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Abstract: Catastrophic forgetting remains a key challenge in continual transfer learning, where
a model’s performance on earlier tasks degrades after sequential adaptation to a new task.
While full fine-tuning updates all parameters and may achieve robust performance on the new
task, it is computationally expensive and prone to true forgetting. In this work, we compare
prominent parameter-efficient fine-tuning (PEFT) strategies, namely, adapters, additive
learning, side-tuning, LoRA, and zero-initialized layers, against full fine-tuning on CIFAR-100
using a two-stage sequential protocol with a fixed class split: task-A (classes 0-49) followed by
task-B (classes 50-99), evaluated on both Resnet-18 and Resnet-50. We report mean + standard
deviation over three independent runs (n = 3) and quantify retention using a Swapback-based
recall procedure that separates apparent forgetting from true forgetting (A).Across both
backbones, all PEFT methods preserve task-A knowledge with A = 0.00, whereas full fine-
tuning shows non-zero true forgetting (A = 0.31 on Resnet-18 and A = 0.20 on Resnet-50).
PEFT achieves competitive task-B performance while training only 0.22-4.49% of the
parameters (versus 100% for full fine-tuning). Notably, on Resnet-50, LoRA attains the best
task-B accuracy (Accg= 0.82) while updating 0.93% parameters and maintaining zero
forgetting, slightly outperforming full fine-tuning (Accp= 0.81). These results show that PEFT
methods provide a favorable accuracy—efficiency—stability trade-off and can outperform full
fine-tuning in deeper architectures, making them strong candidates for scalable continual
transfer learning.
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1. Introduction

Transfer learning is one of the dominant approaches in modern machine learning, enabling pre-trained
models to be adapted efficiently to new related domains or sub-tasks[1], [2]. In conventional transfer
learning, a large-scale deep learning model trained on a source dataset is fine-tuned on a target dataset,
often yield superior performance compared to training from scratch. However, when tasks arrive
sequentially, the problem extends beyond transfer learning into the domain of continual learning,
where a model must acquire new knowledge without forgetting the previously learned information[3],
[4]. This sequential continual learning paradigm introduces the well-known challenge of catastrophic
forgetting[5], [6]. Here, performance on earlier tasks significantly deteriorates as the model adapts to
later tasks.

In continual learning, several families of methods have been explored to mitigate catastrophic
forgetting, including rehearsal-based approaches (storing and replaying prior samples, or using
generative replay), regularization-based approaches (penalizing changes to parameters deemed
important for earlier tasks), and architecture-based methods (expanding capacity or isolating task-
specific components to reduce interference) [7], [8], [9], [10]. While these baselines are well studied,
they often impose added memory, computing, or system-level complexity, which can be undesirable in
practical transfer and deployment pipelines.

Parameter-efficient fine-tuning (PEFT) offers an attractive alternative. Its methods are developed
primarily in the context of transfer learning aimed at reducing the cost of adapting large backbones, by
keeping most parameters frozen and training only lightweight modules (e.g., adapters, side-tuning
blocks) or structured low-rank updates (e.g., LoRA)[11], [12], [13]. These techniques have been
comparatively under-explored in continual settings where retaining task-A knowledge after learning
task-B is a first-class requirement. In this paper, we study PEFT from a continual-learning perspective,
highlighting its dual potential: (i) substantially reducing the number of trainable parameters and
training cost, and (ii) mitigating catastrophic forgetting by constraining updates and/or isolating task-
specific adaptations.

We provide a controlled comparison of multiple PEFT strategies under a two-stage continual
transfer protocol, and we evaluate knowledge retention using a swapback-based recall analysis that
separates apparent forgetting from true forgetting (A). Unlike common evaluations that report only
post-training accuracy, our analyses directly test whether task-A knowledge is preserved after
sequential adaptation.

The work compares five PEFT strategies, namely, adapters, additive learning, side-tuning, LoRA,
and zero-initialized layers against full fine-tuning on CIFAR-100, using a fixed sequential split: task-A
(classes 0-49) followed by task-B (classes 50-99). Experiments are conducted on Resnet-18 and
Resnet-50[14]. The comparison is structured along three key dimensions: (i) susceptibility to
catastrophic forgetting, (ii) computational efficiency in terms of trainable parameters, and (iii)
accuracy on the subsequent task (task-B). The objective is to quantify the trade-offs between
efficiency and performance across different PEFT methods and to demonstrate their superiority over
full fine-tuning in a continual learning environment.

We report mean =+ standard deviation over three runs and evaluate task-A accuracy before task-B

training (Accjef T¢), task-A accuracy after task-B without recall alignment (Acc}®"), task-A recall

accuracy after Swapback (Acci®?!), apparent forgetting, true forgetting (A), and task-B accuracy
(Accp). Efficiency is reported via trainable parameter counts and percentages. This work is guided by
the following hypotheses:
e HI1: PEFT approaches avoid catastrophic forgetting, keeping task-A information while
adapting to task-B.
e H2: PEFT techniques show trade-offs between parameter efficiency and task-B accuracy.
¢ H3: Full fine-tuning is parameter-inefficient and prone to catastrophic forgetting.
e H4: PEFT methods can surpass full fine-tuning in efficiency and, in deeper backbones, even
in task-B accuracy, making them strong candidates for continual transfer learning.
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1.1 PEFT Strategies

1.1.1 Adapters

Adapters were introduced by Houls by et al. as a PEFT approach in natural language processing
(NLP)[15]. Instead of updating all model weights, small bottleneck modules are inserted within
transformer layers. In adapter tuning, the pre-trained weights ware kept frozen, and a small set of new
parameters v are introduced. The modified function is expressed by Equation 1.

fww () = £, () + g, (x) (1)

Here, f,, (x) represents the original pretrained model, and g,,(x)denotes the adapter module with
trainable parameters v. At initialization, g,(x)~ 0, ensuring that the new function behaves like the
original model. During fine-tuning, only the adapter parameters vare updated, while w remains
unchanged. Following the original work, a range of adapter designs were proposed, including parallel
adapters, adapter fusion for multi-task learning, and adapters for continual learning. In each case, the
aim was to adapt large language models to new tasks or domains while minimizing catastrophic
forgetting and computational overhead. Inspired by their success in NLP, adapters were extended to
vision backbones such as Vision Transformers (ViTs)[16] and Contrastive Language—Image Pre-
training (CLIP) [17]. In generative modeling, adapter-style modules (e.g., T2I-Adapter) have been
employed to condition pre-trained diffusion models like stable diffusion on additional inputs such as
depth maps, sketches, or segmentation masks. In these cases, the adapters serve as lightweight
conditioning pathways that can be fine-tuned without touching the main diffusion backbone, enabling
domain- or style-specific control.

1.1.2  Additive Learning

The Additive Learning strategy works by attaching new trainable components and parameters (e.g.,
masks, pruning modules, or attention heads) outside the original network while keeping the base
model frozen. Unlike adapter modules, which are inserted inside existing layers of the network and
rely on predefined insertion points inside the architecture, additive learning operates externally,
making it more flexible in terms of extending a model to multiple tasks. Mathematically, if the pre-
trained model is represented asf, (x)where w is the frozen parameters, then Additive Learning
modifies the output by Equation 2.

fw,v(x) = fw(x) + hv(x) (2)

Here, f,, (x) is the frozenbase model, h,(x) is the additive module with trainable parameters v,
fw»(x) is the extended model that combines both. At initialization, h,(x)~ 0, ensuring the behaviour
of the new model is initially aligned with the pretrained network. During training, only v is updated,
while w remains unchanged.

In computer vision, piggyback is a classic additive learning method. It adapts the base frozen
network to new tasks by learning binary masks externally that selectively activate pre-trained weights.
This avoids catastrophic forgetting and enables multi-task reuse[18]. One more recent example is Self-
Masking Networks (SMNs) which train binary masks in a self-supervised manner to adapt to new
domain with limited labeled data[19]. In the domain of generative models, particularly diffusion
models, SaRA (Sparsity-Aware Reuse Adaptation) applies additive learning which focuses on reusing
weights that were previously inactive by using sparse weight mask[20]. This strategy is particularly
advantageous in multi-task learning, since multiple additive modules can be attached for different
tasks without interfering with the base model or with each other, providing a scalable and parameter-
efficient alternative to full fine-tuning. However, this incurs storage overhead, as new masks or
modules are required per task.

02602020-03



1.1.3  Side-Tuning
Side-Tuning is a light-weight method that changes a base model by adding and training a distinct side
network, while keeping the original pre-trained model the same[21]. During prediction, the outputs of
the base network and the side network are linearly combined through a weighted summation by
Equation 3.

f(x)=aB(x)+ (1 - ax)S(x) 3)

Here, B(x) is an output of the frozen base model, S(x) is the output of the side network
(trainable),ais the mixing coefficient (0 < a < 1) that controls the contribution of each network, and
f (x) is the final prediction after combining both outputs.

Although side-tuning preserves pre-trained knowledge and prevents forgetting, it requires an
additional network leading to an extra inference cost. It was initially adopted in NLP for a question
answering task with BERT as base model[22]. The study extended the idea by using hierarchical
(ladder-like) side networks that receive intermediate activations as input by building shortcut
connections (called ladders) from the network of base models. The study shows a reduction in the
memory requirements during training by substantial amounts.

1.1.4  Low-Rank Adaptation (LoRA)
LoRA injects the trainable rank decomposition matrices into the backbone architecture[14], [23]. The
weight update in a neural network is approximated as the product of two low-rank matrices by
Equation 4.

AW = AxBT, with rank r<d @)

Here, A and B represent the trainable matrices, 7 is the rank, chosen to be much smaller than the
original dimension d and W is the weight matrix of the pre-trained model which remains frozen.
This requires training of less than 1% of the parameters as compared to full fine-tuning. This makes it
possible for individuals and labs with limited resources (e.g., using a single GPU) to adapt large
models such as GPT-3 for chatbots and domain-specific tasks. LoRA is later extended to Vision
Transformers (ViTs) and multimodal LLaMA variants (e.g., LLaVA, LLaMA-adapted for Vision +
Language)[24]. This approach has proved especially useful for tasks like image captioning, visual
question answering, and multimodal reasoning. In generative Al, stable diffusion models are widely
adopted using LoRA. Artists and developers can use LoRA adapters to personalize diffusion models,
e.g., training a LoRA on just a few images of a person, style, or object, then plugging it into stable
diffusion to generate personalized outputs. This has become a community standard because it is much
faster and lighter than training or fine-tuning the full diffusion model.

1.1.5 Zero-Initialized Layers

ZIL is a PEFT technique where new task-specific layers are added to a pre-trained model. The
parameters are initialized to zero at the start of training. The pre-trained model’s weights remain
frozen. Since the added layers begin at zero, the model initially behaves exactly like the base model.
During fine-tuning, only the =zero-initialized layers learn task-specific adaptations, avoiding
interference with the original pre-trained knowledge. Let f{x, W) represent the frozen pré-trained model
with parameters W.A zero-initialized layer introduces a residual update AW(x, 6), where 6 isa new
trainable parameter initialized at zero. The relationship is shown in Equation 5[25].

y=fW)+ AW (x, 0) )

Here f(x,W) is the output of the frozen pre-trained model with parameters W,AW(x, 6), is the task-
specific update learned from scratch, and 6 = 0 at initialization sets the new parameters to zero. So, the
model initially behaves exactly like the pre-trained model.

The study proposed a zero-initialized attention mechanism and a gating factor in the LLaMA model
for instruction and prompt tuning to control the importance of word tokens. Stable diffusion and other
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large diffusion models commonly use Zero-Convolution (ZeroConv) layers in their LORA extensions.
These are convolutional layers with zero initialization that adapt features for new styles or domains
without disrupting the pretrained generative ability. For example, in ControlNet, the base model and
the trainable part are bridged through ZeroConv layers to ensure that noise in the downstream task
does not affect the pre-trained features.

2. Methods

2.1 Data Preparation

CIFAR-100 is used as a benchmark dataset to study the catastrophic forgetting in PEFT strategies for
computer vision tasks. The dataset consists of 60,000 color images (32%32 resolution) across 100
classes, with 500 training and 100 test samples per class. To construct a two-task continual-learning
setting, we partition the label space into two disjoint tasks, i.e., task-A comprising classes 0-49 and
task-B comprising classes 50-99. This split yields two related yet mutually exclusive classification
problems, enabling a direct evaluation of forgetting when the model is trained sequentially across
tasks. Each task contains 30,000 images in total. For each task, we follow the official dataset splits by
restricting the original training and testing sets to the task’s classes. Finally, for each task, the size of
the training and testing datasets are 25000 and 5000 images respectively. All images are normalized
using the mean and standard deviation statistics of ImageNet.

2.2. Replication of PEFT Approaches
To ensure a fair and reproducible comparison, we replicate five discussed PEFT strategies, i.e.,
adapters, LoRA, additive learning, side-tuning, and zero-initialized residuals. In all cases, the pre-
trained backbone of Resnet-18 and Resnet-50 were kept frozen, and only lightweight task-specific
modules were trained. The following subsections describe the replication details of each method in the
experiments.

Adapter: In our setup, the adapter operates in a feature space where given a backbone feature vector
x € RY, the adapter applies a bottleneck transformation that first compresses the representation to a
smaller dimension b = 64, then applies a nonlinearity, and finally projects it back to d. With a residual
connection, the adapted feature is given by Equation (6)

x'=x+ Wup-c(wdown‘X+bdown) + bup, (6)

where Waown€RY4, W,€ER¥®, 6(-) = ReLU("), and b = 64. For stable optimization, the down-
projection Wown is initialized using Kaiming initialization, while the up-projection W, (and its bias)
is zero-initialized. This ensures that at the beginning of task-B training, the adapter contributes nearly
zero (X' = x), so the network initially behaves exactly like the frozen backbone. During task-B
adaptation, only the adapter parameters and the task-B classifier head are updated. The output of the
bottleneck network (adapter module) is added to the original feature vector through a residual
connection, so the final representation becomes the sum of the original features and adapter features.
LoRA (Low-Rank Adaptation) — Low-rank adaptation (LoRA) means learning only the most
important directions of change instead of changing everything which introduces task-specific updates
in the weight space of neural network. For a linear layer with frozen weights, LORA parameterizes the
update asin Equation 7. Here AeR%ut* and BeR" *4in, A, and B are trainable. The factors a/r
controls the effective update magnitude. In our case, a=1 and AW=0 at the starting point.

« @)
W=W,+4W, AW = BAB,
Here, LoRA is inserted at two locations namely, convolutional blocks and task-B classifier head.
For the convolutional layers, each frozen 3x3 convolution is expanded with a low-rank branch as two

I1x1 convolutions. These are applied in an order, down projection (Cis-—t) and then up projection
(t—Cou). Then output becomesy = Convs s (x; Wy) + %/ Up(Down(x)).
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Additive Learning: Additive learning here is realized as a channel-wise learnable mask applied to
the frozen baseline feature vector. Let xeR<%, where d denotes the d-dimensional feature vector
extracted by the baseline (kept fixed during task-B). It introduces a trainable logit vector g eR%, and
converts it into a gating vector m €(0,1)%,using a sigmoid function, as m = sigmoid(g). The adapted
representation is obtained by element-wise modulation of the baseline features as x' = x (O m, where
© denotes element-wise multiplication. The logits are initially zero, which gives m = 0.5 for all
channels at the start of task-B training. During task-B adaptation, only the mask parameters g and the
task-B classifier head are updated, while the baseline remains frozen. This mechanism aims to learn
how much to “pass through” or “suppress” each feature channel for the new task, without changing the
backbone weights.

Side-Tuning: Side-tuning here adapts to task-B by training a small auxiliary network in parallel to
the frozen task-A classifier and then combining both predictions. Let xR%, be the feature vector
extracted by the frozen baseline. A task-A classifier head produces base logits asypase = frase (X),
where fpqse 18 the frozen linear classifier trained on task-A. In parallel, we train a lightweight side
network (SideNet), implemented as a two-layer MLP with one hidden layer of size h = 256, as yg;4. =
feige(x) = W2-ReLU(W1-x+bl)+b2,with W1eR™4, W2eR5°*4 The final task-B prediction is
obtained by convex combination of the two logit vectors as y = aypase + (1 — @)Ysige- In our case, o
is a mixing coefficient set to 0.5. This design preserves the previously learned decision boundaries via
frozen base head, while side-network learns task-specific adjustments.

Zero-Initalized layers: Zero-initialized layers here are used as a residual adaptation module that
starts with no effect on the frozen backbone features and gradually learns task-specific corrections
during task-B. In this work, we now introduce a small bottleneck MLP, denoted as g, and apply it
through a residual connection as x" = x + g(x). The residual branch g is defined as a two-layer MLP
with bottleneck size (b) of 64. Then, g(x) = W2-ReLU(W1x + b1) + b2,where W1eR?*¢ and
W2 eR%?. Here, the final projection (W2 and b2) is initialized to zero. Therefore, at the start of task-
B training, g(x) = 0 and the model behaves exactly like the frozen baseline (x’ = x).

2.3. Evaluation Metrics

We track multiple metrics to evaluate both adaptation and forgetting. Algorithm 1 in Figure 1 provides
a stepwise procedure for evaluating these metrics. Let Task-A (classes 0-49) be trained in Stage 1, and
Task-B (classes 50-99) be learned in Stage 2 using either full fine-tuning or a PEFT method. After

Stage 1, we compute the baseline Task-A accuracy, Accfef °"®which is before adapting to task-B.
Afterwards, we move to stage B and adapt the model on task-B (classes 50-99) using different PEFT
methods and full fine-tuning. After task-B training, we again evaluate the adapted model on the test set
of task-A, Accy®%.

A drop in accuracy is expected here because the model is configured with task-B modules and has
shifted its focus to the new classes. Thus, Accy°"reflects how much task-A ability seems to remain
after task-B training, but this drop may not represent true forgetting. To check whether task-A
knowledge is truly lost or only overshadowed, we apply a swapback procedure, where task-B specific
modules (e.g., new head, adapters, masks, side net) are temporarily removed and the original task-A

modules trained in stage A are reattached. The recovered accuracy, Acc;é“*!, indicates how much of

task-A knowledge can be restored. If Acci@is close to Accf;ef "¢ the drop in Acc}°is only

apparent forgetting; if it is much lower, then true forgetting has occurred. Finally, we quantify True
Forgetting (A) as the difference between Acc:ef °"®and Acc}¢ given by Equation 8.
A= Accfefore— Acciecalt ®)
In addition, we report the final task-B accuracy (Accg) and measure parameter efficiency in terms

of the number of trainable parameters during task-B training (Trainable Params B) and their ratio to
full fine-tuning (% Params).
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24. Experimental Setup

Our experiments follow a two-stage continual-learning algorithm given in Figure 1. Stage 1 (training
phase) trains the base model on task-A to learn initial visual representations. We use Resnet-18 and
Resnet-50as the backbone for all experiments. In Stage 1, full fine-tuning is applied to optimize all
backbone and head parameters on the first 50 classes, producing a task-A trained model. In the
algorithm, h*4 represents the final prediction layer trained for task-Aby mapping backbone features
totask-A labels (0-49).Stage 2 (adaptation phase) adapts the task-A trained model to task-B by reusing
the backbone and updating it using one of five parameter-efficient fine-tuning (PEFT) strategies, i.e.,
adapters, additive mask, side-tuning, zero-init, and LoRA. Each method is trained on the task-B
training split to learn the new 50 classes while aiming to preserve task-A knowledge and reduce
catastrophic forgetting. Here, h® is prediction layer for task-B and maps the same backbone features to
labels (50-99).To ensure fair comparison, we keep optimization settings identical across strategies:
Adam optimizer with learning rate 1x107* and batch size 128, using cross-entropy loss. We train for
10 epochs on task-A and 20 epochs on task-B. The longer task-B training is used because PEFT
updates only lightweight modules (rather than the full backbone), requiring additional iterations to
better adapt to the new task.

Input:

Task-A: D52, D2°%f Task-B: DEi", DLt

Backbone feature extractor (Resnet18, Resnet50): fs
Task-A head: h*, Task-B head: h®

PEFT module (adapter, LoRa, side-tuning etc): gg.
Epochs: E, (Task A}, Eg (Task B)

Metric: Accuracy ()

Output:
before new reeall
Acc, , Accg, Accy ™", Acc) s Aapp s Aerue

Stepwise Procedure

#Stage 1: Train Task A (full fine-tuning)
1. Train 8and h*on D™ for E, epochs (cross-entropy).
2. Acel®°7° = Accuracy (fs, h4; DE*SY) # Computing baseline Task-A acouracy.

3. 6, « fand hy « h? # Saving checkpoint for Swapback

#Stage 2: Adaptto Task B using PEFT (freeze backbone)
4. Restore & « &, and freeze &.
Initialize Task-B head h¥ and PEFT parameters 4 in 2

5.
6. Trainonly ¢ and h® on DF % for Eg epochs.
7. Acecg =Accuracy (fz, 94, R4, D%} #Computing Task-B accuracy.

#Stage 3: Accuracy on Task-A after Task-B training (No Swapback)
8. Accy® =Accuracy (fz, 9. h¥; DE*%) # used the Task-A head (h*), not (k)

9. A =max(0, Aecfore

” — Accj°") #calculating apparent forgetting

app

#Stage 4: Accuracy on Task-A after Task-B training (with Swapback)
10. 8 = 84, hy = h3""*? #restoring parameters
1. Accfeo® = pccuracy (fy + b, D7)

12, Ayye=max (0, Accfé’fws — AccRe°®!) gealculating true forgetting

Figure 1. Two-Stage Training with Swapback Recall Procedure
3. Results and Discussion

We evaluated continual learning on CIFAR-100 using a fixed class split: task-A (classes 0—49)
followed by task-B (classes 50-99). For each backbone (Resnet-18 and Resnet-50), we reported the
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mean + standard deviation over three independent runs for the following metrics: task-A accuracy
before task-B training (Acc‘f;e]c "), task-A accuracy after task-B training without recall alignment
(Accio%), task-A recall accuracy after Swapback (Acchéc*!), apparent forgetting, true forgetting (A),

and task-B accuracy (Accg). In addition, we report efficiency measures for PEFT strategies, including

the number of trainable parameters and the percentage of trainable parameters.

Table 1.Continual learning results on (Resnet-18) across fine-tuning strategies with Mean + Std (n = 3)

Strategy A chef ore Acc®” Accﬁeca” Apparent True Accpg

4 (no swap) (swapback) Forgetting Forgetting (A)
Side- 0.78£0.002  0.01 £0.001 0.78+0.002 0.76 £0.003 0.00 £ 0.000 0.63 = 0.002
Tuning
Additive 0.78+0.002  0.01 £0.003 0.78+£0.002 0.77+0.006 0.00 =+ 0.000 0.64 = 0.003
Learning
Zero-Init 0.78+0.002  0.01 £0.002 0.78+£0.002 0.76 +£0.001 0.00 = 0.000 0.63 +0.007
Adapters 0.78+0.002  0.01 £0.004 0.78+£0.002 0.76 +£0.002 0.00 = 0.000 0.63 +0.003
LoRA 0.78+0.002  0.01 £0.002 0.78+£0.002 0.77+0.003 0.00 = 0.000 0.68 +0.003
Full Fine- 0.78 £0.002  0.01 £0.004 0.46+0.012 0.77+0.006 0.31 £0.012 0.77 = 0.003
Tuning

Table 2.Continual learning results on (Resnet-50) across fine-tuning strategies with Mean + Std (n = 3)

Strategy A chef ore  Acch®(no Accﬁeca”(s Apparent True Accg

A swap) wapback) Forgetting f Ao)rgetting
Side- 0.81£0.009 0.01+0.003 0.81+0.009 0.80+0.011 0.00+0.000 0.78 +0.008
Tuning
Additive  0.81+0.009 0.01+0.002 0.81+0.009 0.80+0.010  0.00+0.000 0.80+0.007
Learning
Zero-Init  0.81 £0.009 0.01£0.002 0.81+£0.009 0.80+£0.009 0.00+0.000 0.77 +0.005
Adapters 0.81 £0.009 0.01+0.002 0.81+£0.009 0.80+0.008 0.00+0.000 0.78 £0.003
LoRA 0.81£0.009 0.01+0.003 0.81+0.009 0.80+0.013  0.00+0.000 0.82 4+ 0.005
Full 0.81£0.009 0.01+0.002 0.61+0.002 0.80+0.009 0.20+0.009 0.81+0.002
Fine-
Tuning
3.1. Catastrophic Forgetting

As shown in Table 1 and Table 2, across both backbones (Resnet-18 and Resnet-50), all PEFT
strategies (Side-Tuning, Additive Learning, Zero-Init, Adapters, LoRA) avoided -catastrophic

forgetting. Unlike apparent forgetting (Accfef oTe_ Acc}o%), true forgetting (Accfef oTe_ Acciecalt)
measures the actual loss of task-A knowledge when model configurations are aligned with task-A after
fine-tuning on task-B .Without applying the Swapback or recall mechanism, all the parameter-efficient
strategies (SideNet, additive learning, zero-init, adapters, LoRA) show near-complete forgetting on
task-A (Accy®"~1%, apparent forgetting ~ 0.81). However, once Swapback is applied, they fully
restore task-A accuracy, reducing true forgetting (A) to ~0. This demonstrated that PEFT strategies are
resistant to catastrophic forgetting. In contrast, full fine-tuning exhibits substantial true forgetting
on both backbones (Resnet-18: A ~ 0.314 and Resnet-50: A ~ 0.197), i.e., even after recall
alignment, task-A performance remains significantly below the pretask-B level.

3.2. Accuracy on task-B

In this section, we evaluatedthe performance of different PEFT strategies on task-B together with the
percentage of trainable parameters required to achieve this performance. Tables 3 and 4 report the
trainable parameter statistics for Resnet-50 and Resnet-18, respectively. It is important to note that a
lower percentage of trainable parameters generally leads to faster training and improved efficiency.
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As shown in Table 3, all PEFT strategies demonstrate strong task-B performance on the deeper
Resnet-50 architecture while effectively mitigating catastrophic forgetting. In particular, LoRA
achieves the highest task-B accuracy (Accg= 0.82), slightly outperforming full fine-tuning (Accg=
0.81), while updating less than 1% of the model parameters and exhibiting zero true forgetting.
Additive learning and side-tuning also achieve competitive task-B accuracies, reaching up to 0.80 and
0.78, respectively, while requiring only 0.41% and 4.49% of the parameters to be trained. In contrast,
full fine-tuning updates all model parameters, suffer from measurable true forgetting, and do not
provide a consistent advantage in task-B performance. This highlights an unfavourable trade-off
between accuracy, stability, and computational cost for deeper architectures.

For the shallower Resnet-18 architecture, full fine-tuning achieves the highest task-B accuracy
(Accg= 0.77); however, this improvement comes at the cost of substantial true forgetting (A = 0.31).
In comparison, all PEFT strategies preserved task-A performance with zero true forgetting, while
achieving moderate task-B accuracies in the range of 0.63-0.68. Among these, LoORA again provides
the best performance, demonstrating the most favourable balance between accuracy and efficiency.

Table 3. Percentage of trainable parameters in PEFT and Full Fine-tuning - Resnet-50

Strategy Side- Additive Zero- Adapters LoRA Full FT
Tuning Learning Init

Trainable parameter 1,153,330 104,498 366,706 366,706 237,618 25,651,802
count
Trainable Params 4.49 0.41 1.43 1.43 0.93 100
(%)

Table 4. Percentage of trainable parameters in PEFT and Full Fine-tuning - Resnet-18
Strategy Side- Additive Zero- Adapters LoRA Full FT

Tuning Learning Init

Trainable parameter 288,562 26,162 91,762 91,762 52,786 11,707,482
count
Trainable Params (%) 2.47 0.22 0.78 0.78 0.45 100

Table 5 summarizes the overall results across both backbones. Notably, LoRA with Resnet-50
achieves the best task-B performance with zero forgetting and only 0.93% trainable parameters. Taken
together, these results indicate that as model depth increases, PEFT strategies shift the trade-off
frontier, enabling high task-B accuracy, strong parameter efficiency, and complete knowledge
retention simultaneously, an outcome that full fine-tuning fails to achieve.

Table 5. Summary of the results

Backbone Method Params (%) Accg A

R18 Best PEFT (LoRA) 0.45 0.68 0.00
R18 Full FT 100 0.77 0.31
R50 Best PEFT (LoRA) 0.93 0.82 0.00
R50 ~Full FT 100 - 0.81 - 0.20

3.3 Hypothesis Validation

Findings of the experiments strongly support all four hypotheses:

Support for H1: This hypothesis is strongly supported by the experimental results. All PEFT
approaches exhibit no significant forgetting (A = 0.00) in both Resnet-18 and Resnet-50 architectures,
indicating that task-A knowledge is entirely retained. In contrast, full fine-tuning consistently shows
non-zero true forgetting, with approximately 20% forgetting for Resnet-50 and 31% for Resnet-18.
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These findings confirm that the PEFT method effectively prevents catastrophic forgetting while still
enabling successful adaptation to task-B.

Support for H2: The second hypothesis, indicating that different PEFT approaches exhibit trade-
offs between accuracy and parameter efficiency, is unequivocally supported by the data. Additive
learning is the most parameter-efficient approach, requiring about 0.22 to 0.41% of trainable
parameters while achieving commendable task-B accuracy (around 0.64 on Resnet-18 and roughly
0.80 on Resnet-50).In comparison, LoRA achieves the best task-B accuracy (=0.68 on Resnet-18 and
~0.82 on Resnet-50) with a slightly higher parameter update budget (0.45-0.93%). These results
highlight a favorable balance between accuracy and parameter efficiency. In contrast, zero-init, side-
tuning, and adapters require a larger fraction of trainable parameters (=0.78—4.49%) while yielding
moderate task-B performance in the range of 0.63—0.78.This analysis provides a practical basis for
selecting PEFT methods under different constraints. For example, when memory is limited, additive
learning proves to be highly efficient and maintains accuracy effectively. LoRA is superior at
achieving the most precise task-B outcomes without much fine-tuning.

Support for H3: The third hypothesis posits that comprehensive fine-tuning is both parameter-
inefficient and prone to induce catastrophic amnesia. The most costly method was complete fine-
tuning, which entailed modifying all parameters. It also exhibited the issue of catastrophic amnesia.
This demonstrates its inefficiency regarding parameter utilization and knowledge retention.

Support for H4: The findings provide significant corroboration for Hypothesis 4, particularly with
the utilization of the more advanced Resnet-50 backbone. LoRA demonstrates superior accuracy and
efficiency compared to comprehensive fine-tuning. It gets a higher task-B accuracy (Accg= 0.82) than
full fine-tuning (Accg= 0.81) while only changing 0.93% of the parameters instead of 100% of them.
LoRA has no actual forgetting (A = 0.00), which is an important difference from full fine-tuning,
which has measurable forgetting (A = 0.20). This shows that PEFT can help the model generalize
better to the new task while keeping what it learned before and at a far lesser cost.

4, Conclusion

This work shows that parameter-efficient fine-tuning (PEFT) is an effective alternative to full fine-
tuning in continual learning. A comprehensive comparison of adapters, additive learning, side-tuning,
LoRA, and zero-initialized residual layers elucidates their benefits regarding catastrophic forgetting,
computing efficiency, and task-B performance. All PEFT methods substantially reduced forgetting,
whereas full fine-tuning lost nearly 37% accuracy on task-A. By updating fewer than 2% of Resnet-50
parameters, PEFT techniques achieved equivalent or greater task-B accuracy with much lower
computing cost. Additive learning produced the best parameter efficiency (75% with 0.41%), zero-init
achieved the highest task-B accuracy (76% with 1.41% trainable parameters), and adapters/side-tuning
supplied balanced performance. In comparison, LoRA demonstrates poorer accuracy despite excellent
parameter efficiency, with full fine-tuning updating all parameters while attaining just 53% accuracy.
No single PEFT approach prevails across all criteria. The option relies on the intended accuracy-
efficiency trade-off. Future work will explore broader benchmarks and hybrid PEFT techniques to
further increase scalability and performance.
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