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Abstract

Low-rank adaptation (LoRA) is a widely used
parameter-efficient fine-tuning method. In stan-
dard LoRA layers, one of the matrices, A or B, is
initialized to zero, ensuring that fine-tuning starts
from the pretrained model. However, there is
no theoretical support for this practice. In this
paper, we investigate the impact of non-zero ini-
tialization on LoRA’s fine-tuning dynamics from
an infinite-width perspective. Our analysis re-
veals that, compared to zero initialization, simul-
taneously initializing A and B to non-zero val-
ues improves LoRA’s robustness to suboptimal
learning rates, particularly smaller ones. Further
analysis indicates that although the non-zero ini-
tialization of AB introduces random noise into
the pretrained weight, it generally does not affect
fine-tuning performance. In other words, fine-
tuning does not need to strictly start from the
pretrained model. The validity of our findings is
confirmed through extensive experiments across
various models and datasets. The code is available
at https://github.com/Leopold1423/
non_zero_lora-icml25.

1. Introduction
Large language models (LLMs), such as GPT-4 (Ope-
nAI, 2024) and DeepSeek-V3 (DeepSeek-AI, 2024), have
achieved unprecedented performance across a broad range
of tasks. These state-of-the-art models typically contain
hundreds of billions of parameters. Consequently, fully
fine-tuning these models is computationally expensive and
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Figure 1. LoRA’s fine-tuning dynamics with zero initlization (i.e.,
Init[A]) and non-zero initialization (i.e., Init[AB]). Com-
pared to Init[A], Init[AB] improves LoRA’s robustness to
suboptimal learning rates, generally leading to better performance.

storage-intensive, presenting significant challenges for their
practical deployment. To address these issues, various
parameter-efficient fine-tuning (PEFT) methods have been
proposed to reduce the number of trainable parameters,
thereby decreasing the cost of fine-tuning (Xu et al., 2023).

Among these PEFT methods, low-rank adaptation (LoRA)
(Hu et al., 2022) has gained considerable attention due to its
efficiency and minimal impact on inference latency. LoRA
approximates the update of the pretrained weight matrix W
using smaller low-rank matrices, A and B, as illustrated
in Figure 1. The forward pass of LoRA is formulated as
Y = (W + α/rBA)X , where r is the LoRA rank and α is a
tunable scaling factor. During fine-tuning, W remains fixed,
while only matrices A and B are updated, usually via the
Adam optimizer (Kingma & Ba, 2015).

In standard LoRA layers, either A or B is initialized to zero,
ensuring that fine-tuning starts from the pretrained model.
Building on this premise, Hayou et al. (2024b) explores
the difference between applying Kaiming initialization (He
et al., 2016) to A and B. However, there is no theoretical
justification for the zero initialization of LoRA, which raises
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the question: Is it optimal to initialize A or B to zero?
To answer this question, we explore the impact of initial-
ization on LoRA’s fine-tuning dynamics. Let Init[A]
denote the case where A is randomly initialized and B is
set to zero, while Init[AB] denotes the case where both
A and B are initialized to non-zero values, as illustrated
in Figure 1. Our analysis demonstrates that, compared to
Init[A], Init[AB] improves LoRA’s robustness to sub-
optimal learning rates, particularly smaller ones. Notably,
learning rate decay is commonly applied during fine-tuning,
making smaller learning rates more prevalent.

However, non-zero initialization introduces noise to the pre-
trained model before fine-tuning, which raises another ques-
tion: Is it necessary for fine-tuning to strictly start from
the pretrained model? Note that pretrained weights are
usually suboptimal for downstream tasks, suggesting that
the pretrained model itself contains inherent noise. Thus,
we conjecture that the noise introduced by non-zero initial-
ization can also be corrected through fine-tuning, without
additional optimization cost. Extensive verification shows
that, with appropriate initialization variance, the noise in-
troduced by non-zero initialization does not degrade the
fine-tuning accuracy. Notably, the range of suitable initial-
ization variances is quite broad, encompassing that used in
Kaiming initialization. In conclusion, fine-tuning does not
have to strictly start from the pretrained model.

The main contributions of this paper can be summarized
as two novel insights that challenge the traditional inertial
constraints of LoRA fine-tuning:

1. You do not need to initialize LoRA’s matrices A or B
to zero. Compared to zero initialization, non-zero ini-
tialization enhances LoRA’s robustness to the learning
rate and generally achieves better fine-tuning accuracy.

2. You do not need to start fine-tuning strictly from a
pretrained model. Although non-zero initialization
alters the starting point of LoRA fine-tuning, it does
not impact the fine-tuning performance, as long as an
appropriate initialization variance is employed.

3. Experimental results confirm the validity of our theory
and findings. LoRA with non-zero initialization con-
sistently achieves superior accuracy compared to zero
initialization, particularly at smaller learning rates.

2. Preliminaries
2.1. Scaling Theory of Neural Networks

The scaling theory of neural networks is widely used to
guide the selection of hyperparameters, such as learning
rates (Hayou et al., 2024a), initialization strategies (He
et al., 2016; Yang, 2019; Hayou et al., 2024b) and depth

parametrizations (Bordelon et al., 2024; Yang, 2020) etc.
It typically involves analyzing the statistical properties of
key quantities, such as pre-activation values, by extending
the network’s width or depth to infinity. Subsequently, this
analysis is leveraged to refine hyperparameters, ensuring
favorable convergence properties under these extreme condi-
tions. For instance, Kaiming initialization (He et al., 2016)
suggests that the variance of the weights in hidden layers
should be scaled by 1/n to prevent excessively large pre-
activations as the model width n increases. More details on
the scaling theory are provided in Appendix A.1.

In this paper, we apply the scaling theory to investigate
the fine-tuning dynamics of LoRA from the perspective
of infinite width.1 Specifically, we explore how to set the
learning rate and initialization strategy for LoRA to achieve
desired performance. In our analysis, we assume that only
the model width n increases, while other factors, such as the
LoRA rank, number of layers, sequence length, and num-
ber of training steps, remain constant. To characterize the
asymptotic behavior of the analyzed variables as n increases,
we further introduce the following notations, which have
also been utilized in previous analysis of LoRA, particularly
in the context of learning rates (Hayou et al., 2024a) and
zero-initialization strategies (Hayou et al., 2024b).

Notations. Let cn 2 R and dn 2 R+ be sequences. If
there exists a constant κ > 0 such that cn < κdn, we write
cn = O(dn). If cn > κdn, we write cn = Ω(dn). If both
cn = O(dn) and cn = Ω(dn) hold simultaneously, we write
cn = Θ(dn). For a vector sequence cn = (cin)1�i�k 2 Rk

(k > 0), we write cn = O(dn) if and only if cin = O(dn)
for all i 2 [k]. This similarly applies to Θ and Ω. Ad-
ditionally, when the sequence cn is a vector of random
variables, convergence is understood to be convergence of
its ℓ2 norm. To track the exponent of the asymptotic be-
haviour of some quantity v, we further introduce the γ
operator, defined as v = Θ(nγ[v]). For example, γ[n] = 1,
γ[1] = 0, and γ[0] = �1.2 For two real-valued vari-
ables u and v, we have γ[v � u] = γ[v] + γ[u], and
γ[v + u] = maxfγ[v], γ[u]g provided that v 6= �u. More
details about the γ-operator are provided in Appendix A.2.

Next, we focus on the asymptotic behavior of the learning
rate, γ[η], as the network width n ! 1, rather than its
exact value. Given γ[η], η = Θ(nγ[η]) � c � nγ[η], where
c > 0 is a constant and lower-order terms are neglected.
As n!1, the term nγ[η] dominates, making γ[η] the key
factor determining the asymptotic behavior of η. While the
constant c is important for exact values, it doesn’t influence
the asymptotic scaling behavior. Ignoring the influence
of c, perturbations to γ[η] and η are effectively equivalent.
Therefore, we analyze the impact of perturbations in γ[η]

1Note that the width n of LLMs is typically large (n > 103).
2γ[0] = �1 is writen as a limit of γ[nβ ] when β ! �1.
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on fine-tuning dynamics, excluding c from consideration.
This analysis aims to guide the selection of learning rates
and initialization strategies based on asymptotic properties,
rather than computing precise values that depend on c.

2.2. LoRA and LoRA Features

Based on the previous analysis of LoRA presented in
(Hayou et al., 2024a;b), we adopt the same notation and
consider a general neural network of the following form:8><>:

Yin(X) = WinX,

Yl(X) = Fl(Wl, Yl�1(X)), l 2 [L],

Yout(X) = WoutYL(X),

(1)

where X 2 Rd denotes the input vector, and L � 1 is
the network depth. Let n denote the network width and
F denote the nonlinear mapping function. Wl 2 Rn�n is
the weight matrix of the l-th hidden layer. Win and Wout

correspond to the weight matrices of the input and output
layers, respectively. This model represents a pretrained neu-
ral network that will be fine-tuned for a specific downstream
task using the LoRA framework defined below.

Definition 1 (LoRA). Let W 2 Rn1�n2 be a weight ma-
trix from the pretrained model. LoRA approximates the
update of W using low-rank matrices, such that the value of
the pretrained weight becomes W + α/rBA. Here, only
B 2 Rn1�r and A 2 Rr�n2 are trainable. The rank
r � min(n1, n2), and α 2 R is a tunable scaling factor.

For each LoRA layer within the network, let Z denote its
input and let Z̄ denote the output after incorporating the
pretrained weights, i.e., Z̄ = WZ + α/rBAZ. In this
paper, we primarily investigate the statistical properties of
the output of the LoRA module, i.e., BAZ. To this end, we
further introduce the LoRA features as follows:

Definition 2 (LoRA Features). Given a general neural ar-
chitecture and a LoRA (Definition 1) layer, we define the
LoRA features (ZA, ZB) as ZA = AZ and ZB = BZA =
BAZ. The superscript t of Zt

A, Z
t
B represents the value of

the LoRA features in the t-th step of fine-tuning.

Definitions 1 and 2 are straightforward and have been used
in (Hayou et al., 2024a;b). Next, we focus on the training
dynamics of the final output ZB as n approaches infinity.

3. Fine-Tuning Dynamics of LoRA with Adam
In this section, we first introduce two critical statistics of
LoRA: stability and efficiency, as discussed in Section 3.2,
along with their respective solution sets for the learning rate
and initialization. Next, we investigate the sensitivity of
these solutions to the learning rate in Section 3.3 and ex-
plain how non-zero initialization improves their robustness.

Additionally, a simple toy model is presented in Section
3.4 to validate our theoretical findings. Finally, we explore
whether non-zero initialization affects fine-tuning accuracy
by deviating from the intended purpose of zero initialization,
which is to start fine-tuning from a pretrained model.

3.1. Simplified Settings and the Optimizer

To simplify the analysis, we adopt the setup proposed in
(Hayou et al., 2024a;b). Specifically, we assume that the
fine-tuning dataset comprises a single data point, (x, y).3

The optimization goal is to minimize the loss calculated
using the pretrained model that incorporates LoRA.

Moreover, we train only one LoRA layer to isolate the con-
tribution of individual LoRA layers to feature learning. Let
Z denote the input to the LoRA layer computed from x,
and let dZ̄t represent the gradient of the loss function, eval-
uated at the data point (x, y), with respect to Z̄. During
fine-tuning, the input Z remains constant as the step t in-
creases. In contrast, dZ̄t varies with t, as Z̄t evolves over
time. Next, we examine the behavior of ZB (Definition
2) as n approaches infinity from three perspectives: stabil-
ity, efficiency, and robustness. Formal definitions of these
perspectives will be provided in subsequent sections.

Adam (Kingma & Ba, 2015) is a commonly used optimizer
for fine-tuning LLMs. Therefore, we focus on the fine-
tuning dynamics of LoRA with the Adam optimizer. A
similar analysis for the SGD optimizer (Bottou, 2010) is
provided in Appendix C, where we observe that Adam out-
performs SGD in enhancing LoRA’s feature learning capa-
bilities, primarily due to the gradient normalization process.
The conclusions drawn in this section are partially applica-
ble to SGD; further details can be found in Appendix C.

3.2. Stability and Efficiency of LoRA

To ensure that the LoRA layers produce stable outputs, it is
expected that ZB remains within a reasonable range through-
out the fine-tuning process. Consequently, the concept of
stability is introduced and defined as follows:

Definition 3 (Stability). A LoRA fine-tuning process is con-
sidered stable if, for all LoRA layers and for all t > 1,4

Zt
B = Θ(1) as the width n approaches infinity.

Stability indicates that as the width increases, the output
of LoRA, ZB , remains bounded and does not diminish,
demonstrating LoRA’s effective and positive contribution
to fine-tuning outcomes. For the sake of analytical clarity,

3This simplification is made for analytical purposes only; the
analysis can be extended to mini-batched gradients without chang-
ing the conclusions. However, additional assumptions are required
to ensure the rigor of such an extension.

4The case where t = 1 is excluded because, in standard LoRA,
B is typically initialized to 0, resulting in Z1

B = 0.
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we do not consider LoRA's internal stability (i.e.,ZA ) in
this section. Instead, a detailed analysis and discussion of
internal stability are provided in Appendix B.2.

In addition to the stability ofZB , we are more concerned
about whetherZB is effectively updated during �ne-tuning.
At the t-th step, the update toZB is given by:

� Z t
B = B t � 1� Z t

A| {z }
� 1

t

+ � B t Z t � 1
A| {z }

� 2
t

+ � B t � Z t
A| {z }

� 3
t

; (2)

As discussed in (Hayou et al., 2024a;b), the terms� 1
t and

� 2
t denote `linear' updates, re�ecting the effects of training

A andB independently. The third term,� 3
t , represents a

`multiplicative' update, capturing the combined effect of
optimizing bothA and B simultaneously. Ideally, asn
approaches in�nity,� ZB should remain�(1) to ensure
effective updates toZB during �ne-tuning. A similar con-
dition was proposed in (Yang, 2020) for pretraining and
later adopted by (Hayou et al., 2024a;b) as a metric for ef�-
cient feature learning in LoRA. According to (Hayou et al.,
2024a;b), it is essential for both� 1

t and� 2
t to be�(1) to

ensure that the updates ofA andB contribute positively
to � ZB .5 Based on the above analysis, the ef�ciency of
LoRA's feature learning is de�ned as follows:

De�nition 4 (Ef�ciency). A LoRA �ne-tuning process is
considered ef�cient if it is stable (De�nition 3) and, for all
LoRA layers and for allt > 1, � 1

t = �(1) and� 2
t = �(1) .

In contrast to stability, ef�ciency emphasizes the effective
updating ofZB . We now analyze the effects of initialization
and learning rate on both stability and ef�ciency. At the
t-th step of �ne-tuning, the LoRA weights are updated as
A t = A t � 1 � � A gt � 1

A = A0 � � A
P t � 1

i =0 gi
A and B t =

B t � 1 � � B gt � 1
B = B0 � � B

P t � 1
i =0 gi

B , where (� A , � B ) are
the learning rates, (A0, B0) are the initialization values, and
(gA , gB ) represent the normalized gradients generated by the
Adam optimizer. Note that bothgA andgB are of order�(1)
due to the gradient normalization process. By substituting
� Z t

A = � � A gA Z and� B t = � � B gB into Eq.(2), and
applying the
 -operator, the conditions for LoRA to achieve
stability and ef�ciency can be expressed as:

8
><

>:


 [� 1
t ] = 
 [� � A B t � 1gt � 1

A Z ] = 0 ( � 1
t = �(1))


 [� 2
t ] = 
 [� � B gt � 1

B A t � 1Z ] = 0 ( � 2
t = �(1))


 [Z t � 1
B ] = 
 [B t � 1A t � 1Z ] = 0 ( Z t � 1

B = �(1))

(3)

Using the properties of the
 -operator, we can express the

5One might wonder why� 3
t is not required to be�(1) . This is

because as long as LoRA is stable and� 1
t , � 2

t are both�(1) , then
� 3

t = �(1) (i.e., 
 [� 3
t ] = 
 [� A ] + 
 [� B ] + 1 = 0 ) is guaranteed,

as shown in Eq.(5).

above equations in terms of(A0; B0) and(� A ; � B ) as:6

8
><

>:

max(
 [B0]; 
 [� B ]) + 
 [� A ] + 1 = 0 ;
max(
 [A0]; 
 [� A ]) + 
 [� B ] + 1 = 0 ;
max(
 [A0]; 
 [� A ]) + max( 
 [B0]; 
 [� B ]) + 1 = 0 ;

(4)
which further leads to the following conditions:

(

 [� A ] + 
 [� B ] = � 1;

 [A0] � � A ; 
 [B0] � � B :

(5)

By default, a uniform learning rate is used for the weight
matricesA andB , i.e.,� A = � B . Based on this condition,
the solution to the above equations is

(

 [� A ] = 
 [� B ] = � 1=2;

 [A0] � � 1=2; 
 [B0] � � 1=2;

(6)

where
 [A0] and
 [B0] cannot both be equal to�1 simul-
taneously, as this would imply that bothA andB are zero,
preventing optimization via gradient descent algorithms.

In standard LoRA,A is initialized using Kaiming initial-
ization, whileB is initialized to zero. This initialization
strategy is denoted asInit[A] . In contrast, whenB is
initialized using Kaiming initialization andA is initialized
to zero, the strategy is referred to asInit[B] . Let � 2

A
and� 2

B represent the variances ofA0 andB0, respectively.
For Init[A] , � 2

A = 1=n and� 2
B = 0 , which results in


 [A0] = � 1 and
 [B0] = �1 , thereby satisfying Eq.(6).
However, forInit[B] , � 2

A = 0 and � 2
B = 1=r , result-

ing in 
 [A0] = �1 and
 [B0] = 0 , which fails to meet
the desired conditions.7 Consequently, we conclude that
LoRA achieves stable and ef�cient feature learning when
using Adam withInit[A] , but not withInit[B] . This
conclusion aligns with the �ndings of (Hayou et al., 2024b).

Similarly, when using the SGD optimizer, solutions to en-
sure stability and ef�ciency for LoRA can be derived as:

(

 [� A ] = 
 [� B ] = � 1=2;

 [A0] � � 3=4; 
 [B0] � � 1=4;

where at least one of the two inequalities must hold with
equality. It is evident that neitherInit[A] nor Init[B]
can satisfy the desired conditions when using the SGD op-
timizer. Furthermore, we highlight that Adam offers more
�exible initialization options than SGD, a bene�t attributed
to the gradient normalization process. Detailed proofs and
explanations can be found in Appendix C.

6A detailed proof of this conversion is given in Appendix B.1.
7In the case where� A = � B = � , Init[B] can only achieve

stability when
 [� ] = � 1. LoRA+ (Hayou et al., 2024a) decouples
the learning rate of matricesA and B (i.e., 
 [� A ] = � 1 and

 [� B ] = 0 ), thereby enabling LoRA to achieve both stability and
ef�ciency when usingInit[B] .
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3.3. Robustness of LoRA

The solution presented in Eq.(6) demonstrates that LoRA's
stability and ef�ciency impose stricter constraints on the
learning rate, while the range of feasible initialization val-
ues is comparatively broader. Note that strictly setting
 [� A ]
and
 [� B ] to � 1=2 is particularly challenging in practical sce-
narios, as the constant in� is generally intractable. Conse-
quently, we investigate the impact of deviations in
 [� ] from
� 1

2 on LoRA's stability and ef�ciency. For the case where

 [� ] > � 1=2, 
 [� 1] = 
 [� 2] = 
 [ZB ] = 2 
 [� ] + 1 > 0,
which inevitably causes instability and inef�ciency. There-
fore, learning rate decay is commonly applied during �ne-
tuning to prevent excessively large learning rates. In the fol-
lowing, we primarily focus on the case where
 [� ] � � 1=2.

First, when
 [� A ] � 
 [A0] � � 1=2, max(
 [A0]; 
 [� A ]) =

 [A0]. In this case,
 [� A ] < � 1=2 will not affect 
 [� 2] and

 [ZB ]. Similarly, when
 [� B ] � 
 [B0] � � 1=2, 
 [� B ] <
� 1=2 will not affect 
 [� 1] and 
 [ZB ]. Conversely, when

 [� A ] > 
 [A0], 
 [� 1] = 
 [� A ] + 
 [� B ] + 1 = 2 
 [� ] + 1 ,
which implies that changes in� will result in a quadratic
change in� 1. The same holds for� 2 andZB . Clearly, in this
case where
 [� A ] > 
 [A0] and
 [� B ] > 
 [B0], LoRA is
more sensitive to �uctuations in the learning rate. Based on
these insights, we formally de�ne the robustness of LoRA's
stability and ef�ciency as follows:

De�nition 5 (Robustness). Assume a LoRA �ne-tuning pro-
cess is stable and ef�cient (De�nitions 3-4) with
 [� ] = 
 � .
The process is considered robust with respect to the learning
rates
 [� A ] � 
 � and 
 [� B ] � 
 � if, for all LoRA layers
and for all t > 1, the following relations hold:P(
 [� 1] j

 [� B ]) = P(
 [� 1]), P(
 [� 2] j 
 [� A ]) = P(
 [� 2]), and
P(
 [ZB ] j 
 [� A ]) = P(
 [ZB ] j 
 [� B ]) = P(
 [ZB ]).8

Robustness focuses on the impact of suboptimal learning
rates, particularly those lower than the optimal value, on
the stability and ef�ciency (i.e.,� 1; � 2 andZB ). Speci�-
cally, � 1 re�ects the effect of trainingA independently, and
robustness seeks its independence from� B . The same prin-
ciple applies to� 2. To achieve this, both
 [A0] and
 [B0]
should be set to� 1=2,9 which leads to the following rela-
tionships for all learning rates satisfying
 [� A ] � � 1=2 and

 [� B ] � � 1=2.

8
><

>:


 [� 1] = 
 [B0] + 
 [� A ] + 1 = 
 [� A ] + 1=2;

 [� 2] = 
 [A0] + 
 [� B ] + 1 = 
 [� B ] + 1=2;

 [ZB ] = 
 [A0] + 
 [B0] = 1 :

Clearly,� 1 and� 2 vary linearly with changes in the learning
rates� A and� B , respectively, while
 [ZB ] = 1 remains

8The conditional probabilityP (x j y) = P(x) indicates that
x is independent ofy.

9Setting
 [A0 ] = 
 [B0 ] = s < � 1=2 ensures robustness only
for learning rates that satisfy
 [� ] � s.

unaffected, thereby ensuring consistent stability. Based on
the above analysis, we derive Theorem 1, which presents
the initialization strategy that optimally supports robustness
(De�nition 5) while maintaining stability and ef�ciency
(De�nitions 3 and 4) for LoRA �ne-tuning.

Theorem 1(Robust LoRA (Informal)). A LoRA �ne-tuning
process optimized with Adam exhibits optimal robustness
(De�nition 5) to the learning rate whenA0 = �( n� 1=2)
andB0 = �( n� 1=2).

This initialization scheme is referred to asInit[AB] ,
where it is observed thatA0B0 = �( n� 1). This is
equivalent to treatingAB as a whole and then perform-
ing Kaiming initialization, rather than directly performing
Kaiming initialization forA or B as done inInit[A] or
Init[B] . As shown in Table 1,Init[AB] can simultane-
ously achieve stability, ef�ciency, and robustness, whereas
Init[A] andInit[B] cannot.

Table 1.A comparison between various initialization strategies.
Initialization Stability Ef�ciency Robustness
Init[B] X � �
Init[A] X X �
Init[AB] X X X

However, enforcingA0 andB0 to be exactly�( n� 1=2) is
challenging (similar to the learning rate), as the constant
within � is typically intractable. Therefore, we do not
impose a strict requirement onA0 andB0 to be of order
�( n� 1=2). Instead, our main focus is ensuring thatA 0=B 0 =
�(1) , which guarantees thatA andB are initialized to non-
zero values simultaneously. For simplicity, we ignore the
constant in�(1) , implying that the variances ofA0 andB0

are equal. Compared to initializingB to zero, this at least
enhances the robustness of LoRA �ne-tuning with respect to
� B . Finally, we formally de�ne the non-zero initialization
for LoRA as follows:

De�nition 6 (Non-Zero Initialization). A LoRA layer is
non-zero initialized if the weight matricesA and B are
initialized with the same variance, i.e.,� 2

A = � 2
B .

3.4. Toy Model

In this section, we verify the advantages of non-zero ini-
tialization in LoRA by �ne-tuning the following toy model,
which is actually the general model in Eq.(1) withL = 1 .

f (X ) = Wout F ((W0 + BA )F (Win X )) ;

where X 2 Rd is the input vector,Win 2 Rn � d,
Wout 2 R10� n , andW0 2 Rn � n are the pretrained weights.
A 2 Rr � n andB 2 Rn � r are the LoRA weights. The
dimensions(d; n; r ) are set to 784, 4096, and 32. The
MNIST (Deng, 2012) and FashionMNIST (Xiao et al., 2017)
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datasets are used for pretraining and �ne-tuning, respec-
tively. During �ne-tuning, only matricesA andB are train-
able, whileWin ; W0 andWout remain �xed. Adam is used
as the optimizer. More details about the toy model can be
found in Appendix D.1. Subsequently, we compare the test
loss of LoRA under zero and non-zero initializations, vary-
ing learning rates and initialization variances. The results,
presented in Figure 2, demonstrate that the performance
of LoRA with zero initialization deteriorates signi�cantly
at lower learning rates, whereas the non-zero initialization
consistently yields better performance, aligning with our
theoretical expectations.

Figure 2.Test loss of LoRA �ne-tuned with zero initlization
(Init[A] ) and non-zero initialization (Init[AB] ). The lower-
left corner presents the improvement ratio ofInit[AB] relative
to Init[A] , while the lower-right corner presents the conver-
gence curves ofInit[AB] andInit[A] under speci�c settings.

3.5. Starting Point of LoRA Fine-Tuning

Previous studies have unintentionally employed the non-
zero initialization for LoRA (Li et al., 2024; Meng et al.,
2024; Wang et al., 2024). LoftQ (Li et al., 2024) �ne-tunes
a quantized pretrained model and uses quantization errors
to initialize the LoRA module. Speci�cally, it generates
the initialization values for LoRA by performing truncated
Singular Value Decomposition (SVD) on the quantization
errors, thereby minimizing these errors in the pretrained
model. PISSA (Meng et al., 2024) suggests performing
SVD on the pretrained weights and initializingA andB
using the singular vectors and largest singular values. It
believes that updating the principal components of the pre-
trained model accelerates convergence and enhances perfor-
mance. LoRA-GA (Wang et al., 2024) proposes initializing

A andB based on gradient information. This involves com-
puting the gradient of the pretrained model over several
steps of gradient descent and applying truncated SVD on
the gradient to derive the initialization values for matrices
A andB . Although these previous methods utilize non-zero
initialization for LoRA, they do not discuss the bene�ts nor
provide a theoretical foundation for such initialization. This
study bridges these gaps and offers theoretical support for
non-zero initialization techniques.

Standard LoRA employs zero initialization to ensure that
�ne-tuning starts from the pretrained model. However, non-
zero initialized LoRA introduces noise to the pretrained
model before �ne-tuning begins. A straightforward solution
to this problem is to subtract�r A0B0 from the pretrained
weights, as proposed by Wang et al. (2024). However, this
requires modi�cations to the pretrained model, complicat-
ing its reuse. This challenge becomes particularly evident
in multi-LoRA scenarios, where the pretrained model is
shared across multiple LoRA modules for different tasks
(Sheng et al., 2023). In such cases, it is required that the
initialization of different LoRA modules remains consistent.

Figure 3.Test loss of un-�ne-tuned T5-Base on different dataset
with various initialization size (� 2). Note that the initialization
variances of matricesA andB are both set to(�� k )2 , where� 2

k is
the variances ofA when initialized with Kaiming initialization.

Above discussion raises the question of whether it is neces-
sary to subtract�r A0B0 from the pretrained model. Note
that pretrained weights are typically not optimal for down-
stream tasks. Therefore, we conjecture that introducing
small perturbations to the pretrained weights will not sig-
ni�cantly affect their performance on downstream tasks,
nor will it substantially impact convergence during �ne-
tuning. To test this hypothesis, we conducted a preliminary
evaluation using the T5-Base model (Raffel et al., 2020).
Speci�cally, we compared the accuracy of the un-�ne-tuned
T5-Base on several datasets of the GLUE benchmark (Wang
et al., 2019), utilizing non-zero initialized LoRA with var-
ious initialization variances. As shown in Figure 3, the
non-zero initialization does not impact the initial perfor-
mance of the pretrained model on downstream tasks unless
the initialization variance is exceedingly large. Therefore,
we conclude that, with appropriate initialization variances,
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Figure 4.Fine-tuning accuracy of T5-Base on different datasets with various learning rates (� ) and initialization sizes (� ). Note that the
initialization variance is set to(�� k )2 , where� 2

k is the variance of matrixA when initialized with Kaiming initialization.Init[AB] -
Init[A] denotes the accuracy improvement achieved by non-zero initlization, whereB is initialized with the same variance asA.

there is no need to subtract the non-zero initialized LoRA
from the pretrained model. Further veri�cation will be con-
ducted in subsequent experiments.

4. Experiments

In this section, we evaluate our �ndings across three bench-
marks. First, we evaluate natural language understanding
tasks using a subset of the GLUE benchmark (Wang et al.,
2019). Next, we evaluate natural language generation tasks
using the commonsense reasoning and arithmetic reasoning
benchmarks, as proposed in (Hu et al., 2023). Our primary
objective is to examine the impact of zero and non-zero
initialization on �ne-tuning performance across different
learning rates and initialization variances. Let� 2

k repre-
sent the variance of matrixA under Kaiming initialization
(i.e., � 2

k = 1
n ). In our experiments, the initialization vari-

ance is set to(�� k )2, where� controls the initialization
size. For non-zero initialization,B is initialized with the
same variance asA. By default, we subtract the non-zero
initialized LoRA from the pretrained weights. The effects
of omitting this subtraction process will be discussed in
Section 4.3. More experimental details and results can be
found in Appendices D and E. It is worth noting that the
standard deviation for the GLUE dataset ranges from 0.01
to 0.4, while for commonsense and arithmetic reasoning
tasks, it spans from 0.2 to 0.4. In our experiments, smaller
learning rates tend to converge less effectively and exhibit
higher standard deviations. However, this standard deviation

is generally minimal compared to the performance gains
achieved by non-zero initialization.

4.1. Natural Language Understanding Tasks

Models and Datasets.In this section, we �ne-tune the T5-
Base model (Raffel et al., 2020) on several datasets from
the GLUE benchmark, including MRPC, CoLA, SST-2,
and QNLI. The experiment is conducted based on the code
provided in (Wang et al., 2024). Each experiment is run
three times, and the average test accuracy is reported.

Results. Figure 4 presents the test accuracy of T5-Base
on the GLUE benchmark. As the initialization variance in-
creases,Init[A] exhibits enhanced robustness at smaller
learning rates, aligning with our theoretical predictions.
Notably, � = 1 corresponds to the Kaiming initialization
(
 [A0] = � 1), which is smaller than the theoretically opti-
mal value of
 [A0] = � 1

2 . Moreover, initializingB with
the same variance asA (i.e., Init[AB] ) further improves
performance overInit[A] at smaller learning rates, re-
sulting in up to a 10% accuracy improvement. Figure 5 illus-
trates the convergence curves ofInit[A] andInit[AB]
on the QNLI dataset with a learning rate of 3e-7, where
Init[AB] accelerates convergence by nearly a factor of
two. Additionally, even when the learning rate is near op-
timal, Init[AB] still yields a 1% accuracy improvement.
A heatmap forInit[AB] is provided in Appendix E.
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