 8(a) shows that Loci consistently delivers higher accura-
cies than other baseline methods, because Loci can effectively
prevent negative transfer. Fig. 8(b) shows the searching time of
similar tasks in Loci and baseline methods. We can see Loci
considerably reduces searching time by 50x, because it employs
an index tree to organize tasks in leaf nodes and provides
logarithm time complexity in querying.

Number of clients: In this evaluation, we combine MiniIm-
ageNet, Cifar100, FC100, and TinyImage to generate training
and test sets, and employ the FedRep allocation strategy [15]
to assess the impact of client number on different methods.
Fig. 9(a)’s result shows that when the client number increases
from 10 to 200, the accuracies of all methods linearly decrease.
This is because the training set is fixed and each client’s number
of training samples linearly decreases when the client number
increases, while the client has a fixed number (10) of tasks and
test set. We can also observe that Loci achieves more accu-
racy improvement as client number increases. This is because
more clients lead to higher task heterogeneity, and the baseline
methods suffer from severe negative transfer. In addition, under
large client numbers, Loci also achieves the highest accuracy
(Fig. 9(b)) and saves more searching time (Fig. 9(c)). Overall,
Loci searches similar models using only 5.51 seconds, and saves
the searching time by over 95% compared to other methods.

E. Discussion of Different Training Algorithms and
Decentralized Setting

Applicability to continual learning algorithms: We test
six algorithms belonging to three typical categories: (1)
regularization-based techniques: EWC [7] and MAS [80]; (2)
memory-based techniques: GEM [43] and MEGA [44]; and
(3) dynamical architecture-Based techniques: Packnet [45] and
ChannelGate [9]. We apply these methods in the local training
of FedKD, FedMD, FedKEMF, FedGKT and Loci. FedWEIT,
FedKNOW, and GLFC still use their proposed local training
techniques. We use Cifar100 dataset with 10 tasks.

Fig. 10 shows that Loci maintains the highest accuracy com-
pared to other methods, and it has larger accuracy improvements
when using EWC, MAS, and MEGA as the local training
algorithms. Some baseline methods such as FedMD, FedKD,
FedKEMF and FedGKT show much lower accuracies, because
the applied continual learning algorithms amplify the negative
transfer. Overall, Loci improves the accuracy by an average
of 48.7%.

In this evaluation, we also evaluate Loci in a decentralized
setting using Cifar100 and MiniImageNet datasets. Without the
central parameter server, Loci constructs a local task memory
palace for each client and updates it using task knowledge
from neighboring clients. We compare Loci with three latest
decentralized learning methods: (1) Token gossip [81] learning
enhances inter-client interactions using sampling-based com-
pression and token techniques; (2) PENS [82] facilitates inter-
actions between clients with similar data; and (3) DisPFL [64]
combines decentralized and personalized FL to mitigate the im-
pact of limited communication. Fig. 11 shows that Loci achieves
much higher accuracies in both datasets. This indicates that the
local task memory palace in each client can effectively mitigate
negative knowledge transfer. DisPFL outperforms the other two
methods because it introduces a localized personalized learning
to alleviate the negative knowledge transfer. Overall, Loci has
45.70% higher accuracy compared to the three decentralized
methods.
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Fig. 8. Discussion of model accuracies under different numbers of tasks.

Fig. 9. Discussion of model accuracies under different numbers of clients.

Fig. 10. Applicability of Loci to six categories of CL methods.

Fig. 11. Discussion of model accuracies under decentralized setting.

F. Ablation Study

In this section, we take the Cifar100 dataset and the seven
CV models as an example to test whether Loci suffers from
overfitting when learning similar tasks from other clients, and
discuss the design choices of its three components: task memory
palace, model selector, and model aggregator.

Discussion of overfitting under similar scenarios: We test
Cifar100 and MiniImageNet datasets and report Loci’s degree of
overfitting, namely the model’s accuracy gap between training
test sets when it repeatedly learns similar tasks. In evaluation, we
equally partition the training set into 10 parts and assign each part
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Fig. 12. Training and test accuracies when learning similar tasks.

Fig. 13. Impact of compression dimension on model accuracy and task search-
ing time.

to a client. That is, each client contains 10% of training samples
and a sequence of similar tasks. Fig. 12’s evaluation result shows
that the accuracy gaps remain consistent (around 13.7%) as
more similar tasks are learned, indicating our approach has no
overfitting when learning similar tasks from other clients.

Discussion of task memory palace: We test six compression
dimensions of task memory palace to discuss their impact on
model accuracy and training time. Fig. 13(a)’s result shows that
when the compression dimension is larger than 10, the model has
similar accuracies. In contrast, when the dimension is reduced to
5, 2 or 1, the model accuracy significantly decreases. In addition,
Fig. 13(b) shows that the task memory palace’s searching time
linearly increases with the compression dimension. Hence our
approach set compression dimension to 10 to provide both high
accuracy and short searching time.

Discussion of similarity threshold: In this evaluation, we take
the Cifar100 dataset (the compression dimension is 10) as an
example and test the impact of the similarity threshold on model
accuracy. Fig. 14 shows that the accuracy has small fluctuations
under different similarity thresholds. The results indicate that
our approach has low sensitivity to the similarity threshold and
can consistently find similar tasks when the similarity threshold
varies.

Discussion of model selector: We test three different task
selection strategies in our model selector: (1) selecting models
with similar tasks (used by Loci); (2) selecting models with
dissimilar tasks; and (3) randomly selecting models. Fig. 15’s

Fig. 14. Impact of similarity threshold on model accuracy.

Fig. 15. Impact of task selection strategy on model accuracy.

Fig. 16. Impact of pruning rate on accuracy and computation time in knowl-
edge extractor.

result shows that the first selection strategy indeed brings 7.72%
higher accuracy than the other two strategies.

Discussion of knowledge extractor: Loci’s knowledge extrac-
tor prunes and encodes the model. Our first evaluation tests three
pruning rates and Fig. 16(a)’s result shows that 95% pruning rate
has similar accuracy to no pruning, because the remaining 5% of
model parameters retain most of the task knowledge. In contrast,
pruning rates 98% and 99% incur considerable accuracy losses.
The second evaluation tests the percentages of training time in
pruning, fine-tuning, and encoding the KD-model. Fig. 16(b)’s
result shows that most of the time is spent in fine tuning the
compressed KD-model and all three steps take 11.16% of the
total model training time.
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VI. CONCLUSION

This paper presents the design, implementation and evalu-
ation of Loci, a FL framework that can effectively integrates
the positive knowledge from heterogeneous tasks of different
data modalities while keeping the on-device training efficient.
The proposed approach assembles each client’s model of the
most helpful past and peer tasks, while optimally integrating
this global model with the client’s local model with high accu-
racy and low overheads. Extensive evaluations in real scenarios
against latest FL techniques strongly prove the efficacy and prac-
ticality of Loci, especially for challenging learning scenarios of
50 different tasks and 200 clients.
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