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Abstract

Low-Rank Adaptation (LoRA) is the leading parameter-
efficient fine-tuning method for Large Language Models
(LLMs), but it still suffers from catastrophic forgetting. Recent
work has shown that specialized LoRA initialization can allevi-
ate catastrophic forgetting. There are currently two approaches
to LoRA initialization aimed at preventing knowledge forget-
ting during fine-tuning: (1) making residual weights close to
pre-trained weights, and (2) ensuring the space of LoRA ini-
tialization is orthogonal to pre-trained knowledge. The former
is what current methods strive to achieve, while the impor-
tance of the latter is not sufficiently recognized. We find that
the space of LoRA initialization is the key to preserving pre-
trained knowledge rather than the residual weights. Existing
methods like MiLoRA propose making the LoRA initialization
space orthogonal to pre-trained weights. However, MiLoRA
utilizes the null space of pre-trained weights. Compared to
pre-trained weights, the input activations of pre-trained knowl-
edge take into account the parameters of all previous layers as
well as the input data, while pre-trained weights only contain
information from the current layer. Moreover, we find that
the effective ranks of input activations are much smaller than
those of pre-trained weights. Thus, the null space of activa-
tions is more accurate and contains less pre-trained knowledge
information compared to that of weights. Based on these, we
introduce LoRA-Null, our proposed method that initializes
LoRA in the null space of activations. Experimental results
show that LoRA-Null effectively preserves the pre-trained
world knowledge of LLMs while achieving good fine-tuning
performance, as evidenced by extensive experiments.

Code — https://github.com/HungerPWAY/LoRA-Null
Extended version — https://arxiv.org/abs/2503.02659

Introduction

Low-rank adaptation (LoRA), which has already become the
leading parameter-efficient fine-tuning (PEFT) (Lester, Al-
Rfou, and Constant 2021; Li and Liang 2021; Houlsby et al.
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Making W§, BA orthogonal
Method close to Wy | to Pretraind Knowlegde
LoRA v X
MiLoRA v v
CorDA v X
LoRA-Null X v

Table 1: Comparison of methods in residual weights and
LoRA initialization space.

2019; Hu et al. 2022; Tang, Hu, and Liu 2025; Yao et al. 2025)
method for Large Language Models (LLMs), assumes weight
changes during fine-tuning have a low-rank structure (Hu et al.
2022). To fine-tune pre-trained weight Wy € R™*™ LoRA
uses two low-rank matrices A € R™™ and B € R"*"
with 7 < min(m, n), to represent the corresponding weight
change, i.e., AW = BA. The vanilla LoRA uses random
Gaussian to initialize the down-projection matrix A and zero
to initialize the up-projection matrix B, which makes BA =
0 at the beginning of fine-tuning. LoRA reduces trainable
parameters by tuning only low-rank matrices.

Recent studies (Biderman et al. 2024) show that LoRA
suffers less from this issue compared to full fine-tuning, but
it still exhibits significant catastrophic forgetting (Biderman
et al. 2024; Dou et al. 2024; Wu et al. 2024). For LoRA
fine-tuning, catastrophic forgetting can be mitigated through
appropriate initialization techniques, such as CorDA (Yang
et al. 2024) and MiLoRA (Wang et al. 2025a). These LoRA
initialization methods use not zero and not random Gaussian
initialization to initialize A and B. Unlike vanilla LoRA,
they require the base weights to be adjusted such that the
initial merged weights W + B A equal the original weights.
The adjusted base weights, referred to as the residual weights,
are denoted by W{, = W, — BA.

MiLoRA (Wang et al. 2025a) updates the minor singu-
lar components of the pre-trained weights, preserving pre-
trained knowledge by freezing the principal components and
using the less-optimized subspace for learning. CorDA (Yang



LoRA-Null CorDA MiLoRA

325 =6 —6
820 $5 95
(o)) ()] (®)]
= c4 c4
o L. [(8] ©
c c3 <3
o, (@] (@]
B 22 22
mo5 T ©
& & &

0.0 0 0

0 100 200 300 400 500 600 700
Steps

0 100 200 300 400 500 600 700
Steps Steps

0 100 200 300 400 500 600 700

Figure 1: The relative changes of LoRA-Null, CorDA and MiLoRA. It is caculated by ||A* — Ay||r/||Ao|| 7, where A* is the
tuned parameters. We calculate the relative changes on the A matrix of the key projection of layer 0 on LLaMA-3.2-3B.

et al. 2024) conducts Singular Value Decomposition (SVD)
(Strang 2022) on pre-trained weights guided by the covari-
ance matrix of pre-trained knowledge activations, integrating
the context into the principal components to keep knowledge.

Based on the observations from MiLoRA and CorDA, we
can summarize that there are currently two approaches to
LoRA initialization aimed at preventing knowledge forget-
ting during fine-tuning: (1) making residual weights close
to pre-trained weights, which are adopted by both CorDA
and MiLoRA; (2) ensuring the space of LoRA initialization
is orthogonal to pre-trained knowledge, which are used by
MiLoRA. In Table 1, we show that comparison of methods
in residual weights and the space of LoRA initializations.
Because it is believed that LoRA adapters BA will change
during fine-tuning, keeping the frozen residual weights close
to the pre-trained weights seems like the key factor that en-
ables the preservation of pre-trained knowledge. However,
for CorDA and MiLoRA, the LoRA initialization is the com-
ponent of the pre-trained weights (Yang et al. 2024; Wang
et al. 2025a). Just as proper fine-tuning keeps weights close to
pre-trained weights, fine-tuned LoRA adapters remain close
to their initializations. In Figure 1, we show that the relative
changes of LoRA adapters are small. This suggests that, for
knowledge preservation, focusing the primary objective on
residual weights may not be that important. A supporting
example is that vanilla LoRA, despite freezing the full
pre-trained weights, does not outperform MiLoRA or
CorDA in knowledge preservation (Yang et al. 2024). This
motivates us to turn our attention toward the approach of
ensuring the space of adapters initialization is orthogonal to
pre-trained knowledge.

From the perspective of making the space of LoRA ini-
tialization orthogonal to pre-trained knowledge, MiLoRA
has done this by making the space of LoRA initialization
orthogonal to Wy. Given that the nonlinear neural network
unit is 0(Wx), we can also consider the null space of Xp.
Xpre contains information from the parameters of all previous
layers and the input data, whereas W only considers the
current layer. This suggests that we should choose to ana-
lyze X,r.. Meanwhile, we also show that the effective rank
of X, is much smaller than that of Wy. This means that
a higher proportion of information in X is concentrated
in the subspace corresponding to the highest singular val-
ues, while the subspace associated with the smallest singular
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values contains a lower proportion of pre-trained knowledge.
In this paper, we propose LoRA-Null, i.e. Low-Rank Adap-
tation via Null Space of pre-trained knowledge activations,
to address catastrophic forgetting. LoRA-Null randomly sam-
ples a small amount of data from datasets that are representa-
tive of the pre-training knowledge to get the activation X.
Then, we extract the null space of X,.. Following Meng,
Wang, and Zhang; Wang et al.; Yang et al., we also let the
component of W be the LoRA initialization. Thus, we make
the LoRA initialization BA = WU, U ;.
Our contributions can be concluded as follows:

* We find that making the space of LoRA initialization or-
thogonal to pre-trained knowledge is more critical for
preserving pre-trained knowledge than making the resid-
ual weights close to the pre-trained weights.

* We find that the effective rank of the input activation is
much smaller than that of the pre-trained weights. To
push orthogonal LoRA initialization to the extreme for
knowledge preservation, i.e., Low-Rank Adaptation via
Null Space, which constructs adapters initialized from the
null space of the pre-trained knowledge activation.

* We conduct extensive experiments on three tasks, showing
that our proposed LoRA-Null achieves good downstream
performance while preserving pre-trained knowledge.

Related Work

Initialization methods for LoRA. The vanilla LoRA
uses a random Gaussian distribution to initialize the up-
projection matrix A and uses a zero matrix to initialize the
down-projection matrix B. Recent studies have shown that
the proper initialization can improve the performance of
LoRA (Meng, Wang, and Zhang 2024; Yang et al. 2024;
Wang et al. 2025a). LoRA initialization methods can be
broadly classified into two main categories: (1) those de-
signed to accelerate downstream task performance, exem-
plified by PiSSA (Meng, Wang, and Zhang 2024), and the
instruction-previewed mode of CorDA (Yang et al. 2024);
and (2) those aimed at preserving pre-trained knowledge,
such as MiLoRA (Wang et al. 2025a) and the knowledge-
preserved mode of CorDA (Yang et al. 2024). PiSSA adopts
principal singular values and singular vectors of the pre-
trained weights as the initialization for LoRA adapters (Meng,
Wang, and Zhang 2024). To extract input-relevant pre-trained



weight components, CorDA performs SVD on the product of
pre-trained weights and input activation covariance matrices.
The top singular values/vectors are then multiplied by the
inverse of the input activation’s covariance matrix (Yang
et al. 2024). CorDA operates in two distinct modes: an
instruction-previewed mode, which utilizes input activations
from the downstream task, and a knowledge-preserved mode,
where input activations are sampled from the pre-training
task. MiLoRA adopts minor singular values and singular vec-
tors of the pre-trained weights as the initialization for LoRA
adapters (Wang et al. 2025a). In this paper, we focus on LoORA
initialization methods designed for knowledge preservation
and further elucidate the mechanisms of LoRA initialization
in achieving knowledge preservation.

Activation-aware knowledge preservation. The activation
is the output of a neuron after its weighted sum of inputs has
been transformed by a non-linear activation function. Recent
studies have shown that considering activation features can
lead to better pre-trained knowledge preservation compared
to only focusing on pre-trained weights (Lin et al. 2024;
Wang et al. 2025b; Yang et al. 2024). The activation-aware
knowledge preservation is widely used in model compression
and LoRA initialization. Activation-aware Weight Quantiza-
tion (AWQ) is a model quantization method that identifies
and scales a small percentage of crucial weights in LLMs
based on activation distributions, significantly reducing quan-
tization error and accelerating inference (Lin et al. 2024).
SVD-LLM is an SVD-based post-training LLM compression
method that uses truncation-aware data whitening derived
from activations and sequential low-rank approximation to
recover accuracy (Wang et al. 2025b). CorDA extracts data-
relevant pre-trained weight components by applying SVD to
the product of pre-trained weights and input activation co-
variance matrices (Yang et al. 2024). The dataset sampled to
construct the input activation is called the calibration set. To
retain pre-training knowledge, these data are sampled from
dataset that embodies the pre-training capabilities.

Preliminaries
LoRA

For pretrained weights W € R%u*din T oRA introduces a
down-projection matrix A € R"*% and an up-projection
matrix B € R%«*" where r < min(dyy, dis), which is

y=W'x=Wyx+AWx = Wox + BAx, (1)

where W* is the fine-tuned weights, AW is the change in
weights, x € R% is the input, and y € R%u is the output.

Input Activations of Pre-trained Knowledge: X,
Following Yang et al., we randomly collect some samples
from the training data of some tasks that are representative
of the pre-trained knowledge. Here, the collected samples
are used to compute their corresponding input activations.
Denote X € RdnxBL a5 the input activation matrix of a
linear layer derived from these sampled data, where dj, is the
input dimension, B is the number of collected samples, and
L represents the maximum sequence length. Note that X ;..
denotes the input activations of pre-trained knowledge,
while x denotes any input.
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MiLoRA and CorDA

MiLoRA (Wang et al. 2025a) only updates the minor singular
components of the weight matrix while freezing the prin-
cipal singular components. Let SVD(WO) UsVT and
R = rank(Wy), MiLoRA uses U[ ]E[R T]V[ Rer]

as the residual weight and use U[ ]E[,T;]V[T ;) as the
LoRA initialization. CorDA (Yang et al. 2024) is a LoRA
initialization method that uses data from downstream tasks
or pre-trained knowledge. CorDA uses the covariance ma-
trix C = XpreXpTre to extract the components of the pre-
trained weight matrices that are the most related to the pro-
vided data. CorDA first uses SVD(W,C) = UEVT. For
the knowledge preserved adaptation of CorDA, CorDA uses
Ul nEpr ]V[ . ]C ! as the residual weights and

uses U[ ,T]E[ T]V C 1

Effective Rank

Given a non-zero matrix K € with singular values
01,02,...,0¢ where Q@ = min{M, N'}, we define the nor-
malized singular value distribution:

RMXN

ag; .
pi:T7 221,...,Q, 2
> =197
where p; represents the relative weight of the i-th singular
value in the spectrum. The effective rank is defined as

eRank(K) = exp ( Zpl logp1> ; (3)

where it quantifies the spectral entropy of singular values,
giving an information-theoretic characterization of a matrix’s
effective rank (Roy and Vetterli 2007). A high effective rank
indicates that a matrix’s singular values are relatively evenly
distributed, while a low effective rank indicates that most
information is concentrated in the top few singular values.

Motivation

The analysis of CorDA and MiLoRA from the

perspective of W/,

In this section, we first analyze the CorDA and MiLoRA from

the perspective of W{,. We present two theorems as follows,

where the proofs are given in extended version.

Theorem 1. The initialization of MiLoRA is the solution of
Hvl\}ngWE) —WQHF,S.I. rank(W{)) =R-—r. 4)

Theorem 2. The initialization of CorDA is the solution of

I&}/ﬂ W6 Xpre = WoXpe|lp, s.t. rank (Wg) = R — 1. (5
0

We can observe that both MiLoRA and CorDA aim to
make W6 close to Wy. However, in Figure 1, we have
shown that the contribution of BA after fine-tuning to the
pre-trained knowledge is non-negligible. Meanwhile, we note
that although LoRA freezes the original weights Wy, it does
not preserve the pre-trained knowledge well. Therefore, it is
not so important to make W close to W
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Figure 2: The singular value magnitudes of X and W on
the key matrix of layer 0 on LLaMA-3.2-3B

| qproj | kproj | vproj | upproj |downproj
Wo (0) | 1214.11 54830 |892.36 | 2871.72 | 2883.30
Xpee (0) | 101.28 [101.28]101.28 | 553.59 | 758.06
W (1) |1788.42|714.95 | 941.63|2858.23 | 2882.98
X (1) | 85.63 | 85.63 | 85.63 | 657.79 | 127
Wy (27) ‘ 2089.48 ‘ 851.92 ‘ 943.69 ‘ 2757.13 ‘ 2838.64
Xpre (27)| 194.22 [194.22( 19422 302.78 | 79.97

Table 2: The effective rank of X.e and Wy on LLaMA-3.2-
3B. The number in “()” indicates the layer index.

The analysis of CorDA and MiLoRA from the
perspective of the LoRA initialization space

From the perspective of the LoRA initialization space, we
observe that the initialization space of MiLLoRA is the null
space of W, whereas the initialization space of CorDA is
neither the null space of W nor that of X.

When the LoRA initialization space contains the princi-
pal components of pre-trained knowledge, since the LoRA
matrices are trainable, LoORA may drastically amplify the
components associated with pre-trained knowledge; more-
over, these principal components, when perturbed, can more
easily lead to the corruption of the pre-trained knowledge.
Therefore, it is the key for knowledge preserving to make
BA orthogonal to pre-trained knowledge.

Comparing the null space of X, and W

The output of a neural network is determined by a series of
nonlinear units o(Wx). Thus, for the null space for LoRA
initialization, we can take into account either Wy or Xp.
Recent studies have shown that X, can reflect the character-
istics of pre-trained data (Lin et al. 2024; Wang et al. 2025b;
Yang et al. 2024). Next, we will explain why the null space
of Xy is better than that of Wy, from two perspectives.

First, W has weaker importance of information contained
in pre-training tasks than X,. Xy takes into account the
parameters from all previous layers as well as the input data,
whereas W, only reflects its own parameters.

Second, we analyze X, and W from the perspective
of effective rank. The effective rank is calculated by Eq.3.
In Figure 2, we can observe that the singular value magni-
tudes of X, are steeper than those of Wy,. This means that
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Figure 3: An illustration of LoRA-Null. We first use SVD
on the pre-trained knowledge activations to obtain the Uy.
Then, we use W (U, U, ;) to extract the projection of

‘W, onto the null space of X, . Finally, we conduct SVD on
Wi (UpU/ ) to initialize A and B and replace W with

null

W, — BA. LoRA-Null only allows updating A and B.

the information contained in X is more concentrated in
the principal subspace compared to W. From the perspec-
tive of effective rank, this implies that the effective rank of
Xopre is much smaller than that of Wy, as is demonstrated
in Table 2. Actually, X contains information about all the
parameters and input data from previous layers, which is the
reason for its smaller effective rank. This is because the more
precise the information in X is, the lower the uncertainty
of the information it contains, and thus the lower the effective
rank will be. From the perspective of effective rank alone,
the null space of X, contains less pre-trained knowledge
compared to that of W . Therefore, initializing LoRA in the
null space of X, will achieve better knowledge preservation
than initializing it in the null space of W,

Our Method

In this section, we introduce our proposed LoRA-Null. We let
BA in the null space of X, and do not consider the residual
weight W{. Following MiLoRA and CorDA (Yang et al.
2024; Wang et al. 2025a), we let BA is the component of
Wj. Thus, we let BA = WOUnuHUnTu", where U, is the
left null space of Xpe. BA = WU, U, means BA is
the projection of Wy onto the null space of X.. In contrast,
the LoRA initialization of MiLoRA is the projection of W
onto the null space of Wy,

To get the left null space of X, we perform SVD of X

R
Xpe = UBV' = Z oW, (6)
=1

where U € R% > and V € RIBxcXd8xL are orthog-
onal matrices, and ¥ € R%*dexL js a diagonal matrix



(a) Math on LLaMA-2-7B

Method | #Para | Trivia QA NQ open WebQS Avgl Avgl(Per) | GSM8k Math Avg2| GM
LLaMA-2-7B| - | 5251 1883 591 2575 10000 | - - o] -
LoRA 320M 45.95 1.16 6.64 1791 64.56 4299 6.26 24.63|21.00
PiSSA 320M 43.70 2.30 6.50 17.50 65.15 51.70 7.64 29.67|22.79
MiLoRA 320M 47.02 3.66 6.10 18.93 69.66 41.47 6.20 23.84|21.24
CorDA 320M 48.99 7.15 576 20.63 76.24 41.47 8.22 24.85|22.64
LoRA-Null 320M 50.02 7.98 6.55 21.52 79.21 4443 8.80 26.62|23.93
(b) Code on LLaMA-2-7B
Method | #Para | Trivia QA' NQ open WebQS Avgl Avgl(per) | HumanEval MBPP Avg2 | GM
LLaMA-2-7B| - | 5251 1883 591 2575 10000 | - - -] -
LoRA 320M 51.30 12.24 8.66 24.07 87.57 17.19 21.29 19.24(21.52
PiSSA 320M 46.08 14.40 9.25 23.24 84.25 20.61 23.84 22.23|22.73
MiLoRA 320M 49.33 13.49 7.19 2334 88.53 18.36 20.97 19.67(21.43
CorDA 320M 49.01 15.24 6.59 23.61 91.42 18.36 21.65 20.01|21.74
LoRA-Null 320M 51.29 16.51 7.87 2522 9512 18.36 21.65 20.01(22.46
(c) Instruction Following on LLaMA-2-7B
Method | #Param | Trivia QA' NQ open WebQS Avgl Avgl (Per) | MTBench | GM
LLaMA—2—7B‘ - ‘ 52.51 18.83 591 25.75 100.00 ‘ - ‘ -
LoRA 320M 46.06 9.72 7.28 21.02 79.78 3.81 8.95
PiSSA 320M 35.76 10.17 561 17.18 72.34 4.21 8.50
MiLoRA 320M 45.98 11.94 6.74 21.55 83.66 3.79 9.04
CorDA 320M 47.10 13.63 6.74 22.49 87.36 3.89 9.35
LoRA-Null 320M 48.09 14.71 6.69 23.16 89.90 4.02 9.65
(d) Math on LLaMA3.2-3B
Method | #Para | Trivia QA' NQ open WebQS Avgl Avgl(Per)| GSM8k Math Avg2 | GM
LLaMA-32-3B| - | 5077 1355 925 2452 10000 | - - - -
LoRA 195M 43.62 8.28 8.02 19.97 7791 55.65 12.72 34.19|26.13
PiSSA 195M 42.88 7.26 8.91 19.68 78.12 63.84 15.7 39.77|27.98
MiLoRA 195M 46.26 10.97 8.17 21.80 86.80 56.56 13.58 35.07|27.65
CorDA 195M 46.77 10.22 9.20 22.06 89.00 5891 14.70 36.81|28.50
LoRA-Null 195M 49.03 11.52 9.01 23.19 93.18 58.76 14.06 36.41|29.06

Table 3: Results of LORA-Null vs. baselines on LLaMA-2-7B (LLaMA-3.2-3B). The first row shows the pre-trained performance.
Bold indicates the best result; underlined indicates the runner-up. “Avgl” is the average preservation score, “Avgl(Per)” is the
percentage of preserved performance relative to pre-trained, “Avg2” is the average of downstream task scores, and “GM” is the

geometric mean of Avgl and Avg?2.

with singular values o1 > 09 > --- > op > 0 (with
R = min(dy,,B x L) = dj,, B x L > dj, ). Given a
predefined LoRA rank r (typically » < d;,), we approximate
the left null space of X, by selecting the r left singular vec-
tors associated with the smallest singular values. Formally,
if U = [U;|U,] with U, € R%*7, we treat Uy as the ap-
proximate null space under the assumption that the trailing
singular values {04, _r+1,-..,04, } are negligibly small, as
evidenced in Figure 2. This leads to the approximation:

Uj Xpre = 0. @)

Hereafter, we use Uy to represent Us.
As shown in Figure 3, we perform SVD on the pre-trained
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weights projected onto the null space, which is:

T
WoUnUpy = U'S (V') ®)
where U’ and V' are orthogonal matrices of left and right
singular vectors, respectively, and X’ is a diagonal matrix of
singular values. And we can observe that

rank (WoU,u Uy ) < rank (Up) = 7. 9)
We then initialize the adapter matrices B and A as:
B=U{ /3, A= /3, Vg (10



We prove that the columns of A T lie in the column space
of Uy in extended version. The residual weight matrix is

W, =W, - BA. (€8))

During fine-tuning, only A and B are updated while W'
are frozen. This is our proposed LoRA-Null.

Theorem 3. The initialization of LoRA-Null is not the solu-
tion of Eq. 4 and Eq. 5.

The proof of Theorem 3 and the corresponding experi-
ments are provided in extended version. Theorem 3 shows
that LoRA-Null only considers the space of LoRA initializa-
tion and does not consider making WY, close to Wy. This
is the origin of our title: we push the idea of aligning the
space of LoRA initialization to be orthogonal to pre-trained
knowledge to the extreme in order to preserve pre-trained
knowledge without considering making W{ close to W,

Experiments
Experimental Setup

Models and Datasets. We fine-tune the pre-trained LLMs—
LLaMA-2-7B and LLaMA-3.2-3B—on Math, Code, and
Instruction Following tasks. Following Yang et al., the
pre-trained knowledge is assessed using exact match scores
(%) on the TriviaQA (Joshi et al. 2017), NQ Open (Lee,
Chang, and Toutanova 2019), and WebQS (Berant et al.
2013) datasets. For Math, LLMs are trained on MetaMathQA
(Yu et al. 2024) and tested on the GSM8k (Cobbe et al. 2021)
and Math (Yu et al. 2024) validation sets. For Code, LLMs
are trained on CodeFeedback (Wei et al. 2024) and tested
on the Humaneval (Chen et al. 2021) and MBPP (Austin
et al. 2021). For Instruction Following, LLMs are trained on
WizardLM-Evol-Instruct (Xu et al. 2024) and tested on the
MTBench (Zheng et al. 2023).

Implementation Details. We follow the same training config-
uration as (Meng, Wang, and Zhang 2024; Yang et al. 2024).
Specifically, the optimization process utilizes the AdamW
(Loshchilov and Hutter 2019) optimizer with a batch size of
128 and a learning rate of 2 x 1075, We use cosine annealing
schedules alongside a warmup ratio of 0.03. The training is
conducted exclusively on the initial 100,000 conversations
from the dataset for one epoch, where the loss calculation is
based solely on the response. The rank of LoRA is set to 128.
Our experiments are carried out on a single NVIDIA H800
80GB GPU. Following (Yang et al. 2024), we randomly sam-
ple 256 data points from NQ Open with a maximum length
of 1024 as the calibration set, which is used to construct the
input activations representing the pre-trained knowledge.
Baselines. The baselines are: (1) LoRA (Hu et al. 2022); (2)
PiSSA (Meng, Wang, and Zhang 2024); (3) MiLoRA (Wang
et al. 2025a); and (4) CorDA (Yang et al. 2024).

Main results on LLaMA-2-7B and LLaMA-3.2-3B

Tables 3a, 3b and 3c and 3d present our experimental results
on LLaMA-2-7B and LLaMA-3.2-3B across Math, Code
and Instruction Following tasks, which demonstrate the su-
perior knowledge preservation of our proposed LoRA-Null,
as well as its relatively good performance on downstream
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tasks. We observe that LoRA-Null achieves the best knowl-
edge preservation performance on Trivia QA and NQ Open
compared to the baselines, except in the code for Trivia QA,
where LoRA achieves 50.30 and LoRA-Null attains 50.29.
For WebQS, LoRA-Null achieves the second-best overall per-
formance. Meanwhile, we can see that LoORA-Null achieves
the best average performance in knowledge preservation
across the board. In terms of performance relative to the pre-
trained models, LoRA-Null achieves an average improvement
of 3.35% in knowledge preservation percentage “Avg(Per)”
compared to CorDA. For downstream tasks, LoORA-Null is
second only to PiSSA in overall performance and achieves
the best results on Math on LLaMA-2-7B. Although LoRA-
Null underperforms CorDA slightly on downstream tasks
with LLaMA-3.2-3B, our hyperparameters follow those of
CorDA. As shown in Table 4a, when the sample size of the
calibration sets is 1024, LoRA-Null outperforms CorDA in
both knowledge preservation and fine-tuning performance.

Deep Discussions of LoRA initialization space

We further study the space of the LoRA initialization for
LoRA-Null, MiLoRA and CorDA. We analyze the compo-
nents of the down-projection matrices A on the subspace of
U in Equation 6 (U is the left singular matrix of X,.), as
shown in Figure 4. We define the projection matrix as:

P = AU € R"™%%, (12)

The absolute value sum over columns is computed for each
row of P, resulting in a projection absolute value sum vector
pa € R where the i-th element is given by:

pa, = [P, i=12,... dn (13)
j=1

The horizontal axis is Uy, ;, while the vertical axis is pa,.
A higher value of pa; indicates a larger component of the
down-projection matrix A onto the subspace of Uy, ;.

We find that for both CorDA and MiLoRA, their A do
not only lie in Uy = U}, _,.), while the matrix A of
LoRA-Null only lie in Upyy. Moreover, the A in CorDA
focuses more on the minor singular vectors of U compared
to MiLoRA. Meanwhile, for CorDA, from a mathematical
perspective, VVOXpreX;e = WUX2U'. This amplifies
the components of W, along the subspaces in U with singu-
lar values greater than 1, while attenuating those with singular
values less than 1. As a result, the subspace corresponding
to the smallest singular values in the SVD of WOXpreX;e is
dominated by the components of U associated with small sin-
gular values. Meanwhile, C~' = UX2U " does not change
the subspace but amplifies the components corresponding to
small singular values. This explains why CorDA outperforms
MiLoRA from the perspective of space of LoRA initializa-
tion. These further confirm that considering the null space of
Xpre is more effective than that of W

Hyperparameter Analysis

In Table 4a, we conduct experiments by varying the number
of calibration sets. First, LORA-Null exhibits greater stability
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Figure 4: Component of the down-projection matrix A onto the subspace of Uy, ;) for the key matrices in LoORA-Null, CorDA
and MiLoRA, applied to layer 0 of LLaMA-3.2-3B.

(a) Different number of calibration sets

Method | #Rank Size, #Samples Size | Trivia QA NQ open WebQS Avgl Avgl(Per)| GSM8k Math Avg2 \ GM
LLaMA-3.2-3B ‘ - ‘ 50.77 13.55 9.25 24.52 100.00 ‘ - -

CorDA ‘ 128, 64 ‘ 42.72 10.00 453 19.08 68.97 62.32 1540 38.86 ‘ 27.23

LoRA-Null 128, 64 48.69 12.33 9.06 2336 94.95 ‘ 59.59 13.94 36.77(29.31
CorDA 128, 256 46.77 10.22 9.20 22.06 89.00 5891 14.70 36.8128.50
LoRA-Null 128, 256 49.03 11.52 9.01 23.19 93.00 58.76  14.06 36.41|29.06
CorDA 128, 1024 48.46 9.89 9.30 22.55 89.48 58.15 14.50 36.33|28.62
LoRA-Null 128, 1024 48.98 11.14 10.78 23.63  92.90 59.59 14.54 37.0729.60
(b) Different ranks of LoRA adapters

Method | #Rank Size, #Samples Size | Trivia QA NQ open WebQS Avgl Avgl(Per)| GSM8k Math Avg2 \ GM
LLaMA-3.2-3B ‘ - ‘ 50.77 13.55 9.25 24.52 100.00 ‘ - -

CorDA 64, 256 48.15 10.97 935 22.82 91.93 57.09 12.86 34. 98 28.25
LoRA-Null 64, 256 49.10 12.02 8.32 23.15 91.79 55.12 13.06 34.09 |28.09
CorDA 128, 256 46.77 10.22 9.20 22.06 89.00 5891 14.70 36.81|28.50
LoRA-Null 128, 256 49.03 11.52 9.01 23.19 93.00 58.76 14.06 36.4129.06
CorDA 256, 256 45.62 9.58 541 2020 73.01 61.94 15.86 38.90|28.03
LoRA-Null 256, 256 46.58 10.11 8.12 21.60 84.71 6240 16.26 39.33|29.15

Table 4: LoRA-Null vs. CorDA with varying calibration sizes and ranks on LLaMA-3.2-3B (Math). The “Avgl” is the average
performance of knowledge preservation. The “Avgl(Per)” denotes the average percentage of knowledge preservation. The “Avg2”
is the average performance of downstream tasks. “GM?” is the geometric mean of Avgl and Avg2.

than CorDA, as indicated by its smaller performance range. Conclusion
Second, when using a small calibration set, CorDA suffers In this paper, we investigate how LoRA initialization pre-
from a significant decline in its ablhty to preserve pre-tra%n.ed serves pre-trained knowledge. We find that it is crucial for
knowledge, whereas LORA-Null still has strong capability. knowledge preservation to make LoRA initialization orthog-
Third, compared to CorDA, LoRA-Null has significantly bet- onal to the pre-trained knowledge, rather than making the
ter average performance in preserving the pre-trained knowl- residual weights close to the pre-trained weights. We find
edge and improving downstream task performance across that the effective ranks of input activations are much smaller
different numbers of calibration sets. than those of pre-trained weights. We propose LoRA-Null, a
In Table 4b, we conduct experiments by varying the rank low-rank adaptation method initialized in the null space of
of LoRA. First, LORA-Null has a better ability to preserve the activations of the pre-trained knowledge, which helps pre-
the pre-trained knowledge than CorDA under different ranks. serve LLM knowledge during fine-tuning. Extensive experi-
Second, as the rank increases, CorDA’s ability to preserve ments show that LoRA-Null can achieve good downstream
pre-trained knowledge degrades more rapidly compared to performance and effective knowledge preservation. We hope
LoRA-Null. Third, as the rank increases, LoORA-Null does not our research will provide useful insights for future studies on
only performs better than CorDA in preserving knowledge LoRA initialization.

but also achieves superior performance on downstream tasks.
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