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Abstract

Low-Rank Adaptation (LoRA) is widely used
for fine-tuning large language models, but
suffers from catastrophic forgetting. Exist-
ing continual learning methods mitigate this
by estimating per-parameter importance inde-
pendently. However, this assumption breaks
down under LoRA’s factorization ∆W = BA:
infinitely many pairs (B,A) yield the same
weight update, making importance scores on
A and B separately unreliable. We propose
HLoRA, which computes path-integral impor-
tance in the combined weight update space,
bypassing the unreliable separate estimation
on A and B. HLoRA applies hierarchical reg-
ularization at two levels: element-wise con-
straints preserve parameters critical for general
knowledge, and layer-wise coefficients adapt
regularization strength based on each layer’s
aggregate importance. Experiments on scien-
tific, medical, and physical tasks using GPT-
J and LLaMA-3 show that HLoRA mitigates
catastrophic forgetting while enhancing adapt-
ability, running approximately 20x faster and
requiring only 10%–15% of the storage com-
pared to prior methods. Code is released on
https://github.com/season1blue/HLoRA.

1 Introduction

Large Language Models (LLMs) are pretrained
on large and diverse corpora, giving them broad
general capabilities in reasoning, language under-
standing, and world knowledge (Wang and Komat-
suzaki, 2021; Touvron et al., 2023b; OpenAI, 2024).
However, applying LLMs to specialized domains
often requires fine-tuning on domain-specific data.
Low-Rank Adaptation (LoRA) (Hu et al., 2022)
is now the most widely used parameter-efficient
fine-tuning method, updating only low-rank ma-
trices B and A while keeping pretrained weights
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Figure 1: Dilemmas faced by traditional LoRA in miti-
gating catastrophic forgetting via regularization meth-
ods and our solutions.

frozen. Despite its efficiency, LoRA does not pre-
vent catastrophic forgetting (Kirkpatrick et al.,
2017; Kemker et al., 2018; Shao and Feng, 2022;
Ren et al., 2025). Catastrophic forgetting refers to
the phenomenon where a model, during fine-tuning,
loses or overwrites knowledge learned during pre-
training. This issue poses a severe limitation on
the broader applicability of LLMs. A fixed data
composition and format in fine-tuning further wors-
ens this forgetting: on domain tasks, the model
lacks the general reasoning and background knowl-
edge needed to produce smooth, well-connected
answers; on general tasks, it may even fail to an-
swer questions it could handle before.

As shown in Figure 1, regularization-based con-
tinual learning methods such as EWC (Kirkpatrick
et al., 2017) and SI (Zenke et al., 2017) address for-
getting by measuring how important each param-
eter is and penalizing changes to important ones.
These methods work well in standard neural net-
works where each parameter can be treated inde-
pendently. However, they do not work correctly
with LoRA: the actual weight update ∆W = BA
lives on a low-rank manifold, not a flat parame-

25301

https://github.com/season1blue/HLoRA


ter space. For any orthogonal matrix R, the pairs
(B,A) and (BR,R−1A) produce the same ∆W ,
but importance scores computed on A and B sep-
arately would give different results. This means
importance estimation on the factored matrices is
unreliable, as it depends on the specific factoriza-
tion rather than the true contribution to model be-
havior.

This creates a specific challenge for mitigating
forgetting in LoRA fine-tuning. A suitable method
should protect the parts of the update that are im-
portant for general knowledge, but the importance
should be measured in the combined update space
∆W , not separately on A and B. It should also
keep the low cost of LoRA, since expensive impor-
tance computation would reduce the practical value
of parameter-efficient tuning. However, existing
methods do not satisfy these requirements. EW-
CLoRA (Zheng et al., 2026) computes the Fisher
Information Matrix over LoRA parameters, but it
still estimates importance in the factored space and
therefore suffers from the same factorization issue.
It is also expensive: for GPT-J-6B, computing the
Fisher matrix takes 22 hours on an A800 GPU and
requires 23GB of storage, with costs growing for
larger models.

We propose HLoRA (Hierarchical Low-Rank
Adaptation), which solves this problem by comput-
ing parameter importance in the combined param-
eter space ∆W = BA, where the actual weight
update lives, instead of on A and B separately. Our
main idea is to reformulate path integrals over the
combined weight update, producing importance
scores that reflect the actual contribution of each
weight element to loss reduction, rather than de-
pending on the arbitrary factorization of B and A.
Based on this importance estimation, HLoRA ap-
plies regularization at two levels. At the element
level, importance scores from the combined space
control how much each parameter can change: im-
portant parameters are kept close to their general-
task values, while less important ones are free to
adapt. At the layer level, we observe that different
layers play different roles. Some layers store gen-
eral linguistic knowledge while others handle task-
specific patterns. We use the total importance of
each layer to adjust regularization strength, so that
layers critical for general knowledge are strongly
protected while other layers can adapt more freely.

Through extensive experiments on scientific,
physical, and medical tasks using LLMs (GPT-J
and LLaMA-3), we demonstrate that our frame-

work achieves state-of-the-art performance, mit-
igating catastrophic forgetting while enhancing
LLM adaptability. To maintain general capabilities,
it is essential to identify and quantify the impor-
tance of various parameters that contribute to these
capabilities. The computation of parameter im-
portance is typically time-consuming, and storing
the associated weights requires substantial memory
resources. Our experimental results demonstrate
that our method is nearly 20 times faster and re-
quires only 10%∼15% of the storage memory
compared to the previous method, demonstrating
the practicality of our approach. Our contributions
are as follows:

• We identify a fundamental incompatibility be-
tween per-parameter importance estimation
and LoRA’s low-rank factorization: impor-
tance scores computed on A and B separately
are not invariant to reparameterization. We
resolve this by deriving path-integral impor-
tance in the combined space.

• We propose the element-wise and layer-wise
importance metrics to dynamically adjust pa-
rameter updates, preserving critical general
knowledge while allowing domain-specific ex-
pertise to be learned effectively.

• Our method achieves state-of-the-art perfor-
mance across multiple datasets using main-
stream backbone LLMs. It significantly re-
duces computational time (20x faster) and
storage (10%∼15%) for parameter impor-
tance estimation compared to prior methods.

2 Related Work

Continual Learning Regularization-based meth-
ods mitigate catastrophic forgetting by constrain-
ing updates to parameters important for previous
tasks. EWC (Kirkpatrick et al., 2017) estimates
importance using the diagonal Fisher Information
Matrix, SI (Zenke et al., 2017) accumulates each
parameter’s contribution to loss reduction along the
optimization trajectory, and MAS (Aljundi et al.,
2018) measures importance by the gradient magni-
tude of model outputs with respect to parameters.
These methods share a common assumption: im-
portance is computed in a flat parameter space,
where each trainable parameter independently af-
fects the model output. While this is suitable for
standard neural networks, it becomes problematic
for low-rank reparameterization methods such as

25302



LoRA (Hu et al., 2022). In LoRA, the effective
update δ = BA is a bilinear function of two factor
matrices, making the importance of any element
in A or B inherently dependent on the other fac-
tor. Other continual learning paradigms include
architecture-based methods (Wu et al., 2024; Wang
et al., 2023a, 2022; Chen et al., 2022), replay-based
methods (Jin et al., 2022; Liu et al., 2021; Qin et al.,
2022; Bai et al., 2022), and distillation-based meth-
ods (Li and Hoiem, 2017; Cao et al., 2021; Shao
and Feng, 2022; Gu et al., 2022; Qin and Joty,
2021). Although effective in certain settings, they
either introduce substantial storage/computation
overhead or are orthogonal to the importance esti-
mation problem addressed in this work.

Catastrophic Forgetting in LoRA Fine-Tuning
LoRA (Hu et al., 2022) is widely used for
parameter-efficient adaptation of LLMs (Touvron
et al., 2023a,b) due to its low training and stor-
age cost (Zhang et al., 2023). However, sequential
LoRA fine-tuning still suffers from catastrophic
forgetting. Prior studies have compared LoRA
with full fine-tuning in terms of knowledge reten-
tion (Biderman et al., 2024) and analyzed forget-
ting through the lens of intruder dimensions in
the weight spectrum (Shuttleworth et al., 2024).
Several methods attempt to mitigate forgetting
in LoRA. LoRAMoE (Dou et al., 2023) sepa-
rates knowledge through multiple LoRA experts,
CLoRA (Lu et al., 2025) constrains updates via
subspace regularization, and O-LoRA (Wang et al.,
2023b) modifies the adapter structure to reduce
task interference. However, these methods do not
directly address parameter importance estimation
under low-rank factorization: LoRAMoE relies on
architectural separation, CLoRA applies uniform
directional constraints, and O-LoRA redesigns the
adapter without quantifying per-parameter impor-
tance. To our knowledge, no prior work recon-
ciles per-element importance estimation, as used in
EWC, SI, and MAS, with the factored parameter
space of LoRA. Since the effective update δ = BA
couples the two factors, independent importance
scores on A or B are semantically unreliable. Our
work fills this gap by estimating importance di-
rectly in the merged weight space while remaining
compatible with LoRA’s low-rank structure.

3 Methodology

Regularization-based continual learning methods
estimate the importance of each parameter and pe-

nalize modifications to critical ones during subse-
quent training (Zenke et al., 2017; Kirkpatrick et al.,
2017; Aljundi et al., 2018). These methods share a
core assumption: each trainable parameter indepen-
dently contributes to the loss, so importance can
be estimated per parameter. This assumption holds
for standard neural networks where each weight is
directly optimized. However, LoRA introduces a
low-rank factorization δ = BA where the trainable
parameters A and B are coupled through matrix
multiplication. We show that this structural dif-
ference renders naive per-parameter importance
estimation ill-defined, and derive a principled so-
lution that operates in the combined weight update
space.

As shown in Figure 2, our framework consists of
two phases: (1) recording element-wise parameter
importance in the combined space ∆W = BA
during general task α training, and (2) applying
hierarchical regularization, both element-wise and
layer-wise, during domain task β fine-tuning.

3.1 Why Per-Parameter Importance Fails for
LoRA

Consider applying a standard importance estima-
tion method (e.g., SI (Zenke et al., 2017) or
EWC (Kirkpatrick et al., 2017)) directly to the
LoRA matrices A and B. Such methods would
compute separate importance scores ΩA

i for each
element of A and ΩB

j for each element of B. For
EWC, this means computing the diagonal Fisher
information matrix on the elements of A and B
independently; for SI, this means accumulating the
path integral along each element’s individual tra-
jectory.

This approach has a fundamental flaw rooted in
the non-uniqueness of the low-rank factorization.
For any invertible matrix R ∈ Rr×r, the transfor-
mation B′ = BR, A′ = R−1A yields the same
effective weight update:

B′A′ = BR ·R−1A = BA = δ (1)

However, the per-element importance scores com-
puted on A′ and B′ generally differ from those
computed on A and B, because the individual ele-
ments have changed despite the product remaining
identical. This means that importance estimation
on the factored parameters is not invariant to repa-
rameterization. The same effective model behavior
can yield arbitrarily different importance scores
depending on the particular factorization.
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Figure 2: Overview of HLoRA: adaptive constraint combining element-wise and layer-wise importance to preserve
the capabilities from the α task while learning new abilities for the β task.

This inconsistency is not merely theoretical.
During training, the optimizer trajectory through
(B,A) space does not uniquely determine which
individual elements of A or B are “important” for
the effective update δ = BA. A single element
of B may appear to contribute significantly to loss
reduction, but this contribution is inseparable from
the corresponding row of A that it multiplies. Con-
straining individual elements of A and B based on
such scores can therefore both over-constrain unim-
portant directions and under-constrain important
ones, leading to suboptimal preservation of general
knowledge.

3.2 Importance Estimation in the Combined
Space

To resolve this inconsistency, we estimate im-
portance directly on the effective weight update
δ = BA rather than on A and B separately. This
ensures that importance scores reflect the actual
contribution of each weight perturbation to loss
reduction, independent of the particular low-rank
factorization. The key idea is to track how each
element of the combined parameter θ = θ0 +BA
contributes to reducing the task loss along the entire
training trajectory.

Path integral formulation. Following the path
integral framework (Zenke et al., 2017), the change
in loss during task α training from time t0 to t1 can

be decomposed as a sum of per-parameter contribu-
tions by integrating the gradient along the parame-
ter trajectory:

L(θt1)− L(θt0) =
∑︂

i

∫︂ t1

t0

g(θi(t)) θ
′
i(t) dt (2)

where g(θi(t)) = ∂L
∂θi

is the gradient of the loss
with respect to parameter i and θ′i(t) =

∂θi
∂t is the

parameter velocity. Since training generally de-
creases the loss, we define the contribution of pa-
rameter i to loss reduction with a sign convention:

ωi = −
∫︂ t1

t0

g(θi(t)) θ
′
i(t) dt (3)

so that a larger ωi indicates greater importance for
maintaining task α performance. Intuitively, ωi

accumulates the “work” done by parameter i in
reducing the loss throughout the training process.

Deriving the effective gradient for LoRA. Un-
der LoRA, the effective parameters are θ(t) =
θ0 + B(t)A(t), where θ0 is frozen. The low-rank
matrices are updated via gradient descent:

B(t+ 1) = B(t)− ηgB(t)

A(t+ 1) = A(t)− ηgA(t)
(4)

where η is the learning rate, gB(t) = ∂L
∂B and

gA(t) = ∂L
∂A are the gradients of the loss with re-

spect to B and A, respectively. To compute eq. (3),

25304



we need the change of the effective parameter θ per
step. Expanding the product B(t+1)A(t+1):

B(t+ 1)A(t+ 1) = B(t)A(t)

− η
(︁
gB(t)A(t) +B(t)gA(t)

)︁

+ η2gB(t)gA(t)

(5)

The effective parameter change per step is there-
fore:

∆θ(t) = B(t+ 1)A(t+ 1)−B(t)A(t)

= −η
(︁
gB(t)A(t) +B(t)gA(t)

− η gB(t)gA(t)
)︁

(6)

In standard full fine-tuning, the parameter
change is ∆θ = −ηg, where g is the gradient. By
analogy, we can view LoRA as inducing an effec-
tive gradient g̃(t) on the full weight space such that
∆θ(t) = −η g̃(t) (Wang et al., 2024). Comparing
with eq. (6), we identify:

g̃(t) = gB(t)A(t) +B(t)gA(t)− η gB(t)gA(t)
(7)

The first two terms correspond to the product rule
applied to d

dt(BA), capturing how changes in B
and A jointly affect the effective weight. The third
term η gBgA is a second-order correction arising
from the simultaneous update of both matrices
within the same step.

Substituting eq. (7) and eq. (6) into eq. (3), the
path integral for LoRA importance is computed in
the combined parameter space:

ωi = −
∫︂ t1

t0

g̃i(t)∆θi(t) dt (8)

This formulation measures importance through
the effective weight change ∆θ(t) = B(t+1)A(t+
1)−B(t)A(t), which is uniquely determined by the
product BA rather than by the individual factors.
In practice, we approximate the integral in eq. (8)
by discrete summation over training steps: ωi ≈
−∑︁t g̃i(t) · ∆θi(t), which can be accumulated
online during the forward-backward pass of task α
training with negligible overhead.

Importance score. The element-wise impor-
tance score for parameter i after task α is:

Ωα
i =

ωα
i

(∆α
i )

2 + ξ
(9)

where ∆α
i = (B(tα)A(tα))i is the total change of

the i-th effective parameter during task α (since B

is initialized to zero, δ(t0) = 0). The denomina-
tor (∆α

i )
2 normalizes the raw contribution ωα

i by
the magnitude of the parameter change, ensuring
that the importance score reflects per-unit-change
contribution rather than being biased toward pa-
rameters with large absolute updates. The constant
ξ > 0 prevents division by zero for parameters that
remain near their initial values.

3.3 Element-Wise Regularization in Domain
Tuning

During fine-tuning on domain task β, we penalize
deviations from the parameter values that are im-
portant for preserving general knowledge from task
α. The element-wise regularization loss for the l-th
layer is:

Lαreg,l =
∑︂

i

Ωα
i

(︁
θti − θαi

)︁2 (10)

where θαi is the reference parameter value after
task α, and θti is the current parameter during task
β training. Parameters with high importance scores
Ωα
i are constrained to remain close to their post-α

values, while less important parameters are free to
adapt to the new domain.

3.4 Layer-Wise Coefficient Regularization

We compute the importance of each layer based on
its contribution to the parameters learned in the α
task. This layer-specific importance metric allows
the model to dynamically adjust the regularization
across different layers. The layer-wise weighted
regularization is defined as :

Lαreg =
∑︂

l

softmax(∥Ωα
l ∥2)Lαreg,l (11)

where ∥Ωα
l ∥2 denotes the L2 norm of the parameter

importance matrix Ωα
l for the l-th layer, which

reflects the significance of the parameters learned
in the α task. The total loss for the β task is defined
as:

Lβ = Lβtask + φLαreg (12)

The use of this adaptive regularization Lαreg helps
mitigate catastrophic forgetting by maintaining the
integrity of essential features learned in prior tasks.
φ is the hyperparameter that controls the weight
of the domain (Ltask) and general (Lreg) ability of
LLM.
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Figure 3: Single-task continual learning performance
compared with LoRA. The gray baseline indicates parity
with LoRA (0 pp).

4 Experiments

4.1 Metrics and Baselines

We first perform fine-tuning on a single task (Sec-
tion 4.2), and then extend the experiment to multi-
task fine-tuning scenarios (Section 4.3). Following
previous work (Zheng et al., 2026; Schick et al.,
2023), the Pile dataset (Gao et al., 2020) is taken as
the evaluation dataset for general ability. And three
representative tasks are selected: (1) Medicine:
MedMCQA (Pal et al., 2022). (2) Science: SciQ
(Welbl et al., 2017). (3) Physics: PiQA (Bisk et al.,
2020). Perplexity (PPL↓) of Pile dataset is used
to assess general capability and accuracy (Acc↑)
is used to evaluate domain capabilities. In the ex-
periment, the batch size is 20, and the learning rate
is 8e-4. The LoRA rank is set to 8, with alpha 32.
Detailed results with different LoRA ranks can be
found in Appendix B.3.

Our baseline includes: (1) LoRA (Hu et al.,
2022): The basic continual learning setting. (2)
EWC (Kirkpatrick et al., 2017): A method in which
the Fisher matrix is computed and regularization

Table 1: Ablation of layer-wise (l) and element-wise (e)
weighted regularization on single-task learning.

Method
SciQ PiQA Med

PPL↓ Acc↑ PPL↓ Acc↑ PPL↓ Acc↑

LLaMA-3-8B

Ours 3.81 98.10 3.91 51.90 3.81 61.35
w/o l 3.90 97.70 4.09 50.30 3.91 60.05
w/o l, e 3.97 97.60 4.10 49.30 4.01 58.88

LLaMA-3-3B

Ours 4.64 97.10 4.90 51.14 4.64 55.80
w/o l 4.75 96.80 4.96 49.70 4.74 54.41
w/o l, e 4.95 96.30 5.37 47.31 5.05 53.12

GPT-J-6B

Ours 3.35 96.80 3.40 50.49 3.34 36.10
w/o l 3.36 96.30 3.41 49.95 3.35 35.62
w/o l, e 3.39 96.20 3.52 49.51 3.37 33.66

Qwen-2.5-7B

Ours 3.60 97.60 3.61 49.84 3.62 60.00
w/o l 3.63 97.40 3.68 49.18 3.64 59.33
w/o l, e 3.75 96.60 3.75 48.29 3.69 58.12

constraints are applied to preserve important pa-
rameters. (3) Replay (Rolnick et al., 2019): A
data-based method that replays samples from pre-
vious tasks, where old task data is revisited and in-
tegrated during new task learning. (4) GEM (Saha
et al., 2021): A method using orthogonal projection,
where the gradient subspace important to the old
tasks is maintained through parameter updates. (5)
L2P (Wang et al., 2022): A method using dynamic
prompt selection, where the input is used to select
and update prompts from the prompt pool in an
instance-wise fashion. (6) CLoRA (Lu et al., 2025):
combines low-rank adaptation with subspace regu-
larization.

4.2 Single-Task Continual Learning

Result Analysis We evaluate the model perfor-
mance after fine-tuning on a single new task,
aiming to measure both the retention of general
knowledge acquired during pretraining and the ac-
quisition of task-specific knowledge. Figure 3 vi-
sualizes the relative performance of several contin-
ual learning baselines against the standard LoRA
fine-tuning. Each box summarizes the statistics
of performance differences on three evaluation do-
mains (SciQ, PiQA, and Med), where the box plot
reflects the median and variability across domains.
The horizontal gray line denotes parity with LoRA,
indicating zero performance difference. For PPL
(top), values above the gray line mean a larger
perplexity than LoRA (worse general capability),
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Table 2: Continual learning performance. Order indicates the sequence of continual fine-tuning across domains.
PPL↓ measures general capability; Acc1/Acc2 are Task-1/Task-2 accuracies. ∆p is the PPL change and BWT
(Lopez-Paz and Ranzato, 2017) is backward transfer.

LLaMA-3-8B

Method
Order 1 Order 2 Order 3

PPL↓ Acc1 ↑ Acc2 ↑ ∆p ↓ BWT↑ PPL↓ Acc1 ↑ Acc2 ↑ ∆p ↓ BWT↑ PPL↓ Acc1 ↑ Acc2 ↑ ∆p ↓ BWT↑
LoRA 4.11 96.50 57.63 0.12 -1.4 4.40 93.80 48.91 0.41 -4.1 4.43 44.65 49.08 0.41 -14.3
EWC 4.04 96.70 58.57 0.12 -0.8 4.24 92.90 50.05 0.31 -4.7 4.24 37.38 49.02 0.27 -22.5
REPLAY 4.37 97.00 57.54 0.38 -0.2 4.55 94.60 51.58 0.56 -3.3 4.48 53.43 48.75 0.47 -5.3
GEM 4.13 96.60 57.33 0.14 -1.4 4.41 93.30 48.48 0.42 -4.5 4.43 33.94 48.91 0.40 -25.6
L2P 5.51 87.50 11.02 1.23 -10.1 4.36 92.10 49.46 0.25 -4.6 4.59 32.77 48.64 0.31 -5.7
CLoRA 4.14 96.90 56.94 0.15 -1.1 4.39 92.50 49.13 0.40 -5.4 4.37 40.76 50.05 0.36 -18.5
Ours 3.89 97.50 58.52 0.02 0.1 4.06 95.80 50.27 0.20 -1.8 4.10 56.87 50.71 0.24 -2.3

GPT-J-6B

Method
Order 1 Order 2 Order 3

PPL↓ Acc1 ↑ Acc2 ↑ ∆p ↓ BWT↑ PPL↓ Acc1 ↑ Acc2 ↑ ∆p ↓ BWT↑ PPL↓ Acc1 ↑ Acc2 ↑ ∆p ↓ BWT↑
LoRA 3.53 90.50 37.81 0.10 -5.7 3.64 91.80 50.84 0.21 -4.4 3.62 30.64 48.37 0.17 -5.4
EWC 3.47 87.60 37.10 0.11 -8.8 3.48 92.00 50.53 0.12 -4.4 3.53 31.55 49.40 0.18 -4.6
REPLAY 3.73 94.70 36.88 0.30 -1.7 3.84 93.40 51.44 0.41 -3.0 3.67 30.72 49.29 0.22 -4.9
GEM 3.51 90.90 38.79 0.08 -5.5 3.64 93.30 48.75 0.21 -3.1 3.62 26.55 49.18 0.17 -9.1
L2P 4.28 27.60 21.53 0.74 -18.6 5.37 37.00 49.89 1.81 -9.2 6.15 15.77 50.00 2.18 -5.2
CLoRA 3.53 90.40 37.74 0.09 -6.0 3.65 93.10 49.51 0.21 -3.3 3.63 28.49 49.89 0.18 -7.3
Ours 3.36 95.20 37.46 0.00 -1.5 3.43 95.20 53.19 0.07 -1.5 3.43 32.27 49.40 0.08 -3.4

while values closer to or below the baseline indicate
better preservation of general knowledge. For ac-
curacy (bottom), values above the baseline indicate
higher task performance than LoRA. Across dif-
ferent LLMs, our approach could preserve general
capability (smaller PPL increase) and simultane-
ously improve task-specific performance (higher
accuracy) after single-task continual fine-tuning.

Ablation Study As shown in Table 1, we con-
duct single-task continual fine-tuning ablation ex-
periments to analyze the contribution of different
components in HLoRA. Specifically, we examine
two configurations: (1) layer, which removes the
differentiation of importance among layers, and (2)
layer, element, which further removes the element-
wise importance, effectively disabling all hierar-
chical regularization. Both ablations increase PPL
and reduce accuracy, showing that element-wise
and layer-wise constraints are both necessary for
balancing retention and adaptation.

4.3 Multi-Task Continual Learning
Result Analysis Table 2 reports the performance
under the multi-task continual fine-tuning setting
across three task orders. All metrics are evalu-
ated after completing the continual fine-tuning pro-
cedure. PPL measures general capability (lower
is better). Acc1 and Acc2 denote the accuracies
on Task-1 and Task-2, respectively. ∆P is the
PPL change of Pile dataset, and BWT (Lopez-Paz
and Ranzato, 2017) measures backward transfer.

Across all task orders and both backbone models,
our method consistently achieves the lowest PPL
and the smallest increase in PPL, indicating supe-
rior preservation of general capability after con-
tinual fine-tuning. Meanwhile, our approach also
yields the highest Acc1 and the least negative BWT
values, demonstrating strong knowledge retention.
Moreover, the observed trends are consistent across
different task sequences. Regardless of whether the
model is fine-tuned in the order of SciQ→Med,
SciQ→PiQA, or Med→PiQA, our method main-
tains stable general performance while effectively
preserving previously acquired task-specific knowl-
edge. At the same time, competitive Acc2 results
indicate that this improved stability does not come
at the cost of learning new tasks. The detailed case
study is presented in Appendix C.

Ablation Study As shown in Table 3, we fur-
ther investigate the effect of hierarchical regulariza-
tion under the multi-task continual fine-tuning set-
ting. Following the single-task analysis, we focus
on how removing different levels of regularization
impacts knowledge retention when multiple tasks
are learned sequentially. Across different task or-
ders and backbone models, removing layer-wise
regularization (w/o l) consistently leads to larger
increases in ∆P and more negative BWT values,
indicating increased general-capability drift and
stronger forgetting of the first task. When both
layer-wise and element-wise regularization are re-
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Table 3: Ablation of layer-wise (l) and element-wise (e)
weighted regularization on multi-task learning.

GPT-J-6B

Method PPL↓ Acc1 ↑ Acc2 ↑ ∆p ↓ BWT↑

Order 1
Ours 3.36 95.20 37.46 0.00 -1.5
w/o l 3.50 94.00 37.38 0.12 -2.5
w/o l,e 3.83 90.50 37.81 0.30 -5.7

Order 2
Ours 3.43 95.20 53.19 0.07 -1.5
w/o l 3.53 92.90 51.20 0.13 -3.6
w/o l,e 3.64 91.80 50.84 0.21 -4.4

Order 3
Ours 3.43 33.27 50.40 0.08 -2.4
w/o l 3.52 28.84 50.11 0.12 -5.3
w/o l,e 3.62 22.64 48.37 0.17 -9.5

LLaMA-3-8B

Method PPL↓ Acc1 ↑ Acc2 ↑ ∆p ↓ BWT↑

Order 1
Ours 3.89 96.50 58.52 0.02 -0.9
w/o l 3.96 95.20 58.37 0.08 -1.7
w/o l,e 4.11 91.50 57.63 0.12 -5.4

Order 2
Ours 4.02 95.80 50.27 0.16 -1.8
w/o l 4.18 95.30 48.64 0.25 -2.5
w/o l,e 4.40 92.80 48.91 0.41 -5.1

Order 3
Ours 4.01 56.87 50.71 0.15 -2.3
w/o l 4.23 51.54 49.29 0.27 -7.9
w/o l,e 4.43 44.65 49.08 0.41 -14.3

moved (w/o l,e), performance degradation becomes
more severe, with the largest PPL increase and the
most pronounced backward transfer.

4.4 Efficiency Analysis

A key motivation for HLoRA is to preserve the
lightweight nature of LoRA while mitigating catas-
trophic forgetting. Since HLoRA accumulates im-
portance online along the standard LoRA train-
ing trajectory, it avoids extra forward/backward
passes required by prior importance-based methods
such as EWC. We compare HLoRA with previous
methods in terms of importance-calculation time
and storage cost. As shown in Figure 4, HLoRA
consistently achieves substantially lower overhead
across different backbone models. For example, on
LLaMA-3-8B and GPT-J-6B, EWC requires 29.18
and 27.17 hours to compute importance, while
HLoRA only takes 2.25 and 1.25 hours, respec-
tively. In terms of storage, EWC requires 31.10
GB on LLaMA-3-8B and 22.65 GB on GPT-J-6B,
whereas HLoRA only requires 3.67 GB and 3.51
GB. Overall, HLoRA is nearly 20× faster and uses
only 10%∼15% of the storage memory of prior
importance-based methods. The detailed complex-
ity analysis is provided in Appendix B.1.
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Figure 4: Comparison of computation time and storage.

4.5 Effectiveness Analysis

To demonstrate the effectiveness of our method
in addressing the catastrophic forgetting problem,
we conduct an analysis from both intuitive and
theoretical perspectives, aiming to verify why our
method works.

Intuitively: Formally, the parameter contri-
bution θi during LoRA fine-tuning is: ωi =
−
∫︁ t1
t0

∂L
∂θi

(t) · dθidt (t) dt. This can be interpreted as
the loss reduction that can be attributed to param-
eter θi. If a parameter frequently moves in a di-
rection that aligns with gradient and reduces loss,
it accumulates a large ωi, and is thus considered
important.

Theoretically: To support this formulation, we
adopt a theoretical framework based on quadratic
loss functions. Specifically, consider the loss func-
tion: E(θ) = 1

2(θ− θ∗)TH(θ− θ∗). This setup al-
lows for an explicit solution of the training dynam-
ics under continuous-time gradient descent: dθ

dt =
−H(θ−θ∗). From this, we can derive the trajectory
θ(t) and compute the element-wise importance of
all parameter updates over time. Specifically, the
time-integrated covariance of parameter updates is
captured by the matrix: Qij = τ

∫︁∞
0

dθi
dt ·

dθj
dt dt.

This matrix Q generalizes the element-wise im-
portance to include correlations between param-
eter updates. Notably, the element-wise impor-
tance ωi = −

∫︁
gi(t) · dθidt dt, corresponds exactly

to Qii. (Zenke et al., 2017) further show that :
⟨Qij⟩ = 1

2σ
2Hij , where σ2 is the variance of the

initial parameter offset along the Hessian eigen-
basis. This equation shows that the element-wise
importance (through parameter score ωi = −Qii)
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captures curvature information proportional to the
diagonal of the Hessian Hii, a classical signal of
parameter sensitivity.

In summary, the parameter importance estima-
tion in our method is not only an intuitive loss-
contribution measure, but also theoretically jus-
tified by its link to sensitivity measures.

5 Conclusion

This paper addresses the critical issue of catas-
trophic forgetting in Large Language Models
(LLMs) during fine-tuning for applications. We
propose HLoRA, a hierarchical regularization
framework that preserves previously acquired gen-
eral knowledge while enabling efficient adaptation
to new application- or task-specific data. Our ap-
proach computes the element-wise importance of
model parameters to constrain critical updates, and
introduces layer-wise coefficients to dynamically
balance the learning between old and new knowl-
edge. Extensive experiments on SciQ, PiQA, and
MedMCQA demonstrate that our method effec-
tively mitigates catastrophic forgetting. Compared
with prior SOTA methods, HLoRA achieves bet-
ter stability across continual fine-tuning tasks and
offers significantly improved computational and
storage efficiency.

6 Limitations

Although HLoRA substantially reduces the com-
putational and storage overhead of importance es-
timation compared with prior methods, there re-
mains room for further optimization in both time
and memory efficiency. In particular, future work
could explore more compact representations of
importance scores and more efficient accumula-
tion strategies during continual fine-tuning, making
the framework more scalable to larger models and
longer task sequences.
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A Implementation

A.1 Backbone LLMs

Four mainstream LLMs are used for evaluation:
(1) LLaMA-3-8B (Dubey et al., 2024) is the third-
generation open-source LLM developed by Meta.
(2) LLaMA-3-3B (Dubey et al., 2024) is a com-
pact variant of the third-generation open-source
LLaMA series. (3) GPT-J-6B (Wang and Komat-
suzaki, 2021) is a GPT-like causal language model
which is suitable for generation tasks. (4) Qwen-
2.5-7B (Yang et al., 2024) is an open-source lan-
guage model developed by Alibaba.

A.2 Dataset and Prompt

The detailed information about the dataset is listed
as follows. (1) SciQ. The SciQ dataset contains
13,679 science exam questions, covering various
scientific fields such as physics, chemistry, and bi-
ology. The dataset is divided into 11,679 questions
for training, 1,000 questions for testing, and 100
questions for validation. We use 11,679 questions
for training, following the official split. (2) PiQA.
PiQA is a dataset containing 21,025 questions for
physical commonsense reasoning, designed to eval-
uate and advance the application of natural lan-
guage understanding systems in everyday physical
interaction scenarios. The dataset is divided into
16,113 questions for training, 3,084 for testing, and
1,838 for validation. We use the official split and
utilize 16,113 questions for training. (3) MedM-
CQA. MedMCQA dataset is a large collection of
multiple-choice question and answer sets designed
for real-world medical entrance exam questions,
featuring over 194,000 questions selected from the
All India Institute of Medical Sciences (AIIMS) en-
trance exam and the Graduate National Eligibility
cum Entrance Test (NEET) in India. To maintain
the same data scale as SciQ and PiQA, we ran-
domly selected 20,000 samples from the original
dataset as the training set and chose 4,183 samples
for evaluation.

Details of the prompts used for training the
datasets are provided in Table 4.

A.3 Hyperparameter Settings

Hyperparameters in Baseline Method. To ensure
reproducibility of experimental results, we adopt
the commonly used hyperparameter settings for all
baseline methods, as summarized in Table 5. For
LoRA-based approaches, we use a standard con-
figuration with rank r = 8, scaling factor α = 32,

Table 4: The prompts of different datasets.

Datasets Prompts

SciQ Choose an answer for the following question and
give your reasons.

PiQA Select the best option (A, B, C, D) for the
physical question below and briefly justify your

choice.

MedMCQA Solve the following medical problem by
choosing the correct answer from the following

four choices.

Table 5: Hyperparameter settings.

LoRA

LoRA rank r 8
LoRA α 32
Dropout 0.1

Learning Rate 8e-4
LR Scheduler Linear

Batch Size 20
Epochs 5

LoRA target modules query, value
Optimizer AdamW

EWC

Regularization Weight 0.5

L2P

Top_k 3
Pool Size 10

Prompt Length 5
Diversity Loss Weight 0.5

Replay

Buffer Size 1000

CLoRA

Regularization Vectors num 512
Regularization Weight 1

learning rate 8× 10−4, and the AdamW optimizer.
For EWC, the regularization weight is set to 0.5
following its original implementation. For L2P, we
maintain the same prompt pool size, top-k, and di-
versity loss weight as reported in prior studies. Re-
play methods use a buffer size of 1000, and CLoRA
is configured with 512 regularization vectors and
weight 1. These configurations allow faithful re-
production of baseline performances for reliable
comparison.

Regularization Coefficient Analysis in Our
Method. Figure 5 demonstrate the effect of the reg-
ularization coefficient φ in Equation (12) on PPL
and accuracy across three tasks. As φ increases,
PPL gradually decreases, indicating a stronger em-
phasis on preserving previous ability. Higher val-
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Figure 5: The influence of regularization coefficient φ on LLaMA-3-3B across datasets.

ues of φ correspond to better previous ability reten-
tion. However, as shown in Figure 5b, increasing φ
negatively impacts the average accuracy on PiQA.
Thus, e−3 is selected as the optimal value for the
regularization coefficient to balance task perfor-
mance and previous ability (lower PPL).

B Detailed Analysis

B.1 Efficiency Analysis
Time Complexity. HLoRA computes element-
wise importance online during standard LoRA
training:

ωi = −
∫︂ t1

t0

∂Lα
∂θi(t)

· dθi(t)
dt

dt. (13)

The terms are derived from LoRA matrices
A(t), B(t) and their gradients, which are already
available during training. Therefore, importance
accumulation introduces no additional forward or
backward passes. Its time complexity is O(T · P ),
where T is the number of training steps and P is
the number of LoRA parameters.

In contrast, EWC estimates importance via the
diagonal Fisher:

Fi,i =
1

N

N∑︂

j=1

(︄
∂L(j)U

∂θ∗i

)︄2

, (14)

which requires an additional forward and backward
pass over N samples, resulting in O(N · P ) extra
computation.

Storage Memory. HLoRA maintains the current
LoRA parameters and accumulated importance
scores, leading to O(P ) storage. EWC requires
storing the Fisher matrix and a frozen copy of previ-
ous LoRA parameters for the regularization penalty,
resulting in higher memory overhead. CLoRA also
introduces additional storage due to its auxiliary
constraint components. This explains the lower
storage cost observed in Figure 4.

B.2 Extension to Multiple Sequential Tasks

For a sequence of tasks T1, T2, . . . , TT , we accumu-
late importance scores across previous tasks. After
completing task Tt, the cumulative importance is
updated as:

Ω1:t
ij = Ω1:t−1

ij +
ωt
ij

(∆t
ij)

2 + ξ
, (15)

where ωt
ij is the path-integral accumulator for task

t, and ∆t
ij = δ

(t)
ij − δ

(t−1)
ij is the merged-weight

change during task t. The reference merged weight
is then updated as δ∗ ← δ(t) = s ·B(t)A(t).

Since ωt
ij ≥ 0, the cumulative importance Ω1:t

ij

is monotonically non-decreasing. Thus, once a
merged-weight element is identified as important
for any previous task, it remains protected in later
tasks. This scheme stores only one cumulative
importance matrix Ω1:t and one reference matrix
δ∗ per LoRA layer, so the memory cost remains
constant with respect to the number of tasks.

B.3 Influence of LoRA Rank

As shown in Figure 6, we have conducted exper-
iments on LLaMA-3-3B with a range of LoRA
ranks [2, 4, 8, 16] across the three datasets. The
table below demonstrates robustness of our method
across different rank settings. In our experiments,
we set the LoRA rank to 8 on LLMs (LLaMA-3-
3B, LLaMA-3-8B, Qwen-2.5-7B, and GPT-J-6B)
in order to follow prior works (Zheng et al., 2026;
Ren et al., 2025), ensuring a fair comparison across
methods. In both methods, the LoRA rank is 8.

B.4 Parameters Importance Visualization

Figure 7 highlights the importance in Equation (9)
of q_proj and v_proj layers for previous capabil-
ities during the LoRA fine-tuning process. The
heatmap illustrates that the v_proj layers, particu-
larly in the first four and the last layer, are crucial
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Figure 6: Experimental result under different LoRA ranks.
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Figure 7: Log-scaled heatmap of L2 norms of parameter importance Ων
l for q_proj and v_proj after LoRA fine-

tuning on ν task across layers.

for preserving previous knowledge. In contrast, the
importance of the q_proj layers is relatively weaker
across the model. The L2 norms have been log-
transformed to facilitate the comparison of relative
significance of these parameters across layers.

B.5 Training Loss

Figure 8 shows the loss curves in the learning pro-
cess of GPT-J-6B and LLaMA-3-8B across three
datasets. The total loss is the weighted sum of
the task loss Ltask and general loss Lreg. As ob-
served, the task loss continuously decreases, while
the Lreg exhibits an initial increase followed by a
decrease. As defined in Equation (12), Lreg mea-
sures the difference between the model parameters
θα after learning on task α and the model param-
eters θβ learned on the current task β. Initially,
when learning on task β, the model parameters are
not yet updated, so the general loss is zero. As the
task loss updates the parameters, the model starts
to deviate from θα, causing the general loss to rise.

This mechanism enforces the model to learn in a
way that minimizes both general and task losses
simultaneously.

C Case study

To clearly compare the catastrophic forgetting
issue in HLoRA and baseline methods during con-
tinual learning, we take the Llama-3-8B model as
an example. After sequentially learning the SciQ
and MedMCQA tasks, we tested the response. The
results are listed as follows:

Question: If today is Wednesday, what day will
it be in three days? Please explain.

CLoRA:
Wednesday + 3 days = Saturday
Choices:
A. Friday B. Saturday C. Sunday D. Monday
Answer:
B. Saturday
EWC:
If today is Wednesday, what day will it be in

25314



three days? Please explain. If today is Wednesday,
what day will it be in three days? Please explain.
If today is Wednesday, what day will it be in three
days? Please explain. If today is Wednesday, what
day will it be in three days? Please explain. If
today is Wednesday, what day will it be in three
days? Please explain. ...

L2P:
1. If today is Wednesday, then tomorrow will be

Thursday. 2. If tomorrow is Thursday, then the day
after tomorrow will be Friday. 3. If the day after
tomorrow is Friday, then in three days it will be
Monday. 4. If in three days it will be Monday, then
today is Wednesday. 5. If today is Wednesday, then
in three days it will be Saturday. 6. If in three days
it will be Saturday, then today is Wednesday. ...

Replay:
Choices:
A. Monday B. Tuesday C. Thursday D. Friday
Answer:
C. Thursday
GEM:
Choices:
A. Friday B. Saturday C. Sunday D. Monday
Answer:
D. Monday
HLoRA (ours):
## Step 1: Identify the current day of the week
The problem states that today is Wednesday.
## Step 2: Determine the sequence of days in a

week
The sequence of days in a week is: Sunday, Mon-

day, Tuesday, Wednesday, Thursday, Friday, Satur-
day.

## Step 3: Count forward three days from
Wednesday

To find out what day it will be in three days, we
need to count forward three days from Wednesday.
Wednesday + 1 day = Thursday, Thursday + 1 day
= Friday, Friday + 1 day = Saturday.

## Step 4: Identify the day three days from
Wednesday

Based on the count in step 3, three days from
Wednesday will be Saturday.

The final answer is Saturday
Analysis:
It can be seen that CLoRA answered the question

correctly, but its response style was influenced by
the MedMCQA dataset (which consists of a ques-
tion followed by four answer options). The EWC
and L2P methods failed to answer the question
correctly. The Replay and GEM methods were

also affected by the MedMCQA dataset and pro-
vided incorrect answers. In contrast, HLoRA still
performed the task well.
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Figure 8: Loss curves on three datasets: balancing task learning and generalization. The total loss consists of task
loss (Ltask) and a scaled version of general loss (Lreg), where task loss controls the model learning on new domain
data, and general loss helps maintain the model generalization ability.
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