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ABSTRACT

An essential challenge of continual learning(CL) is that the knowledge gained from old tasks might
be erased as new tasks are learnt, which is called “catastrophic forgetting” (CF). Most CL methods
assume tasks are drawn independently and identically distributed (i.i.d.); however, they ignore that
as the number of tasks grows, some tasks inevitably share similarities, which could be leveraged for
knowledge protection and transfer. This paper aims to enhance the adaptation of continual learning
by leveraging task similarity. Specifically, we define task similarity as the change in empirical loss
before training and show how it correlates with CF. As task similarity decreases, gradient norms
increase, causing more severe forgetting. Building on this insight, we propose incorporating a Gradient
Norm Regularisation(GNR) approach into the CL process. During training on a new task, we slow
down the update magnitude for parameters deemed dissimilar. Meanwhile, gradient directions are
adjusted to improve adaptability. Once training is complete, dissimilar parameters are consolidated
to prevent them from being easily altered in future tasks. Experiments on four benchmark datasets
show that our method outperforms other regularisation techniques and nearly matches the performance
of multi-task learning. By plugging into existing regularisation and replay methods, GNR enhances
the adaptation of continual learning. These results confirm that gradient norms can serve as an
effective supervisory signal to balance knowledge protection and transfer. An extended experiment
on a real-world pest classification dataset validates GNR’s generalisability and the soundness of the
task-similarity assumption in practical applications. We make the code of GNR publicly available at
https://github.com/wang-xulong/GNR.git.

1. Introduction

Many practical vision applications need to continually
learn new tasks over time without storing or revisiting earlier
training data because of storage limits, data ownership or
privacy concerns. For example, a smartphone photo app
may need to enrol new faces in its face recognition model
without retaining previous images. In this setting, continual
learning, also known as lifelong learning, aims to enable
models to tackle a sequence of tasks while retaining relevant
knowledge from earlier experiences (Fig. 1). However, since
the network uses a single set of parameters for all tasks and
only sees current data, learning a new task can interfere with
and even overwrite previously acquired knowledge. This
challenge is called catastrophic forgetting (CF) [38].

To mitigate CF of old tasks, many methods have been
proposed for continual learning as maintenance of old
knowledge and are generally classified into three types [44]:
memory-based [30, 41, 40, 4], architecture-based [8, 32, 24,
53] and regularisation [17, 1, 25, 9, 42, 27, 28]. Memory-
based methods selectively retain important data[4 1, 40] from
old tasks or utilise a generative network [4], and train them
jointly with new task data. However, the privacy of data and
the complexity of generative models limit their application
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Figure 1: The illustration of continual learning. Each classifica-
tion task is assumed to be drawn independently and identically
distributed, with the model shared across all tasks.

scenarios. Architecture-based methods [31, 8, 32, 24, 53]
isolate a few specific parameters (or neurons) [32, 31]
that are important for each task or expend additional task-
specific parameters [8, 24, 53] when a new task comes.
As a result, isolated specific parameters limit their capa-
bility to transfer knowledge between tasks, and additional
task-specific architecture requires substantial computation
costs, constraining practical applications. Regularisation
approaches incorporate penalty techniques into the gradient
updates while training on a new task (Fig. 1 (b) Regu-
larisation). Unlike other categories, regularisation methods
do not require additional costs to retain historical data or
dynamically expand the architecture, making them efficient
and potentially integrable with other categories. Despite
these advances, most continual learning methods implicitly
assume tasks are pairwise dissimilar and ignore that, as more
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tasks are added, some tasks will inevitably exhibit significant
similarity.

Recently, researchers have begun exploring the role of
task similarity in continual learning, aiming to strike a better
balance between retaining prior knowledge and facilitating
effective transfer. For instance, a teacher-student framework
was developed to analytically study CF in two-layer neural
networks, demonstrating that intermediate task similarity led
to the greatest forgetting while disentangling the roles of
feature and readout similarities in transfer and forgetting
dynamics [22]. Building upon this, another study further
investigated how the interplay between input feature and
readout similarity influenced knowledge transfer and re-
tention, finding that high feature similarity with low read-
out similarity was particularly harmful, while regularisation
methods effectively mitigated these challenges [12]. Ulti-
mately, these theoretical insights enable continual learning
systems to abandon a one-size-fits-all treatment of tasks
and dynamically tailor knowledge protection and transfer
strategies to the task similarity.

Building on this idea, continual learning with forgetting
avoidance and knowledge transfer (CAT) and soft-masking
of parameter-level gradient flow (SPG) are two represen-
tative approaches that simultaneously address knowledge
protection and transfer [15, 18]. CAT relies on a shared
“knowledge base”(KB) and a task similarity detection mod-
ule. When a new task ¢ arrives, this module creates two
models. One reuses the shared base with its KB frozen,
and the other is trained from scratch. It compares their
performance to label each past task as similar or dissimilar.
Similar tasks are unmasked, so #’s gradients can modify
their shared weights, while dissimilar tasks remain masked,
blocking updates and protecting their parameters. However,
as tasks increase, CAT mask memory and compute costs
become a bottleneck. SPG computes a soft, parameter-level
importance mask from gradients on all previously seen tasks.
During training on a new task, each parameter’s gradi-
ent is softly scaled down in proportion to its importance,
which protects old knowledge without completely freezing
weights. This scheme scales with a fixed memory cost and
balances stability and plasticity across sequences of similar
or dissimilar tasks.

Incorporating task similarity detection and soft masking
has been shown to enhance the performance and efficiency of
continual learning. However, as the number of tasks grows,
two key challenges emerge: the overhead of task similarity
detection and the precision of protecting past tasks. For each
new task, CAT must fine-tune the shared base and train a new
model from scratch for every prior task, so the computational
cost grows linearly with the number of tasks. Moreover, like
other CL strategies, CAT and SPG consider only how past
tasks drive forgetting and overlook the fact that new tasks
can also cause it. As shown in Fig. 2, the same task 1 suffers
different amounts of forgetting depending on task 2’s simi-
larity. SPG computes importance scores in a single pass by
normalising gradient magnitudes across layers. This makes it
vulnerable to noise from small batches. That noise is treated

as a real signal and skews the importance masks, causing
them to either over-constrain new task learning or fail to
protect old knowledge. Additionally, SPOT[46] has empir-
ically established the link between loss-based similarity and
CF. Their work highlights that task similarity is inherently
reflected in the magnitude and direction of gradients during
the initial phase of learning. However, while SPOT provides
an effective tool to quantify the risk of forgetting, it does not
propose a concrete mechanism to mitigate this challenge.

In this paper, to tackle these issues, we first propose
a loss-based change measure as an alternative to iterative
model fine-tuning. The first gradient update on a new
task correlates with catastrophic forgetting: the greater the
change in loss, the more severe the forgetting. This measure
provides new insights into reducing the computational cost
of task similarity detection. Secondly, for mitigating CF, we
introduce a Gradient Norm Regularisation(GNR) approach
that brings task similarity into the course of learning. By
adding a gradient norm term, GNR slows down the variation
of parameters dissimilar to those tasks. After training on
a task, parameters that still exhibit gradient activity are
incorporated as a soft mask to strengthen long-term memory
stability. Experiments on four standardised classification
benchmarks show that leveraging task similarity can effec-
tively mitigate CF. An additional evaluation on the 100-
class insect classification benchmark [51] demonstrates
GNR'’s superior continual learning performance in realistic
settings where tasks share similarities. Overall, we make the
following contributions:

e We introduce a measure based on changes in empirical
loss to quantify task similarity, instead of relying on
existing methods that require two predefined models
and repeated fine-tuning. This reduces the computa-
tional overhead of task similarity detection.

e We propose a gradient norm regularisation(GNR) ap-
proach that leverages task similarity to constrain gra-
dient updates, effectively mitigating catastrophic for-
getting while maintaining adaptability to new tasks.
GNR could plug into existing regularisation and re-
play methods to effectively improve the adaptability
of continual learning.

2. Related work

2.1. The effect of task similarity

Recent evidence suggested that forgetting is associated
with task similarity. By analysing neural network weights,
[23, 39, 22] found that forgetting is most severe for tasks
with intermediate similarity. For achieving the learning of
a mixed sequence of similar and dissimilar tasks, [15] en-
couraged to learn similar tasks, where there is little forget-
ting and more positive knowledge transfer. But forgetting
mainly affects the learning of dissimilar tasks. Adhering to
similar beliefs, [14] introduced a sensitivity measure to find
cooperative relations between tasks while mitigating inter-
task interference. On the direction of optimisation, TAG
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[33] intelligently adapted the learning rate based on task-
relatedness. Despite these studies empirically mitigating CF
by using task similarity, why dissimilar tasks would lead to
CF is largely understudied.

2.2. Task similarity estimation

Recent works to study the calculation of task similar-
ity fall under the categories of data distribution and pa-
rameter distribution. First, [23, 39] utilised a data-mixing
framework [55] to precisely control the similarity of data
distributions to facilitate analysis of their impact on CF. As
one of the SOTA methods of this type, optimal transport-
based method (OOTD) [2] compare the distances between
data distributions for various tasks. Second, the similarity
based on parameter distribution is also related to forgetting.
[39, 35, 5] employed Central Kernel Alignment [19](CKA)
as a measure of task similarity to facilitate precise analysis
of intrinsic properties of the neural network representation
space. And [37] studied the influence of task sequence com-
plexity and its sequential heterogeneity via normalised co-
sine distance. [26] proposed a task similarity measure based
on the angular direction of gradients in the subspace of trust
regions, which affects the magnitude of gradient projection.
Unlike this, our measure of task similarity is based on task
loss, which is more general and easily obtainable without any
specifically constructed subspaces. Despite the growing in-
terest in this topic, there is limited understanding of whether
these estimation methods can be effectively applied to CL
scenarios.

2.3. Mitigating catastrophic forgetting

Recently, a large number of CL methods have been
proposed to mitigate catastrophic forgetting. Following the
setting of [44, 48], those works can be divided into three
main categories.

Regularisation-based methods [17, 1, 25, 9, 42, 27,
28], attempted to stabilise some important parameters or
features from past tasks by adding regular terms. Elastic
weight consolidation (EWC) [17], used the diagonal terms of
Fisher information matrix as a proxy for the important net-
work representation. Memory Aware Synapses (MAS) [1]
attempted to analyse how sensitive the important parameters
from the past tasks were. In addition, inspired by knowledge
distillation, Learning without Forgetting (LwF) [25] kept a
soft target from prior tasks to guide the new task training.
They were all inspired by a Bayesian perspective. With a
frequentist opinion, some of the methods [9, 42] tried to
use the changes of gradients to revise the model training.
For example, Orthogonal Gradient Descent (OGD) [9] em-
phasised that the gradient update direction of the new task
should be orthogonal to the direction of the old task in order
to protect the knowledge of the old task. Regularisation-
based methods provide a way to mitigate CF in terms of the
parameter’s importance, they do not require additional costs
to retain historical data or parameters and thereby potentially
allow them to be integrated with other categories. Recently,
a framework [47] introduced a refresh learning mechanism
to mitigate over-memorisation by unlearning current task

data before relearning it. Despite both utilising gradient
norms, our GNR approach differs by treating the gradient
norm as an active supervisory signal rather than a means to
flush out unimportant information during the training phase.
Furthermore, while the refresh mechanism modifies model
parameters via gradient ascent to shed outdated data, GNR
operates directly on the gradient itself as detailed in Algo-
rithm 2. By calculating interpolated gradients to identify flat
minima and applying parameter-level soft masks to scale
the updates, GNR ensures that previous task knowledge is
preserved throughout the learning lifecycle.

Memory-based methods [30, 41, 40, 4, 52, 11] work on
the idea that maintains a memory of the knowledge from
old tasks, which is known as episodic memory. It can be
regarded as a data-based regularisation method. iCaRL [40]
selected and stored exemplars closest to the feature mean of
each class by having a fixed memory. Averaged Gradient
Episodic Memory (A-GEM) [4] proposed to establish a
dynamic task descriptor in new task training, while [43]
introduced a deep generative replay model with a generative
adversarial network to replay the knowledge from past tasks.
While memory-based methods retain key examples from
previous tasks, there are challenges with such methods in
privacy-related scenarios.

Architecture-based methods [32, 24] aim to find and
isolate parameters for specific tasks by model compression
so that the subsets of prior tasks’ parameters after isolating
can guarantee maximal stability. PackNet [32] was able to
sequentially prune previous tasks’ model parameters into
a single network while ensuring minimal decrease in per-
formance by performing iterative pruning and network re-
training. To achieve this goal, the network was trained on the
available parameters, and then some insignificant parameters
were pruned away while keeping the performance of the
model from deteriorating significantly. Learn-to-Grow [24]
showed an evolving neural structure by separating the neural
structure optimisation component and a parameter learn-
ing component. However, the isolation parameter triggers
a limit on model capacity saturation and blocks the ability
of knowledge transfer. Additional architecture expansion re-
quires substantial computation costs, constraining practical
applications.

3. Task similarity measure for CL

Motivation: CAT represents the state of the art in es-
timating task similarity for continual learning by using a
transfer network alongside a reference network. Although
effective, the repeated training of these networks imposes
substantial computational overhead. Our analysis of CAT
shows that its similarity module essentially measures task
transferability. Inspired by this insight, we propose approx-
imating the similarity between a new task and all previous
tasks using the change in empirical loss on those tasks during
the first gradient update. We hypothesise that tasks exhibiting
larger loss changes during fine-tuning are less similar to
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Figure 2: Two-stage accuracy curves. The solid red line tracks
performance on the first task (vehicle 1) and the dashed
blue/purple line tracks the second task (vehicle 2 in (a),
animals in (b)). In (a), introducing a highly similar task leads to
gains on vehicle 2 with only a small drop in vehicle 1 accuracy.
In (b), introducing a dissimilar task still drives fast learning of
animals but causes substantial forgetting of vehicle 1.

earlier tasks, which in turn leads to more severe catastrophic
forgetting.

To validate this hypothesis, we conduct the following
experiment. We use the Split CIFAR10 dataset, which in-
cludes five binary classification tasks (see Supplementary
Section S3 for details). First, we train a model on the vehicle
classification task as stage one. Then, in stage two, we train
the same model on each of the other binary tasks, such as
animal classification or other vehicle types. Figure 2 shows
the resulting performance and forgetting on the first task.

Measure: Following prior work[22, 36], we consider a
two-stage task sequence: given ¢ tasks, we first learn task 1,
and then fit the remaining ¢ — 1 tasks, separately. We examine
how this second stage of training impacts the forgetting of
task 1. The amount of task forgetting can be characterised as

the changes of empirical loss for task 1:

where w’l‘ and w’; are the optimum parameters after training
has been completed for the first and second tasks sequen-
tially.

However, obtaining L, (w;) is infeasible at point wl*,
which is also incompatible with our goal. Next, we will show
an effective alternative to solve this problem.

Let D, be the task 1 data. For a given training batch B
from task 2, we define the w, to represent the parameters
after a step gradient update. The similarity measure S from
task 1 to task 2 is defined as follows:

L, (B, w
sim(1 - 2)=1— _Li(Bws) )
‘C'l (Dl’ LU]) +e€
1oy = et 3

Equation 2 evaluates the change of loss in the first gradient
update of the new task before and after training. A small
constant € is added to the denominator to improve numerical
stability and avoid division by zero. Equation 3 aims to nor-
malise the similarity, and y is the adjustment factor. Noting
that the sim(1 — 2) is commonly negative at the learning
beginning of a new task, implying a negative transfer of
learning.

Furthermore, we conduct the following theoretical anal-
yses.

Claim: Let the old task L,(D,,w,) around the neigh-
bourhood of the local minimum be the Lipschitz continuous
and f-smooth loss function. Given that task 1 as the old
task, task 2 induces higher similarity than task 3 on task I,
separately we have:

g2l < llgsll “

where g, and g; are the gradient of the task 2 and task
3, separately. The proof will be provided in Supplementary
Material S1.

From the claim presented above, it follows that lower
task similarity leads to larger gradient norms, which in
turn increases the amount of forgetting. The theoretical
bound in Eq. 4 establishes a monotonic relationship between
task similarity and gradient norm under f-smoothness and
near-stationarity assumptions. This motivates the practical
similarity score in Eq. 2-3: rather than computing the exact
bound (which requires the unknown smoothness constant
p), we use the normalised change in empirical loss after
one gradient step as an efficiently computable, monotonic
proxy for the theoretical interference bound. The exponen-
tial normalisation in Eq. 3 further maps this proxy to a
bounded similarity score. From an optimisation perspective,
the gradient norm is correlated with the curvature of the
loss function for new tasks, with larger gradient norms
indicating greater differences between old and new tasks.
On the other hand, prior study[36] similarly suggests that
sharper loss surfaces (corresponding to higher curvature) are
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Figure 3: lllustration of gradient norm regularisation (GNR):
The process starts by adjusting the gradient direction to
avoid sharp loss surfaces, which promote stable adaptation
to the new task. Second, the step size is slowed to protect
prior knowledge, preventing interference from the new task’s
updates on previously important parameters.

more prone to catastrophic forgetting. In the next section,
we will present a simple yet effective plug-in approach that
balances knowledge retention and adaptability in continual
learning systems by controlling the gradient norm.

4. Proposed approach: GNR

In this section, we first introduce the problem formula-
tion in CL. We then propose the gradient norm regularisation
(GNR) algorithm in Sec.4.2 and deconstruct its components
as gradient-norm-aware update and gradient-norm-aware
consolidation in Sec.4.3 and Sec.4.4 respectively.

4.1. Problem formulation

Consider a supervised CL problem where we receive
a stream of the tasks in sequential manners: (xy,y),...,
(x;, ¥1)s -y (x7,y7), Where x, is the input data and y;, is
the ground truth label of task ¢. Let w, be the set of model
representation(weights) after training on task ¢. Our train-
ing goal is to learn w;, minimizing the training objective
Ly (wy) € R, without significantly worsening loss on the
previous tasks L;c(y . 7_1) (wT). Cross-entropy is utilised
in classification tasks.

4.2. Algorithm of GNR

Armed above observation in Sec. 3, to reduce forgetting,
we restrict the updating of those key parameters that have
lower task similarity. To achieve that, the key of the proposed
approach is to consider the gradient norm as an essential
measure for estimating task similarity. The GNR approach
is composed of two modules (Fig. 3). Specifically, (i) The
module of gradient-norm-aware update adds a gradient norm
penalty during the new task ¢ learning. We have the gradient
update:

g=8& +AV,lgll 5)

Algorithm 1 Gradient norm-based regularisation

Input: D" n,a,r,n
Output:

1: Initialise: w < wy,y < y<Y

2: fort=1,2,..7 do

3 while Until convergence do

4 Get batch data pairs B, < (X,.Y;) ~ DIren
5 Get gradient g — GU(B,, w, a,r,y=""1)

6 SGD optimizer w) < w, —ng,

7 end while

8:  Update knowledge base y<' = GC(D/*", w))
9: end for

10: return Final optimisation

where g, = V,,L,(w) denotes the gradient of parameter w
and 4 be the regularisation term. Due to the constraint on the
gradient norm, the model is encouraged to learn a smoother
gradient direction on a flatter loss surface. A flatter loss
surface is less sensitive to changes in parameters, leading
to more stable learning and smoother updates. This helps
the model adapt more effectively to the new task. Secondly,
in the new gradient direction, there may be parameters that
are important to previous tasks. Directly updating these
parameters could lead to catastrophic forgetting. To prevent
this, we consult the knowledge base (ys"l) to assess the
importance of these parameters, and then slow down their
updates accordingly:

g=0-yNg (©)

<t-1

where <=1 € [0, 1] and y='~! = soft_masking(||g||) de-
notes the consolidated crucial gradient norm for the previous
tasks from 1 to ¢t — 1. Details will be found in section 4.4.

(i) The module of gradient-norm-aware consolidation
accumulated the crucial gradient norms by using the soft-
masking technique after learning was finished. Soft-masking
[18, 16] is a parameter-level penalty to restrict the important
gradient flow for old tasks. In this work, we regard the
gradient norm as an instance of a gradient flow, following the
parameters operation of the soft-mask design. In cognitive
science, people tend to remember unexpected events, such as
surprises [34]. In our experiments, we observe that certain
samples still produce large gradient norms in the trained
model. Inspired by this, instead of saving these ’surprising’
samples directly, we record their gradient norms, thereby
maintaining a knowledge base.

In conclusion, GNR provides a unified protection mech-
anism, leveraging gradient norm as a signal to preserve past
task knowledge while integrating connections to new tasks,
ensuring effective adaptation to new tasks while minimising
CF. Algorithm 1 illustrates how GNR works.

4.3. Gradient-Norm-Aware update

In the Gradient-Norm-Aware update(GU) module, we
induce the gradient to change its direction and size when the
gradient update of the current task is not similar to that of
the previous task.
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(1)Adjusting gradient direction. First, we evade up-
dating the gradient in a direction on the sharp loss surface
by constraining the gradient norm. Inspired by previous
research [36], a flat loss surface helps reduce the amount of
forgetting. We then transform this constraint problem into
a sharpness-aware minimisation (SAM) optimisation. For
achieving flatness, SAM scheme [10, 56] has become a sim-
ple yet effective technique to search for flat optimal minima
by adding parameter perturbation. We note that adding the
gradient norm penalty to the loss function does not directly
adjust the magnitude of the gradient. Instead, differentiating
this augmented loss with respect to the parameters yields the
derivative of the gradient norm (Eq. 5), which involves the
Hessian matrix and therefore effectively constrains the cur-
vature of the loss landscape. Together with the motivation in
Eq. 4, minimising the gradient norm simultaneously reduces
the upper bound on inter-task interference.

Motivated by the above studies, we induce the gradient
norm to find a flat task minima. In the optimisation proce-
dure, we need to calculate the gradient of Eq. 5 as follows:

Vi L(w) =V ,L,(w) + AV ,(IIV,, L)) @)
=V, L,(w)+ V2L (w)M (8)
w WV L )|

where Vzwﬁt(w) represents the Hessian matrix, and the
simplification of Eq. 7 to Eq.8 follows the chain derivation
rule.

However, Eq.8 involves the computation of the Hessian
matrix, which is computationally infeasible in the high-
dimensional space of neural networks. Inspired by [56], Tay-
lor second-order expansion was employed to approximate
the Hessian matrix at the w. Adding a subtle perturbation
Aw at gradient VL, (w), we have :

Vo Ly (w + Aw) =V, L,(w) + V2 L,(w)Aw

+ O(l| Aw]|*) )
For getting the second term approximation in qu,g,( I;et
. ) Y W
?lil;re;org ir?tv:gerrzﬁ;glslgzzt;lrtz E:lg zledh‘;v; VWL @l
VL) = (1 = )V, L, (w)
VL, (w)
+ anﬁt(w+rm) (10)

where a = 2 represents the balance ratio, aiming to balance
the penalty and perturbation range. We give the detailed
procedures for the simplification of Eq.10 in Supplementary
Material S2.

(2)Slowing down the step size of the gradient. When
a gradient direction corresponds to a flat loss surface, di-
rectly updating in that direction can still lead to catastrophic
forgetting, particularly in long-sequence tasks. This occurs
because such directions may contain important information
about past tasks, which backwards propagation tends to
modify. To address this, we propose step-size adaptation

Algorithm 2 Gradient-Norm-Aware update (GU)

<t-1

Input: B,,w,a,r,y=
Output: g,

1: Calculate the first gradient g1 =V, ,L/(w)

2: Add perturbatlon r—== ” ” on parameter w so that
w =w+r-2L

I|g1 I
Calculate the second gradient g, = V,,L,(w’)
Calculate interpolated gradient g, = (1 — a)g; + ag,
# Slow down the step size of the gradient:
for layer of feature extractor [ = 1,2, ..., L do
g < (1-y"hg

end for
return Task similarity aware gradient g/

R A A

Algorithm 3 Gradient-Norm-Aware consolidation (GC)
Input: D"
Output: y='

1: fort=1,2,..tdo
Compute loss £7 of task z at training task ¢ in
Equation 11
3 for layer / = 1,2,..., L do
4 y"" « Equation 12
5 end for
6: end for
7
8
9

N

: forlayerl =1, 2 Ldo
vl < max(y)l, .y, v < max(y),y;
: end for
10: return knowledge base y<' = {y~'}/="

<t— 1)

strategies that slow down parameter changes in these cru-
cial directions. Specifically, we utilise the gradient norm
from historical tasks as a measure of parameter importance
through a soft-masking technique, thereby reducing the up-
date step of the gradient:
VL) = (1 -yS=HV, L(w)

where y<'~1 serves as a knowledge base, recording the
importance of each parameter for the past  — 1 tasks. The
generation of this will be explained in the following section.
Algorithm 2 provides the work procedures of the gradient-
norm-aware update.

4.4. Gradient-Norm-Aware consolidation

In this section, we calculate the important gradient norm
in the soft-masking for the previous ¢ — 1 tasks and update
the soft-masking value as the previous ¢ tasks. When ¢ > 2,
the soft-masking module is activated and we now show its
computation.

For the previous ¢ tasks’ model M, (1 < 7 < 1), we
calculate their losses with (X R Y,) ~ D;"’”’ separately as
follows:

ﬁ"f<w>={£( ( ) eeh (1)

M, (X)) (r <1)
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where £"7(w) denotes the task 7’s loss when task ¢ learning
is finished. For the current task v = ¢, cross-entropy loss for
classification is utilised as £"'. For the previous task 7 < 7,
the loss £"7 is defined as the sum of the logits of the previous
tasks. The gradient norm-based soft-masking is z-scored as
standard normal distribution to remove the scale between
different layers:

Tt _
yl -

tanh <N0rm <||le£”f(w,)||)>' (12)

Norm(x) = X=Meanx) (13)

vV Var(x)

For achieving the memory stability of the model, the
gradient norm-based soft-masking will be accumulated by
means of calculating max() on the parameter level (as shown
in line 8 of the Algorithm 3).

Noting that we only need to maintain the soft-masking
size the same as the number of parameters, regardless of
the number of tasks, since the value y=' in each task update
is the gradient norm maximum of the tasks seen so far.
Algorithm 3 provides the work procedures of gradient-norm-
aware consolidation.

5. Experiments

5.1. Experimental setup

Benchmarks. We perform our approaches on four bench-
mark datasets for CL, where "-¢" denotes the total of 7 tasks
created from the original dataset (t takes 10 or 20):

(1) CIFAR100-t: CIFAR100 [20] is a dataset that has
images of 100 classes, which are grouped into 20 super-
classes. We split the 100/t classes equally into t tasks.

(2) TinyImageNet-t[49]: TinylmageNet contains 100K
images of 200 classes (500 for each class) downsized to
64x64 coloured images from ImageNet. Each class has 500
training images, 50 validation images and 50 test images. We
split the 200/t classes equally into t tasks.

All experiments follow the Task-Incremental Learning
(Task-IL) scenario [45]: the task identity is known at in-
ference time and the model predicts only among classes
belonging to the current task.

Evaluation Metrics. Following the existing CL works, we

report the following metrics:
-

(1) Average accuracy can be definedas Ay = % Qe A7 i

where 7 is the total number of tasks seen so far, and a,; is
the accuracy on the task i after the model has learnt task z. It
represents the average of accuracy after the model has learnt
T tasks.

(2) Average forgetting represents the maximum gap be-
tween the best accuracy and the final accuracy of each task. It

is calculated by F = == Y7 max,¢(, 7oy (@ —ar;)

1 &i=1
when the model has ﬂ:a;nt T tasks.
Training baselines and details.

We compare 6 baselines. 4 regularisation methods EWC
[17], ST [54], Lwf [25] and SPG [18]. Additionally, Naive

fine-tunes greedily train a sequence of tasks without dealing

maxte{ 1

Table 1

DeeplLabV3-Resnet50 on peach tree disease detection
Tasks  Similarity  Accuracy Forgetting
1> 2 0.58 86.691+1.73 13.3242.33
1- 3 0.12 85.76£1.58 14.15+2.14
1- 4 0.47 85.60+1.43 15.14+2.34
1- 5 0.13 85.90+1.74 14.594+1.91

with forgetting. Multi-task learning (MTL) is jointly learn-
ing all tasks, which has no forgetting and is usually consid-
ered to be the upper bound of performance. Furthermore,
to evaluate the versatility of the proposed plug-in, GNR
was combined with three representative memory-based tech-
niques, namely replay, A-GEM[4], and DER++[3].

Alexnet [21] is employed as the backbone and stochastic
gradient descent as the optimiser. The batch size is 64. 5
models with different random seeds are trained for each
benchmark. Each seed determines a task order, which is
used to evaluate the sensitivity of different algorithms to the
task order. All results are reported as average + standard
deviation. For a fair comparison, EWC, SI, and Lwf are
reproduced using the avalanche library [29].

5.2. The effectiveness of the proposed measure

In this section, we analyse the flexibility and model-
diagnosticity of the proposed measure and provide some
inspiring insights. For ease of observation, we focus on the
two-phase CL and analyse the effect of task similarity by
fixing the first task.
Training protocol. We split CIFAR10 into five tasks, each
of which performs a 2-classification. We compared 4 types
of baseline methods for evaluating task similarity: Optimal
transport distance (OTDD) [2] is to measure distances in
the data distribution space. Cosine similarity is to calculate
model weights (Cosine). central kernel alignment (CKA)
[19] computes similarity in the neural network represen-
tation space. Domain similarity [7] is to measure domain-
specific similarity in feature space. More information about
the task settings can be found in Supplementary Material S3.
Task similarity estimation on Split CIFAR10. As shown
in Fig. S2(a) in Supplementary Material, we compared the
similarity on different tasks(2,3,4 and 5) during phase-2
learning by using different measures. CKA does not distin-
guish similarities between tasks This may be due to the fact
that the requirement for the calculation of similarity is at the
start of the second phase of learning. Other methods are rea-
sonably distinct for different tasks. So, how effective is this
distinguishing effect on the model’s accuracy and forgetting
at the end of the second phase of training? As shown in Fig.
S2(b) in Supplementary Material, although cosine similarity
has some relevance to the prediction of accuracy, it is diffi-
cult to predict the probability of forgetting occurring. This
may be due to the direction of the gradient changing with
uncertainty during the learning of new tasks. Domain and
ours are better than others in correlation. Estimating values
are highly positively correlated with accuracy and highly
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Table 2
Summarised results on four benchmarks
C-10 C-20 T-10 T-20
Methods Accuracyft  Forgettingl ~ Accuracyft  Forgetting}  Accuracyft  Forgettingll  Accuracyft  Forgettingl
Naive 46.454+3.86 25.85+£6.53  49.39+£3.96 31.78+2.38  34.80+1.60 19.96+£2.00 36.21+2.29 24.07+1.68
EWC[17] 63.88+£2.08 16.77+3.14  45.66+3.45 37.75+£3.14  34.224+2.34 20.74+1.41  37.83£1.94 20.514+2.73
SI[54] 55.99£5.75 20.104+6.82 43.71+12.09 35.96+2.76  40.02+1.34 16.30+1.22  46.90+1.67 18.05+2.58
MAS[1] 58.46+3.73  2.96+1.62 53.54+16.89 4.89+1.74 47.52+1.91 2.024+1.43  53.44+1.55 4.94+0.95
LwF[25] 67.83£2.87 10.83+2.58  66.75+4.62 16.39£3.43  47.10£1.80 6.67£1.45  44.32+2.14 17.61£1.31
SPG[18] 64.61+1.74  8.26+1.29  65.43+0.98 8.74£1.69  46.71£1.87  4.96+1.16  58.514+0.90 4.43£0.44
DER++[3] 71.20£0.50 6.60£0.50  76.00+0.70 7.00£1.10  48.80£1.50 6.90+£0.60  56.80+1.80 6.80£0.50
GNR(Ours) 72.99+1.60 5.39+0.60 74.72+1.72 6.21+1.32 50.06+1.13 3.49+0.49 59.22+1.35 3.2840.71
MTL 73.11+5.49 - 78.52+1.97 49.531+4.09 - 60.95+2.37 -

For accuracy, the higher the better f}. For forgetting, the lower the better ).
They are shown in per cent. The best CL approach for each benchmark is bolded.

negatively correlated with forgetting. However, domain sim-
ilarity needs to provide a pre-trained model which provides
a good mapping of the feature space for the computation of
similarity. In our experiments of Fig. S2 in Supplementary
Material, we used Resnet18 based on ImageNet pre-training
as the backbone. Despite domain similarity got good perfor-
mance in two-phase continual learning, it is difficult to adapt
itself to a continual learning environment. The proposed
method’s estimation of task similarity is calculated exactly
on the basis of the difference in distribution with previous
tasks in the feature space. Compared to domain similarity,
which uses all the samples to estimate the similarity, the
proposed method is plug-and-play, requiring only one batch
training.

Task similarity estimation in real-world applications. In
this part, we employ a real-world agriculture dataset for
peach tree disease detection to prove the effectiveness of the
proposed measure. This consists of five tasks that are nearly
identical in terms of image style and classification target,
with the exception of their shooting time. We aim to observe
the pattern of disease development over time. More details
about the dataset will be found in Supplementary Material
S3.

Table.1 shows the result of functional similarity with
accuracy/forgetting. When we consider task 1 (shooting
date: 27/07/21) as the first task in learning phase 1, task
2(shooting date: 14/09/21) has the highest functional sim-
ilarity, accuracy and the lowest amount of forgetting. This
implies that the tasks with the closest shooting dates have the
highest similarity and are easier to transfer knowledge. The
other tasks were shot in 2022, so the similarity was reduced.
Additionally, task 4 (the same month in 2022) exhibits a sim-
ilar seasonal similarity. we utilise the DeepLabV3-ResNet50
[6] as the network architecture. In summary, the proposed
measure is model-agnostic. Additionally, we observed a
pattern in the development of peach tree diseases as they
progressed over time: Disease distribution is most similar
at close time points, and disease occurrence has a pattern of
annual periods.

5.3. Comparison with other baselines

Table. 2 reports the average accuracy and average for-
getting on four benchmarks. This result revealed that our
proposed method is generally better than other regularisation
baselines. Except for C-20, the accuracy of GNR remained
within 1% distance of multi-task learning, which implies that
the representation learned by GNR has favourable generali-
sation properties. In addition, we took a different task order
of continual learning in the five randomised trials, which
led to a high standard deviation in accuracy across methods.
Despite our efforts, it was difficult to avoid training failures
on tasks that appeared in some sequences. Sensitivity to
task sequencing was shown in results with large standard
deviations: The accuracy of MAS was 53.54 + 16.89 on
C-20. The accuracy of SI was 43.71+12.09 on C-20. In
contrast, GNR performed stably for different task sequences,
sharing the lowest standard deviation of accuracy on the
four benchmarks. Note that MAS has the lowest forgetting
on the C-10, C-20 and T-10 as a result of MAS being less
adaptable to new tasks. This suggests that MAS limits the
model’s adaptability. It is worth noting that GNR was not
tuned for hyperparameters and was uniformly set with r =
0.02 and @ = 0.3. For the other baselines, we adjusted the
hyperparameters according to the settings reported in the
respective papers. We also include DER++ [3] in Table 2
for cross-category comparison. GNR surpasses DER++ in
accuracy on three out of four benchmarks and achieves lower
forgetting on all four, despite not maintaining any memory
buffer.

5.4. Using GNR with other baselines

A key property of GNR is that it operates as a plug-in
regularisation term. To verify this compatibility, we examine
whether GNR can be effectively combined with replay-based
methods, which represent the dominant family of CL ap-
proaches. In this section, we used the weight regularisation
method EWC and the function regularisation method Lwf as
a baseline. Meanwhile, we introduced three representative
memory-based techniques, namely replay, A-GEM[4], and
DER++[3]. Furthermore, we incorporate the refresh [47]
mechanism as a robust baseline plug-in. This approach is
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Table 3
Accuracy: GNR brings improvements on 4 benchmarks
C-10 C-20 T-10 T-20
Methods Accuracy A A, Accuracy A A,,; Accuracy A A, Accuracy A A,
EWC 63.8+£2.0 45.6+3.4 342423 37.8+1.9
EWC+GNR 72.6+0.6 871 -0.5 73.9+1.2 2821 -45 50.7+0.6 1647 1.1 59.840.9 221 -11
LwF 67.8+£2.8 66.7+4.6 47.1+£1.8 443421
LwF+GNR 75.3+1.1 741 22 765+18 9.7t -2.0 535+0.6 6.41 4 615+£08 17.21 0.6
Replay 69.8+0.9 78.5+0.8 425421 50.4+2.6
Replay+GNR 73.6+£0.8 3.7t 0.5 79.3+£1.1 0.8t 08 46.7+1.3 411 -2.8 552418 471 -5.6
A-GEM 64.0£1.0 60.7£3.9 40.7£1.4 46.4+2.5
A-GEM+GNR 743+16 1031 1.2 76.8+1.3 16t -1.6 51.7+41.1 109t 2.1 60.0£1.4 1351 -0.9
DER++ 71.2+0.5 76.0+£0.7 48.8£1.5 56.8+1.8
DER++ + GNR 71.8+0.6 0.6t -1.2 784404 231 -0.1 498+13 1.0t -0.3 583+18 151 -26
DER++ + refresh 72.6+0.7 1.3t -04 79.7+05 36t 12 480+16 -08 -15 56.6+1.8 -02 -43
A = ACC,inoa+GNR — ACCotnoa represents the performance gain GNR brings to the method.
Ayrr = ACCpinod+oNR — ACCyrp denotes the gap between the approach to integrating the GNR and the MTL
A positive A represents the performance improvement.
A positive Ay,; denotes the performance beyond the level of MTL.
Table 4
Forgetting: GNR brings improvements on 4 benchmarks
C-10 C-20 T-10 T-20
Methods Forgetting A Forgetting A Forgetting A Forgetting A
EWC 16.8+1.7 37.8+3.1 20.7+1.4 20.5+2.7
EWC+GNR 45+0.2 -12.37 43+1.3 -33.47 3.5+0.2 -17.2¢1 28+1.1 -17.77
LwF 10.8£2.6 16.4£3.4 6.7£1.5 17.6£1.3
LwF+GNR 0.9+£0.3 -9.97 1.24+0.4 -15.2¢ -0.2+0.3  -6.91 0.6+£0.5 -17.01
Replay 2.8+4.1 3.56+0.9 10.1£1.1 11.0£1.0
Replay+GNR -1.0£0.6  -3.871 -1.0£0.4  -4.57 3.1+£06 -7.01 3.3+0.3 -7.71
A-GEM 11.1+0.6 18.0+4.3 13.8+£0.6 16.2+1.9
A-GEM+GNR 1.0+0.9 -10.07 1.0+1.0 -17.07 0.8£0.5 -12.91 1.1+05 -15.27
DER++ 6.6+£0.5 7.0£1.1 6.9+0.6 6.8+£0.5
DER++ + GNR 26+06 -3.91 1.2+04  -5.87 2.0+03 -481 1.6+0.4 -5.21
DER++ + refresh 7.3+0.3 0.7 48+06 -2.27 7.0£0.7 0.1 7.2+0.7 0.3

A = Forgetting,onod+GNR — FOrgetting,.;.n,a denotes the performance gain GNR brings to the method.
A negative A indicates a decrease in the amount of forgetting.

designed to mitigate the risk of over-memorisation by un-
learning current task data before the relearning process. Our
aim in this section is to verify that GNR can be used as a
plug-in strategy in combination with many CL algorithms.
Table.3 and 4 report the accuracy and forgetting results, re-
spectively, for the integration of GNR into several continual
learning algorithms. The results demonstrate that GNR con-
sistently improves performance by increasing accuracy and
reducing forgetting. For example, A-GEM+GNR showed
a significant improvement in accuracy on C-10 (+10.3%)
and C-20 (+16%), while also reducing forgetting on C-
10 by -10.0%. Similarly, Replay+GNR achieved notable
gains in accuracy and a reduction in forgetting, particularly
on T-10. Additionally, the positive values of Ay, across
many methods indicate that GNR enhances the model’s
ability to generalise across multiple tasks, contributing to

a performance boost akin to that of multi-task learning. A
notable example is LWF+GNR, which exhibited a A7,
of 2.2% on C-20, reflecting a substantial improvement in
generalisation. These findings highlight the effectiveness
of GNR in enhancing continual learning methods, making
them more robust in handling sequential tasks while retain-
ing previously acquired knowledge.

We introduce the refresh learning plugin into the DER++
baseline to analyse its impact on the stability-plasticity trade-
off. While the refresh mechanism demonstrates considerable
plasticity through notable accuracy gains in simpler base-
lines such as C-10 and C-20, its efficacy diminishes in more
complex task sequences(T-10, T-20) where accuracy gains
eventually regress. Crucially, the unlearn-relearn strategy
frequently fails to stop knowledge erasure, which results
in an actual increase in CF across several benchmarks. In
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Figure 4: Adaptation analysis. Accuracy and loss curves for various continual learning algorithms (EWC and A-GEM) with and
without the integration of GNR across different datasets (C-20 and T-20). Panels (a) and (b) show the accuracy on C-20, (c) and
(d) show the accuracy on T-20, (e) and (f) display the loss curves for C-20, and (g) and (h) show the loss curves for T-20. The
results illustrate the impact of GNR on improving model performance by mitigating oscillations and accelerating convergence,

especially for longer sequences.

contrast, GNR establishes a balance between adaptation
and retention by delivering consistent performance improve-
ments while achieving a profound reduction in forgetting
across all tested datasets. By operationalising the gradient
norm as a supervisory signal, GNR ensures that knowledge
preservation scales effectively with increasing task com-
plexity. This robust performance shows the advantage of
similarity-aware gradient modulation over methods focused
solely on capacity recovery through information flushing.
Additionally, refresh learning is suited to buffer-rich scenar-
ios that prioritise the enhancement of overall recognition ac-
curacy. Under resource constraints, its aggressive unlearning
mechanism may inadvertently remove the memory of prior
tasks that lack sufficient episodic samples to anchor existing
knowledge (Supplementary 4).

In summary, our experiments empirically demonstrate
that GNR can easily be integrated with other continual
learning algorithms. This finding underscores the important
role of task similarity, a factor that has been overlooked
in many previous studies, suggesting that GNR leverages
task relationships to significantly improve continual learning
performance.

We note that for some base methods, the combined

base+GNR does not surpass standalone GNR (e.g., EWC+GNR

on C-10). This is expected: standalone GNR already inte-
grates both GU and GC into a unified pipeline, whereas
adding an external regulariser may introduce conflicting
constraints that limit its full potential. Nevertheless, GNR as
aplug-in consistently improves every base method (all A > 0
in accuracy across Tables 3—4), confirming its reliability as
a drop-in component that consistently strengthens existing
CL pipelines.

5.5. Adaptation analysis

In this section, we compare the impact of adding GNR
to regularisation-based methods (EWC) and memory-based
methods (A-GEM) for long sequences (C-20, T-20), fo-
cusing on the model’s adaptability (Fig. 4). The results
show that without GNR, both methods struggle to maintain
stable performance over time, with noticeable oscillations
in the loss and accuracy curves, particularly for the more
complex T-20 dataset(Fig.4). Specifically, the accuracy and
loss curves for EWC and A-GEM (blue) exhibit fluctuations
and slower convergence. In contrast, when GNR is integrated
(orange curves), the models display smoother, more con-
sistent improvements in accuracy and faster loss reduction,
especially evident in A-GEM+GNR. This highlights that
GNR provides the necessary stabilisation for models to
better adapt to long-term learning tasks.

By mitigating oscillations and accelerating convergence,
GNR enhances the robustness and efficiency of lifelong
learning algorithms, making them more reliable for sequen-
tial task learning in real-world applications.

5.6. A case of practical application: pest
classification

Pest recognition tasks in agricultural environments often
involve long-term, staged learning, and the application of
CL helps enhance the model’s stability and generalisation in
such contexts. In order to further validate the application of
GNR in practical scenarios, we utilised the IP102: A Large-
Scale Benchmark Dataset for Insect Pest Recognition [50],
which contains over 100 insect species commonly found in
agricultural settings, offering a diverse set of images for
pest classification tasks(Fig. 5). The IP102 dataset offers
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Figure 5: Example images of the IP102 dataset.
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Figure 6: Accuracy comparison of six continual learning meth-
ods (EWC, LwF, SPG, SI, MAS, and GNR) on the IP102
benchmark across 10 sequential tasks.

significant advantages, including its large-scale and diverse
collection of over 75,000 images across 102 insect species,
which supports effective insect pest recognition research.
However, it also presents challenges such as class imbalance
and intra- and inter-class variability, which require attention
to the model’s generalisation ability and performance on
minority classes in practical applications. In this work, we
selected 100 classes from this benchmark and divided them
into 10 tasks, with each task consisting of 10 classes. Fig.6
illustrates the average accuracy across tasks for six differ-
ent regularisation methods on this benchmark. The main
findings indicated that, across most tasks, GNR achieved
the highest accuracy compared to the other regularisation
methods. As the number of tasks increased, GNR showed a
relatively smooth and mild decline in accuracy. In contrast,
EWC and MAS showed more significant drops in accuracy
over time, particularly after the early tasks. SI, SPG, and
LwF exhibited similar trends, with LWF outperforming SPG
in the later tasks. Notably, for the first task, GNR demon-
strated the best performance, effectively learning better rep-
resentations than the other methods. Overall, the stability
of GNR and its smaller performance decline (compared
to other methods) make it an ideal choice for long-term
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Figure 7: Hyper-parameter analysis. r and a are hyper-
parameters. The objective value denotes accuracy.

tasks, making it suitable for dynamic environments such as
seasonal changes or variations in agricultural settings.

6. Parameter analyses

In this section, we will analyse the parameters of two
optimal parameters r and « that are involved in the learning
process of gradient-norm-aware update.

For perturb ratio r lays down a search range centred on
the task minimum and with a radius range of r. This search
range should not be set too large to prevent affecting the
gradient descent optimisation process. For balance ratioa
aims to balance the penalties between r and A. Based on
the empirical analysis of [10, 56], the effective range of
values should be as follows: r € [0.01,0.1] and ¢ €
[0.7,0.9]. Following the empirical search range, 15 models
with different random seeds are trained for each benchmark.

We report the hyper parameter analysis on T-20 in Fig.7.
As shown in the contour plot in Fig.7(a), the optimal solution
falls in the range of r € [0.01,0.02], while good perfor-
mance exists for alpha at either 0.7 or 0.8. Furthermore, as
shown in Fig. 7(b), we estimate the importance of the param-
eters using functional analysis of variance [13]. Compared
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Table 5
Wall-clock time (seconds) on C-20 and T-20, averaged over
five seeds.”

C-20 T-20
Method Exp Epoch Exp Epoch
GNR 34.95 0.77 185.12 4.53
MAS 21.45 0.55 38.82 2.26
LwF 30.93 0.60 103.99 3.11
SPG 30.90 0.62 129.37 3.03
EWC 64.08 1.41 199.69 6.52
Sl 64.66 1.66 109.35 7.84

TExp: wall-clock time for one experience;
Epoch: mean time for one training epoch.

Table 6
Peak GPU memory (MB) on C-20 and T-20, averaged over
five seeds.”

C-20 T-20
Method Mean Max Mean Max
GNR 191 191 535 536
MAS 264 274 723 791
LwF 240 245 733 760
SPG 388 645 1101 1795
EWC 915 1654 2577 4555
Sl 228 230 651 653

fMean: average peak memory across experiences;
Max: highest peak during the entire run.

to a, the setting of r is critical to model performance. We
obtained similar results in other benchmarks.

In summary, r requires careful setting in order to ensure
that the model plasticity gains from the appropriate pertur-
bation. The optimal hyper parameter range is as follows:
r € [0.01,0.04] and @ € [0.7,0.85].

6.1. Computational overhead analysis

To validate the efficiency claims, Tables 5 and 6 report
computational overhead averaged over five seeds for GNR
and all regularisation baselines on C-20 and T-20, covering
wall-clock time per experience and per epoch, as well as
mean and max peak GPU memory. All experiments are
conducted on the same hardware with identical batch size
and training configuration.

As shown in Tables 5 and 6, GNR achieves the lowest
GPU memory among all methods on both benchmarks, with
virtually no transient spike (max = mean), whereas EWC
and SPG exhibit large mean-to-max memory inflation. In
terms of per-epoch time, GNR is nearly twice as fast as
EWC and SI due to avoiding heavy auxiliary statistics,
while its moderate overhead relative to MAS, LwF, and
SPG stems from the additional backward pass in the SAM-
style update. Note that per-experience time also reflects the
number of early-stopping epochs and is therefore reported
for completeness rather than as a direct overhead metric.

Overall, GNR offers the most stable and memory-efficient
profile among all compared regularisation methods.

6.2. Component-level ablation

To isolate the contribution of each GNR component,
we evaluate three variants: (1) GU-only, which applies
only the gradient-norm-aware update without consolidation;
(2) GC-only, which applies only the gradient-norm-aware
consolidation (soft masking) without the perturbed update;
and (3) GNR (GU+GC), the full method. Table 7 reports the
results on all four benchmarks.

The results reveal that the two components play com-
plementary roles. GC-only is the dominant component,
providing the majority of both accuracy gains and forget-
ting reduction compared to the Naive baseline (Table 2).
This is expected, as the consolidation mechanism directly
protects important parameters via soft masking. GU-only,
without any knowledge preservation mechanism, performs
comparably to the Naive baseline, confirming that the SAM-
style perturbation alone does not prevent forgetting. Notably,
this is a direct consequence of the architectural coupling
between GU and GC: in Algorithm 2 (line 7), the gradient
update is scaled by (1—y="1), where y=/~! is the knowledge
base produced by GC. When GC is removed, y<'~! = 0
throughout training, so the scaling factor becomes (1-0) = 1
and GU reduces to plain SAM-style gradient interpolation
without any parameter-level protection. In other words, the
GU-only variant only performs gradient perturbation for flat-
minima seeking, but lacks the ability to selectively slow
down updates on important parameters. However, combin-
ing GU with GC (the full GNR) consistently yields further
improvements: +1.5-2.9% accuracy on CIFAR-100 bench-
marks and an additional 1-2% reduction in forgetting across
all benchmarks. This demonstrates that the gradient-norm-
aware update helps the optimiser find flatter minima that
are more amenable to the consolidation step, validating the
complementary design of the two modules.

7. Conclusion

This paper presents a Gradient Norm Regularisation
(GNR) approach to mitigate catastrophic forgetting in con-
tinual learning. By proposing a task similarity quantification
method based on empirical loss, it reveals a strong con-
nection between task similarity and catastrophic forgetting,
demonstrating that task dissimilarity exacerbates forgetting.
Based on this, we enable dynamic adjustments to task adapt-
ability, effectively preserving knowledge across tasks. These
findings offer new insights for improving continual learning
systems. Experimentally, GNR outperforms existing reg-
ularisation methods on multiple benchmark datasets and
achieves significant improvements in knowledge retention
and task adaptability. Additionally, the method’s applica-
tion to a real-world pest classification dataset validates its
practical applicability in dynamic environments. GNR inte-
grates seamlessly with other continual learning algorithms,
providing a versatile solution of continual learning systems
for real-world, evolving tasks. Future research will focus on
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Zi::f):nent-level ablation study. Accuracy (%) 1t and Forgetting (%) { on four benchmarks.

C-10 C-20 T-10 T-20
Variant Acc.t Fgt.l Acc.t Fgt.l Acc.t Fgt.l Acc.t Fgt.l
GU-only 65.1+£3.4 15.7+2.8 52.6+4.9 30.9+£53 37.3+1.0 18.7+0.4 41.0£1.3 21.0+0.4

GC-only 7124+1.0 6.0+0.6 72.0+1.4
GNR (GU+GC) 72.74+1.9 4.240.4 74.8+0.7

7.0+1.4 50.2#1.1 4.6+£0.7 59.441.0 42+13
47+1.5 50.3%+1.4 3.4+0.9 59.6+1.1 3.5+0.4

improving model representations for continual learning to
enhance adaptability while preserving knowledge.
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