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ABSTRACT

While low-rank adaptation (LoRA) is widely used for parameter-efficient model
adaptation, how to regularize its training dynamics for stable and effective opti-
mization remains underexplored. Because LoRA initializes the up-projection to
zero, its early optimization dynamics are largely governed by the down-projection.
Building on this observation, we introduce Normalized Low-Rank Adaptation
(NoRA), a simple yet effective method that normalizes the down-projection matri-
ces during training. We further show that the same normalization can be applied
only at initialization, improving standard LoRA without requiring repeated nor-
malization throughout training. Across pretraining, supervised finetuning, and re-
inforcement learning, NoRA consistently accelerates convergence, improves per-
formance and training stability, and mitigates catastrophic forgetting. These ben-
efits require neither additional trainable parameters nor inference-time computa-
tion, making NoRA a simple and broadly applicable enhancement to LoRA.

1 INTRODUCTION

As large language models (LLMs) continue to scale, their training costs grow rapidly, increasing the
need for parameter-efficient learning. Among parameter-efficient finetuning (PEFT) approaches,
Low-rank adaptation (LoRA) (Hu et al., 2021) has become particularly popular due to its simplic-
ity, efficiency, and strong empirical performance. By representing weight updates through low-rank
factorization, LoORA greatly reduces the number of trainable parameters and has been successfully
applied to supervised finetuning, pretraining, and reinforcement learning (Wang et al., 2026; Shen
et al., 2026). Despite its effectiveness, LoRA’s optimization dynamics remain poorly understood.
Standard LoRA parameterizes AW = aBA with randomly initialized A and zero-initialized B.
Although this preserves the pretrained initialization, early optimization depends entirely on the ran-
dom features induced by A. This observation motivates the question below:

Does the regularization of the down-projection matrix A provide a useful design dimension
for improving LoRA optimization?

Existing work suggests that initialization can substantially affect low-rank optimization. Methods
such as PiSSA (Meng et al., 2024) and MiLoRA (Wang et al., 2025) construct the initial low-rank
subspace from the spectral structure of pretrained weights and often converge faster than random
initialization. However, they require singular-value decomposition and modify the initial decom-
position of the pretrained weights, making them less convenient for large-scale training and poten-
tially fragile in reinforcement-learning settings (Yin et al., 2025). Other approaches improve LoRA
through modified scaling (Kalajdzievski, 2023), constrained parameterizations (Liu et al., 2024b),
or fixed projections (Kopiczko et al., 2024). However, how the regularization of the down-projection
matrix affects or improves LoRA’s optimization remains poorly understood.

Our investigation begins with the observation that the normalized latent bottleneck used in Multi-
head Latent Attention (MLA) substantially stabilizes training and also improves convergence. Simi-
lar observations have also been made in multiple training settings (Liu et al., 2017; 2018; Loshchilov
et al., 2025). These phenomena suggest that the numerical structure of the normalized latent rep-
resentation presented to the up-projection can play an important role in stable optimization. Di-
rectly introducing latent normalization into LoRA changes the standard linear update from BAx
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to B - Norm(Ax). Because the normalization depends on the input, the resulting transformation is
nonlinear with respect to  and can no longer be exactly merged into the pretrained weight matrix
like LoRA. Inspired by MLA, we therefore study whether the useful numerical effect of latent nor-
malization can instead be encoded as a regularization of the linear down-projection such that we can
have both LoRA’s exact mergeability and MLA’s favorable optimization benefits.

To this end, we adapt MLA’s normalization principle from the latent feature to the low-rank pro-
jection itself. Each column of A € R"** represents how an input coordinate is projected into the
r-dimensional latent space. Guided by the normalization dimension in MLA, we propose to nor-
malize these projection vectors along the rank dimension, yielding the linear form B - Norm(A ).
We refer to this formulation as Normalized LoRA (NoRA), which constrains the input-to-latent
projection magnitudes throughout training while preserving exact weight mergeability. This nor-
malization scheme also ensures that the gradient norm of NoRA can be better aligned with full
finetuning, bridging the learnability gap between LoRA and full finetuning.

NoRA requires the down-projection matrix A to be normalized along the output rank dimension.
This principle motivates two ways of applying normalization: (1) as a training constraint (i.e.,
NoRA) and (2) as an initialization strategy (i.e., NoRA-init). In the former, NoRA continuously
normalizes the down-projection matrix A along the low-rank dimension 7 throughout training. In
the latter, NoRA-init normalizes A only once at initialization and subsequently optimizes it with-
out constraints during training. For NoRA-init, we propose two initialization variants: (1) random
normalization, where A is randomly initialized and then normalized; and (2) Block Identity Matrix
Initialization (BIMI), where A is constructed as a block-identity matrix that inherently satisfies the
rank-dimensional normalization requirement. NoRA improves training by removing undesirable
scale imbalance across the low-rank dimensions, providing a better-conditioned parameterization
than standard LoRA.

We evaluate both NoRA and NoR A-init across pretraining, supervised finetuning, and reinforcement
learning with verifiable rewards. Across a diverse range of base models, tasks, and training config-
urations, both methods consistently accelerate convergence, improve training stability, and enhance
downstream performance. They also mitigate catastrophic forgetting during supervised adaptation
and remain robust in reinforcement-learning settings where other spectral initialization methods can
be fragile. In general, we can conclude that these results establish rank-dimension normalization
of the down-projection as an important design principle for improving LoRA optimization. Our
contributions are summarized as follows:

* We identify the down-projection matrix A as a previously underexplored yet important design
dimension in LoRA, showing that its magnitude can play a critical role in shaping optimization
dynamics and ultimately improving training efficiency and downstream performance.

* We propose NoRA, which normalizes the down-projection matrix A along the rank dimension
in the LoRA parameterization. We further introduce NoRA-init, an initialization-only variant
that applies this normalization at initialization and requires no re-normalization during training,
enabling seamless performance improvements without modifying the optimization procedure.

» Extensive experiments across pretraining, SFT, and RLVR demonstrate NoRA’s improved con-
vergence, stability, downstream performance, and resistance to catastrophic forgetting.

2 PRELIMINARIES

LoRA parameterizes the weight update of a pretrained matrix as
AW =W — W, = aBA, (1

where A € R™*, B € R¥*", and r < min(d, k). Standard LoRA initializes B©® =0to preserve
the pretrained model. Let G = 9L/OW denote the gradient of the corresponding full weight matrix.
At initialization, we have the following gradients with respect to B and A:

oL oL

—=| =aGA)T, —| =o. 2
oB|_,~oc¢A) 0A|,_, @
Therefore, the earliest optimization of LoRA is entirely determined by the latent representation
induced by the initial projection A(%).
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Method

Forward Computation

Initialization / Prior

Full-Parameter and Standard Low-Rank Adaptation

Full Finetuning
LoRA (Hu et al., 2021)

y = Woz
y = Wyx + BAx

N/A
A~ N(0,6%), B=0

Optimization-Strategy Variants

LoRA+ (Hayou et al., 2024)

y = Wyz + BAx

nB = Ana

Structured or Constrained Low-Rank Parameterizations

DoRA (Liu et al., 2024b)
MiSS (Kang & Yin, 2026)

AdaLoRA (Zhang et al., 2023b)
LoRA-FA (Zhang et al., 2023a)

VeRA (Ye et al., 2025)

— m( WozrtBA
y= [Wo+BAlc

y = Wy + expand(D)z
y = Wox + PAQz

y = Wyz + BAzx

y = Wox + AyBAjAx

Kaiming init, B = 0
Fixed structured projection
A =0, P,Q~ N(0,0%)
Frozen random A, B = 0
Frozen random A, B

Initialization-Based Low-Rank Adaptation

PiSSA (Meng et al., 2024)
MiLoRA (Wang et al., 2025)
NoRA-init

NoRA

y=(Wy — BA)x + BAz
y=(Wy— BA)z + BAx
y = Wyx + BAx

y = Woz + B Norm(A)z

Top-r SVD initialization
Minor-component SVD init
A =Norm(A), B=0
B=0

Table 1: Overview of representative PEFT methods categorized by their primary mechanism, including forward
parameterization and initialization strategy.

Motivated by this observation, we consider a unified latent-feature formulation:
Ay = aBo(x), (3)

where ¢(x) € R” denotes the latent feature presented to the up-projection. Existing low-rank
methods can be interpreted as constructing this latent feature in different ways:

Az, random projection (LoRA),
¢($) = Ainitw )
Norm(Ax), normalized projection (e.g., MLA).

structured projection (e.g., PISSA, MiLoRA), “)

Although these approaches adopt different implementations, they can all be viewed as designing
the latent feature presented to the up-projection. This latent-projection perspective motivates us to
revisit how to regularize the latent projection without losing the exact mergeability of LoRA.

3 NORA: NORMALIZED LOW-RANK ADAPTATION

3.1 FROM NORMALIZED LATENT FEATURES TO NORMALIZED LOW-RANK PROJECTION

The normalized latent projection in MLA suggests that the representation presented to the up-
projection plays an important role in training dynamics. Specifically, MLA constructs the low-
dimensional latent feature as

¢(x) = Norm(Ax), ®)

where the normalization operator explicitly regulates the projected feature before it is mapped back
to the output space. Directly introducing this operation into LoRA changes the standard linear update
from BAx to BNorm(Ax). Since the normalization depends on the input, this transformation
becomes nonlinear with respect to « and can no longer be exactly merged into the pretrained weight
matrix. We therefore seek to transfer the scale-control effect from the latent feature to the down-
projection matrix itself. Modern Transformer architectures are typically pre-normalized, such that
the magnitude of the input x to each linear layer is already well controlled by LayerNorm. In this
setting, variations in the column norms of A introduce additional scale imbalance in how different
input coordinates are projected into the low-rank latent space. We therefore normalize each column
of A along the LoRA rank dimension. For A € R™**, we write

A =lai, aq, ..., a;, a; € R", (6)
where a; denotes the latent projection vector associated with the j-th input coordinate. We define

a; ag

Norm(A) = (7

max(|laill2,€)" " max([lax]2; €)
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Figure 1: Illustration and optimization behavior NoRA. Left: Each input-to-latent projection vector is normal-
ized along the LoRA rank dimension. Right: Gradient-norm dynamics of different initialization methods and
LoRA ranks on LLaMA-3.2-3B trained on the Math dataset.

where ¢ is a small constant for numerical stability. Thus, we have that

H[Norm(A)], -1,  j=1,... .k ®)

RAID

Based on this rank-dimension normalization, we introduce normalized low-rank adaptation, which
parameterizes the low-rank update as the following form:

Ay = aBNorm(A)z. 9)

Unlike latent-feature normalization in MLA, Norm(-) depends only on the LoRA parameters rather
than the input. NoRA therefore imposes a normalization constraint on the down-projection through-
out training while remaining linear with respect to x. After training, the normalized down-projection
can be absorbed into the low-rank update, preserving exact weight mergeability. In this way, every
input coordinate is continuously projected through a unit-norm latent direction, removing arbitrary
column-wise scale variation in A. The resulting transition can be summarized as

BNorm(Ax) — BNorm(A)x . (10)
~—_——— ————
MLA: input-dependent latent normalization NoRA: normalized low-rank projection

Our initialization and gradient-norm analyses further suggest that much of the benefit of NoRA is
already established at the beginning of optimization. This motivates a simpler initialization-only
variant, which we denote as NoRA-init. Specifically, we initialize

A = Norm(Ajny), B =, (11)

and subsequently optimize A and B using the standard LoRA parameterization without performing
normalization throughout training. Aj,; denotes the random initialization in LoRA. Despite remov-
ing the persistent constraint during training, NoRA-Init retains most of the optimization benefit of
NoRA in our experiments. This observation suggests that controlling the scale of the input-to-latent
projection at initialization is particularly important for the early optimization of low-rank adaptation.

3.2 CONNECTION TO MISS AND BLOCK IDENTITY MATRIX INITIALIZATION

Having established the effectiveness of rank-dimension normalization, we further investigate alter-
native approaches for achieving this form of normalization. MiSS (Kang & Yin, 2026) is a recent
PEFT method that improves parameter efficiency through a matrix-shard sharing strategy. Consider
an input & € R* with k = br, partitioned into b blocks ¥ € R”. The MiSS update is written as

b
Ayyiiss = AWz = a - expand(B)x = aB E Y =aB|[I,, ..., I]x. (12)
N————

i=1
Atix

Thus, MiSS is equivalent to a LoRA-style update with a fixed down-projection Ay, composed of
repeated identity matrices. Importantly, each column of this projection has unit norm:

||(Aﬁx)i~,j||2 =1, V3. (13)

MiSS therefore can be interpreted as a special case of NoRA, as its down-projection matrix is nor-
malized by a block-identity construction (i.e., A is fixed to the constant Agy). As shown in Figure 1,
NoRA produces substantially stronger early gradients than standard LoRA, with gradient norms ap-
proaching those of full finetuning. Interestingly, MiSS also exhibits a highly similar pattern. These
results well justifies the empirical effectiveness of NoRA and its special case MiSS.
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Motivated by the connection to MiSS, we introduce Block Identity Matrix Initialization (BIMI)
as a simple structured realization of NoRA-init. Rather than fixing the block-identity projection
throughout training, BIMI uses it only to initialize the LORA down-projection matrix and allows it
to remain fully trainable afterward. Specifically, for k = br + ¢, where 0 < g < r, we initialize

Apimi = (I, I, ..., I,,E,| € Rk, (14)
N————
b blocks

where E, € R"*? contains the first ¢ columns of I, and is omitted when ¢ = 0. By construction, we
have ||(Apimi): ;|2 = 1, Vj,, making BIMI directly a special case of NoRA-init. The resulting update
retains the standard LoRA form, Ay = aB Ax, with both A and B optimized during training.

3.3 WHY DOES NORA WORK? A PRECONDITIONING PERSPECTIVE

The early optimization of LoRA is dictated by the initialization of the down-projection matrix A.
This is because LoRA can be viewed as performing full-finetuning gradient descent under a hidden
preconditioner that is determined by A and acts on the input coordinates. Let G = dL/OW € R4**
be the full-finetuning gradient. A gradient step of size  on B at initialization is AB = —na GAT,
while A receives no gradient and stays fixed. The induced change of the merged weight is therefore

AW =aABA=-1GP, P =0?A"T A e R¥k, (15)

Full finetuning takes the step AW = —n G, i.e., equation 15 with P = I. Hence, at initialization,
and approximately for as long as B remains small (the neglected term « B AA = —na?BBTG is
second order in B), LoRA is full finetuning with the gradient right-multiplied by a positive semidef-
inite matrix of rank 7 that acts on the input coordinates. Right-multiplication by a k£ x k matrix is
exactly where curvature-based methods (Martens & Grosse, 2015) place an input-side precondi-
tioner. Moreover, we observe that column norms are per-coordinate learning rates:

AW, =—n| e lBG,; + Y a¥ala)G. |- (16)
—_——— i#]

coordinate j’s own update

crosstalk from the rank bottleneck

The first term is the full-finetuning update of the weight column with respect to input coordinate j,
scaled by the squared length of its latent a;. The second term is crosstalk between input coordinates
induced by the rank bottleneck, and its coefficients are inner products of latent directions.

Random initialization of A makes learning rates unbalanced at each coordinate. For example,
when A(®) has zero-mean i.i.d. entries of variance 02 « 1/k, E|la;||? = ro? o r/k < 1. There-
fore, at any moderate «, every learning rate is far too small, so gradient flows through the adapter at
a small fraction of the full-finetuning rate. This is empirically verified by the small gradient norm
of LoRA in Figure 1. The learning rates are also unbalanced. ||a;||3 fluctuates around its mean
with relative spread of order 1/+/r, so at small rank each coordinate gets its learning rate randomly,
unrelated to data or curvature. A preconditioner should remove distortion, not add its own.

Normalization is exactly the fix. Setting every ||a;||» = 1 at unit scaling (rank-dimension normal-
ization in NoRA), o = 1 (equivalently « = 7 under the a/r implementation convention), fixes the
problems. Specifically, this leads to Diag(P) = I deterministically, E[P] = I over the random
directions, and the adapter’s gradient norm can match full finetuning’s gradient norm in expecta-
tion, independently of r. Therefore, we can get the flat NoRA curve in Figure 1. In contrast, row
normalization (Normy,) leaves Diag(P) random of order r/k, and brings no empirical gain (see Ta-
ble 3). Moreover, BIMI uses unit basis vectors as columns (the same diagonal through a completely
different crosstalk pattern) and performs similarly to rank-dimension normalization of random ini-
tializations (see Table 3), which points to the diagonal of P as the decisive quantity.

Initialization does most of the work; the constraint adds stability. Since A’s gradient, aBTG,
vanishes with B, A alone fixes the learning rates and the input subspace during the decisive early
phase, correcting the rates once at initialization thus captures most of the benefit. This is exactly what
NoRA-init does. Performing Norm(A) in the forward pass adds two things: (1) the loss becomes
invariant to each column’s scale, so gradients are tangential and, under gradient descent, norms can
only grow while the effective step anneals automatically, as in weight-normalized training (Liu et al.,
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Stage Repository Model Train Data Benchmark
LAMBADA (Paperno et al., 2016)
MLA ~(Liu et al, ng:f t/%cugil:ﬁ;rllezs(l,ak etal, 2018)
P . FLA (Yang & Zhang, 2024a) SlimPajama  (Sobol- Y - s v
retrain 2024) MHA (Vaswani et al eva et al., 2023) HellaSwag (Zellers et al., 2019)
< 2017) oo cvactal, SUs PIQA (Bisk et al., 2020)
OpenBookQA (Mihaylov et al., 2018)
WinoGrande (Sakaguchi et al., 2021)
Math:
Llama-3.2- MetaMath (Yu et al., GSMB8k (Cobbe et al., 2021)
SFT PEFT-Arena (Huang 3B : (Grattafiori 2024) Math500 (Yu et al., 2024)
et al., 2026) tal., 2024) CodeFeedback (Zheng Code:
ctal, 2 etal., 2024) HumanEval (Chen et al., 2021)
Mbpp (Austin et al., 2021)
AIME24 (Zhang & Math-Al, 2025) (Avg@32)
Zhang ath- 3 Q
PeRL (Yi ¢ al DeepSeek-R1-Distill-  open-rl/DAPO-Math- II?AI%F];-:IZSSOO(/(]]T?}; &4 M 1:‘? ]Ali()22(342)52§AVéi)32)
RL Mo Qwenl.5B (Liuetal, 17k-Processed  (Yu lghtman etat, ve

2025) Minerva (Lewkowycz et al., 2022) (Avg@4)
AMC (Liet al., 2024) (Avg@32)

HMMT (Balunovic et al., 2025) (Avg@32)

2024a) et al., 2026)

Table 2: Overview of all the training settings in our experiments.

2017; Salimans & Kingma, 2016; Liu et al., 2018); and (2) Diag(P) = I is enforced for the whole
run on a compact set of directions, so the latent scale can neither collapse nor explode and the update
stays linear in x and can be merged exactly. To summarize, NoRA sets the diagonal gains of LoORA’s
hidden preconditioner to one, and keeps them throughout training.

4 EXPERIMENTS AND RESULTS

To thoroughly evaluate our method, we conduct experiments across pretraining, supervised finetun-
ing (SFT), and reinforcement learning. We further perform ablation studies to investigate the effect
of the normalization dimension and initialization distribution. Evaluation settings are in Table 2.

Ablation Study. We investigate the effect of the normalization dimension of the down-projection
matrix A by comparing column-wise and row-wise normalization, and further evaluate the effec-
tiveness of NoRA across different random or deterministic initialization schemes.

Pretraining. We begin with controlled studies on the MLA architecture under the 1.24-D1024
setting to examine the effect of intermediate normalization within low-rank latent representations.
Building on these observations, we further evaluate NoRA on standard multi-head attention (MHA),
where all attention projection layers are adapted with NoRA.

Supervised finetuning. We evaluate NoRA on Llama 3.2-3B across a diverse set of downstream
tasks, including mathematical reasoning and code generation, as well as its robustness against catas-
trophic forgetting (Huang et al., 2026). More detailed settings are given in Appendix B.

Reinforcement learning with verifiable rewards. To assess its effectiveness in post-training opti-
mization, we additionally evaluate NoRA under reinforcement learning using the ReRL framework.

4.1 EFFECT OF THE NORMALIZATION DIMENSION
We first study whether the effect of the nor- Initialization Method GSMS8K Math  Avg.
malization dimension under different initialization None 4768 1086 2927
schemes. Given A € R"** Norm; normal-  ©(-1/vk 1/vk) Norms 4867 1082 2975
izes each row, while Norm, normalizes each col- Norm,. 60.12 1420 37.16
umn A.; € R". As shown in Table 3, Norm, None 50.41 11.68  31.05
provides little improvement, whereas Norm;, con- ~ N(0,1/r%) Normy, 4973 1134 3054
sistently improves Random Uniform, Gaussian, Norm, 3996 1393 36.95
and Kaiming Uniform initializations. After apply- None 4819 1102 29.61
ing NoRA, all three initialization schemes achieve =~ #(~1:1) Norm, 4829 10.86 29.58
similar performance, indicating that its benefit is Nom, 5898 1434 36.66
U, ..., L] BIMI 5089 1424 37.07

largely independent of the initialization distribu-
tion. BIMI achieves comparable performance and
satisfies NoRA by construction, serving as a struc-
tured and deterministic instance of NoRA.

Table 3: Effect of different normalization dimen-
sions under supervised finetuning. The average is
computed over accuracies on GSM8K and Math.
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Model & Scale  Parameters Lamb.} Wiki. Lamb. ARC. ARC. Hella. PIQA Wino. OBQA Avg.

pply pply accq accq accns accys accq accq accq accy
MLA with 10B training tokens and 0.5M batchsize tokens
BNorm(Ax) 342.4M 48.73 3224 30.62 56.99 27.56 3626 6349  51.30 22.00 41.17
BAz 342.4M 61.83 3289 2870 54.63 26.02 35.88  63.66 51.62 22.00  40.36
B ANoRA-init 342.4M 50.77 3242 29.87 54.04 26.37 36.11 6376  52.72 21.60  40.64
MHA with 10B training tokens and 0.5M batchsize tokens
Wz 348.7M 47.95 3131 30.55 54.59 2645 3695  65.07 51.22 22.60  41.06
BAz 289.3M - - 0.00 25.17 28.07 2597 4978 4949 16.20 27.81
B ANoRA-init® 289.3M 63.45 3439 2829 54.38 26.02 35.10 6349 5091 19.60 39.69

Table 4: Zero-shot performance of 340M models trained on SlimPajama (Soboleva et al., 2023). Commonsense
reasoning tasks are evaluated with lm-evaluation-harness (Gao et al., 2024); the recall-intensive task follows
prefix-linear-attention (Arora et al., 2024) with 2K input tokens. “-” indicates a collapse in perplexity.

Method Supervised Finetuning Forgetting

Trainable GSM8K Math HumanEval MBPP  Avg MMLU AGIEval ARC-C Avg A
Base Model - - - - - - 55.1040.00  23.9910.00 42.92.0.00 0.00
Full 3B 65.12 17.96 36.15 49.05  42.07 5417 .93 2625 525 41.64_ 1.8 +0.02
PiSSA 48.6M 54.66 12.08 39.00 5530 4026 5443 _o67  23.99.0.00 4275_0.17 -0.28
OFT 53.7M 56.10 13.02 38.40 5420 4043 5472 .38 2523155 4360 062 +0.52
RSLoRA 48.6M 57.05 12.32 39.65 56.10  41.28 54.07 103 2458.060 41.81 111 -0.51
MiSS 49.5M 60.80 14.60 39.60 5580 42,70 53.40_150 24330314 4198 94 -0.70
LoRA-style Parameterization
LoRA 48.6M 50.94 10.38 37.20 5320 3793 5427 g3 2440,0.42 41.64 128 -0.56
NoRA-init 48.6M 59.89 14.24 39.60 5580 4238 54.09_1.01 25104111 4224_56s -0.19
NoRA 48.6M 61.63 14.46 42.10 5530 4337 54.00_1.0 2532.;33 4275 .17 +0.02
DoRA-style Parameterization
DoRA 49.4M 51.63 11.36 37.80 5240 3830 54.20_p.90 24.09.0.10 41.81_111 -0.64
NoRA-init 49.4M 59.59 14.10 38.70 5320 4140 53.65 145 24.84.0:5 4232 960 -0.40
NoRA 49.4M 61.33 14.44 42.10 55.60 43.34 54.00_1.10 2459058 42.15_¢77 -043

Table 5: Comparison of PEFT methods under supervised finetuning and retained benchmark settings.

4.2 LLM PRETRAINING

We first conduct LLM pretraining experiments using the standard MLA architecture. Normalizing
the latent representation Ax consistently improves model performance and accelerates convergence
during pretraining. Motivated by these results, we extend the same normalization principle to the
linear low-rank formulation by applying normalization to the down-projection A, yielding NoRA.
To evaluate the effectiveness of NoRA for LLM pretraining, we adopt NoRA-init and compare
it with the standard low-rank parameterization. As shown in Table 4, NoRA-init achieves faster
convergence and better downstream performance. Although its performance remains slightly below
that of directly normalizing Ax, NoRA-init preserves the linear structure B Ax, thereby retaining
the parameter mergeability and deployment efficiency of conventional low-rank parameterizations.

We further evaluate NoRA-init under the standard MHA architecture for LLM pretraining. Specifi-
cally, we parameterize all linear projections in the attention module, including gproj, Kprojs Vproj» and
Oproj, Using low-rank factors with rank 7 = 64. As shown in Table 4, the standard low-rank parame-
terization exhibits a severe performance collapse on LAMBADA, along with substantial degradation
on several other benchmarks. An examination of the optimization dynamics reveals that its gradi-
ent norms diminish to abnormally low levels during training, suggesting insufficient optimization.
In contrast, NoRA-init achieves significantly better performance than standard low-rank parameter-
ization and preserves well-scaled gradient magnitudes throughout training, thereby avoiding such
optimization collapse and yielding more stable loss trajectories and downstream performance.

This observation is related to the capacity-limited behavior of low-rank adaptation discussed in
Schulman & Lab (2025), where insufficient low-rank capacity can largely constrain the flexibility
of optimization trajectory. Our results further show that capacity alone does not fully determine
optimization behavior. Under the same rank constraint, modifying the initialization of the low-rank
projection substantially changes the training dynamics. This suggests that controlling the scale and
structure of the input-to-latent projection provides a more favorable optimization geometry under
limited-rank parameterizations, thereby alleviating performance degradation in pretraining.
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Figure 2: Training dynamics comparison of full finetuning, LoRA, PiSSA, and NoRA on the SFT task.

4.3 SUPERVISED FINETUNING

Table 5 compares NoRA with representative PEFT methods under supervised finetuning. NoRA
achieves the best overall SFT performance among the compared methods, improving the average
score from 37.93 with standard LoRA to 43.37, a gain of 5.44 points. In particular, NoRA substan-
tially improves performance on GSM8K and HumanEval, reaching 61.63 and 42.10, respectively,
while also outperforming PiSSA (Meng et al., 2024), OFT (Qiu et al., 2023; 2025; Liu et al., 2024c¢),
RSLoRA (Kalajdzievski, 2023), and MiSS (Kang & Yin, 2026) in average performance. These re-
sults demonstrate the effectiveness of rank-dimension normalization for improving LoRA.

We further compare NoRA with its initialization-only variant, NoRA-init. NoRA-init applies nor-
malization constraint only to the initial down-projection and then follows standard LoRA training,
whereas NoRA continuously enforces the normalization constraint throughout training. NoRA-init
already improves the SFT average from 37.93 to 42.38, capturing a large portion of the gain achieved
by NoRA. With the normalization constraint maintained throughout training, NoRA further im-
proves the average score to 43.37. The comparison indicates that controlling the input-to-latent
projection magnitude at initialization accounts for a large portion of the gain, while persistent nor-
malization provides additional improvements. Comparison of training dynamics is given in Figure 2.
NoRA shows stronger learnability than LoRA without introducing extra parameters.

NoRA also outperforms MiSS, which achieves an average score of 42.70. Recall that MiSS can be
reformulated as a fixed block-identity down-projection satisfying the normalization constraint. The
strong performance of both MiSS and NoRA-init therefore provides further evidence that normalized
low-rank projections play an important role in their optimization. Notably, NoRA-init achieves
comparable performance to MiSS while keeping the down-projection fully trainable, avoiding the
constraint of fixing the projection throughout training.

Finally, we examine whether the NoRA principle generalizes beyond the standard LoRA parameteri-
zation. We apply Norm,.-based normalization to DoRA and obtain consistent improvements: NoRA-
init-DoRA improves the SFT average from 38.30 for DoRA to 41.40. This result demonstrates that
the benefit of rank-dimension normalization is not specific to LoRA, but can also be transferred
to other low-rank adaptation variants. Together with the improvements observed for LoRA, this
suggests that NoRA captures a general optimization principle for low-rank adaptation. NoRA also
exhibits favorable knowledge retention, achieving an average change of +0.02 on MMLU, AGIEval,
and ARC-C, compared with —0.56 for LoRA and -0.70 for MiSS. Thus, NoRA improves adaptation
performance while maintaining the pretrained model’s retained knowledge.

4.4 RLVR ON MATHEMATICAL REASONING

We further evaluate NoRA under reinforcement learning with verifiable rewards (RLVR) on chal-
lenging mathematical reasoning benchmarks. As shown in Table 6, standard LoRA improves the
overall average score from 41.0 for the base model to 42.8, while NoRA further increases it to
44 .4, outperforming the base model and standard LoRA by 3.4 and 1.6 points, respectively. NoRA
yields broad improvements across the evaluated benchmarks, with particularly clear gains on AMC,
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AIME24@32 AIME25@32 AMC@32 HMMT @32 MATHS500@4 Minerva@4

Method Avg.
Avg. Pass Avg. Pass Avg. Pass Avg. Pass Avg. Pass Avg. Pass

Base 24.3 70.0 20.4 53.3 64.8 95.0 9.9 36.7 80.9 92.8 27.8 43.0 41.0

MiLoRA 4.2 6.7 0.0 0.0 19.6 47.5 0.0 0.0 44.5 63.4 11.7 19.9 18.0

PiSSA 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.6 1.0 0.1 0.4 0.2

LoRA 28.0 60.0 23.1 53.3 68.0 97.5 10.3 35.0 81.3 92.2 30.1 46.3 42.8

NoRA 26.7 66.7 23.5 46.7 72.7 97.5 10.3 35.0 84.5 92.8 32.0 47.8 444

Table 6: Comparison of accuracy and pass rate on the RLVR task. All numbers are reported in percentages.

MATHS500, and Minerva. These results suggest that rank-dimension normalization remains effective
under RLVR and facilitates more effective optimization of low-rank adapters.

A notable difference emerges for initialization methods based on pretrained-weight spectral decom-
position. Although PiSSA (Meng et al., 2024) and MiLoRA (Wang et al., 2025) are effective under
supervised finetuning, their performance degrades substantially in the RLVR setting. This behavior
is consistent with prior observations that spectral initialization methods can suffer from optimization
instability during reinforcement learning (Yin et al., 2025). In contrast, NoRA remains stable and
consistently improves the overall performance of standard LoRA without relying on singular-value
decomposition of the pretrained weights. These results highlight the robustness of NoRA across
different optimization regimes. Unlike PiISSA and MiLoRA, NoRA does not depend on the spectral
structure of pretrained weights, while preserving the lightweight low-rank parameterization and de-
ployment efficiency of standard LoRA. Together with the supervised finetuning results, the RLVR
experiments suggest that controlling the scale of the input-to-latent projection provides a simple and
broadly effective mechanism for improving low-rank optimization.

5 RELATED WORK AND CONCLUDING REMARKS

Parameter-efficient finetuning. As LLMs continue to grow in scale and capability, there has been
increasing interest in adapting them to downstream tasks in a parameter-efficient manner (Houlsby
et al., 2019; Aghajanyan et al., 2020; Hu et al., 2021; Edalati et al., 2022; Wang et al., 2022; Gheini
et al., 2021; Zaken et al., 2022; Guo et al., 2020; Sung et al., 2021; Ansell et al., 2022; Lester et al.,
2021; Li & Liang, 2021; Vu et al., 2022; He et al., 2021; Mao et al., 2021; Karimi Mahabadi et al.,
2021; Liu et al., 2022; Sung et al., 2022; Chen et al., 2023; Jia et al., 2022; Chen et al., 2022; Zhang
et al., 2022; Jie & Deng, 2023; Lian et al., 2022; Qiu et al., 2023; 2025; Liu et al., 2024c; Wu et al.,
2024; Zi et al., 2023). Among them, LoRA (Hu et al., 2021) is widely adopted due to its simplicity,
efficiency, and mergeability at inference time. Subsequent variants improve LoRA from different
perspectives, such as adaptive rank allocation (Zhang et al., 2023b), low-bit quantization (Dettmers
et al., 2023) and weight-decomposed low-rank updates (DoRA) (Liu et al., 2024b). While these
methods improve the capacity, efficiency, or stability of low-rank adaptation, our work focuses on a
complementary question: how the low-rank subspace should be initialized for better optimization.

LoRA initialization and optimization. Recent studies show that LoRA is sensitive to initializa-
tion, scaling, and early-stage optimization dynamics. PiSSA initializes LoRA from principal sin-
gular components of pretrained weights (Meng et al., 2024), OLoRA (Biiyiikakyiiz, 2024) adopts
orthogonal initialization, LORA-GA (Wang et al., 2024) uses gradient information to guide initial-
ization, EVA leverages activation statistics, and rsLoRA improves stability through rank-dependent
scaling (Kalajdzievski, 2023). These methods demonstrate the importance of initialization, but of-
ten rely on SVD, gradient estimation, activation statistics, or scaling heuristics. In contrast, NoRA
requires no additional data, SVD, or test-time overhead while preserving the mergeability of LoRA.

Concluding remarks. This work shows that LoRA’s effectiveness depends not only on its rank, but
also critically on the geometry and scale of its down-projection. Inspired by the normalized latent
representations in MLA, we ask whether the benefits of latent normalization can be transferred
to LoRA without sacrificing its linear structure and exact mergeability. This leads to NoRA, which
normalizes the down-projection along the rank dimension and thereby controls the scale of the input-
to-latent mapping. From a preconditioning perspective, LoORA can be viewed as full finetuning under
an implicit low-rank, input-side preconditioner determined by the down-projection; NoRA’s rank-
dimension normalization corrects undesirable scale imbalance in this preconditioner and yields a
better-conditioned optimization geometry. NoRA can consistently improve convergence, training
stability and downstream performance across pretraining, supervised finetuning, and RLVR.
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A PRETRAINING SETTINGS

We conduct the pre-training experiments on FineWeb-10BT. Unless otherwise specified, all models
are trained for 20,480 optimization steps with a sequence length of 2,048 and a global batch size
of 256. We use AdamW with a peak learning rate of 3 x 10™* and ¢ = 10~!°. The learning
rate is warmed up for the first 1,024 steps and then decayed using a cosine schedule to 10% of
the peak learning rate. The gradient norm is clipped at 1.0. All experiments use the same training
configuration and random seed for controlled comparison.

Hyperparameter Value
Dataset FineWeb-10BT
Optimizer AdamW
Learning rate 3x 107
Adam € 1071
LR scheduler Cosine decay
Warmup steps 1,024
Minimum LR ratio 0.1
Global batch size 256
Sequence length 2,048
Training steps 20,480
Gradient clipping 1.0
Random seed 42

Table 7: Hyperparameter settings for the pretraining experiments.

B SUPERVISED FINETUNING SETTINGS

For the SFT experiments, we tune the hyperparameters of each method individually to ensure com-
petitive performance. For NoRA, we recommend using o = r as the default setting, under which
the early gradient norm is close to that of full finetuning. Although a larger scaling factor, such as
a = 2r, can yield better loss fitting in some cases, we observe that it may also lead to increased
forgetting of the pretrained knowledge. Considering this trade-off between adaptation and retention,
we use and recommend « : 7 = 1 : 1 as the default configuration.

Hyperparameters LoRA DoRA PiSSA rsLoRA OFT NoRA

rank 32 32 32 32 32 32
o 64 64 32 64 - 32
dropout 0.0

optimizer AdamW

Ir 2e-5

Ir scheduler Cosine decay

batch size 128

warmup ratio 0.3

epochs 1

target_-modules Q.K,V,0,Up,Down,Gate

Table 8: Hyperparameter settings for the Llama-3.2-3B supervised finetuning experiments.
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C REINFORCEMENT LEARNING SETTINGS

We conduct reinforcement learning experiments on DeepSeek-R1-Distill-Qwen-1.5B using the
DAPO objective and the DAPO-Math-17K dataset. All experiments are performed with 8 GPUs
using bfloat16 precision. We train for 1,024 optimization steps with a global batch size of 128 and a
learning rate of 1 x 1075 under a cosine learning-rate schedule without warmup. For each prompt,
we sample 8 responses with a maximum completion length of 16,384 tokens. The maximum prompt
length is set to 512 tokens.

For parameter-efficient training, we use a rank of 32 and set « = 64. The low-rank modules are
applied to all attention projections (g, k, v, and 0) and MLP projections (up, down, and gate). We
use the same training configuration across different methods to ensure a controlled comparison.

Hyperparameter Value
Model DeepSeek-R1-Distill-Qwen-1.5B
Dataset DAPO-Math-17K
RL objective DAPO
Precision bfloat16
Learning rate 1x107°

LR scheduler Cosine decay
‘Warmup ratio 0

Global batch size 128
Training steps 1,024
LoRA rank r 32

LoRA o 64

LoRA dropout 0.05
Responses per prompt 8
Maximum prompt length 512
Maximum completion length 16,384
€high 0.28

B 0.0
Random seed 42

Table 9: Hyperparameter settings for the reinforcement learning experiments.
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