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Abstract. With the explosion of edge intelligence, leveraging federated
indirect knowledge has become crucial for boosting the tasks of individual
learners. However, the conventional approach to knowledge reuse often
leads to catastrophic forgetting issues. In this paper, we revisit the concept
of continual learning in the context of edge intelligence and address the
knowledge transfer problem to enhance federated continual learning. Since
each learner processes private heterogeneous data, we propose Pick-a-back,
a device-to-device knowledge federation framework by selectively reusing
the external knowledge with similar behavioral patterns. By borrowing
indirect experiences, an edge device can initiate learning from useful knowl-
edge and thus achieve faster yet more generalized knowledge acquisition.
Using continual tasks consisting of various datasets on lightweight architec-
tures, we have validated that Pick-a-back provides a significant inference
improvement of up to 8.0% via selective knowledge federation. Our codes
are available at https://github.com/jinyi-yoon/Pick-a-back.git.

Keywords: Federated continual learning, edge intelligence, device-to-
device knowledge federation, selective knowledge transfer

1 Introduction

As artificial intelligence (AI) permeates nearly every field, data has emerged as a
pivotal source driving remarkable advancements. Most of the data originates from
the end users or systems, stimulating a need for distributed learning on low-end
edge devices to address privacy and latency concerns [2}/31]|. However, individual
low-end edge devices often lack the computational capability to generate advanced
knowledge [6]. In the context of human learning paradigms, where any individuals
become educated and exchange helpful knowledge with one another, the emergence
of edge intelligence and its widespread availability allow external knowledge to
serve as a valuable resource in supporting individual learners. By facilitating some
sharable insights [28]/59] and harnessing collective intelligence [14], it has widely
revolutionized learning paradigms across various fields, even where numerous
data have non-identical forms and heterogeneous distributions.
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While leveraging external knowledge to enhance individual tasks, conventional
learners often encounter the challenge of catastrophic forgetting, wherein they
adapt only to the assigned tasks, and consequently lose previously acquired knowl-
edge in some degree over time. In contrast, to more effectively retain and reinforce
pre-trained knowledge together with new knowledge, the learners would rather
adopt a continual learning approach for ensuring both robustness and adaptability.
To enhance the efficacy of individual continual learning, it is not imperative
for learners to confine themselves to their own knowledge. The prevalence of
edge intelligence may facilitate knowledge federation, enabling individual learners
to leverage a broader or deeper understanding of data, which can be possibly
heterogeneous. While recent works have devised federated continual learning
frameworks, they typically take a centralized approach for assistance [3,/18,/50],
rather than direct device-to-device knowledge transfer in a distributed manner.

As for edge Al individual learners might be confronted with a series of diverse
heterogeneous tasks. At the edge side accompanied with its own private data,
each learner attempts to form its own distinct knowledge. Then, a question to
raise is that how can an individual edge learner effectively harness externally
available prior knowledge? It has been reported that there exists unique positive
and negative knowledge at each model [43,/57]. Maybe the answer would be
straightforward yet meaningful — the learners would selectively reuse or customize
some knowledge that aligns well with their specific behavioral patterns. Rather
than starting from scratch, learners can benefit from the indirectly attained
knowledge formed by others who have already seen similar patterns. In that the
decision patterns can not be exactly the same, indirect knowledge transfer (with
follow-up training) may offer a rich source of otherwise untrainable and unattain-
able knowledge from private data. This can lead to performance improvement
via selective acquisition of some common yet distinct knowledge.

In this work, we revisit the knowledge reuse problem. We consider three
challenges in edge intelligence with knowledge transfer: 1) edge devices have
limited computational and storage resources; 2) learners are not willing to disclose
their raw data; and 3) edge devices should take into account the reduction of
communication costs. To overcome these concerns, our approach aims to enhance
the performance of lightweight learning models, while maintaining data privacy
and avoiding additional communication overhead.

We propose a selective and customized knowledge federation framework from
one device to another, based on heterogeneous continual learning, called Pick-a-
back, which picks a relevant backbone knowledge from other devices. Beyond
the achievable knowledge of each individual learner, we strategically search for
some effective knowledge sources selectively and then customize the commonly
shared knowledge to closely align with the local task. By leveraging decision
similarity based on mutated data to assess the efficacy of the backbone among the
neighboring models spread in the form of physically separated edge intelligence,
we selectively fetch and customize constructive knowledge. This approach not
only enables decentralized knowledge exchange among the learners at devices,
but also facilitates a more efficient and scalable learning paradigm.
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This work contributes to advancing the field of deep learning in edge intelli-
gence by providing selective knowledge transfer and fostering collaboration among
local learners. It can thereby enhance the efficiency of the individual continual
learning process. The main contributions can be summarized as follows:

1) We address the problem of device-to-device knowledge federation in the con-
tinual learning. We demonstrate the potential of leveraging indirect knowledge
extracted by the neighboring edge learners to obtain otherwise untrainable
and unattainable insights. This work provides a way to maintain a model
with heterogeneous data collected across a network of edge devices.

2) As the diverse tasks imply their own unique knowledge, we propose selective
and customized knowledge transfer by capturing the decision pattern similar-
ity relevant to a target task running on a device. Pick-a-back adopts each
relevant knowledge for a specific task, achieving high fidelity through the
acquisition of some common yet distinct knowledge from unseen examples,
while preserving data privacy and communication cost at the edge.

3) Extensive experimental results on various datasets across different architec-
tures have shown that Pick-a-back provides a significant inference improve-
ment up to 8.0% via selective knowledge federation.

2 Related Work

Typical continual learning refers to training on a series of multiple tasks [22] or
incremental classes [13]. The primary objective is to address the catastrophic
forgetting problem, where previously learned knowledge is decaying over time as
adapting to new tasks, using memorization [40}/52| or regularization [9}23].

Knowledge-reusable continual learning. More closely related to our prob-
lem, there has been a growing interest in reusing existing knowledge for its
subsequent tasks [30,/58]. Unlike conventional approaches, these methods have
focused on concatenating a new model to its previous model, allowing input
data to propagate through the previous model [46]. Rather than reusing the
whole model, researchers have proposed to activate only the essential parts of the
model [19,29]. In Piggyback [29], they leverage a common model and mask out
unnecessary neurons to extract relevant knowledge for a target task. It effectively
reuses existing knowledge with only a single sharable model, but it is less able
to accept incremental tasks. CPG |19] combines neuron expansion with neuron
pruning and masking techniques to address the challenges of forgetting, model
compactness, and achieving higher fidelity in knowledge reuse. We adopt these
knowledge reusable continual learning approaches to retain and extract valuable
insights from previous tasks, while aiming to find useful knowledge (for reuse)
based on model similarity. Although some works have applied some similarity
metrics such as cosine similarity to federated learning scenarios [20], it is limited
in applicability when dealing with clients having a different number of outputs
(classes). In contrast, our approach provides flexibility in output heterogeneity,
ensuring broader applicability in real-world scenarios, where most clients may
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have different shapes of outputs. Moreover, our decision pattern-based similarity
is novel in federated continual learning, as the knowledge itself is not exactly
the same even with the similar decision patterns. This enables private learners
to be exposed to similar yet unseen broader knowledge, leading to improved
performance and efficiency in subsequent learning tasks.

Federated continual learning. With widespread accessibility of edge Al, learn-
ers do not necessarily be confined to their own private knowledge, as a standalone
learner is permitted to only access its own local information and thus suffer from
restricted experiences to some extent. Although recent works tackle the problem
of federated continual learning [50L61], they focus on class-incremental learning,
whereas we tackle task-incremental learning. In task-incremental learning, trans-
fer learning turns out to be very effective, where a model is pretrained based
on the source domain and then finetuned for the target domain. This selective
device-to-device knowledge transfer can be a significant impetus to enhance model
fidelity, also in continual learning. It has been commonly addressed in the field
of federated continual learning but only in a centralized manner [18,/50]. It has
been also observed that there is both positive and negative knowledge related to
a specific target task [43}|57], highlighting the potential harm of static knowledge
selection. To address the two-sided nature of knowledge reuse, FedWelIT [57|
aggregates the parameters from clients as global knowledge, and then the clients
mask the federated parameters adaptive to the specific task. However, previous
works including Fed WelT rely on a central server, causing communication bottle-
necks and privacy limitations. Furthermore, ImageNet-pretrained models have
widely been utilized in transfer learning. However, it is not feasible for edge-side
federated continual learning, as pretrained models are specifically designed for
well-known large-scale architectures. The architectures in continual learning are
dynamically changing, and edge Al cannot be tailored to large-scale models.
In Pick-a-back, we rather explore decentralized, communication-efficient, and
privacy-preserving knowledge transfer in lightweight on-device models.

3 Selective Knowledge Transfer

We consider the problem of device-to-device knowledge federation to enhance
individual continual learning in a distributed manner. We propose Pick-a-back,
a simple yet effective knowledge federation approach by discovering a relevant
neighboring device who has acquired the knowledge of relevant tasks and then
selectively infusing it into the model via continual learning. By leveraging a
federated learning framework, which allows collaborative learning across devices,
we aim to address the challenge of distributed continual learning, while also facil-
itating the reuse of previously acquired knowledge at each different device. The
integration of these two fields of study enables efficient knowledge selection, shar-
ing, and expansion among devices (with heterogeneous data), yielding continuous
learning improvement and adaptation across tasks or learning scenarios.
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Fig. 1: Overall architecture of Pick-a-back: (1) Each device trains an individual continual
learning model on a series of tasks. (2) Given these available neighboring knowledge, a
device selects a relevant neighboring model that can improve learning performance by
acquiring indirect knowledge from the federated but physically separated devices. (3)
On top of the retrieved knowledge, (4) the continual learner stacks new local tasks and
resumes learning and federation. By fetching the generalized knowledge with relevant
decision patterns, Pick-a-back offers a cumulative yet selective knowledge federation
with heterogeneous data at a distinct device

3.1 Problem Formulation

Given L devices, each learner [ € {1,2,--- L} at device d; processes its own
sequential tasks (i.e., training data) of T = {Tl(l), TQ(l), -+ }. A scratch model
Mi(l) is constructed by training only with private data Ti(l) = {(Xi(l),Yi(l))}7

where Ti(I) for task ¢ and device d; is heterogeneous across other tasks and devices.
We train the model J\Zfi(l) with target data Ti(l) on top of its previous version J\Zl'i(l_)1

with some learning parameters 01@, ie., MZ—U) M(l (T ® H(l ) in a continual
manner. Here, at every task i, the goal is to find a good reference model that

can maximize the overall fidelity of model Mi(l).

3.2 Architecture

Our learning architecture incorporates two distinct modes (Fig. : i) continual
learner for local training; and ii) federated learner for knowledge transfer. Initially,
multiple learners train independently on a specific private task. Subsequently, one
learner at a device transitions to a federated learning mode to explore effective
indirect knowledge from a neighboring relevant model. Once a neighboring model
is selected, we use the selected model as a backbone, the main target task is
then executed in a continual manner. By incorporating the retrieved knowledge
together with its existing own knowledge, the learner can construct cumulative
knowledge in a continual manner without forgetting. This process of continual
learning and federated learning is repeated for each task.
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Continual learner. In our approach to continual learning, we adopt task-
incremental learning, where a series of tasks is processed sequentially. Each task
has a distinct learning objective, and a local model is trained independently
on each task with freezing or isolating the models for previous knowledge. By
employing task-oriented learning, we aim to mitigate the catastrophic forgetting
problem, where previously learned knowledge vanishes as training on new tasks or
incorporating new data over time. Our approach can be combined with any con-
tinual learner that has gradually been constructing knowledge. It is fundamentally
different from conventional continual learning that simply memorizes multiple
models or data, which do not leverage the given knowledge. We suppose that a
continual learner concatenates a new model on top of the previously acquired
knowledge, and thus it can reduce memory usage and also enhance the model
fidelity. This sustainability of the continual model is particularly valuable in the
context of edge Al and aligns with the goals of the recent learning paradigm.

We pursue reusing the pre-configured knowledge by using the model. We
mainly use the latest continual learning effort, CPG [19], which expands the
model when necessary, prunes it for compactness, and reuses the network by
masking out specific ineffective neurons. Inspired by the masking strategy of
Piggyback [29], it samples some necessary neurons for the target task to allow the
extraction of common knowledge. CPG only trains the learnable binary mask
whether to activate each neuron for the target task. As it ensures the retention of
previous knowledge via freezing, the results remain exactly the same even when
training new tasks. However, without loss of generality, this masking strategy
can be applied to any continual learner that holds multiple knowledge.

Federated learner. Due to the privacy and communication overhead, distributed
learners are unwilling to share private raw data. We thus adopt a model-sharing
approach rather than data-sharing. Here, each client is regarded as an independent
learner. When each learner at a distinct device is working on a distinct task
but lacks knowledge, there might be some other knowledge that has a similar,
broader, or deeper experience beyond the learner based on its own local data.
We assume that clients are knowledgeable with their own currently available
neighboring models via existing neighbor selection methods [38,53| or graph
construction approaches [33,/62]. These neighboring diverse knowledge sources
have been trained on different datasets, capturing various perspectives and
feature extraction capabilities. By exposing the learner to external knowledge,
the model is capable of leveraging enhanced feature representations, enabling it
to capture a broader set of patterns and information that may be beneficial for
its specific learning objective. The learner can also develop a more comprehensive
understanding of the data, generalize better to unseen examples by mitigating
overfitting, and thus improve the fidelity of the model on a variety of tasks and
data. By leveraging a diverse ensemble of knowledge sources, the learner can
benefit from its complementary expertise, leading to accuracy improvement.
Each learner at a device seeks relevant knowledge that can contribute to
further improving its performance based on local continual learning. To acquire
necessary constructive knowledge, we identify effective indirect experiences based
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on decision pattern similarities. Once we have obtained knowledge from other
learners, we accumulate ongoing new local tasks on top of the model in a
continual manner, ensuring that the retrieved knowledge becomes infused with
local knowledge. Our main focus is on the current target task, and thus, if we
want to retain the knowledge from our previous tasks, we have to either store
the existing knowledge separately or concatenate it with the fetched model. If
the currently constructed knowledge turns out to be sufficiently effective, there
may be no further need to incorporate further knowledge from other learners.

3.3 Selective Knowledge Federation

Each learner is responsible for distinct tasks, and tasks may exhibit unique
strengths, weaknesses, or biases. Consequently, each task at a local learner
plays its own unique different role and forms distinct knowledge. Some external
models may have learned other representations that have captured specialized
knowledge relevant to specific tasks. Therefore, selective knowledge transfer can
be a very effective way for enhancing the performance of each student model
at an edge device. Our approach is simple and straightforward — if models have
similar or synergetic capabilities in classifying different samples, they are likely
to have potential sources of common but more generalized knowledge. Since it
has the possibility to attain broader intuition but also inexperienced knowledge,
this indirect knowledge characterized by similar decision patterns may greatly
accelerate and improve the learning for individual learners.

As the similarity of model do not straightly incur similar knowledge, we focus
on the decision pattern similarity rather than the model itself. We borrow an
idea to calculate the model similarity from ModelDiff [27], which calculates the
similarity of decision boundaries by comparing the reaction to the input data.
Initially, we sample input data x; from the requester and adversarial data x} from
a neighbor. To address privacy concerns, an alternative approach may sample
data only from the requester, or the participants may opt to exchange mutated
data, thus avoiding the sharing of private data. Then, we inject a pair-wise set of
input data, {(z1,2}), (z2,2%), -+, (zn, ,)}, into each model f and g and then
computes the decision distance vector (DDV), DDV y = {d1,da,--- ,d,}, which
is a distance vector for the output pair, where d; = distance(f(x;), f(x})),i €
{1,2,...,n}. Finally, it compares the cosine similarity between the distance
vectors of models, sim(DDV g, DDV ). Since it focuses the decision similarity
instead of directly comparing the outputs, it is applicable to any heterogeneous
task with a different number of output classes. To search a pair-wise set that can
approximate the decision boundary most effectively, the input data is mutated,
and similarities are iteratively computed, similar to genetic algorithms.

By incorporating it in Pick-a-back, when we search for a similar model for
task Ti(l) of learner | among MF | of all neighboring learner k. We sample an
input pair-wise data X;Hk} and X;(H_k) from Xi(l) U Xl(f)l (or just from Xi(l)).
(+5) and XZ-/(Hk) into the learner model Ml-(l) and the neighboring

i
models Mi(f)p we produce the distance vector of outputs D, ) and D . Then,

By injecting X

o (k)
M;Zy
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Algorithm 1 Federated Continual Learning with Pick-a-back

1: Input: L: # of devices, (for each device d;) Mél): random initial model, T 5

sequence of tasks, 02@: learning parameters
2: for task i =1 : length(T) do

Device d; trains task i such that M) = Miljl (Ti(l), 951)); > Continual Learner
for device k=1: L do > Federated Learner
. . 0 e
Compute the similarity, szm(Mi( ), Mi(—)l);
end for

Select and retrieve knowledge ]\Zli@l — Ml@l such that argmax, sim(M;l), Mff)l),
Train task i on the fetched model, Mi(” = ]\;[2(91 (Ti(l), 951)); > Continual Learner
end for

we select the most similar model as follows:

arginax sz’m(DDVM;L), DDVM,@l) (1)
We fetch the indirect knowledge that has already experienced the target decision

pattern. After selecting the exterior knowledge, we continue to learn 7} on Mz(k)l.

)

Training process. Each learner [ trains i-th task Tl-(l and constructs a local

model Mz-(l) with continual learning. Then, the learner [ checks if there exists

any helpful exterior knowledge by comparing Mi(l) with MZ(]_C)1 for all neighboring

edge learners k. After selecting relevant knowledge for knowledge transfer, device

d; processes the i-th task Ti(l) over Ml(f)l and constructs Mi(l) = Ml(f)l (Ti(l), 95”).
The overall procedure is described in Algorithm

4 Experiments

We have validated Pick-a-bac extensively on four different classification task
groups with 13 public data using four different well-known architectures. Each
group is considered as one experimental environment where knowledge can be
shared, and one superclass group is a single task.

Datasets. We used four different groups of CIFAR-100 [25], Classified-ImageNet |[8],
Fine-Grained [10}/24}/37./48,/55], and Digits |7},/11},35./36./39{45]. The organization
of the dataset and the details are provided in Appendix Sec.

Architectures. We have presented the results using both lightweight models
and large-scale models. For the lightweight models, we used LeNet-5 [26] and
MobileNetV1 [17], where ImageNet-pretrained models are not publicly available.
On the other hand, VGG16-BN [51]| and EfficientNet-B0 [54] that have publicly
available ImageNet-pretrained models were implemented using PyTorch [42].
Details of model configurations and learning parameters are in Appendix Sec. [A2!
We used CIFAR-100 on LeNet-5 as default, unless otherwise noted.

! Our codes are available at https://github.com/jinyi-yoon/Pick-a-back.git.
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Fig. 2: Heatmap of the accuracy for Fig.3: Training dynamics for the most effective
various backbone and target tasks case of the target task 14 using the backbone
sorted by the accuracy of w/o Back- task of 4 and accuracy improvement with respect
bone. The first row represents the to the smoothed accuracy of w/o Backbone. The
averaged values for all tasks, while smoothed accuracy refers to the averaged accu-
the first column shows the results of racy for a subset of tasks with lower accuracy.
w/o0 Backbone. Absolute accuracy is For example, the second x-value represents the
scaled per each row, and accuracy im- average of two tasks with the lowest performance,
provement is scaled across all results while the last value is the average across all tasks

Baselines. We compare Pick-a-back with diverse learning approaches of feder-
ated learning, continual learning, and continual federated learning.

First, we let our Pick-a-back run on top of a certain continual learning scheme:
1) ProgressiveNet : continual training only with expansion by concatenating
scratch models for sequential tasks; 2) PackNet : continual training only
with pruning by allocating partial neurons exclusively to each task; 3) CPG :
continual training with expansion if necessary and pruning for the model com-
pactness; and 4) WSN : continual learning with reusing the masked weights
of the prior subnetworks.

We further compare across existing federated and continual federated learning
approaches: 1) FedAVG : one of the pioneering works for model regularization
in federated learning; 2) Fed WelT : a federated continual learning paradigm
by introducing sparse task-specific parameters along with global federated pa-
rameters; and 3) FCCL |ZS]: a federated continual learning approach to tackle
the catastrophic forgetting problem within a heterogeneous setting.

We also compare Pick-a-back with different knowledge selection strategies: 1)
w/0 Backbone: intact continual learning without using any selective knowledge
transfer, such as Progressive Networks, PackNet, or CPG; 2) Uniform Knowledge:
applying the same task to its backbone model and averaging all of the results
for each task; 3) Internal Knowledge: training the target task iteratively as a
backbone model; 4) Random Knowledge: randomly selecting a backbone model;
and 5) Upper: selecting an ideal backbone with a certain task that shows the
highest accuracy improvement, being served as an unachievable upper bound.

Measures. We have investigated 1) Avg: the averaged accuracy of all tasks and
2) Top: the accuracy of the most effective task that has gained the best accuracy
improvement via selective knowledge. To compare the feasibility of models for
edge AI, we have shown 1) Model size: the actual storage overhead of a model;
2) Expansion: the expansion degree where the scratch model has the value of 1;
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Table 1: Performance comparison. The bold text highlights the best performance per
client, excluding Upper as an ideal upper-bound due to its infeasible brute-force manner

Client ID 15 1 17 16 18 12 3 14 7 6 8 2 4 13 19 5 10 9 20 11 Avg
w/o Backbone 40.0 55.0 57.2 60.4 51.8 66.0 67.4 67.6 69.2 70.8 72.6 73.0 74.2 75.2 75.8 76.4 77.0 77.4 81.2 84.0 69.1
FedAVG 244 31.6 34.6 38.0 32.0 39.6 31.8 32.0 49.0 37.8 29.8 34.0 26.4 30.8 35.8 45.4 27.2 23.4 35.6 39.0 33.9
ProgressiveNet 44.6 58.8 54.4 63.0 64.4 68.0 71.2 68.2 69.2 70.6 73.8 72.4 70.4 73.0 74.0 78.8 77.2 73.6 84.6 83.8 69.7
PackNet 38.0 55.0 56.4 59.4 63.8 69.0 68.2 72.2 71.2 72.8 74.4 72.0 70.2 74.8 79.6 78.0 78.6 76.8 82.6 80.2 69.7
‘WSN 34.2 53.8 49.4 53.4 59.8 60.2 63.6 63.0 66.8 65.0 64.6 65.4 66.6 62.6 61.2 67.6 66.6 58.6 74.0 79.8 61.8
FedWelT 40.0 52.5 55.0 56.0 56.2 60.5 56.7 60.5 67.0 65.2 60.2 65.0 66.0 64.2 65.0 65.7 66.7 51.0 68.7 77.8 61.0
FCCL 37.0 54.4 52.4 60.6 62.2 68.2 67.2 64.4 68.2 70.6 72.8 72.4 68.4 77.0 73.8 75.0 78.6 68.8 79.2 78.2 67.5
Uniform 41.5 58.6 57.6 62.1 65.6 70.7 69.7 71.6 71.2 72.5 74.7 73.0 73.7 76.4 77.1 78.7 79.4 75.2 83.5 83.0 70.8
Internal 43.2 55.4 56.8 62.2 67.8 67.0 69.0 71.4 73.8 74.8 76.8 71.8 73.4 76.2 79.2 77.6 81.0 79.2 82.0 83.8 7T1.1
Random 39.8 59.0 56.6 59.2 67.6 72.6 68.2 73.0 71.4 71.4 75.6 72.8 74.4 76.4 78.0 78.2 T7.8 74.6 84.2 83.8 70.7
Upper 46.4 62.4 60.0 64.2 67.8 74.8 72.2 75.6 73.8 75.6 77.0 75.0 76.0 79.4 80.0 80.6 81.6 79.2 86.2 85.4 73.7

Pick-a-back 46.4 59.0 60.0 63.2 64.4 72.6 71.8 75.6 72.4 72.2 77.0 73.0 72.8 76.2 76.0 80.2 78.2 75.8 84.2 85.4 71.8

3) Sparsity: the released ratio of a model, where higher sparsity indicates more
space for next tasks; 4) Training time: the execution time to run for one epoch;
and 5) Used data: the number of data samples used for training.

4.1 Overall Performance and Comparisons

Motivations for selective knowledge federation. We first examined the
impact of different knowledge on various target tasks. As in Fig. a significant
portion of the results and the average accuracy achieved through backbone usage
are represented by a blue color, indicating that the continual learner benefited
from the knowledge federation. However, there exist not only positive backbones
but also negative backbones, suggesting a need for selective knowledge to assist a
continual learner specific to its target task. Taking a closer look at the accuracy
improvement relative to w/o Backbone in Fig. @, a well-constructed model such
as task 9 or 11 is more likely disturbed by external knowledge. On the other hand,
a target task with initially poor performance tends to gain a greater improvement
in accuracy. It implies the importance of selectively incorporating constructive
knowledge to enhance the learning process for a specific target task.

Ablation study on selective knowledge federation. Inspired by the Fig. [2]
we verified the effectiveness, compared to diverse learning approaches, including
FedAV@G, ProgressiveNet, PackNet, WSN, FedWelT, and FCCL, along with
various backbone selection strategies of Uniform, Internal, Random, and Upper,
as in Table [[]and in Table [A5. We consistently demonstrate superior fidelity on
average. By employing our selection approach, we observed a significant accuracy
improvement of up to 8.0%, with only two negative cases out of 20 tasks. Since
FedAVG simply averages the model parameters without considering the continual
tasks, it suffers from losing the knowledge of trained tasks. Notably, although
Pick-a-back with CPG shows the best performance, Pick-a-back with other
continual learning approaches of ProgressiveNet and PackNet also outperforms
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w/o Backbone. Even Uniform, Internal, and Random selection strategies exhibit
enhanced performance, suggesting the efficacy of inter-device knowledge transfer
based on Pick-a-back primitive. We also compared with other recent (federated)
continual learning approaches (e.g., WSN, Fed WelT, and FCCL), showing that
Pick-a-back outperforms these methods. This is due to the effectiveness of our
knowledge reuse approach along with our backbone selection strategy.

Benefit of backbone knowledge. Taking a closer look at how Pick-a-back
benefits from backbone knowledge, in Fig.[3a] it is evident that the test accuracy of
Pick-a-back consistently surpasses the training accuracy of w/o Backbone, starting
from the beginning until the saturation. It indicates that indirect knowledge assists
individual learners to be exposed to inexperienced knowledge and adapt to unseen
data. Even within Pick-a-back itself, the test accuracy outperforms the training
accuracy in the early stages of training, suggesting that the transferred knowledge
has relevance to the target knowledge and drives toward high performance even
earlier. Furthermore, w/0 Backbone achieves an accuracy of 67.4%, which can be
attained only within approximately 20 epochs using Pick-a-back, whereas it takes
over 50 epochs without knowledge transfer. This demonstrates that Pick-a-back
not only accelerates the learning, but also enhances the overall performance.
Please refer to the empirical convergence analysis in Appendix Fig.

Possibility of similar but generalized knowledge. To justify the task-
specific selection, we compared to uniform knowledge, where the same backbone
is applied to all tasks. As in Fig. the results showed that Upper exhibits
better improvement in tasks with poor initial performance. However, the uniform
knowledge ignores task-specific improvements, leading to similar improvements
across all target tasks. Interestingly, we also observed that only using internal
knowledge, where the target task is trained twice, allowed further improvement. It
means that even with a single task iteratively training by accumulating knowledge
on top of an identical model turns out to induce better knowledge. It also implies
that a backbone task with a similar, ideally the same in personal knowledge
case, the decision boundary can further improve the knowledge. While the same
task aims for identical knowledge, using similar but distinct knowledge enables
generalization and better improvement beyond individual tasks. As expected,
Pick-a-back outperformed the one only with internal knowledge, highlighting the
advantage of leveraging similar indirect experiences. This means that we provide
a more opportunity to acquire superior knowledge by mitigating the overfitting
problem and extending to the unseen data beyond local knowledge.

4.2 Scalability Analysis

Lightweight models for edge AI. We evaluated Pick-a-back in various architec-
tures from the lightweight models of LeNet-5, MobileNet-V1, and EfﬁcientNet—B

2 For EfficientNet-B0, we enlarge the images to 224 x 224 pixels for evaluation, but a
model size is measured with the original size of 32 x 32 for a fair comparison.
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Table 2: Accuracy, model size, and averaged training time per one epoch with respect
to different architectures on CIFAR-100. We averaged the training time over 10 epochs

Accuracy Model Training
Avg Top Size Time
w/o Backbone 78.9 68.2
VGG16-BN Pick-a-back  81.0 (+2.1) 76.6 (+8.4) 104MB 4105
. w/o Backbone 77.8 44.6
EfficientNet-BO Pick-a-back 81.8 (14.0) 54.4 (19.8) 20 MB 9.29 s
. w/o Backbone 65.4 59.8
MobileNet-V1 Pick-a-back 66.7 (+1.3) 65.4 (15.6) 16 MB 4.95 s
w/o Backbone 69.1 67.6
LeNet-5 Pick-a-back 71.8 (12.7) 756 (48.0) O3MB 2.18s
Table 3: Various datasets with LeNet-5
Digits CIFAR-100 Classified-ImageNet Fine-Grained
Avg Top Avg Top Avg Top Avg Top
Upper 95.8 89.4 73.7 75.6 61.4 71.8 33.9 48.5
w/o Backbone 93.8 80.7 69.1 67.6 56.1 59.2 25.0 21.0
Pick-a-back 95.1 86.4 71.8 75.6 58.1 67.6 28.3 27.5
(+1.3) (+5.7) (+2.7) (+8.0) (+2.0) (+8.4) (+3.3) (+6.5)

to the large-scale models of VGG16-BN in Table [2| It indicates that all models
benefit from selectively transferred knowledge, leading to accuracy improvement of
up to 8.4%, 9.8%, 5.6%, and 8.0%, respectively. However, in resource-constrained
environments, the limitations of memory and processing power make it chal-
lenging to deploy a large-scale model at the edge. To make learning practical in
the real-world, lightweight models can be flexibly deployed across multiple edge
devices, reducing dependence on remote servers. The lightweight LeNet-5 has a
much smaller size of 0.18 times compared to VGG16-BN, enabling faster training
and inference time. Although the lightweight models may not match closely to
the large-scale models, Pick-a-back can still achieve improvement, comparable to
the large models, while greatly reducing the storage requirement and run-time.

Scalability across diverse datasets. We assessed the scalability of Pick-a-
back across various datasets in Table |3 We stably achieve improvements across
different datasets, even with varying degrees of class complexity. In Digits, where
most tasks except for the Roman task are generally easy to classify, the average
accuracy improvements may appear modest, but Pick-a-back approach achieved
a significant accuracy improvement of up to 5.72% in the relatively challenging
Roman task. Similarly, in the classified-ImageNet dataset, where there exist
enough neighboring tasks to provide additional knowledge, Pick-a-back shows
substantial improvements even for the underperforming tasks. However, when
considering fine-grained datasets with a large number of classes per task (ranging
102~250 classes), classification becomes inherently more difficult with simple
models, resulting in relatively lower accuracy. Nonetheless, by applying Pick-
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Table 4: Performance on Fine-Grained Table 5: Heterogeneous data sampling

datasets using EfficientNet-B0 with a = 0.5
Hetero Balanced w/o Sampling
Client ID 1 2 3 4 5 Avg Avg Top Avg Top Avg Top
Pretrained  28.9 90.5 42.4 49.9  37.1 49.8 Upper 59.3  60.2 69.6 844 T73.7 756
w /o Backbone 8.3 66.3 7.4 28.2  12.7 24.6 w/o Backbone 52.6  40.2 64.1 718 69.1 67.6
Pick-a-back  49.5 774 44.0 464 64.6  56.4 Pick-a-back  56.1 58.6 67.3 80.0 71.8 756
(+41.2) (+11.1) (436.6) (+18.2) (+51.9) (+31.8) (+3.5) (+18.4) (+3.2) (+8.2) (+2.7) (+8.0)

a-back, it is possible to advance the knowledge and achieve performance gains.
While there is a noticeable performance gap of 0.7%, 1.9%, and 3.3%, respectively,
between Pick-a-back and Upper in other datasets, the gap in the fine-grained
dataset is quite large with 5.6% on average and up to 21.0% for the task of
flowers. This implies the potential of Pick-a-back to drive further improvements
in complex tasks that require more sophisticated classification. We further explore
the performance with the different number of clients (i.e., classes) and the different
learning seeds in Appendix Table[A9 and in Appendix Table respectively.

Impact on the most complicated task. We investigate the most complicated
tasks of CUB [55|, Stanford Cars [24], Flower [37], WikiArt [48], and Sketch |10],
with each featuring a diverse range of class numbers of 200, 196, 102, 195, and 250
and running at each separate client. As shown in Table 4] with the adoption of
Pick-a-back, we observe remarkable improvements in overall accuracy, averaging
at 31.8%, and peaking at an impressive 51.9%. Although these results might
appear surprising, they align with the findings previously established by [19]
and [29], where scratch accuracy on ImageNet-pretrained models of ResNet50 and
VGG16-BN, achieved 58.83% and 43.84%, respectively. Incorporating Pick-a-back
not only surpasses the average accuracy of ImageNet-pretrained models, but
does so through a judicious infusion of tailored knowledge. It is worth noting
that ImageNet-pretrained models often necessitate extensive prior training data.
However, in many instances, the efficacy diminishes due to the lack of distinct
knowledge selection, showing some critical drawbacks in clients #1, #3, and #5.

Superiority in heterogeneous data scenarios. In real-world scenarios, there
are many unique challenges such as personalization [5] or heterogeneity [4].
Here, we explored the effectiveness of Pick-a-back under data heterogeneity.
Leveraging the heterogeneity settings from federated learning researches |16,
60|, we applied « of 0.5 based on the Dirichlet distribution Dir(«). As in
Table |5] we observed a degradation in the accuracy of scratch models as the data
heterogeneity increases. It implies that the accuracy is achievable, and the external
knowledge can be particularly beneficial for weaker classes in the presence of
heterogeneous data. While the average accuracy improvement remained consistent,
we achieved significant enhancements in heterogeneous data settings. It is essential
to address unbalanced data distributions, as certain classes may receive less
training attention. By leveraging Pick-a-back, we are able to achieve substantial
performance gains, with improvements of up to 18.4%.
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Table 6: Performance and data used for training in ImageNet-pretrained VGG16-BN

w/o Backbone — Pick-a-back

Size of

Avg Top Training Data
w/ Pretrained 84.9 — 83.8 82.8 — 84.4 92.8 GB
w/o Pretrained 78.9 — 81.0 68.2 — 76.6 0.3 GB

4.3 Discussions and Limitations

ImageNet-pretrained models. 1t is important to note that a lightweight model
such as LeNet-5 may not outperform a large-scale model even with Pick-a-back.
Also, VGG16-BN models initialized with ImageNet-pretrained weights demon-
strate strong performance generally for visual tasks as in Table[6and in Appendix
Table [A6] However, their effectiveness heavily relies on the availability of large-
scale labeled datasets that need to be uploaded to a central server. Additionally,
the pretrained models are specifically designed for image classification, and their
performance may vary when applied to specific or specialized tasks. Furthermore,
the availability of pretrained models is limited only to well-known large-scale ar-
chitectures, making their deployment usually infeasible to edge learning. Without
pretrained model, selective knowledge federation through Pick-a-back achieves
similar performance on average with a small gap of 3.9% compared to the original
pretrained model (w/0 Backbone), but only with 0.3% of training data.

We further provided the orthogonality of continual learner in Pick-a-back and
catastrophic forgetting prevention across different continual learning approaches
in Appendix Table [ATT. Lastly, we need image sharing among clients and model
sharing from a selected neighboring client, which may incur transmission overhead
and privacy issues. We thus further assess the communication and computation
time and how we can defend against attacks in Appendix Table[A12 and Fig. [A2!

5 Conclusion

We propose Pick-a-back that picks a task-specific backbone knowledge and fosters
the collective intelligence in federated continual learning. As the individual learner
pursues each distinct goal with private heterogeneous data, we selectively transfer
the relevant external knowledge to the target task between neighboring learners.
As Al expands towards edges for scalability, low-end devices tend to be trained
toward personalized and specialized but somewhat partially limited intelligence.
Here, in case of a scarcity of data or with limited performance, it becomes essential
to seek assistance from external sources. The question — how can a device make a
local model more effectively trained with exterior knowledge? — can be answered:
Pick-a-back offers an effective way to selective knowledge transfer from one device
to another towards distributed edge intelligence. By harnessing the power of
neighboring devices, individual learners can gain access to valuable insights and
expertise via collective intelligence, augmenting their own capabilities.
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