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Abstract
On-device continual learning (CL) is becoming a critical paradigm
for intelligent agents to adapt to evolving task streams in dynamic
edge environments. However, existing CL methods primarily focus
on optimizing learning performance, while neglecting the funda-
mental tension between ever-growing accumulated knowledge and
limited model capacity on resource-constrained mobile devices, pos-
ing a significant challenge for model evolution on new task learning.
To address this challenge, we reframe forgetting not as a problem
but as a potential solution, and propose Lethe, a pLasticity-aware
active forgetting scheme for on-device CL. Specifically, for fast
model adaptation on new tasks, Lethe proposes forgetting-based
plasticity injection to perform order-aware selective forgetting with
neuro-inspired plasticity injection to accelerate model convergence.
To prevent inefficient relearning of forgotten task re-encounter,
Lethe introduces cost-aware forgetting recovery to facilitate low-
cost knowledge recovery with deposited model parameters, and
prevent frequent forgetting recovery based on task priority. Exten-
sive evaluations demonstrate that Lethe consistently outperforms
state-of-the-art solutions, improving model accuracy by up to 8.93%
and reducing computation overhead by 53.63% on average.

CCS Concepts
•Human-centered computing→Mobile devices; •Computing
methodologies→ Machine learning approaches.
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1 Introduction
The emergence of Agentic AI [18, 54] in recent years has reactivated
interests in deploying machine learning models on mobile devices,
such as intelligent personal assistants on smartphones [13] and
embodied intelligence on robotics [52]. The unseen task streams
generated on ubiquitous mobile devices, such as new categories for
object classification or new operational commands for user-specific
intents, poses great challenge for system performance, urging the
ability of model evolution with the changing environments. There-
fore, on-device continual learning (CL), enabling intelligent agents
to learn incrementally from evolving data distributions, has at-
tracted significant attention [17, 20, 43].

On-device CL conducts frequentmodel retraining to adapt to new
arriving data samples (i.e., plasticity [1, 11]), while not forgetting
the previously learned knowledge (i.e., stability [29, 56]). A majority
of CL approaches, e.g., parameter regularization [2, 30, 34], sample
replay [28, 32, 50] and model expansion [24, 38, 64], have been pro-
posed to realize stability-plasticity trade-off. Despite promising, the
current approaches have primarily focused on optimizing learning
performance, overlooking the characteristics of mobile devices, i.e.,
limited computation resources and model capacity. Specifically, the
model accuracy of five classical CL algorithms has decreased up to
9% due to the constrained computation resource and limited model
capacity1. Moreover, ignoring the characteristics of mobile devices
not only hampers the practical performance of on-device CL, but
also leads to inefficient utilization of scarce on-device resources
[46, 47]. Therefore, for efficient on-device CL, it is crucial to de-
sign methods that co-optimize learning performance and resource
efficiency within limited model capacity.

Although there exist some prior works tried to realize cost-
effective on-device CL, these approaches still struggle to prioritize
resource consumption with subpar model performance [6, 27, 61,
62, 69]. These approaches regard both the new arriving tasks and
the previously learned tasks as the same importance, and conduct
a trade-off between plasticity (new tasks) and stability (previous
tasks). This is ill-suited for on-device scenarios, where the limited
model capacity impose a challenge to make a good trade-off. We
argue that for on-device CL we need to necessitate a shift in priority
towards the fast adaptation of new tasks over the maintenance of
the previous tasks. Our reasoning is twofold. First, the new tasks

1please refer to Section 2.1 for details.
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are urgently required quick responses to support time-sensitive
intelligent applications [14, 45, 59]. Second, the continual accumula-
tion of previously learned knowledge makes it progressively more
difficult to adapt to new tasks within limited model capacity, a
critical challenge known as plasticity loss [1, 11]. Therefore, priori-
tizing new task learning over previous tasks, even active forgetting
certain old tasks for limited model capacity, is essential to facilitate
model adaptation with more efficient usage of scarce computation
resources and limited model capacity.

To facilitate new task learning, there exist some works to se-
lectively reinitialize a part of model parameters to inject plasticity
[1, 11]. These approaches for improving model plasticity, e.g., con-
tinual backpropagation [1], shrink and perturb [5], and dropout [22],
focus solely on how to selectively reinitialize model parameters to
maximize parameter diversity, ignoring the learned knowledge of
specific tasks lost after parameter re-initialization. This prevents on-
device CL from leveraging the corresponding learned knowledge
to accelerate model convergence and reduce resource consump-
tion on new task learning (i.e., warm start [5, 55]). Moreover, these
techniques failed to consider the performance of forgotten tasks,
leading to model retraining from scratch when re-encountering
the forgotten tasks. Therefore, it is imperative for on-device CL
to perform fast model adaptation to new tasks while enhancing
the efficiency of re-learning the previous tasks on the resource-
constrained mobile devices.

There exist two technical challenges to realize efficient on-device
CL with limited model capacity. The first challenge is how to effi-
ciently inject plasticity for fast model adaptation on new tasks while
simultaneously minimizing the associated resource overhead. Cur-
rent techniques for maintaining plasticity are brute-force solutions
[1, 11] to address plasticity loss with intensive computation re-
source overhead, failing to accelerate model adaptation and not
violating the limited on-device resources. The core technical ques-
tion is not just if plasticity should be injected but also where and
how to do it for on-device CL in a computationally efficient man-
ner. This requires a lightweight mechanism to identify which spe-
cific parameters or model substructures are prime candidates for
efficient on-device CL. The second challenge is how to maintain
ever-growing accumulated knowledge within the limited model ca-
pacity and prevent inefficient relearning of previously forgotten tasks.
When parameters are selectively re-initialized to inject plasticity,
the knowledge associated with prior tasks is inevitably compro-
mised, necessitating model retraining if those forgotten tasks are
re-encountered. Moreover, this problem is magnified on resource-
constraint mobile devices, leading to frequent, resource-intensive
model re-adaptation from scratch. Therefore, it remains a critical
challenge to optimize learning performance and resource utilization
for efficient on-device CL.

Inspired by the active forgetting mechanism of human brain2, we
propose Lethe, a plasticity-aware active forgetting framework for
efficient on-device CL. To address the first challenge, we propose
forgetting-based plasticity injection to facilitate new task learn-
ing with the design of two major modules: order-aware active
forgetting and neuro-inspired plasticity injection. For fast model

2please refer to Section 2.3 for details.

adaptation in dynamic edge environments, order-aware active for-
getting mitigates the burden of previously learned knowledge by
prioritizing prior tasks to selectively forget less relevant tasks by
exploring the impact of task order to capture the path-dependent
dynamics of positive and negative knowledge transfer. For light-
weight on-device CL, neuro-inspired plasticity injection aims to
co-optimize saturated units, weight magnitude and effective rank
of model parameters with the three-step optimization strategy to
reduce computation resource overhead. As for the second challenge,
Lethe introduces cost-aware forgetting recovery to enable low-cost,
low-frequent knowledge reactivation through a dopamine-inspired
transient forgetting mechanism and task-oriented forgetting recov-
ery. Dopamine-inspired transient forgetting facilitates knowledge
recovery with parameter-wise fusion by using deposited model
parameters, thereby reducing the overhead of model retraining
on the forgotten tasks. To prevent frequent forgetting recovery in
time-varying task streams, task-oriented forgetting recovery selects
previously learned tasks based on task priority to preserve critical
knowledge within limited model capacity.

We summarize our main contributions as follows:
• In this work, we aim to realize efficient on-device CL with
limited model capacity, and propose Lethe, a plasticity-aware
active forgetting framework for lightweight adaptation.
• For fast adaptation on new tasks, Lethe proposes forgetting-
based plasticity injection to perform efficient model adapta-
tion by realizing order-aware active forgetting and neuro-
inspired plasticity injection to accelerate model convergence.
• To prevent inefficient relearning of forgotten tasks, Lethe in-
troduces cost-aware forgetting recovery to facilitate low-cost
knowledge recovery with deposited model parameters, and
prevent frequent forgetting recovery based on task priority.
• Extensive evaluations demonstrate that Lethe consistently
outperforms state-of-the-art solutions, improving model ac-
curacy by up to 8.93% and reducing computation overhead
by 53.63% on average.

2 Background and Motivation
In this section, we first introduce the technical background of on-
device CL and plasticity loss. We then discuss the opportunities
and challenges of active forgetting to realize efficient on-device CL.

2.1 On-Device Continual Learning
While deploying machine learning models on mobile devices with
the increasing availability of unseen data streams, the performance
degradation due to frequent data distribution variations, necessi-
tates incrementally upgrading the deployedmodel. Amajority of CL
approaches, e.g., parameter regularization [2, 30, 34], sample replay
[28, 32, 50] and model expansion [24, 38, 64], have been proposed
to realize stability-plasticity trade-off [10, 19, 21]. Since incremental
model adaptation are performed on mobile devices, the efficiency of
on-device CL is heavily dependent on the characteristics of mobile
devices in the following three aspects.

Constrained Computation Resource. Despite promising, cur-
rent CL approaches necessitate substantial computation resources
and massive data samples for efficient model adaptation, hinder-
ing their deployment on resource-constrained mobile devices. As
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Figure 1: The performance comparison of five CL algorithms
with three different models on CIFAR10.

shown in Figure 1(a), we have evaluated five representative CL
algorithms, i.e., EWC++ [9], LwF[39], ER[51], iCaRL [49] and GSS
[3], deployed on the Jetson Nano [58], an end device from NVIDIA,
and observe that these algorithms have high learning performance
with unrestricted computation resources, while their performance
degrades significantly in resource-limited scenarios. Specifically, a
reduction in computational resources (i.e., the number of training
iterations) by 50% leads to a significant performance degradation,
resulting in up to 9% decrease in model accuracy. Moreover, as
stated in computationally budgeted CL [47], all existing CL ap-
proaches, including distillation [37], sampling [4, 57], FC layers
correction [23] and model expansions [38], fail to have good model
performance in a computation-constraint setting.

Limited Model Capacity. The model size deployable on mo-
bile devices is inherently constrained by limitations in available
memory and energy resources. For instance, the grammar-checker
model in Microsoft Editor must be lightweight, occupying no more
than 50 MB of memory [36]. Consequently, the model’s average
accuracy over an extended task stream declines as its capacity is
reduced. We illustrate this phenomenon in Figure 1(b) through ex-
periments with three classic models: LeNet5, ShuffleNet V2, and
ResNet18. To create lightweight models with different capacity, we
applied unstructured pruning to achieve various parameter sparsity
levels. A sparsity of 𝑃 = 20%, for example, indicates that 20% of
the model’s parameters have been removed. Our results show that
these capacity-constrained models suffer a significant performance
degradation, with their average accuracy decreasing up to 8%.

Non-stationary Data Stream. Mobile devices has an increasing
availability of streaming data with frequent data distribution varia-
tions and unorder arrival. For instance, an unmanned aerial vehicles
(UAV) equipped with a high-resolution camera captures images for
object detection on the fly, and the categories of these images may
undergo significant changes due to the non-stationarity of environ-
ment [60]. It is noteworthy that the dynamic characteristics of task
arrival also has a impact on the performance of model adaptation.
As illustrated in Figure 2, considering varying task arrival with 4
different task orders, we observe that the existing CL approaches
exhibit a performance fluctuation of around 4%, confirming that
the dynamic edge environments have the non-negligible impact on
model performance.

2.2 Plasticity Loss
The efficiency of on-device CL is critically hampered by plasticity
loss, a phenomenon where the finite capacity of models learning

3.9%
4.0%

1.7%
2.8% 3.5%

Figure 2: The performance comparison of five CL algorithms
using ResNet18 on CIFAR10 with different task order.
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Figure 3: The plasticity loss of five CL algorithms validated
by using ResNet18 on CIFAR10.

from sequential task streams leads to parameter saturation and
rigidity [1, 11]. As demonstrated in Figure 3(a), while there exist
performance variations among the five classical CL approaches, we
observe that these methods initially maintain relatively high model
accuracy during several tasks at the beginning. However, as the
number of tasks increases, there emerges a progressive deteriora-
tion in model accuracy due to the loss of plasticity. This degradation
becomes particularly evident in the final several tasks, where the
accuracy decreases up to 80%. This phenomenon is further validated
on the training loss shown in Figure 3(b), which reveals a consistent
performance decline with the increasing tasks.

Recent studies have identified several indicators of plasticity loss,
e.g., an increase in saturated units, the growth of weight magni-
tudes and a reduction in effective rank of model parameters [11, 42].
To address loss of plasticity, there also exist some approaches, e.g.,
continual backpropagation [1], shrink and perturb [5], and dropout
[22], to selectively reinitialize a part of model parameters to maxi-
mize parameter diversity. While these methods can partially mit-
igate plasticity loss, they present two significant limitations for
on-device applications. First, reinitializing or dropping parameters
inevitably leads to the loss of valuable knowledge. This prevents
mobile devices from leveraging a “warm-start” [5, 55] to accelerate
model convergence and reduce resource consumption when learn-
ing new tasks. Second, these techniques fail to consider the priority
of forgotten tasks. If the lost knowledge is critical for frequently en-
countered tasks, it may necessitate relearning forgotten tasks from
scratch, leading to consume substantial computational resources.

2.3 Opportunities: Active Forgetting
The phenomenon of knowledge forgetting in CL primarily stems
from parameter interference during incremental model retraining,
where previously acquired knowledge is detrimentally overwrit-
ten. This knowledge degradation has been universally regarded
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as harmful, prompting extensive research efforts to mitigate such
catastrophic forgetting at all costs [63, 66]. However, attempting
to preserve all prior knowledge is highly inefficient on resource-
constrained mobile devices, as it imposes substantial computational
overhead while continuously escalating the demands for data stor-
age and model capacity, especially for methods like sample replay
and model expansion.

The most efficient CL system is the human brain [35, 67]. The
brain does not attempt to retain every piece of learned information;
instead, it engages in actively forgetting redundant or less rele-
vant memories while consolidating knowledge that is crucial for
survival or future reasoning. Inspired by active forgetting machan-
sim of human brain, we reframe forgetting not as a problem but
as a potential solution. This paradigm posits that selectively and
strategically discarding specific learned knowledge can be advanta-
geous. Despite promising, it remains critical challenge to leverage
active forgetting to realize efficient on-device CL for model evolu-
tion on time-varying task streams, especially with the constrained
computation resources and limited model capacity. First, the diffi-
culty lies in effectively injecting plasticity to enable fast adaptation
to new tasks while minimizing computation resource overhead.
The second challenge is to manage the continual accumulation of
prior knowledge within limited model capacity, ensuring that es-
sential prior tasks are retained without redundant model retraining.
Consequently, designing an efficient active forgetting mechanism
that simultaneously enhances model adaptability and optimizes
resource utilization is of critical importance for on-device CL.

3 Lethe Overview
To address plasticity loss of on-device CL with constrained com-
putation resource and limited model capacity, we propose Lethe,
a novel plasticity-aware active forgetting framework to improve
parameter diversity for lightweight model adaptation. As shown in
Figure 4, implementing Lethe requires the consideration of the fol-
lowing three potential task scenarios: ❶ New Task Arrival. When
an incoming task is entirely new and cannot be processed by the
current on-device model, mobile devices need to perform new task
learning for model evolution. ❷ Forgotten Task Re-encounter.
The current on-device model cannot process the newly arriving
task, which corresponds to a previously learned task, indicating that
the current model has forgotten this specific knowledge. ❸ Known

Task Arrival. The current on-device model can adequately process
the arriving known task without requiring further adaptation. To
realize efficient on-device CL for the first two task scenarios, Lethe
involves with two components: the forgetting-based plasticity in-
jection and the cost-aware forgetting recovery.

The forgetting-based plasticity injection aims to perform light-
weight model adaptation on new tasks under the constraint of
model capacity and computation resource, which involves two ma-
jor modules: order-aware selective forgetting and neuro-inspired
plasticity injection. Order-aware selective forgetting firstly ad-
dresses plasticity loss by selectively forgetting specific learned
knowledge before incremental model adaptation on new tasks.
Neuro-inspired plasticity injection is performed with parameter se-
lection and re-initialization for efficient model adaptation. The cost-
aware forgetting recovery enables low-cost, low-frequent knowl-
edge reactivation through a dopamine-inspired transient forgetting
mechanism and task-oriented forgetting recovery. Drawing inspi-
ration from forgetting mechanism of human brain, the dopamine-
based transient forgetting mechanism temporarily suppresses mem-
ory accessibility while permitting time-dependent reactivation. Fur-
thermore, to prevent frequent forgetting recovery, we propose a
metric as task priority to strategically preserve critical knowledge
within limited model capacity.

4 Forgetting-based Plasticity Injection
In this section, we introduce the design of Lethe for the first task
scenario, outlining the implementation of order-aware active for-
getting and neuro-inspired plasticity injection.

4.1 Order-aware Active Forgetting
To maintain model plasticity to learn new tasks, it is essential to
reinitialize a subset of model parameters to inject plasticity [1, 11].
While model parameters encode the knowledge learned from spe-
cific tasks, an indiscriminate or random reinitialization can cause
catastrophic forgetting, erasing valuable information and compro-
mising the generalization performance. This challenge highlights
the need for a more intelligent strategy to identify which knowl-
edge is redundant or detrimental. Existing solutions for determining
what to forget rely on task similarity, failing to capture the dynamic,
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path-dependent nature of CL [7, 40]. Therefore, we aim to analyze
the effect of dynamic task order on incremental model adaptation.

To accurately model the complex inter-task relationships within
a continuous task stream T = {𝜏1, 𝜏2, ..., 𝜏𝑡 }, we move beyond sim-
ple similarity metrics. The incremental model adaptation inherently
involves balancing conflicting objectives, since optimizing for one
task may adversely affect the performance on another. Therefore,
we frame the problem of measuring inter-task relationships as a
multi-objective optimization (MTO) problem. This approach allows
us to find a Pareto optimal solution that represents a principled
compromise among all competing tasks. First, we calculate the task
gradients obtained by updating the model on the corresponding
data samples, e.g., ∇L(𝜃, 𝜏𝑖 ),∀𝑖 ∈ [1, 𝑡] whereL is the loss function
and 𝜃 is the model. To avoid redundant gradient computation for
previous tasks each time, we will store the gradients from each
model update for facilitating subsequent inter-task correlation anal-
ysis. Then, we compute the weights {𝛼𝑖 }𝑡𝑖=1 among multiple tasks
by finding the pareto optimal solution of MTO problem as follows:

min
{𝛼𝑖 }𝑡𝑖=1

{∥
𝑡∑︁
𝑖=1

𝛼𝑖∇L(𝜏𝑖 , 𝜃𝑖 )∥22 |
𝑡∑︁
𝑖=1

𝛼𝑖 = 1, 𝛼𝑖 ≥ 0}. (1)

The weights {𝛼𝑖 }𝑡𝑖=1 reflect the relative contribution of each task
to their consensus direction, providing a context-aware measure
of their relationship. This optimization problem is equivalent to
finding a minimum-norm point in convex hull of the set of input
points, which can be solved with the Frank-Wolfe Algorithm [26].

Based on these computed weights {𝛼𝑖 }𝑡𝑖=1, we define a distance
metric 𝑑𝑖 𝑗 to quantify the gain between any two tasks 𝜏𝑖 and 𝜏 𝑗 as:

𝑑𝑖, 𝑗 = ∥𝛼𝑖∇L(𝜃, 𝜏𝑖 ) − 𝛼 𝑗∇L(𝜃, 𝜏 𝑗 )∥, 𝑖 ≠ 𝑗,∀𝑖, 𝑗 ∈ [1, 𝑡] . (2)

Next, we construct an undirected complete graph (UCG) where
the vertices represent tasks, and the edge weights represent the
gain between any two tasks. In UCG, we can find different task
orders with different sum path, and the task order with higher sum
path is beneficial for positive knowledge transfer [7, 40]. Therefore,
we want to identify and remove only the most detrimental task to
make the current task order with highest sum path. There exist
three cases to find the single most disruptive task. The first case is
to forget the firstly learned task, and the path sum in this case is

𝑠1 =
∑𝑡−1

𝑖=2 𝑑𝑖,𝑖+1; The second case is to forget the lastly learned task,
and the path sum in this case is 𝑠𝑡−1 =

∑𝑡−2
𝑖=1 𝑑𝑖,𝑖+1; The third case is

that the forgotten task is the middle one, and the path sum can be
described as follows:

𝑠𝑘 = max
𝑘∈[2,𝑡−1]

{
𝑡−1∑︁
𝑖=1

𝑑𝑖,𝑖+1 −
𝑘∑︁

𝑗=𝑘−1
𝑑 𝑗, 𝑗+1 + 𝑑𝑘−1,𝑘+1}. (3)

The task to be selectively forgotten 𝜏𝑓 is identified as the one with
highest sum path:

𝜏𝑓 =


𝜏1 𝑖 𝑓 𝑠1 ≥ 𝑠𝑘 𝑎𝑛𝑑 𝑠1 ≥ 𝑠𝑡−1,
𝜏𝑡−1, 𝑖 𝑓 𝑠𝑡−1 ≥ 𝑠𝑘 𝑎𝑛𝑑 𝑠𝑡−1 ≥ 𝑠1,
𝜏𝑘 , 𝑖 𝑓 𝑠𝑘 ≥ 𝑠𝑡−1 𝑎𝑛𝑑 𝑠𝑘 ≥ 𝑠1 .

(4)

4.2 Neuro-inspired Plasticity Injection
To facilitate model adaptation on new task learning, our objective
is to improve parametric diversity through parameter selection
and reinitialization. The intuitive approach involves assessing pa-
rameter sensitivity via data samples to select and reinitialize the
corresponding model parameters [33, 48]. However, considering
the vast parameter space and the complexity of parameter sharing
across different tasks, a straightforward brute-force search proves
ineffective for efficient parameter selection. Drawing inspiration
from the operational mechanisms of human brain, as depicted in
Figure 5, we propose a three-step optimization strategy to maintain
model plasticity. ❶ First, we use given data samples to pinpoint
saturated activation units (the extreme values of the activation func-
tion) [16]. The increasing prevalence of such activation units serves
as a primary indicator of diminished model plasticity [1, 11]. ❷

Second, we identify high-magnitude model parameters connected
to these saturated activation units. Large weight magnitudes are
often associated with learning instability [42], as they hinder effec-
tive gradient-based optimization. This two-step collectively emu-
lates the brain’s principle of sparse activation. ❸ Third, we prune
these identified high-magnitude model parameters and introduce
an equivalent number of newly initialized model parameters. This
action aims to improve the effective rank of model parameters and
directly mirrors the brain’s synaptic rewiring mechanism.
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Considering the machine learning model 𝜃 with 𝐿 layers, each
layer 𝑙 ∈ {1, 2, ..., 𝐿} has 𝑁𝑙 units and let 𝑛𝑖

𝑙
(𝑖 ∈ [1, 𝑁𝑙 ]) be the

𝑖-th unit in that layer. Let 𝜃 𝑖, 𝑗
𝑙

denotes the 𝑗-th incoming connec-
tion of 𝑛𝑖

𝑙
from 𝑛

𝑗

𝑙−1. We denote the activation of unit 𝑛𝑖
𝑙
as 𝐴𝑛𝑖

𝑙
(𝑥)

and the total activation of layer 𝑙 as 𝐴𝑙 (𝑥), where 𝑥 is the input
that generates these activations. The model parameters of different
layers exhibit significant variations in terms of their function and
sensitivity. As indicated by related research works [65, 68], the
parameter sensitivity tends to be higher in earlier layers of model
structure, while it decreases in deeper layers. Furthermore, for any
task already learned with model training, we can identify a subset
of model parameters that denote the knowledge learned from cor-
responding data samples, which we call as task-specific parameters
𝜃
𝑠𝑝

𝑙
∈ 𝜃𝑙 ,∀𝑙 ∈ [1, 𝐿]. In view of the complexity of the model archi-

tecture and the function of different layers, we perform parameter
selection from the perspective of the model layer, and implement
different proportions of parameter re-initialization based on the
depth of the model layer. First, we quantify the importance of model
parameters in a data-dependent manner to identify task-specific
model parameters 𝜃𝑠𝑝

𝑙
,∀𝑙 ∈ [1, 𝐿], which can be formulated as the

following optimization problem:

𝜃
𝑠𝑝

𝑙
= 𝑎𝑟𝑔 max

𝐻
𝑖,𝑗

𝑙
·𝜃𝑖,𝑗
𝑙
∈𝜃𝑠𝑝

𝑙

∥
𝑁𝑙−1∑︁
𝑗=1

𝑁𝑙∑︁
𝑖=1

𝐻
𝑖, 𝑗

𝑙
· 𝜃 𝑖, 𝑗

𝑙
∥, (5)

𝑠 .𝑡 .

𝑁𝑙∑︁
𝑖=1

𝑁𝑙−1∨
𝑗=1

𝐻
𝑖, 𝑗

𝑙
· 𝐴𝑛𝑖

𝑙
(𝑥) ≥ 𝜏𝐴𝑙 (𝑥), (5a)

𝑁𝑙−1∑︁
𝑗=1

𝑁𝑙∨
𝑖=1

𝐻
𝑖, 𝑗

𝑙
· 𝐴

𝑛
𝑗

𝑙−1
(𝑥) ≥ 𝜏𝐴𝑙−1 (𝑥), (5b)

|𝜃𝑠𝑝
𝑙
| ≤ 𝑟𝑙 |𝜃𝑙 |, 𝐻 𝑖, 𝑗

𝑙
∈ {0, 1}, (5c)

where 𝐻 𝑖, 𝑗

𝑙
is a binary decision variable. The first two constraints

(5a and 5b) are to make the activation value of model parameters
must capture at least a fraction of 𝜏 of total activations between
two adjacent layers. The last constraint (5c) aims to control the pro-
portion of parameter selection in the 𝑙-th layer with the weight 𝑟𝑙 .
This optimization problem in Eq. (5) is a classic knapsack problem,
known to be NP-hard and inherently challenging with large search
space. Due to the limited resources on mobile devices, we forgo
computationally intensive optimal solution methods and instead
propose a computationally efficient heuristic approach. First, the
activation values obtained by performing calculations with the for-
ward propagation computation, need to be sorted in ascending order
with respect to the weight magnitude of model parameters. Then,
we employ the greedy approach to perform parameter selection to
find task-specific parameters.

Next, to renew model parameters, we first drop the selected
model parameters in each model layer, and then grow new model
parameters to enable knowledge transfer for learning new tasks. We
note that the loss of plasticity occurs with the drop in the effective
rank of the model parameters [12]. Consider a matrix Φ ∈ 𝑅𝑚×𝑛 ,
the effective rank of this matrix can be described as follows:

𝑒𝑟𝑎𝑛𝑘 (Φ) = −
𝑞∑︁
𝑖=1

𝜎𝑖∑𝑞

𝑘=1 𝜎𝑘
𝑙𝑜𝑔{ 𝜎𝑖∑𝑞

𝑘=1 𝜎𝑘
}, (6)

where 𝜎𝑖 is the 𝑖-th singular value and 𝑞 =min(𝑚,𝑛). Therefore, we
aim to maximize the effective rank of model parameters by growing
new model parameters as follows:

max
𝑆𝑙 ∈Ω𝑙

𝑒𝑟𝑎𝑛𝑘 (𝜃𝑙 + 𝑆𝑙 ), 𝑠 .𝑡 . ∥𝑆𝑙 ∥0 = 𝑟𝑙 ,∀𝑙 ∈ [1, 𝐿], (7)

where 𝑆𝑙 is the matrix with same size of 𝜃𝑙 , and Ω𝑙 means the re-
maining space of 𝜃𝑙 for adding new model parameters (e.g., the
space of pruned and forgotten parameters within the sparse model).
This optimization problem in Eq. (7) is an NP-hard combinatorial
optimization problem. Due to the complexity of the problem, we
employ a heuristic approach to utilize a greedy search strategy
based on the degree of activation units. For each model layer, the
activation units are sorted in ascending order based on its degree
connected to model parameters. Then, we iteratively select the
activation units in the current and subsequent layers with the min-
imum number of existing model parameters to add new, randomly
initialized model parameters. If the model parameter already exists
between the pair of activation units with the fewest connections,
we consider the next activation unit in the subsequent layer (the
one with the next smallest number of connections) and evaluate its
eligibility to add new model parameter. This process proceeds until
the required number of new model parameters is satisfied.

Once the newly added model parameters are determined, we can
reinitialize the selected model parameters to improve parameter
diversity, which can be described as follows:

𝜃
𝑖, 𝑗

𝑙
=


𝜃𝑅𝑒𝑖𝑛𝑖𝑡
𝑙

, 𝑖 𝑓 𝜃
𝑖, 𝑗

𝑙
∈ 𝑆𝑙 ,

0, 𝑖 𝑓 𝜃
𝑖, 𝑗

𝑙
∈ 𝜃𝑠𝑝

𝑙
\ (𝜃𝑠𝑝

𝑙
∩ 𝑆𝑙 ) ,

𝜃
𝑖, 𝑗

𝑙
, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 ,

(8)

where 𝜃𝑅𝑒𝑖𝑛𝑖𝑡
𝑙

is reinitialized with Kaiming distribution. In Eq. (8),
the first case indicates that the currently selectedmodel parameter is
newly added. The second case signifies that these model parameters
represent ones to be forgotten. The remaining model parameters
remain unchanged.

5 Cost-aware Forgetting Recovery
In this section, we provide the design of Lethe for the second task
scenario with its two core mechanisms: dopamine-based transient
forgetting and task-oriented forgetting recovery.

5.1 Dopamine-based Transient Forgetting
Although the above proposed forgetting-based plasticity injection
approach can effectively enhance the model performance on new
task learning, it exhibits significant limitations in terms of forgotten
tasks. Specifically, when the newly arriving task is the forgotten
task, mobile devices treat it as new one and necessitates retraining
the current on-device model with substantial data samples and
computation resources, which is high-cost. When relearning for-
gotten knowledge, the human brain requires only a brief review
rather than treating it as entirely new task, thereby conserving
cognitive effort. Inspired by the efficient forgetting recovery mech-
anism of human brain, we aim to realize resource-efficient model
re-adaptation on forgotten tasks.

There are two types of forgetting mechanisms in human brain:
permanent forgetting and transient forgetting [53]. Permanent for-
getting involves erasing information from the brain completely.
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Figure 6: The performance comparison of five CL algorithms validated on AA by using three different datasets.

The knowledge forgetting of the existing approaches [8, 41], e.g.,
machine unlearning, is also the form of permanent forgetting in
which prior knowledge is lost completely, and incurs high resource
costs to refresh the model ability. Different with the high cost of
forgetting recovery in permanent forgetting, the efficiency of forget-
ting recovery in transient forgetting is remarkably high. Transient
forgetting does not erase the information but rather interferes with
its retrieval [53]. This is mainly achieved through dopamine secre-
tion signals, which create a temporary state of impaired retrieval.
We refer to this temporary state as transient forgetting. When
dopamine fades in response to external stimuli, the information
becomes retrievable again, thereby realizing memory recovery.

Inspired by this efficient biological forgetting mechanism, we
propose a dopamine factor to implement transient forgetting for
on-device CL as follows:

𝜃
𝑖, 𝑗

𝑙
=


𝜃𝑅𝑒𝑖𝑛𝑖𝑡
𝑙

+𝑀𝑖, 𝑗

𝑙
· 𝜃 𝑖, 𝑗

𝑙
, 𝑖 𝑓 𝜃

𝑖, 𝑗

𝑙
∈ 𝑆𝑙 ,

0 +𝑀𝑖, 𝑗

𝑙
· 𝜃 𝑖, 𝑗

𝑙
, 𝑖 𝑓 𝜃

𝑖, 𝑗

𝑙
∈ 𝜃𝑠𝑝

𝑙
\ (𝜃𝑠𝑝

𝑙
∩ 𝑆𝑙 ) ,

𝑀
𝑖, 𝑗

𝑙
· 𝜃 𝑖, 𝑗

𝑙
, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 ,

(9)

where𝑀𝑖, 𝑗

𝑙
∈ {0, 1} is the binary decision variable. When𝑀

𝑖, 𝑗

𝑙
= 0,

it means impaired retrieval with knowledge forgetting. To prevent
the loss of existing parameters without interfering with the newly
initialized model parameters, given the forgotten task 𝜏𝑖 , we first
duplicate the existing model parameters to be forgotten to generate
and store parameter slices, e.g., {𝜃𝑠𝑝

𝑙
(𝜏𝑖 )}𝐿𝑙=1. Then, the injection of

parameter diversity is to reinitialize the newly generated param-
eters, e.g., 𝜃 𝑖, 𝑗

𝑙
← 𝜃𝑅𝑒𝑖𝑛𝑖𝑡

𝑙
, and all connections to the re-initialized

parameters are kept. When 𝑀
𝑖, 𝑗

𝑙
= 1, it indicates that the stored

knowledge slices are required to recover the forgotten knowledge,
which will be described in next Section 5.2.

5.2 Task-oriented Forgetting Recovery
To prevent frequent forgetting recovery, we need to take forward-
looking consideration for future arrival tasks. We hypothesize that
a task’s historical occurrence frequency is a strong proxy for its
probability of future recurrence. Furthermore, we incorporate the
timeliness of learned tasks, asserting that more recently learned
tasks should have a higher priority to prevent the immediate loss of
new knowledge, a principle that aligns with the human forgetting
curve. Based on these principles, we formulate a task priority metric

𝑃𝜏𝑖 , to identify the least critical task to be replaced:

𝑃𝜏𝑖 = (1 − 𝜆)
𝑁𝑖

𝑡
+ 𝜆𝑒−

𝑡𝑙𝑎𝑠𝑡
𝑖
𝑆 ,∀𝑖 ∈ [1, 𝑡], (10)

where 𝑁𝑖 is the total historical occurrence count of task 𝜏𝑖 , and
𝑡𝑙𝑎𝑠𝑡𝑖 is the time step of its most recent occurrence. The weight
𝜆 ∈ [0, 1] is a hyperparameter that balances the importance of
historical frequency and arrival time, and 𝑆 is a scaling factor that
controls the rate of time decay. The task with the lowest priority
score is selected for replacement.

Let 𝜃𝑠𝑝𝑝 and 𝜃
𝑠𝑝
𝑟 be the parameter slices corresponding to the

task to be replaced 𝜏𝑝 and the recovery task 𝜏𝑟 , respectively. We
perform a parameter-wise fusion of these slices to update the model
parameter 𝜃 𝑖, 𝑗

𝑙
at each layer 𝑙 as follows:

𝜃
𝑖, 𝑗

𝑙
(𝜏𝑝 ) = 𝜃

𝑖, 𝑗

𝑙
(𝜏𝑝 ) + 𝜂△∥𝜃 𝑖, 𝑗𝑙 (𝜏𝑝 ) − 𝜃

𝑖, 𝑗

𝑙
(𝜏𝑟 )∥ . (11)

The parameter slices of the task to be replaced 𝜏𝑝 is updated by
moving it towards the corresponding model parameters in the pa-
rameter slices of the recovery task 𝜏𝑟 , with the update magnitude
scaled by a factor 𝜂. This method enables direct and efficient pa-
rameter fusion inspired by task arithmetic [25, 44]. In this way, we
can accelerate model adaptation on forgotten tasks.

6 Evaluations
6.1 Experimental Setup
Datasets and Models. To comprehensively evaluate the efficacy
of our proposed method, we conduct experiments on three bench-
mark image datasets: CIFAR10 (C10), CIFAR100 (C100) and TinyIm-
ageNet (TIN). We employ three lightweight network architectures
for our evaluations: LeNet5, ShuffleNetV2, and ResNet18. As for task
streams, we consider two standard CL settings: task-incremental
CL [29, 56] and class-incremental CL [15].
Baselines. The current practices about on-device CL can be cat-
egorized into two main categories: stability-aware on-device CL
approaches and plasticity-aware one. The stability-aware on-device
CL approaches aim to prevent catastrophic forgetting by utilizing
parameter regularization or knowledge distillation, i.e., EWC++ [9]
and LwF[39]. For plasticity-aware one, these methods prioritize
efficient adaptation to novel tasks to address plasticity loss of new
task learning by selectively initializing a small fraction of model
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Table 1: The performance comparison of different CL methods with two different CL setups.

CL Setup Dataset Metric EWC++ LwF L2 Init CBP Lethe △

Class

C10 PA(%) 77.91 ± 0.188 74.85 ± 0.633 76.80 ± 0.389 77.70 ± 0.6486 86.85 ± 2.727 ↑ 8.94

Increment

SA(%) 70.37 ± 0.275 70.00 ± 0.051 65.37 ± 0.321 70.385 ± 0.225 76.00 ± 1.346 ↑ 5.63

C100 PA(%) 74.83 ± 0.623 69.33 ± 0.471 73.16 ± 0.471 73.50 ± 0.408 79.16 ± 1.027 ↑ 4.33
SA(%) 70.33 ± 0.294 68.47 ± 0.658 65.75 ± 0.686 69.83 ± 0.147 73.27 ± 0.578 ↑ 2.94

TIN PA(%) 60.00 ± 0.816 57.33 ± 1.885 61.00 ± 2.160 60.66 ± 0.471 67.00 ± 1.632 ↑ 6.00
SA(%) 49.66 ± 0.970 48.62 ± 1.159 49.37 ± 0.835 49.58 ± 0.256 55.16 ± 0.757 ↑ 5.50

Task

C10 PA(%) 91.00 ± 0.816 91.16 ± 0.623 79.83 ± 0.623 90.16 ± 0.623 92.16 ± 0.471 ↑ 1.00

Increment

SA(%) 80.26 ± 0.517 80.81 ± 0.530 59.52 ± 0.165 80.86 ± 0.576 79.46 ± 0.392 ↓ 1.35

C100 PA(%) 91.00 ± 0.408 91.33 ± 0.623 80.00 ± 0.707 90.66 ± 0.623 92.00 ± 0.408 ↑ 0.67
SA(%) 79.50 ± 0.334 80.12 ± 0.183 70.21 ± 0.427 79.79 ± 0.077 79.41 ± 0.117 ↓ 0.71

TIN PA(%) 67.00 ± 2.943 69.33 ± 2.867 58.66 ± 0.471 68.00 ± 2.828 70.66 ± 1.885 ↑ 1.33
SA(%) 58.79 ± 1.678 59.75 ± 1.446 49.16 ± 0.213 58.91 ± 0.513 57.88 ± 0.797 ↓ 1.87
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Figure 7: The performance comparison for forgetting recov-
ery on accuracy and efficiency.
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Figure 8: The performance comparison of different ratio of
parameter selection and re-initialization.

parameters or incorporating L2 regularization with original model
parameters, i.e., CBP [11] and L2 Init [31].
Evaluation Metrics. We evaluate the performance of on-device
CL based on the following four key metrics: Plasticity Accuracy
(PA) assesses the model’s capacity to acquire new knowledge.
Stability Accuracy (SA) measures the model’s ability to retain
knowledge from previously learned tasks. Average Accuracy (AA)
provides a holistic performance measure, calculated as the mean
inference accuracy among new tasks and previous ones. Compu-
tation Efficiency evaluates the overhead of the learning process,
encompassing the volume of data and the computational resources
required for incremental model training.
ImplementationDetails. We perform on-device model adaptation
by utilizing a Jetson Nano with 4GB memory, and obtain sparse
models through unstructured parameter pruning. For new task
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Figure 9: The performance comparison between Lethe and
Random on parameter selection.

learning, the dataset is partitioned by class, with the class subset
used to pre-train initial model to convergence (e.g., plasticity loss).
A subsequent task introduces two novel classes to evaluate new task
learning. For forgotten task re-encounter, two classes are randomly
sampled from the original tasks to perform model unlearning. The
learning rate and batch size of model retraining are 0.001 and 64,
respectively. To make the results on these three different datasets
more persuasive, all experiments are performed three times with
different seeds.

6.2 Overall Performance
Figure 6 plots the performance comparison of different methods
against training batches across three different datasets. Specifically,
we can find that Lethe has achieved highest model accuracy on
AA across all these three datasets. These superior performance is
a direct result of Lethe’s novel forgetting-based plasticity injection
mechanism with fast and efficient model adaptation. Figure 7 illus-
trates the performance comparison for forgetting recovery with two
methods: Recovery from scratch and Recovery with Lethe. We can
find that recovery with lethe has higher model performance with
faster convergence rate than themethodwith recovery from scratch.
This efficient knowledge recovery is enabled by the cost-aware for-
getting recovery module, which stores forgotten parameters as a
parameter slice and merges them back to avoid costly retraining
from scratch.

Table 1 provides a quantitative validation of Lethe’s superiority
across both class-incremental and task-incremental CL. The results
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Figure 10: The performance comparison of different ratio of
parameter pruning on PA and AA.

show that Lethe achieves the highest model accuracy in almost
all evaluated metrics, e.g., PA and SA. In the class-incremental
CL setup on the C10 dataset, Lethe improves PA to 86.85%, an
8.94% absolute improvement over the best-performing baseline, and
increases SA to 76.00%, a 5.63% gain. This significant margin un-
derscores Lethe’s ability to effectively mitigate the catastrophic
forgetting often observed when task boundaries are blurred, a
common and difficult scenario in real-world data streams. In the
task-incremental setting, the performance of Lethe is not particu-
larly pronounced, and it even exhibits a slight decline compared
to the SOTA on SA. This is because task-incremental scenarios
provide task ID, which reduces the learning difficulty relative to
class-incremental one and thereby leaves limited optimization space.

6.3 Robustness of Lethe
Parameter Selection Analysis. Figure 8 presents a critical ab-
lation study on the impact of ratio of parameter selection and re-
initialization on model performance. As shown in Figure 8(a) on
PA and Figure 8(b) on AA, selecting 30% of parameters (𝑟 = 0.3)
significantly outperformed 10% (𝑟 = 0.1), while increasing to 50%
(𝑟 = 0.5) yielded little additional gain. This indicates that although a
higher selection ratio improves plasticity, it is not always beneficial,
and the optimal ratio should be determined on the analysis of the
corresponding model and task. Figure 9 provides the performance
comparison between Lethe and Random on parameter selection. No
matter on PA orAA, the two-stage parameter selection approach
of Lethe has higher average accuracy than the Random approach
across three classical models, e.g., LeNet5, ShuffleNetV2, ResNet18.

Model Sparsity Analysis. Figure 10 evaluates the robustness
of Lethe with respect to parameter pruning ratio. A sparsity of
𝜌 = 0.2, for example, indicates that 20% of the model’s parame-
ters have been removed. The experimental results show that Lethe
consistently outperforms all baselines including L2 Init and CBP,
which are also designed to enhance plasticity. Moreover, compared
with the unpruned model, i.e., 𝜌 = 0, Lethe demonstrates supe-
rior performance in learning new tasks after model pruning, i.e.,
𝜌 = 0.1 and 𝜌 = 0.2. This finding highlights the synergy between

91.3%

32.5% 37.1%

(a) PA

84.8%

36.7%
58.6%
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Figure 11: The performance comparison between Lethe and
SOTA on batch number for model convergence.

model compression and plasticity injection, making Lethe an ideal
candidate for extremely memory-constrained IoT environments
where sparse models are mandatory.This improvement arises be-
cause the pruned model retains more available parameter slots for
reallocation, which facilitates enhancing the effective rank of model
parameters and thereby improves model plasticity.

Resource Utilization Analysis. Beyond its performance and
robustness, a critical aspect for on-device CL is resource efficiency,
which was analyzed in Figure 11. This figure measures the training
batches required to reach a target accuracy (e.g., 50%), serving as
a proxy for computational resource consumption. Lethe achieves
convergence with a significantly lower number of batches, reducing
requirements by 32.55% on LeNet5, 37.1% on ShuffleNetV2, and
58.6% on ResNet18 compared to the SOTA method. Such a dramatic
reduction in training iterations directly translates to substantial
energy savings and prolonged battery life for autonomous mobile
agents, addressing the critical bottleneck of on-device learning.
This enhanced efficiency of Lethe is attributed to neuro-inspired
plasticity injection that accelerates model convergence.

7 Conclusion
In this work, we proposed Lethe, a novel plasticity-aware active
forgetting framework that fundamentally reframe forgetting from
a detrimental effect to a solution with the optimization of model
performance and resource efficiency for efficient on-device CL.
By leveraging the “Forgetting, Learning and Recovery” paradigm,
Lethe successfully decouples the plasticity-stability dilemma with
the main design of forgetting-based plasticity injection and cost-
aware forgetting recovery. Extensive evaluations demonstrate that
Lethe not only achieves superior accuracy but also accelerates
model adaptation and significantly reduces computational overhead
compared to state-of-the-art solutions.
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