
Original article

Journal of High School Science, 10(3), 2026                                                                            331

  

Navigating parameter space: mitigating catastrophic forgetting in continual learning

Huang H

Submitted: June 5, 2026, Revised: version 1, July 13, 2026, version 2, July 24, 2026
Accepted: July 25, 2026

Abstract
Artificial general intelligence requires neural networks to continually acquire new knowledge 
while preserving previously learned information. However, sequential learning causes 
catastrophic forgetting, whereby performance on earlier tasks deteriorates as new tasks are 
learned. Parameter regularization methods, such as Elastic Weight Consolidation (EWC), 
attempt to address this challenge by constraining updates to parameters deemed important for 
previous tasks. This work investigates the influence of fully connected (FC) layer architecture on 
parameter regularization in the class incremental learning setting using a modified ResNet-18 
trained on the CIFAR-10 dataset. Experiments demonstrate that a dynamically expanding FC 
architecture substantially outperforms a conventional static FC layer. To address the limited 
memory retention observed with EWC in static FC architectures, a new parameter regularization 
approach, termed Range Matrix, is proposed. Unlike EWC, which selectively constrains 
parameters identified by the Fisher Information Matrix, Range Matrix constrains all network 
parameters within dynamically computed bounds derived from loss gradients. Experimental 
results show that Range Matrix improves memory retention and reduces catastrophic forgetting 
relative to EWC when using a static FC architecture. Control experiments further demonstrate 
that the improved performance of Dynamic FC arises primarily from context partitioning rather 
than increased model capacity alone. Finally, analysis of the overlap between Fisher-important 
parameters and Range Matrix-constrained parameters shows that the two methods identify 
substantially different parameter subsets despite achieving similar performance under Dynamic 
FC, suggesting that FC architecture is the dominant factor governing continual learning 
performance. These findings provide both a novel parameter regularization strategy and new 
insights into the interaction between network architecture and catastrophic forgetting in continual 
learning.
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1. Introduction
Existing  machine  learning  models  have  been 
shown to match or  even surpass human-level 
performance  on  certain  tasks.  However, 
classical  training paradigms generally rely on 
the  assumption  that  the  training  dataset 
comprehensively  represents  all  potential 
samples  a  model  may  encounter  during 
inference.  This  assumption  fails  in  dynamic 
real-world  environments,  where  live  data  is 
constantly evolving. State-of-the-art models are 
typically  trained  on  large,  static  datasets  and 
subsequently  frozen.  When  these  models  are 
updated with new data,  their  performance on 
previously  learned  data  can  degrade 
substantially.  This  phenomenon,  known  as 
catastrophic  forgetting,  presents  a  significant 
challenge  to  the  development  of  robust  and 
adaptable models (1).

Consequently,  the  field  of  continual  learning 
(CL) has emerged to address this limitation. In 
CL,  a  model  incrementally  learns  from  a 
sequence  of  distinct  tasks,  referred  to  as 
contexts,  rather  than  learning  all  tasks 
simultaneously  (2).  Effective  CL  can  offer 
significant advantages over traditional training 
frameworks,  including  reduced  computational 
cost and training time. In conventional settings, 
the  arrival  of  new data  typically  necessitates 
retraining.  For  state-of-the-art  models,  this 
process can require months of time and millions 
of  dollars  in  associated  costs  (3).  Continual 
learning aims to reduce or eliminate the need for 
such repeated retraining.

Achieving effective CL requires balancing the 
trade-off  between  learning  plasticity  and 
memory stability. Plasticity enables a model to 
acquire new information, whereas stability helps 

preserve  knowledge  acquired  from  previous 
contexts. A variety of CL methods have been 
proposed  to  address  this  stability-plasticity 
trade-off,  including replay-based methods (4), 
dynamic  architectures  (5),  and  parameter 
regularization techniques (6).

1.1 Summary
This  work  focuses  specifically  on  parameter 
regularization.  Elastic  Weight  Consolidation 
(EWC)  (7),  a  pioneering  parameter 
regularization  method,  is  evaluated  across 
different  fully  connected  (FC)  layer 
architectures.  The  results  indicate  that  the 
structure of  the FC layer significantly affects 
both overall accuracy and the effectiveness of 
hyperparameter  optimization.  Furthermore, 
EWC  with  a  static  FC  layer  is  observed  to 
exhibit high levels of catastrophic forgetting.

To further investigate these observations, a new 
parameter regularization approach, termed the 
Range Matrix, is proposed. The Range Matrix 
constrains  each parameter  to  a  specific  range 
derived from loss gradients, introducing greater 
control  and facilitating the  identification of  a 
parameter  space  that  accommodates  both 
current  and  previously  learned  contexts.  The 
primary  contributions  of  this  work  are 
summarized as follows: 
[1]  This  work  presents  experiments 
demonstrating the significance of the final fully 
connected  (FC)  layer  structure  in  continual 
learning  performance.  Specifically,  a 
dynamically  updated  FC  layer  is  shown  to 
outperform a static FC layer.
[2] A parameter regularization approach, termed 
the Range Matrix, is proposed to investigate the 
limitations  of  EWC  identified  through 
experimentation.  An  implementation  of  the 
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Range  Matrix  exhibits  greater  resistance  to 
catastrophic forgetting than EWC on Static FC 
architectures  through  improved  memory 
stability.  These  findings  provide  insights  and 
potential  directions  for  future  research  into 
parameter regularization methods for continual 
learning.

2. Previous work

2.1 Continual learning scenarios 
Previous  work  categorizes  continual  learning 
into three primary scenarios: Task-Incremental 

Learning (TIL), Domain-Incremental Learning 
(DIL),  and  Class-Incremental  Learning  (CIL) 
(8). As illustrated in Figure 1, in TIL, a model 
sequentially  learns  distinct  contexts,  with  the 
context identity explicitly provided during both 
training and inference. DIL is characterized by 
contexts  in  which  the  model  encounters 
different  types of input data but  must  predict 
from the same set of possible labels. Because the 
complete label space is shared across contexts, 
the  context  identity  is  not  required  during 
inference.

Figure 1. An overview of the 3 continual learning scenarios. Class Incremental Learning (CIL) requires models to 
infer context identity, making it the most realistic and complex of the three.

Finally, CIL represents the most challenging of 
the three scenarios. In CIL, the model is trained 
on a sequence of contexts, each introducing new 
classes. For example, a model may first learn to 
classify cats and dogs and later learn to classify 
cars and airplanes. During inference, however, 
the model is not told from which context a task 
comes  from.  It  must  therefore  learn  to 
distinguish  among  all  classes  it  has  thus  far 
encountered.  This  requirement  makes  CIL 
particularly  challenging  and  closely  aligned 

with  the  dynamic  nature  of  real-world 
environments (9).

2.2 Continual learning approaches
Prior  approaches  to  mitigating  catastrophic 
forgetting can be broadly categorized into three 
primary  groups:  replay-based  methods, 
architectural  methods,  and  parameter 
regularization methods. Replay-based methods 
store, generate, or otherwise retain information 
from  previously  encountered  contexts  and 
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incorporate this information during training on 
new  contexts  (10–12).  This  rehearsal 
mechanism helps preserve previously acquired 
knowledge while enabling the model to learn 
new information. However, their effectiveness 
is constrained by factors such as the amount of 
memory  available  for  storing  past  data,  the 
computational  cost  of  replay,  and,  in  some 
applications,  privacy  or  data-retention 
restrictions.  Generative  replay  methods  can 
reduce the need to store raw data but introduce 
additional  computational  and  modeling 
requirements.

Architectural  approaches  address  catastrophic 
forgetting by modifying the model structure as 
new contexts are encountered. Expert Gate (13), 
for example, uses context-specific components 
in  which  distinct  subnetworks  or  models  are 
allocated  to  different  contexts.  Such methods 
can  effectively  reduce  interference  between 
contexts by isolating the parameters responsible 
for  learning  different  information.  However, 
these  approaches  often  require  the  model  to 
determine  which  context-specific  components 
should  process  a  given  input.  If  this  routing 
requires an explicitly provided context identity, 
the approach is not directly compatible with the 
standard  CIL  setting.  Other  methods 
dynamically expand the model architecture as 
new  contexts  or  classes  are  learned,  while 
employing  techniques  such  as  parameter 
freezing  or  pruning  to  preserve  previously 
acquired knowledge (14,  15).  Although these 
approaches can reduce interference between old 
and new knowledge,  continual  expansion can 
lead  to  increasing  memory  requirements, 
computational  costs,  and  architectural 
complexity as the number of contexts increases.

Unlike  replay  and  architectural  methods, 
parameter  regularization  aims  to  preserve 
previously learned knowledge without storing 
past  data  or  continually expanding the model 
architecture. A central challenge is identifying a 
parameter space that enables the model to learn 
new contexts while preserving performance on 
previously learned contexts. Several approaches 
have  explored  geometric  solutions  to  this 
problem.  Wołczyk  et  al.  (16)  introduced  a 
Hyperrectangle  training  framework,  which 
models the parameter space as a hyperrectangle 
fully  contained  in  the  hyperrectangles  of 
previous tasks. This approach shows resistance 
to catastrophic forgetting, though is limited by 
an  incompatibility  with  batch  normalization. 
Teng et al. (17) proposed Direction-Constrained 
Optimization  (DCO),  modeling  the  high 
performing regions in parameter space as cones. 
Other  regularization  approaches  also  include 
trust  region  continual  learning  (18),  which 
combines  generative  replay  with  an  EWC-
inspired trust constraint. This approach depends 
on the quality of the Fisher matrix. Similarly, 
Garg  et  al.  (19)  imposed  Fisher-orthogonal 
constraints  on  all  network  parameters  to 
mitigate  forgetting. Elsayed  et  al.  (20) 
introduced  a  weight-clipping  approach  to 
continual and reinforcement learning with the 
goal of addressing loss of plasticity and policy 
collapse due to increasing weight magnitudes. 
The  clipping  range  is  calculated  once  before 
training and remains fixed throughout.  Range 
Matrix follows a similar clipping approach but 
differs from all the works discussed by imposing 
dynamically changing range values calculated 
through the loss gradient. Overall, the concept 
of  parameter  regularization  is  to  constrain 
network  parameters  and limit  changes  to 
parameters  deemed  important  for  retaining 
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knowledge of previous tasks. The difference lies 
within the methods used to do so, and how they 
discover a shared parameter space that satisfies 
both  the  current  and  previous  task 
simultaneously.

2.3 EWC parameter regularization
Elastic  Weight  Consolidation  (EWC)  is  a 
pioneering parameter regularization method for 
continual learning. EWC modifies the training 
loss  with  the  aim  of  helping  the  network 
converge on a parameter space that works for 
both  current  and  previous  tasks.  The  relative 
strength of this constraint is controlled by the 
hyperparameter  lambda,  which  governs  the 
trade-off between stability and plasticity.

The structure of the final fully connected (FC) 
layer is an important architectural consideration 
in  parameter  regularization.  Hidden  layers 
extract features from the input, while the final 
FC  layer  maps  these  features  to  the  model's 
output classes. Consequently, the structure and 
training behavior of the FC layer can directly 
affect performance and the extent to which new 
learning  interferes  with  previously  acquired 
knowledge.  Two  FC layer  configurations  are 
considered in this work: static and dynamic. A 
static  FC  layer  maintains  a  fixed  number  of 
neurons  throughout  continual  learning.  In 
contrast, a dynamic FC layer is incrementally 
expanded  as  new  contexts  are  encountered. 
Additionally, only the newly added FC neurons 
are trained for the corresponding context, while 
previously learned neurons remain frozen (but a 
variation is also investigated in this study). This 
can  reduce  direct  interference  between 
parameters  associated  with  different  contexts 
and  may  therefore  help  preserve  previously 
acquired knowledge.

The interaction between lambda and FC layer 
structure,  particularly  the  difference  between 
static and dynamically expanded FC layers, has 
not  been  extensively  investigated.  This  work 
will  study the effect of FC layer structure on 
EWC parameter regularization and present an 
approach  to  address  its  limitations  with 
mitigating  catastrophic  forgetting  in  class 
incremental learning scenarios.

3. Methods

3.1 EWC implementation
EWC was re-created by calculating the fisher 
information matrix and loss equation following 
the implementation detailed in the original work 

as,  L=  Lo+∑
i

( λ
2
∙ F i ∙ (θi -θi* )2)  (Eq.1). In the 

loss calculation for EWC shown in equation 1, 
Lo represents  the  loss  value  obtained  from 
calculating cross entropy loss. This is added to 
the EWC regularization term, which consists of 
the  squared  difference  between  the  current 
weight  of  the  parameter  θi and  the  previous 

weight  θi
*. The difference is multiplied by the 

corresponding  value  in  the  calculated  Fisher 
Information  matrix  and  a  hyperparameter  λ. 
When  a  parameter  is  important,  F i is  large. 
Combined  with  a  large  enough  λ value,  the 
regularization term causes the weight value to 

remain close to θi
*, thereby preserving memory 

of  prior  contexts.  Thus,  tuning  the  value  of 
lambda  can  affect  the  plasticity-stability 
tradeoff in EWC.

3.2 Resnet architecture
Resnet  (21)  features  a  residual  learning 
framework that allows for the training of deeper 
models. The model architecture was originally 
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designed for the ImageNet (22) dataset. For all 
experiments in this work, a modified Resnet-18 
was trained on the CIFAR-10 dataset (23). To 
enable  compatibility  with  CIFAR-10, 
modifications  to  the  architecture  were  made 
(Figure 2),

[1] The Max Pool and Average Pool layers at the 
beginning and end of the model were removed 
to  accommodate  lower  resolution  CIFAR-10 
images without losing features. 
[2] The size of the final FC layer was decreased 
to 10 neurons, corresponding to the 10 classes in 
CIFAR-10. 

Figure 2. The modified Resnet-18 architecture, with pooling layers removed and a smaller final FC layer to 
accommodate the lower resolution images of CIFAR10.

In addition to altering the model architecture, 
the training framework must also be adapted. 
Continual learning format requires training data 
to  be  split  into  separate  contexts,  with  each 
context having a set number of distinct tasks. 
During training, the model is allowed to train on 
each  context  once.  The  10  categories  in 
CIFAR-10 were split  into 5 distinct  contexts, 
each containing 2 tasks.

3.3 FC layer architecture
Within parameter regularization, the final fully 
connected  (FC)  layer  can  adopt  a  static  or 
dynamic architecture (24). For the model used 
in  experimentation,  the  static  FC  layer  was 
implemented  as  a  standard  linear  layer  with 

input dimensions matching the flattened feature 
representations  from  the  Resnet  convolution 
blocks,  and  an  out-feature  size  matching  the 
total number of classes in the dataset (i.e. 10 for 
the  CIFAR-10  dataset).  Conversely,  the 
dynamic FC layer is more complex and must be 
updated  following  each  learned  context.  As 
illustrated  in  Figure  3,  this  was  achieved  by 
expanding the number of output neurons in the 
layer  to  accommodate  new  contexts  while 
copying the weights and biases learned during 
prior  ones.  Furthermore,  representations  of 
previous  contexts  were  consolidated  by 
restricting parameter updates to the newly added 
neurons—for  example,  computed  exclusively 
over the two active output neurons in a scenario 
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where  a  model  learns  CIFAR-10  data  in increments of two tasks per context.

Figure 3. A visualization of Static FC (left) and Dynamic FC (right). Static FC remains the same size throughout 
training, while the size of Dynamic FC increases as new contexts are learned. This characteristic of Dynamic FC 
results in each group of neurons being trained for a specific context.

3.4 Range Matrix
To address the shortcomings in EWC, a new 
parameter  regularization  approach  termed  the 
Range Matrix was introduced. A key limitation 
of  EWC  stems  from  its  parameter  update 
mechanism.  Specifically,  EWC  only  limits 
parameters deemed “important” by the Fisher 
Information  matrix.  During  training,  EWC 
effectively anchors these important parameters 
near their original values, leaving the remaining 
parameters completely unconstrained. Changes 
to  these  unconstrained  parameters  improve 
performance  on  the  current  context  but  can 
inadvertently disrupt the performance on prior 
ones.  The  proposed  Range  Matrix  method 
aimed  to  mitigate  this  issue  by  establishing 
permissible update ranges for all parameters as, 

∆θi=  
P ∙ L(θi )
dL
d θi

=
∆ L
dL
d θi

   (Eq.2). The formula for 

the range value of a parameter  θi is shown in 

Equation 2.  L(θi ) represents the loss obtained 

from the loss function, and it is multiplied by a 
value P. This term represents ∆ L, a measure of 
how much the loss is allowed to change. ∆ L is 

divided by the gradient 
dL
d θi

 to obtain the range 

value  of  that  parameter.  A  derivation  of  the 
formula is provided in Appendix 1. A tunable 
hyperparameter,  P  acted  as  the  controller  of 
plasticity. With a larger value of P, adaptability 
to new tasks is improved but forgetting may also 
increase.  Conversely,  a  smaller  value  of  P 
results in more memory stability but decreased 
plasticity when learning new tasks.

During the training phase, the model learned the 
first  context  without  any  Range  Matrix 
constraint.  Upon  completing  parameter 
optimization,  the  corresponding  range  matrix 
was calculated using Equation 2 (Appendix 4). 
During  subsequent  training  on  the  second 
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context,  a  custom  optimizer  (Appendix  2) 
enforced  the  constraints  from  the  calculated 
range matrix. Specifically, if a parameter update 
exceeded its allowed bounds as defined by its 
entry in the Range Matrix, the optimizer clipped 
the  update  at  that  maximum  boundary. 
Following  this  bounded  update,  a  new range 
matrix was computed for  the second context. 
Finally, this new matrix was aggregated with the 
prior one by selecting the most restrictive bound 
between the two matrices  for  each parameter 
(Appendix  3).  This  training  process  was 
performed for all subsequent contexts.

A potential  limitation  of  this  approach stems 
from the model's plasticity. By imposing bounds 
across  the  entire  parameter  space,  the  Range 
Matrix progressively reduces the space in which 
parameters  can  be  updated  as  additional 
contexts are learned. Consequently, the feasible 
parameter  space  may  eventually  become  too 
constrained  to  support  meaningful  learning. 
Furthermore, if the optimal parameter space for 
a new context lies outside the bounds imposed 
by the Range Matrix, learning that context will 
be impaired. This limitation was exacerbated by 
the current aggregation strategy, in which the 
most  restrictive  bound  was selected  for  each 
parameter  when  combining  successive  Range 
Matrices.  As  a  result,  the  feasible  parameter 
space could only remain unchanged or decrease 
over  time,  potentially  leading  to  cumulative 
plasticity  loss.  Addressing  this  long-term 
reduction in plasticity remains an open problem 
and  will  require  investigation  of  alternative 
Range Matrix aggregation strategies in future 
work.

3.5 Evaluation metrics
As     mentioned     previously,     the    Lambda

hyperparameter was a critical component of the 
EWC  calculation,  dictating  the  relative 
importance  of  retaining prior  task  knowledge 
versus  acquiring  new  information.  Because 
variations  in  lambda  have  the  potential  to 
significantly  impact  accuracy,  performing  a 
hyperparameter search across a range of values 
allowed an optimal setting to be determined.

To  improve  repeatability  during 
experimentation,  all  weights  were  initialized 
using the same seed. The performance of EWC 
and Range Matrix were evaluated utilizing two 
metrics. The first was overall accuracy for Static 
and  Dynamic  FC,  which  was  recorded  after 
training on each context. Overall accuracy was 
calculated by computing the mean accuracy of 
the model on the test data for all contexts it had 
been exposed to. 

The second metric  was accuracy distribution. 
Accuracy  distribution  was  calculated  by 
evaluating the model on every context  it  had 
been  exposed  to  individually.  Similarly  to 
overall  accuracy,  this  metric  was  calculated 
after each context was learned.

Additional  metrics  were  recorded  to  quantify 
both learning plasticity and memory stability. 
Specifically,  Backward  Transfer  (BWT) (25) 
was  computed  as  the  average  difference 
between  the  final  accuracy  on  each  learned 
context and the accuracy immediately after that 
context  was  learned,  measuring  the  extent  to 
which  subsequent  learning  affected  prior 
knowledge. A negative BWT was indicative of 
catastrophic forgetting, whereas a positive BWT 
meant  that  learning  subsequent  contexts 
improved  performance  on  previously  learned 
contexts. Average Forgetting (AF) (26) and the 
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Retention  Ratio quantified  performance 
degradation  relative  to  each  context's  peak 
accuracy  achieved  during  continual  learning. 
Higher AF values indicated greater catastrophic 
forgetting, whereas Retention Ratio values close 
to 1 indicated better preservation of knowledge. 
Plasticity  was  quantified  using  New-Task 
Accuracy,  defined  as  the  accuracy  on  each 
context immediately after the model had been 
trained on that  context.  Lower average New-
Task Accuracy, or a progressive decline in New-
Task  Accuracy  across  contexts,  could  be 
indicative of reduced plasticity and a diminished 
capacity to efficiently acquire new knowledge. 

4. Results

4.1 Baseline
To evaluate model performance, three baselines 
were established as shown in Figure 4. The first 
served as  an upper  bound:  a  network trained 
using standard offline frameworks, wherein it is 

exposed  to  the  entire  training  dataset 
simultaneously. This network achieved optimal 
performance because it has concurrent exposure 
to  all  potential  tasks  it  may  encounter.  This 
upper  baseline  confirmed  that  the  model 
architecture  possessed  sufficient  capacity  to 
learn these tasks, thereby establishing a target 
performance for the continual learning methods. 
Conversely,  two  lower  bound  baselines  were 
defined: one utilizing a Dynamic FC layer and 
the other a Static FC layer. These networks were 
trained on a  continuous stream of  contexts—
simulating a  dynamic real-world  environment 
where  all  data  is  not  available  at  once—but 
lacked  any  continual  learning  mechanisms to 
mitigate catastrophic forgetting. As a result, the 
accuracy decreased as the model was exposed to 
more contexts. These lower baselines served to 
quantify the  impact  of  catastrophic  forgetting 
experienced  by  current  models  in  continual 
learning scenarios.

Figure 4. A graph showing the three baselines. The upper baseline (green) shows parameter regularization’s 
potential, while the lower baselines (blue and orange for Dynamic and Static FC, respectively) highlight existing 
performance without continual learning. 
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4.2 Hyperparameter search results
A  hyperparameter  search  was  performed  to 
identify an optimal lambda value for EWC. The 
results illustrated a dependency on the FC layer 
structure. For Dynamic FC, Figure 5 shows a 
distinct,  optimal  range  of  lambda  values  that 
maximized  accuracy.  Conversely,  Static  FC 
showed invariance to changes in lambda. This 
behavior could be explained by the difference in 

structures between the two FC layers. Lambda 
dictates  the  importance  of  remembering  the 
previous context over learning the new one. This 
was effective when using Dynamic FC, where 
neurons  are  inherently  grouped  by  context. 
Because the Static FC architecture lacked this 
context-specific grouping, the network did not 
have  meaningful  memory  stability,  and  thus 
changes in lambda had negligible effect. 

Figure 5. Lambda hyperparameter search for EWC. An optimal value can be determined for Dynamic FC (blue). 
However, Static FC (orange) shows fixed performance regardless of lambda, showing that EWC does not mitigate 
catastrophic forgetting at all.

At low values of lambda (approaching 0), the 
regularization  term  in  Equation  1  becomes 
negligible, causing Dynamic FC to degrade to 
the low baselines, such as to those presented in 
Figure 4. In contrast, high lambda values inflate 
the  regularization  term,  leading  to  gradient 
explosion  and  a  severe  drop  in  accuracy,  as 
shown in Figure 5. Therefore, to achieve the best 
level of performance, a balanced lambda value 
must be chosen.

A hyperparameter search was also conducted to 
optimize the P hyperparameter introduced in the 

Range  Matrix.  P  represents  the  maximum 
permissible deviation of the loss value from its 
original state. Range Matrix with Dynamic FC 
performs similarly to EWC with Dynamic FC. 
As shown in Figure 5, EWC with a Static FC 
layer  lacked  hyperparameter  sensitivity, 
maintaining constant performance regardless of 
lambda. However, Range Matrix with Static FC 
was able to be optimized by tuning P (Figure 6). 
This  suggests  that  the  Range  Matrix  allows 
Static  FC  architectures  to  maintain  memory 
stability.
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Figure 6. P hyperparameter search for Range Matrix. Range Matrix with Static FC is sensitive to hyperparameter 
change, unlike EWC with Static FC. This result demonstrates that Range Matrix can provide Static FC architectures 
with memory stability.

At low values of P, the boundaries calculated by 
the  Range Matrix  formula  (Equation 2)  were 
overly restrictive, resulting in a loss of learning 
plasticity.  At high values of  P,  the calculated 
ranges  became  so  broad  that  they  ceased  to 
meaningfully  constrain  parameter  updates, 
increasing  plasticity  but  causing  insufficient 
memory  stability. Therefore,  P  can  be 

characterized as dictating the balance between 
stability and plasticity.   Different values of P 
affect  how  much  memory  the  model  retains 
from previous tasks and how capable it will be 
at learning new ones.   

4.3 EWC and Range Matrix accuracy results
Overall   accuracy   was   evaluated   for   EWC

Figure 7. EWC overall accuracy graph with optimized lambda value. Dynamic FC improves from the baseline in 
Figure 4, while Static FC suffers from catastrophic forgetting and achieves the same performance as the baseline.
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utilizing the optimized lambda determined from 
the hyperparameter search. As shown in Figure 
7, the performance of Dynamic FC improved 
over  the  baseline  value  shown  in  Figure  4, 
achieving a final accuracy of 41.8%. In contrast, 
the Static FC architecture remained unaffected, 

yielding a final accuracy less than 20%. This 
result shows that EWC parameter regularization 
has no effect on Static FC for CIL scenarios, 
making it equivalent to the low baseline trained 
without a continual learning method (Figure 4).

Figure 8. Accuracy distribution for EWC with Dynamic and Static FC. Dynamic FC shows residual memory of 
previous contexts. Conversely, Static FC suffers from catastrophic forgetting, only performing well on the currently 
learned context.

Figure  8  illustrates  the  accuracy  distribution 
across all learned contexts for EWC using Static 
and  Dynamic  FC  architectures.  Each  color 
represents  the  model's  accuracy  on  every 
context after training on a particular context. For 
example, after completing training on Context 2, 
the Dynamic FC model achieved approximately 
40%  accuracy  on  Context  2  while  retaining 
approximately 70% accuracy on the previously 
learned Context 1, indicating that a substantial 
portion of the earlier knowledge was preserved. 
As  expected,  accuracy  on  Contexts  3–5 
remained at 0% because those contexts had not 
yet been encountered. In contrast, the Static FC 
model  achieved  high  accuracy  only  on  the 
current  context  and  exhibited  nearly  0% 

accuracy  on  previously  learned  contexts, 
indicating that earlier representations had been 
almost  completely  overwritten.  This  pattern 
persisted  throughout  continual  learning: 
Dynamic FC consistently retained measurable 
performance  on  previously  learned  contexts, 
whereas  Static  FC  retained  little  or  no 
performance once a new context was learned. 
These  results  demonstrate  that  Dynamic  FC 
substantially  mitigates  catastrophic  forgetting 
by preserving knowledge acquired from earlier 
contexts,  whereas  Static  FC  exhibits  severe 
catastrophic forgetting.

Figure  8  hence  isolates  the  effect  of  FC 
architecture by holding the continual learning 
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algorithm  constant  (EWC).  The  results 
demonstrate  that  replacing  the  Static  FC 
architecture  with  Dynamic  FC  substantially 
improves  retention  of  previously  learned 
contexts,  indicating that FC architecture itself 
plays  a  significant  role  in  mitigating 

catastrophic forgetting. Having established the 
influence  of  FC  architecture,  the  following 
experiments  examine  whether  the  proposed 
Range Matrix can similarly improve memory 
retention  when  the  FC  architecture  is  held 
constant.

Figure 9. Range Matrix overall accuracy graph with optimized P value. Range Matrix with Static FC improves over 
EWC with Static FC.

Figure 10. Accuracy distribution graph for Range Matrix with Static FC. Range Matrix with Static FC shows 
residual memory of previous contexts, demonstrating some memory stability.
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Figure  9 shows  that  the  overall  accuracy  of 
Range  Matrix  with  Dynamic  FC  was  41%, 
which  is  comparable  to  the  performance 
achieved by EWC with Dynamic FC (Figure 7). 
This  indicates  that  replacing  EWC  with  the 
proposed Range Matrix does not substantially 
alter performance when context partitioning is 
already  provided  by  the  Dynamic  FC 
architecture.  To  further  investigate  the 
behaviour  of  Range  Matrix  under  Static  FC 
architectures, where hyperparameter sensitivity 
was observed during the hyperparameter search, 
an  accuracy  distribution  was  calculated.  As 
shown in  Figure 10, Range Matrix with Static 
FC retains measurable accuracy on previously 
learned  contexts,  demonstrating  that  earlier 
knowledge  is  partially  preserved.  In  contrast, 
EWC with Static FC (Figure 8) exhibits near-
complete  catastrophic  forgetting,  with 
previously learned contexts reduced to almost 
zero  accuracy.  These results  indicate  that  the 
Range Matrix provides greater memory stability 
than  EWC  when  applied  to  a  Static  FC 
architecture.

To compare overall performance, Range Matrix 
and  EWC  were  evaluated  using  Static  FC 
architectures over five random seeds (listed in 
Appendix  5).  As  shown  in  Table  1,  Range 
Matrix achieved an average accuracy of 22.81% 
(standard  deviation  1.0434),  compared  with 
19.53% (standard deviation  0.0327) for EWC. 
Although this improvement in overall accuracy 
is  modest,  it  is  accompanied  by substantially 
improved  retention  of  previously  learned 
contexts,  as  demonstrated  in  Figure  10. 
Nevertheless,  the  overall  accuracy  remains 
considerably  lower  than  that  achieved  by 
Dynamic  FC  architectures,  indicating  that 
improved parameter regularization alone cannot 
fully compensate for the limitations of a Static 
FC  architecture.  These  findings  suggest  that 
while  the  proposed  Range  Matrix  partially 
mitigates  catastrophic  forgetting  in  Static  FC 
networks, context partitioning provided by the 
Dynamic FC architecture remains the dominant 
contributor to continual learning performance.

Table 1. EWC and Range Matrix Static FC overall accuracy comparison over 5 runs with different 
seeds.

Avg. Std. Min. Max.
EWC Static FC 19.53 % 0.0327 19.49 % 19.58 %

Range Matrix Static FC 22.81 % 1.0434 21.11 % 23.66 %

4.4 Stability-plasticity comparison
To understand the stability-plasticity  tradeoff, 
four continual learning metrics were reported: 
Average  New-Task  Accuracy,  Backwards 
Transfer, Average Forgetting, and the Retention 
Ratio. To quantitatively evaluate the stability-
plasticity  trade-off,  Table  2  reports  Average 

New-Task  Accuracy,  Backward  Transfer 
(BWT),  Average  Forgetting,  and  Retention 
Ratio for each continual learning configuration. 
These  metrics  complement  the  accuracy 
distribution  plots  by  directly  measuring  the 
acquisition  of  new  knowledge  and  the 
preservation of previously learned information. 
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Table 2. Plasticity and stability metrics for each of the experiments.

Avg. New-Task Accuracy BWT Avg. Forgetting Retention Ratio
EWC Static FC 96.27% -95.80% 95.80% 0.00
EWC Dynamic FC 54.34% -15.34% 16.93% 0.74
Range Matrix Static FC 46.06% -33.38% 33.38% 0.29
Range Matrix Dynamic FC 56.15% -18.93% 18.93% 0.67

EWC with a Static FC architecture exhibits the 
highest Average New-Task Accuracy (96.27%), 
indicating  that  the  model  readily  learns  each 
new  context  immediately  after  training. 
However,  this  high  plasticity  comes  at  the 
expense  of  memory  stability.  The  BWT  of 
-95.80%,  Average  Forgetting  of  95.80%, and 
Retention  Ratio  of  0.00  demonstrate  that 
learning subsequent contexts almost completely 
destroys previously acquired knowledge. These 
quantitative  results  are  consistent  with  the 
accuracy  distributions  shown  in  Figure  8, 
confirming  that  EWC  with  a  Static  FC 
architecture  experiences  severe  catastrophic 
forgetting.

In  contrast,  Range  Matrix  substantially 
improves  memory  retention  for  Static  FC 
architectures.  Average  Forgetting  decreases 
from 95.80% to 33.38%, while  the Retention 
Ratio increases from 0.00 to 0.29, indicating that 
a  significant  proportion of  previously learned 
knowledge  is  preserved.  Although  Average 
New-Task Accuracy decreases to 46.06%, this 
reduction  reflects  the  intended  trade-off 
between  plasticity  and  stability  produced  by 
constraining all network parameters rather than 
only those identified as important by the Fisher 
Information Matrix. These results demonstrate 
that  Range Matrix sacrifices  some immediate 
adaptation in exchange for markedly improved 
long-term memory retention.

Both  Dynamic  FC  architectures  exhibit 
substantially better stability than their Static FC 
counterparts.  EWC Dynamic  FC achieves  an 
Average Forgetting of 16.93% and a Retention 
Ratio of 0.74, while Range Matrix Dynamic FC 
reports  similar  values  of  18.93%  and  0.67, 
respectively.  Likewise,  both methods produce 
relatively small negative BWT values compared 
with  Static  FC,  indicating  that  subsequent 
learning has a much smaller detrimental effect 
on  previously  learned  contexts.  The  similar 
performance of EWC and Range Matrix under 
Dynamic  FC  suggests  that  the  architectural 
separation  of  task  representations  largely 
mitigates catastrophic forgetting,  reducing the 
relative influence of the underlying parameter 
regularization strategy.

Overall,  Table  2  demonstrates  two  important 
findings.  First,  the  proposed  Range  Matrix 
significantly  improved  memory  stability  over 
EWC  when  using  Static  FC  architectures, 
validating  the  proposed  parameter 
regularization approach. Second, Dynamic FC 
architectures  consistently  outperformed  Static 
FC  architectures  regardless  of  the  continual 
learning  algorithm  employed,  supporting  the 
conclusion that context partitioning within the 
FC  layer  is  a  dominant  factor  governing 
catastrophic forgetting.
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5. A Study of FC Architectures
Dynamic  FC  consistently  achieved  higher 
continual-learning performance than Static FC. 
A  key  structural  difference  between  these 
architectures lies in how task representations are 
stored  within  the  final  fully  connected  (FC) 
layer. In a Static FC architecture, all contexts 
share  the  same  fixed  set  of  output  neurons. 
Consequently,  learning  new contexts  requires 
repeatedly  updating  the  same  parameters, 
increasing the likelihood that optimization for 
the  current  context  will  interfere  with 
representations learned for previous contexts. In 
contrast,  the  Dynamic  FC  architecture 
incrementally  expands  the  FC  layer  as  new 
contexts are introduced. Newly added neurons 
are  dedicated  to  the  current  context,  while 
neurons  associated  with  previously  learned 
contexts  remain  fixed.  This  architectural 
partitioning reduces direct interference between 
task-specific  representations  and  is 

hypothesized  to  be  a  primary  mechanism 
underlying  the  improved  memory  retention 
observed in Dynamic FC.

5.1 Context partitioning versus architectural  
expansion
To  evaluate  this  hypothesis,  a  control 
experiment  was  designed  to  distinguish  the 
effects of architectural expansion from those of 
context partitioning. A Dynamic FC architecture 
was used in which the FC layer continued to 
expand after each context,  thereby preserving 
the  increase  in  model  capacity.  However, 
instead of restricting optimization to the newly 
added  neurons,  the  entire  FC layer  remained 
trainable  throughout  continual  learning.  This 
modification removes context partitioning while 
maintaining the same architectural  expansion, 
allowing the effect of increased parameter count 
to be isolated from the effect of task-specific 
parameter partitioning.

Table 3. Continual learning metrics for the Dynamic FC control experiment. The continual 
learning metrics for EWC and Range Matrix with no CP (Context Partitioning) are reported.

Avg. New-Task Accuracy BWT Avg. Forgetting Retention Ratio
EWC no CP 96.31% -95.91% 95.91% 0.00

Range Matrix no CP 94.88% -94.45% 94.45% 0.00

Table 3 reports the continual learning metrics 
for the Dynamic FC control experiment in which 
the  FC  layer  continues  to  expand  after  each 
context,  but  all  FC neurons  remain trainable, 
thereby  removing  context  partitioning  while 
preserving the increase in model capacity.

Both  methods  exhibit  severe  catastrophic 
forgetting.  EWC  without  context  partitioning 
achieves  an  Average  New-Task  Accuracy  of 
96.31%, indicating that the model readily learns 

each  new context  immediately  after  training. 
However, this high plasticity is accompanied by 
a BWT of -95.91%, an Average Forgetting of 
95.91%,  and  a  Retention  Ratio  of  0.00, 
demonstrating  that  previously  acquired 
knowledge  is  almost  completely  lost  after 
subsequent  training.  Similarly,  Range  Matrix 
without  context  partitioning  achieves  an 
Average  New-Task Accuracy of  94.88%,  but 
produces  a  BWT  of  -94.45%,  an  Average 
Forgetting of 94.45%, and a Retention Ratio of 
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0.00. Although Range Matrix exhibits slightly 
less forgetting than EWC, both methods retain 
virtually none of the knowledge acquired from 
earlier contexts.

The results  are  comparable  to  those  obtained 
using  Static  FC  architectures,  where 
catastrophic forgetting is likewise observed. In 
contrast,  both  Dynamic  FC  configurations 
employing  context  partitioning  (Table  2) 
achieve  substantially  lower  forgetting  and 
markedly higher retention ratios.  Because the 
control  experiment  preserves  the  increase  in 
model  capacity  while  removing  only  context 
partitioning,  the  re-emergence  of  catastrophic 
forgetting indicates that architectural expansion 
alone  is  insufficient  to  improve  continual 
learning  performance.  Instead,  the  results 
demonstrate  that  partitioning  task-specific 
representations  within  the  FC  layer  is  the 
dominant factor associated with the improved 
memory  retention  observed  in  Dynamic  FC 
architectures.

5.2 FC architecture vs. continual learning  
method
As  shown  in  Section  4.3,  EWC  and  Range 
Matrix achieve comparable performance when 
combined with the Dynamic FC architecture. To 
investigate  whether  this  similarity  arises 
because both methods preserve the same subset 
of network parameters, the overlap between the 
parameters  identified  by  each  method  was 
quantified.  Specifically,  after  each  learning 
context, the Top-K parameters with the largest 
Fisher Information values (EWC) and the Top-
K parameters with the most restrictive Range 
Matrix  bounds  were  identified.  The  Top-K 
Overlap was then computed as the proportion of 
parameters common to both sets. A high overlap 
would  indicate  that  both  methods  preserved 
largely the same parameters despite employing 
different  regularization  strategies,  whereas  a 
low overlap would suggest that they identified 
different subsets of parameters while achieving 
similar continual learning performance.

Table 4: Top-K overlap for Fisher and Range Matrix importance estimates.

Context 1 Context 2 Context 3 Context 4 Context 5

Top 1% overlap 61.82% 23.72% 23.39% 25.20% 17.51%

Top 5% overlap 71.87% 34.91% 33.09% 32.18% 26.15%

Top 10% overlap 73.09% 42.26% 40.30% 38.41% 33.23%

Top 25% overlap 77.66% 57.91% 54.96% 53.42% 49.06%

Table 4 reports the Top-K overlap between the 
parameters identified as most important by the 
Fisher  Information  Matrix  (EWC)  and  those 
assigned  the  most  restrictive  bounds  by  the 
Range Matrix after each learning context. Four 
Top-K thresholds (1%, 5%, 10%, and 25%) are 
considered to  evaluate  the  consistency of  the 

two  importance  estimates  across  increasingly 
larger subsets of network parameters.

Following  training  on  the  first  context,  both 
methods  exhibit  relatively  high  agreement. 
Depending on the threshold, the overlap ranges 
from 61.82% (Top 1%) to 77.66% (Top 25%), 
indicating that both approaches initially identify 
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many of the same parameters as being important 
for preserving learned knowledge.

However, as additional contexts are learned, the 
overlap decreases substantially across all Top-K 
thresholds. The most pronounced reduction is 
observed for the Top 1% parameters, where the 
overlap decreases from 61.82% after  the first 
context to 17.51% after the fifth context. Similar 
trends are observed for the Top 5% (71.87% to 
26.15%),  Top 10% (73.09% to  33.23%),  and 
Top 25% (77.66% to 49.06%) subsets. Although 
larger  Top-K  thresholds  consistently  exhibit 
greater  overlap  than  smaller  thresholds,  all 
thresholds demonstrate a progressive decline as 
continual learning proceeds.

The reduction in overlap indicates that EWC and 
Range  Matrix  increasingly  prioritize  different 
subsets of parameters as successive contexts are 
incorporated.  The  decline  is  particularly 
pronounced for the highest-ranked parameters, 
suggesting that the two methods diverge most 
strongly  in  identifying  the  parameters 
considered  most  critical  for  knowledge 
preservation.  In  contrast,  the  larger  Top-K 
subsets  retain  moderate  overlap  throughout 
training,  indicating  that  broader  regions  of 
parameter  importance  remain  partially  shared 
despite  differences  in  the  highest-ranked 
parameters.

Despite these increasingly different parameter 
importance  estimates,  Section  4.4  shows  that 
EWC with Dynamic FC and Range Matrix with 
Dynamic  FC  achieve  comparable  continual 
learning  performance.  Together,  these  results 
indicate  that  similar  performance  can  be 
obtained even when the two methods preserve 
substantially  different  subsets  of  parameters. 

This observation is consistent with the results of 
the  Dynamic  FC  control  experiment,  which 
demonstrated that removing context partitioning 
causes  catastrophic  forgetting  to  re-emerge 
despite  preserving  architectural  expansion. 
Collectively,  these  findings  suggest  that  the 
context-partitioned  Dynamic  FC  architecture 
exerts a stronger influence on continual learning 
performance  than  the  specific  parameter 
importance  estimates  used  by  either 
regularization method.

6. Limitations and perspective
While the proposed Range Matrix demonstrates 
improved  memory  retention  over  EWC  for 
Static  FC  architectures,  several  limitations 
remain.  First,  experiments  were  conducted 
using a modified ResNet-18 on the CIFAR-10 
dataset  under  the  Class  Incremental  Learning 
(CIL) setting. Although CIL is among the most 
challenging  continual  learning  scenarios, 
additional  evaluation  on  larger-scale 
benchmarks  and  alternative  architectures  is 
necessary  to  determine  the  generality  of  the 
findings.

Second,  the  current  implementation  of  the 
Range Matrix progressively restricts the feasible 
parameter space by retaining the most restrictive 
parameter  bounds across  contexts.  While  this 
strategy  improves  memory  stability,  it  may 
reduce  plasticity  as  the  number  of  learned 
contexts  increases.  Future  work  should 
investigate  alternative  aggregation  strategies 
that  dynamically  relax  or  adapt  parameter 
bounds while maintaining previously acquired 
knowledge.

Third,  although  this  work  demonstrates  that 
context  partitioning,  rather  than  architectural 
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expansion alone, is the principal contributor to 
the  improved  performance  of  Dynamic  FC 
architectures, the precise mechanisms by which 
partitioned representations reduce interference 
remain  incompletely  understood.  Further 
studies  examining  feature  representations, 
gradient interactions, and layer-wise parameter 
evolution may provide deeper theoretical insight 
into why context partitioning is so effective.

Finally,  the  Top-K  overlap  analysis 
demonstrated  that  EWC  and  Range  Matrix 
identify  substantially  different  subsets  of 
important parameters despite producing similar 
performance under Dynamic FC architectures. 
This  observation  suggests  that  architectural 
design  may  dominate  the  behaviour  of 
parameter  regularization  methods  in  certain 
continual learning settings. Future work should 
investigate  whether  architecture-aware 
regularization  methods  can  jointly  optimize 
network  structure  and  parameter  constraints, 
potentially achieving greater memory retention 
without sacrificing learning plasticity.

7. Conclusion
Catastrophic  forgetting  remains  one  of  the 
principal challenges preventing neural networks 
from  learning  continuously  in  dynamic 
environments. This work investigated parameter 
regularization  methods  for  Class  Incremental 
Learning by examining both the behaviour of 
Elastic  Weight  Consolidation  (EWC)  and  a 
newly  proposed  parameter  regularization 
approach,  Range  Matrix, using  modified 
ResNet-18  architectures  on  the  CIFAR-10 
dataset.

The experiments demonstrate that the structure 
of  the  final  fully  connected  (FC)  layer  is  a 

critical  determinant  of  continual  learning 
performance.  Dynamic  FC  architectures 
consistently  outperformed  static  FC 
architectures,  while  Range  Matrix  provided 
substantially improved memory retention over 
EWC when using static FC layers. Unlike EWC, 
which  selectively  constrains  parameters 
identified  by  the  Fisher  Information  Matrix, 
Range Matrix constrains all network parameters 
within  dynamically  computed  bounds, 
providing improved resistance  to  catastrophic 
forgetting under static architectures.

Beyond  introducing  a  new  parameter 
regularization strategy, this work provides new 
insight  into  the  mechanisms  governing 
continual  learning  performance.  A  control 
experiment  showed  that  the  superior 
performance  of  Dynamic  FC  does  not  arise 
simply from increasing model capacity. Rather, 
it is the partitioning of task representations into 
separate  output  neurons that  largely mitigates 
catastrophic  forgetting.  Furthermore, 
comparison of Fisher-important parameters with 
Range  Matrix-constrained  parameters 
demonstrated  that  the  two  methods  identify 
substantially  different  subsets  of  parameters 
despite  exhibiting  similar  performance  under 
Dynamic  FC  architectures.  These  findings 
suggest  that  network  architecture  can  exert  a 
greater  influence  on  continual  learning 
performance  than  the  choice  of  parameter 
regularization algorithm alone.

The  proposed  Range  Matrix  therefore 
contributes  both  a  novel  parameter 
regularization  framework  and  a  broader 
understanding  of  the  interaction  between 
parameter constraints and architectural design in 
continual  learning.  Future  work  should 
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investigate alternative strategies for aggregating 
Range Matrices to preserve long-term plasticity, 
evaluate the method on larger continual learning 
benchmarks, and explore whether architectural 
partitioning and parameter regularization can be 
jointly optimized to further reduce catastrophic 
forgetting.
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Appendix 1. Range Matrix derivation
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Appendix 2. Custom Range Matrix optimizer implementation

Appendix 3: Range Matrix Update implementation
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Appendix 3. Range Matrix update implementation

Appendix 4: Calculating the Range Matrix
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Appendix 4. Calculating the Range Matrix
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Appendix 5. Training protocol

Random seeds

42 1123581321 4815162342 7778889991 9021087654

Implementation details

Epochs Optimizer lr Batch 
Size

LR Scheduler Stopping 
criterion

Range 
Matrix 200

Range Matrix (See section 3.4 
& Appendix 2) 1x10-2 128

Multi-step Learning Rate Decay (Decay 
factor 0.1, milestones [100,175])

Fixed epochs

EWC
200

SGD (momentum 0.9, weight 
decay 2e-4) 1x10-3 128

Multi-step Learning Rate Decay (Decay 
factor 0.1, milestones [100,175])

Fixed epochs


