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Abstract

Embedded AT applications usually require compact on-device mod-
els that can continually adapt to new tasks. However, recent studies
have revealed that neural networks trained on non-stationary data
streams gradually lose their ability to adapt to new tasks, a phenom-
enon known as plasticity loss. Moreover, to enable neural networks
to run on resource-constrained embedded devices, model pruning is
commonly applied for model compression, which may further affect
their plasticity. To conduct efficient model adaptation on new tasks
on embedded devices, we propose Plasticity-aware Continual Prun-
ing (PaCP), a novel framework that operates in two stages. First,
a pre-deployment stage uses a plasticity-aware strategy to prune
the model while optimizing its initial structure for future adapt-
ability. Second, during continual learning, the model’s capacity is
temporarily expanded at task boundaries to efficiently learn new
information, before plasticity-aware pruning restores its compact
form. Extensive experiments on multiple continual learning bench-
marks demonstrate that PaCP significantly outperforms existing
plasticity-maintenance methods and, remarkably, even surpasses
non-pruned models lacking explicit plasticity preservation.

CCS Concepts

« Computing methodologies — Neural networks; Online learn-
ing settings; « Computer systems organization — Embedded
software.
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1 Introduction

Recently, the integration of Artificial Intelligence into the Internet
of Things (IoT) paradigm has garnered significant attention, which
enables the provision of intelligent systems capable of learning even
within embedded or tiny devices. Typical examples include smart
cameras for surveillance [42], wearable health monitors [45], mobile
robots [43], autonomous driving [50], and industrial IoT sensors
[18, 53], all of which rely on on-device intelligence to support real-
time services under stringent latency and energy constraints.

In many of these scenarios, embedded devices must cope with
dynamically evolving data distributions, where the environment
or task changes over time. For instance, in industrial quality in-
spection, once a production line upgrades to a new product model,
the old defect patterns rarely appear again [19, 22]. Similarly, in
autonomous driving, perception modules may need to adapt to
new traffic rules, upgraded infrastructure, or deployment in dif-
ferent geographic regions [3, 20]. These examples highlight that
the tasks faced by embedded systems are not only dynamic but
may also undergo long-term or even irreversible changes. Due to
the limited resources of embedded devices, the deployed models
are usually compressed during the pretraining stage—for example,
through pruning—before being deployed [4]. This process results
in specialized and compact deep neural networks (DNNs) that are
efficient enough to run under resource constraints but also highly
task-specific. Owing to their inherent limits on knowledge and
capacity, such specialized DNNs require continuous retraining to
cope with dynamic task environments, including data drifts and
task switches, in order to maintain high inference accuracy.

Compared to reinitializing a model and training it from scratch,
adapting the existing model to new tasks can significantly reduce
wall-clock time [2]. Continual learning (CL) investigates such incre-
mental training strategies [46]. Most existing work in CL primarily
focuses on addressing catastrophic forgetting, i.e., the degradation
of performance on previously learned tasks when adapting to new
ones [5, 46]. Despite the significant progress achieved in combating
catastrophic forgetting, research on model plasticity, i.e., the ability
to effectively learn and adapt to new tasks, remains in its early
stages [24]. In the context of embedded Al applications discussed
above, the ability to rapidly acquire new knowledge (plasticity) can
be even more critical than retaining old knowledge (stability).

In this work, we focus on plasticity-aware continual learning
on embedded devices. Although some recent studies have explored
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maintaining model plasticity during continual learning, all of them
are designed for resource-intensive cloud environments rather than
resource-constrained embedded devices [7, 11, 14, 17]. Achieving
on-device plasticity preservation presents three major challenges:

« Maintaining plasticity during pruning. Model pruning is a
widely used approach to compress neural networks for deployment
under resource constraints. However, existing pruning methods
primarily aim to retain model performance on previously learned
tasks, while their impact on long-term adaptability, i.e., the plastic-
ity, is largely ignored. Popular pruning methods tend to preserve
large and stable weights while removing small-magnitude ones
[13, 15], which are often crucial for the model’s adaptability to new
tasks [10, 35]. Designing pruning strategies that explicitly preserve
plasticity remains an open problem.

« Adapting to heterogeneous devices and diverse deployment en-
vironments. Existing plasticity-preserving methods often rely on
carefully tuned hyperparameters [7, 21, 26]. However, due to the
heterogeneity of embedded devices, the deployed models differ
in structure and capacity. Performing separate hyperparameter
searches for every device and scenario is clearly impractical.

« Coping with limited and dynamic on-device resources. Prior stud-
ies have demonstrated that dynamically enlarging or shrinking the
model according to the available device resources can effectively
utilize fluctuating resources to improve model performance [12, 47].
However, existing plasticity-maintaining methods either continu-
ally expand model capacity to maintain adaptability [14, 39] or fix
the model architecture throughout learning [7, 26]. The former can-
not sustain long-term continual learning on resource constrained
devices, while the latter fails to leverage transiently available re-
sources for rapid adaptation.

To tackle these challenges, we propose Plasticity-aware Contin-
ual Pruning (PaCP)—a unified framework that enables plasticity-
preserving on-device continual learning for embedded AL PaCP
operates in two stages: during the pre-deployment stage, it em-
ploys plasticity-aware pruning to generate a compact model; in
the continual learning stage, it maintains model plasticity through
successive cycles of plasticity injection followed by pruning. To
address the first challenge, PaCP estimates each neuron’s ability to
propagate gradients and regards it as a pruning criterion, retaining
structures and parameters that exhibit strong adaptability to new
tasks. For the second and third challenges, PaCP does not introduce
additional hyperparameters; instead, it dynamically expands the
model capacity based on the real-time resource of the embedded
device to inject plasticity, and subsequently restores the compact
structure through plasticity-aware pruning, enabling automatic
adaptation under dynamically varying resource constraints.

In summary, the contributions of this work are as follows:

« We propose PaCP, a novel framework that achieves continual
learning with sustained adaptability under limited model capacity
on embedded devices.

« We analyze the underlying causes of plasticity loss during
pruning and continual adaptation, and design a plasticity-aware
pruning scheme with a smooth-decay pruning mechanism to miti-
gate pruning-induced plasticity degradation.

+ Based on the plasticity-aware pruning scheme, we further de-
velop an adaptive on-device continual learning mechanism that
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dynamically injects and recovers plasticity according to task transi-
tions and available resources.

« We conduct extensive experiments on multiple benchmarks to
demonstrate that PaCP consistently outperforms state-of-the-art
plasticity maintenance methods. Remarkably, PaCP surpasses even
non-pruned baselines in continual learning performance, achieving
smaller models with better long-term adaptability.

2 Background and Motivation
2.1 Plasticity Loss in Neural Networks

In many real-world scenarios, models must adapt to continuously
evolving data, requiring neural networks to constantly fit new tasks.
To evaluate this adaptability, we employ the metric Online Accuracy,
which measures the test accuracy of a model on the most recent
task [10, 11]. Online accuracy reflects the model’s ability to adapt
to new data, and based on it we define plasticity loss as follows:

P(gt) = ED[ [ﬂ(o(einits Dt)’Z)t) - ﬂ(O(@t, Dt)’Dt)] > (1)

where D; denotes the data from task ¢, A is online accuracy, O
represents the model optimization algorithm, and 6ii: and 0; are
the model parameters randomly initialized from scratch and the
one after training on t — 1 tasks, respectively. Plasticity loss is thus
defined as the difference between the accuracy of a trained model
0; and that of a randomly initialized model 0;,;; with the same
architecture, when both are trained on the same new dataset.

To illustrate the presence of plasticity loss in continual learning,
we conducted experiments on several benchmarks!. In each experi-
ment, only data from the most recent task was used for training.
After a fixed number of epochs, we evaluated online accuracy on the
test set of that task. The results are shown in Figure 1. We observe
that across different task sequences and models, online accuracy
consistently declines as the number of tasks increases, especially
in the later stages of training. This provides strong evidence of a
general phenomenon of plasticity loss in neural networks during
continual learning.

IThese benchmarks are commonly used in related work, and we will introduce them
in Section 5 and Appendix A.
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Figure 2: Parameter Norm Growth and Its Correlation with
Plasticity Loss on Random Label CIFAR-10.

Moreover, the results from Figure 1b highlight a notable dis-
tinction between plasticity in continual learning and conventional
machine learning with stable data. In Random Label CIFAR-10
experiments, the small model (ResNet34) achieved higher accu-
racy than the large model (ResNet50) in later stages of training.
Similarly, in Continual CIFAR-100 and Continual TinyImageNet,
ResNet18 eventually outperformed ResNet34. These findings con-
tradict the typical observation in conventional machine learning
where larger models usually perform better, suggesting that in
dynamically changing data streams, larger models are not neces-
sarily more capable of adapting to new tasks. Similar phenomena
have been reported by Mirzadeh et al. [38], further motivating the
need for methods that preserve plasticity through new approaches
distinct from traditional pruning techniques.

2.2 A Deeper Look into Plasticity Loss

To better understand the mechanisms underlying plasticity loss,
we analyze the learning dynamics of neural networks in continual
learning. We focus on the metrics that correlate with plasticity loss,
aiming to provide insights for subsequent methodological design.

Growth of Parameter Norms is one of the most prominent cor-
relates of plasticity loss during continual learning. We observe that
the L2 norm of model parameters continuously increases through-
out continual learning, as shown in Figure 2a. This suggests that the
optimization starting point for new tasks progressively drifts away
from the origin, which may impair the model’s ability to adapt to
subsequent tasks. Figure 2b presents a scatter plot of parameter
norms at the beginning of each task against test accuracy on that
task in Random Label CIFAR-10, revealing a clear negative corre-
lation. This indicates a close connection between parameter norm
growth and plasticity loss. Several studies on neural plasticity have
reported similar correlation, often interpreting parameter norm
growth as an intermediate step in a causal chain: external factors
induce norm growth, which in turn triggers pathological behaviors
that ultimately lead to performance degradation [11, 35].

Spikes in Training Loss at task boundaries are another key phe-
nomenon that is causally linked to rapid parameter norm changes.
Figure 3a shows parameter norm changes during the first 50,000
mini-batches in continual training. Instead of smooth growth, norms
exhibit step-like increases shortly after each task switch. The light-
colored curves in Figure 3a display training loss trajectories, which
exhibit dramatic spikes—up to thousands of times higher—at task
boundaries. The timing of these spikes aligns exactly with rapid
parameter norm increases. Figure 3b further shows a scatter plot
of per-mini-batch loss versus parameter norm change, revealing
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Figure 3: Relationship between Parameter Norm Change and
Learning Loss on Random Label CIFAR-10.

a strong positive correlation. These findings suggest a causal link:
loss spikes amplify gradient magnitudes, and gradient-based opti-
mizers convert these large gradients into large parameter updates,
leading to accelerated norm growth. Prior research in other do-
mains has also highlighted the detrimental effects of loss spikes and
unstable gradients on training, proposing strategies such as dataset
refinement and gradient clipping to mitigate these issues [49, 52].
Inspired by these observations, we will later explore approaches to
protect parameters from being disrupted by such loss spikes.
Increasing Neuron Death Rate indicates that a growing num-
ber of neurons lose their ability to propagate gradients during con-
tinual learning, which significantly reduces the model’s training
efficiency on new data. Activation functions introduce nonlinearity,
a key source of expressivity in neural networks. However, they can
also impede gradient propagation during backpropagation, reduc-
ing training efficiency. For a single neuron in layer [, the gradient
during backpropagation is given by:
oL

(I _
O = 2

o¢'(z"), ()
where ¢’(z(")) acts as a gating factor controlling gradient flow.
This factor depends only on the input to the neuron’s activation
function. When its magnitude consistently approaches zero, two
adverse effects arise: (1) the neuron can no longer effectively propa-
gate gradients, impairing updates in preceding layers and reducing
adaptation speed to new tasks; (2) the neuron’s output activation
converges to a near-constant, failing to provide useful information
to subsequent layers and diminishing model expressivity. Neurons
in such states are referred to as dead neurons in this work.

We define a neuron to be in a backpropagation-suppressed state
during a backpropagation step if the absolute value of its gating
factor d)’(z(l)), i.e., the activation function’s derivative, falls below
a threshold, e.g., 10% of the maximum possible derivative value for
that function?. The death rate for a neuron is then estimated as the
proportion of backpropagation steps it spends in this suppressed
state over a statistical time window. This death rate serves as a
metric to estimate the neuron’s diminished contribution to network
plasticity. As shown in Figure 4a, the average neuron death rate
across four continual learning benchmarks exhibits a steady in-
crease as training progresses, indicating that this is a widespread
phenomenon under shifting data distributions. Figure 4b compares
the distributions of neuron death rates at the beginning and the
end of training, revealing that they become more dispersed over

2For ReLU, the specific threshold value is irrelevant. For SiLU and GELU, the 10%
threshold approximately partitions the input domain into two continuous intervals. In
practice, the state can be determined directly based on the input values.
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time, with a growing number of neurons entering dead states. Fur-
thermore, Figure 4c and Figure 4d respectively depict layer-wise
average death rates and the trajectories of individual neurons in the
most affected layer. Two key patterns emerge from these analyses:
(1) neuron death rates vary significantly across layers, and (2) once
neurons enter high-death states, they rarely recover through fur-
ther training. These findings underscore the importance of treating
layers differently based on their susceptibility to neuron death and
of developing targeted strategies to resuscitate high-death neurons,
thereby maximizing network capacity and preserving plasticity.

3 Problem Formulation

We consider a scenario in which a pretrained and pruned deep
neural network is deployed on an edge device, where it will con-
tinually learn new tasks over time. Let the dataset used during the
pre-deployment stage be denoted by D?, and let the edge device
subsequently encounter a sequence of tasks {71, 72, - - - , 71} Each
task 7; is associated with a dataset D,, which may differ signifi-
cantly from the datasets of previous tasks.

We denote the pretraining and pruning procedure as £ and
the model training algorithm during the continual learning as O.
Starting from an initial randomly initialized model Oinit, the model
first undergoes pretraining and pruning, resulting in the initial
model 6, for continual learning:

0y = P (Oinit, D?). (3)

The model is then updated sequentially over the stream of tasks
via continual learning:

0; = O(et—I:Dt); (4)

Our objective is to design the pretraining and pruning algorithm
% and the continual learning algorithm O such that, for any task
T in the sequence, the resulting model 0, achieves the highest
possible online accuracy, i.e., the test accuracy on the most recent
task dataset D, :

t=12,---,T.

l’g%{ ﬂ(@,f,i)ﬂ), (5)
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where 0 is obtained through the iterative process defined in Eq. 3
and Eq. 4.

4 Method

Our method consists of two correlated stages: (1) pretraining and
plasticity-aware pruning before deploying the model to edge de-
vices, and (2) plasticity maintenance during continual learning
on edge devices. The overall framework is illustrated in Figure 5.
In the first stage, we design a plasticity contribution prediction
mechanism to evaluate the contribution of each neuron to network
plasticity, which guides the pruning. A smooth-decay pruning strat-
egy is further employed to mitigate loss spikes during pruning.
In the second stage, our algorithm intervenes at each task switch:
based on the plasticity contributions of different layers and the
resource constraints of edge devices, it temporarily expands the
network width to enhance learning ability for new tasks while
protecting existing parameters, and subsequently restores the net-
work structure through plasticity-aware pruning. The two stages
are consistent in design: by formulating plasticity maintenance on
edge devices as a process of expansion followed by pruning, we
can reuse the modules of structure planning, pruning orchestration,
and smooth-decay pruning.

4.1 Pruning in Pre-deployment Stage

Prior to deployment, the cloud first pre-trains the model on large-
scale cloud data to learn robust, generalizable representations,
which accelerates adaptation to new tasks on embedded devices. In
this stage, we adopt Pruning After Training (PAT) as our pruning
pipeline, which is the most popular type of pruning framework and
consists of three steps: (1) train a full model from scratch on cloud
data, (2) prune the model according to resource constraints, and (3)
fine-tune the pruned model to recover performance [4]. To ensure
efficient execution across heterogeneous embedded hardware, we
further employ structured pruning, which removes entire filters
or channels and is more hardware-friendly than unstructured ap-
proaches. Unlike conventional pruning that focuses on retaining
accuracy for the current task, our pruning objective is to preserve
plasticity. After initial training, we estimate the plasticity contri-
bution of model structures to guide pruning orchestration, and
perform smooth-decay pruning during fine-tuning.

Plasticity Contribution Estimation. Based on our previous
experimental results (detailed in Section 2.2), we use neuron death
rates to estimate each neuron’s contribution to model plasticity.
However, as the cloud-side pretraining data is stationary, it is chal-
lenging to estimate a neuron’s plasticity contribution during contin-
ual learning after deployment on embedded devices. To address this,
we introduce pseudo task switches that simulate the distribution
shifts caused by task transitions, enabling us to approximate neuron
death rates under continual learning and perform plasticity-aware
pruning accordingly.

After initial training, the original model is forked to create a
replica model, on which subsequent pseudo tasks are trained to
avoid damaging the performance and plasticity of the original
model. To construct these pseudo tasks, we randomly sample sub-
sets of the pretraining dataset, perturb the input distributions using
data augmentation techniques, and shuffle the labels with a fixed
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pattern to create pseudo new datasets. By repeatedly applying this
procedure, we form a sequence of tasks and train the replica model
sequentially on them. During this process, we continuously track
the backpropagated gradients and compute the death rates of neu-
rons in each layer. After completing the pseudo task training, the
death rates measured on the replica model are used as estimates of
the corresponding neurons’ death rates in the original model under
continual learning, which then serve as the basis for subsequent
pruning orchestration.

Pruning Orchestration. Figure 4c shows that neuron death
rates vary significantly across different layers. Therefore, instead
of applying a uniform pruning ratio, we assign distinct ratios to
each layer. Specifically, denote y; to be the death rate measured
during pseudo task training of layer [ with N; neurons, and define
its effective neuron count as Nle 1F = (1 - y1) Ny, representing the
number of neurons that can effectively propagate gradients. Our
objective is to ensure that, after pruning, the proportion of effective
neurons across layers remains consistent with the original layer-
width distribution, thereby preserving cross-layer gradient flow
and maintaining structural balance in the model.

Let the original widths of the layers be NO,Né’, . ..,NE. The
pruned width of layer I, denoted as N’ is obtained by solving
the following optimization problem:

L
P
max Zl:l Nl
s.t. Cost(NP,Nf, . Nf) < Cprune
[N/ <NP<[Ny], I=12..1L

(6)

where N is the target width of layer I, subject to the constraint

(1-y)N; A
Zlel(l —YON/ Zlel N}
Here, N/ must be an integer obtained by rounding N} either down
to LN} | or up to [N;]. The function Cost(-) denotes the resource
consumption of the model, which can correspond to the number of
parameters, FLOPs, or other resource measures, with Cyrune being
the on-device resource budget. Owing to the monotonic nature
of Cost(-), this optimization problem can be solved efficiently: we
first initialize each layer width as N = | N} |; then, guided by the
resource budget and the constraint in Eq. 7, we apply binary search
to find the maximum feasible set of {Nl*}lel; finally, we search
through the layers and select a subset of layers to round up their
widths to [N]'] to further maximize the objective under the given
constraints.

™
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After determining the pruning amount for each layer, we for-
mulate neuron-level pruning directives sequentially. Within each
layer, neurons are ranked by their death rates in the replica model,
and those with higher death rates are pruned first. The correspond-
ing neurons in the original model are then marked for removal.
Finally, we enter the fine-tuning step, during which smooth-decay
pruning is applied to gradually eliminate the marked neurons and
parameters.

Smooth-Decay Pruning. Most existing pruning methods im-
mediately remove the designated structures or parameters once
pruning directives are established; however, such abrupt structural
changes often cause loss spikes that impair model plasticity, as
described in Section 2.2. To address this issue, we introduce smooth-
decay pruning, which gradually suppresses the marked neurons
until they are fully pruned. Specifically, during smooth-decay prun-
ing we attach a mask to the activation a; of each layer I:

a;=a; 0 m;‘)ft(r). (8)
The mask value m?‘zﬂ(f) for neuron c in layer [ is defined as:
1—-1/Ty, if neuron cis marked to be removed
miot(o) = {1 T . e
’ 1, otherwise

where 7 denotes the number of iterations since the start of smooth-
decay pruning, and Tj is the total number of iterations, typically
set to the number of batches in one epoch. During smooth-decay
pruning, the soft mask values of neurons to be removed are linearly
decayed from 1 to 0, while unmarked neurons retain a mask value of
1. Once 7 reaches Ty, we permanently remove the pruned neurons
from the network by deleting their input parameters as well as
the corresponding weight channels in subsequent layers. Since the
outputs of these neurons have already been completely suppressed,
eliminating their associated parameters does not affect the model’s
responses.

Smooth-decay pruning offers two advantages: (1) it prevents
abrupt loss spikes and reduces the risk of unstable gradients damag-
ing network parameters; (2) by gradually reducing the activations
of pruned neurons, it enables their functionalities to be smoothly
transferred to the remaining neurons, thereby preserving overall
model performance.

4.2 Plasticity Maintenance during On-Device
Continual Learning Stage

From the experimental insights in Section 2.2, we observe that
short-term loss spikes following task switches play a critical role in
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the degradation of model plasticity. Building on this observation,
we intervene at task switches during continual learning on edge
devices, aiming to protect model plasticity throughout the transition
period. The core idea of our approach is to temporarily expand
the width of network while protecting the original parameters,
and subsequently restore the network structure through pruning.
For each task switch, our algorithm proceeds through four stages:
plasticity injection, incremental training, pruning orchestration,
and smooth-decay pruning.

Plasticity Injection. At each task switch, before training begins
on the new data, we expand the network width and introduce addi-
tional trainable parameters to enhance adaptability to the upcoming
task. This process can be regarded as the inverse of structured prun-
ing in the pretraining stage. We again use neuron death rates as the
metric for expansion planning, which are collected from the preced-
ing continual learning process. Let the current widths of the layers
be Nf, N;, cee ,Nf, with corresponding death rates yq, y2, -+, yL-
The expanded widths of the layers, denoted as N¢, NZ“’, ce. ,Nf, are
determined by solving the following optimization problem:

L Ne
=11
Cost(N{, Ny, ..., N ) < Cexpand

max (Nj, [N} |) < Nf <max (N,[N;]), [=12..L

max

s.t. (10)

where Nf "is given by Eq. 7. In contrast to the pruning optimization
problem in Eq. 6, Eq. 10 introduces an additional constraint to
ensure that the width of each layer is not reduced. Given the strong
structural similarity between the two optimization problems, the
solution procedure of Eq. 6 can be seamlessly adapted to solve
Eq. 10 efficiently on edge devices.

Once the expansion widths of all layers are determined, we build
the expanded network by enlarging the output dimensionality of
the current layer and correspondingly extending the input dimen-
sionality of the subsequent layer®. After network expansion, we
proceed with incremental training on the new task data.

Incremental Training. The loss spike caused by task switches
is inevitable, since the model has never been trained on data from
the new distribution. To protect the parameters inherited from the
pre-expansion model that have already been well trained, we freeze
them during the first epoch of incremental training, temporarily
disabling neuron death rate tracking and updating only the newly
introduced parameters from the plasticity injection step. After the
first epoch, as the loss spike has passed, we unfreeze all parameters,
allowing the entire model to continue incremental training on the
new task data, while resuming neuron death rate tracking until the
pruning stage begins.

Pruning Orchestration. Due to the constraints of resource
scheduling and energy consumption on edge devices, the model
cannot remain in an expanded state for long-term training. There-
fore, pruning is required to restore the network structure. Unlike
the pruning orchestration in the pretraining stage, we no longer
re-plan the width of each layer; instead, each layer is pruned back
to its pre-expansion width. The selection of neurons to be removed
follows the same principle as in pretraining: neurons with lower

3In our implementation, we adopt a function-preserving strategy by zero-initializing
the new units’” output weights to maintain mathematical equivalence. Alternatively,
random initialization remains a viable option to introduce immediate diversity.

4957

Chenxin Mao, Haibo Liu, Zhenzhe Zheng, Fan Wu, & Guihai Chen

death rates are preserved, while those with higher death rates are
marked for removal. The process then proceeds to smooth-decay
pruning, where the pruning directives are gradually executed.

Smooth-Decay Pruning. On edge devices, we reuse the smooth-
decay pruning scheme from the pretraining stage. During the fine-
tuning following the pruning orchestration, the outputs of neurons
marked for removal are gradually decayed to zero, after which the
corresponding structures and parameters are permanently elimi-
nated from the model. The network can then either continue fine-
tuning on the new task data or pause training until the next task
switch.

By restoring the network to its pre-expansion width after each
plasticity injection, our approach maintains a stable architecture
throughout long-term continual learning. In contrast to prior works
that preserve plasticity by continuously enlarging the model, our
method achieves sustainable continual learning under edge-device
resource constraints. During the entire on-device continual learning
stage, plasticity is safeguarded by two complementary mechanisms:
after task switches, we freeze the pre-expansion parameters to
shield them from unstable gradients induced by short-term loss
spikes; during pruning, we mitigate loss spikes by gradually apply-
ing structural changes through smooth-decay pruning.

5 Experiments

5.1 Experimental Setup

Datasets. We evaluate our approach on standard continual learning
task sequences widely adopted in plasticity-oriented research [8,
26, 36]. Our constructed task streams are based on three benchmark
image classification datasets: CIFAR-10, CIFAR-100 [25], and Tiny-
ImageNet [27]. For the Random Label CIFAR-10 sequence, class
labels are randomly permuted at each task switch. For the Con-
tinual CIFAR-100 and Continual TinyImageNet sequences, each
new task consists of samples from 5 randomly selected classes, pri-
oritizing those that have been chosen the least frequently so far.
Following [8, 26], TinyImageNet images are resized to 32 X 32. The
same sampling strategy is applied to the test sets to ensure that
each task has a corresponding evaluation split.

Baselines. We compare our method against several representa-
tive plasticity-maintenance baselines. Continual Backprop (CBP) (7,
9] is a targeted weight-reset algorithm based on a heuristic neu-
ron utility measure. L2 Regularization and L2 Init [26] are two
regularization-based methods, where L2 Init centers the regulariza-
tion around the initial parameters rather than the origin. Shrink &
Perturb [2] performs a soft reset by shrinking weights and adding
random perturbations upon data changes. We apply structured L1
pruning [29] during pretraining, maintaining the same average
pruning sparsity as our method, i.e., PaCP. Additionally, we include
a control variant labeled Baseline, which neither applies pruning
nor any plasticity-maintenance mechanism. Detailed baseline hy-
perparameters are provided in Appendix B.

Model and Metrics. We adopt ResNet-18 [16] as the backbone
network, as representative baseline methods primarily focus on
plasticity in CNNs, among which the ResNet family is the most
representative architecture. The pruning target during pretraining
is set to 50% of the original parameter count. For model expansion
in PaCP, we constrain the parameter budget to be no more than
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Figure 6: Performance Comparison of Different Methods in Three Continual Learning Task Sequences.

Table 1: Overall Performance

PaCP CBP L2Init g pon~ = L2Reg Baseline
Rag?;ﬁ%ﬁ}’ | 8495 8012 8370 8128 8026 7807
gf;‘:ﬁ“‘fﬁé 88.46 7840 8625  70.82 7703 61.12
Ti,f;;;;;‘g;ﬁ]et 80.60 4870 77.00  59.87 6649  40.74

twice the pre-expansion model size, ensuring that the expanded
model never exceeds the size of the original unpruned network. We
evaluate model performance using online accuracy, measured on
the test set of the most recent task prior to each task switch.

5.2 Overall Performance

We conduct continual learning experiments for 200 tasks on all
three task sequences. The trajectories of online accuracy are shown
in Figure 6, and the average online accuracy over the final 10 tasks
is summarized in Table 1. Across all datasets, PaCP consistently out-
performs all baselines and maintains stable performance throughout
continual learning, demonstrating its effectiveness in preserving
model plasticity. CBP performs poorly and exhibits a gradual de-
cline in accuracy over time, likely due to instabilities caused by
the random replacement strategy when applied to pruned CNNs
that have limited output channels. L2 Init achieves the second-best
performance, though it requires storing a full copy of the initial
parameters. Interestingly, the non-pruned Baseline achieves high
initial accuracy due to its larger capacity but rapidly deteriorates
as plasticity diminishes, resulting in the worst final performance.
This observation underscores that maintaining plasticity is more
crucial for long-term continual learning than simply increasing
initial model capacity. By continuously intervening during training,
PaCP sustains adaptability and achieves superior continual learning
performance even with smaller models.

5.3 Ablation Study

To evaluate the contribution of each component in PaCP, we con-
duct ablation experiments by successively removing the three major
components: smooth-decay pruning, plasticity injection during con-
tinual learning, and plasticity-aware pruning during pretraining,
until only L1 structured pruning remains. We perform 200-task con-
tinual learning on all three datasets and report the average online
accuracy of the last 10 tasks in Figure 7. The results show that re-
moving any component degrades performance, confirming that all
parts of PaCP contribute to its effectiveness. Among them, plasticity
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Figure 8: Memory Usage of Different Methods.

injection yields the largest improvement, followed by smooth-decay
pruning. Removing the plasticity injection is equivalent to elim-
inating continual intervention during learning, highlighting the
importance of maintaining adaptability throughout the continual
process. Plasticity-aware pruning during pretraining has a smaller
effect, because its influence gradually diminishes over extended
continual training, and its simulated neuron-death predictions may
not perfectly match real task sequences.

5.4 Resource Consumption Analysis

We measure memory usage of PaCP and baselines during continual
learning, using 32x32 RGB images with a batch size of 32. We record
both static memory (model and state storage) and peak memory
during inference and training. As shown in Figure 8, PaCP’s static
memory slightly exceeds Shrink & Perturb and L2 Regularization,
both of which require no auxiliary state, but remains far below L2
Init and comparable to CBP. With expansion enabled, PaCP’s peak
training memory increases by roughly 30%, reaching its maximum
during the brief post-expansion phase before pruning. Because this
transient memory increase occurs only after task switches and can
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be mitigated by early pruning when needed, we regard PaCP’s
memory overhead as acceptable for edge deployment.

We evaluated the energy and latency overheads on an NVIDIA
Jetson TX2. Compared to vanilla training on the same model, PaCP
incurs a marginal increase of approximately 5.6% in energy con-
sumption and 4.3% in training latency. In contrast, competing meth-
ods exhibit significantly higher overheads: CBP increases energy
and latency by 12.8% and 26.1%, respectively, while L2 Init incurs
increases of 4.8% and 4.3%.

5.5 Discussion on Plasticity Loss

We further analyze the dynamics underlying plasticity preservation
during continual learning. Figure 9a plots the average parameter L2
norm per task, with shaded areas denoting the 1st-99th percentile
range. Unlike the continual growth observed in Figure 2a, the pa-
rameter norms under PaCP initially decrease and then stabilize, sug-
gesting that our plasticity-aware pruning suppresses overgrowth
by pruning neurons with large-magnitude weights.

Figure 9b shows the evolution of parameter norms and training
loss during the last 20 tasks. Parameter norms exhibit cyclic be-
havior: a sharp rise immediately after task switches due to model
expansion, followed by a gradual decline and a sharp drop during
pruning, before rising slightly again. The corresponding loss curves
show spikes at task switches—caused by distribution shifts—but
these are effectively dampened by freezing original parameters
and using smooth-decay pruning, validating our design choice for
stability during transitions.

Figure 10 visualizes the layer-wise neuron death rates throughout
training. While death rates increase moderately as learning pro-
gresses, PaCP maintains significantly lower overall neuron death
and avoids catastrophic layer-wide death seen in baselines. On
Random Label CIFAR-10, PaCP notably reduces neuron death af-
ter pruning phases, demonstrating its effectiveness in suppressing
neuron inactivity and sustaining long-term plasticity.
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6 Related Work

Plasticity Loss of Neural Networks refers to the degrading ability
of neural networks to adapt to new data as training progresses. This
phenomenon, initially observed in warm-start scenarios [2], has
been formally identified and studied in reinforcement and continual
learning [7-9, 34]. Current research remains in its early stages, pri-
marily focusing on analyzing the underlying causes [24, 35, 36] and
developing mitigation strategies. Existing mitigation methods can
be broadly categorized into three approaches: parameter resetting
mechanisms [7-9, 11], regularization-based constraints [8, 10, 34],
and activation function modifications [1, 6].

Continual Learning enables knowledge accumulation across
tasks without retraining, primarily focusing on mitigating cata-
strophic forgetting [5]. Existing approaches generally fall into three
categories: replay methods [33, 40], regularization-based strate-
gies [23, 30, 51], and parameter isolation techniques [37, 41]. Re-
cently, emerging research directions have begun to explore other
critical aspects of continual learning, such as model plasticity [7,
10, 11, 14, 17] and latency reduction [31, 32].

Neural Network Pruning creates lightweight models by re-
moving redundant parameters to reduce computational and stor-
age costs [4]. Methods are primarily categorized by their timing
relative to training. Pruning After Training (PAT) finds efficient
subnetworks from pretrained models, as seen in the Lottery Ticket
Hypothesis [13]. Pruning Before Training (PBT) targets randomly
initialized networks directly [28, 44], while Pruning During Train-
ing (PDT) jointly optimizes weights and sparsity structure, often
via regularization [48].

7 Conclusion

In this work, we addressed the underexplored problem of maintain-
ing model plasticity in on-device continual learning for embedded
Al systems. We introduced Plasticity-aware Continual Pruning
(PaCP), a unified framework that achieves sustainable adaptabil-
ity under resource constraints. By jointly optimizing a plasticity-
preserving pruning strategy during pre-deployment and a dynamic
expansion-pruning mechanism during on-device continual learn-
ing, PaCP effectively mitigates plasticity loss. Extensive experi-
ments across multiple continual learning benchmarks demonstrate
that PaCP not only outperforms existing plasticity-maintenance
approaches but also surpasses non-pruned baselines in long-term
adaptability. Our findings highlight that careful structural manage-
ment—rather than mere model scaling—can yield smaller yet more
adaptive systems, opening a promising direction for future research
on lifelong embedded intelligence.
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in Section 2

In Section 2, we conduct experiments on five widely-used continual
learning benchmarks:

e Permuted MNIST: A task sequence based on the MNIST

dataset, where each task is generated by applying a fixed

random permutation to the image pixels.

Permuted CIFAR-10: A task sequence based on the CIFAR-
10 dataset, where each task is generated by applying a fixed

random permutation to the image pixels.

Random Label CIFAR-10: A task sequence based on the

CIFAR-10 dataset, where each task is generated by random-
izing the image labels.

Continual CIFAR-100: A task sequence based on the CIFAR-
100 dataset, where each task consists of 5 randomly selected

classes and their corresponding images.

Continual TinyImageNet: A task sequence based on the

TinylmageNet dataset, where each task consists of 5 ran-
domly selected classes and their corresponding images.
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Figure 11: Relationship between Parameter Norm Change
and Learning Loss on Random Label CIFAR-10.

In the experiments in Section 5, we excluded the first two task
sequences for the following reasons: (1) Permuted MNIST is too sim-
ple for the ResNet-18 model, making it difficult to reflect changes in
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model plasticity; (2) The pixel permutation in Permuted CIFAR-10
disrupts the adjacent spatial structure of the images, which contra-
dicts the prior knowledge underlying the design of Convolutional
Neural Networks.

In Figure 3b, we demonstrate the relationship between loss and
changes in parameter norms, and propose that loss spikes amplify
gradient magnitudes, and gradient-based optimizers convert these

large gradients into large parameter updates. The relationships
between loss and gradient magnitude, and between gradient mag-

nitude and changes in parameter magnitude, are shown in Figure
11a and Figure 11b, respectively.

B Experimental Baseline Hyperparameter
Settings

All baseline methods are optimized using the Adam optimizer with
a batch size of 128 and a learning rate of 1073. Regarding method-
specific hyperparameters: for CBP, we set the replace rate ¢ = 1074,
the decay rate n = 0.99, and the maturity threshold m = 100. For L2
Init and L2 Regularization, a weight decay of 10~ is applied. For
Shrink & Perturb, the shrinkage parameter is set to A = 0.6 with a
noise scale of ¢ = 0.01.

C Supplementary Information for Resource
Consumption Analysis

Table 2: Relative Energy Consumption and Latency During
Model Training

Energy Latency
Vanilla 1.000 1.000
PaCP 1.056 1.043
CBP 1.128 1.261
L2 Init 1.048 1.043
Shrink & Perturb 1.000 1.003

For energy and latency overheads measurement on the NVIDIA
Jetson TX2, we performed a 10-class classification task using 32x32
RGB images with a batch size of 64. Energy consumption was
calculated by integrating real-time power usage recorded via the
jetson-stats tool. The relative training latency and energy con-
sumption for each baseline are presented in Table 2.

Shrink & Perturb incurs negligible overhead due to its extremely
low intervention frequency during training. Since PaCP solely mon-
itors the neuron death rate outside of the model expansion and
pruning phases, its overhead remains significantly lower than that
of CBP, which requires continuous intervention to reset model
parameters.
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