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Abstract

Fine-tuning large language models (LLMs) in a parameter-
efficient manner while preserving their pre-trained world
knowledge remains a significant challenge. While Low-Rank
Adaptation (LoRA) and its variants effectively mitigate catas-
trophic forgetting, they do not fully eliminate the loss of criti-
cal pre-trained knowledge. In this work, we first analyze the
layer-wise distribution of domain-specific knowledge within
LLMs through knowledge localization, and empirically iden-
tify a clear layer-specific pattern: pre-trained world knowledge
predominantly resides in lower layers, whereas knowledge
relevant to downstream tasks is more concentrated in higher
layers. Motivated by this observation, we propose L2-LoRA, a
simple yet effective variant of LoRA that applies layer-specific
L2 regularization to the LoRA weights during fine-tuning.
Specifically, L2-LoRA imposes stronger regularization on
lower layers to preserve pre-trained world knowledge, while
allowing greater adaptation in higher layers to better align
with downstream tasks. Experiments across multiple bench-
marks show that L2-L.oRA not only consistently outperforms
vanilla LoRA in downstream performance, but also effectively
mitigates catastrophic forgetting by retaining more pre-trained
knowledge.

Introduction

Large language models (LLMs) (Brown et al. 2020; Touvron
et al. 2023; Jiang et al. 2023; Young et al. 2024; Al@Meta
2024; Guo et al. 2025; xAI 2025) have revolutionized nat-
ural language processing (NLP), achieving state-of-the-art
performance across a wide range of tasks including ques-
tion answering, code generation, and mathematical reasoning.
Despite their strong capabilities, fine-tuning LLMs on new
datasets or domain-specific tasks remains crucial in many
practical scenarios. Parameter-efficient fine-tuning (PEFT)
(Ding et al. 2023; Han et al. 2024) has emerged as an ef-
fective and resource-friendly alternative to full fine-tuning,
enabling competitive performance with only a small number
of trainable parameters (Xu et al. 2023).

Among PEFT methods, Low-Rank Adaptation (LoRA)
(Hu et al. 2021) is one of the most widely adopted due to its
strong empirical performance and ease of integration. LoORA
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Figure 1: Knowledge localization analysis of Llama2-7B
(base model) and its fine-tuned models (MetaMath-7B (Yu
et al. 2023), CodeLlama-7B (Roziere et al. 2023)) on math
and code datasets. Using causal tracing, we observe that pre-
trained knowledge is predominantly stored in lower layers,
while knowledge relevant to downstream tasks shifts toward
higher layers after fine-tuning.

freezes the pre-trained model weights W, € R% %% and
introduces two low-rank trainable matrices, B € R4
and A € R 9%, to approximate weight updates during
fine-tuning. While LoRA improves downstream task per-
formance, it often leads to degraded generalization, a phe-
nomenon known as catastrophic forgetting (Biderman et al.
2024; Ren et al. 2024; Yang et al. 2024b; Bafghi et al. 2025).

To find the optimal trade-off between downstream adap-
tation and the preservation of pre-trained world knowledge,
previous works have explored the dynamics of low-rank ma-
trices (i.e., A and B in LoRA) from three perspectives: the
singular value decomposition (SVD) of pre-trained weights
(Yang et al. 2024b; Liang and Li 2024; Meng, Wang, and
Zhang 2024), sparse updates (Zhang et al. 2024; Wang et al.
2024a), and interpolation techniques (Ren et al. 2024). How-



ever, most existing LoRA-based methods apply parameter
updates uniformly across all layers, without considering the
functional hierarchy of LLMs, where lower layers special-
ize in syntactic features and higher layers encode seman-
tic abstractions (Tenney, Das, and Pavlick 2019; Lei and
Cooper 2025; Rao and Bhandari 2025). Such a layer-agnostic
adaptation strategy disrupts the organization of pre-trained
knowledge, often overwriting general linguistic and factual
information stored in lower layers.

Meanwhile, recent work on knowledge localization and
editing has shown that knowledge in transformer models is
not uniformly distributed across layers, but is instead concen-
trated in specific layers (Geva et al. 2021; Meng et al. 2022;
Hase et al. 2023). Lee et al. (2023) demonstrate that model
robustness to distribution shifts can be improved by fine-
tuning only a subset of layers. Pu et al. (2023) further analyze
LoRA and find that attention-level modifications and the use
of higher layers are crucial for downstream task performance,
yet they do not address the preservation of pre-trained knowl-
edge. It remains unclear how the distribution of knowledge
differs between base LLMs and their fine-tuned counterparts.
Motivated by research on knowledge localization and editing,
we employ Causal Tracing (Meng et al. 2022) to conduct a
layer-wise analysis of knowledge storage in both base and
fine-tuned LLLMs. As shown in Figure 1, our analysis reveals
a consistent shift in knowledge localization after fine-tuning.
For the same task domain (e.g., math and code), knowledge
that was previously distributed across lower layers in the base
model becomes increasingly concentrated in higher layers
of the fine-tuned model. This suggests that pre-trained world
knowledge is predominantly localized in lower layers, while
fine-tuning reallocates task-specific knowledge to higher lay-
ers. These findings suggest the importance of layer-aware
adaptation strategies that preserve lower-layer representations
encoding general world knowledge, while enabling higher
layers to specialize in downstream tasks.

Based on our findings, we propose L2-LoRA, a layer-
aware LoRA variant that integrates knowledge localization
into the fine-tuning process. Unlike existing LoRA-based
methods that apply uniform adaptation across all layers, L2-
LoRA assigns layer-specific Ly regularization strengths to
the LoRA weights. We employ Causal Tracing on the base
model using general datasets to identify layers that predom-
inantly store pre-trained world knowledge. Guided by the
layer-wise knowledge distribution results, L2-LoRA imposes
stronger regularization on lower layers to preserve general
capabilities, while allowing greater flexibility in higher layers
to adapt to downstream tasks. We evaluate L2-LoRA across
diverse tasks, including commonsense reasoning, mathemat-
ical reasoning, and instruction following. Experimental re-
sults show that L2-LoRA consistently outperforms standard
LoRA and recent LoORA-based variants across all benchmarks.
Moreover, L2-LoRA exhibits strong generalization ability by
effectively preserving pre-trained world knowledge, while
achieving better adaptation to downstream domains. In sum-
mary, our main contributions are as follows:

* We conduct a fine-grained Causal Tracing analysis to in-
vestigate how different types of knowledge are localized
across transformer layers. Our findings reveal a consis-
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tent shift in layer-wise knowledge distribution after fine-
tuning, with pre-trained world knowledge concentrated in
lower layers and task-specific knowledge moving toward
higher layers.

* We propose L2-LoRA, a novel layer-aware parameter-
efficient fine-tuning method that integrates knowledge
localization into the fine-tuning process. By assigning
layer-specific L, regularization based on the knowledge
distribution of the base model, L2-LoRA preserves gen-
eral capabilities in lower layers while allowing flexible
adaptation in higher layers.

* We conduct extensive experiments across three representa-
tive tasks: commonsense reasoning, mathematical reason-
ing, and instruction following. The results demonstrate
that L2-LoRA outperforms standard LoRA and recent
variants, achieving better performance while more effec-
tively retaining pre-trained knowledge.

Related Works
Knowledge Localization

LLM:s are believed to store extensive factual knowledge ac-
quired through pre-training on massive corpora (Petroni et al.
2019; Radford et al. 2019). The knowledge localization as-
sumption posits that factual knowledge can be attributed to
a small set of internal components such as neurons, layers,
or attention heads (Dai et al. 2022; Chen et al. 2024a,b).
A growing body of research aims to localize model behav-
ior to specific architectural components (Hase et al. 2023).
Several studies focus on the role of MLP layers in storing fac-
tual information (Geva et al. 2022; Meng et al. 2023). Geva
et al. (2021) argue that entity-specific information is stored
in MLP blocks as a two-layer key-value memory structure.
However, subsequent work (Jiang et al. 2024) suggests that
both self-attention and MLP modules make comparably im-
portant contributions to factual recall. Chen et al. (2024b)
further emphasize the role of attention heads in knowledge
localization, suggesting that knowledge may be distributed
across multiple components.

LoRA and Its Variants

LoRA (Hu et al. 2021) is one of the most widely adopted
methods for parameter-efficient fine-tuning (PEFT) of LLMs
due to its simplicity and ability to reduce the number of train-
able parameters. Several extensions have been proposed to im-
prove its adaptability and robustness. For instance, dynamic
rank adjustment has been explored in AdaLoRA (Zhang
et al. 2023) and rank-tuning frameworks (Valipour et al.
2023). Other works enhance LoRA through Bayesian mod-
eling (Yang et al. 2024a), dropout-based noise regulariza-
tion (Lin et al. 2024), and learning rate strategies (Hayou,
Ghosh, and Yu 2024). To mitigate the problem of catastrophic
forgetting, recent methods have focused on preserving pre-
trained knowledge while adapting to new tasks. These meth-
ods typically fall into three categories: (i) singular value de-
composition (SVD)-based techniques that constrain updates
based on the spectral properties of pre-trained weights (Yang
et al. 2024b; Liang and Li 2024), (ii) sparse update strate-
gies (Zhang et al. 2024; Wang et al. 2024a), (iii) interpolation-



based methods (Ren et al. 2024). However, most LoRA vari-
ants apply adaptation uniformly across layers or vary the
adaptation strength based on parameter sensitivity. In con-
trast, our method explicitly leverages layer-wise knowledge
localization to guide fine-tuning.

Layer-Wise Knowledge Localization

To investigate how knowledge is structurally distributed
within LLMs, we analyze the layer-wise causal effects using
our modified version of Causal Tracing. Traditional Causal
Tracing relies on predefined factual triples (s, r, 0) and man-
ual annotation of object 0. However, this setup is unsuitable
for generative models, where multiple valid outputs may exist.
To address this, we measure the causal effects of each layer
by tracking the logits over the entire ground-truth output se-
quence. This modification enables flexible, supervision-free
knowledge localization for generative tasks such as math and
code, where broader contextual reasoning is required.

Causal Tracing

Causal tracing is a technique for quantifying the causal ef-
fects of internal activations on model predictions (Meng et al.
2022). Given a factual prompt corresponding to a knowledge
triple (s, r, 0), it estimates the causal effect of individual ac-
tivations by comparing the model's output under corrupted
and restored hidden states.

Formally, for a model with L layers and a factual input z,
the indirect effect (IE) at token ¢ and layer ¢ is defined as:

IE(t,Z) = Po (O | xnoismv(t,Z)) — Do (0 | xnoise) (D

where s denotes a corrupted version of the input,
and v, ) is the clean activation restored at token ¢ and
layer ¢. The probability pg (0 | Znoise) is computed by per-
forming a forward pass on the corrupted input, while
Do (0 | Znoises v(t,@)) is obtained by restoring v(; ¢y at the cor-
responding location during inference. A high indirect effect
indicates that the activation at the corresponding location
substantially contributes to producing the correct output.

Layer-Wise Task-specific Knowledge Localization

To quantify how task-specific knowledge is distributed across
model layers, we measure the causal influence of each layer
by tracking the logits over the entire ground-truth output
sequence. Specifically, for a given instance k,,, we compute
the token-wise indirect effect (IE) at each layer ¢, and then
aggregate these values across all output tokens to obtain a
layer-level score:

T

IE(kn,K) = Z(pg (yt ‘ Lnoise s U(t,()) — Do (yt | xnoise)) (2)

t=1

where T is the length of the ground-truth token sequence
y = (y1,Y2,---,yr), and Tpeise denotes the input obtained
by adding Gaussian noise to randomly selected token embed-
dings of z, following (Meng et al. 2022).

To achieve a task-level knowledge localization for a given
task, we average the layer-wise indirect effect across the
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Figure 2: Causal Tracing visualization on a GSMS8K instance
in Llama2-7B (base model) and MetaMath-7B (fine-tuned
model). Each heatmap shows the layer-wise indirect effect of
restoring hidden states at each token position. Darker colors
indicate higher causal effects. Tokens marked with an asterisk
(*) denote noised input positions.
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N
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To better reflect the relative contribution of each layer to
the overall knowledge distribution, we normalize the average
indirect effect (AIE) across all layers, resulting in the nor-
malized AIE (NAIE). We visualize the causal tracing results
for a GSM8K (Cobbe et al. 2021) instance in both the base
model (Llama2-7B) and the fine-tuned model (MetaMath-
7B). Figure 2 shows the results.

We then examine how knowledge is distributed across
layers in both base and fine-tuned models. We apply our mod-
ified causal tracing method to three domains: commonsense
reasoning, mathematical reasoning, and code. As shown in
Figure 3, knowledge in the base model is predominantly
concentrated in lower layers. After fine-tuning, however, we
observe a consistent upward shift, with knowledge being
increasingly localized in higher layers across all domains.

To further validate the relationship between knowledge
localization and fine-tuning effectiveness, we conduct a layer-
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Figure 3: Layer-wise task-specific knowledge localization
for commonsense reasoning and mathematical reasoning.
Comparisons between the base model and fine-tuned models:
Llama2-7B-Commonsense and Codel.lama-7B in (a), and
MetaMath-7B and CodeLlama-7B in (b). Layer-wise task-
specific knowledge localization reveals a consistent upward
shift from lower to higher layers after fine-tuning.

wise fine-tuning analysis on the Llama2-7B base model using
the MetaMathQA dataset (Yu et al. 2023). Specifically, we
fine-tune only a single transformer layer at a time using
LoRA, and evaluate two key metrics: (1) Accuracy Gain on
Target Tasks, measured by the average improvement across
GSMB8K and MATH benchmarks (Hendrycks et al. 2021b);
and (2) Average Accuracy Drop on General Tasks, mea-
sured by the performance degradation on NaturalQuestions
(Kwiatkowski et al. 2019), ARC-Challenge, and ARC-Easy
(Clark et al. 2018).

Figure 4 shows the results. Notably, the lower layers, which
were previously identified as storing general knowledge, yield
minimal gains on target tasks but incur substantial losses
on general capabilities when fine-tuned. In contrast, higher
layers contribute more to target task adaptation with smaller
side effects on general tasks. These results provide additional
empirical support for our hypothesis: fine-tuning knowledge-
intensive layers is more effective and less disruptive, further
motivating the design of L2-LoRA.

Our findings provide the first empirical evidence that task-
relevant knowledge consistently shifts toward deeper layers
following fine-tuning, offering a more interpretable under-
standing of knowledge representation in LLMs.

Method

Building on our findings that different layers of LLMs spe-
cialize in storing distinct types of knowledge, we hypothe-
size that preserving the parameters of layers associated with
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Figure 4: Layer-wise fine-tuning analysis on Llama2-7B us-
ing the MetaMathQA dataset. Each point corresponds to fine-
tuning a single transformer layer. The red curve shows the
accuracy gain on target tasks (measured across GSM8K and
MATH), while the blue curve indicates the average accuracy
drop on general tasks (NaturalQuestions, ARC-Challenge,
ARC-Easy). Fine-tuning deeper layers yields higher adapta-
tion performance with less decrease in general capabilities.

pre-trained world knowledge while encouraging adaptation
in other layers can strike a better balance between knowl-
edge preservation and task-specific adaptation. Motivated
by this hypothesis, we propose L2-LoRA, a layer-specific
regularization method that extends Low-Rank Adaptation
(LoRA) by applying distinct Lo regularization to each layer.
The strength of regularization is guided by the layer-wise
knowledge distribution, as measured by normalized average
indirect effect (NAIE). Figure 5 presents an overview of the
L2-LoRA pipeline.

Layer-specific L, Regularization

Lo regularization is a classical technique for constraining
model complexity and mitigating overfitting by penalizing
large weights. It adds a term to the loss function proportional
to the squared L, norm of the model parameters. The loss
function with Lo regularization can be formulated as:

L(y,9) = Lo(y,9) +A>_6; “

i=1

where L is the task-specific loss (e.g., cross-entropy), 6;
denotes individual trainable parameters, and A controls the
overall regularization strength.

In standard L, regularization training, ) is typically shared
across all parameters. However, our findings reveal that dif-
ferent LLM layers encode different types of knowledge, and
indiscriminate regularization may damage pre-trained knowl-
edge.

To address this problem, we propose a layer-specific vari-
ant of Lo regularization that assigns a distinct penalty Ay
to each transformer layer /, enabling selective resistance to
parameter updates based on the layer-wise knowledge distri-
bution. The modified objective becomes:

L-1
L(y,3) = Lo(f(2),y) + D Al Well3 Q)

£=0
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Figure 5: The framework of L2-LoRA. Layer-specific regu-
larization is applied to LoRA updates, guided by the NAIE
scores obtained via causal tracing.

where W, denotes the set of trainable parameters (e.g., LORA
weights) in layer £ and ), is the layer-specific regularization
coefficient.

This formulation enables layer-specific control over which
layers are allowed to adapt more freely, providing a mech-
anism to preserve pre-trained knowledge in critical layers
while allowing task-specific adaptation in others.

L2-LoRA: Layer-Specific Regularized Low-Rank
Adaptation

Motivated by our findings that pre-trained knowledge is pri-
marily stored in the lower layers of LLMs (as revealed by
NAIE), we propose L2-LoRA, a novel regularization method
that applies layer-specific Lo regularization to LORA weight
updates.

LoRA approximates weight updates AW during fine-
tuning by injecting a pair of low-rank matrices (A4, B) into
the frozen base model weights W,. The effective weights
become:

W =Wy+ AW =W, + BA 6)

where AW € R%*? is the low-rank update (rank < d).
While prior works have focused on designing expressive
low-rank structures, our approach emphasizes controlling the
magnitude of AW to preserve general knowledge.

To balance adaptation and preservation, we introduce layer-
specific Lo regularization weighted by the importance of
each layer in storing general knowledge, as measured by
NAIE p,¢). The objective becomes:

L—-1

L(y.y) = Lo(f(2),y) +1 > _NAIEp o AW, (]
=0

where L is the total number of transformer layers, AW} is the
LoRA update at layer ¢, and 7 is a tunable hyperparameter.
Although NAIE p 4 can be directly obtained via causal
tracing, this process introduces additional computational over-
head before fine-tuning. To alleviate this, we propose an
empirical approximation based on the observed localization
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trend. Specifically, we adopt a cubic decay schedule inspired
by Wang et al. (2024a), assigning stronger regularization to
lower layers:

3
NAB(p =37+ (1-7) (1= £5) t<e<e ©)
T €>€f

Here, ¢; and ¢ are the inflection points defining the range
of decreasing regularization, and 7 is the minimum penalty
weight. In our experiments, we set {; = L/3 and {5 = 2L/3,
which yielded strong empirical performance.

Experiments

We evaluate the proposed L2-LoRA through two main exper-
imental setups: (1) the preservation of pre-trained knowledge
and (2) adaptation to downstream tasks. Additionally, we
perform ablation studies to assess the effectiveness of layer-
specific knowledge localization and analyze the impact of
fine-tuning different layers on task performance.

Experiment Setup

Datasets Our experiments are conducted on three distinct
benchmarks:

1. Mathematical Reasoning: MetaMathQA (Yu et al. 2023),
comprising 395K samples from the GSM8K and MATH
datasets.

2. Commonsense Reasoning: Commonsense 170K (Hu
et al. 2023) is composed of 170K samples, created by
formatting the training sets from BoolQ, PIQA, SIQA,
HellaSwag, WinoGrande, ARC-e, ARC-c, and OBQA
with pre-defined templates.

3. Instruction Following: Alpaca dataset (Taori et al. 2023),
consisting of 52K instruction-following examples.

Baselines The proposed L2-LoRA aims to effectively re-
tain pre-trained knowledge while acquiring downstream task
knowledge. We compare our method with vanilla LoRA and
recent variants, including PiSSA (Meng, Wang, and Zhang
2024), MiLoRA (Wang et al. 2024b), and DoRA (Liu et al.
2024). The base models in our experiments are Llama-7B
and Llama2-7B.

Implementation Details To evaluate the preservation of
pre-trained knowledge, we consider three challenging down-
stream benchmarks. Specifically, we fine-tune base models
on these datasets and assess generalization performance us-
ing the MMLU benchmark (Hendrycks et al. 2021a). For
the experiments about the adaptation to downstream tasks,
we conducted experiments on commonsense reasoning and
mathematical reasoning to demonstrate the superiority of L2-
LoRA in general fine-tuning. For mathematical reasoning, we
follow the training settings of MetaMath (Yu et al. 2023). All
other training configurations follow those of LLM-Adapter
(Hu et al. 2023).



MMLU

Model Humanities Social Sciences STEM Other AVG ARC-c
Llama-7B 29.9 29.4 26.3 334 29.8 41.7
LoRA 24.4 21.9 21.5 24.0 23.1 61.3
L2-LoRA 284 27.9 28.2 28.5 28.3 65.6

Table 1: Performance on a single task. Llama-7B was trained on the Commonsense 170K dataset with LoRA and L2-LoRA.
ARC-c represents the downstream task dataset. The performance on MMLU reflects the preservation of pre-trained knowledge.
AVG denotes the average accuracy across all datasets. The results for Llama-7B and LoRA are taken from (Wang et al. 2024a).

Stage | Model .. . .MMLU
Humanities Social Sciences STEM Other AVG
Llama-7B 29.9 29.4 26.3 334 29.8
1 LoRA 25.9 25.6 26.1 24.9 25.7
1 L2-LoRA 28.4 27.9 28.2 28.5 28.3
2 LoRA 23.7 22.2 21.3 24.9 23.1
2 L2-LoRA 22.2 22.8 222 254 23.8
3 LoRA 22.2 22.8 22.2 25.4 23.3
3 L2-LoRA 24.4 22.8 21.2 25.3 23.6

Table 2: Performance under continual learning. The performance on MMLU reflects the preservation of pre-trained knowledge.
The “Stage” number indicates the task order, which follows the sequence: Commonsense Reasoning — Mathematical Reasoning

— Instruction Following.

Preservation of Pre-Trained Knowledge

In this section, we investigate how fine-tuning on downstream
tasks affects the retention of pre-trained knowledge. The ex-
periments are conducted following the setup in (Wang et al.
2024a). We fine-tune the model on a challenging downstream
task and evaluate its performance on both the target down-
stream task and general benchmarks.

Single Task We begin by fine-tuning Llama-7B on the
Commonsense 170K dataset and evaluate its performance
on the MMLU and ARC-c benchmarks. MMLU serves as a
proxy for assessing the preservation of pre-trained knowledge,
while ARC-c evaluates the model's performance on down-
stream tasks. The results, presented in Table 1, demonstrate
that L2-LoRA achieves superior performance in preserving
pre-trained knowledge, with only a 1.5% decline on MMLU.
In contrast, the standard LoRA approach results in a signifi-
cant performance drop of 6.7% on MMLU. These findings
highlight that L2-LoRA effectively penalizes parameter up-
dates associated with pre-trained knowledge, leading to better
knowledge preservation.

Continual Learning We evaluate the performance of L.2-
LoRA under continual learning conditions, following the
methodology outlined in (Luo et al. 2024). We selected three
tasks: Commonsense Reasoning (Task 1), Mathematical Rea-
soning (Task 2), and Instruction Following (Task 3). The
model is trained sequentially on the datasets for each task:
Commonsense 170K, MetaMathQA, and Alpaca. We observe
that when fine-tuned with LoRA, the average accuracy on
MMLU drops from 29.8% to 25.7%, then to 23.1%, and
finally to 23.3% after all tasks are completed. In contrast,
models fine-tuned with L2-LoRA exhibit a much smaller
drop, from 29.8% to 28.3%, then to 23.8%, and finally to
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23.6%. These results, shown in Table 2, demonstrate that L2-
LoRA outperforms vanilla LoRA in preserving pre-trained
knowledge during continual learning, highlighting its effec-
tiveness in mitigating catastrophic forgetting.

Adaptation to Downstream Tasks

Commonsense Reasoning The results for commonsense
reasoning are presented in Table 3. We compare our method
against the baselines reported in MiLoRA (Wang et al.
2024b). Among these baselines, PiSSA and MiLoRA are
specifically designed to mitigate catastrophic forgetting
through SVD-based constraints, whereas LoORA and DoRA
do not explicitly target this issue. L2-LoRA consistently out-
performs all baseline methods across most tasks in the bench-
mark, with the exception of BoolQ, HellaSwag, and ARC-e.
Specifically, on PIQA, L2-LoRA achieves an average accu-
racy increase of 5.3% over LoRA and 1.4% over MiLoRA.
On ARC-c, L2-LoRA surpasses LoORA and MiLoRA by 4.8%
and 0.7%, respectively. These results underscore the effec-
tiveness of L2-LoRA in adapting to downstream tasks.

Mathematical Reasoning Table 4 shows the results of
mathematical reasoning. L2-LoRA consistently outperforms
all baseline methods across tasks. On GSMS8K, L2-LoRA
exceeds LoRA and MiLoRA by 4.74 and 1.79 in average ac-
curacy scores, respectively. On MATH, L2-LoRA surpasses
LoRA and MiLoRA by 1.24 and 0.36 in average accuracy
scores. These results demonstrate the superior performance
of L2-LoRA in adapting to mathematical reasoning tasks
compared to other methods.

Results Analysis Based on the results, we conclude that
L2-LoRA outperforms other LoRA-based methods both in
downstream task performance and in retaining more pre-
trained knowledge, which can be referred to as generalization



PEFT Params (%) | BoolQ PIQA SIQA HellaS. WinoG. ARC-e ARC-¢c OBQA
LoRA 0.83% 69.8 79.9 79.5 83.6 82.6 79.8 64.7 81.0
DoRA 0.84% 71.8 83.7 76.0 89.1 82.6 83.7 68.2 82.4
PiSSA 0.83% 67.6 78.1 78.4 76.6 78.0 75.8 60.2 75.6
MiLoRA 0.83% 67.6 83.8 80.1 88.2 82.0 82.8 68.8 80.6
L2-LoRA 0.83% 68.9 85.2 79.8 87.5 82.8 83.1 69.5 82.5

Table 3: Performance comparison across different methods on commonsense reasoning, using Llama2-7B. Results of DoRA are
taken from (Liu et al. 2024). Results of LoRA, PiSSA, and MiL.oRA are taken from (Wang et al. 2024b).

Method GSMSK | MATH | Avg.
Full FT 66.50 19.80 | 43.15
LoRA 60.58 16.88 | 38.73
DoRA 62.28 17.63 | 40.00
PiSSA 58.23 15.84 | 37.04
MiLoRA 63.53 17.76 | 40.65
L2-LoRA 65.32 18.12 | 41.72

Table 4: Performance comparison of Llama2-7B with differ-
ent methods on Mathematical Reasoning.

ability. We argue that the superior performance of L2-LoRA
on downstream tasks is a direct consequence of its ability
to preserve pre-trained knowledge. Our empirical findings,
supported by the NAIE p ¢), demonstrate that specific layers
in LLMs are closely associated with the distribution of pre-
trained knowledge and task-specific knowledge. In contrast,
previous methods, which apply uniform updates across all
layers, risk disrupting the critical pre-trained knowledge in
lower layers.

Ablation Study

Do Models Adaptively Fine-Tune Based on Knowledge Lo-
calization? L2-LoRA primarily relies on the layer-specific
regularization strategy. To investigate whether models can
adaptively fine-tune without explicit layer-level regulariza-
tion control, we conducted experiments on the Llama2-7B
model using vanilla LoRA, applied to the MetaMathQA
dataset. We quantified the weight changes using the Lo norm,
focusing on the query and value projection matrices within
each self-attention module. As shown in Figure 6, the results
reveal that weight changes under vanilla LoRA exhibit min-
imal correlation with knowledge localization. In particular,
significant weight changes in the lower layers contribute to
the decline in generalization capabilities, a phenomenon ob-
served after LORA fine-tuning. In contrast, L2-LoRA aligns
weight changes with knowledge localization. The lower lay-
ers show minimal parameter updates, while the higher layers
exhibit more substantial adjustments. This indicates that L2-
LoRA effectively penalizes changes in the lower layers while
allowing more flexibility in the higher layers. Our results
demonstrate that vanilla LoRA fails to adapt to knowledge
localization, reinforcing the need for layer-aware regular-
ization to preserve pre-trained knowledge while enhancing
task-specific adaptation.
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Figure 6: Layer-wise weight changes after fine-tuning with
vanilla LoRA and L2-LoRA. The blue and red curves denote
quadratic polynomial fits of the change magnitudes for the
Query and Value projection matrices, respectively. Compared
to vanilla LoRA, L2-LoRA suppresses weight updates in
lower layers while permitting larger updates in higher layers.

Effectiveness of NAIE p, ;) score Based on the analysis
of the NAIEp,¢) score, we observe that the lower layers
of the model primarily store pre-trained knowledge, with
minimal adaptation to downstream tasks. Conversely, higher
layers predominantly store task-specific knowledge, with
less emphasis on pre-trained knowledge. This layer-specific
distribution is crucial for fine-tuning strategies. To assess
the effectiveness of the NAIE(p ) score, we conducted ex-
periments on mathematical reasoning. Initially, we froze all
layers and progressively unfroze them starting from layer O,
evaluating the model's performance at each stage. The results,
shown in Table 5, confirm that the NAIE p ¢ score accu-
rately reflects the amount of knowledge retained in each layer.



Starting Evaluation Number of Trainable Layers

0 2 4 6
Laver 0 MMLU 4395 4037 4145 4171
Y AddSub 3.29 3.29 405 11.14

Table 5: Performance on general benchmarks and down-
stream tasks. Layer O is the starting layer, and the number
of trainable layers gradually increases from lower to higher
layers. Fine-tuning only the lowest layers leads to about a 3
point decrease on MMLU, while yielding negligible gains on
AddSub.

Number of Trainable Layers

Starting Evaluation
0 2 4 6
Laver3] MMLU 4395 43.85 43.68 43.88
Y AddSub 329 1342 1468 17.22

Table 6: Performance on general benchmarks and down-
stream tasks. Layer 31 is the starting layer, and trainable
layers are gradually increased from higher to lower layers. As
more layers are made trainable, MMLU performance remains
largely stable, whereas AddSub improves more rapidly.

Notably, layers O and 1 retain minimal task-specific knowl-
edge, and fine-tuning these layers alone results in negligible
improvements on downstream tasks. Similarly, we unfroze
layers progressively from the highest layer backward, assess-
ing performance as the number of trainable layers increased.
As shown in Table 6, higher layers contain little pre-trained
knowledge, so fine-tuning them has minimal impact on gen-
eralization performance. However, since these layers capture
more task-specific knowledge, fine-tuning higher layers re-
sults in faster improvements on downstream tasks compared
to fine-tuning the lower layers.

Conclusion

In this work, we present a fine-grained, layer-wise analysis of
knowledge localization in LLMs, introducing the Normalized
Average Indirect Effect (NAIE) to quantify the task-specific
knowledge localization in each layer. Our findings reveal that
pre-trained world knowledge is predominantly localized in
the lower layers, while fine-tuning shifts task-specific knowl-
edge to deeper layers. Motivated by these insights, we pro-
pose L2-LoRA, a novel variant of Low-Rank Adaptation that
applies layer-specific L, regularization to LoRA parameters.
L2-LoRA enhances the efficiency of fine-tuning by imposing
stronger regularization on lower layers to preserve general
world knowledge, while allowing more flexibility in higher
layers to adapt to downstream tasks.
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